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Abstract

The rapid growth of bike-sharing systems in urban environments necessitates
efficient operations to meet user demand and optimize resource allocation. This
article examines the forecasting methods employed by Citi Bike in New York
City to enhance operational efficiency. By leveraging time series analysis,
machine learning algorithms, and real-time data, Citi Bike can predict demand
patterns, optimize bike redistribution, and improve user satisfaction.
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Introduction

Bike-sharing programs have become a vital component of urban transportation,
providing a sustainable, accessible, and efficient alternative for short-distance
travel in cities worldwide. As more people turn to cycling for their daily
commutes and leisure activities, these systems have helped reduce traffic
congestion, lower greenhouse gas emissions, and promote healthier lifestyles. In
densely populated urban environments like New York City, bike-sharing offers
a practical solution to the challenges of mobility, integrating seamlessly with
other forms of public transportation such as subways and buses. One of the most
successful implementations of this concept in the United States is Citi Bike,
New York City’s largest bike-sharing system, which has grown rapidly since its
inception.

Despite its success, Citi Bike faces significant operational challenges,
particularly in balancing the supply of bicycles with the demand at various
stations across the city’s expansive network. Accurate demand forecasting is
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essential to the system’s overall efficiency, ensuring that bikes are available
when and where they are needed while also preventing overcrowded stations
where returned bikes have no available docks. This is crucial for maintaining
user satisfaction and optimizing the operation of the network. Failure to manage
supply and demand effectively can lead to station imbalances, where bikes pile
up in certain locations while other areas experience shortages, undermining the
convenience and reliability of the system.

Accurate demand forecasting also plays a key role in operational decision-
making, affecting bike redistribution logistics, maintenance scheduling, and
infrastructure development. Redistribution involves moving bikes between
stations to meet anticipated demand, a task that requires considerable planning
and resource allocation. Maintenance scheduling depends on knowing when and
where bikes are likely to be used, enabling timely servicing that avoids
disruption. As the program continues to expand, understanding usage patterns
can inform decisions about where to build new stations or expand existing ones
to meet growing demand.

Forecasting Challenges in Bike-Sharing Systems

Forecasting demand in a bike-sharing system is a complex task influenced by
multiple factors. Understanding and predicting usage patterns requires
accounting for a range of variables that fluctuate over time and space. The
following key challenges highlight the difficulty of demand forecasting in bike-
sharing programs like Citi Bike:

v Temporal Variability

o One of the primary challenges in forecasting demand is the inherent
temporal variability in bike usage. Bike-sharing demand fluctuates
dramatically across different times of the day, week, and year. For
example, peak demand often occurs during weekday rush hours when
commuters are traveling to and from work. Similarly, demand patterns
shift between weekdays and weekends, with different behaviors driven
by recreational or leisure riders on weekends compared to the more
structured commuter patterns of weekdays. Seasonal changes further
complicate demand forecasting, as bike usage typically declines in
colder months and increases during warmer seasons. Capturing these
temporal variations is critical for accurate forecasting.
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v' Spatial Distribution

o Demand for bike-sharing services is unevenly distributed across
neighborhoods and geographic areas. Certain locations, particularly
those near business districts, tourist attractions, or transportation hubs,
experience consistently high demand, while residential areas may see
more sporadic usage. Moreover, neighborhoods with different
socioeconomic characteristics may exhibit different patterns of bike
use, influenced by factors such as access to alternative transportation,
cycling infrastructure, or the availability of safe biking routes.
Forecasting models must therefore account for the spatial
heterogeneity in demand, recognizing that not all areas of a city will
require the same level of service.

v' External Influences

o External factors such as weather conditions, public events, and
disruptions in other modes of transportation further complicate
demand forecasting. Weather is a particularly significant variable, as
bike usage tends to decrease in adverse conditions such as rain, snow,
or extreme heat, while it increases on mild, sunny days. Similarly,
events like concerts, parades, or city-wide festivals can cause sudden
spikes in demand at specific locations. Additionally, disruptions in
public transportation, such as subway delays or closures, can lead to
increased bike-sharing usage as commuters seek alternative ways to
reach their destinations. Effective forecasting models must be dynamic
and capable of responding to these external influences to provide
accurate predictions.

Given these challenges, Citi Bike’s operational efficiency depends heavily on
the development and implementation of sophisticated forecasting models that
can predict demand with high accuracy. These models must not only account
for regular temporal and spatial patterns but also integrate external variables
such as weather and special events to adjust forecasts dynamically. Improving
the accuracy of demand forecasting is critical to addressing station imbalances,
ensuring user satisfaction, and optimizing resource allocation for bike
redistribution and maintenance.

In this study, we aim to analyze the effectiveness of different predictive models
for forecasting bike-sharing demand, focusing on their ability to account for the
unique temporal, spatial, and external factors that influence bike usage in New
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York City. By comparing various approaches, including statistical models and
machine learning techniques, we seek to provide insights into how Citi Bike and
similar bike-sharing systems can improve their demand forecasting capabilities
to enhance service delivery and operational efficiency.

Methodology

The methodology for this study focuses on the collection, preprocessing, and
analysis of data related to Citi Bike usage in New York City, utilizing both
traditional time series models and advanced machine learning algorithms for
demand forecasting. The overarching goal is to develop a robust framework for
accurately predicting bike demand, while incorporating real-time data to
enhance the operational efficiency of Citi Bike’s bike-sharing system.

Data Collection and Preprocessing

Citi Bike collects a vast amount of data on a daily basis, which includes a
variety of trip, environmental, and external data that are critical for forecasting
demand. The following types of data were used in this study:

¢ Trip Data

o Citi Bike's trip data captures key information about each bike rental,
including the start and end stations, trip duration, timestamps for the
beginning and end of each trip, and user demographics (e.g., gender,
age, membership status). This granular data is essential for
understanding spatial and temporal patterns in bike usage, such as
peak demand times at certain stations or differences in usage between
weekdays and weekends.

< Environmental Data

o Weather conditions, including temperature, precipitation, humidity,
and wind speed, play a significant role in influencing bike-sharing
demand. Citi Bike incorporates environmental data from sources such
as meteorological agencies to analyze how weather impacts usage
patterns. For example, colder temperatures or rainy weather tend to
reduce the number of bike trips, while pleasant weather conditions can
significantly boost demand.
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+» External Data

o External factors, such as public events (concerts, parades), holidays,
and public transportation disruptions, are also included in the data
collection process. Events that attract large crowds often lead to
localized spikes in demand, while disruptions in subway or bus
services can cause commuters to rely more heavily on bike-sharing
systems. This data is sourced from public event calendars,
transportation schedules, and news reports.

Data Preprocessing

The raw data collected from these sources must undergo several preprocessing
steps before it can be used for analysis. These steps are critical to ensuring the
accuracy and reliability of the predictive models:

> Data Cleaning

o The cleaning process involves handling missing or incorrect entries,
such as incomplete trip records or errors in timestamp data. Missing
weather data, for example, is imputed using techniques like
interpolation, while any outliers that may skew the results (e.g.,
unusually long or short trips) are either corrected or removed.

» Normalization
To ensure that all data points are on comparable scales, normalization
techniques are applied to variables such as temperature, trip duration, and
station capacity. This is especially important when feeding data into machine
learning models, as these models are sensitive to differences in scale and can
produce biased results if variables are not standardized.

» Handling Missing Values

o Missing data points, especially in external factors such as weather or
transit disruptions, can lead to inaccurate predictions. Various
imputation methods are used to handle missing values, including mean
imputation for continuous variables or forward/backward filling for
time series data. In cases where data cannot be imputed, those records
are excluded from the analysis.
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Time Series Analysis

For analyzing temporal patterns in bike demand, time series models are
particularly useful, as they are designed to capture dependencies over time. This
study utilizes the following time series approaches:

1. ARIMA (AutoRegressive Integrated Moving Average) Models

ARIMA models are employed to analyze and predict short-term demand
based on historical trip data. These models are well-suited for time series
data with temporal dependencies, such as Citi Bike’s hourly or daily
usage patterns. ARIMA captures both the autoregressive (past values
influencing future ones) and moving average (past errors influencing
future values) components, making it ideal for forecasting immediate
changes in demand.

2. Seasonal Decomposition

To better understand the long-term trends and recurring patterns in bike
demand, the time series data is decomposed into trend, seasonal, and
residual components. The Seasonal-Trend Decomposition Procedure
based on Loess (STL) is used to separate these components, allowing the
study to isolate seasonal fluctuations from the underlying trend and
random noise. This decomposition helps in identifying daily, weekly, and
seasonal patterns in bike-sharing demand.

Machine Learning Algorithms

While traditional time series models like ARIMA are effective for capturing
temporal dependencies, machine learning techniques can handle more complex,
nonlinear relationships between the variables. These models are employed to
improve the accuracy of demand predictions by incorporating multiple factors
simultaneously:

% Regression Models

o Basic linear regression models are used as a baseline to predict bike
demand based on a set of independent variables, such as weather and
trip data. More complex regression-based models, such as decision
trees, are also applied to capture interactions between variables like
time of day, station location, and weather conditions.
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+» Ensemble Methods

o Ensemble methods, including random forests and gradient boosting
machines (GBMs), are particularly useful for improving prediction
accuracy. These methods combine multiple decision trees to reduce
overfitting and handle complex, nonlinear interactions between the
input variables. Random forests work by averaging the predictions
from a set of decision trees, while GBMs focus on optimizing the
model’s performance by iteratively refining the predictions.

+* Neural Networks

o For sequential data like bike trip records, neural network architectures,
particularly Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) networks, are implemented. These models
excel at capturing long-term dependencies and patterns in time series
data, allowing the study to predict demand over longer periods.
LSTMs are designed to retain information over extended sequences,
making them ideal for analyzing the complex temporal dynamics of
bike-sharing systems.

Real-Time Forecasting

To ensure that the forecasting models are responsive to real-time changes, the
study incorporates real-time data processing and dynamic model updating:

v' Streaming Data Processing

o Real-time data from Citi Bike stations, such as bike availability and
trip counts, is ingested using streaming frameworks like Apache
Kafka. This allows for continuous updates to the forecasting models,
ensuring that the predictions remain relevant even as demand
fluctuates throughout the day.

v Dynamic Model Updating

o The machine learning models are periodically retrained with the latest
data to account for changes in patterns or external factors, such as new
public transportation schedules or changes in weather conditions. This
dynamic updating ensures that the models remain adaptive and can
provide accurate predictions even in rapidly changing environments.
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The methodology outlined combines traditional time series analysis with
advanced machine learning techniques to provide a comprehensive approach to
forecasting bike demand in Citi Bike’s system. By leveraging real-time data and
continuously updating the models, the study aims to enhance the operational
efficiency of bike-sharing systems, ensuring optimal bike redistribution and
improved user satisfaction.

Results
Implementing advanced forecasting methods has led to:

o Improved Accuracy: Machine learning models reduced forecasting error
by up to 15% compared to traditional methods.

o Optimized Redistribution: Better predictions allowed for more efficient
bike rebalancing, reducing empty or full stations.

« Enhanced User Satisfaction: Increased availability of bikes and docks
improved the overall user experience.

Discussion

Accurate demand forecasting enables Citi Bike to allocate resources more
effectively. Challenges remain in integrating external factors like sudden
weather changes or unexpected events. Future work involves:

o Integrating More Data Sources: Social media trends, real-time traffic
updates.

« User Behavior Analysis: Personalized predictions based on user habits.

o Scalable Infrastructure: Investing in cloud-based solutions for handling
large-scale data.

Conclusion

Accurate forecasting methods are crucial for the efficient operation and long-
term sustainability of bike-sharing systems like Citi Bike. By leveraging
advanced analytical techniques such as time series modeling, machine learning
algorithms, and real-time data processing, Citi Bike can significantly enhance
its ability to predict demand, ensuring that bikes and docks are available where
and when they are needed. These methods enable better management of bike
redistribution, optimize maintenance schedules, and support strategic
infrastructure expansion, ultimately improving user satisfaction. Furthermore,
accurate demand forecasting contributes to reducing operational inefficiencies
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and minimizing unnecessary trips for bike relocation, which in turn supports
sustainability goals by lowering the system’s carbon footprint. As cities
increasingly rely on bike-sharing programs to reduce traffic congestion and
promote eco-friendly transportation, the integration of advanced forecasting
models will help Citi Bike adapt to changing urban mobility patterns and play a
critical role in the future of sustainable city living.
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