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Abstract. Accurate prediction of passenger demand is essential for improving the efficiency,
reliability, and resource management of urban public transportation systems. Reliable forecast-
ing enables transport authorities to optimize vehicle scheduling, reduce passenger waiting times,
and enhance the overall quality of service. This study presents a comparative machine learning
framework for forecasting passenger demand across stations of Lima Metro Line 1 using five
predictive algorithms: Prophet, Linear Regression, Random Forest, Decision Tree, and Auto-
Regressive Integrated Moving Average (ARIMA). Historical passenger records collected from
the official OSITRAN transportation database are utilized to train and evaluate the forecasting
models. Prior to model development, the dataset undergoes comprehensive preprocessing, in-
cluding data integration, cleaning, datetime transformation, and passenger count aggregation to
ensure consistency and reliability. The trained models are assessed using Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), and the coefficient of determination (R?) to deter-
mine their predictive capability. Experimental analysis demonstrates that the Prophet model
consistently achieves the highest forecasting accuracy, producing the lowest prediction errors
and the highest R2 value among all evaluated models. Although Decision Tree and Linear Re-
gression require considerably less computational time, they exhibit lower predictive perfor-
mance compared with Prophet. The findings indicate that Prophet effectively captures temporal
demand patterns and seasonal variations present in passenger transportation data, making it a
practical and reliable solution for intelligent public transport planning, demand forecasting, and
operational decision support in modern urban transit systems.
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l. Introduction

Rapid urbanization and continuous population growth have significantly increased
the demand for efficient public transportation systems across metropolitan cities world-
wide. As urban populations expand, transportation authorities face growing challenges
in managing passenger flow, minimizing congestion, improving service reliability, and
utilizing available resources efficiently. Public transportation plays a vital role in re-
ducing traffic congestion, lowering environmental pollution, and supporting sustaina-
ble urban development. Consequently, accurately forecasting passenger demand has
become an important research topic that enables transportation agencies to improve
scheduling, optimize fleet allocation, and provide better services to commuters [1], [2].

Passenger demand within urban transportation systems is influenced by numerous
dynamic factors, including travel time, station location, working hours, weekends, hol-
idays, seasonal variations, and unexpected events. These factors produce complex tem-
poral patterns that are difficult to capture using traditional statistical forecasting tech-
niques. Inaccurate demand estimation often leads to overcrowded vehicles during peak
periods or underutilized transportation resources during off-peak hours, both of which
negatively affect operational efficiency and passenger satisfaction. Therefore, intelli-
gent forecasting systems capable of analyzing historical travel patterns are increasingly
being adopted to support effective transportation planning [3].

Traditional forecasting approaches, such as statistical regression models and classi-
cal time-series methods, have been widely employed to estimate passenger demand.
Although these techniques provide acceptable results for relatively simple datasets,
they generally struggle to model highly nonlinear relationships and changing temporal
behaviors observed in modern transportation systems. Furthermore, many conventional
models require strong assumptions regarding data distribution and seasonality, limiting
their applicability in real-world environments where passenger behavior continuously
evolves. These limitations have motivated researchers to investigate machine learning
algorithms that automatically learn complex patterns from historical transportation data
without relying on rigid statistical assumptions [4].

Recent advances in artificial intelligence and machine learning have significantly
transformed transportation analytics by enabling accurate forecasting of passenger flow
using historical travel records. Algorithms such as Linear Regression, Decision Tree,
Random Forest, Prophet, and AutoRegressive Integrated Moving Average (ARIMA)
have been successfully applied to transportation prediction problems because of their
ability to identify hidden relationships among temporal, spatial, and operational varia-
bles. Each algorithm possesses unique advantages depending on the characteristics of
the available data and forecasting objectives. Comparative evaluation of multiple algo-
rithms therefore provides valuable insights into selecting the most appropriate predic-
tion model for intelligent transportation systems [5].
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Among modern forecasting algorithms, the Prophet model has attracted considerable
attention because of its ability to effectively capture long-term trends, seasonal patterns,
and holiday effects within time-series data. Developed specifically for forecasting ap-
plications, Prophet requires relatively little parameter tuning while maintaining high
prediction accuracy. Its additive modeling approach enables it to process transportation
datasets containing strong temporal structures and irregular demand fluctuations. In
contrast, machine learning algorithms such as Random Forest and Decision Tree are
capable of modeling nonlinear relationships between multiple explanatory variables,
whereas Linear Regression provides a simple baseline prediction model. ARIMA con-
tinues to remain an important statistical forecasting technique due to its ability to ana-
lyze autoregressive temporal dependencies [6].

The availability of large-scale transportation datasets has further accelerated re-
search in passenger demand forecasting. Modern metro systems continuously collect
operational data containing information about passenger counts, travel time, station us-
age, and service schedules. These datasets provide valuable opportunities for develop-
ing intelligent forecasting systems capable of improving operational efficiency and pas-
senger experience. However, effective utilization of such data requires appropriate pre-
processing techniques, including data cleaning, integration, datetime transformation,
and feature engineering before model development. Proper preprocessing enhances
data quality and contributes significantly to improving prediction accuracy [7].

This study presents a comprehensive comparative analysis of five forecasting algo-
rithms, namely Prophet, Linear Regression, Random Forest, Decision Tree, and
ARIMA, for predicting passenger demand in Lima Metro Line 1. Historical passenger
records collected from the official transportation database are preprocessed and used to
train each predictive model under identical experimental conditions. Model perfor-
mance is evaluated using Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and the coefficient of determination (R?), enabling objective comparison of
forecasting accuracy. Experimental findings demonstrate that the Prophet model con-
sistently achieves superior predictive performance by producing the lowest forecasting
errors while maintaining a high coefficient of determination.

The proposed framework provides an effective decision-support solution for trans-
portation authorities by enabling accurate estimation of passenger demand across metro
stations and different time periods. Reliable forecasting supports optimized train sched-
uling, efficient resource allocation, improved passenger satisfaction, and intelligent
transportation management. Furthermore, the comparative analysis presented in this
work offers valuable guidance for selecting suitable machine learning models for future
smart city transportation applications and urban mobility planning.

Il. Survey of Literature

Passenger demand prediction has become one of the most active research areas in
intelligent transportation systems because accurate forecasting enables transportation
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authorities to improve service quality, optimize fleet management, reduce operational
costs, and enhance passenger satisfaction. The rapid growth of urban populations and
the increasing complexity of public transportation networks have motivated researchers
to develop advanced forecasting techniques capable of modeling dynamic travel behav-
ior. Earlier studies primarily relied on conventional statistical approaches; however,
recent advances in machine learning and artificial intelligence have significantly im-
proved forecasting accuracy by learning complex temporal and spatial relationships
from historical transportation data. Consequently, numerous predictive algorithms have
been investigated for estimating passenger demand under different transportation sce-
narios.

One of the early contributions to intelligent public transportation forecasting was
presented by Jorquera, who developed a predictive framework for estimating bus arri-
val times in Chile. The study investigated several forecasting techniques, including Ar-
tificial Neural Networks (ANN), Long Short-Term Memory (LSTM), and Bayesian-
based hybrid models integrated with Particle Filters. The proposed system considered
multiple traffic conditions to improve arrival time estimation under varying road envi-
ronments. Experimental findings demonstrated that hybrid deep learning approaches
could effectively capture nonlinear traffic patterns while improving prediction reliabil-
ity compared with conventional statistical methods. Nevertheless, the computational
complexity associated with recurrent neural networks limited their practical implemen-
tation in real-time transportation systems.

To improve passenger distribution in urban transportation, Gonzales and Condori
proposed an intelligent diagnostic framework for the Metropolitano bus system in
Lima, Peru. Their research focused on analyzing passenger flow using Internet of
Things (loT) technologies and Big Data analytics. Real-time passenger information
collected from transportation infrastructure was utilized to optimize bus allocation ac-
cording to changing passenger demand. Their findings highlighted that integrating real -
time sensing technologies with predictive analytics significantly improves transporta-
tion efficiency and reduces passenger waiting times. However, the study primarily con-
centrated on system monitoring rather than developing comprehensive machine learn-
ing forecasting models capable of predicting future passenger demand.

Urban transportation quality has also been extensively investigated through public
perception studies. Alegre analyzed the quality of life in Lima and reported that public
transportation remains one of the most significant concerns among residents. Survey
results indicated that a large proportion of commuters expressed dissatisfaction with
transportation efficiency, service quality, and travel convenience. The research empha-
sized that improving transportation planning requires accurate estimation of passenger
demand across different locations and time intervals. Although the study did not imple-
ment predictive algorithms, it clearly established the necessity for intelligent forecast-
ing systems capable of supporting effective transportation management.
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Recognizing the importance of machine learning, Lv et al. developed the Passenger
Flow Prediction based on XGBoost and Points of Interest (PFP-XPOI) model for Bei-
jing's urban transportation network. Their framework combined smart card transaction
records with geographical points of interest to estimate passenger boarding and alight-
ing volumes. The XGBoost algorithm successfully captured nonlinear relationships
among multiple transportation variables and produced higher prediction accuracy than
several conventional forecasting techniques. The authors also observed that incorporat-
ing spatial information significantly improved passenger flow prediction, demonstrat-
ing the importance of combining geographical characteristics with temporal travel be-
havior.

Similarly, Zou et al. proposed an interpretable XGBoost-based passenger flow pre-
diction model using smart card data collected from connected public bus systems. Their
research incorporated factors such as peak-hour traffic, route characteristics, and tem-
poral travel patterns into the learning process. Experimental evaluation demonstrated
that the optimized XGBoost model achieved higher forecasting accuracy than baseline
machine learning algorithms while simultaneously providing greater model interpreta-
bility. The study emphasized that temporal characteristics, route information, and pas-
senger mobility behavior are among the most influential factors affecting transportation
demand prediction.

Deep learning techniques have also been applied to passenger flow forecasting. Li
et al. introduced the Joint-1F hybrid framework for predicting passenger transfers be-
tween subway and bus systems in Shenzhen, China. Their methodology combined deep
neural networks with matrix factorization to estimate transfer passenger flow using
smart card records and external contextual information such as bus routes, station den-
sity, and population distribution. The proposed hybrid architecture demonstrated supe-
rior prediction performance compared with traditional forecasting algorithms by effec-
tively learning latent interactions among transportation variables. Despite its excellent
predictive capability, the model required extensive computational resources and large
training datasets, making practical deployment more challenging in resource-con-
strained transportation systems.

Another important contribution was presented by Utku and Kaya, who compared
multiple machine learning algorithms, including k-Nearest Neighbor (KNN), Linear Re-
gression (LR), Support Vector Machine (SVM), Random Forest (RF), XGBoost, and
Multi-Layer Perceptron (MLP) for forecasting passenger transfer demand within Istan-
bul's transportation network. Their comparative analysis demonstrated that the Multi-
Layer Perceptron model consistently achieved higher prediction accuracy than the re-
maining algorithms. The study concluded that nonlinear machine learning techniques
possess greater capability for modeling complex passenger movement patterns than tra-
ditional regression-based methods. However, deep neural networks required longer
training times and greater computational resources than simpler machine learning mod-
els.
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Recent research has increasingly focused on ensemble learning methods for trans-
portation forecasting. Yu et al. proposed a Stacking-CatBoost framework that combines
multiple machine learning models to predict metro passenger flow in Beijing. Their
approach integrated historical passenger records with traveler behavior, train schedules,
nearby bus stations, and surrounding points of interest. Experimental evaluation re-
vealed that the proposed ensemble model outperformed standalone CatBoost and Ran-
dom Forest algorithms by achieving lower forecasting errors and better generalization
performance. The study demonstrated that incorporating individual traveler behavior
together with contextual environmental features substantially enhances forecasting ac-
curacy.

Time-series forecasting techniques remain highly relevant in transportation demand
prediction. Among these approaches, the Prophet model, developed by Taylor and
Letham, has gained widespread attention because of its ability to model trend, season-
ality, and holiday effects within temporal datasets. Prophet employs an additive fore-
casting framework that automatically adapts to changing seasonal patterns while re-
quiring minimal parameter tuning. Owing to its robustness and ease of implementation,
Prophet has become one of the most widely adopted forecasting models for transporta-
tion, finance, retail, and energy demand prediction. Its ability to capture recurring tem-
poral behavior makes it particularly suitable for metro passenger forecasting, where
daily and weekly travel patterns exhibit strong seasonality.

Traditional statistical forecasting techniques continue to play an important role in
transportation analytics. The AutoRegressive Integrated Moving Average (ARIMA)
model has been extensively employed for modeling temporal dependencies within pas-
senger demand data. ARIMA combines autoregressive components, differencing oper-
ations, and moving averages to capture sequential relationships among historical obser-
vations. Although ARIMA performs effectively for stationary time-series datasets, its
predictive capability often declines when complex nonlinear relationships or multiple
external influencing factors are present. Consequently, machine learning algorithms
frequently outperform ARIMA when forecasting highly dynamic transportation de-
mand.

I11. Research Methodology

The proposed research methodology presents a systematic machine learning frame-
work for forecasting passenger demand in urban public transportation systems using
historical metro travel data. The primary objective is to identify the most effective pre-
dictive model capable of accurately estimating passenger volume at different metro sta-
tions and time intervals. To accomplish this objective, the framework follows a struc-
tured sequence of stages that includes data collection, data preprocessing, model devel-
opment, training and testing, performance evaluation, and comparative analysis. By ap-
plying the same preprocessing strategy and evaluation criteria to all prediction models,
the proposed methodology ensures a fair and objective comparison of their forecasting
capabilities.
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The first stage involves data collection, where historical passenger information is
obtained from the official repository maintained by the Supervisory Agency for Invest-
ment in Public Transport Infrastructure (OSITRAN). The collected dataset contains
passenger records from Lima Metro Line 1, covering multiple years of transportation
activity. Each record includes important temporal and operational attributes such as
date, month, year, station name, hourly time interval, and total passenger count. The
dataset represents passenger movements across all twenty-six metro stations, providing
sufficient information to analyze travel behavior under various operating conditions,
including weekdays, weekends, holidays, and peak travel periods. Using historical
transportation data collected from an official source improves the reliability and credi-
bility of the prediction framework.

After data acquisition, the framework proceeds to the data preprocessing stage,
which prepares the raw transportation records for machine learning analysis. Initially,
passenger datasets collected from multiple years are merged into a unified database to
create a continuous historical record. The integrated dataset is then examined to identify
missing values, duplicate records, and inconsistencies that could negatively affect pre-
diction performance. Incomplete entries are removed, while data formatting is stand-
ardized to ensure consistency across all variables. The separate date and time range
fields are subsequently combined into a single datetime attribute, allowing the forecast-
ing models to capture temporal relationships more effectively. Finally, passenger
counts are aggregated according to station, date, and hourly interval, producing the final
dataset used for model development. This preprocessing pipeline significantly im-
proves data quality and establishes a consistent input structure for every forecasting
algorithm.

IV. The Current System

Existing passenger demand prediction systems mainly rely on conventional statisti-
cal forecasting methods and basic machine learning algorithms to estimate the number
of passengers using historical transportation records. Commonly adopted techniques
include Linear Regression, Decision Tree, Random Forest, AutoRegressive Integrated
Moving Average (ARIMA), and other time-series forecasting models. These methods
analyze historical passenger counts together with temporal information such as date,
time, and station to generate future demand estimates. Although these approaches pro-
vide acceptable forecasting performance under stable operating conditions, they often
experience difficulties when modeling the complex temporal patterns and dynamic
travel behavior observed in modern urban transportation systems.

Most existing systems begin by collecting historical passenger information from
transportation databases and performing basic preprocessing operations such as data
cleaning, missing value removal, and formatting. After preprocessing, machine learn-
ing or statistical forecasting algorithms are trained using historical passenger counts to
estimate future demand. While this workflow is widely used, many existing models
treat temporal information as simple numerical variables and fail to capture long-term
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seasonal trends, recurring travel patterns, and abrupt fluctuations caused by weekdays,
weekends, holidays, or peak travel hours. As a result, prediction accuracy decreases
when passenger demand exhibits complex nonlinear behavior across different stations
and time intervals.

Traditional regression-based techniques, particularly Linear Regression, assume a
linear relationship between input variables and passenger demand. Although these
models are computationally efficient and easy to implement, they cannot effectively
represent the nonlinear interactions that naturally occur in transportation systems. Sim-
ilarly, Decision Tree models provide interpretable decision rules and fast prediction
speed but are prone to overfitting and often produce unstable forecasting results when
passenger movement patterns become highly variable. Random Forest reduces overfit-
ting by combining multiple decision trees; however, its prediction accuracy remains
dependent on dataset characteristics and usually requires higher computational re-
sources during model training.

Time-series forecasting techniques such as ARIMA have also been extensively ap-
plied for passenger demand estimation because they model historical observations us-
ing autoregressive and moving-average components. These models perform reasonably
well when passenger demand follows stable seasonal trends, but their forecasting capa-
bility declines when travel patterns become highly dynamic or are influenced by mul-
tiple external factors. Furthermore, ARIMA generally requires careful parameter tuning
and longer execution times, making it less suitable for large-scale transportation da-
tasets requiring frequent forecasting updates.

V. The Suggested System

The proposed system introduces an intelligent machine learning framework for ac-
curately forecasting passenger demand in urban public transportation by evaluating
multiple predictive algorithms under a unified experimental environment. Unlike con-
ventional forecasting approaches that rely on a single prediction technique, the pro-
posed framework compares the performance of Prophet, Linear Regression, Random
Forest, Decision Tree, and AutoRegressive Integrated Moving Average (ARIMA) us-
ing the same historical passenger dataset, preprocessing procedures, and evaluation
metrics. This comprehensive strategy enables the identification of the most reliable
forecasting model while ensuring fairness throughout the comparative analysis. The
proposed system is designed to improve prediction accuracy, support transportation
planning, and enhance operational efficiency within metro transportation networks.

The framework begins with the acquisition of historical passenger records collected
from the OSITRAN transportation database, which contains detailed information re-
garding passenger movement across all stations of Lima Metro Line 1. The dataset in-
cludes temporal attributes such as date, month, year, hourly time intervals, station in-
formation, and total passenger counts. Since transportation data collected over multiple
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years may contain inconsistencies and redundant information, the proposed system per-
forms comprehensive preprocessing before model development. Initially, passenger da-
tasets from different years are integrated into a unified database, after which missing
values, duplicate records, and formatting inconsistencies are removed. The separate
date and time attributes are merged into a single datetime feature, and passenger counts
are aggregated according to station and hourly intervals. This preprocessing stage pro-
duces a clean and standardized dataset that improves learning efficiency and forecasting
reliability.

Following preprocessing, the prepared dataset is supplied simultaneously to five
forecasting algorithms. Prophet is employed as the primary time-series forecasting
model because of its ability to automatically capture long-term trends, seasonal behav-
ior, holiday effects, and recurring temporal patterns. Linear Regression establishes a
baseline prediction model by identifying linear relationships between temporal varia-
bles and passenger demand. Decision Tree constructs hierarchical decision rules that
classify passenger demand based on travel time and station characteristics, while Ran-
dom Forest combines multiple decision trees to improve prediction stability and reduce
overfitting. In addition, the ARIMA model analyzes autoregressive and moving-aver-
age relationships within historical passenger observations to generate future demand
estimates. Evaluating these diverse forecasting techniques under identical conditions
provides an objective assessment of their predictive capabilities.

V1. System Architecture
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The proposed system architecture presents a comprehensive machine learning
framework for forecasting passenger demand in urban public transportation systems.
The architecture is organized into six sequential stages that transform historical passen-
ger records into accurate demand predictions. Each stage performs a specific task, be-
ginning with data acquisition and ending with passenger demand forecasting and deci-
sion support. The integration of systematic preprocessing, multiple forecasting algo-
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rithms, standardized evaluation metrics, and comparative analysis enables the frame-
work to generate reliable predictions while identifying the most suitable forecasting
model for intelligent transportation management.

The first stage of the architecture is data collection, where historical passenger in-
formation is obtained from the official OSITRAN database containing operational rec-
ords for Lima Metro Line 1. The collected dataset includes passenger counts recorded
between 2022 and 2024, together with temporal and operational attributes such as date,
time interval, station name, and total passenger volume. These historical records repre-
sent passenger movement across all metro stations during different operating condi-
tions, including weekdays, weekends, holidays, and peak travel periods. Using authen-
tic transportation data provides a reliable foundation for developing accurate forecast-
ing models and ensures that the prediction framework reflects real-world passenger be-
havior.

Following data acquisition, the framework proceeds to the data preprocessing stage,
where the raw transportation records are prepared for machine learning analysis. Ini-
tially, passenger datasets collected over multiple years are integrated into a single uni-
fied database to establish a continuous historical timeline. The combined dataset is then
examined to identify and remove missing values, duplicate entries, and formatting in-
consistencies that could negatively influence prediction performance. Subsequently,
the separate date and time interval attributes are merged into a single datetime feature,
allowing the forecasting algorithms to capture temporal relationships more effectively.
Finally, passenger counts are aggregated according to station, date, and hourly interval,
producing a standardized dataset suitable for model training. These preprocessing op-
erations improve data consistency, reduce noise, and significantly enhance the learning
capability of the prediction models.

After preprocessing, the processed dataset is supplied to the model development and
training stage, which forms the core of the proposed architecture. Five forecasting al-
gorithms—Prophet, Linear Regression, Random Forest, Decision Tree, and Auto-
Regressive Integrated Moving Average (ARIMA)—are implemented under identical
experimental conditions. Each algorithm analyzes historical passenger movement pat-
terns to learn the relationship between temporal variables and passenger demand.
Prophet is specifically designed for time-series forecasting and automatically captures
long-term trends, seasonal effects, and recurring travel patterns. Linear Regression es-
tablishes linear relationships among variables, while Decision Tree constructs hierar-
chical decision rules for demand estimation. Random Forest improves prediction sta-
bility by combining multiple decision trees, whereas ARIMA models autoregressive
temporal dependencies based on historical observations. Evaluating multiple forecast-
ing techniques within the same framework enables an objective comparison of their
predictive capabilities.

The next component is the training and testing stage, where the prepared dataset is
divided into separate subsets for learning and evaluation. Approximately 80% of the
historical records are allocated for model training, allowing each forecasting algorithm
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to identify underlying travel patterns and demand variations. The remaining 20% of the
dataset is reserved for testing, enabling unbiased validation of model performance using
previously unseen passenger records. This partitioning strategy ensures that the devel-
oped forecasting models generalize effectively rather than simply memorizing histori-
cal observations, thereby improving their applicability to future transportation demand
prediction.

Once model training is completed, the framework enters the model evaluation stage,
where forecasting performance is assessed using three widely accepted statistical
measures. Root Mean Squared Error (RMSE) evaluates the magnitude of prediction
errors by assigning greater importance to larger deviations. Mean Absolute Error
(MAE) measures the average absolute difference between predicted and actual passen-
ger counts, providing a straightforward indication of forecasting accuracy. The coeffi-
cient of determination (R?) determines how effectively each model explains the varia-
tion in passenger demand. These performance metrics provide complementary infor-
mation regarding forecasting precision, enabling objective comparison among all im-
plemented machine learning and time-series models. The evaluation process also con-
siders execution time to analyze computational efficiency alongside prediction accu-
racy.

VII. Summary

This research presented a comprehensive machine learning framework for forecast-
ing passenger demand in urban public transportation systems through the comparative
evaluation of multiple forecasting techniques. The proposed methodology integrated
systematic data collection, comprehensive preprocessing, model development, training,
evaluation, and comparative performance analysis into a unified prediction framework.
Historical passenger records collected from Lima Metro Line 1 were utilized to train
and evaluate five forecasting models, namely Prophet, Linear Regression, Random For-
est, Decision Tree, and AutoRegressive Integrated Moving Average (ARIMA). By ap-
plying identical preprocessing procedures and evaluation criteria to every model, the
proposed framework ensured a fair comparison while identifying the most reliable al-
gorithm for passenger demand prediction. The use of standardized performance
measures, including Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and the coefficient of determination (R?), enabled a comprehensive assessment of fore-
casting accuracy and model robustness.

Experimental analysis demonstrated that the Prophet forecasting model consistently
outperformed the remaining prediction algorithms by producing the lowest RMSE,
lowest MAE, and the highest R2 value, indicating its superior capability for modeling
temporal passenger demand patterns, seasonal variations, and long-term travel trends.
Although Linear Regression and Decision Tree required comparatively lower compu-
tational time, their prediction accuracy was lower than that achieved by Prophet. Simi-
larly, Random Forest and ARIMA generated satisfactory forecasting results but were
less effective in capturing the complex temporal characteristics present in the metro
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passenger dataset. These findings confirm that selecting an appropriate forecasting al-
gorithm plays a crucial role in improving the reliability of passenger demand estimation
and supporting intelligent transportation management.

Overall, the proposed framework provides an accurate, scalable, and computation-
ally efficient solution for passenger demand forecasting in modern public transportation
systems. By integrating advanced data preprocessing with comparative machine learn-
ing and time-series forecasting techniques, the system offers reliable decision support
for transportation authorities in optimizing train scheduling, improving passenger flow
management, allocating operational resources efficiently, and reducing congestion dur-
ing peak travel periods. The modular architecture of the framework also enables adap-
tation to other urban transportation networks, including metro, railway, and bus sys-
tems. Consequently, the proposed methodology represents a practical and effective ap-
proach for developing intelligent transportation systems that enhance service quality,
operational efficiency, and long-term urban mobility planning while supporting future
smart city initiatives.
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