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Abstract: Urban public transport systems are required to respond to pronounced temporal variations in passenger demand driven by calendar effects, weather conditions, and evolving mobility patterns. Reliable short-term demand forecasts have therefore become an important role in supporting operational planning and service management in large-scale transit systems. This study examines the daily ridership dynamics of the Transjakarta bus rapid transit system and evaluates the forecasting performance of three modeling approaches: seasonal autoregressive integrated moving average with exogenous variables (SARIMAX), multilayer perceptron (MLP), and a dynamic moving-window model. The analysis is based on 851 daily observations from January 1, 2023 to April 30, 2025, with rainfall, working days, and national holidays included as exogenous variables. Each model is estimated using a training dataset and evaluated on a hold-out test set over a 30-day forecasting horizon. Forecast accuracy is assessed using the mean absolute percentage error (MAPE). The results indicate that the MLP model achieves the highest forecasting accuracy, with a MAPE of 8.547%, while SARIMAX and the dynamic model yield higher error levels of 33.345% and 37.754%, respectively. The findings suggest that non-linear modeling approaches are better suited to capturing the complex and irregular demand patterns observed in daily urban bus ridership data. The study provides empirical evidence that can support short-term planning and demand-aware operational decision-making in urban public transportation systems. 
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Transportation systems in rapidly growing metropolitan areas face increasing pressure due to the imbalance between vehicle growth and the expansion of road infrastructure, leading to persistent congestion and reduced system efficiency [1]. Such conditions negatively affect travel time reliability and urban productivity [2], highlighting the need for efficient and sustainable public transport services. In Jakarta, the development of an integrated public transport network, including Mass Rapid Transit (MRT), Light Rail TransiT (LRT), Commuter Line (KRL), and bus-based systems, reflects an ongoing policy effort to encourage modal shift from private vehicles to mass transit [3, 4]. 

Within this network, Transjakarta plays a central role as the primary bus rapid transit system, experiencing substantial growth in ridership from approximately 191 million passengers in 2022 to 371 million in 2024, alongside continuous route expansion into the surrounding Jabodetabek area [5–7]. 

Temporal variations in passenger demand represent a critical operational challenge for large-scale transit systems. 

For example, official statistics indicate that ridership declined in February 2025 due to a reduced number of working days, illustrating the influence of calendar effects on mobility patterns [8]. Such fluctuations are not necessarily associated with long-term changes in user preferences, but rather reflect short-term variations driven by working schedules, holidays, and external conditions. 

Reliable short-term demand forecasts are therefore essential for

supporting service planning, fleet allocation, and timetable adjustments in urban public transportation systems. 

Passenger demand dynamics are shaped by multiple external factors, including weather conditions, working days, and national holidays, which introduce irregular and non-linear variations into daily ridership patterns. Traditional univariate time series models, which rely solely on historical demand data, are often unable to capture the influence
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of these exogenous factors, leading to limited forecasting accuracy under changing conditions [9, 10]. This motivates the use of multivariate and adaptive modeling approaches that explicitly incorporate external information into the forecasting process. 

Seasonal autoregressive integrated moving average with exogenous variables (SARIMAX) models provide a statistical framework for representing seasonal structures while accounting for the influence of observable external variables such as rainfall and calendar effects [11]. However, the relationship between passenger demand and its influencing factors is often non-linear, which limits the explanatory and predictive capacity of linear models alone. 

Neural network-based approaches, such as the multilayer perceptron (MLP), are therefore applied to learn complex non-linear relationships from data and to improve short-term forecasting performance [12]. In addition, dynamic modeling approaches that update predictions using recent observations are useful for capturing short-term structural changes and evolving demand patterns in operational settings [13]. 

Previous work on Transjakarta ridership forecasting has largely relied on relatively simple techniques. For instance, Ikasari et al. [14] employed single exponential smoothing (SES) to forecast passenger volume on a specific corridor and reported a mean absolute percentage error (MAPE) of approximately 21%. While informative, such approaches do not incorporate exogenous variables or non-linear dynamics and are therefore limited in their ability to represent the full complexity of daily ridership fluctuations. 

Against this background, the present study evaluates the performance of SARIMAX, MLP, and a dynamic moving-window model for short-term forecasting of daily Transjakarta ridership using calendar and weather-related exogenous variables. By comparing linear, non-linear, and adaptive approaches within a unified empirical framework, the analysis aims to provide evidence on the suitability of different modeling strategies for supporting demand-aware operational decision-making in urban public transportation and intelligent transportation systems. 

2 Methodology

2.1 Data and Research Variables

The analysis is based on secondary data obtained from the Satu Data Jakarta portal, which serves as the official repository of transportation statistics for the city. The dataset titled “Number of Public Transport Passengers Served per Day” contains 851 daily observations covering the period from January 1, 2023, to April 30, 2025, providing a consistent daily time series for ridership analysis [15]. 

In addition to passenger volume, several exogenous variables are included to represent external conditions affecting daily travel behavior. These variables consist of daily rainfall (in millimeters) obtained from the Open-Meteo platform, a weekday indicator distinguishing working days from weekends, and a binary indicator for national holidays [16]. The weekday variable is coded as 1 for working days and 0 for weekends, while the holiday variable is coded as 1 for national holidays and 0 otherwise [17–19]. These variables reflect calendar and weather-related factors that are known to influence short-term public transport demand. 

Prior to model estimation, the dataset was examined for completeness and internal consistency. No missing values were detected over the observation period, and therefore no imputation procedures were required. Given the uniform daily frequency of the data, no temporal aggregation or resampling was applied. Standard preprocessing steps, including variable alignment and formatting, were conducted to ensure compatibility with the forecasting models. Summary statistics of the variables are reported in Table 1. 

Table 1. Daily data on the number of transjakarta passengers and related exogenous variables Date

Number of Transjakarta Passengers

Rainfall (mm)

Weekday

National Holiday

01-01-2023

291030

21.8

0

1

02-01-2023

666777

11.8

1

0

03-01-2023

702891

14

1

0

04-01-2023

770560

7.2

1

0

05-01-2023

752938

0.8

1

0

26-04-2025

908279

7.3

0

0

27-04-2025

814411

3.2

0

0

28-04-2025

1272755

2.5

1

0

29-04-2025

1223516

1.5

1

0

30-04-2025

1163918

3.2

1

0
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2.2 Data Characteristics

2.2.1 Data stationarity

To formally assess whether a time series exhibits long memory, one commonly used approach is the Geweke-Porter-Hudak (GPH) test. This test applies log-periodogram regression by regressing the logarithm of the periodogram spectrum on low frequencies in the Fourier domain. Mathematically, the parameter d is estimated through Eq. (1) [20]. 
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The hypotheses tested in the GPH test are:

H0 : ˆ

d = 0 (no long memory/short memory detected)

H1 : ˆ

d ̸= 0 (long memory detected)

The interpretation of the value of d describes the memory characteristics of a time series. If d = 0, autocorrelation declines rapidly, indicating that the influence of past observations is limited to the short term. A value of 0 < d < 0.5 indicates stationary long memory, with autocorrelation that decreases slowly but remains stable. Meanwhile, d ≥ 0.5 indicates non-stationary long memory. 

2.2.2 Seasonal pattern identification

Seasonal pattern detection in the data is performed using spectral regression, which represents the time series as a combination of sine and cosine functions at Fourier frequencies. This approach is used to identify hidden periodicities that cannot be directly observed in the time domain. The mathematical model is expressed in Eq. (3)

[21, 22]. 

[n/2]

X
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(3)

k=0

After the Fourier parameters (ak dan bk) are estimated, a hypothesis test is conducted to determine the presence of seasonal patterns, with the hypotheses and test statistics described accordingly. 

H0 : ak = βk = 0 (the data are not influenced by seasonal factors)

H1 : ak ̸= 0 atau βk ̸= 0 (the data are influenced by seasonal factors) The F-test statistic is presented in Eq. (4). 
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Next, the dominant seasonal period is identified using the T-statistic, which compares the maximum ordinate of the periodogram to the total frequency energy, and is expressed mathematically in Eq. (5). 
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Frequencies with Tstat values exceeding the critical threshold g are interpreted as significant seasonal periods in the data. 

The spectral method employed is proven effective for identifying seasonal patterns in stationary data. However, for non-stationary seasonal data, a differencing step is required beforehand so that the series becomes stationary before further analysis can be conducted. Thus, the parameter dd not only serves to assess the presence of long memory but also provides guidance regarding the number of differencing steps needed to achieve data stationarity [22]. 

2.2.3 Autocorrelation pattern of time series data

The autocorrelation function (ACF) is used to describe the linear relationship between the current observation and previous observations in a time series. Through this function, the stability of the data can be analyzed by examining the relationship between Yt and Yt+k. For a stationary time series, the autocorrelation value at lag k is denoted by ρ

bv , which is mathematically expressed in Eq. (6) [23, 24]. 

E [(Yt − µ) (Yt+k − µ)]
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Meanwhile, the partial autocorrelation function (PACF) is used to measure the degree of correlation between Yt and Yt+k after removing the influence of the intermediate values such as Yt+1, Yt+2, . . . , Yt+k−1. The PACF value at lag kk is denoted by ϕkk, as written in Eq. (7). 

ϕkk = Corr (Yt, Yt+k | Yt+1, Yt+2, . . . , Yt+k−1)

(7)

The determination of the seasonal autoregressive integrated moving average (SARIMA) model order, which includes the autoregressive (AR(p)), moving average (MA(q)), seasonal autoregressive (SAR(P)), and seasonal moving average (Seasonal MA(Q)) components, is carried out by analyzing the patterns in the ACF and PACF plots. 

This step aids in identifying the best-fitting model for both the seasonal and non-seasonal components, as presented in Table 2. 

Table 2. Determination of non-seasonal and seasonal model orders Model

ACF

PACF

AR(p)

Rapid exponential decay

Cuts off after lag p

MA(q)

Cuts off after lag q

Rapid exponential decay

AR(p) or MA(p)

Cuts off after lag q

Cuts off after lag p

ARMA(p,q)

Rapid exponential decay

Rapid exponential decay

SAR(P)

Rapid exponential decay at seasonal lags

Cuts off after seasonal lag P

SMA(Q)

Cuts off after seasonal lag Q

Rapid exponential decay at seasonal lags

SAR(P) or SMA(Q)

Cuts off after seasonal lag Q

Cuts off after seasonal lag P

SARMA(P,Q)

Rapid exponential decay at seasonal lags

Rapid exponential decay at seasonal lags

Note: AR: autoregressive; MA: moving average; ARMA: autoregressive moving average; SAR: seasonal autoregressive; ACF: autocorrelation function; PACF: partial autocorrelation function. 

2.3 Forecasting Model

The selection of SARIMAX, MLP, and the dynamic model in this study is motivated by the need to compre-hensively represent different characteristics of passenger demand dynamics in urban public transportation systems. 

Passenger volume is influenced not only by recurring seasonal patterns and external factors such as working days and weather conditions, but also by complex non-linear interactions and short-term fluctuations that evolve over time [9, 10]. Therefore, the use of multiple forecasting paradigms allows a systematic comparison of linear, nonlinear, and adaptive approaches in modeling daily passenger demand. 

SARIMAX is selected as a benchmark statistical model due to its ability to explicitly model seasonal structures while incorporating exogenous variables that are relevant to public transportation demand, such as rainfall and calendar effects. Previous studies have shown that multivariate time series models provide improved forecasting performance compared to univariate approaches when external influences are present [10, 11, 23]. Moreover, the interpretability of SARIMAX makes it suitable for policy-oriented analysis in transportation systems. 

However, passenger demand often exhibits non-linear responses to external factors and behavioral patterns that cannot be adequately captured by linear models. For this reason, the MLP is employed to model complex non-linear relationships among variables. Recent studies demonstrate that MLP-based models are effective in forecasting passenger volumes by learning intricate patterns directly from data, particularly in transportation and mobility contexts [12, 25]. 

In addition, a dynamic model is included to represent an adaptive forecasting approach in which estimates are continuously updated using the most recent observations. Such models are useful for capturing short-term variations and gradual structural changes in demand patterns, providing a practical reference for operational forecasting in dynamic urban environments [13]. 

By comparing these three models, this study evaluates the relative contribution of seasonal linear structures, non-linear relationships, and time-varying dynamics in forecasting daily Transjakarta passenger demand. 

2.3.1 Seasonal autoregressive integrated moving average with exogenous variables An AR model is a form of regression that, instead of directly linking independent variables to the dependent variable, explains the current observation based on its past values. An AR model of order p is denoted as AR(p), with p = 1,2,3, . . . , n. The general form of the time series model for the AR component is presented in Eq. (8) [23, 26]. 

ϕp(B)Yt = at

(8)

The MA model is a stationary time series model in which the observation at time t is influenced by the residuals (errors) from the previous q periods, which subsequently affect the error at the current time. An MA model of order 34

q is denoted as MA(q), with q = 1,2,3, . . . , n. The general form of the time series model for the MA component is presented in Eq. (9). 

Yt = θq(B)at

(9)

The SARIMA model is an extension of the ARIMA model that accounts for seasonal patterns in time series data. A seasonal pattern is defined as a regularly recurring pattern at specific intervals. The SARIMAX model is an extension of SARIMA that allows external variables to influence the time series. This model combines AR

components, MA components, and both seasonal and non-seasonal differencing to capture short-term and seasonal variation patterns. 

In general, the SARIMA (p, d, q)(P , D, Q)s model is used for data with seasonal patterns, where the parameters (p, d, q) represent the non-seasonal components, while (P , D, Q) represent the seasonal components with period s. 

The SARIMAX model then incorporates the exogenous variable Xt, which is assumed to influence the time series Yt. Mathematically, the SARIMAX model is expressed in Eq. (10). 

ϕp(B)ϕp(1 − B)d(1 − B)DYt = θq(B)ΘQ(B)sat + β1X1,t + β2X2,t + . . . + βkXk,t (10)

This model allows for the simultaneous integration of internal data influences and external variables, resulting in a more accurate representation of complex time series dynamics. 

2.3.2 Multilayer perceptron

The MLP model is one of the most commonly used artificial neural networks in time series modeling and forecasting. The MLP structure consists of an input layer, one or more hidden layers, and an output layer. Through the backpropagation algorithm, the MLP is trained in a supervised manner by computing the error at the output layer and subsequently updating the weights in the preceding layers iteratively to minimize output errors [25]. 

Architecturally, the MLP is a feedforward network in which data flow in one direction from the input layer to the output layer, passing through one or more hidden layers that process information and extract important features. 

Despite its simplicity, this model is widely used due to its ability to recognize nonlinear relationships among variables and produce highly accurate predictions. 

In this model, the input layer receives the data, while the hidden layer performs nonlinear transformations using activation functions such as sigmoid or hyperbolic tangent, and the output layer provides the final linear prediction. 

Each neuron in a layer receives signals from all neurons in the previous layer, with connection weights wji and bias bj. Mathematically, the output of neuron j in layer l is expressed in Eq. (11). 





X

xl = f

wl xl−1 + b

j



ji i

j 

(11)

j

In general, the output of a neuron in the hidden layer of an MLP network can be expressed using Eq. (12) below. 

For clarity, let x = (x1, x2, . . . , xM ) denote the input vector, y = (y1, y2, . . . , yN ) the hidden neuron outputs, and z the final network output. 

M

! 

X

yj = f

wjixi + bj

(12)

i=1

The output from this layer then becomes the input for the next layer until it reaches the output layer, which functions to combine all results from the hidden neurons to produce the final prediction. The final output of the network (at the output layer) can be expressed as in Eq. (13). 

N

X

z =

(wkyk) + b

(13)

k=1

MLP is not a recurrent network, and therefore does not account for time dependence among observations. 

Consequently, when applied to time series data, temporal dependence must be simulated by arranging past observations (xt−1, xt−2, . . . , xt−M ) as an input vector to predict the value at time t. This approach allows the MLP to capture non-linear patterns across periods even without an explicit recurrent structure. 

35

2.3.3 Dynamic model

A dynamic model is an approach that accounts for changes in variable values over time. In this model, the parameters or estimates are updated periodically based on the most recent data, allowing the model to adapt to continuously evolving historical patterns [13]. 

One simple form of a dynamic model is the use of a moving average from several previous periods to generate a prediction for the next period. In general, the estimate at time t

Ât

is calculated as the average of previous

observations within a specified time interval, for instance on a weekly basis, which can be formulated as in Eq. (14) below. 

ˆ

1

A



t =

At−7 + At−14 + . . . + A

(14)

n

(t−n)×7

where, n represents the number of historical periods used as the basis for calculation. Selecting an optimal value of n is a crucial aspect of dynamic models. A value that is too small may cause the model to become overly sensitive to short-term fluctuations, whereas a value that is too large may obscure recent changes in the data. Therefore, the parameter n can be determined by minimizing prediction errors, such as the Mean Squared Error (MSE), to achieve a balance between model stability and its ability to adapt to changes in the data. 

2.4 Metric Evaluation

MAPE is an evaluation metric that measures the average absolute difference between predicted values and actual values. The MAPE value is expressed as a percentage of the actual value, with the following categories: MAPE

< 10% is classified as excellent, 10–20% as good, 20–50% as acceptable, and >50% as unacceptable. MAPE is used in forecasting evaluation to assess the level of accuracy between predicted results and actual data, and it can be calculated using the formula in Eq. (15) below [26–28]. 

n

1





X

yt − yt
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× 100%

(15)

n



yt



t=1

where, yt is the actual value, ˆ

yt is the predicted value, n is the number of observations, and t indicates the observation period. 

2.5 Research Procedures

The research procedures conducted in this study are described as follows: (1). Obtaining the data to be used, namely the daily number of Transjakarta passengers and the related exogenous variables, which include daily rainfall (mm), weekday (working day vs. weekend), and national holidays from January 1, 2023 to April 30, 2025. 

(2). Identifying the characteristics of the data by performing data stationarization using differencing based on the GPH test results, identifying seasonal patterns using spectral regression, and examining autocorrelation through the ACF and PACF plots. 

(3). Forecasting the number of Transjakarta passengers by implementing the SARIMAX, MLP, and dynamic model approaches. 

(4). Evaluating and comparing the performance of the three models using the MAPE metric to determine the best-performing model. 

(5). Drawing conclusions from the best-performing model to predict the number of Transjakarta passengers and presenting the final forecasting results. 

3 Results

3.1 Data Characteristics

3.1.1 Data stationarization

Based on the results of the GPH test conducted using Microsoft Excel, the estimated value of d is 0.1898580639. 

This value falls within the range 0 < d < 0.5, indicating that the data exhibit stationary longmemory characteristics. 

3.1.2 Seasonal pattern identification

Based on the spectral regression analysis performed using Microsoft Excel, the frequency with the largest periodogram value was obtained at k = 122 with I(122) ω



(122)

= 6535356717122.05. The calculated Fourier

coefficient produced an Fstatistic of 67.76207 , while the critical value from the Ftable was 3.006. 

Since the Fstatistic is greater than the critical value at the 5 percent significance level, H0 is rejected. Therefore, at the 122nd frequency, there is a significant seasonal component, indicating that the data contain a seasonal pattern at 36
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that frequency. The frequency was then further tested using Fisher’s T test statistic to determine the specific seasonal period in which the significant pattern appears. The results of the calculation are presented in Table 3. 

Based on the analysis, since T > gα at the 5 percent significance level, H0 is rejected. Thus, the periodicity at the 122nd frequency is declared significant. The seasonal period at this frequency can be calculated using the formula P = 2π , resulting in a seasonal period of 7. This indicates that the seasonal pattern in the Transjakarta ω

passenger data repeats every one week. 

Table 3. Results of fisher’s T test

T

gα

0.4571595464

0.0211131

3.1.3 Autocorrelation pattern

Based on the analysis of the ACF plot in Figure 1, the pattern shows a tails-off structure, characterized by many significant autocorrelation lags lying outside the confidence bounds. This pattern strongly indicates that the Transjakarta passenger data are not stationary in mean and contain a trend, therefore requiring non-seasonal differencing with d equal to 1. After the differencing process, the ACF and PACF plots were reanalyzed to identify other model orders. 

Figure 1. Autocorrelation function (ACF) and partial autocorrelation function (PACF) plots before differencing The main focus of the plots after differencing is on the seasonal component based on Figure 2. The PACF plot shows a very clear-cut-off pattern at the seasonal lags, with significant spikes at lag 7 and lag 14 that then decline and become insignificant at the subsequent multiples of 7. This cut-off pattern after two seasonal lags is characteristic of a seasonal AR model of order two (P = 2). Since the SAR(2) model already captures the seasonal pattern effectively, seasonal differencing is not required, resulting in D equal to 0 . This finding is supported by the ACF plot, which shows a tails-off pattern at seasonal lags (7,14,21, and so on), reflecting an SAR process. This confirms that the Seasonal Moving Average order is 0. 

Figure 2. Autocorrelation function (ACF) and partial autocorrelation function (PACF) plots after differencing 37
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For the non-seasonal component, the PACF plot after differencing shows several statistically significant spikes. 

The dominant non-seasonal pattern appears at lag 1 and lag 2 , where two negative spikes are present. This strongly indicates the presence of an AR component, suggesting orders p equal to 1 or p equal to 2 as the main candidates. 

Meanwhile, the ACF plot after differencing also shows several significant early lags, suggesting the presence of an MA component, therefore, q equals to 1,2 , or 3 must also be considered. 

Therefore, the candidate models were evaluated using the basic structure SARIMA (p, 1, q)(2, 0, 0)7, with various identified combinations of p and q, such as (1, 2), (2, 1), (1, 1), (0, 2), and (0, 3), tested to determine the most optimal combination. The preliminary SARIMA candidate models obtained are shown in Table 4 below. 

Table 4. Preliminary seasonal autoregressive integrated moving average (SARIMA) models Model

SARIMA (1, 1, 2)(2, 0, 0)7

SARIMA (2, 1, 1)(2, 0, 0)7

SARIMA (1, 1, 1)(2, 0, 0)7

SARIMA (0, 1, 2)(2, 0, 0)7

SARIMA (0, 1, 3)(2, 0, 0)7

3.2 Forecasting Models

3.2.1 Seasonal autoregressive integrated moving average with exogenous variables Based on the SARIMAX model analysis conducted using R software, the Akaike information criterion (AIC) values for several model combinations were obtained, as shown in Table 5. 

Table 5. Seasonal autoregressive integrated moving average with exogenous variables (SARIMAX) model combinations

Model

Akaike Information Criterion (AIC)

SARIMAX (1, 1, 2)(2, 0, 0)7

17679.15

SARIMAX (2, 1, 1)(2, 0, 0)7

17681.92

SARIMAX (1, 1, 1)(2, 0, 0)7

17689.67

SARIMAX (0, 1, 2)(2, 0, 0)7

17698.09

SARIMAX (0, 1, 3)(2, 0, 0)7

17699.54

Based on the evaluation of several SARIMAX model combinations, the SARIMAX (1, 1, 2)(2, 0, 0)7 model was found to have the lowest AIC value of 17679.15. A lower AIC value indicates a better balance between model fit and model complexity compared to the other alternatives. The next step is to generate forecasts using the selected model. The forecasting results are shown in Figure 3, which presents a comparison between the actual values and the predicted values. The MAPE of 33.345 percent indicates that the prediction accuracy of the model falls within the moderate category. 

Figure 3. Comparison of actual and predicted values for the seasonal autoregressive integrated moving average with exogenous variables (SARIMAX) model
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Overall, these results show that the SARIMAX model is not yet able to capture the data patterns effectively. 

Although the predicted series closely resembles the actual pattern and successfully follows the recurring seasonal trend, the accuracy remains low because of substantial differences between predicted and actual values in several periods. This indicates that the model struggles to represent the non-linear relationships and sharp fluctuations present in the passenger data. Therefore, alternative methods capable of capturing non-linear relationships and producing higher accuracy are needed. 

3.2.2 Multilayer perceptron

Before training the model, the key parameters of the MLP method were determined. These parameters were selected to obtain an optimal model configuration capable of generating accurate predictions. The parameters used in this study are presented in Table 6. 

Table 6. Configuration of the neural network model

Parameter

Jumlah

Total Layer

3 layer

Input Layer

1 layer (10 neuron)

Hidden Layer

1 layer (128 neuron)

Output Layer

1 layer (1 neuron)

Epoch

100

Activation

ReLU

Optimizer

Adam

After determining the main parameters of the MLP model as shown in Table 6, the next step was to train and test the model to obtain forecasting results. The predictions produced by the MLP model are shown in Figure 4, which compares the actual values with the predicted values. The MAPE of 8.547 percent indicates that the prediction error is low, meaning that the MLP model can be categorized as having good accuracy for this study. 

Figure 4. Comparison of actual and predicted values for the multilayer perceptron (MLP) Model Overall, these results show that the MLP model is able to capture the data patterns effectively and produce predictions that closely match the actual values. This indicates that neural network-based approaches are effective for modeling data with complex and non-linear patterns. However, despite the low prediction error, there are still small deviations in several periods, which may be caused by fluctuations that are not fully represented by the model. 

Therefore, in the next stage, the performance of the MLP model will be compared with other forecasting methods to obtain the most optimal prediction results. 

3.2.3 Dynamic model

The dynamic model approach was applied to enhance the ability of the model to adapt to changes in data patterns over time. In this approach, the model is trained periodically using the most recent historical data before generating predictions for the subsequent period. As a result, the model parameters are continuously updated based on the latest information, enabling more adaptive and accurate forecasts. 

To determine the optimal length of historical data, tests were conducted using window sizes ranging from 1 to 28 weeks. The results of these tests are presented in Figure 5, which displays the training root mean squared error (RMSE) for each value of n. 
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Figure 5. Comparison of training root mean squared error (RMSE) based on number of weeks (n) The results show that the MSE pattern forms a U-shaped curve, where the RMSE decreases as the number of weeks increases until it reaches a minimum, then increases again. The lowest training RMSE of 172337.3 was obtained when using n equal to 4 weeks; thus, this value was selected as the optimal configuration for the dynamic model. This indicates that using 4 weeks of historical data provides the best balance between capturing long-term stability and detecting short-term variation in the data. 

Based on Figure 6, it is evident that although the dynamic model is able to follow the general trend of the actual data, there are considerable discrepancies in several periods. This shows that the daily fluctuations in passenger volume are not fully captured by the model. In addition, evaluation of the test data shows that the model with n equal to 4 produces a MAPE of 37.754 percent for the 30-day forecasting horizon. This value indicates that the prediction accuracy is still moderate, but the dynamic model remains capable of providing a reasonably representative overview of the overall passenger volume trend. 

Figure 6. Comparison of actual and predicted values for the dynamic model 3.3 Metric Evaluation

To evaluate the performance of each model in generating forecasts, a comparison of the MAPE values was conducted for the SARIMAX, the MLP, and the dynamic model over a 30-day forecasting horizon. This comparison aims to identify the model with the lowest relative prediction error and to assess the extent to which each approach consistently represents the actual data patterns within the specified prediction period, as presented in Table 7. 

Based on the evaluation results using MAPE values, the MLP model achieves a MAPE of 8.547 percent, which falls into the very good category. This indicates that the MLP model is capable of producing predictions with very small errors and demonstrates a strong ability to accurately capture the actual data patterns. As a result, the daily passenger demand forecasts generated by this model can provide a reliable basis for short-term planning and operational considerations in passenger transportation systems. 
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Table 7. Comparison of mean absolute percentage error (MAPE) values for the three models Model

MAPE

SARIMAX

33.345%

MLP

8.547%

Dynamic Model

37.754%

Note: SARIMAX: seasonal autoregressive integrated moving average with exogenous variables; MLP: multi-Layer perceptron neural network. 

Meanwhile, the SARIMAX model has a MAPE of 33.345 percent, and the dynamic model yields 37.754 percent, both of which fall into the fair category. This means that although these two models can still represent the general pattern of the data, their accuracy is considerably lower than that of the MLP model. In practical terms, error levels of this magnitude may result in noticeable discrepancies between predicted and actual passenger demand, potentially affecting the reliability of the forecasts for short-term planning and operational analysis. Overall, these results highlight the comparative advantage of the MLP model for the 30-day forecasting horizon, particularly in capturing complex and nonlinear patterns in daily passenger demand. 

4 Discussion

The empirical results indicate clear differences in the forecasting performance of the three modeling approaches considered, reflecting their distinct capabilities in representing the temporal structure and external influences of daily urban bus ridership. The comparison confirms that incorporating calendar and weather-related information, together with flexible functional forms, is important for capturing short-term demand variability in large-scale public transport systems [11, 12]. 

The SARIMAX model was able to represent the dominant weekly seasonal pattern and the effects of observable exogenous variables, demonstrating its suitability for modeling regular and interpretable demand structures. However, its MAPE of 33.345% indicates limited accuracy in the presence of sharp day-to-day fluctuations and non-linear interactions between demand and external conditions. This limitation is consistent with previous findings reported by Ikasari et al. [14], who observed that simpler time series models such as SES provide only moderate accuracy when applied to Transjakarta ridership data and do not explicitly account for exogenous or non-linear effects. These results suggest that linear statistical models alone may be insufficient for operational forecasting in environments characterized by irregular and rapidly changing demand patterns. 

In contrast, the MLP model achieved substantially higher accuracy, with a MAPE of 8.547%, indicating a strong ability to learn complex and non-linear relationships between ridership and its influencing factors [12, 21]. This performance suggests that data-driven non-linear models are better suited for short-term operational forecasting, particularly in settings where demand is affected by multiple interacting factors such as working schedules, holidays, and weather conditions. The remaining deviations observed in certain periods are likely associated with unpredictable events or behavioral changes that are not fully captured by the available explanatory variables, pointing to the potential value of incorporating additional real-time or contextual information in future applications. 

The dynamic moving-window model provided a simple adaptive benchmark by updating predictions based on recent observations. Although it followed the general trend of the data, its relatively high MAPE of 37.754% indicates limited suitability for precise short-term forecasting. This result reflects the inherent trade-off of moving-average-based approaches, which offer robustness and simplicity but lack the capacity to represent complex non-linear dynamics and interactions [13]. 

From an intelligent transportation systems perspective, these findings highlight the complementary roles of different modeling approaches. Statistical models such as SARIMAX can support strategic analysis and interpretation of seasonal and policy-related effects, while machine learning models such as MLP are more appropriate for short-term operational forecasting and demand-responsive service management. The dynamic model, although less accurate, may still serve as a lightweight tool for rapid approximation or baseline comparison in resource-constrained environments. 

Overall, the results support the view that effective demand forecasting in urban public transportation requires both the integration of external contextual information and the use of flexible modeling techniques capable of representing non-linear behavior. The improved accuracy obtained with the MLP model suggests that such approaches can contribute to more informed service planning, fleet allocation, and timetable adjustment in systems such as Transjakarta. Future research may explore hybrid frameworks that combine the interpretability of statistical models with the predictive strength of neural networks, as well as the integration of real-time data sources, to further enhance forecasting reliability and operational relevance. 
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5 Conclusions

The analysis confirms that daily Transjakarta ridership exhibits both regular weekly seasonality and pronounced short-term variability driven by calendar and external conditions. The results indicate that the MLP model achieves the highest forecasting accuracy, with a MAPE of 8.547%, reflecting its ability to capture non-linear relationships and irregular demand fluctuations. The SARIMAX model, while effective in representing seasonal structures and incorporating exogenous variables, shows only moderate predictive performance, and the dynamic moving-window model is primarily suited to tracking general trends rather than producing precise short-term forecasts. 

These findings suggest that linear and purely adaptive models alone are insufficient for representing the complex demand dynamics observed in large urban public transportation systems. Non-linear data-driven approaches provide a more suitable basis for short-term demand forecasting, particularly in operational contexts where passenger volumes are influenced by interacting calendar, behavioral, and environmental factors. 

From an intelligent transportation systems perspective, the improved accuracy obtained with non-linear models supports their use in demand-aware service planning, fleet allocation, and timetable adjustment. More reliable short-term forecasts can contribute to better alignment between service supply and passenger demand, potentially improving service efficiency and passenger experience in high-volume transit systems such as Transjakarta. 

Several limitations should be noted. The analysis relies on a limited set of exogenous variables and does not account for real-time information, special events, or policy interventions that may also influence travel behavior. 

Future research may therefore consider hybrid modeling frameworks that combine statistical and machine learning approaches, as well as the integration of real-time and contextual data sources, to further enhance forecasting robustness and operational relevance. 
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Abstract: Urban public transport systems are required to respond to pronounced temporal variations in passenger
demand driven by calendar effects, weather conditions, and evolving mobility patterns. Reliable short-term demand
forecasts have therefore become an important role in supporting operational planning and service management
in large-scale transit systems. This study examines the daily ridership dynamics of the Transjakarta bus rapid
transit system and evaluates the forecasting performance of three modeling approaches: seasonal autoregressive
integrated moving average with exogenous variables (SARIMAX), multilayer perceptron (MLP), and a dynamic
moving-window model. The analysis is based on 851 daily observations from January 1, 2023 to April 30, 2025,
with rainfall, working days, and national holidays included as exogenous variables. Each model is estimated using a
training dataset and evaluated on a hold-out test set over a 30-day forecasting horizon. Forecast accuracy is assessed
using the mean absolute percentage error (MAPE). The results indicate that the MLP model achieves the highest
forecasting accuracy, with a MAPE of 8.547%, while SARIMAX and the dynamic model yield higher error levels of
33.345% and 37.754%, respectively. The findings suggest that non-linear modeling approaches are better suited to
capturing the complex and irregular demand patterns observed in daily urban bus ridership data. The study provides
empirical evidence that can support short-term planning and demand-aware operational decision-making in urban
public transportation systems.

Keywords: Urban bus ridership; Short-term demand forecasting; Intelligent transportation systems; Seasonal
autoregressive integrated moving average with exogenous variables; Multilayer perceptron

1 Introduction

Transportation systems in rapidly growing metropolitan areas face increasing pressure due to the imbalance
between vehicle growth and the expansion of road infrastructure, leading to persistent congestion and reduced system
efficiency [1]. Such conditions negatively affect travel time reliability and urban productivity [2], highlighting the
need for efficient and sustainable public transport services. In Jakarta, the development of an integrated public
transport network, including Mass Rapid Transit (MRT), Light Rail TransiT (LRT), Commuter Line (KRL), and bus-
based systems, reflects an ongoing policy effort to encourage modal shift from private vehicles to mass transit [3, 4].
Within this network, Transjakarta plays a central role as the primary bus rapid transit system, experiencing substantial
growth in ridership from approximately 191 million passengers in 2022 to 371 million in 2024, alongside continuous
route expansion into the surrounding Jabodetabek area [5-7].

Temporal variations in passenger demand represent a critical operational challenge for large-scale transit systems.
For example, official statistics indicate that ridership declined in February 2025 due to a reduced number of working
days, illustrating the influence of calendar effects on mobility patterns [8]. Such fluctuations are not necessarily
associated with long-term changes in user preferences, but rather reflect short-term variations driven by working
schedules, holidays, and external conditions. Reliable short-term demand forecasts are therefore essential for
supporting service planning, fleet allocation, and timetable adjustments in urban public transportation systems.

Passenger demand dynamics are shaped by multiple external factors, including weather conditions, working days,
and national holidays, which introduce irregular and non-linear variations into daily ridership patterns. Traditional
univariate time series models, which rely solely on historical demand data, are often unable to capture the influence

https://doi.org/10.56578/mits050103
31





index-10_1.png
Jou3 pesenbs uee 100y

8
8
“ le
000052 000022 000081

n (Weeks)





index-1_1.jpg





index-10_2.png
%1
E

0000021 0000001 000009 000009
‘s1aBuassed Jo soquinN





index-7_1.png
e -3
2 s
= | <
2 3
5 <
u“e” § 3
3;- 2 94
. <
2 rr T T
° T T T T
000 0% 005
o






index-1_2.jpg
®

Check for
updates






index-8_1.png
Number of Passengers

Nov 18

Nov 25

Dec 02

Dec 09





index-7_2.png
=T

mmmrw

___._L;.__k__iﬁ.ﬁ.{wj_.‘;{_iﬁ_,[_;_Uﬁ_
i T\V ﬂ






index-9_1.png
ﬂ&?mmmu jo ,,.mnEsz





