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ABSTRACT 

This study addresses the seasonal and long-term fluctuating passenger volume patterns typical of water 

transportation systems such as NYC Ferry, necessitating practical forecasting methods to support operational 

decision-making and public transportation planning. The research aims to develop a forecasting model for NYC 

Ferry passenger counts using the Seasonal Autoregressive Integrated Moving Average (SARIMA) 

methodology. The analysis utilizes monthly historical passenger data from January 2020 to December 2024 for 

training data. Key analytical steps include testing data stationarity, splitting the dataset into training and testing 

subsets, modeling via RStudio, forecasting, and evaluating model accuracy using Mean Absolute Percentage 

Error (MAPE) compared against actual observations. Results indicate that the SARIMA (1,0,0) (0,1,1)12 model 

outperforms other methods, yielding the lowest MAPE of 5.04%, compared to Multiplicative Winters (8.57%), 

SARFIMA (17.62%), and Holt-Winters (32.93%). The SARIMA model effectively captures both seasonal and 

monthly trends, producing accurate passenger volume predictions. These findings demonstrate SARIMA’s 

efficacy in monthly NYC Ferry ridership forecasting, contributing to time series literature, particularly within 

public transportation forecasting. Furthermore, the results offer practical insights for policymakers to strategize 

service capacity and enhance data-driven management of waterborne transit systems more efficiently. 
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INTRODUCTION 

Water transportation is one of the alternative modes of transport widely used in various 

urban areas, especially in coastal regions, densely populated areas, and major cities with river 

routes (25). Ships, boats, and ferries serve as important means to support community 

mobility in these regions. The increase in population and the pace of urbanization also 

heighten the demand for efficient water transportation (1). Therefore, data related to the use 

of this mode of transport becomes crucial to be statistically analyzed in order to support 

appropriate policymaking (12). 

Information on passenger numbers plays an important role in assessing service 

effectiveness and supporting data-driven decision-making processes. Passenger statistics can 
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illustrate patterns of community movement both on a daily and seasonal basis (23). Through 

careful analysis, service providers can adjust schedules or fleet capacity according to needs. 

These data also enhance transparency in the process of public transportation planning. 

Without adequate data, the resulting policies risk being inefficient and scientifically difficult 

to justify (4). 

In addition, ferry passenger data serves to identify usage trends and detect potential 

problems early, such as periods of high congestion or declines in passenger numbers (24). 

The results of the analysis can form the basis for developing more adaptive and sustainable 

services. Understanding travel trends allows operators to adjust service strategies to be more 

responsive to user needs (30). Improvements in service innovation can also have a positive 

impact on passenger satisfaction and support the sustainability of water transportation 

systems (7). 

In an international context, forecasting ferry passenger numbers in New York City 

(NYC) plays an important role for the city government in planning fleet capacity and port 

infrastructure efficiently (10). Through time series analysis and predictive models, passenger 

surges during certain periods, such as holiday seasons, can be predicted earlier (27). This 

step helps prevent fleet shortages or congestion at port facilities. Overall, accurate 

forecasting supports the smooth operation of water transportation services in major cities 

(20). 

However, the water transportation sector faces various external uncertainties, such as 

seasonal influences, extreme weather conditions, regulatory changes, and economic 

dynamics (5). Fluctuations in passenger numbers triggered by these factors often create non-

stationary data patterns, making time series modelling more challenging (17). 

The ARIMA (Autoregressive Integrated Moving Average) method is widely used in 

time series analysis, but this approach has limitations in capturing complex seasonal 

patterns—such as spikes in passenger numbers during holiday seasons (21). To address this, 

models capable of accommodating seasonal components more flexibly are required, such as 

SARIMA (Seasonal ARIMA) and SARFIMA (Seasonal Autoregressive Fractionally 

Integrated Moving Average). These two methods are considered more capable of producing 

accurate forecasts for data with seasonal characteristics (26). 

MATERIAL AND METHODS 

Research design 

There are several types of models for forecasting data with seasonal patterns, including 

SARIMA, SARFIMA, Holt–Winter, and Multiplicative Winter (29). The design of this study 

aims to forecast the number of ferry passengers in New York City using the SARIMA model. 

This method was selected to evaluate the capability of the models in handling monthly time 

series data that fluctuate and contain seasonal components. The SARIMA model is used to 

model data with seasonal patterns. In addition, the model is compared with the SARFIMA 

model, which is able to capture long-memory dependence in the data, as well as the 

Multiplicative Winter and Holt–Winter models. 

Population and sample 

The population of this study consists of all historical monthly data on the number of 

ferry passengers in New York City available through NYC Ferry Ridership. For analytical 

purposes, data from January 2020 to December 2024 are used as training data, while data 
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from January to July 2025 are used as testing data to evaluate the model’s performance in 

forecasting the number of passengers. 

 

Instrument/Procedure 

The main instrument used in this study is the SARIMA model, which is applied to 

model the passenger count data. The research procedure includes collecting secondary data 

from official sources, checking data completeness, examining data patterns, checking 

stationarity, normalizing the data, and dividing the data into training and testing sets. 

Furthermore, the SARIMA model is built using RStudio, followed by model training and 

forecasting. The accuracy of each model is evaluated using MAPE. 

Data Analysis 

Data analysis was carried out by comparing the forecasting accuracy of the SARIMA 

model. The MAPE value was used as the primary metric to assess how well the model 

predicts the number of passengers. In addition, comparisons were also made with the 

SARFIMA, Multiplicative Winters, and Holt–Winters models as references. 

SARIMA (Seasonal Autoregressive Integrated Moving Average) 

The SARIMA model is an extension of the ARIMA model designed to handle time 

series data with seasonal patterns (14). This model consists of two main components, namely 

the non-seasonal and seasonal components, which together describe the dynamics of the data 

over time (6). Data that exhibit seasonal patterns can be modeled using the Seasonal ARIMA 

(SARIMA), expressed as SARIMA (p, d, q) (P, D, Q)s. Here, p represents the autoregressive 

order, d is the differencing applied to achieve stationarity, and q denotes the moving average 

order (16). Meanwhile, P, D, and Q respectively represent the seasonal autoregressive order, 

seasonal differencing, and seasonal moving average, while s indicates the number of periods 

in one seasonal cycle. This model extends ARIMA by adding seasonal components (11). In 

general, the SARIMA model can be expressed in the following notation: 

𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑠 (1)  

The ARIMA model equation can be represented as a SARIMA model as follows: 

ϕp(𝐵)Φ𝑃(𝐵𝑠)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑍𝑡̇ = 𝜃𝑞(𝐵)Θ𝑄(𝐵𝑠)𝛼𝑡 (2)  

Where 𝛼𝑡 is a Gaussian white noise process for an s-period time series. The 

autoregressive and moving average components are represented by 𝜙𝑝(𝐵) and 𝜃𝑞(𝐵) of 

orders p and q. The seasonal autoregressive and moving average components are represented 

by Φ𝑃(𝐵𝑠) and Θ𝑄(𝐵𝑠), where P and Q are the seasonal orders. (1 − 𝐵)𝑑 represents the 

non-seasonal differencing component, while (1 − 𝐵𝑠)𝐷 represents the differencing for the 

seasonal component. B is the backshift operator (11). 
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SARFIMA (Seasonal Autoregressive Fractionally Integrated Moving Average) 

The SARFIMA (Seasonal Autoregressive Fractionally Integrated Moving Average) 

model is an extension of the ARFIMA model, introduced by Porter–Hudak (1990). This 

model is designed to capture seasonal patterns and long-memory behavior in time series data, 

which cannot be fully explained by a standard SARIMA model (22). The SARFIMA model 

is denoted as follows: 

𝑆𝐴𝑅𝐹𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑠 (3) 

 

with the general equation: 

Θ(𝐿𝑠)θ(L)(1 − L)d(1 − 𝐿𝑠)𝐷𝑋𝑡 = Φ(𝐿𝑠)𝜙(𝐿)𝜀𝑡 (4) 

 

where L is the lag operator; s is the length of the seasonal period; d is the order of non-

seasonal fractional differencing; D is the order of seasonal fractional differencing; Θ(𝐿𝑠)θ(L) 

is the non-seasonal and seasonal MA polynomials; Φ(𝐿𝑠)𝜙(𝐿) is the non-seasonal and 

seasonal AR polynomials; 𝜀𝑡 is the random error (white noise) 

 

The stationarity conditions of the model are: 

1. Stationary if 𝑑 + 𝐷 < 0.5, 

2. Long memory if 0 < 𝑑 + 𝐷 < 0.5, 

3. Non-stationary if 0.5 ≤ 𝑑 + 𝐷 < 1. 

 

With parameters d and D that may take fractional values, SARFIMA is able to 

represent time series with long-term dependence and periodic seasonal fluctuations 

simultaneously (2). 

Accuracy Measurement 

In this study, forecasting accuracy is used as the main criterion for selecting the most 

appropriate forecasting method. The evaluation of accuracy is conducted using the Mean 

Absolute Percentage Error (MAPE), which is formulated as follows: 

MAPE = (
1

𝑛
) × ∑ |

𝑍𝑡 − 𝑍̂𝑡

𝑍𝑡
| × 100

𝑛

𝑡=1

(5) 

Where 𝑍𝑡 is the actual value, 𝑍̂𝑡 is the forecast value at time t, and n is the number of 

observation periods (15). This measure is used to evaluate and compare the performance of 

forecasting models during the testing period (8). 

RESULTS AND DISCUSSION 

Statistical Eksperiments 

This study focuses on the monthly volume of NYC Ferry passengers spanning from 

January 2020 to July 2025. The primary objective is to determine the most appropriate 

forecasting model for predicting passenger demand. Statistical analyses were performed 

using RStudio. The dataset was examined by aggregating passenger counts on a monthly 

basis to capture temporal patterns and variations in ferry usage. 
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Results 

 
Figure 1. Monthly Passenger Counts by Route 

 

The graph in Figure 1 illustrates the monthly passenger trends for each route during 

the 2020–2025 period. Each route represents the location where passengers board the ferry. 

Overall, all routes exhibit a clear seasonal pattern. The ER route shows the highest passenger 

volume throughout the observation period, indicating that it is the route with the highest 

demand. In contrast, the GI and RR routes record the lowest and least variable passenger 

counts. The similar patterns observed across routes suggest the presence of shared seasonal 

factors affecting all routes. 

 
Figure 2. Average Annual Passenger Counts by Route 

 

The graph in Figure 2 presents the average annual number of passengers by route for 

the period 2020 to 2024. Overall, all routes show an increasing trend in average passenger 

numbers from year to year. The ER route consistently records the highest annual average, 

indicating that it has the greatest level of passenger activity. 
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Figure 3. Monthly Passenger Counts by Route 

 

Figure 3 presents the initial plot of NYC Ferry passenger counts from 2020 to 2025. 

The data show a clear upward movement over time, indicated by the progressively increasing 

trend line each year. The plot also reveals the presence of both trend and seasonal patterns. 

 
Figure 4. Autocorrelation (ACF) and Partial Autocorrelation (PACF) of the Original 

Series 
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Figure 5. Autocorrelation (ACF) and Partial Autocorrelation (PACF) after 

Differencing (D = 1) 

 

The Autocorrelation (ACF) and Partial Autocorrelation (PACF) of the original series 

are shown in Figure 4. Both the initial data plot in Figure 3 and the ACF pattern in Figure 4 

indicate a clear seasonal pattern recurring every 12 months (s = 12) (9). In Figure 4, the ACF 

of the original series exhibits a slow decay, suggesting that the data are non-stationary and 

therefore require seasonal differencing. After applying one seasonal differencing, the series 

becomes stationary, as shown in Figure 5, where the ACF decays rapidly toward zero (11). 

These results support the consideration of a SARIMA (𝑝, 𝑑, 𝑞)(𝑃, 1, 𝑄)12 model for further 

analysis. From the ACF plot after seasonal differencing (Figure 5), the first lag is significant, 

while the PACF shows a gradual decline with significant spikes at the first and second lags. 

Based on Figure 5, the model components can be identified as follows: p (AR) = 2, 

based on the PACF; q (MA) = 1, based on the ACF.  

The Augmented Dickey–Fuller (ADF) test indicates that the series is stationary (p < 

0.05), so non-seasonal differencing is not required. For the seasonal components, P = 1 (from 

the seasonal PACF), Q = 1 (from the seasonal ACF), and D = 1 because one seasonal 

differencing was applied. 

 

Based on the patterns observed in the ACF and PACF plots, several candidate models 

were considered to identify the best-fitting specification. The evaluated SARIMA models 

include SARIMA(0,0,1)(0,1,1)12, SARIMA(0,0,1)(1,1,0)12, SARIMA(1,0,0)(0,1,1)12, 

SARIMA(1,0,0)(1,1,0)12, SARIMA(1,0,1)(0,1,1)12, SARIMA(1,0,1)(1,1,0)12, 

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

SARIMA(2,0,0) (0,1,1)12, SARIMA(2,0,0) (1,1,0)12. 
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Table 1. Mean Absolute Percentage Error (MAPE). 

Models MAPE (%) 

SARIMA (1,0,0) (0,1,1)12 5.04 

Multiplicative Winters 8.57 

SARIMA (1,1,1) (1,0,0)12 10.16 

SARFIMA (1,0.438,1) (1,0,0)12 17.62 

Holt-winters Additive 32.93 

 

Table 1 presents the MAPE values calculated using the testing period (January–July 

2025). The best-performing model is SARIMA (1,0,0) (0,1,1)12, which yields a MAPE of 

5.04%. 

 
Figure 6. Monthly MAPE for the Forecast 

 

Figure 6 presents the Mean Absolute Percentage Error (MAPE) for each month during 

the testing period. It can be observed that three months (1, 5, and 7) recorded MAPE values 

below 5%. 
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Figure 7. Actual vs. Predicted Values 

 

 

Figure 7 presents the comparison between the actual data and the predicted values for 

both the training and testing periods. The graph shows that the model is able to follow the 

seasonal pattern and trend in the training data. The blue line (fitted values) and the black line 

(actual training data) demonstrate that the model successfully captures the seasonal 

fluctuations and overall trend in passenger counts. The orange line represents the forecasted 

values, which show an upward movement consistent with the historical trend. The actual 

values in the testing period (red line) also rise and remain close to the forecasted values, 

indicating that the model delivers reasonably accurate predictions. Overall, the model 

successfully represents both the seasonal pattern and the trend in the data across the training 

and testing periods. 

CONCLUSION 

The SARIMA model proved effective in forecasting passenger arrivals for the 

subsequent seven months, demonstrating strong capability in capturing both the seasonal 

pattern and historical trend. The model achieved a MAPE of 5.04%, which is considered 

highly accurate (18). Given that the evaluation was conducted only for a seven-month 

forecast horizon, it is recommended to regularly monitor and update the model to maintain 

predictive accuracy over longer periods. 
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