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ABSTRACT
Trains as a means of public transportation have an important role in connecting various
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demonstrates that the optimal ARIMA model is ARIMA (0,2,1), achieving a Mean Absolute
Percentage Error (MAPE) of 4.91% and a Root Mean Square Error (RMSE) of 1754.970.
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1. INTRODUCTION

Forecasting is a method of analysis carried out using qualitative and quantitative approaches to predict
future events based on past data references. Forecasting can be a reference for short, medium, or long-term
design [1]. Forecasting can be done with various methods, including using Autoregressive Integrated Moving
Average (ARIMA) and Prophet.

ARIMA is a forecasting model introduced by Box and Jenkins in 1970 that has evolved considerably.
Originally concentrating on improved model identification and order selection, it now includes non-linear
models and can integrate external variables to boost forecasting accuracy [1]. In producing short-term
forecasts, the ARIMA model has proven to be very efficient and able to surpass the performance of more
complex structural models [2]. The ARIMA model is a combination of AR (auto regressive), differencing
(integration), and MA (moving average) models. The general notation used in the ARIMA model is (p,d,q),
with p and g being the order of the AR and MA models respectively while d is the degree of differencing

[3].

In addition to the ARIMA model, Prophet is also popularly used in forecasting studies. The Prophet
model was first invented by the Facebook team on 2017. Since becoming open-source in 2018, Prophet has
continuously improved in terms of accuracy, flexibility, and the scope of its applications. Prophet is tailored
for time series forecasting using a straightforward methodology. The Prophet model consists of three
fundamental elements: seasonality, trend, and holidays [4]. The Prophet model has easy-to-understand
parameters and does not require a lot of time series data to perform forecasting. In addition, the Prophet model
can also handle missing data, trend variation, and outlier detection well [5]. Both models have been widely
used in forecasting research, one of which is in the field of forecasting train passenger data [6][7][8]. Some
of the differences between this research and previous research lie in the use of research forecasting methods.
J. Chang and X. Song [6] compared Long Short-Term Memory with ARIMA and Prophet, Chuwang and W.
Chen [7] focused on comparing ARMA with Prophet, and Queenty [8] who only used ARIMA to predict the
number of train passengers in Binjai city, North Sumatra.

As we know, transportation mobility is crucial in the economic development of a country. In Indonesia,
trains as a means of public transportation have an important role in connecting various regions, especially in
the Jabodetabek area. Therefore, it is necessary to have a deep understanding of the trend of train passenger
movements and predict well the number of train passengers in the next period. This is done with the aim of
optimizing the management and service of train passengers properly. Efficient management of the train
system, which offers a good solution to the transportation problems in big cities that are getting more
congested every day, is essential for operational efficiency and passenger service satisfaction [9].

In this article, we aim to contribute to the field of train passenger forecasting by comparing the
performance of ARIMA and Prophet specifically in the context of Indonesian train passenger data. We will
employ MAPE (mean absolute percentage error) and RMSE (Root Mean Square Error) to evaluate the
accuracy of both models.

2. RESEARCH METHODS

2.1 Data Description

The dataset consists of the number of train passengers in the Jabodetabek region, measured in
thousands, sourced from the Central Statistics Agency (BPS) website [10]. Covid-19 affects the time series
data pattern where the intervention period starts in March 2020 and ends in March 2022.

2.2 Data Analysis Stages
Time series model analysis in this research uses Python. The steps in data analysis are as follows:

1. Analyze the data descriptively to understand the data through plots. Data exploration is carried
out with the aim of examining the patterns or characteristics of the data. After data exploration, it
was continued with data stationarity analysis in terms of variance and mean value.

2. Divide the data into train data and test data.
3. Building ARIMA and Prophet models. The ARIMA modeling steps are as follows:
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Examining Stationarity in Mean and Variance.

Data stationarity, both in mean value and variance, is important to analyze in order to find
out an accurate model in forecasting [11][12]. Data stationarity can be assessed by examining
patterns in the data plot. Differentiation is performed if the data is not stationary in terms of
the mean. Plot is used to examine stationarity in variance, while ADF test is used to examine
stationarity in mean [13].

Model Specification.

The autocorrelation function (ACF) and partial autocorrelation function (PACF) plots are
useful for identifying the appropriate ARIMA model and detecting any seasonal patterns in
the data after achieving stationarity in the time series [14].

Parameter Estimation, estimated Arima model parameters obtained from the Model
Specification process.

Model Diagnostic.

Checking the residuals from the ARIMA model obtained. Perform a diagnostic analysis of
the model to determine if the residuals display properties of white noise. The independence
and normality of the residuals are assessed through diagnostic tests. The Ljung-Box test
statistic is used to assess the independence of the residuals. The hypotheses are as follows:

H, : the time series data has no serial autocorrelation, and
H, : the time series data exhibits serial autocorrelation.

The Kolmogorov-Smirnov test is employed to evaluate normality. The hypotheses are as
follows:

H, : the data conforms to a normal distribution, and

H; : the data deviates from a normal distribution.

The model meets these assumptions if the p-value exceeds a (5%) [15].
Overfitting.

Overfitting is mitigated by gradually increasing the orders of the ARIMA model. The selected
overfitting model is defined by having all coefficient estimates that are statistically
significant.

Forecasting
Data forecasting uses the best model obtained.

The Prophet modeling steps are as follows:

a.

Modelling

Prophet modeling employs training data augmented with additional regressors representing
the duration of Covid from April 2020 to February 2022.

Forecasting
Data forecasting employs the most optimal model obtained.

4. Comparing the two ARIMA and Prophet models.

The ARIMA and Prophet models will be compared using testing data. Both models will undergo testing
using two datasets: one with 3 months of testing data and another with 6 months of testing data. Evaluation
will be based on MAPE and RMSE metrics. The forecasting outcomes from both models will be assessed to
determine which model better predicts train passenger data. MAPE is used to see model performance in
percentages while RMSE is used to compare model predictions with original data values, namely train
passengers in thousands. The value of MAPE and RMSE can be calculated using formulas [16]

(1)



758 Hakim, et al. TIME SERIES MODEL FOR TRAIN PASSENGER FORECASTING...

1 n
RMSE = Jﬁztﬂmt _F)? @)

Where A represents the genuine value, F stands for the predicted value, and n denotes the total count
of data points. The model that achieves the lowest MAPE and RMSE values is chosen as the optimal
forecasting model [17].

3. RESULTS AND DISCUSSION

3.1 Data Exploration

Figure 1 illustrates the time series data plot of Jabodetabek domestic passenger counts.
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Figure 1. A Plot of Time Series Data for Jabodetabek Train Passenger

The number of passengers will start to increase rapidly from March 2022. The long-term trend indicates
an overall increase in train passengers in the Jabodetabek area.
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Figure 2. A Plot of Train Passenger Data by Month
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In Figure 2, the plot line shows the absence of a seasonal pattern. This may have happened because
during the Covid period there was a lockdown and PPKM policy due to COVID-19. After October 2022,
seasonality will start to appear, which shows that the number of train passengers has started to stabilize and
return to normal after COVID-109.

3.2 Splitting Data

For train and test data, we will try several variations, namely 42 months of train data (April 2020 —
September 2023) with 6 months of test data (October 2023 - March 2024) and 45 months of train data with 3
months of test data (January 2024 — March 2024).
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Figure 3. A Plot of Time Series Split Data

3.3. ARIMA Modelling

In 1970, Box and Jenkins pioneered the ARIMA model, a statistical framework widely known as the
Box-Jenkins methodology. This approach encompasses a comprehensive set of procedures for identifying,
estimating, and diagnosing ARIMA models in the context of time series data [2]. In the ARIMA model, the
future value of a variable is represented as a linear combination of its previous values and past errors,
formulated in the following manner:

Yi=¢o+ d1Yeor+ o+ Yo & — 0161 — 0265 — - — 0464 (3)

where Y, is the actual value and &, is the random error at t, ¢; and ¢; are the components, the integers
p and g are commonly referred to as autoregressive and moving average terms, respectively.
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3.3.1 Checking Stationarity
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Figure 4. ACF and PACF Plot of Data

The data was not stationary, as seen by the progressive decline in the ACF plot (Figure 4). The ADF
test yielded a p-value of 0.754, which exceeds the significance level of 0.05. This indicates that the data can
be interpreted as non-stationary and that the null hypothesis cannot be disproved.
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Figure 5. A Plot of Differenced Time Series Data

After performing first-order differencing, as depicted in Figure 5, the data appears to exhibit
stationarity. This observation is further corroborated by the ADF test result, which yielded a p-value below
0.05, indicating statistical significance. This indicates that the data can be interpreted as stationary and that
the null hypothesis is rejected.
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Figure 6. Data After Second Order Differencing

We also check the second order differentiation for further analysis as in Figure 6. From the figure we
can conclude that the data appears to exhibit stationarity after performing first-order differencing.

3.3.2 Model Specification

The goal of this step is to select appropriate values for p, d, and g for the data being analyzed. This
process is done by looking at the ACF and ACF plots as below.
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Figure 7. ACF and PACF of Data First Order Differencing Data

Figure 7 displays the autocorrelation function (ACF) and partial autocorrelation function (PACF) plots
of the differenced data. These two plots support Figure 2 and it can be concluded that there is no seasonality
in the Jabodetabek train passenger data. Meanwhile, the p and g orders can be seen from the ACF and PACF
plots. The ACF plot shows no significant lag and the PACF plot shows no significant lag.
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Figure 8. ACF and PACF of Second Order Differencing Data

Because of that we carried out second order differentiation to find significant lags with the results in
Figure 8. Thus, the obtained model is ARIMA(0,2,1).
3.3.3 Parameter Estimation

After deriving the model, the subsequent step involves estimating the model parameters. The outcomes
of the parameter estimation can be observed in Table 1. The p-values for all the parameters in both models
are below the threshold of a (0.05), suggesting that every parameter estimate is statistically significant.

Table 1. Model Parameter Estimation

Model Parameter  Estimation p-value  Significance AIC MAPE RMSE
ARIMA(0,2,1) MA(2) -0.9999 < 0.05 yes 744.975 491% 1754.970
o? 4.26E+06 < 0.05 yes

3.3.4 Model Diagnostic

Based on the diagnostic tests depicted in Figure 9 below, there is no observable autocorrelation present
in the residuals of the model. The residuals' in correlogram plot remaining within the bounds of significance
provide supporting evidence. Moreover, the residual plot suggests that the residuals in the model are dispersed
around the mean value. The histogram plot indicates that the residuals follow a normal distribution. The
assumption test for homogeneity of residual variance, residual independence, and Shapiro test shows a p-
value greater than 0.05, so the assumption is met. These findings suggest that the residuals of the model,
ARIMA(0,1,0) satisfy the white noise assumption.
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3.3.5 Overfitting

After getting an ARIMA model that fits the data, the next stage is overfitting. Overfitting is the process
of trying another ARIMA model with the aim of confirming that the model we got previously is appropriate.
This process is done by adding the order p or g one by one. Table 2 presents the outcomes of overfitting
analysis, indicating that not all models have statistically significant parameter estimates at the 5% level. So
for our training data ARIMA(0,2,1) is the optimal model.

Table 2. Model Overfitting Estimation

Model Parameter  Estimation p-value  Significance AIC MAPE RMSE
ARIMA(1,2,1) AR(1) -0.1207 > 0.05 no 732.358 497%  1780.766
MA(1) -0.9999 < 0.05 yes
a? 4.17E+06 < 0.05 yes
ARIMA(0,2,2) MA(1) -1.125 < 0.05 no 732.352 4.99%  1787.432
MA(2) 0.1251 > 0.05 yes
o? 4.17E+06 < 0.05 yes

The ARIMA(1,2,1) model includes one autoregressive and one moving average term. The AR term is
not significant, indicating it might not be contributing much to the model, but the MA term is highly
significant, which could mean the model's predictions rely more on the moving average component. The
ARIMA(0,2,2) model relies solely on the moving average terms. While the first MA term is significant, the
second is not, suggesting that the second term may not be necessary. Both model has a slightly better AIC
than ARIMA(0,2,1) but worse predictive performance compared to the ARIMA(0,2,1) model. So
ARIMA(0,2,1) will be used for forecasting.

3.3.6 Forecasting

Once the optimal model is identified, the subsequent step involves forecasting data for both the three-
month and six-month test datasets [18]. The forecasting results of the ARIMA model are summarized in
Figure 10.

3.4 Prophet Modelling

Prophet is a model that used for time series forecasting. It was designed primarily to address three key
components: trend, seasonality, and holidays [4], while also meeting the need for high-quality forecasting.
The model can be expressed as shown in Equation (4)

y(@) =g@) + s +h(t) + & (4)

In this model, the parameters g(t), s(t), h(t), and €, serve distinct purposes. Specifically, g(t)
represents a piecewise linear curve used to capture non-periodic changes in the time series, while s(t)
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accounts for periodic variations. The parameter h(t) models the effects of holidays with irregular schedules,
and ¢, represents the error term, capturing any unexpected fluctuations that the model does not explicitly
account for. To incorporate seasonality effects into the proposed model and generate forecasts, a Fourier
series is utilized. This approach offers a flexible representation of seasonal patterns. The seasonal effects,
denoted as s(t), can be mathematically expressed as shown in Equation (5).

s(t) = i a, cos (ZFII)nt) + b,, sin (21;[:”:) (5)

n=1

Here, P denotes the regular period of the seasonal pattern, ensuring that the Fourier series effectively captures
recurring fluctuations over time [19].
3.4.1 Modelling

Modeling using training data with a regressor in the form of binary 1 for the Covid period and O for
outside the Covid period. The model used is the default model without hyperparameter tuning because there
is too little data to carry out cross-validation.

3.4.2 Forecasting

After the model is obtained, the next process is data forecasting for both three months test data and six
months test data. The Prophet model forecasting results are summarized in Figure 10.
3.5 Comparison of the Two Model

A summary of the forecasting of the two models for both data is in Figure 10 and Table 3. It can be
seen that the Prophet model has better results and can even capture data patterns well for both three months
and six months testing data.
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Figure 10. Model Forecasting

Meanwhile, ARIMA has a flat prediction value and does not capture the test data pattern for both data.
This is further evidenced by the lower MAPE and RMSE values of the Prophet model compared to ARIMA
0,2,1).
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Table 3 Model Forecasting Evaluation

Data Model MAPE RMSE
. ARIMA(0,2,1) 8.56% 2465.883
3 months testing
Prophet 0.03% 836.32
. ARIMA(0,2,1) 4.91% 1754.970
6 months testing
Prophet 0.04% 1170.59

Table 3 shows that Prophet's performance is better for the analyzed JABODETABEK train passenger
data. This is in contrast to research [18] who found that SARIMA intervention has better performance than
Prophet. While Chuwang and W. Chen [7] they discovered that for the daily time series, the Facebook Prophet
model outperforms the SARIMA model, and for the weekly time series, the ARIMA model outperforms the
Facebook Prophet model.

4. CONCLUSIONS

The forecasting results show that for Jabodetabek train passenger data with a data range from April
2020 to March 2024, the Prophet model is better at forecasting data. This indicates that, based on the test
dataset employed for model evaluation, encompassing three observations over a three-month testing period,
the Prophet model demonstrates superior predictive performance in comparison to ARIMA. Furthermore, the
findings of this research suggest that PT KAI could leverage the Prophet model as a forecasting tool for
predicting future train passenger volumes. This would enable PT KAI to strategically plan and optimize its
services in response to fluctuations in passenger demand, including adjustments to the number of carriages,
train fleet deployment, and service schedules.

REFERENCES

[1]  E. Choiriyah, U. D. Syafitri, and I. M. Sumertajaya, “PENGEMBANGAN MODEL PERAMALAN SPACE TIME,”
Indonesian Journal of Statistics and Its Applications, vol. 4, no. 4, pp. 579-589, Dec. 2020, doi: 10.29244/ijsa.v4i4.584.

[2] A. A. Ariyo, A. O. Adewumi, and C. K. Ayo, “STOCK PRICE PREDICTION USING THE ARIMA MODEL,” in 2014
UKSim-AMSS 16th International Conference on Computer Modelling and Simulation, IEEE, Mar. 2014, pp. 106-112. doi:
10.1109/UKSim.2014.67.

[3] A. L. Schaffer, T. A. Dobbins, and S.-A. Pearson, “INTERRUPTED TIME SERIES ANALYSIS USING
AUTOREGRESSIVE INTEGRATED MOVING AVERAGE (ARIMA) MODELS: A GUIDE FOR EVALUATING
LARGE-SCALE HEALTH INTERVENTIONS,” BMC Med Res Methodol, vol. 21, no. 1, p. 58, Dec. 2021, doi:
10.1186/s12874-021-01235-8.

[4] S. J. Taylor and B. Letham, “FORECASTING AT SCALE,” Am Stat, vol. 72, no. 1, pp. 37-45, Jan. 2018, doi:
10.1080/00031305.2017.1380080.

[5] T. Toharudin, R. S. Pontoh, R. E. Caraka, S. Zahroh, Y. Lee, and R. C. Chen, “EMPLOYING LONG SHORT-TERM
MEMORY AND FACEBOOK PROPHET MODEL IN AIR TEMPERATURE FORECASTING,” Commun Stat Simul
Comput, vol. 52, no. 2, pp. 279-290, Feb. 2023, doi: 10.1080/03610918.2020.1854302.

[6] J. Chang and X. Song, “A RAILWAY PASSENGER FLOW PREDICTION MODEL BASED ON IMPROVED
PROPHET,” IN 2023 4TH INTERNATIONAL CONFERENCE ON MACHINE LEARNING AND COMPUTER
APPLICATION, New York, NY, USA: ACM, Oct. 2023, pp. 798-804. doi: 10.1145/3650215.3650354.

[7] D. D. Chuwang and W. Chen, “FORECASTING DAILY AND WEEKLY PASSENGER DEMAND FOR URBAN RAIL
TRANSIT STATIONS BASED ON A TIME SERIES MODEL APPROACH,” Forecasting, vol. 4, no. 4, pp. 904-924,
Nov. 2022, doi: 10.3390/forecast4040049.

[8] N. Q. D. H. B. Sitepu, N. S. Sutarman, and N. M. A. P. Siregar, “METODE AUTOREGRESSIVE INTEGRATED
MOVING AVERAGE (ARIMA) DALAM MEMPREDIKSI JUMLAH PENUMPANG KERETA API KOTA BINJAL,”
Jurnal Arjuna Publikasi Ilmu Pendidikan Bahasa Dan Matematika, vol. 2, no. 2, pp. 69-85, Jan. 2024, doi:
10.61132/arjuna.v2i2.621.

[9] M. Nar and S. Arslankaya, “PASSENGER DEMAND FORECASTING FOR RAILWAY SYSTEMS,” Open Chemistry,
vol. 20, no. 1, pp. 105-119, Jan. 2022, doi: 10.1515/chem-2022-0124.

[10] BPS Indonesia, “JUMLAH PENUMPANG KERETA API - TABEL STATISTIK,” Badan Pusat Statistik, 2023.
https://www.bps.go.id/id/statistics-table/2/NzljMg==/jumlah-penumpang-kereta-api.html

[11] Y. Liu, H. Wu, J. Wang, and M. Long, “NON-STATIONARY TRANSFORMERS: EXPLORING THE STATIONARITY
IN TIME SERIES FORECASTING.” [Online]. Available: https://github.com/thuml/Nonstationary_Transformers.

[12] S. Guan et al., “THE PROFILES OF NON-STATIONARITY AND NON-LINEARITY IN THE TIME SERIES OF
RESTING-STATE BRAIN NETWORKS,” Front Neurosci, vol. 14, Jun. 2020, doi: 10.3389/fnins.2020.00493.



766

[13]

[14]

[15]
[16]

[17]

[18]

[19]

Hakim, et al. TIME SERIES MODEL FOR TRAIN PASSENGER FORECASTING...

N. W. Ngestisari, “THE PERBANDINGAN METODE ARIMA DAN JARINGAN SYARAF TIRUAN UNTUK
PERAMALAN HARGA BERAS,” Indonesian Journal of Data and Science, vol. 1, no. 3, Dec. 2020, doi:
10.33096/ijodas.v1i3.18.

V. P. Ariyanti and N. T. Yusnitasari, “COMPARISON OF ARIMA AND SARIMA FOR FORECASTING CRUDE OIL
PRICES,” Jurnal RESTI (Rekayasa Sistem Dan Teknologi Informasi), vol. 7, no. 2, pp. 405-413, Mar. 2023, doi:
10.29207/resti.v7i2.4895.

P.J. Brockwell and R.A. Davis, INTRODUCTION TO TIME SERIES AND FORECASTING. New York: Springer, 2016.
A. N. A. Mahmad Azan, N. F. A. Mohd Zulkifly Mototo, and P. J. W. Mah, “THE COMPARISON BETWEEN ARIMA
AND ARFIMA MODEL TO FORECAST KIJANG EMAS (GOLD) PRICES IN MALAYSIA USING MAE, RMSE AND
MAPE,” Journal of Computing Research and Innovation, vol. 6, no. 3, pp. 22-33, Sep. 2021, doi: 10.24191/jcrinn.v6i3.225.
S. Bouhaddour, C. Saadi, I. Bouabdallaoui, F. Guerouate, and M. Sbihi, “TOURISM IN SINGAPORE, PREDICTION
MODEL USING SARIMA AND PROPHET,” 2023, p. 020042. doi: 10.1063/5.0131288.

V. Nur Aziza, F. H. Moh’d, F. A. Maghfiroh, K. A. Notodiputro, and Y. Angraini, “PERFORMANCE COMPARISON OF
SARIMA INTERVENTION AND PROPHET MODELS FOR FORECASTING THE NUMBER OF AIRLINE
PASSENGER AT SOEKARNO-HATTA INTERNATIONAL AIRPORT,” BAREKENG: Jurnal llmu Matematika dan
Terapan, vol. 17, no. 4, 2023, doi: 10.30598/barekengvol17iss4pp2107-2120.

G. Borowik, Z. M. Wawrzyniak, and P. Cichosz, “TIME SERIES ANALYSIS FOR CRIME FORECASTING,” Proc. IEEE
26th International Conference on System Engineering (ICSEng), pp. 1-10, Dec. 2018, doi: 10.1109/icseng.2018.8638179.



	TIME SERIES MODEL FOR TRAIN PASSENGER FORECASTING
	ABSTRACT
	1. INTRODUCTION
	2. RESEARCH METHODS
	2.1 Data Description
	2.2 Data Analysis Stages

	3. RESULTS AND DISCUSSION
	3.1 Data Exploration
	3.2 Splitting Data
	3.3. ARIMA Modelling
	3.3.1 Checking Stationarity
	3.3.2 Model Specification
	3.3.3 Parameter Estimation
	3.3.4 Model Diagnostic
	3.3.5 Overfitting
	3.3.6 Forecasting

	3.4 Prophet Modelling
	3.4.1 Modelling
	3.4.2 Forecasting

	3.5 Comparison of the Two Model

	4. CONCLUSIONS
	REFERENCES

