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The landscape of urban mobility is undergoing a radical transformation driven by the proliferation of big data and

the increasing necessity for real-time operational agility. For public transport operators, the ability to anticipate

passenger demand with high precision—specifically within short-term windows ranging from fifteen minutes to

several hours—is no longer a luxury but a fundamental requirement for service optimization. Short-term ridership

prediction allows for dynamic fleet management, the mitigation of overcrowding, and enhanced passenger

information systems. This comprehensive analysis explores the technical frameworks, data processing

methodologies, and advanced algorithmic models, such as Long Short-Term Memory (LSTM) and Convolutional

Neural Networks (CNN), that define the current state of the art in transit forecasting.

The Criticality of Short-Term Forecasting in Urban Transit

Short-term forecasting differs significantly from long-term strategic planning. While long-term models focus on 

demographic shifts and infrastructure development over years, short-term models address the immediate 

fluctuations caused by weather, local events, and unexpected system disruptions. The primary objective is to 

provide public transport operators (PTOs)with actionable insights to perform 'what-if' analyses. For instance, if a

major sporting event concludes or if a sudden rainstorm begins, how will the passenger load across a specific tram

or bus network change within the next hour?

The shift toward data-driven approaches has been facilitated by the maturation of Automatic Fare Collection 

(AFC) systems and Automatic Passenger Counting (APC)technologies. These systems generate vast amounts

of granular data that, when processed correctly, reveal the latent patterns of urban movement. By converting raw

transaction logs into passengers-per-interval metrics, operators can move from reactive scheduling to proactive

demand management.

The Hierarchy of Transit Data Collection

Effective prediction models rely on a structured data ecosystem. Research by Van Oort (2015) identifies a three-

level hierarchy for data storage and processing within a public transport operator's infrastructure:

•  Level 1: Edge Devices: These are the physical hardware units, such as smart card readers on buses or at 

metro turnstiles. They capture the raw interaction between the passenger and the system.

•  Level 2: Intermediate Storage: Often located at a bus garage or local server, this level provides temporary 

storage and initial data cleaning before transmission to the central hub.

•  Level 3: Central Processing: The central system where data from the entire network is aggregated, integrated 

with external variables (like weather and schedules), and fed into predictive algorithms.

Theoretical Framework: Elastic Demand and Service Levels

A core challenge in ridership prediction is the relationship between service supply and passenger demand. 

Traditional models often assumed fixed demand, meaning that changes in bus frequency wouldn't necessarily 



change the number of people wanting to ride. However, modern research emphasizes elastic demand models. In

these frameworks, the level of service (e.g., frequency, comfort, and reliability) realistically affects the propensity of

individuals to use public transport.

Comfort level is a critical but often overlooked variable. It is intrinsically linked to the load factor of a vehicle. If a

prediction model indicates that a bus will be at 95% capacity, the perceived cost of travel for a passenger

increases, potentially shifting demand to a later time or an alternative mode. Advanced short-term models now

incorporate these feedback loops to provide a more realistic simulation of future use.

Algorithmic Architectures for Ridership Prediction

The transition from simple historical averages to complex machine learning has been driven by the non-linear

nature of transit data. Traditional statistical methods, such as ARIMA (AutoRegressive Integrated Moving Average),

often struggle with the high volatility of urban transport. This has led to the adoption of Deep Learning architectures.

1. Long Short-Term Memory (LSTM) Networks

LSTM is a specialized form of Recurrent Neural Network (RNN)designed to overcome the vanishing gradient

problem, making it exceptionally well-suited for time-series data. In the context of bus ridership, an LSTM model

can 'remember' the ridership trends from the previous three hours (short-term) while also accounting for the

broader weekly patterns (long-term).

The LSTM architecture consists of three main gates:

•  Forget Gate: Decides what information from the previous state should be discarded.

•  Input Gate: Determines which new information will be stored in the cell state.

•  Output Gate: Controls what part of the current cell state will be output to the next hidden state.

By processing smart card data through an LSTM, researchers have successfully predicted passenger loads for

multiple operators simultaneously, maintaining high accuracy even during peak-hour transitions.

2. Convolutional Neural Networks (CNN)

While CNNs are typically associated with image processing, they are increasingly used in transport for spatial-

temporal feature extraction. In a metro system, stations are not independent entities; they are nodes in a

connected graph. A CNN can treat the entire transit network as a grid or a graph, identifying spatial correlations—

such as how a delay at a central station cascades to suburban stations.

3. Hybrid CNN-LSTM Models

The most robust modern approaches often utilize hybrid models. These systems use a CNN layer to extract spatial 

features from the transit network and then feed those features into an LSTM layer to handle the temporal 

dependencies. This dual-pronged approach is particularly effective for Short-Term Metro Ridership Prediction

during unplanned events, where both the location and the duration of the disruption must be analyzed in real-time.

The Impact of External Variables: Weather and Events

Ridership is not a closed system. It is heavily influenced by exogenous factors. Recent studies (Farahmand, 2023) 

have demonstrated that incorporating weather data—such as precipitation levels, temperature, and wind speed—

significantly reduces the Mean Absolute Percentage Error (MAPE) of prediction models.



Factor Impact on Ridership Data Source Model Integration Method

Precipitation High (Increase in short-
distance bus use, decrease 
in walking/cycling)

Meteorological APIs Categorical input (Rain/No 
Rain)

Large Scale Events Extreme (Localized spikes 
at specific stations)

City Event Calendars One-hot encoding / Event 
weightings

Temperature Moderate (Extremes drive 
users toward climate-
controlled transit)

Sensors/Weather Services Numerical normalization

Unplanned Events Volatile (Sudden drops or 
redistribution of flow)

Social Media/Operator Logs Event impact 
representation layers

Technical Implementation Workflow

Building a short-term ridership prediction system requires a rigorous engineering pipeline. Below is the standard

procedural execution for developing an LSTM-based forecasting tool:

Phase 1: Data Ingestion and Denoising

Raw smart card data often contains noise, such as duplicate taps, failed transactions, or technical errors in GPS 

logging. Denoisinginvolves filtering these outliers to ensure the model learns from valid passenger movements.

The data must be aggregated into fixed intervals (e.g., 5-minute, 15-minute, or 30-minute buckets).

Phase 2: Feature Engineering

Beyond raw counts, features must be engineered to provide context to the model. This includes:

•  Temporal Features: Time of day, day of the week, holiday status.

•  Lag Variables: Ridership values from $t-1, t-2, ... t-n$ intervals.

•  Moving Averages: To smooth out extreme but temporary fluctuations.

Phase 3: Model Configuration and Training

This involves selecting the hyperparameters for the neural network. For an LSTM, this includes the number of 

hidden layers, the number of neurons per layer (often ranging from 50 to 200), and the dropout rate (to prevent 

overfitting). The model is typically trained using Backpropagation Through Time (BPTT) with an optimizer like

Adam or RMSprop.

Phase 4: Validation and Error Metrics

The model's performance is evaluated against a hold-out test set using metrics such as:

•  Root Mean Square Error (RMSE): Penalizes larger errors more heavily.

•  Mean Absolute Error (MAE): Provides a direct average of the prediction error.

•  R-Squared ($R^2$): Indicates how well the model explains the variance in the data.

Comparative Analysis of Prediction Models

Transit agencies must choose the model that best fits their computational resources and data quality. The following

table provides a comparison of the most common methodologies used in short-term forecasting.



Model Type Computational 
Complexity

Accuracy (Dynamic 
Conditions)

Primary Strength

ARIMA / SARIMA Low Low-Medium Predictability in stable, 
routine patterns.

Random Forest Medium Medium-High Handles non-linear 
relationships and 
categorical data well.

Vanilla LSTM High High Superior at capturing long-
term temporal 
dependencies.

CNN-LSTM Hybrid Very High Extreme Best for complex networks 
with high spatial-temporal 
correlation.

Elastic Demand (Statistical) Low-Medium Variable Excellent for 'what-if' policy 
and service change 
analysis.

Case Studies: Unplanned Events and Network Resilience

A major focus of current research is the resilience of prediction models during disruptions. When a metro line

is suspended due to a technical fault, passengers do not simply disappear; they migrate to parallel bus routes or

alternative stations. Traditional models fail in these scenarios because they rely too heavily on historical 'normal'

days.

Advanced studies (2021) utilize Event Impact Representation. By encoding the nature of a disruption (e.g.,

'Partial Closure' or 'Station Bypass'), deep learning models can predict the redistribution of the passenger load.

This allows operators to dispatch 'bridge buses' to the exact locations where demand is surging, rather than relying

on a fixed emergency plan. For example, during a metro disruption in a major city, a data-driven approach allowed

for the adjustment of bus frequencies in real-time, reducing station platform crowding by an estimated 22%

compared to standard contingency plans.

Operational Challenges and Solutions

Despite the technical advancements, implementing these models in a real-world production environment presents

several challenges.

Data Latency

For a model to provide 'short-term' predictions (e.g., for the next 15 minutes), the data from the buses must reach 

the central server almost instantaneously. Solution:Implementation of 5G-enabled IoT gateways on transit

vehicles to reduce Level 1 to Level 3 latency to sub-second intervals.

Concept Drift

Urban travel patterns are not static. A new shopping mall, a change in office-work culture (like the shift to hybrid 

work), or a new bike-share program can change the underlying data distribution. Solution: Implementing Online 

Learning, where the model is continuously updated with the most recent data packets, rather than being trained



once every few months.

Interoperability

Many PTOs use equipment from different vendors that may not share data formats. Solution: Adopting universal 

data standards such as GTFS (General Transit Feed Specification)  and GTFS-Realtimeto ensure a unified data

stream for the predictive engine.

Synthesizing the Future of Transit Intelligence

The transition toward highly accurate, short-term ridership prediction is a cornerstone of the 'Smart City' vision. By

integrating deep learning models like LSTM and CNN with a robust data collection ecosystem, public transport

operators can transcend traditional limitations. These tools offer a dual benefit: they provide the operational

efficiency required to reduce costs and the service reliability necessary to make public transport a more attractive

option for citizens.

As we move forward, the integration of Multi-Modal Data—incorporating ride-sharing, micro-mobility, and

pedestrian flows—will further refine these models. The goal is a holistic urban operating system capable of

sensing, predicting, and responding to the pulse of the city in real-time. Operators who embrace these technical

frameworks today will be the ones defining the efficiency and sustainability of urban mobility for the next generation.
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