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Mining Heterogeneous Spatial-temporal Data with Graph Neural Network to 

Support Smart City Management 

 

Abstract 

 

Daily life in urban areas is challenged by the increasing population of cities with limited resources 

and services. Widespread adoption of the Internet of Things, machine learning, and big data 

technology makes it possible to monitor and manage resources efficiently in smart cities. Smart 

city applications are trying their best efforts to combine and utilize all heterogeneous big data 

resources generated by IoT sensors to build management systems and provide intelligent and high-

quality services in areas such as public transportation, sustainable resource management, and 

quality of life for users. An intelligent transportation system is a significant application in smart 

cities to provide innovative services and enable users to make safer and more convenient use of 

public transportation networks by storing, visualizing, and managing Spatial-temporal data to 

model and solve real-world public traffic problems. Towards this end, this dissertation aims to 

address the challenges in processing, representing, and mining large-scale heterogeneous Spatial-

temporal data by collaborating key techniques like big data analytics, network analysis, and deep 

learning. More specifically, I first explore how to collect and process all possible heterogeneous 

public data that could help model Spatial-temporal data in the public transportation system. Then, 

I design a novel three-level prediction model to predict the pick-up and drop-off demand in a bike-

sharing system combining machine learning and network analysis technologies. Finally, I extend 

the work to a general traffic flow prediction problem and demonstrate a deep learning graph neural 

network model to extract high-level data representations to improve prediction performance. 
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The dissertation explores the general applications in smart city management system applications 

and focuses on the intelligent transportation system domain. For intelligent transportation systems, 

mobility prediction is important for providing high-quality services like reducing delays and 

waiting times, improving travel conditions, and ensuring a safe and clean environment. The bike-

sharing system is introduced to public transportation systems as a solution for those purposes in 

recent decades and is becoming more and more popular in large smart cities. In the first essay, I 

explore the feature of Spatial-temporal data in public transportation systems and generate tools to 

help store, visualize and manage data in the public transportation system. In the second essay, I 

design a three-level prediction model to predict the whole system level bike demand, station level 

pick-up demand, station level drop-off demand in bike-sharing systems. Three-level prediction 

model could give the city manager insight to understand the overall usage trend and help to design 

a rebalancing strategy in the future based on station-level detailed prediction results. At last, the 

research problem is extended to a general inflow and outflow mobility problem in transportation. 

I design a graph neural network algorithm to better represent the dynamic Spatial-temporal features 

in real-world transportation and achieve higher prediction accuracy compared with the result from 

the three-level prediction model in the second essay. Through this dissertation, I show a general 

framework to manage and store data in public transportation in an efficient way. The bike-sharing 

system is the latest introduced alternative public transportation system and I propose different 

models to represent the features and predict the public mobility pattern based on the real-world 

heterogeneous dataset. The mobility pattern prediction result could be converted into decision-

making actions for city managers in future intelligent transportation systems design such as traffic 

facility planning, traffic intervention design, and resource allocation design. 
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Chapter 1: Introduction 

1.1 Smart City Applications, Technologies, and Challenges 

 

A smart city is a modem urban area that combines different technologies and integrates all types 

of IoT sensor data collected to manage, monitor, and analyze transportation systems, supply 

networks, waste disposal and recycling, public health and safety, smart grid, education, and other 

community services. Smart city applications could be categorized into different domains based on 

different rules. For instance, smart city domains could be separated into business-related domains, 

citizen-related domains, environment-related domains, and government-related domains based on 

the main concerning entities (Zubizarreta, et al. 2016). Other experts divide smart city domains 

into smart governance, smart living and infrastructures, smart mobility and transportation, smart 

economy, smart industry and production, smart energy, smart environment, and smart healthcare 

based on the application field and service type (Anthopoulos, L. G. 2015). Recent survey literature 

simplified smart city research domains into smart people, smart economy, smart governance, smart 

mobility, smart environment, and smart living (Kirimtat et al. 2020). People are the main users of 

smart city infrastructures and services, in addition, people in a smart city are connected and 

communicated with each other to generate and exchange information in their daily activities. In 

this case, smart people act as an important role in smart city cycling route not only benefit but also 

contribute a lot by providing crucial information to the system. Smart economy deals with smart 

business and mobile commerce and privacy concerns of the citizens when using the mobile 

commerce platform. Smart government is the main manager of smart city to provide all related 

facilities and services and make policies. Smart government should consider efficiency, 



 11 

effectiveness, transparency, and collaboration when designing policies, building infrastructures, 

and interacting with citizens. Smart Mobility or transportation covers all challenges in urban traffic 

management by using modern technologies like cloud computing, wireless communication, 

computer vision, and other tools to satisfy citizens' mobility demands. Smart mobility needs to 

monitor the traffic condition in real-time and be able to predict the future traffic flow and design 

interventions in advance to help solve traffic congestions. The smart environment concerns 

sustainable resources such as water, air quality, energy, and waste management. These issues could 

directly affect the quality of citizens' life as more and more people are moving the large cities. 

Smart living deals with issues in education, healthcare, tourism, and public safety to improve the 

quality of life of citizens. City managers, citizens, and research institutions are working together 

to use modern technologies and design machine learning models to provide a high quality of 

service and enhance people's quality of life. The applications in each domain category could be 

increasing since we would still face new challenges in future urban daily life. 

Information and communication technologies (ICT) are widely integrated into smart city 

application domains to optimize the efficiency of infrastructure planning and management and 

public services. For government and city managers, Information and communication technologies 

allow them to monitor and interact directly with city infrastructure and design intelligent 

operations to enhance the quality and interactivity of public services to citizens. For citizens, they 

could benefit from the real-time public services provided and share their feedback to help improve 

the intelligent services. In smart living related to e-health systems, cloud computing and 

blockchain technology are implemented to satisfy stable and secure requirements (Kubendiran et 

al. 2019). All IoT-based technologies such as air quality sensors, traffic speed sensors are 
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implemented to collect real-time data to help monitor the real-time condition and develop models 

to support services to citizens and provide feedback to city managers. 

Smart city application development faces a lot of challenges when using information and 

communication technologies and IoT-based technologies. For technologies, the possible 

challenges could be related to low cost and low power communication, real-time connectivity, 

engaging citizens as co-creators and users, and so on. For IoT-based data, challenges could be 

associated with big heterogeneous data compatibility, data storage security, and privacy. A well-

designed smart city application would still face crucial challenges in robustness, interpretability, 

security, and ethical areas. Smart cities need to train different machine learning models to provide 

smart transportation, smart healthcare-related services, these models could be vulnerable to various 

attacks such as adversarial attacks, Trojan attacks, model inversion attacks, backdoor attacks, data 

poisoning attacks (Shafiq et al. 2020, Hussain et al. 2020). Building a safe and robust application 

would minimize the risk of uncertain damages and make people feel confident to use the provided 

services. When research institutes work with city managers to develop machine models, the typical 

framework would be learning from data to identify a hidden pattern and use the hidden pattern to 

make some predictions. The interpretability function would help city managers to understand the 

AI framework about the cause of the output prediction or suggestions (Guidotti et al. 2018). 

Interpretability and justification of the AI model are crucial in decision-making for city managers 

and help to gain peoples' trust in using the technology. Privacy challenges in smart city applications 

focus on ensuring the fundamental privacy of the citizens. The authorized institutions must make 

sure that the individuals' information will not be misused for any sort of personal or economic 

profit. 
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Figure 1.1: Smart City Dimensions 

In this dissertation, I focus on the research problems in the smart transportation domain and solve 

the fundamental mobility pattern prediction problem using a bike-sharing system as a special case. 

The bike-sharing system mobility pattern prediction model could be extended to any traffic flow 

prediction problem such as taxi flow, public bus flow, subway flow, pedestrian flow prediction 

when using related heterogeneous spatial and temporal pattern data with timestamps and GPS 

locations. 

1.2 Intelligent Transportation System Survey 

 

Intelligent transportation system (ITS) is the main subdomain in smart city application domains 

which aims to provide innovative services related to different approaches of transportation and 

traffic management to enable citizens with convenient, safe mobility services. Massive real-time 

mobility data are generated through IoT sensors and the dynamic changing interaction within 

public transportation infrastructure, vehicles, citizens. An intelligent transportation system would 

plan possible public transportation modes like buses, trains, bicycles, scooters and design specific 
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routes and rules to guarantee the increasing need for mobility for citizens. Using private 

automobiles is still a dominant way for urban transport, but it could cause problems like traffic 

congestion, parking issues, noise, and air pollution in urban life. Smart transportation is trying to 

solve these issues to support smart mobility using modern technologies and providing multiple 

dynamic public transportation services. 

Recent IoT technologies make it cheaper and easier to collect, monitor, and analyze real-time 

multi-source sensor data. 5G or even more advanced network communication technologies enable 

both centralized computing for data centers and distributed computing for peer-to-peer interactions. 

Vehicle-to-vehicle networks and cloud computing technologies would help to make auto-driving 

possible in future ITS (Fukatsu et al. 2019). For current ITS, traffic congestions, traffic accidents, 

and pollution issues are the most urgent challenges as the travel demands keep increasing in smart 

cities. ITS tries to integrate all IoT sensor data, communication technologies, machine learning 

models to solve the urgent challenges.  

Success ITS applications need to deal with challenges during data collection, data transmission, 

and model design and evaluation procedures. During the data collection procedure, traffic-related 

data could be collected from multiple sources like traffic sensors, video cameras and radio-

frequency identification (RFID) scanners, social media posts with time and GPS information, and 

so on. As the data volume and variety keep increasing, it would help to develop a more complex 

model to effectively use the data and improve the model accuracy and interpretability. The ITS 

will use wireless network communication technologies (4G/5G, Wi-Fi, etc.) and cloud platforms 

to transfer and store the data into their operation centers.  After integrating the heterogeneous data 

from different sources, the ITS center would try to design machine models based on the 

functionalities. For example, some applications aim to help city managers to monitor, control 
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different infrastructures and make real-time operations to ensure the efficiency and safety of 

transportation systems (Jan et al. 2019). Some applications aim to help citizens make travel plans 

like transport mode choice, route choice, and so on (Mao et al. 2018). Accurate travel time 

estimation, travel route guidance needs to send to citizens' smart mobile phones in real-time to 

help make plans. To design accurate transportation applications, understanding the dynamic 

changing mobility pattern in the smart city is crucial in building a high-quality transportation 

model. 

The final goal for ITS is to support citizens to travel inside the city with intelligent systems with 

intelligent guidance and navigation, less traffic delay and congestion, safe, cheap, and convenient 

transportation mode. Basic management systems such as smart traffic signal control systems, 

speed cameras, and automatic plate recognition systems, security CCTV systems, auto incident 

detection systems, parking guidance systems. Special regulations and interventions such as 

dedicated lanes, variable speed limits are provided by the government to solve the new coming 

traffic issues in the smart city. Evaluation measurements and citizens’ real-time feedback collected 

by designed apps are used in the monthly report to indicate and evaluate the new regulations or 

interventions. The most challenging and basic research topic in ITS is to understand, model, and 

predict the mobility pattern. The traffic flow would always be dynamic changing during different 

times and among different regions. Traffic delays and congestions are caused by the mobility 

pattern. When the city managers try to suggest interventions to alleviate traffic jams in some 

regions, new mobility patterns would be generated and might cause new traffic delays in different 

regions. Unpredictable traffic accidents or incidents could also lead to a change in mobility patterns. 

It is of great value to study, analyze and predict the mobility pattern and to provide spatial and 

temporal-based services in smart transportation. 
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1.3 Mobility Prediction Problem in Intelligent Transportation System 

 

Mobility pattern is dynamically changing based on time and regions. Mobility patterns could help 

to provide personalized travel services like travel recommendations with dynamic prices, depart 

dates, locations. Traffic flow such as bus flow, taxi flow, bike flow, and pedestrian flow are some 

common examples of mobility patterns in a smart city. A lot of travel demand and travel flow 

prediction models are designed to understand the mobility pattern. People would like to know the 

traffic condition in advance when driving and have guidance on route selection, parking space 

recommendations. Being able to predict mobility and traffic flow plays an important role to 

develop high-quality routing services for citizens. Traffic flow prediction could have a huge 

market value at the same time. Citizens of different gender or age would like to have different 

mobility patterns. Marketers could also benefit from it by analyzing peoples’ mobility behavior 

and preferences to target their potential customers. In this section, we would like to discuss the 

general data collection issues and model design issues in mobility pattern prediction research. 

IoT traffic sensor data, environment, and seasonal information, social media data are the most used 

public dataset to understand the mobility pattern in literature. The GPS trajectory data travel 

information are collected from data sources such as Cellular network data (CDR), Automated Fare 

Collection (AFC), Electronic Toll Collection (ETC), mobile phone data, social media platform et 

al. Data privacy would be an important issue to be considered when we want to collect personal 

mobile phone data and social media platform data. The data volume for GPS and travel data could 

be extremely large as all kinds of IoT sensors keep generating new data every day. Static sensors 

in stations and moving sensors on vehicles are collected to monitor the traffic condition and traffic 

flow in real-time. Data quality check and clean is also very important to ensure the mobility data 
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quality before analyzing the mobility pattern. Missing data, abnormal trajectory GPS data are 

common issues that need to be detected and cleaned to ensure the training model performance. 

Environmental and seasonal information could also be important factors related to the mobility 

pattern.  During different times of the week (morning or afternoon, weekdays or holidays) and 

different environmental conditions (rainy or sunny), people would choose different transportation 

modes and destinations. The traffic condition would be impacted by these external features. 

Considering external data sources like weather forecasts, holidays and special events in the city 

would help to refine the mobility pattern prediction model to provide more accurate performance 

in traffic conditions and travel time estimation. People’s mobile phone data could also be a good 

source to reflect the exact pedestrian flow situation, but this kind of data is hard to collect for 

privacy issues. In our research, we would mainly consider the IoT travel sensor data and 

environment information to analyze the mobility pattern.  

Traditional statistical machine learning and the latest deep learning models are implemented to 

understand and predict the mobility pattern. For example, Statistical models such as decision trees, 

Markov chain are implemented to predict the next possible trip destination based on the previously 

visited locations (Monreale et al. 2009, Liu et al. 2017). Deep learning models like RNN, CNN, 

LSTM, RBM, SAE are implemented to predict traffic flow in the giving region (Kashyap et al. 

2022, Sun et al. 2022). In general, the performance of statistical models is not as good as the 

performance of deep learning models. But the interpretability of deep learning models is still a key 

challenge as it would be hard to people to understand why and how it works. In this dissertation, 

the fundamental research problem would be how to understand, model, and predict the mobility 

pattern with heterogeneous spatial and temporal data using different models.  
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The rapid development of urbanization makes peoples’ life easy and convenient, but also generate 

remarkable challenges like traffic delay and congestion. These challenges could potentially lead 

to future issues like increasing fuel consumption and huge emission of exhaust pollution. Multiple 

Public transportation tools like subway, buses, taxis, bikes, scooters are introduced in a large city 

to help solve the traffic congestion. In our research, we decide to use the bike-sharing system to 

analyze the mobility pattern. One reason is that the bike-sharing system is a new coming alternative 

public transportation mode implemented in many large cities mainly helps to provide last mile 

solutions to citizens. The data quality would be relatively high since most bike-sharing systems 

have the latest IoT sensors and people can use their mobile apps to monitor the bike data in real-

time. Taxis, public bus data would have lower quality data compared with the bike-sharing system 

since they exist for many years, and not all public buses have equipped real-time GPS and 

passenger counter devices. Three essays are included below to discuss the general framework, 

machine learning model, and deep learning model in modeling and predicting trip demand in bike-

sharing systems. Essay 1 is about the general research framework design in an urban public 

transportation system to support decision-making. Essay 2 deals with the bike-sharing demand 

pick-up and drop-off demand prediction with a traditional statistical machine learning approach 

and temporal network analysis method. Essay 3 proposes a traffic flow prediction model using 

Graph convolution neural network and Recurrent neural network technologies to represent the 

dynamic changing spatial and temporal pattern in the bike-sharing system. 
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Chapter 2: Smart Tool Design to Support Government with Decision Making 

in Building Urban Public Transportation System 

2.1 Introduction 

Systematic tool design is significant to the development and management of smart city 

transportation. It allows city managers to better understand the impact of their decisions and design 

targeted interventions to help capture, store and manage transportation data, improve traffic 

conditions and provide high-quality services. For developing cities, the development of a smart 

and adaptable public transportation framework is an urgent need and significant challenge to 

overcome real-world traffic problems such as overcrowding and travel delays. In most developing 

smart cities, the public bus system is the most common and available traditional public 

transportation option. The public bus system operates fixed routes and schedules for citizens' daily 

life. In addition, bike-sharing systems have been implemented in many cities to provide an 

alternative low-cost environmentally friendly, and healthy public transportation. 

To improve public transportation, a comprehensive and intelligent transportation system is helpful 

for government managers to identify roads and regions that are successful, uncover zones needing 

improvement, and investigate the reasons behind these. For example, a communal question 

regarding public transportation efficiency could be whether the current transportation system 

meets the dynamic mobility needs of the citizens. To answer this question, the intelligent 

transportation system should incorporate appropriate and sophisticated indicators to measure urban 

mobility demands. As prior studies have recommended, human mobility exhibits simple and 

reproducible mobility patterns. In the context of urban transportation, a proper pattern could be 
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regularly recognized and used of certain terminals, bus stops, or zones. Another important 

component of an intelligent transportation system is providing planners with decision support.  

A major goal for municipalities implementing bike-share systems is to provide high-quality 

services to attract people to this new mode of public transportation. One of the key measures of 

quality is service availability. For a pick-up, this means bike availability, and for returns, this 

means the availability of empty bike slots. Bike share engineers need to plan on how many bikes 

must be in service at the system level, how many should be available at each station at different 

times, and how best to rebalance stations, i.e., move bikes from a station with excess bike inventory 

to a station with a need for more bikes. Bike system managers are also interested in answers to 

questions like where to place new bike stations and what capacity to plan for each station. As 

additional bike stations are built, the bike usage demand will change for different stations during 

different periods. 

Understanding users’ bike trip patterns and demands are crucial to answering those questions. This 

is a non-trivial problem for several reasons. Bike trip demand changes dynamically depending on 

the time of day, the occurrence of special events (e.g., the carnival holiday in Brazil), weather 

patterns, station status, and so on. Further, demand is usually asymmetric (e.g., one-way trips 

ending at a popular destination, or a spike in check-outs at busy times). Asymmetric trip demand 

causes rebalancing issues in bike-share systems. Without effective rebalancing, service quality 

decreases because people are faced with empty stations when they want to pick-up bikes or faced 

with full stations when they want to drop-off. This in turn causes an increase in wait times or 

requires users to change their pick-up or drop-off behavior or try and find nearby stations. This 

complex issue exists in almost all vehicle sharing systems. Bike share companies incur costs to 

use vehicles to move bikes among stations to balance availability with demand. This means there 
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is a tradeoff between rebalancing costs and maintaining optimal bike levels. Instead of eliminating 

the problem, reducing its impact is usually more cost-effective. For example, given two stations 

with no bikes, bringing bikes to the station with a higher need is more urgent. Designing a proper 

rebalancing strategy is crucial in building an efficient and sustainable bike share system. 

We develop a Big Data analytic approach, including combining multiple datasets that impact the 

bike share system, to help city planners accurately evaluate and better manage the public bus and 

bike share system. Our research is in cooperation with the city of Fortaleza in Brazil. In this essay, 

we discuss a three-layer decision support system called SMARTTRANS that is being developed 

to help government engineers improve service quality and manage the public bus and bike share 

system efficiently. The first layer includes processing traffic-related GPS data and historical trip 

data to generate measurements to measure key features like station location, travel time, and travel 

demands in public bus systems and bike-share systems. The second layer implements a novel 

network analysis module to classify stations into different communities to understand the general 

trip flow patterns of public transportation systems. The third layer provides visualization tools to 

help city managers with decision-making support for future intelligent services like dedicated lane 

intervention in the public bus system and bike rebalancing strategy in bike-sharing system. 

2.2 Related Work 

 

Traditional research on public intelligent transportation mainly focuses on the planning, operation, 

and control of smart city transport systems. These works of literature address the efficiency issues 

by observing the problem of Transit Network Design, Frequency Setting, Scheduling Problem, 

and Real-time control strategies. With the development of the Internet of Things for tracking such 

as GPS signals, passenger cards, and smartphone scans, APC (Automatic Passenger Counter), 
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AVL (Automatic Vehicle Location), and traffic sensors, the volume, and variety of urban 

transportation Spatial-temporal data has momentously amplified. This permits the use of 

Information and Communication technology to investigate real-world traffic problems. Previously 

proposed solutions are mostly developing the monitoring tools such as AVL and APC systems. 

These monitoring systems have been proposed to provide observations of parameters such as travel 

times, travel speeds, and passengers counts. However, it is still a challenge to convert these 

research findings into real-world solutions for developing cities like designing real-time control 

strategies and predicting travel conditions by resource constraints.  

A related and important area that has not received sufficient attention in the existing literature is 

the study of human mobility patterns. Prior research findings have revealed that human movement 

behaviors exhibit reproducible patterns. For example, a recent study confirms spatiotemporal 

patterns through analyzing taxi-trace datasets. We argue that transit patterns in bus systems are 

both observable and useful. Spatial (e.g., bus stop) and temporal (bus scheduling) information are 

likely to be more predictable for bus passengers (than taxi passengers). Therefore, in this study, 

we examine bus passenger patterns using both existing and new network analysis techniques to 

analyze boarding behavior. 

Past literature on bike-share systems commonly addresses research questions that can be grouped 

into two categories: bike station usage demand and bike share system rebalancing. In both cases, 

measuring bike system usage demand is a fundamental requirement for addressing the questions. 

Several approaches have been developed. For example, Ahmadreza et al. use arrival, departure, 

refill, and removal rates with a heuristic approach to measuring system usage. Jon et al. use the 

number of available bicycles in each time window ranging from 10 minutes to 120 minutes to 

measure system usage. Using the daily utilization of a bike station as the proxy for bike trip demand 
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in its service region is another approach. Research has also examined the prediction of bike system 

demand. Romain et al. compare regression methods to predict a system’s hourly usage using the 

previous day’s pick-up data and factors such as humidity, temperature, and weather information. 

A Bayesian network method to predict the availability of bikes at each station has also been 

proposed using historical bike trip data. Some of the more complex prediction models integrate 

point of interest (POI) data from open sources (e.g., Yelp, Foursquare), into models that use 

Maximum Likelihood (ML) and Artificial Neural Networks (ANN). Other prediction methods 

have used features such as bike station placement and rebalancing strategy decisions.  

One of the limitations of past research is that the impact of station status has not been studied. 

Station status is important to consider because it limits bike pickups and returns. Low average 

demand during a particular time interval at a station may not be because true demand is low but 

because the station is often out of bikes during that period (conversely returns are affected if the 

station is full). In this case, using historical demand numbers for that period for a station is not an 

accurate way to measure the true demand. To better estimate the true system usage demand, we 

introduce a general approach to measure the aggregate average hourly usage of the bike share 

system as the true demand after adjusting for periods when the bike station is full, empty, or under 

maintenance.  

Rebalancing is a major challenge for bike share systems. Previous work can be separated into two 

categories: strategies that cooperatively involve system users’ efforts and strategies that rely on 

interventions from the city or bike system management. Adish et al. come up with a crowdsourcing 

smartphone app mechanism with dynamic incentives for users that provides choices for pick-up 

or drop-off. Philipp et al. propose different control strategies to reward customers to participate in 

the balancing process without using trucks. Research looking at interventions by system managers 
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assumes they use trucks to reallocate bikes among stations. This becomes an optimization problem. 

The solutions include minimizing the number of trucks to be used while satisfying the constraints 

of bikes that must be dispatched, optimizing dispatch routes, and minimizing rebalancing costs. 

Integer programming is a commonly used algorithm to solve this kind of optimization.  

However, there are some gaps in the literature. For example, since most of the research work is 

based on public datasets of large cities (with well-established bike-share systems), there is limited 

work in monitoring and evaluating new bike-share systems to help plan for the future. Most work 

has also been limited by publicly available data. This leaves room for improvement in 

measurement and prediction quality by integrating datasets and considering new features (e.g., 

system status), and using high granularity (transaction-level) records. Another research gap we 

seek to address is using graph network analyses to better understand system usage and help in the 

rebalancing problem. 

2.3 System Design and Implementation 

 

Global development has prompted a surge in urban area development across the world. The fifth-

largest city in Brazil, Fortaleza, faces a challenge typical of cities in developing economies, of 

increasing urban mobility demands and the consequent need to manage existing transportation 

infrastructures. The city has adopted a big data approach to address issues such as delays, 

unbalancing, and overcrowding in public transportation system.  
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Our research is a cooperative effort with the city of Fortaleza. Fortaleza bike transport network 

and bike-sharing network are included in this smart transportation framework design to support 

decision-making for city managers. The public bus network serves more than 300 million trips a 

year and the bike-sharing system services around 1 million trips for bike trips. For the bus transport 

system, we design four components in our system: preprocessing, supporting calculation, analytics, 

and visualization.  

Figure 2.1 gives an overview of how these components integrate with each other and the general 

workflow of the system. Module 1 preprocesses the source GPS validation raw data and the public 

google map API data by cleaning and merging data, collect road segments information. Module 2 

supports bus trip-level information estimation and segment-level bus travel speed and time 

 

Figure 2.1: Public Bus Transport System Framework 
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calculation. The derived results are exported and stored in MySQL RDBMS. Module 3 analyzes 

the trip delay problems in bus transportation and module 4 supports visualization function with a 

web-based analysis tool. 

 

Bike share systems are becoming more and more popular in large cities like Fortaleza owing to 

their numerous benefits. These systems provide alternative public transportation to help reduce 

traffic congestion and air pollution, encourage healthy living patterns, and provide a “last-mile” 

solution for short-distance transfer between traditional public transportation methods such as 

subways and buses to the destination of a user. Figure 2.2 illustrates the bike-sharing research 

framework with four modules. Module 1 cleans and stores the bike trip data, external weather 

information data into MySQL RDBMS. Module 2 supports exploratory analysis of a current bike-

sharing system to understand the possible issues that existed. Module 3 supports the bike trip 

 

Figure 2.2: Bike-sharing System Framework 
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demand analysis, station community analysis, bike station rebalancing strategy design, and bus 

link to bike trips analysis. Module 4 supports bike-sharing system dashboard visualization. 

The analysis included providing a summary of stations and trip patterns (including ranking stations 

by average utilization), the pattern of transits between stations (e.g., pairs of stations that are highly 

connected through trips), and a profile of users of the bike share system. We also studied the 

transfer between bus and bike systems (i.e., the usage of the bike share system as a first and last 

mile solution). 

The following tables list the details of the bike-sharing system design. Table 2-1 shows the steps 

to preprocess the data by cleaning steps such as removing missing values, correcting typos, and 

changing Non-ASCII encoding characters. Table 2-2 analyzes the current bike-sharing system 

usage, trip pattern and identifies existing issues in the current bike-sharing system. Table 2-3 

proposes the prediction model design framework to detect the unbalancing situations in the bike-

sharing system. Table 2-4 displays the bike-sharing network community analysis results to 

understand the trip pattern between stations during different periods. Table 2-5 exhibits the 

rebalancing strategy design based on community-level demand information. Table 2-6 links bike 

usage with bus transportation to figure out the real examples of first and last-mile transportation 

patterns. Table 2-7 depicts the dashboard visualization for the current bike-sharing system. Table 

2-8 demos the station status visualization method with bubble charts. 

 

Table 2-1: Fortaleza Bike-sharing Data Preprocess 

 

Module 1 Clean and Import Bike-sharing data 

Purpose • Remove unused fields and error records 
• Import data into Relational Database 

Details 
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 Description Note 

Input BikeTripDataset.xlsx 

BikeStationStatus.xlsx 

LinkageTableBuIDandCardID.csv 

LinkageTableBikeShareIDandCardID.xlsx 

UserDatabase.xlsx 

BikeTripDataset.xlsx includes bike pick-up and 

drop-off stations and timestamp details for each trip. 

BikeStationStatus.xlsx includes available bikes and 

vacant spaces for each station every 10 minutes. 

LinkageTableBuIDandCardID.csv links Bus user 

BU ID to Card ID. 

LinkageTableBikeShareIDandCardID.xlsx 

UserDatabase.xlsx links Bike user ID to Card ID. 

Output Tables in MySQL: 

BikeTrip 

BikeUser 

StationStatus 

BU_CardID 

BikeShareID_CardID 

BikeTrip: 

tripID, userID, bikeID, passtype, pstation, dstation, 

ptime, dtime, tripduration 

BikeUser: 

userID, registertime, firstname, lastname, email, 

gender, dob, phone, cell, country, zip, street, number, 

neighborhood, city, state, 

complementary_address_info 

StationStatus: 

timestamp, station, vacant, bike 

BU_CardID: 

buID, cardID 

BikeShareID_CardID: 

bikeshareID, cardID 

Program Python package,  

MySQL 

Clean data 

Import structured data into relational database 
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Comments Data clean issue: 

Invalid DOB information like date of birth later than year 2015.  

Missing value issue in Bike user and Station Status. 

Non-ASCII encoding characters (address in Portuguese) import issue in MySQL.  

Format and typo issues (e.g.: Fortalaza, Fortaleza jl, fortalezaa, Fortaleza-, Fortaleza2022708, 

Foortaleza for city column in UserDatabase.xlsx).  

Mix column issue (e.g.: some email addresses are in city column for bike user information)  

 

Table 2-2: Fortaleza Bike-sharing Exploratory Analysis 

Module 2 Exploratory Analysis to understand bike sharing system 

Purpose • Understand current bike sharing system in terms of bike usage, trip pattern and user pattern 
• Identify existing issues for current bike system 
• Evaluate current bike company’s rebalancing strategy 
• Build model to help solving bike rebalancing issue with a focus on user’s participation 

Details 

 Description Note 

Input Tables in MySQL: 

Bike Trip 

Bike User 

Station Status 

Station Geo Location 

Google Map API 

Combine structured Trip and User Information in MySQL 

database to analysis the bike sharing system   

Output Chart, Dynamic Graph and 

Network matrix, Map 

Visualization 

Use different types of visualization to demonstrate to current bike 

sharing system features 

Program Python packages, 

MySQL, Gephi, JAVA, 

Google Map API 

 

Comments Bike Usage and Demand Analysis includes: 
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     Bike Pick-up and Drop-off Usage Chart for each station;  

     Trips Pattern Analysis like Round Trips VS One Way Trips; 

      Station Network Community analysis for One Way Trips pattern;  

     Map visualization for overall and average pick-up and drop-off demand for each station; 

     Pick-up and Drop-off time distribution for Workdays and Holidays (Weekends also as 

Holidays) 

     Trips Duration distribution for Workdays and Holidays; 

     Bike Trip Frequency distribution between bike station pairs; 

     User Age Distribution; 

     Bike user purchase distribution for different pass types (Annual pass, monthly pass, daily pass, 

BU card);  

     Over40 Users Trip Pattern VS Lessthan40 Users Trip Pattern; 

Bike Rebalancing Analysis includes: 

    Full of bikes situation time period for each station; 

    No available bikes situation time period for each station; 

    Station Usage and Demand dynamic bubble chart visualization to identify unbalancing stations 

in current system; 

    Algorithm developed to extract current company’s rebalancing strategy from bike trip dataset; 

 

 

Table 2-3: Fortaleza Bike-sharing Prediction Model 

Module 3.1 Predictive Model for Bike System Usage and Rebalancing Issue 

 

Purpose • Build predictive model to target the rebalancing issue 
• Provide Interventions to reduce unbalancing situation base on our model 
• Provide Interventions to increase bike system usage especially for over 40 users 

Details 

 Description Note 
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Input Weather Information 

Station Network Matrix 

Tables in MySQL: 

Bike Trip 

Bike User 

Station Status 

Station Geo Location 

Google Map API 

Generate Features from heterogeneous data source;  

Build predictive model for Bike sharing system; 

Output Estimated Pick-up demand 

Estimated Drop-off demand 

Estimated unbalancing level  

Predict bike sharing system Usage and and unbalancing level  

Program Python packages, 

MySQL 

 

Comments Prediction model Design 

Formulate Bike Sharing System 

Ai(t+1) = Ai(t) - Pi(t) + Di(t) 

  

• i : station ID  
• t: hour  
• Let Ai(t+1) denote predicted number of bikes available in station i at time t+1  
• Let Pi(t) denote the predicted number of pick-up bikes in station i at time t 
• Let Di(t) denote the predicted number of drop-off bikes in station i at time t 

 

Detected Unbalancing Situation 

• uB = !
0; 																															0 < 	𝐴!(#) < 𝐶𝑎𝑝
𝐴!(#) − 𝐶𝑎𝑝; 																	𝐴!(#) ≥ 𝐶𝑎𝑝
𝐴!(#); 																																			𝐴!(#) ≤ 0

   

• ∑ |𝑢𝐵| reflect the bike system’s predicted unbalancing level; If uB is positive, then 
station i at time t will be full of bikes; if uB is negative, then station I at time t will be 
empty of bikes; 

• Evaluate predict uB situation with real bike station status data;  
Formulate Intervention  

• Let R1 denote Bike company use truck to schedule bikes between station in non-rush 
hours (early morning or late evening)  

• Let R2 denote strategy that offer discount for pick-up bikes in station 
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� R1 = 𝐴!(%)	; initial matrix means the number of bikes available at the 
beginning of a day 

�                    ; offer discount for check in station i at time t will increase 
the pick-up number of bikes in station i at time t 

• add R1, R2 function to the minimizing the ∑ |𝑢𝐵| ;   
▫ Ai(t+1) = Ai(t) - Pi(t) + Di(t) + R2 
▫ Ai(0) = R1 

 
 

Table 2-4: Fortaleza Bike-sharing Network Community Analysis 

Module 3.2 Bike Station Network Community Analysis 

 

Purpose • Understand trip patterns between stations during different period 

Details 

 Description Note 

Input Tables in MySQL: 

Bike Trip 

Station Status 

Station Geo Location 

Google Map API 

Generate Features from heterogeneous data source;  

Separate station network into 4 different period. 

{Weekday, Weekend} x {Morning, Afternoon} 

 

Output Station Communities Bike trips are more likely to be picked up and dropped off at 

stations in the same community rather than in different 

communities 

Program Gephi 

MySQL 

 

Comments ▫ For period, Monday to Friday are weekday, Saturday and Sunday are weekend. 
Holidays are also weekend. 

▫ 5:00AM to 1:00PM: Morning period 
▫ 1:00PM to 10:00PM: Afternoon period 
▫ 𝑁&(𝑉&, 𝐸&)   
▫ 𝑝 : specific time period;  
▫ 𝑁𝑜𝑑𝑒	𝑉& ⊆ 𝑆 : a subset of bike stations  
▫ 𝐸𝑑𝑔𝑒	𝐸& : a set of undirected edges that connect bike stations 
▫ 𝑆:  a set of public bike stations 
▫ 	𝑠! , 𝑠' 	 ∈ 𝑆, if there is a person picks up a bike at station 𝑠! and drops off the 

bike at station 𝑠' during time period 𝑝 , we add nodes 𝑠!, 𝑠' to 𝑉& and 𝑒!' to 𝐸&. 
So the edge weight 𝑤!' will reflect the total number of trips between station 𝑠!, 
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𝑠'. 
▫ Apply community detection algorithm to 4 weighted undirected networks 

({weekday, weekend}x{morning, afternoon}).  
 

Table 2-5: Fortaleza Bike-sharing Rebalancing Strategy Analysis 

Module 3.3 Bike Rebalancing Strategy Analysis 

 

Purpose • Suggest rebalancing strategy based on station demand and community information 

Details 

 Description Note 

Input Tables in MySQL: 

Bike Trip 

Station Status 

Station Community 

Station Demand 

Combine station demand and station community result, find 

stations more likely to be empty or full and then recommend 

rebalancing strategy 

Output Bike transfer plan between 

stations 

Transfer bikes from group stations more likely to be full to group 

stations more likely to be empty 

Transfer bikes from low demand stations to high demand stations 

Transfer bikes within same community rather than different 

communities 

Program Python 

MySQL 

 

Comments • Find Unbalanced Stations 
▫ Compute hourly “inventory change” (hourly Pickup – hourly Drop-off) for 

each bike station 
▫ If the accumulated inventory-change exceeds station capacity (either too 

high/too low), then a station will have a rebalancing issue 
▫ 𝑆! = 	{∑ (𝑃!# −𝐷!#)#()

#*+ } ; 1 ≤ 𝑖 ≤ 60; 5 ≤ 𝑡 ≤ 22;  
▫ Use k-means clustering to cluster stations based on their accumulated inventory 

change 
• Map unbalanced stations, station demand, station community in a same map to suggest 

bike transfer plan. 
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Table 2-6: Fortaleza Bike-sharing link to Bus Transportation Analysis 

Module 3.4 Link Bike with Bus Transportation Analysis 

 

Purpose • First and Last mile transportation pattern 

Details 

 Description Note 

Input Tables in MySQL: 

Bike Trip 

Station Geo Location 

Google Map API 

Bus GPS/Validation Data 

Bike User 

Linkage Table 

Bus User 

Match Bike share ID and Smart Card ID first, then Link BU 

User ID and Smart card ID. Finally, we can link bike user and 

bus user. 

 

Output First mile and last mile 

transportation  

First mile transportation is that user drop-off a bike and then 

board a bus. Last mile transportation is that user pick-up a bike 

after alight a bus. 

Program Python 

MySQL 
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Comments  Mar June July August September October November 

# of total 

bike trips 

3771

6 

5417

8 

51534 50805 49272 51648 71269 

# of First 

Mile Trips 

541 1022 1311 1537 1455 1161 1263 

# of Last 

Mile Trips 

781 1389 1886 2123 2037 1756 2048 

 

Top Drop-off bike stations for First Mile Transportation and Top Pick-up bike stations for 

Last Mile Transportation: 

Bike Drop-

off Station 

33 35 19 32 38 14 37 34 28 3 

Number of 

Trips 

1222 568 527 489 416 403 402 324 311 293 

 

Bike Pick-

up Station 

33 19 35 32 37 3 34 18 14 31 

Number of 

Trips 

889 577 526 482 457 429 417 377 361 349 

  

 

Table 2-7: Fortaleza Bike-sharing Dashboard Visualization 

Module 4.1 Dashboard Visualization for Bike System 

 

Purpose • Dynamic Visualization for exploring and analyzing bike sharing system 

Details 

 Description Note 
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Input Tables in MySQL: 

BikeTrip 

BikeUser 

StationStatus 

 

Output Chart, Graph, Map 

visualization 

Dynamic visualization to help understand the bike sharing system 

Program QlikView (current software) 

Other Possible tools: 

Tableau (commercial 

software) 

D3.js(open source software)  

Current dashboard is using QlikView for dashboard visualization 

Tableau and QlikView are most popular commercial BI data 

visualization tools in market. 

D3.js is open-source software(free). but it requires skilled java 

programmers to write code to implement the specific visualization 

for bike system.  

Comments Comparing Commercial software QlikView and Tableau: 

trustradius software reviews by real users 

ClearPoint Strategy Website 

D3 document 

 

Table 2-8: Fortaleza Bike-sharing Station Status Visualization 

Module 4.2 Station status visualization Using Bubble Charts 

Purpose • Provide a dynamic bubble chart to examine relationship between pick-up demand (Y-axis), 
drop-off demand (X-axis) and the number of bikes in each station (bubble size) interact with 
each other in a day (chart timeline).  

• Each bubble represents a station. 
• Dynamic visualization helps to find stations might be full of bikes or empty 

Details 

 Description Note 

Input A CSV file in which each line 

represents a bubble state (location & 

size) at a certain time 

• Every line in the CSV should contain 5 columns 
(bubble ID, X-axis value, Y-axis value, size value, 
time value) 
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Output An interactive animation • User can start, stop, pause and resume the animation 

Software Processing 3 (script language)  

Comments • This tool provides dynamic bubble chart visualization to show the changes of pick-up 
demand, drop-off demand and residual bikes in each station. We use the average hourly 
pick-up demand and hourly drop-off demand to represent weekdays and weekends 
separately. The moving speed of bubble reflects the demand changes through a whole day. 
For example, the bubble moving fast towards X-axis means that there is an increasing drop-
off demand of that station(bubble). The bubble size represents the residual bikes in each 
station. For example, if the bubble size is becoming smaller, it means that the number of 
bikes in this station is becoming less, and the station is more likely to be empty in the future. 
We can easily find stations that are more likely to be empty or full of bikes during weekdays 
and weekends from this animation tool. 

 

Fortaleza has increased its number of bike stations to sixty recently and is planning to further 

increase the number of stations in the future. In addition to the goals of system monitoring and 

demand estimation, the city has multiple objectives for the collaborative project including 

understanding usage patterns by older users and linking to the bus transportation system to provide 

last-mile solution. In this section, we first introduce the scope of this study followed by an 

overview of our proposed system tool called SMARTBIKE and its architecture. Then we discuss 

the implementation details of each layer in SMARTBIKE. The discussion emphases the 

mechanisms for processing input and quantitative techniques to utilize the outcomes. 
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2.3.1 System Overview 

 

The data used for this research were collected from the city of Fortaleza in Brazil from December 

2014 to March 2016. Fortaleza is the fifth largest City in Brazil and its extensive beaches make it 

one of the main tourist destinations in Northeast Brazil. The city started bike share system with 

fifteen stations in December 2014 which increased to forty stations during March- April 2015. The 

next expansion increased the network to sixty stations during October - November 2015 period. 

Figure 2.3 shows the locations of stations in the city. There are 72.3 miles of bike lanes built in 

Fortaleza. For most stations the capacity is designed as twelve open bike slots (with fourteen open 

bike slots for a few stations). The number of bikes used for the bike share system grew from about 

125 to 400 as the system expanded to sixty stations.  

We used average daily system pick-up per station to measure the system daily average usage and 

Figure 2.4, Figure 2.5 shows the system daily average usage changes in weekdays and weekends 

separately. System usage changes are related to many factors like number of stations and bikes 

 

Figure 2.3: Bike sharing system stations GPS location 
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under service, special events like holidays, and weather. We are able to identify some dramatic 

drop-offs in system usage associated with different events, for example the Christmas festival. 

Other changes are caused by weather conditions such as thunderstorms or heavy rainfall. 

 

 

Table 2-9: Bike Sharing Data Type 

Type Name Attributes 

Major Datasets 

Bike Trip  
<user ID, pick station, pick time, drop station, 

drop time> 

Station Status 
<station, timestamp, available bikes, empty 

slots> 

Bike station locations <station, latitude, longitude > 

 

Figure 2.4: Bike Sharing System Weekdays Average Usage 

 

Figure 2.5: Bike Sharing System Weekends Average Usage 
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Complementary 

Datasets 

Bike Users <user ID, user name, date of birth, address> 

Weather <date, temperature, precipitation> 

 

 

Table 2.9 summarizes the datasets and their attributes used in this research. Bike trip data includes 

information about when and where a user picks up and drops off a bike. The station status data is 

generated by sensors which record how many bikes (and free slots) are available in each station at 

10 minutes intervals. We also use data about users, local weather and station locations. All the 

available data are stored in a MySQL server so that researchers can easily remote access the 

database server. 

In SMARTBIKE, we include a three-layer architecture. This architecture is based on the 

framework of building a smart web application framework for public bus transportation [15]. As 

 

Figure 2.6:  Bike Sharing System Framework 
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illustrated in Figure 2.6, in Layer-1 we use historical bike trips, bike station status for demand 

analysis. The weather data are used as one feature to predict station demand in future work. The 

outcomes are fed into Layer-3 for decision making support. In Layer-2 we extract and construct a 

bike station network graph based on passengers’ trip details. We perform modularity-based 

community detection to identify closely related stations. The purpose is to understand the trip flow 

patterns during different time periods for weekdays and weekends. The community results are used 

in Layer-3 to provide city administrators and technicians with insights into trip flow patterns.  

 

 

Figure 2.7: Silhouette analysis result for different k values 
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Figure 2.8: Station pick-up demand clusters for weekdays 

 

Figure 2.9: Station pick-up demand clusters for weekends 
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Layer-3 also includes metrics and dynamic visualizations for city managers to support decision 

making towards different goals including rebalancing strategy design. 

 

 

Figure 2.10: Station drop-off demand clusters for weekdays 

 

Figure 2.11: Station drop-off demand clusters for weekends 
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2.3.2 Bike Sharing System Demand Analysis 

 

Measuring the bike system demand is a fundamental step in evaluating the system. As mentioned 

previously, one of the main functions of Layer-1 is to understand the usage of the system. For each 

station, we use the average hourly pick-up and drop-off. When a station has no bikes during the 

rush hour of a day, the station’s average hourly pick-up demand is 0 because people can not pick-

up a bike at that station. But the true pick-up demand of that station should be be 0 during rush 

hour. When a station is full of bikes during the rush hour of a day, the station’s average hourly 

drop-off demand also does not reflect the true drop-off demand. We pre-process the data to adjust 

for times when stations are full (or empty / under maintenance). When the hourly pick-up of a 

station is 0 by checking the bike trip dataset, we developed an auto check preprocess to check the 

available bikes in the same hour from station status dataset. If the station is empty, then we will 

not consider this hour’s pick-up as the station’s true demand. After data processing, we get the 

hourly demands of each station for weekdays and weekends. We leave for future work a more in-

depth analysis of estimating true demand levels and system impacts.  

During exploratory analysis, we found there was always a significant increase in total daily usage 

when stations were added into service. However, the average daily usage did not always show the 

same pattern (indicating some users have shifted to using a different station that was potentially 

more convenient). To test whether station status was likely to be significant when predicting 

demand, we did a correlation analysis which showed a strong positive correlation between average 

number of bikes/number of stations and average system usage. This result can help city managers 

make decisions like how many bikes are needed when implementing new stations. 
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To better understand station level demand pattern, we perform a k-means clustering in Layer-1. 

Each station is represented as a set of hourly demands from 5AM to 11PM (close to 99% of bike 

trips occur during this time period). Figure 2.7 shows the silhouette analysis used to decide the 

best k values for clustering. A silhouette value close to 1 implies an appropriate cluster. Choosing 

k = 2 or k = 3 provides clear clusters. If k = 2 the stations are grouped into high demand and low 

demand stations. If k = 3 we end up grouping stations into high, medium, low demand. In our 

model we choose 3 clusters to represent the diverse pick-up patterns for different stations. Figure 

2.8, Figure 2.9, Figure 2.10, Figure 2.11 shows the average pick-up and drop-off patterns for each 

cluster for weekdays and weekends separately. We can see in general there is a morning rush-hour 

and an afternoon rush-hour period for the bike share system. The morning rush-hour demand is 

more significant on weekends compared to weekdays and the highest demand is around 10AM 

during weekends. Drop-off demand has similar patterns to pick-up demand with a time shift of 

about half an hour (which is also the average bike checkout time). The pick-up distribution can be 

represented as a two-component Gaussian mixture model. Figure 2.12 shows the map visualization 

for station clustering based on pick-up demand. From map visualization we can see the different 

pick-up demand patterns for weekdays and weekends. Some stations near schools are more active 

in weekdays than in weekends and the stations near beach areas are more active in weekends. 

Predicting future demand for stations is important in providing insights into decision making like 

relocating bikes among stations in the early morning or before the rush hour. A baseline prediction 

model to predict future pick-up and drop-off demand is developed in Layer-1. The idea is to first 

use the previous weekdays’ average hourly pick-up demand as the training data the specific 

predicted weekday’s hourly pick-up demand. As more data is generated, we accumulate the 

training data to improve future predictions. 
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2.3.3 Network Analysis of Bike Mobility 

 

Understanding the trip patterns can help address the rebalancing problem in bike share systems. A 

primary reason for needing to rebalance is the asymmetric trip flows. In Layer-2, we introduce a 

new network analysis approach to learn trip flow patterns from historical trip data. From the trip 

time distribution, we observe that most bike trips are of short duration (average trip time of 

approximately half an hour). Based on the trip time distribution we infer that trips are more likely 

to be taken in a local community or region. This also suggests that rebalancing strategies can 

effectively occur in local regions.  We first delineate regions (of bike stations) such that most trips 

occur inside each region rather than trips between regions. Based on our analysis, time periods 

with different demand patterns (e.g., morning rush-hour) have modest changes in region 

composition. 

We formulate a bike station network in order to find the local region for bike trip pattern as follows: 

Let 𝑆 be the set of public bike stations. The network of a specific time period 𝑝 is denoted as 

𝑁!(𝑉!, 𝐸!) where 𝑉! ⊆ 𝑆 is a subset of bike stations and 𝐸! is a set of undirected edges that 

connect bike stations. For bike station 	𝑠" , 𝑠# 	 ∈ 𝑆, if there is a person picks up a bike at station 𝑠" 

and drops off the bike at station 𝑠# during time period 𝑝 , we add nodes 𝑠", 𝑠# to 𝑉! and 𝑒"# to 𝐸!. 

So the edge weight 𝑤"# will reflect the total number of trips between station 𝑠", 𝑠#. Since round 

trips do not contribute as much to the rebalancing problem, we ignore them while building the 

station network. We construct separate networks for weekdays and weekends and also divide the 

network into two temporal segments (to account for the morning and afternoon rush hours that 

typically lead to trip flows in different directions) resulting in four different networks ({weekday, 

weekend}x{morning, afternoon}). We generate origin-destination (OD) matrices and perform 
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normalization based on a global maximum after removing the diagonal values (corresponding to 

round trips).  

 

For each network, we run a modularity based community detection algorithm. Fig 2.7 shows the 

communities on a map for each of the four networks. Each color represents a separate community 

in the network. In most cases the stations within a community cluster also share a geographical 

proximity. In terms of interpretation, the four communities correspond to the central business 

district, the beach area, an educational community near the federal university and an area that 

connects the industrial and beach areas. The community region boundaries change from weekdays 

to weekends and also vary from morning hours to afternoon hours. 

2.3.4 Decision Support  

 

 

Figure 2.12: Community information for weekday mornings, weekday afternoons, 
weekend mornings, weekend afternoons 
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A key function for Layer 3 is to provide decision support for city managers for different kind of 

problems like rebalancing, increasing usage for older users and so on. In this Layer, we use the 

example of bike share system rebalancing as an example of how a city manager can derive insights 

to aid in strategy. 

 

From our previous discussion, the city engineers can approach this as a task of rebalancing bikes 

within each region generated by Layer 2. Within each region or community, we need to find 

stations that are more likely to be empty or full. Based on the pick-up and drop-off results from 

Layer 1 we cluster stations based on their net demand (pick-up – drop-off). As seen in Figure 2.13, 

each line represents one station. An increased slope means the station is a popular origin station 

and more likely to be full of bikes if the increment exceeds the station capacity. A lower slope 

means the station is popular destination station and more likely to be empty if the drop-offs exceeds 

the station capacity. the clusters correspond to (self) balanced stations, unbalanced stations and 

highly unbalanced stations. In the balanced cluster most stations have a relevantly low demand 

(unlikely to end up as seriously unbalanced). On the other hand, in unbalanced clusters, stations 

 

Figure 2.13: Station cluster based on net (pick-up – drop-off) demand 
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may end up full or empty during rush-hours. This allows administrators to determine strategies 

like dispatching bikes in anticipation to improve service quality. Based on our analyses, without 

rebalancing, certain high activity stations may hypothetically end up 167% over capacity (in 

practice users must wait until a slot opens or return the bike to a different station). Other 

alternatives include considering adding more stations or increasing the capacity of stations. Other 

strategies could involve dispatching bikes from nearby stations or providing users incentives to 

modify their pick-up or borrowing behavior.  

 

We also provide city managers with a dynamic visualization (Figure 2.12) to see the net demand 

changes over time. The X-axis contains the pick-ups per hour and the drop-offs are on the Y-axis. 

Each station bubble is represented in a different color where the number of available bikes is 

indicated by the size of the bubble. Every frame in the animation demonstrates a relationship 

between bike pick-up demand, bike drop-off demand and number of available bikes per hour. From 

the animation, city engineers can identify (for example) that some bubbles (stations) move quickly 

at the beginning, but sizes shrink (whereupon the movement speed slows down). This shows that 

 

Figure 2.14: Dynamic bubble chart to help station rebalancing decisions 
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a station has very high usage demand early in the day but owing to very low bike availability the 

pick-up levels drop. Such stations will cause low service quality without active intervention 

(rebalancing).  

 

2.4 Chapter Summary 

 

In this paper, we develop an innovative three-layer tool called SMARTBIKE to support bike share 

system decision making by city administrators. The project is a collaborative effort with the city 

of Fortaleza in Brazil. The first layer uses a big data approach to integrate multiple datasets in 

order to better estimate demand. The purpose of the second layer is to understand the bike flow 

patterns with a network community detection approach. The third layer is designed to help city 

managers with decision making for system rebalancing. We are continuing to cooperate with the 

city administrators in Brazil to evaluate and extend this work in several directions. We are 

developing a prediction model to estimate the level of excess demand (or supply) at stations using 

heterogeneous data sources such as bike transactions (pick-up, drop-off) history, weather 

information, station neighborhood data (which provides population and land-use demographics). 

Part of our work involves extending the model to allow for real time measurements and predictions. 

Our work can be the input for a model that considers cost minimization while ensuring specified 

levels of availability. We are also working with the city on developing experiments to assess the 

impact of improvements in station design and rebalancing, this includes measuring the demand 

and satisfaction levels of users, particularly older users, after conducting interventions to improve 

their bike share experience. Future work includes collaboration with the public bus transportation 

system to measure the impact of station location on supporting last-mile transportation needs. 
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Chapter 3: Modeling Bike Sharing Systems and Predicting Station Demand 

Using Heterogeneous Data Sources 

3.1 Introduction 

 

Versions of bike sharing systems were introduced at different times during the twentieth century. 

The systems have been growing in popularity over the past fifty years. With increasing concerns 

on traffic congestion and reducing air pollution in large cities, bike sharing systems have grown 

tremendously in recent decades and there were roughly 1000 cities worldwide implementing a bike 

sharing system as of December 2016. In this paper, we focus on improving demand prediction to 

enable bike sharing systems being more demand responsive. 

Modern bike sharing systems are an Internet of Things (IoT) enabled application that connects and 

manages people, bicycles, GPS sensors, dock stations and smartphone apps (Zanella et al. 2014). 

There are many advantages to such systems. As long as a city has adequate docking stations, people 

can use bike sharing system as the low-carbon first-and-last mile solution for a short distance origin 

and destination transfers. This helps bridge the gap between existing transportation modes such as 

public bus and subway systems. Potential long-term advantages include improving public health, 

reduced congestion and dependence on fossil fuels, and environmental benefits (DeMaio 2009). 

Bike sharing systems are typically unattended and unlike conventional modes of public transport 

(e.g., buses or subways), have no predefined regular schedules or routes. These unique features 

generate challenges for bike sharing systems management and optimization such as rebalancing 

stations. Bike stations tend to be empty or full due to uneven and skewed bike trip demand 

distribution between stations in different locations during different time periods. In such cases, 
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people cannot pick-up and drop-off bikes for their trips, resulting in low service quality satisfaction. 

Understanding demand patterns and predicting the future trip demand needs between stations is 

essential to address the problem. Bike sharing system planners can then perform effective and 

efficient decision-making to optimize bike allocation and station maintenance. By providing high 

service quality levels and easy accessibility, bike system planners can attract and retain more 

customers. 

Traditionally, bike share system planners employ workers to move bikes among stations to solve 

the rebalancing problem. It is not efficient to simply use real-time monitoring systems to find full 

and empty stations and then schedule trucks to redistribute the bikes. This is because reactive 

relocation operations start after an imbalance has already occurred and can lead to extended periods 

of unavailability. In this paper, we predict the bike pick-up and drop-off demands for each station 

to help system managers proactively anticipate which stations are likely to be unbalanced (full or 

empty) and plan their rebalancing strategy. Various features are extracted from heterogeneous data 

sources including historical bike usage, weather information and local holidays. The proposed 

prediction model is validated by two different empirical datasets taken from New York City (USA) 

and the City of Fortaleza in Brazil. We compare our results to baseline methods (HA, ARIMA, 

GBRT). The remainder of this paper is organized as follows: Section 3.2 reviews related work and 

identifies our research contributions. Section 3.3 describes how we model the bike sharing system 

prediction problem and how we select features to build the prediction model. Section 3.4 presents 

the prediction result and discussion. Section 3.5 concludes with a summary, limitations, and future 

directions. 

3.2 Related Work 

 



 53 

Urban mobility and smart bicycle sharing systems have received much attention in recent years 

(Zhang et al. 2016, Ram et al. 2016, Fishman 2016). Researchers have studied multiple questions 

to solve existing problems such as bike sharing station location optimization (Zhang et al. 2016, 

Chen et al. 2015), bicycle traffic prediction (Zeng et al. 2016, Singhvi et al. 2015), and bike 

rebalancing strategy design (de Chardon et al. 2016, Liu 2016). Forecasting bike system demand 

was the focus of the Kaggle competition in 2015 where researchers studied historical usage 

patterns and weather data for Washington, D.C.’s bike sharing system. The competition goal was 

to predict the system-wide pick-up and drop-off demand for the next 10 days using data from the 

first 20 days of each month. In this paper, we focus on short term prediction performance to predict 

system and station-level demand for the next 24 hours. The goal of predicting (future) bike station 

demand is to help identify unbalanced stations and then design a rebalancing strategy.  This section 

summarizes a number of studies on bike sharing system demand analysis and prediction related to 

our paper. Demand for bicycles can be irregular and asymmetric, varying across stations during 

different time periods. Understanding the demand analysis is a fundamental requirement for 

addressing the rebalancing problem. Rixey et al. (2013) analyzed the impact of demographics such 

as population density, job density, income and education on bike usage and concluded that 

demographics critically affects bike usage. Since demographic information is not widely available 

in all areas with bike systems, especially in developing nations, we do not use it in our work (as 

one of our goals is to provide a generalized prediction model that can be used across cities and 

countries). Romain and Raphael (2014) proposed a regression model to predict the following 

twenty-four hours’ usage based on historical data and claimed that the current hour’s bike usage 

data was the most relevant feature in predicting the next hour’s bike demand. Other studies have 

considered the bike demand problem as a time series prediction, such as Vogel et al. (2011). Yoon 
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et al. (2012) present a model based on ARIMA to predict the available bikes and docks at each 

station by considering spatial and temporal factors. Wang et al. (2018) design a statistical learning 

technique GBRT to predict the demand based on trip, time, and meteorology data. We use both 

ARIMA and GBRT as baselines to compare our model against. Liu et al. (2016) present a 

meteorology similarity weighted k-nearest-neighbor (MSWK) method to predict the station pick-

up demand and then design and static inter station bike transition model to predict the bike station 

drop-off demand. Our methods and contributions are different from that of Liu et al. (2016) in 

three aspects. First, we predict the whole city level demand to help city managers understand the 

trend of overall bike share usage in the city. Second, we consider historical trip pattern similarities 

including hourly similarity, daily similarity and weekly similarity and then combine this with 

weather similarity to help predict the station level pick-up demand. Third, we separate historical 

trip patterns into hourly aggregated bike flow networks to capture both the dynamic spatial patterns 

between stations and also the temporal difference in bike flows. For example, the bike flow is very 

different for the morning rush hours and the afternoon hours because people will go to their 

workplace in the morning and go back home after work. A static transit network cannot capture 

the temporal difference between stations. 

One of the challenges in comparing past work is the variety of outcome goals sought to be 

optimized, variations in types of data and techniques used, and differences in prediction granularity 

(e.g., some authors predict the daily demand whereas others predict the hourly demand). Based on 

existing literature we conclude that a more elastic and general prediction model is required to 

perform well in forecasting future demand of bike stations to identify people’s mobility patterns, 

detect potentially unbalanced stations and design bike relocation strategies to guarantee good 

service quality. In our research, we use historical trip data, calendar information and open weather 
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data which are typically available to most bike sharing systems. We feel our model can be 

generalized to fit a large number of bike sharing systems. 

3.3 System Design and Data Analysis 

3.3.1 Data Preprocess 

 

This section introduces the bike sharing systems we are working on and provides an overview of 

the prediction model framework. We use data from a new but growing bike sharing system from 

Fortaleza, and from a mature large-scale bike sharing system of New York City to evaluate our 

prediction model. A primary goal of our work is to come up with a demand prediction model. 

One of the datasets used for this research was collected from the city of Fortaleza, the fifth largest 

city in Brazil, over approximately sixteen months. The city started with 15 bike stations and 125 

bikes in 2014 and expanded to 60 bike stations and 400 bikes in late 2015. 
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Figure 3.1: Fortaleza Bike Sharing System Station 

Figure 1 shows the locations of bike stations in Fortaleza city (typically each station has a capacity 

of twelve bicycles). The markers with number 1 are the original locations from 2014. The markers 

with numbers 2 and 3 are the locations of stations during the first and second phase of expansion 

respectively. A customer can pick-up a bicycle at a station near their origin and return it to a station 

near their destination by using a smartcard. Customers can register for a daily plan, monthly plan 

or annual plan. Membership grants unlimited usage within one hour. The system records the card 

scan data along with the timestamp, station, and bike ID. Sensors are deployed to send station 

status data (how many bikes and how many free slots are available) every 10 minutes to the bike 

sharing system center. 
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Figure 3.2: New York Citi Bike Sharing System 

The New York Bike sharing system is the largest bike sharing program in the United States 

(Woodard, D. B. 2015). The system started with 332 stations and around 6000 bikes in May 2013 

and expanded to around 500 stations and 10000 bikes in June 2016. In our work we use 12 months’ 

Citi bike sharing data from Jan 2015 to Dec 2015 to evaluate our model. Currently, there are more 

than 10 million bike trips taken annually. The available dataset includes trip duration, trip start 

time, pick-up station, trip end  time, drop-off station, station latitude and longitude, and bike ID. 

A real-time app and website are available for customers to check the number of bikes and free 

slots in each station to plan their personal rides. Station locations and status data is available from 

the app (see Figure 2). People can choose different ride pass types based on their personal needs. 

It is a challenge to predict bike sharing system demand because trip demand is impacted by 

multiple complex factors. We have tried to include the major variables in literature that are 

typically available for all bike sharing systems to allow for generalizability of our work. From past 

work, we find that weather and time (e.g., time of day, day of week, etc.) commonly impact the 

bike system demand. Open public weather datasets are accessible for most large cities worldwide. 

Therefore, we use weather data in our analysis. The available hourly weather history includes 
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temperature, humidity, visibility, presence of weather events (like rain, fog and snow), and 

precipitation (used to measure the rainfall or snowfall). In addition, calendar information including 

hour of day, day of week, whether the day is a holiday, weekday or weekend are also gathered.  

During preprocessing we address some issues related to data quality and anomalies. For example, 

some bike trips appear to be start and end within 1 minute, while others appear to last for over 24 

hours. We remove such trips because they are likely to be either errors or represent highly unusual 

events. For missing entries in weather datasets, we use the mean of temperature, humidity before 

and after the missing hours to replace the null values. After preprocessing, we imported the datasets 

into a MySQL database server. Table 1 describes the three heterogeneous dataset types (Historical 

Dataset, Complementary Dataset, Open Dataset) as our system input in order to build our three-

level prediction model. The datasets and attributes used in this research are commonly available 

for most bike sharing systems worldwide. 

3.3.2 Prediction Model for Bike Sharing System Demand 

In this paper, bike sharing system aggregate demand refers to the total number of bike trips taken 

during a time period. Bike station pick-up demand and drop-off demand refers to the number of 

bikes that will be picked up from and dropped off to a station respectively (during a time period). 

We consider a one-hour granularity as the smallest period of interest and propose a prediction 

model to forecast hourly pick-up and drop-off demand at stations.  
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Figure 3.3: Three-level prediction framework 

A three-level prediction model is proposed to predict demand. The first level is to predict the 

aggregate systemwide hourly pick-up demand. The second level is to predict each station’s hourly 

pick-up demand as a proportion of the predicted result from the first level. The third level is to 

predict the drop-off demand based on hourly pick-up demand predicted at the second level. A basic 

assumption is that each day the system’s aggregate pick-up demand is equal to the drop-off demand. 

This assumption is reasonable because users are not permitted to keep bikes overnight in most bike 

sharing systems. Figure 3 shows the framework of our 3-level prediction model. The green 

database shapes represent the three common heterogeneous data sources described in Section 3.1. 

The orange rectangles represent the output of the model in different levels. In the first layer, we 

have three feature extraction processes to extract weather, trip and time features separately from 

the data sources. A random forest regression prediction model is implemented to predict the 
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aggregate whole system demand in the first level. The second level introduces a similarity function 

to model the similarity between stations’ future (expected) state and historical states and 

corresponding demands for bike sharing stations. For each station, the hourly pick-up demand can 

be derived by combining the similarity function proposed in level 2 and the predicted whole system 

demand from level 1. In the third level, we generate a directed weighted station network from 

historical data to model the interaction among stations. Each station’s hourly drop-off demand 

could be inferred in this level by combining the network measure proposed in level 3 and the 

station’s hourly pick-up demand result from level 2. 

Instead of predicting hourly pick-up demand and drop-off demand separately with different 

features, we predict the aggregate bike sharing system hourly demand first and then use an 

inference model to estimate hourly pick-up proportion demand and hourly drop-off demand.  We 

have three main reasons for modelling the demand prediction problem in this way. One reason is 

that the aggregate system demand is much more stable and regular than the demand of each station. 

For example, Figures 4(a), (b), (c) describe the hourly pick-up demand for stations 443, 307, 519 

in the New York Citi bike sharing system across four weeks. Station 519 is a high demand station 

and station 307 is a middle demand station and station 443 is a low demand station. The x-axis 

shows the hour and the y-axis represents the total number of bikes picked up during this hour in 

the station. Some stations like 519 in Figure 4(c) have relatively regular daily patterns like high 

demand in weekdays and low demand in weekends. Whereas other stations like 443, 307 in Figure 

4(a), (b) have irregular daily period patterns. For these stations it is very hard to find proper features 

to represent the stations difference to predict each station’s pick-up demand with high accuracy. 

Finally, Figure 4(d) shows the hourly pick-up demand of the overall bike sharing system for three 

days. Predicting the aggregate pick-up demand provides more robust results because the whole 
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system’s aggregate pick-up demand is relatively stable with repeated temporal patterns. The 

second reason is that it is difficult to capture each station’s individual features to represent the 

correlation between stations. For example, if special events like music shows or sporting contests 

occur near a station, then a station’s pick-up demand increases after the activity and available bikes 

may be picked up by users in a short time period. Thereafter, users may go to nearby stations to 

pick-up bikes (so the demand of nearby stations will also increase). Formulating the pick-up and 

drop-off demand separately will ignore the interaction between stations. We introduce the hourly 

pick-up proportion demand in the second level which has the constraint that the sum of the 

proportions is 1 to consider the correlation between stations. The third reason is that the hourly 

drop-off demand is related to the hourly pick-up demand at a system level. We categorize historical 

bike trips into 24 hourly temporal networks and propose network measures to infer the drop-off 

demand (layer 3) based on the predicted pick-up demand results (from layer 2). 

A bike station is denoted as 𝑆 and 𝑆" denotes the 𝑖$% station and 𝑛 is the total number of stations in 

the system. 𝑡 denotes a future time period. P"$ means the number of bikes picked up at station 𝑖 

during time 𝑡. D"$ means the number of bikes dropped off at station 𝑖 during time 𝑡. In this research, 

the duration of time period 𝑡 is set to one hour. The following section will formulate and discuss 

the prediction model in more detail. 
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(a) 

                                        
(b) 

 

(c) 
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(d) 

Figure 3.4: Station and system pick-up demand for New York Citi Bike system 

3.4 Three Level Prediction  Model 

3.4.1 Level 1: Predicting Aggregate Bike Sharing System Pick-up Demand  

The first level aggregate system hourly demand prediction accuracy is important because the 

following two levels’ prediction performance depends on the result of the first level. We use the 

trip features, weather features and time features seen in Table 2 to predict the aggregate bike 

sharing system pick-up demand with a Random Forest Regression algorithm (Liaw, A. 2002). We 

also tried linear regression method Gradient Boosted regression trees but their performance was 

not as good as that of Random Forest Regression (RFR). RFR can also rank the importance of 

features in a regression problem. By using a small random subset of features in each sub tree and 

finally taking the average of all the trees, RFR reduces the amount of correlation between trees. 

Table 2 lists all the features used in the first level aggregate pick-up demand prediction. We explain 

these features and the reason we use them in the remainder of the section. 

Trip features: We extracted trip features from historical bike sharing trip data. We can find 

temporal patterns for bike sharing system demand from historical bike trip record. In this work, 
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we use recent demand features for the previous (three) hours (𝑓&, 𝑓', 𝑓(), daily demand features 

(𝑓), 𝑓*, 𝑓+),  and weekly demand trend features	(𝑓,, 𝑓-, 𝑓., 𝑓&/),  to represent the temporal influence 

on demand. The temporal granularity for demand is set to an hour. Let 𝑃"$ denote as the hourly 

pick-up demand of station 𝑖  during hour 𝑡 . Recent demand features 𝑓&, 𝑓', 𝑓(  are set to 

P"($1&), P"($1'), P"($1()  to separately represent the previous one to three hours hourly pick-up 

demand. Daily period features 𝑓), 𝑓*, 𝑓+  are P3(41&∗')), 	P3(41'∗')), 	P3(41(∗'))  which separately 

describe the previous one to three day’s same hour pick-up demand. Weekly trend 

features 𝑓,, 𝑓-, 𝑓., 𝑓&/	  are P3(41&∗')∗,), 	P3(41'∗')∗,), 	P3(41(∗')∗,), 	P3(41)∗')∗,)  which separately 

describe the previous one to three week’s same hour pick-up demand. Figure 4(d) depicts the 

hourly pick-up demand of the aggregate bike sharing system hourly demand in the New York 

system. For example, if we want to predict the pick-up demand for the rightmost starred hour in 

Figure 4(d), we will use the pick-up demand of three circles as 𝑓&, 𝑓', 𝑓( and the pick-up demand 

three squares as 𝑓), 𝑓*, 𝑓+ and the pick-up demand of the two leftmost red stars as 𝑓,, 𝑓-. The circles 

describe the recent demand features. The stars depict the weekly trend features. The squares show 

the daily period features. We can see the daily and weekly periodicity repeat patterns from 

historical bike trips. In summary, the demand in recent hours, recent days and derived from weekly 

trends can affect the future demand of bike sharing system with different degrees of influence. 

Weather features: Temperature, humidity, visibility, precipitation, and event are the weather 

features used, denoted as  (𝑓&&, 𝑓&', 𝑓&(, 𝑓&), 𝑓&*).  As shown in Figure 5 we can identify some 

correlation between weather features and bike sharing system demand. Figure 5(a) shows the Citi 

bike sharing system aggregate daily pick-up demand from January to June 2016. The x-axis shows 

the daily granularity date and y-axis shows the total number of bike pick-up usage during that day. 

Figure 5(b) and Figure 5(c) depict the temperature and humidity changes during the first half a  
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year in 2016. Temperature and bike sharing system aggregate demand have similar increasing 

trends. We can see that the weather is extreme low on 02/14/2016 and the system daily pick-up 

demand is also the lowest on that day. Humidity and bike sharing system aggregate demand have 

similar variance. The weather events (rain, fog, snow, thunderstorm) and precipitation changes in 

corresponding time periods are shown Figure 5(d) and Figure 5(e). 

Table 3-1: Features Notation and description 

Feature Type Notation Feature Description 

Recent 
demand 
features 

𝒇𝟏, 𝒇𝟐, 𝒇𝟑 pick-up demand [hourly] in the previous one, two, 
three hours 

Daily period 
features 

𝒇𝟒, 𝒇𝟓, 𝒇𝟔 pick-up demand [hourly] in the same hour of a day in 
the previous one, two, three days 

Weekly trend 
features 

𝒇𝟕, 𝒇𝟖, 𝒇𝟗, 𝒇𝟏𝟎 pick-up demand [hourly] in the same hour of the 
same weekday in the previous one, two, three, four 

weeks 
Weather 
features 

𝒇𝟏𝟏, 𝒇𝟏𝟐, 𝒇𝟏𝟑, 𝒇𝟏𝟒, 𝒇𝟏𝟓 temperature, humidity, visibility, precipitation, event 

Time features 𝒇𝟏𝟔, 𝒇𝟏𝟕, 𝒇𝟏𝟖, 𝒇𝟏𝟗, 𝒇𝟐𝟎 hour of day, day of week, month, weekend, holiday 

 

If an adverse weather event like rain, fog, snow or thunderstorm is recorded in the weather data, 

we use 1 to represent the weather event feature 𝑓&*. For good weather e.g., sunny days we use 0 to 

represent the weather event feature 𝑓&*. Precipitation is used to measure how heavy the rain and 

snow is on a specific day. A clear pattern emerges during rainy days, i.e., the aggregate system 

demand decreases, and higher precipitation leads to lower demand. For example, the precipitation 

is high on 01/26/2016 and 02/14/2016 and the system daily pick-up demand is very low on those 

two days. 
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Time features: we consider hour of day, day of week, month, weekend, holiday as features 

(𝑓&+, 𝑓&,, 𝑓&-, 𝑓&., 𝑓'/). Figure 6 shows the average hourly pick-up demand from Monday to Sunday  

 

(a) 

 

(b) 

                                                    

(c) 
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during the first half a year in 2016 in New York Citi bike sharing system. We observe a clear 

difference between weekdays and weekends. From Monday to Friday, there are two peaks in the 

hourly demand reflecting two rush-hour periods with high system demand around 8:00 AM in the 

morning and about 5:00 PM in the afternoon. During Saturday and Sunday, the demand peaks near 

3:00 PM in the afternoon. So, features like hour of day, day of week and weekend information will 

have an impact in predicting demand. Similarly, there are patterns related to holidays and the 

month of the year. For example, New York City sees low demand during Christmas. January and 

February typically have the lowest demand among all months. In summary, we use five different 

types of time-related demand features in building our model.  

 

(d) 

 

(e) 

Figure 3.5: Weather features impact on bike sharing system demand 
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We also introduce baseline algorithms Historical Average (HA), Autoregressive Integrated 

Moving Average (ARIMA) (Contreras 2003) and Gradient Boosted Regression Trees (GBRT) to 

compare our prediction model with.  

3.4.2 Level 2:  Predicting Station’s Pick-up Demand Proportion 

 

We begin by explaining the terms used in Level 2. Station 𝑖’s pick-up demand for a future time 

period 𝑡	is denoted as TP"$ while the systemwide pick-up demand for time	𝑡 is denoted as TP$.  

 

Station 𝑖’s pick-up demand can be expressed as equation (1) with a constraint condition as shown 

in equation (2). p&$ , p'$ , … , p@$ represent the demand proportions for stations 1 to n during time 𝑡. 

TP"$ =	TP$ ∗ 	 [p&$ , p'$ , … , p@$]																																(1) 

p&$ + p'$ +⋯+ p@$ = 1																																										(2) 

 

 

Figure 3.6: Average hourly pick-up demand from Monday to Sunday 
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We propose a similarity based algorithm for the proportionate demand prediction at this level. The 

pseudo-code is described in Algorithm 1. We use a similarity function to examine the historical 

bike station pick-up proportions and to infer likely future proportion demand for each bike station. 

The first step is to generate the historical proportion demand from historical bike trip data. By 

grouping the total number of bikes picked up at station 𝑖 during time 𝑡 we can get historical pick-

up demand for station 𝑖 denoted as 𝑃𝐷"$. Then we use the iteration procedure provided in step 1 of 

our algorithm to generate all the pick-up proportion demands P3A for all stations from time (𝑡 − 1) 

to (𝑡 − 𝑚). The historical pick-up proportion demand matrix is obtained in Step 2 with constraint 

equation (3). We set 𝑚 = 	4 ∗ 7 ∗ 24 and use the previous one month’s bike trip data as a training 

dataset to infer the future demand. The time granularity is one hour so 4 week’s training data means 

4 weeks * 7 days * 24 hours.  

A 

significant part of the prediction is formulating the similarity weight function. We assume that 

similar days with similar weather conditions will have similar demands. A similarity function 

 

Figure 3.7: HA algorithm accuracy with the number of training weeks 
selected 
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𝑆𝑊$1",$ based on time similarity  𝑇"1",$	and weather similarity  𝑊$1",$ is introduced in Steps 3, 4, 5 

to measure the similarity between time 𝑡 and 𝑡 − 𝑖. After we get all the similarity weight functions  

we can infer bike stations’ pick-up proportion demand for a future time period 𝑡 in Step 6. In Step 

3 we introduce hourly similarity function 𝐻$1",$ , daily similarity function 𝐷$1"∗'),$ and weekly 

similarity function 𝑀$1"∗')∗,,$	to measure time similarity. These three functions are obtained in 

equations (4), (5), (6). In Step 4 we consider weather similarity 𝑊$1",$ between time 𝑡 and 𝑡 − 𝑖. 

𝑇𝑒𝑚𝑝$1",$	and 𝐸𝑣𝑒𝑛𝑡$1",$	 are obtained by equation (7), (8) to represent the temperature and event 

similarity. Note that T4	is the temperature in time 𝑡 and  	γ&, γ', γ( are time similarity parameters 

between 0 and 1. We tune the parameters γ&, γ', γ( by iteratively testing Algorithm 1 to minimize 

the function 𝑀𝐼𝑁@$  seen in equation (9) measuring the difference between the stations’ predicted 

proportion demand [𝑃&$ , … , 𝑃@$]and the true proportion demand [𝑃&$ , … , 𝑃@$] . γ&, γ', γ(  are in 

range [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8. 0.9, 1]. The best value of γ&, γ', γ( for Citi BSS and 

Fortaleza BSS are [0.9, 0,3, 0.6] and [0.9, 0.4, 0.5].   

O 𝑃"#
@

"D&
= 1																																																													(3) 

𝐻$1",$ =	Q
𝛾&; 1 ≤ 𝑖 ≤ 3
0; 𝑖 ≥ 4 W																																									(4) 

𝐷$1"∗'),$ =	 Q
𝛾'; 1 ≤ 𝑖 ≤ 3
0; 𝑖 ≥ 4 W																																					(5) 

𝑀$1"∗')∗,,$ =	 Q
𝛾(; 1 ≤ 𝑖 ≤ 4
0; 𝑖 ≥ 5 W																																(6) 

𝑇𝑒𝑚𝑝$1",$	 = (|𝑇$ − 𝑇$1"|)/𝑇$																																	(7) 

𝐸𝑣𝑒𝑛𝑡$1",$	 =	 \
1; 1 ≤ 𝑖 ≤ 3
0; 𝑖 ≥ 4 ]																																	(8) 

									𝑀𝐼𝑁@$ = 	_
∑ a𝑃"$ − 𝑃b"$c

'@
"D&

𝑛 																									(9) 
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Station pick-up proportion demand algorithm 

Input: station {𝑆"}"D&@ , historical pick-up demand from time (𝑡 − 1) to (𝑡 − 𝑚) : 

g
𝑃𝐷&($1E) ⋯ 𝑃𝐷@($1E)

⋮ ⋱ ⋮
𝑃𝐷&($1&) ⋯ 𝑃𝐷@($1&)

j 

Output: station {𝑆"}"D&@ ,predict pick-up proportion demand for future time 𝑡: k𝑃b&$ , … , 𝑃b@$l 

1: For 𝑗 = 1:𝑚  Do 

For 𝑖 = 1: 𝑛  Do 

𝑃𝑖(𝑡 − 𝑗) = 𝑃𝐷𝑖(𝑡 − 𝑗)/O𝑘(𝑡 − 𝑗)
@

FD&

 

2: station {𝑆"}"D&@ ,	Generate historical pick-up proportion demand matrix from 

time (𝑡 − 1) to (𝑡 − 𝑚): 

g
𝑃&($1E) ⋯ 𝑃@($1E)

⋮ ⋱ ⋮
𝑃&($1&) ⋯ 𝑃@($1&)

j 

3: Calculate Time similarity between 𝑡 − 𝑖 and 𝑡 by equation: 

𝑇$1",$ = 𝐻$1",$" ∗ 	𝐷$1"∗'),$" ∗ 𝑀$1"∗')∗,,$
" 

4: Calculate Weather similarity between 𝑡 − 𝑖 and 𝑡 by equation: 

𝑊$1",$ = 𝑇𝑒𝑚𝑝$1",$	 ∗ 𝐸𝑣𝑒𝑛𝑡$1",$	 

5: Calculate Similarity Weight function based on time and weather similarity 

by equation: 

𝑆𝑊$1",$ = 𝑇$1",$ * 𝑊$1",$ 

6: Derive station’s proportion demand for future time 𝑡: 
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For 𝑗 = 1: 𝑛  Do 

𝑃b#$ =
∑ 𝑆𝑊$1",$ × 𝑃#($1")E
"D&

∑ 𝑆𝑊$1",$
E
"D&

 

7: Return: k𝑃b&$ , … , 𝑃b@$l 

 

3.4.3 Level 3:  Predicting Drop-off Demand for Each Station 

 

We create network measures to capture the bike flow between stations using historical trip data. A 

time-based bike station network is formulated to divide the historical bike trips into hour based 

segments. We separate the bike trips into workdays and weekends (we treat official holidays as 

weekends). Then in both categories we integrate the bike trips picked up in the same hour of a day 

from 6:00 AM to 22:00 PM since more than 95% bike trips are usually within this period. 

Overnight bike trips picked up between 22:00 PM and 6:00 AM are integrated into a same station 

network to represent the bike flow in late evening and early morning. Let 𝑆 be the set of public 

bike stations. A directed graph 𝐺G$(𝑆$ , 𝐸$) represents the bike station network of a specific period 

𝑡 where 𝑆$ ⊆ 𝑆 is a subset of bike stations and 𝐸$  is a set of directed edges that connect bike 

stations. 𝑑＝1 means the station network corresponds to a workday and 𝑑＝0 means we have 

weekend day. For bike stations 	𝑠" , 𝑠# 	 ∈ 𝑆, if there is a trip from station 𝑠" to station 𝑠# during time 

period 𝑡 , we add nodes 𝑠", 𝑠# to 𝑆$ and edge 𝑒"# to 𝐸$ . So the edge weight 𝑤"# will reflect the total 

number of trips from station 𝑠" to 𝑠#. These station networks have the different structures with 

different edge weights that reflects different trip patterns within stations for different time period.  
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 Normalized out-degree is the measurement obtained from the bike station network to infer 

bike station drop-off demand in (future) period 𝑡. Let 𝑂𝑢𝑡#$  denote the normalized out-degree 

represented by vector [𝑁𝑊#&$ , … , 	𝑁𝑊#@$ ] where 𝑁𝑊#@$  is the normalized edge weight from station 

𝑗 to station 𝑛 and time 𝑡	 ∈ 	[6,22]	 and  station 𝑗	 ∈ [1, 𝑛]	. Since the overnight demand is not 

significant in bike sharing system, we only need to predict the bike usage demand from 6:00AM 

to 22:00PM. We use vector 𝑂𝑢𝑡#$ to demonstrate all the possible drop-off stations for bikes picked 

up at station 𝑗 in time 𝑡. Analyzing the trip duration distribution, we find the average trip duration 

is 15.6 minutes and more than 96% trips are completed within one hour in the New York bike 

sharing system. The average trip duration is 18.4 minutes and more than 95% trips are completed 

within one hour in the Fortaleza bike sharing system. This is reasonable because extra fees are 

charged if a customer keeps a bicycle for a long time, and people prefer using bicycles for short 

journeys. In this case, the bikes that are dropped off at station 𝑖 during time 𝑡 are picked up during 

time 𝑡 or time 𝑡 − 1. A ratio parameter 𝜌$ is introduced in the station network to measure the ratio 

of bikes that are dropped off in the same hour 𝑡 over all the bikes that are picked up in hour  𝑡. We 

can derive station drop-off demand [𝐷&$ , … , 𝐷@$] by equation (10).  𝑇𝑃#($1&) is the historical pick-

up demand for station 𝑗 during time 𝑡 −1.  𝑇𝑃H$v  is the predicted bike pick-up demand for station 𝑗 

during time 𝑡 from the second level of the model. 

					[𝐷&$ , … , 𝐷@$] =O𝜌$1& ∗ TPA(41&) ∗ 𝑂𝑢𝑡#($1&)

@

#D&

+O𝜌$ ∗ TPI4v ∗ 𝑂𝑢𝑡#$											
@

#D&

(10) 

 

3.5 Result Analysis 
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We evaluate our station demand prediction model on two bike sharing systems: New York City’s 

Citi Bike sharing system and the City of Fortaleza bike sharing system. In the New York dataset, 

5 months’ historical bike trip data and weather information from January to May 2016 were 

selected as the training dataset to predict following one week’s bike station demand at a one-hour 

granularity. In the Fortaleza bike sharing system, we select the 5 months’ historical bike trip data 

and weather information from September 2015 to January 2016 as the training dataset and predict 

the first week’s bike station demand in February 2016 at a one-hour granularity. 

To measure the performance of our prediction model, we use Root Mean Squared Logarithmic 

Error (RMSLE) for measuring prediction accuracy. RMSLE is shown in equation (11) where 𝑦" is 

the true pick-up demand and 𝑦x" is the predicted pick-up demand and n is the total number of hours 

we are going to predict (In this model we set n = 68 (7*24) to predict the next week’s hourly 

demand). Lower values of RMSLE indicate better prediction performance. We use RMSLE 

instead of RMSE (Root Mean Squared Error) because we want to compare the prediction 

performance between two different bike sharing systems. The New York Citi bike sharing system 

is a large bike sharing system while the Fortaleza Bike sharing system is a small one. We can scale 

the two systems’ prediction errors into the same level to compare the performance using RMSLE. 

𝑅𝑀𝑆𝐿𝐸 = 	_
∑ (log(𝑦J~ + 1) − log	(𝑦" + 1))'@
"D&

𝑛 																													(11) 

Three baseline algorithms HA, ARIMA (time series) and GBRT are implemented to compare with 

our station demand prediction model. HA algorithm uses the average pick-up and drop-off demand 

of historical trip data in corresponding periods as the predicted pick-up and drop-off demand. We 

use Python to implement the HA algorithm and adopt arima_model in the Python statsmodels 

package for the ARIMA algorithm and implement GradientBoostingRegressor using the Python 
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sklearn package. Figure 7 shows that HA algorithm prediction accuracy changes (Root Mean 

Square Error) with the number of training weeks we selected in the training set. Lower RMSE 

means better performance. This training step determines how many previous weeks should be 

included in the model to get the best performance. RMSE is easy to calculate here and can reflect 

the recommended number of weeks we should average (in HA). We find that using the previous 

three or four weeks’ historical bike trip data achieves the best performance for the HA algorithm. 

In our research, we select the first 4 weeks’ historical trip data as the training dataset for the HA 

algorithm. For the ARIMA model we evaluate the parameters p, d, q in ranges 

[0, 1, 2, 4, 6, 8, 10],	[0, 1, 2, 3], [0, 1, 2, 3] respectively and choose the parameters with minimal 

MSE. For GBRT, the learning_rate is set to 0.1, min_samples_leaf is 50, n_estimators is 100 and 

the loss function is least squares regression. 
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Figure 3.8: Aggregate bike sharing system pick-up demand prediction results 

The first level systemwide pick-up demand prediction result for the New York bike sharing system 

is shown in Figure 8. The X-axis shows time separated by the hour. The Y-axis shows the true 
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pick-up demand (number of bikes picked up in one hour). We choose the first 4 weeks as our 

training sample set (i.e., from May-02-2016 to May-30-2016) and the last one week as our 

prediction sample set from May-31-2016 to June-05-2016. Figure 8(a) shows the HA algorithm 

prediction results for the fifth week’s system pick-up demand in red. Figure 8(b) reflects the 

ARIMA algorithm prediction result of the fifth week’s system pick-up demand in red. Figure 8(c) 

shows the GBRT prediction results. Finally, Figure 8(d) depicts our model’s prediction result. Our 

model achieves much better (lower) RMSLE scores than the baseline algorithms in both the New 

York and Fortaleza datasets. Since our three-level prediction model’s station pick-up proportion 

and drop-off demand prediction accuracy depends on the first level prediction accuracy, it is 

important to have good prediction performance in the first level of the model. 

Table 3 shows the average RMSLE for station-level pick-up and drop-off demand separately. The 

model implementation for the New York and Fortaleza bike sharing systems are similar. We 

implement the HA, ARIMA, and GBRT algorithms at the station level and predict each station’s 

pick-up demand and drop-off demand and then average the corresponding RMSLE values. The 

RMSLE values for our model are better than those from HA, ARIMA and GBRT. Since the New 

York bike sharing system has about 500 stations and the cost for constructing all temporal station 

networks and inferring the hourly pick-up and drop-off demand for all stations and time periods 

for the predicted week was expensive, we chose to predict the pick-up and drop-off demand from 

9:00 AM to 10:00 AM and 10:00 AM to 11:00 AM to evaluate our model’s prediction performance 

during rush hours (where concerns such as rebalancing are likely to be more important). For station 

pick-up and drop-off demand, we average the RMSLE for all stations to get the average RMSLE 

to compare performance. In general, GBRT performs better than ARIMA and ARIMA performs 

better than HA in prediction accuracy. Our proposed 3-level prediction model provides the best 
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prediction performance for both the New York and Fortaleza bike sharing systems. The first level 

(whole system) demand prediction performance is good for both New York (RMSLE = 0.2401) 

and Fortaleza (RMSLE = 0.2816). However, the station-level pick-up (RMSLE = 0.3983) and 

drop-off (RMSLE = 0.3621) results for New York are not as good as the results for Fortaleza 

(RMSLE = 0.2570 and RMSLE = 0.2816, respectively). One reason could be that the New York 

Citi Bike sharing System has 500 stations so the interaction among stations is more complex to 

model in level 2 and level 3. The Fortaleza system only has 60 stations with fewer stations 

providing a confounding effect on neighboring stations. We also check the running time 

performance for the New York Citi Bike sharing system prediction. For the HA ARIMA, GBRT 

algorithm it takes less than 3 minutes to get all the system demand and station pick-up and drop-

off demand separately. For our 3LEVEL algorithm it takes around 30 minutes to get all the 

prediction results across the three levels. The running time result comes from one MacBook Air 

machine with 4GB memory and a 1.6GHz Intel Core i5 processor. This running time is stable if 

we want to predict the next (one) week’s pick-up and drop-off demand. 

 

Table 3-2: OVERALL PERFORMANCE COMPARISON FOR HA, ARIMA and 3-
LEVEL MODELS 

 

MODEL HA ARIMA GBRT 3LEVEL 
      

R
M

SL
E

 

New York Citi bike 
sharing system 

System demand 0.5229 0.4237 0.2926 0.2401 
Station Pick-up demand 0.5631 0.4106 0.4021 0.3983 
Station Drop-off demand 0.5534 0.4335 0.4180 0.3621 

Fortaleza bike 
sharing system 

System demand 0.4727 0.4193 0.2825 0.2218 
Station Pick-up demand 0.4980 0.4382 0.3754 0.2570 
Station Drop-off demand 0.4825 0.4425 0.3687 0.2816 

 

To evaluate the performance for different stations, we separate stations into high demand stations 

and low demand stations to compare the prediction performance. For the Fortaleza bike sharing 
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system, we adopt a clustering algorithm proposed in previous research (Ram et al. 2016) to get the 

high demand and low demand stations. For the New York Citi bike sharing system, we select the 

top 20 stations based on historical pick-up demand to represent the high demand stations and the 

20 stations with the lowest historical demand to represent low demand stations. Table 4 lists the 

average RMSLE for high demand stations and low demand stations in both bike sharing systems.  

 

Table 3-3: PERFORMANCE COMPARISON BETWEEN HIGH AND LOW DEMAND 
STATIONS 

 MODEL HA ARIMA GBRT 3LEVEL 
       

R
M

SL
E 

New 
York 
Citi 
Bike 

High 
Demand  

Station Pick-up demand 0.3934 0.3808 0.3689 0.3572 
Station Drop-off demand 0.4103 0.4175 0.3792 0.3735 

Low 
Demand  

Station Pick-up demand 0.6426 0.4870 0.4208 0.4074 
Station Drop-off demand 0.6505 0.5014 0.4283 0.4418 

Fortale
za bike 
sharing 
system 

High 
Demand  

Station Pick-up demand 0.3958 0.3746 0.2625 0.1960 
Station Drop-off demand 0.3971 0.4037 0.2640 0.2075 

Low 
Demand 

Station Pick-up demand 0.5626 0.5293 0.3125 0.2675 
Station drop-off demand 0.6124 0.5681 0.3276 0.2914 

 

In general, high demand stations will achieve better prediction accuracy compared with low 

demand stations. The reason might be that high demand stations will have more stable demand 

patterns. In addition, the demand prediction performance for Fortaleza bike sharing system is better 

than the demand prediction performance in New York Citi bike sharing system for both high 

demand and low demand stations. 

3.6 Chapter Summary 

 

In this paper, we provide a novel three-layer approach to modeling bike sharing demand. We avoid 

using specialized data sources (like open taxi data or yelp check in/out) to extract features that are 

not always available in many bike sharing systems. Instead, we provide a generalizable three-level 
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demand prediction model using significant features from commonly available data sources (e.g., 

historical demand and weather information). We expect these sources to be available for almost 

all bike sharing cities. By dividing the station demand prediction problem into three levels, we 

achieve better performance than the baseline algorithms. We combine weather features with 

historical trip features and time features to predict the aggregate bike sharing systemwide pick-up 

demand in the first level. In the second level, we introduce a similarity weight function and infer 

the station proportion demand based on the similarity weight between stations’ future pick-up 

proportion demands and historical pick-up proportion demands. Finally (third level), an hourly 

station network is proposed to generate network measures that capture bike flow relationships 

among stations. We derive the station’s drop-off demand using network measures and previously 

predicted station pick-up demand output in level 2. 

Our three-level station demand prediction modeling and performance evaluation method is 

evaluated using two different bike sharing system datasets, a large-scale Citi bike sharing system 

(New York City) and small-scale growing bike sharing system from the city of Fortaleza. In the 

future, we propose to extend and tune our prediction model using a longer time period as well as 

evaluate it using different bike share system sizes to verify the robustness and generality of our 

three-level prediction model. Furthermore, we would like to work with city governments to design 

rebalancing strategies (based on demand prediction results) to suggest interventions for bike 

rebalancing problems, and conduct experiments to evaluate those interventions. 

 

 



 81 

Chapter 4: Graph Neural Network of Spatial Temporal Data for Bike 

Sharing System Mobility Prediction 

4.1 Introduction 

 

Public transportation systems are integrating the most effective infrastructures in modern cities, 

supporting the daily commuting and traveling of millions of citizens. With rapid urbanization and 

population growth, public transportation systems have become more complex and intelligent. 

Traditional public transportation systems only include road vehicles like buses and taxis, rail 

transport like the subway.  Modem public transportation includes a lot of shared travel modes that 

have emerged in recent years, including online bike-sharing, ride-hailing, and e-scooter sharing. 

Developing large and smart cities face many transportation-related challenges such as air pollution 

and traffic congestion. Early intervention based on human mobility forecasting is essential to 

improve the efficiency of a transportation system and alleviate transportation-related issues. In the 

development and operation of smart cities and intelligent transportation systems (ITSs), traffic 

circumstances are detected by sensors installed on roads and subway stations, bus system 

transaction records, traffic surveillance videos, and even smartphone GPS data collected in a 

crowd-sourced platform. IN literature, traffic flow prediction research problem is typically based 

on consideration of historical traffic state data, together with the external factors which affect 

traffic states such as weather, holiday, and special events. 

Mobility prediction is a classical spatial-temporal prediction problem whose purpose is to predict 

the human mobility of several future periods based on the historical mobility observations (e.g. 

recorded via sensors of traffic station network). The problem has been found useful in many real-
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world applications such as intelligent route planning, dynamic traffic management, and smart 

location-based applications. The traditional methods often adopt machine learning, computational 

simulation, and statistical analysis approach to achieve the goal. Since most of these methods tried 

to solve it as a time series prediction problem, they are difficult to capture complex spatial-

temporal features for mobility forecasting tasks. Due to the high nonlinearity and complexity of 

traffic data, deep learning techniques have attracted much interest in recent years such as 

convolutional neural networks (CNN) and recurrent neural networks (RNN). Graph convolution 

network (GCN) is a well-designed deep learning framework that is used on video processing 

problems in Computer vision for many years. In this paper, we tried to model the mobility pattern 

into a dynamic changing graph and the time serious graph could be viewed as a video processing 

problem so that we could adopt the idea of GCN to solve the mobility prediction issue. GCN 

combined with the RNN approach could capture the spatial-temporal features at the same time in 

traffic prediction tasks and often obtain promising prediction results.  

Bike-sharing can greatly enhance urban mobility as a sustainable transportation mode to support 

first and last-mile solutions in a smart city. It would be challenging to provide high-quality services 

like the guidance of recommending pick-up stations and drop-off stations for citizens’ trip planning.  

In this study, we propose a novel deep learning model called GCNN-STP based on Graph 

Convolutional Neural Network to represent and predict the spatial-temporal mobility pattern at the 

same time. To understand the hidden spatial-temporal mobility patterns for bike-sharing system 

mobility demand, we design an adjacency matrix for the model: Distance matrix, Demand matrix, 

Demand Correlation matrix. These matrices indicate the GCN-STP not only captures some of the 

same information that exists in the station Distance, station Demand but also uncovers more 

underlying correlations between stations. We evaluate the performance of our proposed deep 
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learning model with traditional three-level prediction and show an improvement in representing 

and predicting the bike-sharing system mobility.  

4.2 Related Work 

 

Understanding the mobility pattern and predicting the traffic flow is a hot topic in recent years in 

Intelligent Transportation Systems In transportation systems, intelligent sensors will record the 

number of vehicles that get into and out of each station or each region in a period. In this case, the 

traffic flow data is generated to indicate the human mobility pattern. Being able to accurately 

forecast the traffic flow could help citizens and city managers to make decisions on traffic control, 

intervention design, and real-time route planning. Another motivation to analyze the traffic flow 

is to explore its marketing value. Companies are favorably interested in customer behavior such 

as customer mobility patterns. The companies can identify their potential clients and then design 

specific recommendation systems for their potential customers. For example, the digital roadside 

billboards are implemented in large cities, companies could dynamically change the content of the 

digital advertising to attract their target users. Last but not least, the security concern is also a keep 

motivation for the government to analyze and predict the resident mobility pattern. A lot of 

disasters have happened in overcrowded areas and the number of accidents and incidents is 

increasing year by year in large cities. To prevent such kinds of disasters, real-time surveillance 

systems and human crowd movement prediction are important for the smart city for public safety. 

For our research topic of bike-sharing system traffic flow prediction, the traffic flow prediction 

could help for bike-sharing system extension, bike route recommendation, and bike station 

rebalancing. The sensors on the bikes and each bike station will help to record the bike traffic flow. 

The main research challenge in bike-sharing system traffic flow forecasting is to understand the 
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dynamic changing spatial and temporal demand. Station-level bike-sharing pick-up and drop-off 

demand prediction with high accuracy is difficult but essential for bike trip planning and dynamic 

bike rebalancing in BSS service (Pal and Zhang, 2017).  

IoT-based moving sensors on bikes and fixed sensors in each bike station help to record the bike 

inflow and outflow of each station. Historical inflow and outflow are important features to 

understand the future traffic flow pattern. In addition, external environmental and seasonal 

information is also important to understand the traffic flow. For example, bike usage could be 

significantly low when we have very bad weather conditions and bike usage could be significantly 

high in good weather conditions. The bike flow pattern could also be affected by seasonal 

information as we could see different mobility patterns during workdays and holidays. In our 

research, we consider all these internal and external features to help predict the bike traffic flow in 

future periods for each station. 

In literature, many previous studies try to design a demand prediction model for each station 

separately to understand the bike-sharing demand.  The demand prediction performances are not 

so good and convincing because they failed to consider hidden correlations between stations to 

represent the dynamic changing spatial features among different stations (Yang et al., 2016). For 

instance, if a bike station near a subway exit has high pick-up demand during the morning rush 

hour period, another one close to it may also have high demand during that period. If a bike station 

has high drop-off demand when the nearby region is holding some special event, the nearby 

stations might also become the popular drop-off destination stations at that time. Moreover, 

building a separate demand prediction model for each station is time-consuming if the network is 

too large (with hundreds of stations). 
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The first traffic flow forecasting research work is published in the 1980s. During that period, the 

traffic flow prediction data and model are most generated by simulations.  In recent 20 years, with 

the development of IoT sensors and modern infrastructures, real-time mobility data could be 

recorded with traffic data collection systems. data-driven research approaches have been proposed 

to solve the traffic flow forecasting problem. Several survey papers conclude the recent research 

trends, methods, and challenges in traffic prediction. (DA Tedjopurnomo et al. 2020, P Xie et al. 

2020). In the traffic flow prediction concept, different prediction tasks are proposed to solve 

specific issues in the transportation system. For example, some institutes try to solve the traffic 

status prediction problem. The traffic status could be viewed as the traffic average speed or travel 

time for a specific road, and it could be used as a classification problem to classify the traffic status 

into smooth, heavy congestion conditions based on the traffic status in a different future period. 

Some institutes try to solve the traffic flow prediction problem. For a specific region like a large 

community, a road segment, a bus, or a bike station, sensors are implemented to help monitor the 

inflow and outflow at the same time. The inflow and outflow is the most challenging part and it is 

significant for the city managers to predict the traffic flow in future periods so that they could 

make real-time interventions to help alleviate the possible traffic congestion in advance. Some 

other institutes try to solve the travel demand prediction, especially for some taxi or uber 

companies. They would like to understand and predict the users' travel demand in advance to better 

dispatch their companies' vehicles to satisfy the upcoming demand and make profits. In our 

research work, we focus on traffic flow prediction because it is the most common and challenging 

issue in intelligent transportation systems. The bike-sharing system is the new popular shared 

transportation mode with modern IoT sensors and apps to help record the real-time bike flow data 

so that we could use it as a good study case for traffic flow prediction research problems. 
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Different time intervals for the future period are considered when researchers design their traffic 

prediction model. For instance, short time intervals at minute scales (every 10 minutes), middle 

time intervals (every hour/2 hours), long term intervals (daily, weekly) are conducted for their 

specific traffic prediction problem. In general, too narrow intervals or too large intervals are not 

that helpful for city managers to find possible unbalancing stations in advance and design their 

interventions to solve the bike rebalancing problem. we consider the mid interval as every one-

hour scale for our bike station inflow and outflow prediction model. The reason is that, unlike 

vehicle traffic flow for which the main issue would be traffic congestion in real-time, the bike-

sharing system would consider whether stations would be empty while these stations still have 

high outflow demand or stations would be full while these stations are still the popular destinations. 

Hourly demand would be a good choice for a time interval to understand the inflow and outflow 

demand and find the possible unbalancing stations in advance to help design routing algorithms to 

dispatch bikes among stations since trucks should take less than one hour to transit bikes from 

stations to their nearby stations to rebalancing the bikes. 

Region definition is also important in traffic flow prediction. based on the GPS trajectories and the 

city map information, researchers would model their traffic prediction model into regions with 

different scales. For example, the vehicle traffic problem would consider the road into a different 

segment and then analyze the traffic flow of each specific road segment. For subways and buses 

transportation systems, researchers try to use squares (1KM * 1KM) to divide the city into small 

grids and then aggregate the stations into each grid to analyze the inflow and outflow of each grid. 

Other researchers also try to divide the city map by community such as commercial regions, 

university regions, entertainment regions and then aggregate the traffic data to analyze the region-

level traffic flow. The region-based traffic flow is also called non-stationary prediction. For large 
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region traffic flow, the result could help the city manager to understand the general human mobility 

in citizens' daily life and it could help them to evaluate the current transportation system and 

general ideas in expansion design of current transportation systems. small region or station-based 

traffic prediction is more challenging, but it could help city managers to figure out the real-time 

traffic demand and unbalancing situations in real-time traffic. In our research design, we consider 

the station level inflow and outflow prediction for the bike-sharing system in our model. 

Due to its spatial-temporal nature, the station-level bike-sharing inflow and outflow demand 

prediction problem have conceptual similarities with other problems in the intelligent 

transportation field, e.g., spatial-temporal delay pattern analysis (Z. Zhang et al., 2017) and short-

term traffic prediction in a road network (Min and Wynter, 2011). Vlahogianni et al. (2007) utilized 

temporal volume data from sequential detectors at the same link to improve the prediction 

performance of a multi-layer perceptron (MLP) model. Min and Wynter (2011) built a multivariate 

spatial-temporal auto-regressive model (MSTAR) to predict network-wide volume and speed 

considering neighboring links’ effect on each link’s traffic prediction. The neighboring links of a 

given link are pre-defined based on whether they are reachable with historical average link speed 

during a specified period. Unfortunately, these approaches are not applicable to capture the 

heterogeneous correlations between stations for bike-sharing demand prediction. Two bike-

sharing stations that are not on the same link may still have similar demand patterns. Also, a station 

being reachable from another station in each period does not indicate that its bike-sharing demand 

will be high. More recently, deep learning models have been used to solve transportation problems 

such as spatial-temporal transportation prediction. Unlike traditional machine learning algorithms, 

deep learning models are good at representation learning which means they require little effort to 

manually extract features from raw data (Goodfellow et al., 2016), and their performance has been 
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very promising when enough data is available to train these models. Convolutional Neural 

Network (CNN), which is a state-of-the-art deep learning model, has been applied for large-scale 

bike-sharing flow prediction (J. Zhang et al., 2017). CNN is defined and can be applied straight-

forwardly for data domains with regular grids such as images. It can also identify correlations 

among grids with various localized filters or kernels, and these shift-invariant filters are learned 

from data automatically. 

In general, traffic flow is more challenging for short time intervals and small regions. Based on 

specific aims and scenarios, the proper time interval in the region should be chosen for the traffic 

flow prediction model. Fundamental models with a historical average approach and immediate 

travel times are the simplest approach for traffic prediction and people would use them as a 

baseline to compare with. These models are used in some real-time traffic monitor systems to 

provide very short future time (1 to 5 minutes) for traffic prediction situations. Traffic simulation 

models are popular mathematical models in the 1990s when real-time traffic data is not available 

for most public bus and road networks.  Traffic simulation models are designed to simulate the 

possible traffic conditions are Origin-Destination matrices are designed to describe the vehicle 

mobility in a certain region. Operations like traffic signals, freeway merges, and HOV lanes design 

are used in simulation systems to solve traffic congestion issues. In recent twenty years, machine 

learning models are becoming popular, and a lot of time serials prediction models are introduced 

into traffic flow prediction research. Traditional time series modeling algorithms such as the 

autoregressive integrated moving average (ARIMA) and its variants such as Seasonal ARIMA, 

Kohonen ARIMA, ARIMAX with explanatory variables are difficult to be extended to represent 

spatial correlations. After that, the Bayesian network, K-Nearest Neighbors models are introduced 

to try to model the traffic flow states and predict the next traffic flow states using matrix-based 
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data models. They have advantages in handling noisy data and computation efficiency, but it is 

difficult to integrate external environmental features and the k value determination is difficult. To 

solve these drawbacks, researchers have proposed various deep learning models to catch the 

complex hidden traffic data of the transportation modes, which have similarities to mobile traffic, 

though mobile traffic data are relatively more dynamic and unstable. Most of these models use a 

few building blocks to respectively capture spatial dependencies, temporal dependencies and then 

merge embeddings from both spatial and temporal domains. Graph convolutional networks (GCN) 

is one of the most consolidated approaches to capture the spatial correlations among nodes, while 

Feed Forward Neural Network, Convolutional Neural Network, Recurrent Neural networks 

including Gated Recurrent Units (GRU), and long-short term memory (LSTM) have been used to 

model temporal dynamics introduced attention mechanisms including spatial attention and 

temporal attention to enhance GCN to better model the nonlinearities. These models have 

advanced the technology and shown significant improvement in prediction performance. 

4.3 Graph Neural Network Prediction Model Architecture 

4.3.1 Problem Formulation 

 

Traffic flow problems could be considered as road-level flow, region-level flow, and station level 

flow. Road-level flow problems are concerned with traffic volumes on a road and include road 

traffic flow, road origin destination (OD) Flow, and intersection traffic throughput. In road traffic 

flow problems, the prediction target is the traffic volume that passes a road sensor or a specific 

location along the road within a certain time period (e.g. five minutes). In the road OD flow 

problem, the target is the volume between one location (the origin) and another (the destination) 
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at a single point in time. The intersection traffic throughput problem considers the volume of traffic 

moving through an intersection. Region-level flow problems consider traffic volume in a region. 

A city may be divided into regular regions (where the partitioning is grid-based) or irregular 

regions (e.g. road-based or zip-code-based partitions). These problems are classified by transport 

mode into regional taxi flow, regional bike flow, regional ride-hailing flow, regional e-scooter 

flow, regional OD taxi flow, regional OD bike flow, and regional OD ride-hailing flow problems. 

Station-level flow problems relate to the traffic volume measured at a physical station, for example, 

a subway or bus station. These problems are divided by station type into station-level subway 

passenger flow, station-level bus passenger flow, station-level shared vehicle flow, station-level 

bike flow, and station-level railway passenger flow problems. Road-level traffic flow problems 

are further divided into cases of unidirectional and bidirectional traffic flow, whereas region-level 

and station-level traffic flow problems are further divided into the cases of inflow and outflow, 

based on different problem formulations. 

In the traditional bike-sharing station demand prediction problem, the demand is represented as 

pick-up demand and drop-off demand of each station in a time-series format. In our model, we 

view the city map in a graph and stations are the nodes in the graph and the nodes are connected 

by the bike trips. During a time interval, the total number of bikes picked up at a station would be 

the outflow of that station and the total number of bikes dropped off at a station would be the 

inflow of that station. In our model, the time interval setting would be every 1 hour, and the 

historical bike trip data would be aggregated into the hourly segment to represent the inflow and 

outflow of each station.  

Neural networks have gained a lot of success in recent years in image processing and speech 

recognition. The models are suitable for regular or euclidean data such as time series voice in 1D-
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grid or images in 2D-grid. In the traditional image processing deep learning model, the 

Convolutional Neural Network (CNN) is the most powerful model since it works well for data in 

the euclidean distance. CNN would use a convolutional layer to learn the information from nearby 

cells in each image cell by filtering the image with a sliding window across the entire image. When 

we are processing non-euclidean distance data such as social networks, chemical compounds, and 

irregular graphs, a traditional Convolutional Neural network would be not a good option since we 

could not use the same filter throughout the irregular graph. In our proposed graph representation 

of the bike flow forecasting problem, the data would be dynamic graphs in a non-euclidean domain, 

in this case, we need to figure out deep learning methods to deal with it. The challenging part is to 

convert the image prediction problem from Euclidean domains to non-Euclidean domains. Graph 

Convolutional Network (GCN) technologies are effective in graph applications from knowledge 

graphs to social networks. bike flow networks have dynamic structures and the stations are not 

connected in a fixed structure. To capture the spatial features among stations, we design different 

spatial graphs and integrate them to represent the spatial features and help to recognize each 

station's inflow and outflow based on its first layer immediate neighbors. 
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Station-level Bike flow formulation is introduced to represent the historical bike trips. The 

historical bike trip data is denoted as 𝐵𝑇 = {𝐵"G , 𝑆!, 𝑆G , 𝑇!, 𝑇G}. 𝐵"G defines the trip ID in historical 

bike trips. 𝑆! is the origin bike pick-up station and the 𝑆G is the destination drop-off station. 𝑇! is 

the timestamp of pick up and the 𝑇G is the timestamp of drop-off for this trip. The bike station in 

the city is represented in set 𝑆 = {𝑆&, 𝑆', 𝑆(, … , 𝑆@}. 𝑆" = {𝐿𝑎𝑡" , 𝐿𝑜𝑛"} indicates the Geolocation of 

each station 𝑆". For the traffic flow between stations during time interval 𝑡, we use 𝐼𝑛$ and 𝑂𝑢𝑡$ 

to represent the inflow and outflow matrices. the number 𝑛 would be the total number of stations. 

The is a different way from the traditional OD matrix to represent the bike traffic condition in bike-

Figure 4.1: CNN with Euclidean data 

 

Figure 4.2: GCN with non-Euclidean data 
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sharing systems. 𝐼𝑛"$ represent the inflow of station i at time t and 𝑂𝑢𝑡"$ represent the outflow of 

station I at time interval t. 

For a given set of bike stations and historical inflow and outflow matrices, we would like to 

formulate the station-level bike demand prediction problem into bike flow prediction. For the 

given inflow and outflow matrices: {𝐼𝑛/	, 𝐼𝑛&	, … , 𝐼𝑛$	} , {𝑂𝑢𝑡/	, 𝑂𝑢𝑡&	, … , 𝑂𝑢𝑡$	}, we would like 

to forecast the station-level inflow and outflow for time interval t: {𝐼𝑛$	}, {𝑂𝑢𝑡$	}. 

Graph Construction is important for station-level bike flow prediction. One graph is a basic 

structure used in GCN. It is defined as G = {V, E, A}, where V is the set of vertices or nodes, E is 

the set of edges between the nodes, and A is the adjacency matrix Element 𝑎"# of A represents the 

“edge weight” between nodes 𝑖  and 𝑗 . Both the nodes and the edges may represent different 

attributes in different GNN problems. For traffic forecasting, the traffic state prediction target is 

usually one of the node features. We divide the time axis into discrete time steps, for example, 

every 10 minutes or one hour, depending on the specific scenario. In single-step forecasting, the 

traffic state in the next time step is predicted, whereas in multiple steps forecasting the traffic state 

several time steps later is the prediction target. The traffic state at time step 𝑖 is denoted by 𝑥" , and 

the forecasting problem is formulated as: find the function F which generates 𝑦 = 𝐹(𝑋; ε; 𝐺), 

where y is the traffic state to be predicted, 𝑋 = 	 {𝑥&, 𝑥', … , 𝑥@	} is the historical traffic state defined 

on graph G, and N is the number of time steps in the historical window size. As mentioned in 

Section I, traffic states can be highly affected by external factors such as weather and holidays 

information. The forecasting problem formulation, extended to incorporate these external factors, 

takes the form 𝑦 = 𝐹(𝑋; ε; 𝐺), where ε represents the external factors. 
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4.3.2 Data Preprocess 

Data preparation processes and prediction methods for the urban flow prediction problem in 

important. Two groups of preparation processes are included in this study: (1) collecting spatial-

temporal datasets and external datasets and (2) dealing with various data problems, including data 

missing, data imbalance, and data uncertainty. 

We model the bike flow prediction problem and test it on both Fortaleza small bike-sharing system 

and New York Citi bike-sharing system to evaluate the performance. 

For the Fortelaza bike-sharing system, we use the bike trip data from Jan 2016 to May 2016 as our 

training data set and Jun 2016's bike trip data as our testing data set. For the New York Citi bike-

sharing system, we collect the bike trip data from Jan to May 2016 as our training dataset and bike 

trip data in June 2016 as our testing data set. The bike trip data is parsed into the hourly inflow and 

outflow of each station for each bike-sharing system. Station matrices with geolocations are also 

extracted to show each station's geolocation on the map. Stations distance matrices are also 

generated to reference the distances of any pair of stations. Wield bike trajectory data such as bike 

trips that are more than 12 hours are excluded from the historical bike trips since it might be a 

system error because most of the bike trips are short distance transfers within 2 hours.  

For external environment and seasonal information, we use the weather forecasting information 

from public open data source (OpenWeather API) to get the weather condition and the calendar 

information. The weather conditions are converted into hourly segment so that we could match 

them to the bike flow within the same time intervals. To measure the performance of our prediction 

model, we use Root Mean Squared Logarithmic Error (RMSLE) for measuring prediction accuracy. 
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4.3.3 GCNN-STP Inflow and Outflow Prediction 

Considering CNN is mainly created to extract highly meaningful statistical patterns and learn local 

stationary structures presented in data such as images and video, some emerging studies have 

proposed the graph CNN (GCN) for data lying on irregular domains such as network analysis. One 

popular approach for filtering in GCN models is to employ signal processing theory in graphs. For 

example, if we have an undirected and connected bike station inflow and out graph, each vertex 

has a signal or feature vector, and an adjacency matrix is defined where each entry encodes the 

degree of relation between signal vectors at two vertices. The adjacency matrix of the graph can 

be decomposed to form the Fourier basis. The Graph Fourier Transform is then performed to 

convert the signal data from the vertex domain to the frequency domain. Then, graph spectral 

filtering can be conducted to amplify or attenuate the contributions of some of the components. 

The mathematics notations to design the spatial graph in shown in the Spatial Graph Generation 

Notations. Multiple citation datasets were used to test their GCN for semi-supervised learning, and 

it is evaluated in related applications to outperform other such models in both efficiency and 

accuracy. However, as pointed out by the literature, critical shortcomings of the GCN are the need 

to create the graph artificially and predefine the adjacency matrix. And the quality of the input 

graph is of critical importance. For the Bike flow prediction problem, the following Figure shows 

the bike flow input and output graph. For example, if we would like to predict the detailed inflow 

and outflow of each bike station at the morning hour interval between 9:00 AM and 10:00 AM, 

we would like to use all the previous hourly inflow and outflow at the sequential input to help 

predict the next time frame’s inflow and outflow. 

For graph 𝐺 = (𝑉, 	𝑥, 	𝐸, 	𝐴), V is the station with finite number size N of stations. We will 

introduce two different GCNN-STP models for inflow and outflow separately. 
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For in flow, 𝑥	 ∈ 𝑅K. N is the total number of inflows for each station. E is the edge sets generated 

separately from Adjacency matrix. For example, 𝐸"# = 	1 means that there is an edge from 𝑗 to 𝑖 

station for the inflow of station 𝑖. 

For Adjacency matrix A, A 	 ∈ 𝑅K∗K;  A is the Adjacency matrix in Bike sharing systems. 

Adjacency matrix is predefined and used to normalize graph Laplacian matrix.  

 

GCN Spatial Graph Generation Notations 

Graph: 𝐺 = (𝑉, 	𝑥, 	𝐸, 	𝐴) 

V: Stations with finite size N; 

𝑥: 𝑥	 ∈ 𝑅K∗' signal for every vertex (Inflow and Outflow: {𝐼𝑛$	}, {𝑂𝑢𝑡$	}) 

E: edge sets 

A: A	 ∈ 𝑅K∗K; Adjacency matrix in BSS; 

Normalize graph Laplacian matrix: 

1: 𝐿 = 	𝐼K − 𝐷1&/'𝐴𝐷1&/';  

2: D is diagonal matrix with 𝐷"" = ∑ 𝐴"##  ; 

3: 𝐿 = 𝑈	𝛬	𝑈M 

 

Figure 4.3:  Spectral Graph Theory 
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4: 𝑈 = [𝑢/, 𝑢&, … , 𝑢K1&];  

5: 𝛬 = 𝑑𝑖𝑎𝑔([𝜆/, 𝜆&, … , 𝜆K1&]) 

 

 

 

The GCN model relies on the structure of the graph. The adjacency matrix needs to be defined 

first, with which the graph spectral filter can be approximated. We introduced three different kinds 

of adjacency graphs for this model. The introduced graph will represent the station node 

connections in the graph model. For each station, it is affected by its connected nodes in the 

proposed graph and we could use their neighbor node's properties to update the center node 

features. Station Geo-Distance Graph (GDG), Historical Trip Demand Graph (TDG), and In and 

Out Flow Correlation Graph (IOFCG) are designed in this GCN model and the details are listed 

below. 

Station Geo-Distance Graph (GDG): One way to encode the connection between stations is simply 

through the spatial distance. The distance matrix can be built using the spherical distances with the 

 

Figure 4.4:  GCN model input and output 
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known latitudes and longitudes of the stations. If two stations are spatially close to each other, they 

are connected in the bike-sharing graph network. In real bike-sharing systems, bike trips are more 

likely to be short-distance transfers. For example, there will be free of charge if citizens take the 

bike trip within 30 minutes in many bike-sharing systems with their membership cards. People 

could drop off and then pick up the bike again at the same station to avoid extra charges if they 

would like to take a longer trip without extra fees. Under these circumstances, bike trips are more 

likely to be among stations with relatively close distances. From the geolocation of each station, 

we could generate the stations' geo-location distance matrix as 𝐺&. element 𝑑"# in 𝐺& represent the 

distance stations 𝑖 and 𝑗. In Fortaleza bike-sharing system the 𝑑$%NOP  is set as 4 km and the 

threshold is set as 2 km in New York Citi bike sharing system. The reason is that the Fortaleza is 

a relative small bike sharing system with only 60 bike stations and the average distance between 

all stations 8 km. For New York Citi bike sharing systems have more than 300 bike stations in 

2016 and the distance between stations are close to 5 km.  we build the graph link between stations 

if their distance is below the threshold. 

GDG Graph Generation 

𝐺& = �
0 ⋯ ,-.

⋮ ⋱ ⋮
𝑑K& ⋯ 0

�  ; 

𝑑"# is the distance between station 𝑖 and 𝑗; 

𝐴"# = 1	𝑖𝑓		𝑑&K ≤ 𝑑$%NOP; 

𝐴"# = 0 if 		𝑑&K > 𝑑$%NOP; 
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For example, if we have a simple system with only 4 stations and their geo location distance is list 

in the Figure below. Then we can generate the linked GDG graph. 

 

Historical Trip Demand Graph (TDG): This graph generation makes use of the historical bike trip 

pick-up and drop-off station information in the bike-sharing transaction records. The symmetric 

demand matrix considers the total demand between stations 𝑖 and 𝑗. The assumption is that more 

bike trips between two stations indicate a stronger connection between these two stations. For 

example, people prefer to take bikes from stations near subway exits or bus stop stations to stations 

near their companies location during morning rush hour as the last-mile solution. During the 

afternoon rush hour, they would take the reverse bike trip from stations near their working 

company to bike stations near the subway entrance as the first-mile solution. The accumulated bike 

trips between two stations indicate a high demand between these stations we would like to generate 

a link between them to indicate strong connections. The following Figure demos a simple example 

of bike-sharing systems with four stations and the calculation steps to generate the TDG graph. 

 

Figure 4.5: Station Geo-Distance Graph (GDG) Generation 
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TDG Graph Generation 

𝐺'	= �
0 ⋯ /0-.

⋮ ⋱ ⋮
/0.- ⋯ 0

�		;		

ℎ𝑡"# 	is	the	number	of	historical	trip	records	station 𝑖 and 𝑗	(include	both	

trips	from	𝑖 to 𝑗	and	from	𝑗 to 𝑖)	;	

𝐴"# = 1	𝑖𝑓		ℎ𝑡&K ≥ ℎ𝑡$%NOP;	

𝐴"# 	=	0	if			ℎ𝑡&K < ℎ𝑡$%NOP;	

 

 

 

In and Out Flow Correlation Graph (IOFCG): This approach seeks to capture the temporal demand 

correlations between stations by employing the station's average inflow and outflow of the bike-

sharing transaction records. The assumption is that similar bike inflow and outflow patterns would 

be connected in the station graph. For example, the bike station inflow usage would be very similar 

 

Figure 4.6: Historical Trip Demand Graph (TDG) Generation 
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if some special events are happening near that station so that people are heading to that bike station 

as a popular destination. After the special event, that bike station would be a popular pick-up origin 

station for people to transfer. The bike-sharing transactions are aggregated by the hour based on 

the inflow and outflow. Finally, each station has a time series of average hourly bike-sharing 

inflow and outflow based on the historical pattern. The IOFCG is defined by calculating the 

Pearson Correlation Coefficient (PCC) based on the hourly bike demand series between station 𝑖 

and station 𝑗. When we design the Inflow prediction graph, we only use stations' average inflow 

to calculate the Pearson coefficient and we choose the average outflow to calculate the Pearson 

coefficient for the outflow Prediction graph. The following Figure demos a simple example of 

bike-sharing systems with four stations and the calculation steps to generate the IOFCG graph. 

 

IOFCG Graph Generation 

𝐺(	= �
0 ⋯ 123-.

⋮ ⋱ ⋮
123.- ⋯ 0

�		;	

𝐶𝑜𝑟"# = 	 ∑ (R41RS)(T41TS)
5
46-

U∑ (R41RS)7V∑ (T41TS)75
46-

5
46-

	

	𝐶𝑜𝑟"# 	is	the	Pearson	coefficient	between	station	𝑖	and	𝑗;	

𝑆" = [𝐼"̅&, 𝐼"̅', … , 𝐼"̅'), 𝑂¢"&, 𝑂"', … , 𝑂¢"')]		;		

𝑆# = [𝐼#̅&, 𝐼#̅', … , 𝐼#̅'), 𝑂¢#&, 𝑂#', … , 𝑂¢#')]	

𝐴"# = 1	𝑖𝑓𝐶𝑜𝑟&K ≥ 𝐶𝑜𝑟$%NOP;	

𝐴"# = 0	𝑖𝑓𝐶𝑜𝑟&K < 𝐶𝑜𝑟$%NOP;	
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Graph Convolution Neural Network with Spatial-Temporal Mobility Pattern (GCN-STP) 

prediction model is designed to solve the traffic flow prediction problem. In this specific bike-

sharing transportation mode, traffic flow is represented as bike trip inflow and outflow of each 

station in the city in every one-hour segment. In the first GCN module, generate three different 

graphs to represent the graph connections of the bike stations. In the GDG graph, stations are 

connected based on their geo-location distance. In the TDG graph, stations are connected based on 

the bike trip frequency between stations. In the IOFCG graph, stations are connected based on the 

historical inflow and outflow similarities between stations. We tried to use each graph separately 

to generate the spatial patterns and also tried to combine these graphs together to generate the 

spatial patterns to compare their performance and to evaluate our assumptions in building these 

graphs. After the Graph Convolution layer updates the spatial features for each station using their 

 

Figure 4.7: Station Geo-Distance Graph ( IOFCG ) Generation 
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first layer neighbors, we could be able to capture the local spatial pattern in lower dimensions. 

Then we combine these trained features of each historical time interval into a Recurrent Neural 

Network Unit to capture the temporal patterns. Tanh's non-linear activation function is used to 

regulate the values flowing through the network. The Forget Gate would ignore the information if 

the historical inflow and outflow time is too far away or not in the same weekdays or weekends 

categories. In this case, we could implement those assumptions in our three-level design model 

about period closeness. Inflow and Outflow would be similar if they are in similar hours during 

different workdays or holidays or if they are close in time on the same day. Finally, we also 

integrate the external weather and seasonal information and combine them into a feed-forward 

Neural Network to generate the final inflow and outflow of each station separately in a future 

period. The GCN-STP model architecture and the details in GCN and RNN steps are shown in the 

Figures below. 

 

Figure 4.8:  GCN-STP Bike Flow Prediction Model Framework 
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4.4 Result Analysis 

The seven benchmark models for comparison with GCN-STP models are briefly introduced here 

as follows: 

• HA: predicts the bike-sharing station-level inflow and outflow based on the moving average 

of historical inflow and outflow data. 

• ARIMA: Auto-Regressive Integrated Moving Average to capture the temporal structures of 

time series data. For each station, use ARIMA historical inflow and outflow to develop an 

ARIMA model for time series forecasting. 

• 3LEVEL: Three-level prediction model in the previous study. The pick-up and drop-off 

demand in level 2 and level 3 output are converted into inflow and outflow to be compared. 

 

Figure 4.9: GCN-STP Spatial and Temporal Pattern Model 



 105 

• RNN: Recurrent Neural Networks. State of the art algorithm for sequential data forecasting. 

Good performance with time-series data processing.  

• GBRT: GBRT is a gradient boosted regression tree technique used for regression predictive 

modeling. The hyper-parameters of the GBRT model are determined based on the Bayesian 

optimization method. 

• GCN-STP-GDG: Our proposed Graph Convolutional Network Spatial-Temporal Prediction 

model with Geo Distance Graph only. 

• GCN-STP-TDG: Our proposed Graph Convolutional Network Spatial-Temporal Prediction 

model with Trip Distance Graph only. 

• GCN-STP-IOFCG: Our proposed Graph Convolutional Network Spatial-Temporal Prediction 

model with Inflow and Outflow Correlation Graph only. 

• GCN-STP: Our proposed Graph Convolutional Network Spatial-Temporal Prediction model 

aggregates all three graphs. 

In our first experiment, we tried to only predict one hour segment on 06/02/2016 for the New York 

Citi Bike-Sharing system and the Fortaleza Bike-sharing system for the morning rush hour 

between 9:00 AM - 10:00 AM to have a fundamental comparison for all the stations.  

From the preliminary result, we could see that the GCN-STP model achieves the best performance 

compared with all other baseline models and proposed three-level models in the previous study. 

In the previous three-level model, it has the advantage in capture the system-level prediction result. 

But the performance is not as good as expected when dealing with large bike-sharing systems with 

complex spatial and temporal patterns. One conclusion could be that the previous three-level 

model has a relatively good performance in capturing the temporal patterns but failed to capture 

the spatial patterns. All proposed GCN-STP methods are better to capture spatial patterns. When 
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comparing the performance of the RNN model with GCN-STP methods, we could see that GCN-

STP with geo-location graph is not as good as RNN and also not as good as the three-level 

prediction model. Only considering the geo-location distance to build the bike station graph is not 

a perfect way to model the spatial patterns between different stations. For Fortaleza, the GCN-

STP-GDG method is much better compared with the same model in the Citi Bike-sharing system. 

Comparing the visualization of station geo-locations in Google Maps, we noticed there exists the 

situation in the Citi Bike-sharing system that the trips between two stations are very few even 

though their geo-location distance is relatively short. In Fortaleza, the bike stations' geo-location 

distance would be similar to their real bike trip routes. In the Citi Bike-sharing system, those 

stations with short geo-location distances are blocked by the river or a highway so people need to 

do a very long distance detour to transfer between those two stations. From this point of view, we 

could consider the real bike trip route distance between stations instead of the geo-location distance 

between stations to represent the station's connections in a new graph called Bike Trip Route 

Distance in future design to see if it could improve the capability for capturing spatial features. 

Table 4-1: Station Level bike flow prediction for New York Citi Bike-sharing System for 9:00 
AM – 10:00 AM on 06/02/2016 

 

MODEL HA ARIMA GBRT 3LEVEL GCN-
STP-
GDG

GCN-
STP-
TDG

GCN-
STP-

IOFCG

RNN GCN-
STP

RM
SL

E

New York 
Citi Bike 
Sharing 
System

06/02/2016

9:00 –
10:00AM

Inflow

0.4720 0.4056 0.3560 0.3162 0.3225 0.2908 0.2734 0.3170 0.2364

06/02/2016

9:00 –
10:00AM
Outflow

0.5339 0.4327 0.3716 0.3585 0.3371 0.3023 0.2878 0.3253 0.2472
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Table 4-2: Station Level bike flow prediction for Fortaleza Bike-sharing System for 9:00 AM 
– 10:00 AM on 06/02/2016 

 

We extend to an analysis of the performance of high inflow and outflow bike stations VS low 

inflow and outflow bike stations in two bike-sharing systems. In New York Citi bike-sharing 

systems, we rank the stations by the historical average inflow and outflow and choose the top 40 

stations as our target stations for high inflow and high outflow stations. The low inflow and outflow 

stations are in the bottom 40 stations for inflow and outflow ranking. For Fortaleza bike-sharing 

system, we use the top 20 stations and bottom 20 stations in historical inflow and outflow ranking 

to represent the high and low inflow and outflow stations. First, we could find out that our proposed 

GCN-STP still achieves the best performance compared with other state-of-the-art methods both 

in high demand and low demand stations with stable performance. When comparing with the three-

level model, especially when we are analyzing a large Citi bike-sharing system with complex 

spatial patterns, the three-level model's performance is quite low. GCN-STP is capable to fill the 

gap to capture the complex spatial patterns in smart transportation systems like bike-sharing 

systems. In addition, the three-level model performance is much better on the small bike-sharing 

system compared with the large and complex bike-sharing system. we could conclude that GCN-

MODEL HA ARIMA GBRT 3LEVEL GCN-
STP-
GDG

GCN-
STP-
TDG

GCN-
STP-

IOFCG

RNN GCN-
STP

RM
SL
E

Fortaleza
Bike-

sharing 
system

06/02/2016

9:00 –
10:00AM

Inflow

0.4438 0.4015 0.3642 0.2403 0.2645 0.2258 0.1944 0.2620 0.1952

06/02/2016

9:00 –
10:00AM
Outflow

0.4523 0.4124 0.3507 0.2428 0.2716 0.2210 0.2060 0.2733 0.1893
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STP is a more reliable model with constant performance on different size transportation modes. 

Finally, for the graph design of the GCN-STP model, we could conclude that the IOFCG graph 

outperforms theTDG graph and the TDG outperforms the GDG graph in representing the spatial 

features in the bike-sharing system. One reason is that the average degree of the IOFCG graph is 

higher than the other two graphs. Some stations might not be close in distance, but they share very 

similar inflow and outflow patterns during rush hours. IOFCG is able to link those stations and use 

them as first layer neighbors to update inflow and outflow properties for that station. Another 

reason could be the threshold choosing issue. We could use a loose threshold in the TDG graph to 

get a dense network so that more stations are linked together to affect each other. But this might 

also bring new issues like increasing computational cost and introducing redundant links to the 

current graph. 

Table 4-3: Performance of High Inflow and Outflow Stations in Bike-sharing systems 

 

MODEL HA ARIMA GBRT 3LEVEL GCN-
STP-
GDG

GCN-
STP-
TDG

GCN-
STP-

IOFCG

RNN GCN-
STP

RM
SL

E

New York 
Citi

Bike-
sharing 
system

High 
Inflow 

Stations

0.5638 0.4524 0.4128 0.3814 0.3256 0.2858 0.2744 0.3504 0.2348

High 
Outflow 
Stations

0.5323 0.4617 0.4071 0.3427 0.3319 0.2710 0.2860 0.3358 0.2306

Fortaleza
Bike-

sharing 
system

High 
Inflow 

Stations

0.4613 0.4315 0.3642 0.2224 0.2635 0.2258 0.1908 0.2782 0.1942

High 
Outflow 
Stations

0.4247 0.4124 0.3507 0.2157 0.2714 0.2219 0.2060 0.2833 0.1913
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Table 4-4: Performance of Low Inflow and Outflow Stations in Bike-sharing systems 

 

 

4.5 Chapter Summary 

This chapter is trying to model the bike-sharing system demand problem as the mobility pattern 

prediction in the traffic forecasting domain. Bike-sharing system demand could be reviewed as the 

inflow and outflow of each station in the future period. We could convert this demand to the graph 

domain by viewing stations as nodes and the traffic demand within stations as the link between 

stations.  

We generated three graphs separately to represent the station network in the bike-sharing system 

to extract the spatial features among stations. Then we combine these graphs to feed them into an 

RNN model to capture the challenging spatial-temporal mobility pattern in a transportation system.  

We convert the station-level demand prediction result with both the state-of-art methods and the 

three-level prediction model in chapter 3 into inflow and outflow and then compared it with our 

MODEL HA ARIMA GBRT 3LEVEL GCN-
STP-
GDG

GCN-
STP-
TDG

GCN-
STP-

IOFCG

RNN GCN-
STP

RM
SL

E

New York 
Citi

Bike-
sharing 
system

Low 
Inflow 

Stations

0.5727 0.4880 0.4392 0.4214 0.3328 0.2858 0.736 0.3841 0.2416

Low 
Outflow 
Stations

0.5391 0.4743 0.4237 0.4027 0.3417 0.2820 0.2689 0.3625 0.2438

Fortaleza
Bike-

sharing 
system

Low 
Inflow 

Stations

0.4825 0.4472 0.3748 0.2563 0.2620 0.2318 0.1944 0.2806 0.1958

Low 
Outflow 
Stations

0.4476 0.4310 0.3691 0.2657 0.2656 0.2309 0.2060 0.2812 0.1971
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designed deep learning GCN-STP model. The proposed deep learning GCN-STP method 

outperforms all other prediction models and shows a good representation of dynamic changing 

spatial-temporal patterns in spatial-temporal data. 

First, the Graph inflow and outflow could be an innovative way to present the origin-destination 

demand in the bike-sharing system so that we could adopt the GCN approach to solve the traffic 

prediction issue in smart city applications.  

Second, The GCN-STP model could get the station-level inflow and outflow forecasting result in 

the short term and the result is robust with high accuracy in both small and large scale bike-sharing 

systems. Future research topics such as individual bike route recommendation and bike station 

rebalancing design could be conducted based on the station-level inflow and outlfow prediction 

result. 

Finally, this model could be extended to all general traffic flow prediction problems such as bus 

flow, taxi flow, and Pedestrian flow prediction research if we are able to gather the spatial-temporal 

heterogeneous data for bus, taxi, and pedestrian trajectory. 

Chapter 5: Conclusions And Future Directions 

 

5.1 Summaries and Conclusions 

Traffic prediction is essential in an intelligent traffic system. Accurate traffic prediction can help 

bus route planning, assist vehicle dispatching and mitigate traffic congestion. Accurate traffic 

prediction is essential to many real-world applications such as congestion alleviation, demand 

prediction, and resource rescheduling to meet dynamic needs. The main contributions of this 

dissertation could be summarized as follows: 
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A complete research framework for a smart city transportation system application is designed. 

preliminary analysis, machine learning models including deep learning models are explored in 

bike-sharing systems to solve real-world transportation-related issues.  

Common heterogeneous big data are analyzed and modeled simultaneously in our two different 

prediction models to predict the bike-sharing system demand. All factors related to spatial, 

temporal, and environmental effects are considered to analyze the urban mobility pattern. 

The demand prediction problem is viewed as inflow and outflow prediction in a graph structure so 

that GCN could be used in the graph to update the graph structure and inflow and outflow for 

future traffic flow. 

The proposed GCN-STP model could capture the spatial patterns and the feedforward RNN 

structure could capture the temporal patterns. The deep learning framework could achieve robust 

and accurate prediction performance compared with state-of-the-art algorithms. 

The urban bike inflow and outflow mobility prediction model could be extended to all related 

spatial-temporal data traffic flow problems to represent the spatial-temporal patterns and support 

future locations based on services and operations. 

5.2 Future Directions and Research Interests 

My current research about smart transportation in the next stage aims to develop a rebalancing 

strategy based on prediction results. We could identify those stations which would have 

rebalancing issues in the future period and then design dispatch algorithms to relocate bikes within 

different stations during non-rush hours to reduce the unbalancing period and satisfied the dynamic 

changing demand. In addition, how to improve the graph design to represent spatial-temporal 

mobility patterns could be a good research question to continue. For different transportation 

systems, we could explore new graphs and use new measurements to help design the graph 
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structure and incorporate them with other network analysis methods like the signed network 

approach to improve the GCN deep learning model. 

My other research interest is smart health in smart city applications. The general idea is about drug 

safety evaluation during COVID-19 and I would like to analyze the Twitter data related to COVID-

19 and drug safety. The pandemic of COVID-19 is the biggest global health concern currently.  

Since most clinical trials are still ongoing, the efficacy of most drugs is inconclusive or pending. 

Therefore, it is important for physicians to select drugs with favorable safety profiles once the 

drugs are approved or authorized for use in treating COVID-19. 

The efficacy of drugs in treating COVID-19 patients remains unclear, adverse events reported in 

post-marketing surveillance can be used as a safety measure to provide physicians with 

information regarding which adverse events are more likely to occur in patients. This knowledge 

could be further used to inform the selection of drugs for treating COVID-19 patients once drugs 

are approved/authorized for treatment of specified indications.  

we are going to use big data analytics to extract safety measurements for the drugs currently 

repurposed for the treatment of COVID-19 in clinical trials. The big data sources include FDA 

Adverse Event Reporting System (FAERS) and social mediate data from Twitter and Facebook. 

Drug safety measurements such as adverse drug events and side effects will be evaluated using 

enrichment analysis on the big structural data in FAERS, while safety concerns on the drugs 

repurposed for the treatment of COVID-19 in the big non-structural social media data in Twitter 

and Facebook will be extracted out using artificial intelligence techniques such as deep neural 

networks for natural language processing. The identified safety measurements and concerns for 

the drugs repurposed for the treatment of COVID-19 will be integrated into a searchable system 

that can be used for facilitating physicians to select the right drugs for the right COVID-19 patients 
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in clinical practices. The outcome system also could be used to inform reviewers in the safety 

evaluation of COVID-19 treatment drugs. The ultimate goal is to provide detailed drug safety 

information that can be used to facilitate safety evaluation for drugs repurposed for treating 

COVID-19 patients. The drug safety profiles that will be generated in this project could be used to 

inform the selection of drugs for appropriate COVID-19 patients and thus better combat the 

COVID-19 pandemic.   

 

Appendix 

Appendix A: Bike Sharing Data Profile 

Fortaleza bike-sharing system starts in Dec 2014 with 15 bike stations and extended to 60 stations 

in Nov 2015. We collected the data from Dec 2014 to March 2016 for our research design. The 

detailed monthly pick-up usage for the whole bike-sharing system is shown in Figure 6.1. Among 

these trips, around 30 percent are round trips and 70% are one-way trips. Fortaleza is a popular 

tourist city with long beach so many tourists would try to take the round trip as a leisure trip. 
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For New York Citi bike sharing system, the weekday and holiday trips hourly distribution is listed 

in Figure below. 

 

Figure 0.1: Fortaleza Bike-sharing System Data Profile 
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Appendix B: First and Last-mile Solution 

 Citizens in Fortaleza could use the same smart to take the bus transportation and the bike system. 

In this case, it is possible to link the same users' bus trips and bike trips together by the same user 

ID. In the linkage table, we could identify 15,653 records of bike-sharing ID with smart card ID 

and 834,017 records of BU user ID with smart card ID. Then we match these two linkage tables 

and finally match 9,902 records to link the bus trips with the bike trips for the same users taken on 

the same day. These trips could help to analyze the first and last-mile solution. 

 

 

Figure 0.2: Workday and Holiday Trips Hourly Distribution 
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We use all the bike and bus trips in March 2015 to identify the first and last-mile solutions. For 

the first-mile solution, we use a 0.1 km threshold to find the distance between boarding bus stops 

with drop-off bike stations. For the last-mile solution, we use a 0.1 km threshold between bus stop 

stations and the pick-up bike station. Finally, we found 5261 first-mile trips and 4053 last-mile 

trips in March 2015 in the city of Fortaleza.  

For instance, the following figure shows the bike trips and bus trips taken by the same user and 

this user always uses bike transportation as his last-mile solution to reach his destination after 

taking the bus trip. Figure 6.2 shows the bike trips and bus trip information for the same user and 

Figure 6.3 depicts the moving trajectories for him. User 1896252 would take a bike trip to station 

26 and then take the bus trip at the bus station near bike station 26. After he get off the bus near 

bike station 33, he would pick up another bike at bike station 33 to his destination. 

The following Table list the top drop-off bike stations for the first-mile solution. These bike 

stations are listed in Figure 6.4. The red bubble size at the bike station indicates whether it is a 

popular bike station for first-mile solutions. 

 

Figure 0.3: Identify First and Last-mile Solution 
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Table 0-1: Top drop off Bike Stations for First-mile solution 

Drop off Station Total # of First-Mile Transportation 

33 1222 

35 568 

 

Figure 0.4: Bike trips and Bus trips for the same user 1896252 

 

Figure 0.5: User 1896252's First and Last-mile trips 
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19 527 

32 489 

38 416 

14 403 

37 402 

34 324 

28 311 

3 293 

 

The following Table list the top pick-up bike stations for the last-mile solution. These bike stations 

are listed in Figure 6.5 The red bubble size at the bike station indicates whether it is a popular bike 

station for first-mile solutions. 

 

Figure 0.6: First Mile Solution Bike Stations 
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Table 0-2: Top Pick-up Bike Stations for Last-Mile solution 

Pick up Station Total # of Last-Mile Transportation 

33 493 

32 401 

18 375 

19 336 

14 331 

35 320 

20 313 

23 297 

1 277 

40 277 

 

 

 

Figure 0.7: Last Mile Solution Bike Stations 
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Appendix C: Bike Station Community Analysis and Rebalancing 

Because 95% of the bike trips happened between 5:00 AM to 10:00 PM. We use hourly pick up 

and drop off between 5:00 AM to 10:00 PM to measure each station's demand. From the historical 

trip data set, for some stations the hourly pick up or drop off could be 0 because those stations are 

full of bikes or empty. But this will not reflect the actual demand because of the unbalancing issue.  

We removed those time slots full of bikes or empty situations to aggregate the hourly pick-up and 

drop-off demand of each station and separate the result on weekdays and weekends. 

 

 

Figure 0.8: Station Community Visualization 
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Figure 0.9: Weekday Morning Community 

 

Figure 0.10: Weekday Afternoon Community 
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Figure 0.11: Weekend Morning Community 

 

 

Figure 0.12: Weekend Afternoon Community 
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Station Community detection algorithms are proposed, and the rule is that most trips happen within 

each group instead of between different groups. Finally, we divide the network into two temporal 

segments (to account for the morning and afternoon rush hours that typically lead to trip flows in 

different directions) resulting in four different networks ({weekday, weekend}x{morning, 

afternoon}). The following four Figures depicts the regions for each network. 

Weekday morning have 4 communities. In Figure 6.7 the red community is the central business 

district. The blue community is an educational community near the federal university. The green 

community is the industrial community. The yellow community is the part that connects the 

industrial and beach areas. 

We also cluster the bike stations based on the pick-up demand of each stations in weekdays and 

weekends into three clusters separately. Two different clusters for weekdays and weekends are 

shown in the Figures below. The map shows the high, medium, low pick-up demand on Weekends.  

Weekday afternoon has 3 communities. In Figure 6.8 the red community is the central business 

district. The blue community is an educational community near the federal university. The green 

 

Figure 0.13: Rebalancing situation for Weekday morning 
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community is the industrial community. Red stations are pick-up high-demand stations. Blue 

stations are pick-up medium demand stations. Yellow stations are pick-up low-demand stations. 

During weekdays, stations near Federal University and stations near the beach are the pick-up  

 

high-demand stations. During weekends, Stations near the beach are the high-demand stations. 

Stations near the federal university become less popular. 

Figure 6.13 shows the predicted stations that might be full of bikes or be empty in the future. The 

suggested rebalancing strategy is to schedule bikes from accumulated bike stations to consume 

bike stations. 

Figure 6.14 depicts the dashboard for bike-sharing system visualization. Graphs and Charts are 

implemented to evaluate the bike trip usage pattern. 

 

Figure 0.14: Fortaleza Bike-Sharing Dashboard 
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