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Abstract 

Comprehending urban mobility is crucial for understanding and addressing the dynamic and complex 

nature of cities. Traditionally, the understanding of urban processes and the behaviour of citizens were 

derived from traditional sources of data such as manual counts and travel diaries. Whilst these 

traditional data provide valuable information, the laborious and infrequent nature of these data 

collection methods have limited the ability to be able to capture, predict, and understand both granular 

and real-time changes in mobility patterns. In recent years, this has changed due to the prolific rise of 

digital trace data, where information on people’s behaviours and interactions is collected by a range of 

digital and technical systems. Relative to traditional data, digital trace data presents higher frequency, 

volume, and granularity of information, providing researchers with novel opportunities to understand a 

wider range of urban behaviours. Yet, despite the advantages of digital trace data, significant challenges 

and research gaps remain.  

The key challenges and research gaps addressed in this thesis focus on three main areas: visualisation, 

analysis, and contextualisation. The first challenge, visualisation, has arisen due to the growth in size 

and granularity of digital trace data. Despite offering a wealth of information, traditional movement 

visualisation techniques cannot harness the full potential of these data because the increase in size and 

granularity of movement data has resulted in a rise in visualisation issues, such as visual clutter. The 

second challenge is analysis, where methodological challenges and gaps in the data lead to gaps in our 

understanding of certain urban behaviours. Despite a wealth of information now collected by digital 

trace data, some important aspects of urban behaviours, specifically collective pedestrian behaviour, are 

still less studied and understood due to a relative lack of appropriate data. The third challenge, 

contextualisation, concerns the imbalance between identifying patterns and understanding their context. 

Despite enabling researchers to quickly generate and unlock insights and patterns, digital trace data are 

often not accompanied by the contextual information needed to explore and understand the relationship 

between movement patterns and their broader social, economic, demographic, and environmental 

context.  

This thesis aims to address these deficiencies in the context of urban areas across three empirical 

research chapters. The first empirical chapter explores the deficiencies for movement visualisation 

techniques and evaluates how vector fields, a visualisation technique typically used to depict the 

movement of weather, fluid, and forces, can effectively visualise the movement of 10,000 flows across 

Milan. In this study, I find that adapting vector fields can effectively illustrate movement patterns by 

tackling common visualisation challenges such as visual clutter, salience bias, and spatial information 

loss. The second empirical chapter utilises pedestrian counting data and a clustering approach to 

establish the different types of responses in collective pedestrian behaviour across the centre of 

Melbourne during the COVID-19 pandemic. In this study, I find distinct responses in pedestrian activity 
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across the centre of Melbourne over the study period and find that differences in responses between 

locations, specifically retail and sustenance venues, were largely characterised by the land-use and the 

changing behaviours of inhabitants. The third empirical chapter builds on the second, and addresses 

deficiencies in the contextualisation of movement patterns. This chapter, using a multi-level modelling 

approach and supported by ancillary data, measures the relationship between changing movement 

patterns on Chicago’s rail network both during and emerging from the COVID-19 pandemic, and 

stations’ social, demographic, and environmental context. By integrating low-frequency contextual data 

with digital trace data, this study discovers that during the pandemic, more trips were made by racial 

and ethnic minorities and emerging from the pandemic, less trips were made at stations where people 

had greater access to private vehicles and home working.  

Collectively, these chapters have addressed and contributed to some of the key contemporary challenges 

and research gaps associated with digital trace data in the context of urban mobility. Many of these 

contributions are in the context of the COVID-19 pandemic, where the COVID-19 pandemic 

fundamentally changed how cities and their inhabitants behaved. This thesis helped provide valuable 

insights into these changes and moving beyond the pandemic, as cities and behaviours continue to 

evolve and access to new and emerging forms of data continue, such insights will remain valuable for 

ensuring effective data visualisation, analysis, and contextualisation.   
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Chapter 1. Introduction 

1.1 Introduction and background 

The increasing ubiquity of digital trace data has presented researchers with exciting opportunities in 

social and behavioural research (Keusch and Kreuter, 2021), yet the same advantages have also created 

challenges for visualisation, analysis, and contextualisation (Dodge, 2019). Digital trace data refers to 

information collected about people’s behaviours and interactions with a wide range of digital and 

technical systems including websites, social media, smart phone applications, and urban sensors 

(Kitchin, 2013; Stier et al. 2020). Data such as digital trace data are vast (Robinson et al. 2022) and 

hold an enormous wealth of information on the movement and interactions of humans over space and 

time (Huang et al. 2021). In urban areas, these data are crucial for capturing, understanding, and 

managing the changing nature of cities (Lenormand and Ramasco, 2016).  

Cities are dynamic entities which are constantly changing as a result of processes such as urbanisation 

or worldwide events such as the COVID-19 pandemic. However, understanding these processes and the 

behaviours of inhabitants is traditionally shaped by static forms of data. Static forms of data are forms 

of data which are updated less frequently, such as the decennial census and diary-based travel surveys 

(Yang et al. 2016; Arribas-Bel and Tranos, 2018). Traditional data collection methods such as surveys 

and the decennial census possess several major advantages, including transparency, careful curation, 

and they are often stored in public databases (Recchi and Tittel, 2023). However, relative to newer forms 

of data such as GPS tracking and other passive location tracking data, they also have several 

disadvantages (Wolf, 2006). For example, some of the key challenges of travel surveys in the early 

2000s included increasing costs, increasingly poor response rate, and a decrease in the accuracy of the 

travel data as respondents would forget or fail to report shorter trips (Wolf, 2006; Stopher and Greaves, 

2007). Furthermore, compared to newer forms of data, traditional datasets also often have smaller 

sample sizes, only providing a “snapshot” of a city, and are slow to collect and release data (Kitchin, 

2015; Yang et al. 2016; Zaki and Sayed, 2018; Lee and Sener, 2020; Kandt and Batty, 2021; Green et 

al. 2021; Recchi and Tittel, 2023). 

Over the past few decades, the ability to measure and manage cities in near real-time has become much 

more possible since the digital revolution (Ferreira and Vale, 2022), where information and 

communication technologies (ICT) have been increasingly embedded into cities (Kitchin, 2014 (b)), 

collecting a wide variety of new, huge, and fast data (Rathore et al. 2016). Digital trace data is one form 

of data which has gained traction since the data revolution and represents a wide range of multimedia 

data, collected by urban sensors, social media, and mobile devices (Radanliev and De Roure, 2023). 

These forms of data present several advantages over traditional data collection methods (Wang and 

Hess, 2021) and promise exciting research opportunities (Singleton and Arribas-Bel, 2021). For 

example, digital trace data present larger and more frequent data with finer spatial and temporal 
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granularities (Dodge, 2019) and this information can help unlock new aspects and insights on urban 

dynamics, potentially changing our perceptions on how cities work (Quasim et al. 2021). Furthermore, 

data collected by technologies such as urban sensors often collect and archive data on a continual basis 

(Kitchin, 2019) which provide cities and researchers with both real-time information and long-term data 

baselines (James et al. 2020). More recently, during the COVID-19 pandemic, this proved to be 

particularly valuable as researchers could rapidly repurpose such data to study the pandemic (Islind et 

al., 2020; James et al. 2020; Lee et al., 2020). In contrast, traditional data collection methods, which 

cannot support continuous data acquisition, were much more likely to fail in highly disruptive situations 

such as the pandemic (Borkowski et al., 2021; Lugomer and Longley, 2018). 

One form of data which has grown explosively since the rise of digital trace data and the ubiquity of 

sensing technologies is mobility data (Zhong et al. 2016; Dodge, 2019; Boeing et al. 2022; Wang et al. 

2022). Mobility data is collected from various sources, including urban sensors, mobile phone 

operators, and social media (Chen et al. 2016) and records information on the movement of individuals 

and groups over space and time (Barbosa et al. 2018). They can be used for a variety of purposes, from 

supporting day-to-day traffic management by monitoring and predicting traffic and commuting patterns 

(Ferreira et al. 2013; Miller et al. 2019) to aiding the response to natural disasters and humanitarian 

crises by monitoring population displacement (Rowe, 2022). The movement of people holds a wealth 

of information on complex spatiotemporal processes (e.g., disease outbreak, urban mobility, and 

migration) (Dodge, 2019) and is a good indicator of the functioning and health of cities. The study of 

movement is important because movement is not random, and often reveals consistent patterns and 

regularities (Noulas et al. 2012). Better understanding these regularities and movement patterns in cities 

is important to enhance the comprehension of urban dynamics and thus urban management (Zhong et 

al. 2016) and helps monitor and capture how the behaviour and health of cities change and evolve over 

time (Batty, 2018).  

While the volume, velocity, and variety of new forms of data such as digital trace data can help address 

real-world challenges (Zhao et al. 2016) and promise to be one of the central and most exciting 

opportunities of the 2020s (Ahmad et al 2016; Rathore et al. 2016), these same advantages present 

significant obstacles to how these data are visualised, analysed, and contextualised (Torre-Bastida et al. 

2018; Dodge, 2019). Overcoming these challenges is crucial in leveraging the evolution of mobility 

data and their multidimensional processes involving space, time, and context (Dodge, 2019). This thesis 

is structured around addressing some of the key challenges within the three main areas (i.e., 

visualisation, analysis, and contextualisation), and each of these challenges are introduced in further 

detail below. 

The first key challenge, data visualisation, is the graphical representation of information and data as 

charts, graphs, and maps. Data visualisation, particularly for movement data, has become increasingly 
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challenging due to the increase in volume and granularity of digital trace data. Larger movement 

datasets and the increase in the number of flows and trajectories often overwhelms traditional data 

visualisation techniques, leading to overplotting, where intersecting and overlapping symbols obscure 

movement patterns (Andrienko and Andrienko, 2008, 2010; Andrienko et al. 2017; Stephen and Jenny, 

2017). Data visualisation is a key element of data analysis and supports the exploration, processing, 

analysis, and communication (Miller et al. 2019) of complex results and insights to researchers and 

decision makers. Therefore, exploring and developing visualisation techniques to effectively display 

the increasingly large movement datasets in a cognitively plausible way is crucial (Dodge, 2019).  

The second challenge lies in how these data can be analysed in a way that brings value (Sivarajah et al. 

2017), particularly for human geographers (Rowe, 2021; Ferreira and Vale, 2022). The digital revolution 

triggered a shift towards more computational- and data-driven thinking to uncover patterns and insights 

(McAbee et al. 2017; Arribas-Bel and Reades, 2018; Rowe, 2021; Boeing et al. 2022). This 

epistemological shift, coupled with the abundance and granularity of spatial data, which is greater than 

ever before, has the potential to revolutionise our understanding of society and space (Arribas-Bel and 

Reades, 2018; Singleton and Arribas-Bel, 2021). However, human geographers have been relatively 

caught behind in adapting their positioning to the data revolution (Rowe, 2021; Singleton and Arribas-

Bel, 2021) and the requirement of wider and new digital skill sets have presented human geographers 

with methodological challenges as the skills required are not part of a traditional geographer’s training 

(Kitchin, 2013; Rowe, 2021; Ferreira and Vale, 2022). Consequently, human geography has been a 

marginal node on emerging areas of study such as the computational approaches to social science 

questions, despite the need for domain-specific knowledge (Rowe, 2021).     

Whilst the abundance of digital trace data and data-driven approaches can uncover new patterns and 

insights, another challenge for analysis is data gaps, where missing data can create blind spots and limit 

the insights and understandings that can be drawn. Despite sensor technologies giving an impression of 

ubiquity, some populations and aspects of mobility are unequally counted and remain poorly understood 

(Robinson and Franklin, 2021). For example, despite an increase in attention for both active travel 

(cycling and walking), studies on mode-specific non-motorized travel has mostly focused on bicycling 

travel behaviour due to the relative scarcity of pedestrian data (Lee and Senner, 2020). A lack of 

pedestrian behavioural data and a shift towards data-driven approaches has meant walking has 

sometimes been referred to as the invisible mode, despite being a part of almost every transport trip 

(Badawi et al. 2018; Feng et al. 2021). Therefore, while the increase in variety and volume of data is 

the solution for a range of challenges, unequal understanding of specific populations and aspects of 

cities remain (Robinson and Franklin, 2021). 

The third challenge of new forms of data refers to the contextualisation of insights and patterns and the 

naivety associated with the exclusive use of digital trace data alone. Despite becoming integral in 
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characterising urban environments and having the potential to support rapid humanitarian responses 

(Robinson and Franklin, 2021; Rowe, 2022), new forms of data alone cannot guarantee understanding 

and insight (James et al. 2020), and an exclusive application can result in naïve analyses which fails to 

account for key relevant information including cultural, political, policy, demographic, and economic 

factors (Kitchin, 2013; Stier et al. 2020; Rowe, 2021). Understanding the context of movement is 

important because there is a strong relationship between human mobility and factors such as economic 

and demographic conditions (Hu et al. 2021). Therefore, to fully leverage new forms of data such as 

digital trace data and to be able to account for these key factors, recent studies have stressed that there 

should be more focus on supplementing digital trace data with additional, and possibly lower-frequency, 

contextual datasets (Kandt and Batty, 2021; Wang and Hess, 2021).            

In this thesis, I present three empirical chapters which address key challenges within the visualisation, 

analysis, and contextualisation of digital trace data in the context of urban mobility. In the next section, 

I outline some of the key challenges and research gaps within each of these challenges that are addressed 

in this thesis.  

 

1.2 Research gaps  

Despite receiving much attention, there are still research gaps in relation to new forms of mobility data 

such as digital trace data. In this section, I reflect on some of these key research gaps in relation to the 

three challenges identified in the previous section: visualisation, analysis, and contextualisation. These 

research gaps help establish the research aims of the thesis and outline the structure of the empirical 

research chapters. 

   

Visualisation of Eulerian movement dataset 

Data visualisation techniques are an integral part of data science and aids the translation and 

communication of spatial processes and patterns to humans (Dodge, 2019). However, traditional 

visualisation methods have become overwhelmed from increasingly large movement datasets and 

cannot effectively illustrate the growing number of movement information and flows (Gao et al. 2018). 

Consequently, one challenge and gap in the research which has been echoed within the movement 

visualisation field is the lack of accessible and effective visualisation tools and techniques to cope with 

increasingly large datasets. Whilst there have been several attempts to develop novel movement 

visualisation techniques over the last decade, there is still no universally agreed technique which can 

best illustrate these increasingly large and complex datasets and the problems of overplotting remains 

unsolved (Andrienko and Andrienko, 2013; Andrienko et al. 2016). This thesis seeks to contribute to 

the active discussion and research gap on movement visualisation techniques and evaluate the extent to 
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which an overlooked human movement visualisation technique can portray the key aspects of 

movement patterns from large mobility data: origin, destination, and volume (Sander et al. 2014). 

In this thesis, I work towards developing an effective visualisation technique for Eulerian data. Eulerian 

data is one of the two main types of movement data, focusing on the collective measure of people at 

pre-defined times and locations, rather than the direct tracking of individuals over space and time (Long 

et al. 2018; Dodge, 2019; Miller et al. 2019). I focus on this type of data because the ubiquity of sensing 

technologies now embedded in cities mean that Eulerian-type data are increasingly available, and the 

methods-base for the other type of movement data, Lagrangian data, is considerably more developed 

(Long et al. 2018).  

 

Data gaps on collective pedestrian behaviour 

Although the volume and variety of data is greater now than ever before, the coverage and 

representation of the data collected is unequal. For example, whilst good quality data exists for road 

transport, bike sharing, and cycling, there is a dearth of reliable and responsive information exclusively 

on walking (Bucksy, 2020). While some aspects of walking behaviours, such as individual trips, are 

better understood due to the availability of Global Positioning System (GPS) technologies, there is a 

particular gap on the data and understanding of collective walking behaviours, defined as the volumes 

of pedestrian at different locations (e.g., streets) (Feng et al. 2021; Jiang et al. 2021). Collecting data on 

collective pedestrian behaviours using traditional methods such as field observations, manual counting, 

and video recordings is difficult, infrequent, and costly (Lee and Sener, 2020; Jiang et al. 2021; Graells-

Garrido et al. 2023). This has resulted in a lack of research and understanding on collective pedestrian 

behaviours which is a key indicator of urban areas’ vitality (Jiang et al. 2021). The consequence of this 

data gap hinders not just our understanding, but our potential to support and make effective and rapid 

decision-making in response to events such as the COVID-19 pandemic which required timely and 

reliable data on mobility, human behaviours, and the co-presence of people (Oliver et al. 2020).    

 

Contextualisation of mobility data 

While the ubiquitous collection of large movement datasets has significantly benefitted the study of 

movement, a gap exists between the identification of patterns and an understanding of the relationship 

between movement and its context (Laube, 2017; Dodge, 2019; Dodge and Noi, 2021). Despite the 

exciting opportunities they present, there is an increasing need to combine high-frequency data with 

other contextual datasets (Wang et al. 2022). This is because mobility data alone is limited in producing 

semantic-rich information (Wang et al. 2018), often only providing basic information on the movement 

of people such as counts and coordinates. Mobility data alone is capable of uncovering patterns in the 

data and telling us “what” is happening, but is unable to explain “why” these patterns occur (James et 
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al. 2020; Miller, 2020; Kandt and Batty, 2021). Therefore, it is vital that moving forward, more lower-

frequency and traditional contextual data play an increasing and not decreasing part (Kandt and Batty, 

2021). By combining contextual datasets which include more information on the people and the built 

environment, it is possible to unlock complex knowledge of urban dynamics and better understand why 

people move, what activities they do, and what social opportunities or constraints there are (Wang et al. 

2022).   

 

Impact of COVID-19 on these key research gaps 

During the COVID-19 pandemic, some of the three key research gaps identified above were made 

particularly evident. Firstly, while understanding all aspects of human mobility is crucial to tackling 

infectious diseases, the COVID-19 pandemic reiterated the limited research on pedestrian behaviours 

(Angel et al. 2023). For example, from a total of around 55,000 results on COVID-19 from a Scopus 

database by the end of 2020, only 65 results were returned when including the word “pedestrian” within 

the search (Greenslade, 2021). During the pandemic, some new pedestrian data did become available, 

such as the Apple Mobility Trends Report which reported on changes in public transit, driving, and 

walking. However, despite its worldwide coverage, such data was not always appropriate due to its 

coarse geographic scale and limited coverage of time periods (Hu et al. 2021).  

Another research gap which was highlighted during the pandemic was the need for contextualisation. 

The COVID-19 pandemic caused a research boom and an environment of “speed science” (Dinis-

Oliveira, 2020). For mobility research, with high-frequency data now increasingly available, 

researchers during the early stages of the pandemic largely focused on uncovering short-term patterns 

in movement and travel behaviour (Nello-Deakin et al. 2024). However, few studies considered 

socioeconomic factors and inequalities on changes in travel (Burström and Tao, 2020; Almlöf et al. 

2021; Hu and Chen, 2021; Sy et al. 2021; Trasberg and Cheshire, 2023), and fewer explored these 

effects beyond short-term, descriptive analyses (Hu and Chen, 2021; Nello-Deakin et al. 2024). During 

the pandemic, there was a pressing need by different stakeholders, including transit agencies and the 

public, to understand the factors on changes on travel behaviour (Osorio et al. 2022). The need to 

understand the factors on changing behaviours on mobility patterns was not exclusive to the pandemic, 

and this need will continue beyond the pandemic as mobility behaviours continue to develop. 

 

1.3 Research aims 

The main aim of this thesis is to address the key research gaps and tackle some of the key challenges in 

the visualisation, analysis, and contextualisation of digital trace data on urban mobility. To achieve this, 

I present three specific aims: 
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1. Evaluate the potential of vector fields to effectively visualise patterns and insights from origin-

destination (OD) data.  

 

This aim addresses the first aspect of the overarching aim of the thesis, visualisation, and seeks to 

uncover and communicate movement patterns and insights from large origin-destination datasets. 

This is because newer forms of data and their greater volume of information and finer spatial 

granularity have presented traditional data visualisation techniques with several key challenges. 

These key challenges include visual clutter, occlusion, and salience bias, and is largely incurred by 

increasing instances of overlapping flow pathways. To achieve this aim, I apply and adapt vector 

fields which are an existing, yet relatively overlooked movement data visualisation technique, to 

illustrate 10,000 flows across Milan, Italy.  

This aim is guided by the following research questions: 

- What adaptations to vector fields can address the technical and human perceptual/cognitive 

limitations of visualising large OD datasets?  

- What are the strengths and limitations of different adaptations to vector fields in communicating 

movement patterns? 

- Do any of the types of vector fields overcome all the common challenges faced by traditional 

movement visualisation techniques? 

 

2. Establish the different types of changes in intra-city pedestrian behaviour during the COVID-

19 pandemic using a data-driven approach.    

 

This aim refers to the second aspect of the overall aim, analysis, and seeks to adopt a data-driven 

approach to analyse changes in collective pedestrian behaviour. This aim is achieved by leveraging 

pedestrian counting sensor data and employing an unsupervised Machine Learning (ML) technique, 

to uncover groups of changes in pedestrian behaviour across the inner-city of Melbourne (Australia) 

during the COVID-19 pandemic. Adopting a data-driven approach during the early stages of the 

pandemic was crucial because how, where, and when people moved drastically changed and the 

extent of these changes were largely unknown, particularly for collective pedestrian behaviours.   

This aim is guided by the following research questions: 

- Were pre-pandemic pedestrian behaviours at individual sensor locations homogenous within 

pre-defined city areas? 

- Which land-uses or groups of sensor locations exhibited similar changes in pedestrian activity 

during the pandemic? 
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- What possible influences could have caused these types of changing behaviours? 

 

3. Investigate the relationship between public transport usage and its contextual factors during 

the COVID-19 pandemic by integrating mobility data with socioeconomic and physical 

environment data. 

This aim addresses the third aspect of the overall aim, contextualisation, and seeks to explore and 

better understand the relationship between movement and its social and environmental context. This 

is because movement data alone can only provide us with information on movement at a given set 

of coordinates. This aim is achieved by supplementing mobility data with a variety of additional 

datasets, including household survey data, land-use data, and public health data. These additional 

datasets, along with a multi-level modelling approach, were used to investigate the factors on 

changing ridership levels across Chicago’s L-Train network, during and emerging from the COVID-

19 pandemic.  

This aim is guided by the following research questions:       

- Were public transit behavioural changes homogenous across stations both during and emerging 

from the pandemic? 

- What station-level social and environmental characteristics had a significant relationship with 

these changes during the pandemic? 

- Did efforts such as the vaccination scheme help rejuvenate public transit ridership, emerging 

from the pandemic? 

 

1.4 Methodological approach 

The methodological approach adopted in this thesis was designed to tackle each of the three aspects of 

the overall aim: visualisation, analysis, and contextualisation. Individually, each of these three aspects 

are presented as stand-alone research papers and showcase a wide range of methods. However, 

combined, these three aspects showcase a Geographic Data Science approach to leveraging digital trace 

data on movement, where Geographic Data Science represents the integration of Data Science 

approaches into geographical analyses (Singleton and Arribas-Bel, 2021). 

Figure 1.1 is a graphic representation of the three empirical chapters of this thesis and represent the 

three research aims outlines in Section 1.3. The first aspect, visualisation, focuses on origin-destination 

data and explores how adapting sets of vector fields can navigate challenges that traditional movement  
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Figure 1.1: A graphic representation of the data and methodological approach for the three empirical chapters and the three 

research aims outlined in Section 1.3.    

 

visualisation techniques face. The second aspect, analysis, explores how movement data on collective 

pedestrian behaviour can be leveraged by adopting a data-driven approach to establish the different 

profiles of movement behaviours during the COVID-19 pandemic. The third aspect, contextualisation, 

builds on the second aim. This aspect, as well as uncovering patterns of changing movement behaviour, 

measures the significance between changing patterns of public transit use across Chicago during the 

pandemic and their social and environmental context.       

 

1.5 Thesis structure 

This introduction chapter is followed by five subsequent chapters. Chapter Two provides a more in-

depth review of the key literature and research gaps relating to each of the three empirical chapters and 

research gaps addressed in Section 1.2. The structure of Chapter Two reflects the framework of the 

thesis and strengthens the justification for the empirical research conducted in Chapters Three, Four, 

and Five.  

The three empirical research chapters are organised as academic articles and reflect each of the three 

thesis aims. In each empirical chapter, the structure reflects this and thus includes the key components 

of academic articles including individual introductions, literature review, methodologies, and results 

and discussion.  
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Chapter Three addresses the first thesis aim, adapting sets of vector fields in attempt to navigate the 

challenges with visualising large origin-destination datasets. Chapter Four addresses the second aim, 

utilising high-frequency pedestrian data and unsupervised ML to analyse changes and identify similar 

patterns of pedestrian behavioural activity between the first two COVID-19 post-lockdown periods in 

Melbourne. Chapter Five addresses the final aim, supplementing mobility data with additional data to 

contextualise movement patterns, investigating the relationship between changing public transit use and 

socio-environmental factors during and emerging from the COVID-19 pandemic.   

Chapter Six the summarises and discusses the findings and contributions of these empirical chapters, 

explicitly in line with the research aims and research questions identified in Section 1.3. This chapter 

then concludes by critically reflecting on some of the key limitations and challenges of the empirical 

research conducted and identifies some potential improvements and suggests possible future research, 

following on from this thesis. 
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Chapter 2. Literature Review 

This section reviews the literature and expands on the research gaps identified in Section 1, largely 

referring to the three challenges of digital trace data addressed in this thesis: visualisation, analysis, and 

contextualisation. These three key challenges reflect the structure of this thesis and maps each of the 

three empirical chapters.   

 

2.1 Visualisation of mobility and spatial interaction data   

Mobility data captures a wealth of information on complex geographic phenomena (Guo et al. 2012; 

Gao et al. 2018) and data visualisation is one of the most powerful ways of unearthing and 

communicating that information (Zhao et al. 2008). Data visualisation plays a crucial role across several 

aspects of data analysis, from the initial data exploration to communicating results in final outputs 

(Miller et al. 2019). However, particularly for the field of movement analysis, the increase in size and 

complexity of mobility and spatial interaction data from digital sources has presented traditional data 

visualisation techniques with challenges. In this section, I will briefly expand on what challenges non-

traditional mobility sources have created, review the existing literature and discuss how they have 

attempted to address these issues, and highlight the subsequent gaps in the literature.    

Researchers have faced challenges with visualising non-traditional sources of mobility and spatial 

interaction data over the past decade as the growing size and granularity of these datasets have led to 

increasing problems of visual clutter and occlusions (Guo, 2009; Andrienko and Andrienko, 2010, 2013; 

Wood et al. 2010; Guo et al. 2012; Zeng et al. 2013; Gao et al. 2018; Graser et al. 2019), and salience 

bias (Wood et al. 2010, 2011; Guo and Zhu, 2014). These problems are exacerbated by the growth of 

movement datasets, and the subsequent visual clutter and occlusions have been likened to the 

appearance of a “ball of yarn” (Graser et al. 2019). The challenges caused by growing non-traditional 

mobility and spatial interaction data means that traditional flow mapping techniques are no longer 

effective (Gao et al. 2018). Consequently, as datasets continue to grow, numerous studies have 

attempted to tackle these challenges. These studies can be largely sub-divided into two categories; the 

first category includes studies that supplement traditional flow mapping techniques with clutter 

reduction techniques (CRTs), and the second category include studies that attempt to devise novel 

approaches altogether. The following paragraphs will review the key literature for both categories, 

discussing the benefits and challenges of each approach, and identifying the subsequent research gaps.      

The first group of literature that I review include studies that focus on supplementing traditional flow 

mapping techniques with CRTs. CRT is a term used in Graser et al. (2019) and is a collective term for 

a group of computational generalization techniques such as smoothing, filtering, and aggregation 

(Andrienko and Andrienko, 2008) to tackle the challenges of growing movement datasets. This group 
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of techniques have been intensively reviewed (Graser et al. 2019) and often include techniques such as 

edge bundling, location aggregation, and clustering (Gao et al. 2018). These techniques promise to 

tackle the challenges of growing movement and spatial interaction data, however, these challenges have 

still yet to be fully resolved, meaning that improving movement visualisation is still an active research 

field (Ferreira et al. 2013) and research gaps remain. More detail on the benefits, challenges, and 

remaining challenges of some of the key CRTs are discussed below.   

Edge bundling is one of the most common CRTs (Zhou et al. 2013) and refers to the technique where 

multiple adjacent flow pathways are combined into bundles which results in fewer, smoothed pathways 

(Wood et al. 2011). This technique tackles the challenges of growing movement and spatial interaction 

datasets by reducing the number of intersecting pathways and subsequently creating an uncluttered view 

(Zhou et al. 2013). However, despite its effectiveness in reducing visual clutter, recent studies including 

Andrienko et al. (2017), Wang et al. (2017), and Graser et al. (2019) have identified some of the key 

drawbacks, including the lack of emphasis and loss of individual flows, the displacement of pathways, 

and the lack of open-source applications for geographers to be able to replicate in Geographic 

Information Systems (GIS). Various other CRTs, beyond edge bundling, have been explored in the 

literature. One of these common alternatives is location aggregation, which reduces visual clutter by 

aggregating candidate origins and destinations, subsequently reducing the number of flows (Gao et al. 

2018). Whilst such techniques reduce the number of flows and subsequently reduce the data to a 

manageable size (Andrienko and Andrienko, 2007), the process of aggregating origins and locations 

can result in considerable information loss (Andrienko and Andrienko, 2010 (a)). Therefore, whilst 

techniques such as edge bundling and location aggregation tackle the main challenge of visual clutter 

effectively, gaps remain for a visualisation technique that can do the same but without displacing, 

aggregating, or losing individual flow pathways. This is tackled in this thesis.  

Additional to CRTs, studies in the field of movement analysis have tackled the challenges of growing 

movement and spatial interaction data by introducing and reviewing novel techniques. In the following 

paragraphs I will review three key studies that over the past decade and a half, have introduced and 

reviewed novel visualisation techniques. I will outline the benefits of each technique and identify the 

remaining challenges and research gaps that this thesis attempts to address. 

The first key study in the movement analysis field is Wood et al. (2010) and they propose that to combat 

issues such as occlusion and visual clutter, OD vectors can be visualised as a two-level matrix rather 

than lines. In this method, each individual cell within the matrix contains a smaller version of the entire 

matrix, and nested cells are coloured or shaded to highlight the location of the largest movements. As 

this approach does not use lines or arrows to represent OD vectors, it effectively overcomes issues of 

visual clutter as there are no overlapping flows and it overcomes issues of salience bias as both short- 

and long-distance flows have an equal graphical weighting (Wood et al. 2011). However, despite 
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tackling visual clutter associated with large OD datasets, one of the key challenges of this method is 

that large datasets create perceptual difficulties. This is because this method requires users to view and 

interpret multiple small matrices, and this becomes increasingly difficult as the number of locations 

increase (Andrienko et al. 2016). Therefore, there is a need for a visualisation technique that can reduce 

visual clutter and salience bias such as OD maps, but also one that does not cause perceptual difficulties 

when the number of locations increase. 

The second key study in this literature review which introduced a novel approach to tackle large OD 

datasets is Boyandin et al. (2011). Boyandin et al. (2011) introduced Flowstrates which is an interactive 

visualisation technique that maps the origins and destinations of flows in two separate maps, with a 

separate heatmap in the middle to represent temporal information. This technique was developed over 

a decade ago in response to the lack of appropriate visualisation techniques that could effectively 

explore the increasingly available and large OD datasets and this challenge still remains an active 

discussion today as further iterations of the technique (Flowstrates++) are still being released (Fuchs et 

al. 2024). The benefit of Flowstrates is that it uses a combination of geographic and non-geographic 

views of OD data, providing a simplified and abstract way to represent a large amount of information. 

Furthermore, viewing origins and destinations in two separate maps also means that it reduces 

intersecting pathways, particularly for flows over greater geographical distances. However, while 

reducing visual clutter and overlapping flows is a key ambition of Flowstrates (Fuchs et al. 2024), when 

the number of locations increase, too many lines are shown, and this makes it difficult to interpret 

individual flows (Boyandin et al. 2011). Additionally, despite the benefits of separating the origins and 

destinations into two maps, this process is also a limitation because spatial information is lost 

(Andrienko et al. 2016). For example, the orientation of the flows does not represent the direction of 

the destination and the length of the flow lines do not indicate the distance between points of origin and 

destination (Boyandin et al. 2011). Therefore, there is a need for a technique that can effectively 

visualise increasing number of OD vectors that also retains spatial information such as the direction and 

distance of individual flows. 

The third study in this literature review, Andrienko et al., (2016), introduced and reviewed new 

cartographic visualisation techniques that could simplify the high-dimensionality and high volume of 

OD flows. They achieved this by using a range of different radial diagrams and aggregating OD flows 

by direction and distance ranges. By simplifying the data and avoiding using lines or arrows to illustrate 

OD vectors, this visualisation technique eliminates line intersections and subsequently, visual clutter 

(Andrienko et al. 2016). However, since the process involves data abstraction and it transforms flow 

direction and distance to discrete classes, detailed information on individual flows is lost, particularly 

in dense areas (Andrienko et al. 2016). Furthermore, due to spatial abstraction and aggregation of 

locations of origin and destinations, the precise orientation of the flow and the precise locations of origin 

and destinations are not immediately clear.  
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Therefore, after reviewing key literature in the movement analysis field, there remains a need for a 

visualisation technique capable of visualising large OD datasets while preserving the spatial information 

(e.g., orientation and distance) of individual flows and effectively managing the perceptual difficulties 

as the number of locations increase. To address these gaps, this thesis adopts and tailors a relatively 

overlooked visualisation technique in human movement analysis: vector fields.  

A vector field is the collective representation of vectors (an object with both magnitude and direction) 

at different points in space, usually represented by arrows (Faris, 2006). In this thesis, vector fields refer 

to a collection of weighted arrows where each arrow depicts the direction and magnitude of flow from 

origins to destinations (Batty, 2018, Andrienko and Andrienko, 2010 (b)) and are often used in fields 

such as ecology to track the movement of animals, meteorology to track the movement of wind and 

weather, and fluid mechanics to measure the movement of liquids and gasses (Brillinger et al. 2004; 

Ferreira et al. 2013; Wang et al. 2017 (a)). Vector fields effectively reduce visual clutter and occlusion, 

however, relative to common visualisation techniques such as edge bundling, vector fields have scarcely 

been used to depict the movement of humans. Since being used to map the migration of people by 

Waldo Tobler in 1975 (Tobler, 1975), few studies have adopted vector fields to map human OD flows. 

Wang et al. (2017 (a)) and Ferreira et al. (2013) use vector fields to visualise the movement of people 

within cities; Rohde and Corcoran (2015), Batty (2018), and Mazzoli et al. (2019) use vector fields to 

depict the movement of commuters and journeys to work. While some studies exist on vector fields, the 

research gaps outlined in the previous paragraph, loss of spatial information and perceptual difficulties, 

remain. For example, in Wang et al., (2017 (a)) and Ferreira et al., (2013) the location and orientation 

of individual OD flows are lost as OD vectors are grouped into clusters and visualised as continuous 

streamlines rather than individual, discrete vectors. Furthermore, in Mazzoli et al., (2019), spatial 

information is lost as the vectors only depict the orientation and magnitude of flow, disregarding 

distance. The second research gap, perceptual difficulties, is also a challenge for some of these studies. 

For example, Rohde and Corcoran (2015) visualise multiple flows from each origin, and the OD vectors 

in Batty (2018) are often densely located, therefore, an increase in the number of flows makes these 

techniques harder to interpret and causes more overlapping and intersecting flow pathways, 

respectively.  

Another key research gap with the use of vector fields is the lack of evaluation. From these studies in 

the paragraph above, only one study (Wang et al. 2017 (a)) evaluates the performance of vector fields 

by using an expert user group. However, this study only uses two experts. This is below the 

recommended threshold of five evaluators (Nielsen, 1994; Banissi et al. 2014). This recommended 

number is based on a statistical formula (Banissi et al. 2014) and suggests that five evaluators will 

discover approximately 80% of usability problems. Therefore, to the best of my knowledge, there is 

currently no study that has evaluated vector fields, for visualising large OD data, using the 

recommended number of evaluators and this one of the key research gaps that my study addresses. 
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2.2 Analytical challenges for human geographers  

This section reviews the literature on the analytical challenges of digital trace data faced by human 

geographers. Non-traditional sources of data such as digital trace data have become an integral part of 

geography, from data processing to analysis, and the challenges of these data are multidimensional. This 

section is divided to reflect the challenges most relevant to this thesis: epistemological debates, 

methodological challenges, and data gaps. Following these three sub-sections, a final section reviews 

the relevance of these during the COVID-19 pandemic. Throughout this section, I will review the 

research gaps associated with these challenges and identify how this thesis aims to address these gaps.      

 

2.2.1 The data deluge and epistemological debates in Geography 

Theory is one of the key principles of Geography, however, the rise of non-traditional data and the 

acceleration of technology- and data-driven approaches has sparked a great debate in (Human) 

Geography and Planning about its positioning (Graham and Shelton, 2013; Arribas-Bel and Reades, 

2018; Rowe, 2021). Traditionally, research in Geography has adopted a deductive model, where existing 

theoretical frameworks are used to develop hypotheses, and data are then collected and tested to prove 

or disprove these hypotheses (McAbee et al. 2017; Boeing et al. 2022). However, since the rise of new 

forms of data, this traditional model has been challenged and fields such as Geography have seen a rise 

of an inductive model, where knowledge is generated from the data itself rather than theory (Kitchin, 

2014 (a); Ferreira and Vale, 2022). The rise in technological- and data-driven approaches and the shift 

in positioning has triggered an identity crisis for Geography (Arribas-Bel and Reades, 2018), with some 

arguing that new forms of data can speak for themselves, no longer requiring hypotheses (Steadman, 

2013; Kitchin, 2014 (a)) and resulting in the “end of theory” (Anderson, 2008; Thatcher et al. 2018). 

However, not all authors agree, and this statement has been widely viewed as naïve (Graham and 

Shelton, 2013) and authors such as Birkin et al. (2021) view that data volume alone is far from a 

complete replacement of theory.      

Leveraging data-driven science is important as new data has the potential to revolutionise our 

understanding of space and society (Arribas-Bel and Reades, 2018) by shifting from a data-scarce to 

data-rich environment, static to dynamic understandings, and coarse to high resolution (Kitchin, 2014 

(a); Miller and Goodchild, 2015). However, while technology- and data-driven science can provide 

additional insights that are not generated from traditional science (Miller, 2010), Human Geography 

has been relatively slow to leverage data-driven thinking (Rowe, 2021). Consequently, Human 

Geography has been underrepresented in emerging research areas such as computational social science 

and research outside of Human Geography has involved a degree of naivety as there is a belief that 
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domain-specific knowledge is no longer required and knowledge can be obtained by anyone with a 

reasonable understanding of statistics (Kitchin, 2014 (a); Rowe, 2021; Ferreira and Vale, 2022).  

There is a greater need for Human Geographers, given their domain-specific knowledge, to leverage 

data-driven science to contribute to urban theory, reveal the dynamic nature of cities, and to help tackle 

key contemporary urban challenges such as inequalities and injustices (Boeing et al. 2022). In this 

thesis, I address this need by adopting data-driven approaches to uncover the changing nature of cities 

and subsequent inequalities and injustices during the COVID-19 pandemic. However, for more 

geographers and planners to be able to fully leverage new data and data-driven science, better access to 

appropriate analytical techniques to be able to process and analyse these data are required (Birkin et al. 

2021). In the next section, I explore the methodological challenges that Human Geographers face 

according to the literature, and some of the main barriers to realising the full potential of non-traditional 

data sources.    

 

2.2.2 Methodological challenges for Human Geographers 

The increase in volume, variety, and velocity of non-traditional sources of data, along with an increase 

in inductive approaches, has increased the importance and prevalence of algorithms in geographic 

knowledge production (Kwan, 2016). Algorithms and other computational science techniques require 

technical expertise. However, since new sources of urban data are also unique in their spatial, temporal, 

political, and ethical contexts, local domain knowledge is also needed (Boeing et al. 2022). Despite the 

need for both technical and domain-specific knowledge, methodological challenges have restricted 

Human Geographers playing the leading role in some emerging fields such as computational social 

science (Rowe, 2021). 

Due to the increase in size, messiness, and complexity of new forms of data, Human Geographers have 

faced methodological challenges as the processing and analytical techniques required for these data are 

not a part of a Geographer’s traditional training (Kitchin, 2013; Ferreira and Vale, 2022). Instead, 

traditional geographical training and statistical techniques are designed to analyse and test relationships 

from small, and clean samples with known properties (Kitchin, 2013). However, digital trace data are 

often not collected for research purposes, collecting data autonomously on populations not samples, 

and can be very messy and unstructured (Miller and Goodchild, 2015; Rowe, 2021).  

Quantification in Geography has happened before, specifically during the 1990s, where Geographers 

working with geographic information systems (GIS) embraced the use of digital tools (Ferreira and 

Vale, 2022). During this period, the use of digital tools in geography was a concern, but also an area of 

great focus, with several authors publishing work on the study of Geography with computer and 

information technologies (Hepworth, 1990; Kellerman, 1993; Feldman, 1994; Goddard, 1995; Graham 
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and Marvin, 1996). The situation today echoes the debates of the 90s, however, today the focus is more 

on the data revolution and the rapid development and accessibility to larger, more frequent, and higher 

resolution data (Ferreira and Vale, 2022). To adapt to the data revolution, Geographers today require 

wider and new digital skillsets, including Machine Learning, AI, and coding, to handle and process such 

data (Rowe, 2021). However, these skillsets are not a part of a (Human) Geographer’s traditional 

training. It is important that Human Geographers can leverage non-traditional data because if not, the 

discipline risks being left behind (Kitchin, 2013), to others with less appreciation of spatially-aware 

quantitative analysis (Arribas-Bel and Reades, 2018), and naïve analyses that fail to consider important 

contextual information such as cultural, political, policy, demographic, and economic factors (Rowe, 

2021).      

Therefore, moving forward, to fully leverage the spatial data deluge and to keep Geography relevant in 

an increasingly data-driven environment (Bowlick and Wright, 2018), it is important that Geographers 

interact more with Data Science and harness the potential that new methodological techniques offer 

(Singleton and Arribas-Bel, 2021). Not only is it important to stay relevant, but by adopting new 

technical skills, coding and programming can be done by those with domain-specific knowledge, 

enabling problems in Geography to be at the forefront, rather than an afterthought, in programming 

development (Bowlick and Wright, 2018). In this thesis, I address this call by adopting a Geographic 

Data Science approach, showcasing a wide range of Data Science skillsets to explore spatially explicit 

problems. I explore visualisation, machine learning, and statistical modelling techniques, and show how 

they can be used by Geographers to harness the potential of digital trace data and uncover insights on 

urban phenomena. More importantly, this thesis showcases how by developing digital skillsets and 

harnessing digital trace data, Geographers can uncover insights on aspects of urban phenomena, such 

as pedestrian behaviours, that are traditionally overlooked due to data gaps.  

 

2.2.3 Data gaps: who and what is underrepresented  

As well as methodological challenges, data gaps can be a barrier to understanding certain aspects and 

behaviours of cities. Despite a data deluge and an unprecedented access to high-resolution information 

on cities (Miller, 2010), there are still gaps on who and what are captured, and the extent to which data 

is biased is often overlooked or ignored (Kitchin et al. 2015). Recognising biases in the data is important 

because not doing so could be detrimental, potentially leading to incomplete and incorrect 

understanding of cities and lead to the worsening of policies, rather than improvement (Mayer, 2008; 

Kitchin et al. 2015). In this section, I will review some of the recent literature that focus on such data 

gaps in digital trace data, identifying those most relevant to this thesis, and address how some of the 

empirical chapters contribute to this discussion. 
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It has been widely recognised that one of the key limitations of data such as digital trace data is bias 

(e.g., Kitchin et al. 2015, 2016; Kitchin and McArdle, 2017). Data bias refers to systematic errors or 

distortions when collecting, processing, or interpreting data that can results in inaccurate, incomplete, 

or unrepresentative results (Kitchin and McArdle, 2017). For digital trace data, bias can arise from the 

technology used to collect information, for example, data collected from social media will favour certain 

demographics as not all groups (including both race and age) use social media (McArdle and Kitchin, 

2016; Ostermann, 2021). More recently, researchers have focused on how bias can also arise based on 

the location and distribution of sensor networks (Robinson and Franklin, 2021; Robinson et al. 2022; 

Zied Abozied et al. 2024). These studies argue that the distribution of sensor networks in cities are not 

always equitable, and can consequently result in “sensor deserts”, where the unequal placement of 

sensors can create gaps in our understanding of specific urban populations, particularly those which are 

disadvantaged. If these groups are not captured, they are not reflected in the data, and thus cannot be 

represented in decision-making processes. Therefore, despite the intention to promote social 

transformation and justice (Boeing et al. 2022), bias in digital trace data can undesirably repeat and 

exacerbate existing injustices (Robinson and Franklin, 2021). 

While there is an active discussion on bias in digital trace data and a focus on who is, or more 

importantly, who is not captured in the data, less research has focused on what aspects of urban 

behaviours remain underrepresented. One such area is pedestrian behaviour, specifically the collective 

behaviour, which has been researched to a lesser extent despite being an essential mode of transport and 

an important indicator of the vibrancy of cities and the health of inhabitants (Doan et al. 2015 (a); Feng 

et al. 2021; Jiang et al. 2021). Collective pedestrian behaviour has been researched to a lesser extent 

because collective pedestrian behaviour data, such as the volume or counts of people on a street, is 

difficult to collect (Jiang et al. 2021) and when available, is often aggregated with cycling data (Badawi 

et al. 2018). This has meant that studies focusing on mode-specific transport mobility will often focus 

on cycling over walking (Lee and Sener, 2020), and studies that have explored collective pedestrian 

behaviour, have had to rely on manual field observations and video recordings which has limited studies 

to small-scale study areas, with limited timescales, and limited representativeness (Yin, 2017; Feng et 

al. 2022).  

In comparison, other aspects of walking behaviours, have been researched more actively. For example, 

walkability, which refers to the influence of the built environment on walking behaviours and how likely 

an area is to generate walking trips (Assemi et al. 2020), often measured by indices and metrics (Shields 

et al. 2023), has been researched actively and gained much popularity in recent years. This is proved by 

a systematic review carried out by Fonseca et al. (2022) who discover 132 studies between 2005 and 

2020 relating to walkability, with over half of those published in the last five years. Similarly, research 

on individual walking behaviours on a microscopic level, such as route choice and speed, has also been 

widely studied due to a wide availability of suitable data sources (e.g. Global Positioning System (GPS) 
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devices and accelerometers) (Doan et al. 2015 (a); Zheng et al. 2016; Feng et al. 2021; Jiang et al. 2021). 

However, whilst studies exist on identifying locations likely to generate walking trips or microscopic 

individual behaviours, it is important that more empirical studies measure the collective behaviours, 

and the actual volume or counts of pedestrians on streets and public spaces.  

Understanding collective pedestrian behaviour is important because these behaviours are complex and 

multi-dimensional and a better understanding can help cities understand current trends and help better 

manage or create environments where pedestrians feel safe, empowered, and invited (Akhter et al. 2019; 

Feng et al. 2021). Improving the environments for pedestrians is one of the current major concerns of 

urban planners and transportation agencies (Lee and Sener, 2020). This is because active travel is central 

to several key contemporary city initiatives aimed at mitigating climate change (e.g., Glazener and 

Khreis, 2019; Brand et al. 2021), increasing public health (Badawi et al. 2018), increasing resilience to 

shocks and high-risk situations such as natural disasters and the COVID-19 pandemic (Feng et al. 2021), 

and responding to post COVID-19 high-street decline (Rinaldi et al. 2024).  

 

2.2.4 COVID-19 and analytical challenges  

Whilst the emergence of new forms of data such as digital trace data raised new discussions on the 

challenges and opportunities to Human Geographers over the past decade (Ferreira and Vale, 2022), 

these discussions were greatly accelerated and underscored by the COVID-19 pandemic. In this section, 

I will outline the relevance of the COVID-19 pandemic to the discussions made in Section 2.2 and 

review the literature and subsequent research gaps that developed during this time.  

The COVID-19 pandemic was a public health emergency that impacted all aspects of life, including 

how we live, work, recreate, and move about a city (Bereitschaft and Scheller, 2020). With the help of 

large amounts of real-time data and information now available, the pandemic resulted in a surge in data-

driven decision making to help the detection, prevention, and control of the disease (Yu et al. 2021). In 

Geography, the shift towards digital and quantitative techniques over the past decades, due to the rise 

of GIS and more recently Geographic Data Science, has meant that Geographers were able to play a big 

part in this real-time response to the pandemic (Zhou et al. 2020). However, spatial techniques that can 

process and analyse large and complex data are still in ascendancy and still not yet established itself in 

Geographers’ traditional training (Kitchin, 2013; Zhou et al. 2020; Ferreira and Vale, 2022). This is 

exemplified in a systematic review conducted by Xi et al. (2023) who found over 1,150 geographic 

papers relating to COVID-19 up until 31st December 2021. The systematic review found that most of 

these studies were related to Human Geography and GIS, with many using interviews and 

questionnaires to understand people’s changes in life and work (Xi et al. 2023). Whilst the systematic 

review highlights a strong contribution to COVID-19 research from Geographers, it highlights the use 

of traditional data collection and processing methods in response to the pandemic which can often only 
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provide small sample sizes, prove to be costly, and cannot be updated easily in real time (Yang et a. 

2016; Zaki and Sayed, 2018; Lee and Sener, 2020; Recchi and Tittel, 2023). This reflects the concern 

of authors such as Rowe (2021) and Arribas-Bel and Reades (2018) of a possible vulnerability where if 

Geographers do not have the digital skillsets to process and analyse large real-time data, the discipline 

risks missing out on contributing or playing a leading role in emerging research as it cannot respond 

quickly to sudden events such as COVID-19.  

During and post COVID-19, it is also important that Geographers embrace data-driven approaches, not 

only to stay relevant, but because the pandemic has fundamentally changed the way we live, work, and 

travel and challenged traditional assumptions and theories. By adopting data-driven approaches, 

Geographers can leverage data to generate new theories and understandings on such behaviours, which 

as we emerge from the COVID-19 pandemic, are still unclear (Batty, 2020). Some sub-disciplines of 

Geography, such as tourism geographies and transport geography, have already recognised the need for 

new theories and approaches given that the pandemic has changed conventional relationships and 

assumptions (Dobruszkes et al. 2023; Sulyok et al. 2023).  

Despite advancements in Human Geographers’ digital skillsets and a movement towards data-driven 

approaches, these advancements can be counteracted and undermined by the persistence of data gaps 

such as the lack of data on collective pedestrian behaviour. Such gaps can be detrimental, particularly 

during the pandemic, as there was a large focus on changes to active travel as it was a key indicator not 

only of public health, but for cities to measure the compliance of the public to non-pharmaceutical 

interventions (NPIs) (Rice and Pan, 2020). 

Several studies explored the impact of the pandemic on active travel during the pandemic and found 

that the pandemic, along with public health measures implemented to control the spread of the virus, 

had a negative impact on physical activity (e.g., Hunter et al. 2020; Borkowski et al. 2021; Doubleday 

et al. 2021). Due to increasing availability of mobile phone data and existing data collection 

infrastructure in some cities, some studies were able to capture the impact solely on collective pedestrian 

behaviour. For example, Hunter et al., (2020) utilised large mobile phone data to measure the walking 

behaviours of over 1.5 million users in 10 US metropolitan areas, and Aloi et al., (2020), Zuo et al., 

(2020), Doubleday et al., (2021) leverage existing, autonomous pedestrian counting sensors in cities 

such as Seattle, New York, Houston, and Santander to measure the impact of the pandemic on pedestrian 

activity.  

While some studies leveraged real-time data from digital sources to understand collective pedestrian 

behaviours during the pandemic, such empirical data was not available everywhere. Studies on 

pedestrian behaviours often relied on traditional data collection methods such as self-reported surveys 

and travel diaries, and observational studies (Hu, 2020; Doubleday et al. 2021), alternative digital 

sources such as pedometers and mobility report trends (Hino and Asami, 2021), and in some cases, 
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pedestrian activity had to be estimated as it could not be measured (Bucsky, 2020). As previously 

mentioned, these data sources were not suitable to enable a rapid response to the pandemic as traditional 

data collection methods are often laborious, costly, and cannot support continuous data acquisition 

(Lugomer and Longley, 2018). Furthermore, digital data sources such as pedometers and community 

mobility reports were also unsuitable, depending on the purpose of the study, as pedometers lacked any 

spatial information and the spatial resolution and time coverage of community mobility reports, 

provided by large companies such as Apple, Google, and Meta, was unsuitable to study changes in 

pedestrian behaviours within cities (Hu et al. 2021).  

Due to the lack of suitable data, research and understanding of pedestrians’ experience, changes due to 

high-risk situations, and in response to interventions, particularly during the early stages of the 

pandemic were limited (Dhanani et al. 2017; Fan and Loo, 2021; Feng et al. 2022). This was exemplified 

in Greenslade (2021) where only 65 results were found related to pedestrians from a search of nearly 

55,000 documents on COVID-19 at the end of 2020. This thesis contributes to this gap by showcasing 

the use and the value of good quality, near real-time pedestrian counting data, to understand how intra-

city collective pedestrian behaviours changed during the early stages of the COVID-19 pandemic.  

 

2.3 Contextualisation of digital trace data 

The increasing availability of digital trace data, along with a shift towards data-centric Geography, 

presents Geographers with several opportunities to unlock new ways of problem-solving, uncover new 

insights, and derive potential outcomes and impacts that can reach beyond academia (Bowlick and 

Wright, 2018).  However, in this section, I review the literature that argue to realise these opportunities, 

more work is needed to integrate contextual information because using digital trace data alone is often 

not enough to understand the influencing factors on complex and multidimensional processes.  

Digital trace data, particularly those collected by urban sensors such as pedestrian and public transport 

passenger counts, passively collect information at pre-defined locations and time intervals. Whilst they 

present great opportunities, these data are not collected for research purposes (Lee and Sener, 2020; 

Rowe, 2021) and a key challenge associated with these data is that they often only collect simple 

objective measures such as counts and coordinates (Lee and Kwan, 2018), and do not provide the 

contextual information needed to understand underlying the social, political, and economic parameters 

of patterns and behaviours observed (Bail, 2014; Mittelstadt and Floridi, 2016; Lee and Sener, 2020; 

Dodge and Noi, 2021). Although digital trace data are pivotal for data analysis, which is to discover and 

communicate meaningful patterns in data (Batty, 2019), the implications of not considering the socio-

spatial dimensions of the citizens and environment is reductionist, naïve (Rowe, 2021), and mean that 

cities remain “dumb” rather than smart (Ostermann, 2021).  
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While there is an increased awareness of the need to integrate contextual information and increase 

context-aware methodologies, there still remains a gap between identifying patterns and understanding 

the processes, particularly for movement, according to Dodge (2019) and Laube (2017). This is because 

many studies that explore movement focus on visualising and identifying patterns rather than focusing 

on the relationship between movement and its context (Dodge and Noi, 2021). It is important to better 

understand the processes that influence movement as movement behaviours are strongly influenced by 

and are indicative of their surrounding environmental and social contexts (Lee and Kwan, 2018; Dodge, 

2019). To achieve this, recent studies on movement analytics and Geography, such as Wang et al., (2022) 

and Dodge and Noi (2021) have highlighted that to address this gap, and to better understand the 

intricacies of movement behaviours, it is necessary to combine movement data with other types of data 

and context parameters such as demographic data.   

This gap has also been identified by Batty (2019) and Boeing et al., (2022) as a key challenge in research 

fields such as urban analytics, which is the collective term for the collection, processing, and analysis 

of new forms of data along in combination with the application of statistics and computational 

approaches to understand urban processes (Singleton et al. 2017; Kandt and Batty, 2021; Boeing et al. 

2022). One of the main purposes of urban analytics is to support urban governance and planning by 

helping to shape and run cities (Kang et al., 2019; Kandt and Batty, 2021). However, as outlined in the 

previous section, it has been recognised that while data such as urban sensor data can uncover patterns 

and provide insights on what is happening, such data cannot truly explain why these patterns occur 

(James et al. 2020; Miller, 2020). Therefore, recent studies in urban analytics, including Batty (2019), 

Kandt and Batty (2021), and Boeing et al., (2022), have all argued that moving forward, urban analytics 

must move beyond analysis or simply identifying patterns, and should strive to contribute more to 

contextualising insights and contribute to tackling real-world challenges such as social equity and 

justice problems that impact city planning by integrating other forms of data. Despite the increasing 

volume, frequency, and resolution of newer forms of data, these authors, particularly Batty (2019) and 

Kandt and Batty (2021) specifically mention that urban analytics should focus on integrating more 

traditional, smaller data which are not produced in real time and argue that in fact, moving forward, 

traditional data should become more and not less important.  

During the pandemic, the need to be able to contextualise insights and tackle challenges such as social 

equity and justice was ever important as the pandemic fundamentally changed how we lived, worked, 

and travelled. Despite having been believed by some as a ‘great equalizer’ and a virus that would not 

discriminate (Kim et al. 2020; Patel et al. 2020), COVID-19 exacerbated existing inequalities (Van Dorn 

et al. 2020). However, while COVID-19 was believed to have exacerbated inequalities, during the early 

stages of the pandemic, there was a lack of studies on inequalities in COVID-19 (Burström and Tao, 

2020; Sy et al. 2021) and a lack of studies that examined the relationships between changing behaviours 

and external/contextual factors, beyond short-term descriptive analyses (Hu and Chen, 2021; Osorio et 
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al. 2022; Trasberg and Cheshire, 2023; Nello-Deakin et al. 2024). The dominance of descriptive analysis 

and focus on identifying patterns in the data could be a consequence of the “speed science” (Dinis-

Oliveira, 2020) environment created by the pandemic. As discussed in the previous paragraph, to fully 

leverage digital trace data and to have the biggest possible impact beyond academia, studies must start 

to look beyond the “low-hanging fruit” of analysis and start to examine the relationship between patterns 

and their context, more (Batty, 2019; Kandt and Batty, 2021; Boeing et al. 2022). This need became 

particularly evident during the pandemic according to Osorio et al. (2022), who stated that there was a 

pressing need to better understand the possible factors that may have contributed to changes in 

behaviour, because this could then help understand the extent of the impact and could help bodies such 

as transit agencies best adapt and plan for longer term changes in services (Burström and Tao, 2020; Sy 

et al. 2021). According to Batty (2023), the standard model and assumptions of a city and behaviours 

have been severely disrupted, and enough time has now passed that it can be confirmed that pre-

pandemic behaviours have not been restored. Due to the deep and ongoing impact of COVID-19 on the 

functioning of cities (Lennon, 2023), as well as other prominent challenges that cities face such as 

climate change and urbanisation, contextualising insights and the need to better understand the context 

of changing behaviours in cities remains important.    

In this thesis, I address several of the gaps mentioned above by supplementing automated public transit 

count data with slower, traditional sources of data including household surveys. This study explored the 

relationship between public transit use and station-level social, demographic, and environmental factors 

during the pandemic using a multilevel modelling approach and helped better understand the extent of 

influencing factors on public transit use and more importantly, issues of social equity and justice 

problems which were mentioned as key future challenges in Batty (2019), Kandt and Batty (2021), and 

Boeing et al. (2022). By focusing on the relationship between movement patterns and its context, this 

thesis hopes to reduce the knowledge gap between patterns and processes (Laube, 2017; Dodge, 2019). 

Whilst my thesis doesn’t directly contribute to policy, this study showcases the value of integrating both 

slow and real-time data and how it has the potential to uncover insights on inequities in public transit 

use and the potential to support more informed, data-driven decision making.    
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Chapter 3. Vector Fields: An Alternative Approach for Reducing Clutter, 

Occlusion, and Salience Bias in Origin Destination Movement Data. 

 

Chapter overview 

Chapter Three is the first of the empirical analysis chapters and addresses the first research aim of the 

thesis by proposing and evaluating vector fields as an effective technique to visualise origin-destination 

(OD) data. This aim is in response to the increasing size and complexity of digital trace data on urban 

mobility, specifically OD data, and the subsequent challenges that both traditional and more recently 

proposed movement visualisation techniques face such as visual clutter, salience bias, and the loss of 

spatial information. In this study, I propose two different adaptations of vector fields to visualise 10,000 

flows across Milan, Italy, and evaluate the effectiveness of these two adaptations with 16 experts from 

the Geographic Data Science Lab. 

This chapter contributes to the first of the three key challenges which represent the overarching narrative 

of the thesis: visualisation. It shows that vector fields can directly tackle some of the key deficiencies 

and challenges faced by traditional and more recent movement visualisation techniques and is one of 

the first evaluation studies that studies the effectiveness of vector fields for OD data on the movement 

of humans or human activity. Further discussions on the findings and contributions of this chapter in 

relation to the thesis are developed in Chapter Six.      
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Abstract 

Increasing accessibility to large, complex origin-destination (OD) movement datasets has resulted in 

traditional flow mapping techniques becoming less effective in uncovering spatial mobility patterns due 

to increasing visual clutter, occlusion, and salience bias. Since the inauguration of the Big Data era, 

accessibility to large Eulerian-based movement datasets, datasets which measure the presence or 

absence of entities at pre-defined, fixed locations, will continue to increase. This has created a renewed 

value in exploring effective flow mapping techniques to visualise large OD movement datasets as 

currently, we lack the effective tools and techniques to explore and visualise these data. This study 

explores the use of vector fields, a collective representation of individual vectors at multiple points in 

space, to illustrate the magnitude and direction of 10,000 primary OD flows across a regularly 

partitioned grid in Milan. The OD flows are derived from call detail records (CDR) data, and a primary 

flow represents the strongest telecommunication flow from each of the 10,000 cells to a given 

destination. In this study, we apply and adapt two sets of vector fields and the application of vector 

fields uncover small and large-scale topological movement patterns and reduces information loss and 

visual clutter. To support these findings, we evaluate these two sets of vector fields by conducting an 

evaluation with 16 experts in geographic data science. This paper does not seek to replace existing 

techniques, but to contribute to the current discussions and efforts to unlock the full potential of large 

movement datasets and generate new understanding of spatial mobility patterns. 

 

 

3.1 Introduction 

Visualisation methods are an effective method to explore and better understand phenomena in a 

geographical space (Andrienko and Andrienko, 2013) and have been applied to explore the movement 

and behaviour of animals (Ferreira et al. 2013; Demšar et al. 2015; Miller et al. 2019; Andrienko et al. 

2017), weather and storm paths (Ferreira et al. 2013; Harbola and Coors, 2018), and humans (Ferreira 

et al. 2013; Zeng et al. 2013; Chen et al. 2016; Yuan, 2018; Dodge, 2019; Graser et al. 2019; Graser and 

Dragaschnig, 2020). 

Movement visualisation methods are developed, however, they are typically most effective towards 

visualising data from traditional data collection methods, such as censuses and surveys (Rohde and 

Corcoran, 2015; Mazzoli et al. 2019; Arribas-Bel and Tranos, 2018; Boyandin et al. 2011). Following 

the commencement of the ‘Big Data’ era and the implementation of smart connected sensors and mobile 

technologies, we now have increasing accessibility to larger, higher resolution, real-time movement 

data (Dodge, 2019; Mazzoli et al. 2019; Long et al. 2018). However, effectively visualising and 

contextualising movement information from large, high resolution movement datasets has proven to be 
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challenging (Long et al. 2018). There is a need for visualisation methods which can effectively illustrate 

large movement datasets, to uncover and generate new insights on general spatial mobility patterns, 

rather than tracking individuals’ movement over space and time. Measuring general mobility patterns, 

focusing on the presence of movement at fixed locations is described in Miller et al. (2019) as the 

Eulerian approach. 

The Eulerian approach is one of two worldviews addressed in the literature and is one of the key 

distinctions when analysing movement (Long et al. 2018; Laube, 2014). The Eulerian approach 

measures the presence of movement at fixed, pre-defined locations of interest using both traditional and 

contemporary data collection methods, such as manual traffic counts or sensing technologies (Dodge, 

2019). The second worldview, the Lagrangian approach, is the direct tracing of individuals’ movement 

over space and time (Dodge, 2019; Long et al. 2018). The distinction between the two worldviews is 

not new, however, there is now a renewed value in the need for suitable visualisation methods for 

Eulerian-based movement data as the availability, complexity, and size of these data has already and 

will continue to increase given the increasing ubiquity of sensing technologies (Dodge, 2019). In this 

study, we focus particularly on mobile phone data, which is widely recognized for its unprecedented 

wealth of real-time data on urban life which allows the exploration of spatial and temporal aspects of 

movement on a scale that would not be possible using traditional data sources such as travel diaries and 

surveys (Mazzoli et al. 2019, Arribas-Bel and Tranos, 2018, Šćepanović et al. 2015, Alexander et al. 

2015).  

A key challenge to visualising these growing movement datasets is that an increase in the numbers of 

flows rapidly induces visual clutter and occlusion, rendering traditional origin-destination (OD) flow 

mapping techniques, ineffective (Guo, 2009; Andrienko and Andrienko, 2008; Gao et al. 2018; Raposo, 

2019). To lessen the occurrence of visual clutter and occlusion, flow mapping methods are traditionally 

coupled with clutter reduction techniques (CRTs) (Graser et al. 2019) which are computational 

generalization techniques such as smoothing, filtering, and aggregation (Andrienko and Andrienko, 

2008). However, the extensive applications of CRTs have raised challenges including salience bias and 

information loss; the dominant appearance of strong bundles of movement over longer geographical 

distances and the loss of information from dataset reduction (Graser and Dragaschnig, 2020; Andrienko 

and Andrienko, 2010 (a)). 

This study proposes the application and adaptation of vector fields to visualise large, Eulerian-based 

movement data. A vector field is the collective representation of vectors (an object with both magnitude 

and direction) at different points in space, usually represented by arrows (Faris, 2006). Despite a static 

image, vector fields is an important and established technique to represents flow as it can outline specific 

topological patterns of movement such as sources, sinks, and vortices and is commonly used in fields 

such as fluid dynamics and meteorology (Wang et al. 2017 (a); Batty, 2018). The proposition of using 
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vector fields to visualise human movement is not new as they were employed in 1975 as an innovative 

cartographic presentation of migration by Waldo Tobler, coined ‘migration fields’ (Tobler, 1975). 

However, since Tobler’s ‘migration fields’ (Tobler, 1975), the application and evaluation of vector fields 

to depict the movement of humans has remained limited.  

In this study, vector fields are applied and adapted to illustrate the magnitude and direction of 10,000 

OD flows from a telecommunication dataset across a regularly partitioned grid in Milan. The 10,000 

OD flows in this study represent the single strongest outgoing flow from each of the 10,000 grid cells, 

to a given destination cell, at any point within a given day. The purpose of this study is to explore how 

adapting vector fields can effectively represent these 10,000 flows, tackling common challenges faced 

by traditional visualisation techniques such as visual clutter, occlusion, and salience bias and able to 

retain important spatial information of individual flows. We propose two sets of vector fields, firstly, 

where arrow lengths are proportional to the geographical distance between origin and destination, and 

secondly, where arrow lengths are proportional to the volume of flow. To further improve the 

effectiveness of the visualisation method, vectors’ attributes such as transparency, scale, placement, and 

colour are modified. 

The main contributions of this paper is that the visualisation method will add to the limited applications 

of vector fields to explore human mobility in research, and that it will contribute to the effort of 

innovating OD visualization methods such as OD maps (Wood et al. 2010), Flowstrates (Boyandin et 

al. 2011), and radial diagrams (Andrienko and Andrienko, 2016), to illustrate large OD movement 

datasets more effectively. To the best of our knowledge, it is one of the first studies to explicitly evaluate 

the effectiveness of vector fields using such data, and is the first to evaluate vector fields with more 

than the recommended number of expert evaluators. The goal of the paper is to not replace existing 

flow mapping techniques, but to contribute to the discussion on how to maximise the discernibility of 

movement patterns in large OD movement datasets by reducing instances of visual clutter and 

occlusion.     

The rest of the paper is structured as follows: Section 3.2 will explore the relevant literature on the 

background, use, and challenges in visualising movement data. Section 3.3 will detail how the two sets 

of vector fields were created and adapted, and introduce the data utilised in the study. Sections 3.4 and 

3.5 will then go on to illustrate and evaluate the movement data in Milan, and the effectiveness of vector 

fields in reducing visual clutter, occlusion, and salience bias. 
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3.2 Related work 

3.2.1 Introduction to movement visualisation and the data-revolution  

Movement between an origin and a destination signifies an existence of a relationship between two 

locations and these relationships require to be visualised and mapped (Batty, 2018). Some of the earliest 

examples of mapping mobility date back to the 19th century by Charles Joseph Minard and Lieut. Henry 

Harness, including the mapping of Napoleon’s Russian campaign in 1812 (Andrienko and Andrienko, 

2010 (b)) and the movement of people and goods in the Pale of Dublin in 1837 (Batty, 2018), 

respectively. Since the 1950s and the introduction of computers and mathematical modelling, the study 

of mobility has evolved, and researchers pioneered new movement visualisation methods such as Tobler 

and Hägerstrand’s flow maps and space-time cubes, respectively (Miller et al. 2019; Zeng et al. 2016). 

The study of movement and movement visualisation is a highly active research field (Ferreira et al. 

2013), and is primarily used for exploratory purposes, enabling human analysts to better monitor and 

understand phenomena in several disciplines, including social physics, ecology, geography, 

meteorology, and computer science (Demšar et al. 2015; Miller et al. 2019; Chen et al. 2016; Yuan, 

2018; Dodge, 2019; Andrienko and Andrienko, 2010 (a); Andrienko and Andrienko, 2007). Its 

application helps monitor and predict daily weather and natural disasters, explore the movement and 

behaviours of animals, humans and goods, diseases, and monitor urban transport and mobility during 

events such as festivals and sporting events (Ferreira et al. 2013; Miller et al. 2019; Harbola and Coors, 

2018; Dodge, 2019; Mazzoli et al. 2019; Guo, 2009; Ratti et al. 2006; Guo et al. 2012; Pappalardo, 

2019).  

However, the recent data-driven revolution, and the increase in complexity of movement datasets, has 

largely rendered traditional movement visualisation techniques ineffective and resulted in a lack of 

accessible and appropriate techniques and toolkits (Andrienko and Andrienko, 2008; Demšar et al. 

2015; Miller et al. 2019; Graser and Dragaschnig, 2020; Gao et al. 2018; Thums et al. 2018). The 

complexity of movement datasets refers to the increasing size, dimensionality, and granularity of 

movement data that are collected from a wide range of different sources, that were not available to 

researchers before (Andrienko and Andrienko, 2008; Dodge, 2019; Mazzoli et al. 2019). For example, 

movement data traditionally relied on manual data collection methods such as travel surveys and manual 

counts, whereas now, movement data is increasingly derived from a variety of passive sources and 

sensors such as GPS, cameras (e.g., security cameras), cell towers, transit gates, social media, card 

transactions, and many more (Long et al. 2018; Thums et al. 2018; Dodge, 2019; Mazzoli et al. 2019; 

Pappalardo, 2019). In Sections 2.1 and 3.2.3 of this thesis, the challenges that these data impose on 

movement visualisation techniques and key examples of proposed solutions to tackle these challenges 

are discussed. However, before then, it is important to clarify that these variety of sources of movement 
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data are classified into two worldviews. This study only focuses on data from one of these two 

worldviews and the difference between the two is explained in more detail in Section 3.2.2. 

 

3.2.2 Movement worldview 

One of the key distinctions in analysing movement data is the worldview which can either be 

Lagrangian or Eulerian (Long et al. 2018; Laube, 2014). The Lagrangian approach encapsulates the 

direct tracking of individuals’ movement traces over space and time (Dodge, 2019; Long et al. 2018). 

The methods-base associated with this worldview is considerably more developed (Long et al. 2018), 

potentially due to a historically greater accessibility to Lagrangian-based movement data collected by 

traditional data collection methods such as travel diaries, and more recent data collection methods 

including GPS tracking (Graser et al. 2019, Long et al. 2018, Pappalardo, 2019). Typically, this wealth 

of information on individuals’ movement over space and time would be plotted using common 

trajectory visualisation methods such as space-time cubes (Andrienko and Andrienko, 2011). However, 

a key drawback is that such traditional visualisation methods cannot effectively visualise multiple flows 

due to intersecting lines from dissimilar trajectories (Andrienko and Andrienko, 2011). Consequently, 

larger Lagrangian-approach movement datasets require dynamic and interactive visualisation methods 

to minimise the increasing instances of intersecting pathways (Dodge, 2019).    

Rather than tracking movement of individuals over space and time, the Eulerian approach measures the 

movement patterns of individuals at a broader scale; capturing the collective movement patterns of 

individuals at pre-defined positions and time, defined by the presence or absence of entities (Miller et 

al. 2019, Dodge, 2019). This approach is described as an aggregation of movement and is essential 

when visualising large movement datasets (Andrienko and Andrienko, 2010 (a)). The movement 

patterns are characterized as counts of visits (Andrienko and Andrienko, 2013), and differing extents of 

visits at different locations and time can inherently help better visualise and understand general spatio-

temporal movement patterns from large movement datasets.  

Whilst the distinction between Lagrangian and Eulerian movement datasets is not new, studies 

increasingly acknowledge and recognise that Eulerian approach movement datasets have become and 

will continue to become more abundant and accessible due to the implementation of diverse local sensor 

technologies such as camera traps, transit station gates, WiFi stations, Bluetooth beacons, and cell 

towers (Dodge, 2019, Long et al. 2018). Due to the current and forecasted increase in ubiquity of large 

Eulerian-based movement data, it is necessary to explore the effectiveness of alternative visualisation 

methods in reducing key challenges associated with flow mapping techniques such as visual clutter and 

salience bias. 
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3.2.3 Existing techniques, challenges, and clutter reduction techniques 

Due to the increasing size and complexity of movement data, one of the most widely documented 

challenges is the lack of accessible packages and toolkits to effectively visualise large movement data 

(Miller et al. 2019, Dodge, 2019, Graser and Dragaschnig, 2020, Rohde and Corcoran, 2015, Long et 

al. 2018, 20, Andrienko and Andrienko, 2010 (b), Andrienko and Andrienko, 2007, Pappalardo, 2019, 

Zhao et al. 2013; Guo and Zhu, 2014; Stephen and Jenny, 2017). Consequently, there is still no 

unanimous method among researchers which is regarded as to best represents origin-destination data 

(Andrienko and Andrienko, 2013, Dodge, 2019).    

Traditional visualisation methods struggle to effectively visualise large movement datasets, mainly due 

to the visual clutter and occlusion incurred by increasing instances of overlapping flow pathways 

(Andrienko and Andrienko, 2013, Zeng et al. 2013, Wood et al. 2010, Andrienko and Andrienko, 2010 

(b), Stephen and Jenny, 2017, Wood et al. 2011) (Table 3.1). Big Data has exacerbated the challenges 

of visual clutter and occlusion, where the overlapping pathways adopts a ‘hairball’ or ‘ball of yarn’ 

appearance where movement patterns and trends become indistinguishable (Zeng et al. 2013, Graser et 

al. 2019, Wood et al. 2011). Not only do these appearances make movement patterns indistinguishable, 

but the high density of overlapping flow pathways can also falsely portray areas of high flow volumes 

(Wood et al. 2010) (Figure A3.2). 

 

Table 3.1: Traditional flow mapping techniques’ documented challenges 

Challenge Description 

    

Visual Clutter & 

Occlusion 

The collection of flow pathways in an untidy state which results in 

indistinguishable movement patterns and occluded flow pathways. 

    

Salience Bias 

The dominant appearance of flows in bundles or over greater 

geographical distance (Guo and Zhu, 2014).    

    

Displacement The movement of flow pathways from its original position. 

    

Information Loss The loss of individual flows due to appearance or dataset reduction.  

 

 

Andrienko and Andrienko (2008) clarify that the implementation of computational generalization is 

necessary to effectively visualise large movement data. These computational generalization methods 

are referred to as clutter reduction techniques (CRTs) (Graser et al. 2019) and typically include 

techniques such as edge bundling, location aggregation, or filtering (Andrienko and Andrienko, 2013, 

Ferreira et al. 2013, Andrienko et al. 2017, Gao et al. 2018, Wang et al. 2017 (a), Andrienko and 

Andrienko, 2007, Guo et al. 2012).    
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Edge bundling is a technique where adjacent pathways are aggregated into a smaller number of 

smoothed pathways to represent general trends of movement (Wood et al. 2011) (Figure A3.3). Edge 

bundling effectively reduces visual clutter, however, merging adjacent pathways is criticised for its 

undesired displacements of flow pathways (Table 3.1; Figure A3.3). Aggregating multiple pathways 

makes it difficult to distinguish individual flow trajectories and instead focuses on strong bundles and 

general trends of movement (Graser et al. 2019). The emphasis on stronger bundles can lead to salience 

bias, where flows over greater geographical distances or stronger bundles dominate, and can be 

portrayed as being of greater importance or significance than they are (Wood et al. 2011; Guo and Zhu, 

2014) (Table 3.1; Figure A3.3).    

Location aggregation and filtering are CRTs which intend to reduce visual clutter by reducing the size 

of the data, either by aggregating points of origin/destination or filtering a specific subset of the data, 

respectively (Andrienko et al. 2017, Gao et al. 2018, Andrienko and Andrienko, 2007, Guo and Zhu, 

2014). These CRTs successfully reduce visual clutter (Graser et al. 2019), however, reducing the data 

subsequently results in a notable degree of information loss (Andrienko and Andrienko, 2010 (b), 2013) 

(Table 3.1).  

New, innovative, flow visualisation methods have been introduced, recently, to effectively map 

numerous OD links. Some of the methods include OD maps, a regularly partitioned grid with nested 

replicas of the whole map within each cell (Wood et al. 2010), Flowstrates which displays the origins 

and destination of flows in two separate maps (Boyandin et al. 2011), and radial diagrams to display 

the direction, magnitude, and destination of flows (Andrienko and Andrienko, 2016).      

The literature continues to explore innovative and effective ways to display growing OD movement 

datasets as the potential of these data remains somewhat inaccessible and unsolved (Boyandin et al. 

2011, Andrienko and Andrienko, 2016). These authors acknowledge that challenges remain with their 

respective visualisation methods and not one of the tested designs are perfect (Andrienko and 

Andrienko, 2016). These methods are not proposed as replacements to traditional methods but proposed 

as alternatives to gain new understandings about spatial and temporal patterns of mobility (Andrienko 

and Andrienko, 2016).  

The aim of this chapter is to contribute to these studies and to the knowledge on effective tools and 

techniques to map numerous OD flows. We propose multiple sets of vector fields as possible 

alternatives to map OD flows, with the goal of reducing visual clutter, occlusion, and salience bias to 

uncover and to better understand the characteristics of spatial features and trends in mass mobility 

behaviour (Andrienko and Andrienko, 2016).  
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3.2.4 Vector fields  

Vector fields is the collective representation of vectors (an object with both magnitude and direction) 

at different points in space, usually represented by arrows (Faris, 2006) and in this study, vectors depict 

the direction and magnitude of telecommunication flows from origin to destination cells (Batty, 2018, 

Andrienko and Andrienko, 2010 (b)). Traditionally, vector fields have been applied to depict the 

movement of animals in ecology, the movement of wind in meteorology (Ferreira et al. 2013, Brillinger 

et al. 2004), or the movement of liquids and gasses in fluid mechanics (Wang et al. 2017 (a)). To date, 

vector fields have been employed to a lesser extent to visualise the movement of humans or human 

activity.  

One of vector fields’ earliest applications in visualising the movement of people was in 1975 by Waldo 

Tobler (1975), coined migration fields. Tobler’s migration fields summarised the general trends of 

migration where the length of the arrows were proportional to the volume of flow (Tobler, 1975). To 

the best of this study’s knowledge, since Tobler’s migration fields, a limited number of studies have 

implemented vector fields to illustrate the movement of people using Big Data. Wang et al. (2017 (a)) 

and Ferreira et al. (2013) used vector fields and vector fields k-means respectively to visualise the 

movement of people within cities. Rohde and Corcoran (2015) and Batty (2018) use vector fields to 

depict the movement of bus passengers in Brisbane and the journeys to work in England and Wales, 

respectively. More recently, Mazzoli et al. (2019) utilizes data from mobile technologies, using vector 

fields and colour to visualise daily commuting flows in Paris and London.     

Vector fields are a proposed alternative to the more commonly applied CRTs as it is expected to 

illustrate the population’s magnitude and direction of movement whilst reducing instances of clutter 

and occlusion, without displacing flow pathways or reducing the number of candidate origins and 

destinations (Wang et al. 2017 (a), Sander et al. 2014). Whilst there have been some applications of 

vector fields to visualise OD data such as journeys between work and home, as mentioned above, only 

one study to our knowledge has evaluated the visualisation technique proposed using an expert user 

group (Wang et al. 2017 (a)). Wang et al. (2017 (a)) evaluate their method using two experts, however, 

in an evaluation task, a minimum of five evaluators are recommended to discover approximately 80% 

of usability problems (Nielsen, 1994; Banissi et al. 2014). To the best of our knowledge, no study has 

evaluated vector fields and their effectiveness to tackle the challenges of visualising large movement 

and spatial interaction datasets with the recommended number of evaluators. Therefore, one of the main 

contributions of this study is not only that it contributes to the few studies on vector fields, but because 

it is, to the best of our knowledge, the first evaluation study on vector fields using more than the 

recommended number of evaluators outlined in Banissi et al., (2014). 
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3.3 Methods 

3.3.1 Data 

 

Figure 3.1: Telecom Italia’s regularly partitioned grid of 10,000 cells across Milan 

 

This study utilizes two datasets which are extensively documented in Barlacchi et al. 2015: a 100 by 

100, regularly partitioned grid (Telecom Italia, 2015 (a)) (Figure 3.1), and a telecommunications dataset 

for the city of Milan, Italy (Telecom Italia, 2015 (b)). These datasets are from a wide catalogue of multi-

source datasets made openly available as a part of the Telecom Italia Big Data Challenge (Barlacchi et 

al. 2015). Access to such data allows and encourages researchers to address problems and scientific 

issues, specifically studies on human mobility (Barlacchi et al. 2015).  

The first dataset, the regularly partitioned grid, includes the shapefile for the 10,000 grid cells across 

Milan, where each grid cell has an area of 0.05 square kilometers (Sultan et al. 2019). The second 

dataset, the telecommunication data, includes the quantification of telecommunication activity  between 

the 10,000 grid cells (units unknown: quantified and anonymized by Telecom Italia). In this dataset, 

each row represents the volume of telecommunication activity between two cells, and this volume is 

proportional to the number of calls and messages exchanged and the number of internet connections 

that begin and end at these two cells (Barlacchi et al. 2015). This dataset includes information on 

telecommunication activity over the course of a single day and is aggregated at 10-minute intervals. As 
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a result, this raw dataset is large and is made up of over 100 million rows, which takes 43.5 seconds to 

read using the pandas library in Python (Python version 3.12.4 and Pandas version 2.2.2).   

In this study, we select and visualise only the primary outgoing flow from each of the 10,000 cells. The 

primary flow represents the greatest volume of telecommunication activity from every cell to a given 

destination cell, at any point during the day, excluding cells which have the same origin and destination. 

The process of extracting the primary flow and excluding cells with the same origin and destination 

takes a total of one minute and 17 seconds to run in Python. In other studies, such as Mazzoli et al. 

(2019) or Rohde and Corcoran (2015), more than just the primary flows have been illustrated, either 

using a single arrow (from each cell) to represent the mean direction of a collection of angular data, or 

by using multiple arrows in a single cell to illustrate the direction and strength of both primary and 

secondary flows, respectively.     

This study chose to illustrate each cell’s primary flow due to several reasons, including clarity, accuracy, 

interpretability, and utility. Firstly, illustrating only the primary flow, relative to illustrating multiple 

flows from a single origin such as in Rohde and Corcoran (2015), reduces visual clutter, improves 

clarity, and supports the scalability of the technique to handle larger OD movement datasets. Secondly, 

illustrating the primary flow, rather than a mean direction derived from multiple flows, are more 

accurate as they represent a flow that exists. Whereas a flow which represents an average direction 

illustrates a direct flow that doesn’t exist, which could impact the interpretability of the visualisation 

and mislead the reader’s interpretation of movement patterns. For example, a cell with an equally strong 

flow to two distinct locations, one in the northeast and the other in the southeast, would have an average 

direction towards the east. Without additional context, it is not possible to derive important information 

such as the direction of discrete individual flows, or how many flows have contributed to the average. 

Consequently, if the reader cannot interpret the actual volume and direction of discrete flows, it could 

have less utility. Therefore, this study has chosen to present the primary flow as it represents the most 

significant outgoing flow from each cell.  

It is also important to recognise that when interpreting the general movement patterns in Milan that the 

CDRs used in this study are provided by the Semantics and Knowledge Innovation Lab of Telecom 

Italia which only consists of information on their own customers. Due to Telecom Italia’s market share, 

the telecommunication interaction dataset represents approximately 34% of Milan and its surrounding 

area’s population (Barlacchi et al. 2015). Therefore, this dataset is not a full representation of the 

movement of Milan’s population. 
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3.3.2 OD flow mapping and vector fields 

To better understand the spatial and temporal phenomena of human mobility from OD data, the first 

step is typically to visualise the data using an OD flow map, connecting points of origin and destination 

using arrows or bands, disregarding the route taken (Ferreira et al. 2013, Graser et al. 2019, Gao et al. 

2018, Andrienko and Andrienko, 2010 (a), Stephen and Jenny, 2017). However, as each individual flow 

is illustrated, visualising large movement datasets becomes challenging due to the increasing number 

of overlapping flows which results in visual clutter and occlusion (Table 3.1).  

To exemplify these challenges, this study uses an OD flow map to illustrate each individual OD link in 

the movement dataset. The purpose of this OD flow map is to outline the ineffectiveness and the 

ubiquity of issues when visualising large movement datasets. The OD flow map seeks to support the 

arguments made by Wood et al. (2011) and Graser et al. (2019) that illustrating too many OD pairs 

induce a “hairball” or “ball of yarn” appearance where movement patterns become indistinguishable. It 

is important to highlight that this OD flow map is the simplest form of flow map and was created only 

to represent the challenges present when illustrating numerous OD links.  

To resolve the issues presented by the OD flow map, this study represents the flows using two separate 

sets of vector fields where the arrows are weighted and thus proportional to the geographical distance, 

and the volume of flow between points of origin and destination. For each of the two sets of vector 

fields, a longer arrow length would indicate a greater distance travelled or a greater volume of flow 

from each origin, respectively. 

In the first set of vector fields, the length of the arrows was scaled so that instances of overlapping 

pathways were reduced enough to make movement patterns more distinguishable, but still retaining 

enough length to preserve the visibility of shorter arrows over smaller distances. Achieving this balance 

was challenging, as this required selecting an appropriate scale factor, which is a value that determines 

how much the arrow lengths are scaled. Selecting an appropriate scale factor was an arbitrary, 

subjective, and iterative process and required testing different values (Tobler, 1975). In this first set of 

vector fields, scaling the arrow lengths alone was not sufficient to fully eradicate challenges such as 

visual clutter and to be able to uncover all movement patterns. Therefore, to further enhance the 

distinguishability of movement patterns, attributes such as the colour, transparency, and position were 

also modified.  

A second set of vector fields were also created, where each vectors’ length was made proportional to 

the volume of the flow of each cell’s primary flow. Having the length proportional to the volume of 

flow would maximise the discernibility of the most important vectors, irrespective of distance travelled. 

This is important as sometimes the strongest movement flows are intra-city flows, between 

neighbouring cells.  
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Due to highly skewed values of volumes of flow (Figure A3.1), distinguishing differences between 

most vector lengths proved difficult. Therefore, the length of the second set of vectors was weighted on 

a log transformed version of the volume of flow variable. Weighting the lengths on the log transformed 

variable would normalize the distribution of the variable, subsequently improving the discernibility of 

the differences in arrow lengths between the different volumes of flow.    

 

3.4 Results and discussion  

3.4.1 Flow map 

OD flow mapping is typically employed to visualise OD data as it can communicate information about 

movement patterns (Stephen and Jenny, 2017). This study employs an OD flow map to illustrate 10,000 

cells’ primary telecommunication flows in Milan using arrows to connect points of origin and 

destination (Figure 3.2). It is apparent in Figure 3.2 that simply connecting origin and destination using 

arrows is not an effective representation of human movement patterns.  

 

Figure 3.2: OD flow map connecting origins and destinations of each of the 10,000 cells’ primary flows.  
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The purpose of Figure 3.2 is to exemplify the ubiquity of visual clutter and occlusion caused by multiple 

overlapping flow pathways incurred when visualising numerous OD flows. The abundance of 

overlapping flow pathways in Figure 3.2 creates an appearance consistent with the ‘hairball’ or ‘ball of 

yarn’ appearance discussed in Wood et al. (2011) and Graser et al. (2019), respectively. Consequently, 

no meaningful movement patterns can be distinguished and flows over greater geographical distances, 

especially those from the suburbs towards the city centre, appear to dominate and occlude the shorter, 

intra-city centre flows. The occlusion of intra-city centre flows results in some of the shortest, yet most 

important flows, becoming indistinguishable (Figure 3.2).    

Another challenge of this OD flow map is that several of the arrow pathways overlap, fallaciously 

creating an impression of a high density of flows in areas where there are relatively low volumes of 

movement (Wood et al. 2010) (see Figure A3.2). The numerous intersecting pathways are detrimental 

to the effectiveness of the flow map. Multiple intersecting flow pathways do not represent locations of 

high volumes of flow and leads the reader to incorrectly interpret the spatial distribution of flows in 

Milan. Typically, some of the issues identified would be addressed by applying CRTs (Graser et al. 

2019). Techniques such as edge bundling could aggregate and smooth intersecting flow pathways into 

bundles and occurrences of visual clutter could also be addressed by techniques such as filtering or 

location aggregation, reducing the number of flows illustrated.      

However, as identified in Section 3.2.3, these CRTs can result in undesired displacement of flow 

pathways and a notable degree of information loss (Andrienko and Andrienko, 2013, Andrienko and 

Andrienko, 2010 (a), Andrienko and Andrienko, 2007). The aim of the following sections is to explore 

the extent to which vector fields can improve the effectiveness of visualising large movement datasets 

(Figure 3.2), minimising the degree of information loss and displacement. Vector Fields are not 

proposed as a replacement to these established CRTs, rather, contribute to the techniques in which to 

reduce visual clutter, occlusion, and salience bias.  

 

3.4.2 Vector fields 

Section 3.4.2 proposes two sets of Vector Fields to more effectively visualize the 10,000 primary flows 

in Milan: where the arrow lengths are proportional to the distance travelled (Section 3.4.2.1) and 

proportional to the volumes of flow (Section 3.4.2.2). In this section, we discuss the effectiveness of 

each set of vector fields in addressing challenges such as visual clutter, occlusion, and salience bias, 

and these discussions are then compared against the evaluation in Section 3.4.3.  
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3.4.2.1 Proportional to distance 

In Figure 3.3a the length and angle of each vector depicts the distance and direction of each cell’s 

primary flow, where the greater the length of the arrow, the greater the distance between origin and 

destination. The arrow lengths are scaled so that the arrows are short enough to minimise instances of 

intersecting pathways, yet long enough that the discernibility of the shortest flows are retained. Relative 

to Figure 3.2, scaling the arrows reveals discernible movement patterns in Milan. However, scaling the 

arrow lengths to successfully achieve a balance between minimizing instances of intersecting pathways 

and maximizing discernibility of the shortest flows is difficult and poses challenges. To enhance the 

visualisation method’s effectiveness, the vectors’ transparency and colour are adjusted in Figure 3.3b. 

  

 

(a) 
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Figure 3.3: Vector fields weighted by the distance between origin and destination of their respective cell’s primary flow (a). 
The vectors are coloured based on the primary flow’s intensity to minimise visual clutter, occlusion, and salience bias (b). 

Topological movement patterns such as ‘sources’ and ‘sinks’ (Wang et al. 2017 (a)) can be 

distinguished in Figure 3.3a, most obviously, the coherent movement of flows towards the centre of 

Milan. The centre of Milan is interpreted as a clear sink as the preponderance of vectors’ angle and 

lengths on the outskirts indicate a near collective movement towards the centre. However, closer to the 

centre of Milan, the length and direction of vectors become much shorter and chaotic, respectively. This 

suggests that many of these flows are intra-city flows over smaller distances, remaining within or close 

to the centre of Milan (Figure 3.3a).  

Figure 3.3 shows that the destination of most cells’ primary flow, over the course of the day, is towards 

the centre of Milan. These connections and patterns according to Sultan et al., (2019), who also explore 

CDR data in Milan, are expected. This is because the centre of Milan is a high activity area and consists 

of many busy areas, social meeting points, and important buildings, such as shopping malls and 

hospitals (Sultan et al. 2019). Therefore, the abundance of strong connections between suburban areas 

and the centre of Milan could illustrate the centre’s role as a hub of activity, and the prevalence of 

connections between and potential movement from residential areas and smaller towns, towards the 

centre of Milan which has more busy areas, important buildings, workplaces, and social meeting points. 

Whilst the CDR data used in this study does not directly track the movement of individuals, information 

(b) 
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on the location and volume of calls, messages, and internet activity can provide valuable insight into 

the connections between the location of people’s homes and workplaces and can provide insights into 

population-level patterns of movement (e.g., commuting patterns) (Zagatti et al. 2018).  

However, in Figure 3.3, as a result of scaling the arrow lengths, several of these intra-city flows have 

become indistinguishable. This is a key issue in Figure 3.3a, as this could result in the loss of some of 

the strongest flows. The scaling of the vectors in Figure 3.3a also fails to effectively resolve issues of 

salience bias as the longer flows dominate, appearing of greater importance and occluding underlying, 

shorter flows. Furthermore, the abundance of overlapping pathways at the edges of the grid encourages 

misinterpretation and creates an illusion of a higher density of flow (see Figure A3.2). To resolve such 

issues, this study uses colour, opacity, and position to better distinguish volumes of flow. In Figure 

3.3b, the strongest flows are protruded by being coloured in a darker shade, made fully opaque, and 

placed so that they overlay all other vectors. Contrastingly, weaker flows are made more inconspicuous 

by being coloured in a lighter shade, made more transparent, and positioned so that they underlay all 

other vectors.  

The implementation of colour, transparency, and placement is much more effective in distinguishing 

general movement patterns in Milan, particularly the origin, directional tendencies, and distance 

travelled of the strongest flows (Figure 3.3b). Figure 3.3b uncovers that the intra-city flows in the centre 

of Milan have the highest volumes of flow and identifies corridors of high volumes of flow towards the 

centre of Milan from some of the most largely populated Comuni (municipalities), including Sesto San 

Giovanni and Cinisello Balsamo in the north-east, Rho and Pero in the north-west, Rozzano in the south, 

and Corsico in the south-west (Communi-Italiani n.d.). 

Modifying the colour, transparency, and positioning of the vectors in Figure 3.3b largely addresses the 

key issue of salience bias to some extent as the weak flows over greater geographical distances, 

specifically from the south-west, no longer dominate (Figure 3.3b). These adjustments aim to protrude 

only the strongest volumes of flow. However, adjusting the vectors’ attribute does not fully address all 

issues identified in Section 3.4.1 as scaling the arrows results in some of the shortest flows becoming 

indistinguishable, specifically those between neighbouring cells within the centre of Milan.  

 

3.4.2.2 Proportional to volume of flow 

To address the loss of discernibility of the shortest yet strong intra-city flows in Figure 3.3, the arrow 

length of the second set of vector fields proposed in this section length, are made proportional to the 

volume of flow, where longer arrows represent a higher volume of flow. Figure 3.4 successfully 

uncovers these previously hidden intra-city flows, illustrating the vast number of indistinguishable 

flows in Figure 3.3, and improves the reader’s ability to explore and interpret the more chaotic, short-
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distanced, intra-city movement patterns in Milan. Like Figure 3.3, to accentuate the difference between 

the different volumes of flow, Figure 3.4 implements a colour scheme, where darker shades indicate 

stronger flows. However, unlike Figure 3.3b, the transparency and positioning of each quintile is not 

modified as it is not necessary as instances of overlapping flow pathways is minimal. 

Along with uncovering the short-distanced, intra-city flows, Figure 3.4 effectively addresses the 

challenge of salience bias identified in Figure 3.3b, where longer flows, over greater geographical 

distances towards the centre of Milan tend to dominate the appearance and obscure some of the shorter 

flows. Some of these shorter flows, previously obscured by longer flows, do not move coherently 

towards the centre of Milan and subsequently reveal several smaller-scale vector sinks. Several of these 

smaller-scale vector sinks indicate smaller scale points of attraction and are largely situated in largely 

populated Comuni in the north-east, north-west and south-west of the city centre at Sesto San Giovanni, 

Pero, and Corsico, respectively (Figure 3.4). As well as at largely populated Comuni, Figure 3.4 

identifies prominent smaller-scale vector sinks at points of interest (POI) such as Milan Linate Airport 

(LIN), east of the city centre. 

 

  

Figure 3.4: Vector Fields weighted by their respective cell’s primary flow intensity.  
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Smaller-scale vector sinks and the movement of people towards largely populated Comuni and 

prominent POIs are somewhat expected. However, one key added value of Figure 3.4 is how it uncovers 

smaller-scale vector sinks at unlabelled locations. Two examples of this includes small-scale vector 

sinks at POIs and workplace/industrial zones such as Fiera Milano or Zona Industriale di Taliedo, 

located immediately northwest of Pero, and southwest of LIN respectively (Figure 3.4). Another value 

added by Figure 3.4 is the discovery of smaller-scale vector sinks which do not conform to the mostly 

coherent movement towards the centre of Milan, despite previously believed to only be effective when 

the direction of movement was coherent (Andrienko and Andrienko, 2013).  

The identification of smaller-scale movement patterns in Figure 3.4 are important discoveries for 

visualising large OD movement datasets. Particularly, it offers a potential effective visualisation method 

for non-coherent movement data, uncovering spatial insights on movement patterns in polycentric urban 

structures. Also, these findings exemplify the value of this explorative visualisation method and how it 

could be effective at highlighting smaller-scale movement patterns which may have been overlooked 

or lost using more commonly applied CRTs. For example, the small-scale movement patterns towards 

Fiera Milano, the fourth largest trade fair and exhibition centre in the world (Sainaghi et al. 2019) may 

not have been distinguishable if location aggregation reduced the number of origin and destinations, or 

if strong bundles of movement towards the city centre dominated the visualisation, using edge bundling. 

However, one limitation of Figure 3.4 is that when the length of the vectors is proportional to the 

volume of flow, information on the distance travelled is not available. Unlike visualisation methods 

such as radial diagrams used in Andrienko et al (2016), it is not possible to distinguish the destination 

of the vectors from Figure 3.4 alone. The only way to interpret the volume of flow and the distance 

travelled is to compile information gained from both visualisations in Figures 3.3 and 3.4 to better 

understand the general movement patterns.       

 

3.4.3 Evaluation of the proposed vector fields 

Whilst the authors argue that the figures presented in this study can help uncover patterns and insights, 

user experience and preference of visualisation techniques is a subjective experience (Koesten et al. 

2023). Therefore, individual users will identify different strengths and weaknesses (Banissi et al. 2014). 

To test and measure the true usefulness and comprehensibility of visualisation techniques, it is 

necessary to evaluate (Forsell, 2012). Evaluating user experience and preferences is considered highly 

important and can be used to obtain feedback on the design of the figures and measure the extent to 

which the objectives and goals of the figures have been achieved (Forsell, 2012). To conduct an 

evaluation study, it is recommended to use at least five evaluators, where five evaluators are found to 

be able to discover approximately 80% of usability problems (Nielsen, 1994; Banissi et al. 2014).  
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We evaluate the figures presented in this paper by inviting current members and alumni of the 

Geographic Data Science Lab (GDSL) at the University of Liverpool to complete an evaluation survey. 

The GDSL represents a collection of experts, both research and teaching, that focus on leveraging new 

forms of spatial data and information to support intelligent decision-making (GDSL, n.d.). From our 

invitation, we received 16 responses. The survey included five compulsory questions on the 

effectiveness of the two sets of vector fields (Figure 3.3b and Figure 3.4) relative to the OD flow map 

(Figure 3.2), and the extent to which they tackled key challenges in movement visualisation such as 

visual clutter, the retention of spatial information, and salience bias. In the survey, the participants were 

provided with a brief introduction to these key challenges, the objective of the study, and a separate link 

to view the figures.   

The first four questions used a five-point Likert scale, allowing users to express the extent to which they 

agreed or disagreed with each statement (statements outlined below). For each question, “not sure” was 

added as a sixth option. This option is placed at the end as it is outside the Likert scale and is separate 

from the neutral option/midpoint as it allows participants to express when they do not know (Dillman 

et al. 2009; Pearse, 2011). For each statement, we ask participants to evaluate two sets of vector fields 

(Figure 3.3b and Figure 3.4). The first four statements are outlined below:  

1. Relative to Figure 3.2, vector fields reduce visual clutter. 

2. Vector fields retain spatial information of individual flows: 

a. Direction  

b. Distance 

3. Salience bias is still present. 

4. The use of colour helps distinguish the strongest flows. 

 

The results of the first four statements are outlined in Table 3.2 and show that each figure has different 

strengths and weaknesses. For example, Figure 3.3b, where arrow lengths are proportional to the 

distance between origin and destination, is better at retaining the spatial information (both direction and 

distance) of individual flows and better at distinguishing the strongest flows with the use of colour 

(Table 3.2). However, despite its strengths, at least half of the respondents agreed that Figure 3.3b was 

not as effective in removing salience bias, meaning that bundles of arrows or arrows over longer 

distances could still appear more important than they are. This limitation is also highlighted by the 

authors in Section 3.4.2.1.  
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Table 3.2: Result of the first four questions in the survey sent to experts from the GDSL. The first four questions use a five-

point Likert scale from strongly disagree to strongly agree, as well as a sixth option if the participant does not know or is 

unsure. The figure numbers have been changed to match those in this study.    

Statement Figure Strongly Disagree Disagree Neutral Agree Strongly Agree Not Sure 

1 
Figure 3.3b 2 0 0 5 9 0 

Figure 3.4 2 0 0 2 12 0 

2a 
Figure 3.3b 1 1 1 4 8 1 

Figure 3.4 0 2 3 6 3 2 

2b 
Figure 3.3b 0 0 0 6 8 2 

Figure 3.4 0 7 1 5 1 2 

3 
Figure 3.3b 0 6 1 7 1 1 

Figure 3.4 3 6 2 2 1 2 

4 
Figure 3.3b 1 0 0 3 12 0 

Figure 3.4 2 1 2 1 10 0 

 

For Figure 3.4, the biggest strength according to the participants was the removal of visual clutter, 

where three quarters of the respondents strongly agreed that making the arrow lengths proportional to 

the volume of flow reduce visual clutter. This concurs with Section 3.4.2.2, where the authors argue 

that Figure 3.4 uncovers flows that were previously obscured by flows over longer distances. However, 

despite its ability to reduce visual clutter, one clear limitation of Figure 3.4 is that it does not portray 

information on the distance between origin and destination. This limitation is highlighted in Section 

3.4.2.2 and in Table 3.2, where more respondents disagree that information on distance is retained. 

Interestingly, six respondents agreed or strongly agreed that information on distance was retained (Table 

3.2) in Figure 3.4. This could indicate that the user has misinterpreted the figure as this figure does not 

have any information on distance. Misinterpretation is also seen in other user evaluation exercises such 

as in Andrienko et al. (2017).  

In the fifth question, we asked the participants which of the two figures they preferred and believed 

were most effective at visualising the OD data (if any), relative to Figure 3.2 in Milan. To achieve this, 

the participants were asked to select one of the following six statements that was most true to them:  

1. Figure 3.3b is the best. 

2. Figure 3.4 is the best. 

3. Both figures complement each other and should be used together. 

4. Neither figure is a good option. 

5. Not sure. 

6. Other.  
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From the statements above no participants selected option four (Table 3.3), meaning that all respondents 

(apart from one who selected not sure) believed that relative to Figure 3.2, vector fields are an effective 

visualization technique. Interestingly, the statement with the highest votes is the first statement, where 

nearly half of the participants (n=7) thought that the vector fields with arrow lengths proportional to the 

distance between origin and destination was the best option (Table 3.3). In contrast, only two 

participants believed that Figure 3.4 was the best option, even though this method is more commonly 

applied and highlighted in studies such as Tobler (1975) and Mazzoli et al. (2019) (Table 3.3). The 

remaining participants (n=6) selected option three and believed that both figures complement each other 

and should be used together (Table 3.3).  

Table 3.3: Result of the fifth question in the survey sent to experts from the GDSL. The fifth question was, “Select the true 

statement for you (all statements refer to the OD data used in Milan and relative to Figure 3.2).”. The figure numbers have 

been changed to match those in this study.    

Statement Count 

Figure 3.3b is the best approach for visualising OD data.  7 

Figure 3.4 is the best approach for visualising OD data. 2 

Both figures complement each other, and both can/should be used to visualise OD data. 6 

Neither figure is a good option to visualise OD data. 0 

Not Sure 1 

Other 0 

 

To understand user experience and preference, we added an optional question at the end of the survey, 

where participants were asked to justify their selection in question five. Of the 16 participants, 12 

participants provided an answer, and the full answers are included in the appendix (Table A3.1). 

Following this paragraph, extracts from the answers will be provided to help explain the respondents’ 

answers to question 5. We have changed the figure numbers in these extracts to match those in this 

study.  

From the participants’ answers, it is evident that the reason why many selected Figure 3.3b as the best 

option is because it is the most intuitive and provided the most information (both distance and volume 

of flow): 

Participant 2: “… gives the best visual for this movement and is the easiest to discern the pattern from first 

look” 

Participant 8: “… the most intuitive to interpret, and the most visually interesting too.” 

Participant 10: “… l can instantly understand what is going on with the length of the arrows and the colour, 

and seems intuitive that the arrow length represents the distance between origin and destination.” 

Participant 11: “… conveys both flow volume and distance and therefore gives a better idea of the flows.” 

Participant 12: “They do complement each other, but I believe figure 3.3b tells the story for both maps 

without the need for both maps to be present.” 
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Whilst many participants agreed that both figures were a significant improvement over Figure 3.2, 

many users preferred Figure 3.3b because it was the easiest to interpret and included information on 

both the distance and volume of flow. Therefore, Figure 3.3b was most effective in communicating  

patterns and insights from the OD data to the user. This is important because when the figure does not 

easily and instantly communicate insights to the user, possibly such as in Figure 3.4, patterns can be 

misinterpreted. This is evident in Table 3.2 (Statement 2b), where several participants thought Figure 

3.4 portrayed information on distance between the origin and destination of individual flows, when in 

fact, it does not.  

Despite being not as easy to interpret by some users, some respondents believed that Figure 3.4 was the 

best and several mentioned that it should be used to supplement Figure 3.3b: 

Participant 3: “Figure 3.4 reduces the amount of unnecessary information, allowing for key insights to be 

determined.” 

Participant 4: “… in general what the reader (and analyst) wants to know is which flows are 'important', 

where 'important' typically means 'the flows that are happening the most' - i.e. volume of flows. Fig 3.4 clearly 

shows that most flows are short distance flows within the centre of the town.”  

Participant 9: “Taken together, these present a complete picture of OD flows” 

Participant 10: “I prefer Figure 3.3b but I think both figures could be used together as Figure 3.4 has less 

clutter.” 

Many of these users preferred Figure 3.4, or believed it could supplement Figure 3.3b, because it had 

less visual clutter and could clearly show the location of the most important flows. However, as Figure 

3.4 did not hold any information on the distance between origin and destination, the users relied on 

Figure 3.3b to be able to interpret that many of the important flows within the centre of Milan were 

over a short distance.    

Whilst no respondents believed that the vector fields proposed in this study were not appropriate, some 

respondents did outline potential limitations of the figures and made suggestions on how to improve. 

Participant 4: “… figure 3.3b some of these flows could be of long distance, but low volume, and hence of 

little interest” 

Participant 6: “… figure 3.3b appears to smudge the underlying map, and figure 3.4 is confusing in the city 

centre.” 

Participant 9: “… there appears some information is lost, i.e. volume of flows not clear in figure 3.3b, and 

distance between flows not clear in figure 3.4.” 

Participant 10: “For Figure 3.4, it took me longer to understand what was going on, also the volume of flow 

is being visualised by the arrow length and colour, maybe remove the colour element as it creates confusion 

as you would expect it to measure something different.” 

With very little context to the study, the users were able to identify several limitations of the figures. 

Several of these limitations, including the remaining salience bias in Figure 3.3b identified by 
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Participant 4, or the lack of information of distance in Figure 3.4 noted by Participant 9, have already 

been mentioned in this paper which the users did not have access to. In this study, we used 16 evaluators 

and are confident that many of the limitations of the visualisation techniques have been identified. This 

is supported by Banissi et al., (2014), where they acknowledge that five evaluators can find 80% and 

15 can find around 95% of the usability problems of information visualisation techniques.  

 

3.4.4 Summary and future work  

As mentioned in this study, and as noted by the user groups, the two sets of vector fields in this study 

possess individual strengths and weaknesses. For example, Figure 3.3 does well at capturing the 

movement from surrounding, largely populated Comuni, towards Milan’s city centre. However, some 

key issues remain, specifically the loss of shorter distance flows in the city centre and the continuing 

presence of occlusion and salience bias. Some of these issues are addressed in Section 3.4.2.2. where 

Figure 3.4 is proportional to the volume of flow rather than distance. Whilst we cannot quantify the 

reduction of occlusion between the two sets of vector fields, it is evident that Figure 3.4 notably 

improves the discernibility of the shorter, stronger flows, and uncovers previously occluded, smaller-

scale topological movement patterns. However, without information on distance, it is not possible for 

the reader to interpret the destination of individual flows.   

Whilst the user group agreed that vector fields was a suitable and effective visualisation technique to 

illustrate large OD movement datasets relative to traditional flow maps, there are several aspects where 

future research could enhance the design and applicability of vector fields. First, future studies could 

enhance the current design proposed in this study by adopting the feedback provided in the evaluation 

survey (e.g., the colour of the vectors in Figure 3.4 could represent distance rather than volume of flow). 

Second, future studies could validate the effectiveness of vector fields by applying the technique to 

different urban areas with different urban structures (monocentric vs polycentric) and different 

morphology of geographical units (regular vs irregular geographical boundaries). Lastly, future studies 

could extend this by incorporating the temporal dynamics of movement data, as well as addressing 

spatial challenges, as this would provide a more comprehensive understanding of how movement 

patterns change over time.     

 

3.5 Conclusions 

In this study, we proposed an application and adaptation of Tobler’s ‘migration fields’ (Tobler, 1975) 

to depict large, Eulerian, grid-based movement data: the primary flow of movement across 10,000 cells 

in Milan. The importance of the study derives from the need for more effective visualisation techniques 

to visualise increasingly accessible, large, and complex OD movement datasets. Existing flow mapping 
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techniques have and will continue to become ineffective as increasing size and complexity of OD 

movement datasets rapidly increase visual clutter and occlusion (Long et al. 2018, Gao et al. 2018, 

Raposo, 2019). This study is not proposed to replace existing methods, but to contribute to the recent 

literature on suitable, alternative movement visualisation techniques.    

By adapting vector fields, and supported by an evaluation study, we were able to determine that vector 

fields can uncover small and large-scale topological movement patterns by minimising visual clutter 

and occlusion, salience bias, and spatial information loss. Unlike some of the commonly applied CRTs, 

vector fields were able to do so without undesired displacement of flow pathways or location 

aggregation. The extent of the effectiveness of vector fields as a visualisation tool relies on the 

customisation of the attributes, specifically the scaling and colouring of the vectors, which are modified 

to distinguishability the strongest flows and discern the main topological movement patterns. 

The extent of customisation of this visualisation method also presents one of the key challenges. As 

effectiveness heavily relies on the scaling and colouring of the vectors, the effectiveness of the 

visualisation technique in other case studies is uncertain. Future studies are needed, using vector fields, 

in different urban areas, urban structures, and using different geographical units to evaluate the 

effectiveness of the method.  
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Chapter 4. Sensing the City: Clustering Pedestrian Behavioural Changes in 

Melbourne Between Post-First and Second Lockdown.  

 

Chapter Overview 

 

Chapter Four is the second empirical analysis chapter in this thesis an fulfils the second research aim 

of by adopting a data-driven approach to identify and establishing different types of responses in 

collective pedestrian behaviour during the COVID-19 pandemic. This study utilises open-source 

pedestrian counting data and adopts a hierarchical clustering approach to cluster daily changes in 

pedestrian behaviours across 44 sensors, between the first two post-lockdown periods in Melbourne, 

Australia. In this study, I identify three different types of responses across Melbourne’s CBD between 

these two periods, and these changes in behaviours may be attributed both to the land-use of sensor 

locations and the changing behaviours of inhabitants (e.g., working, commuting, shopping). 

This chapter contributes to the second key challenges of the overarching narrative of the thesis: analysis. 

It showcases that by adopting a data-driven approach, important patterns can be uncovered from digital 

trace data such as the difference in response between activity at retail areas and sustenance areas (i.e., 

bars, restaurants, and cafes) despite the reopening of all non-essential services.  The findings of this 

chapter contribute to the understanding of how collective pedestrian behaviours changed during the 

early stages of the pandemic, a mode of transport that is often overlooked, and could  contribute to real-

world challenges currently faced by cities, such as the loss of footfall and high-street decline. These 

findings, contributions, and implications are discussed further in this chapter and in Chapter Six.  
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Abstract 

 

The COVID-19 pandemic, lockdowns, and subsequent recovery efforts changed how, when, and where 

people moved, worldwide. However, relatively little is known about the spatial and temporal changes 

to pedestrian behaviour, despite its prominence and its importance as an indicator to both humans and 

cities’ health. In Melbourne, Australia, we utilize and cluster the spatio-temporal profiles of pedestrian 

activity collected from open-sourced pedestrian counting data across the City of Melbourne between 

post-first and second lockdown. We aim to investigate the influence of urban morphology, urban settings 

(e.g. work, education and commercial areas), and land-use on these changes. Using time-series 

clustering, our study uncovers three distinct clusters of pedestrian activity post-second lockdown 

relative to the first: areas with minimal change in pedestrian activity encompassing workplace transit 

stations and residential zones, sustenance areas which experienced an immediate resurgence in 

pedestrian activity, and major retail zones which demonstrated a more delayed increase. These clusters 

reveal distinct differences of mobility behaviour within cities and across different land-uses, uncovering 

the possible impact of evolving commuting, working, and lifestyle behaviours on a less explored yet 

significant mode of transport. These findings can provide valuable insights for decision makers, 

exploring how changing working, shopping, and commuting behaviours may have impacted  the 

function of certain land-uses and urban settings and could potentially contribute to existing initiatives 

such as Melbourne’s ten-year transport plan, and high-street recovery schemes.  

 

Glossary 

CBD – central business district  

COM – City of Melbourne 

COVID-19 – Coronavirus disease 2019 

DTW – dynamic time warping 

ED – Euclidean distance 

NPI – Non-pharmaceutical intervention  

RMIT – Royal Melbourne Institute of Technology 

SARS – severe acute respiratory syndrome 

 

4.1 Introduction 

Declared as a pandemic by the World Health Organization on the 11th of March 2020, the novel 

coronavirus disease, COVID-19, had already been recorded in over 200 countries (Askitas et al., 2020). 

In attempt to manage the virus, governments introduced non-pharmaceutical interventions (NPIs) 

including school and non-essential business closures, social distancing measures, and stay-at-home 

orders which both directly and indirectly impacted human mobility patterns (Gupta et al., 2020). This 

has resulted in a body of literature, emerging faster than any previous epidemic or pandemic (Latif et 

al., 2020). 
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Initially, human mobility was utilised for the monitoring and prediction of the spread of the disease and 

to measure the effectiveness of containment strategies (Warren and Skillman, 2020). Research also 

focused on understanding the impacts of COVID-19 on internal (González-Leonardo et al. 2021; Rowe 

et al. 2022; González-Leonardo et al. 2022 (a)) and international migration movements (González-

Leonardo et al. 2022 (b)). Yet, less is known about the spatio-temporal aspects of behavioural changes 

(Hunter et al., 2020), particularly on walking trips (Badawi et al., 2020), despite being and the most 

common form of physical activity worldwide (Hino and Asami, 2021). Possible reasons for the lack of 

research on spatio-temporal changes on walking trips could be traced to the relative lack of accessibility 

to real-time data, where traditional data on walking trips are often unreliable (Bucsky, 2020), relying 

on laborious traditional data collection methods such as manual counting and travel surveys (Lee and 

Sener, 2020; Graells-Garrido et al. 2023) and is often aggregated with cycling data (Badawi et al., 

2018).  

Before COVID-19, walkability, the influence of the built environment on the generation of walking 

trips has been explored, mostly in residential neighbourhoods in relation to active travel (Assemi et al. 

2020). Pre-pandemic, studies uncover that the generation of walking trips and higher walkability would 

typically be seen at locations with higher population density and proximity to services such as transit 

stations (Hino and Asami, 2021). It is essential to uncover the influences on walking trips beyond 

residential neighbourhoods, across multiple urban settings (e.g. work, education, and commercial areas)  

in urban areas, particularly during COVID-19 as traditionally highly walkable locations were adversely 

affected as the public avoided confined, crowded spaces (Hino and Asami, 2021).  

This study aims to explore the extent to which traditional assumptions of walkability, in urban areas, 

have been challenged throughout COVD-19, possibly influenced by urban morphology, urban setting, 

and lockdown stringency. We do this by clustering the temporal profiles of 44 sensors, scattered across 

the central business district (CBD) of Melbourne, between two periods, post-first and second lockdown. 

Melbourne was selected because in the state of Victoria, the disparities in stringency of lockdown 

measures between the first two lockdowns and the speed at which they were eased, differed. Also, 

Melbourne was selected because its pedestrian counting scheme has been recognised as a promising 

and one of the best sources for explicitly studying pedestrian traffic (Carter et al. 2020), offering a large 

quantity of open-source, high frequency, continuous and systematic pedestrian counting data across 

multiple urban settings (Hermann et al. 2021; Sevtsuk et al. 2021). Whilst other cities such as Sydney 

and New York collect information on pedestrian activity for over 100 locations, Melbourne was selected 

as these data are only collected and made available bi-annually. Despite the promise of Melbourne’s 

pedestrian counting data, most of the sensors are concentrated in the CBD (Hermann et al. 2021). 

Therefore, whilst this study explores the spatial and temporal changes in pedestrian activity across 

Melbourne and its different land-uses, it is important to recognise that the findings of this study are 

limited to the CBD and its closely surrounding areas.  
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A key novelty of the paper is the use of near real-time data to explore changes in pedestrian behaviour 

at a granular level, grouping sensors on their changes in pedestrian behaviour rather than existing 

geographical or administrative units. While our work focuses on stages of the COVID-19 pandemic, it 

is set to provide valuable insights about the general change in functionality of pedestrian behaviours at 

certain urban settings during distressing events, and how real-time information can be used for future 

preparedness. Particularly, that is improving urban facilities at locations of high pedestrian activity to 

encourage the generation of safe walking trips. Identifying locations in most need of improving 

pedestrian facilities could be essential to support Melbourne’s ten-year transport plan drafted in May 

2019 (Carter et al. 2020). This plan highlights the need for repurposing streets to create more space for 

pedestrians given Melbourne’s expansion and overcrowding. Our findings can contribute to support this 

purpose by offering evidence on changes in pedestrian behaviours and potential future trends in 

walkability in popular areas of the city. 

The rest of this paper is structured as follows: Section 4.2 will review the literature, studies which 

explored changes in human mobility during the early stages of the pandemic and studies which explored 

walkability and the influence of the built environment, prior to the pandemic. Section 4.3 will introduce 

and justify the selection of the data, the study period and location, and the clustering algorithm 

implemented. Sections 4.4 will describe and discuss the findings and possible implications of the study, 

exploring the typical functionality of pedestrian behaviour at sensor locations and how changes have 

evolved between the easing of two strict lockdowns. The study is concluded in Section 4.5, where the 

findings are summarised and possible future applications and implications are suggested. 

 

4.2 Literature review 

4.2.1 Covid-19 and changes to mobility  

In a bid to contain COVID-19, governing bodies expeditiously implemented NPIs, restricting 

international and domestic mobility (Oliver et al., 2020; Pepe et al., 2020; Gao et al., 2020). Research 

on mobility since the beginning of the pandemic has been prolific and emerged faster than any prior 

epidemic or pandemic, with more publications within a four-month period than there were in three years 

for SARS-CoV-1 and Ebola (Latif et al., 2020). In this section, we review the literature, available at the 

time of the study, on where and how mobility changed following the declaration of the pandemic on 

the 11th March by the World Health Organisation (WHO). 

During the early stages of the pandemic, where people moved was severely disrupted. The extent of 

changes in mobility varied by land-use (Rice and Pan, 2020; Latif et al., 2020; Askitas et al., 2020; 

Beck and Hensher, 2020) and was initially determined by the implementation of NPIs and public’s 

perception of risk (Chang and Miranda-Moreno, 2020; Chan et al., 2020). The abrupt changes to 
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mobility at the early stages of the pandemic was not observed homogeneously across all land-uses: 

grocery and pharmacy stores, parks, and residential land uses experienced relatively minimal change in 

mobility (Askitas et al., 2020; Ballantyne et al., 2021; Beck and Hensher 2020; Chan et al., 2020). This 

is largely due to the continuation of essential trips to grocery and pharmacy stores, leisure and 

recreational trips to open greenspaces, and increasing daytime residential population caused by 

increasing working-from-home (Rice and Pan, 2020; Askitas et al., 2020; Chan et al., 2020; Hino and 

Asami, 2021; Hunter et al., 2020; Bonato et al., 2020). 

As well as heterogeneous changes in where people moved, research also discovered changes in how 

people moved, particularly a modal shift away from public transport (Aloi et al., 2020; Beck and 

Hensher, 2020; Beck et al., 2020; Short et al., 2020; Eisenmann et al., 2021; Bucsky, 2020; Borkowski 

et al., 2021). A decrease in the use of public transport was expected and was observed previously during 

the SARS epidemic, mainly caused by workplace closures and the high perceived risk associated with 

shared modes of transport, deemed “breeding ground for viruses” (De Vos, 2020; Short et al., 2020; 

Askitas et al., 2020; Troko et al., 2011; Eisenmann et al., 2021). Consequently, there was a notable shift 

towards private modes of transport, with an increase in the use of active travel and private cars for short 

and long distances, respectively (Zecca et al., 2020).  

As it has been researched to a lesser extent, this study explores the impact of COVID-19 on pedestrian 

activity, particularly how, where, and when the public moved during the early stages of the pandemic. 

Often overlooked, pedestrian activity reflects the vibrancy and vitality of a city, and analysis of changes 

in pedestrian behaviour will help cities better understand the functionality of the city during disruptive 

events, such as pandemic and is crucial to help plan for future needs and the re-design and repurposing 

of urban spaces to encourage and meet the demand for socially distanced physical activity (Wang et al., 

2017; Carter et al. 2020; Zecca et al., 2020; Doubleday et al., 2021).   

 

4.2.2 Walkability 

Research on the influence of urban morphology and neighbourhood design on walking is well 

established (Dhanani et al., 2017; Zhao and Wan, 2020) and is particularly prevalent with the concept 

of the 15-minutes city, where all essential and non-essential services are offered within a 15-minute 

walkable radius (Zecca et al., 2020; Graells-Garrido et al 2021). However, most studies have studied 

walkability in residential areas, despite active travel occurring in multiple urban settings, including 

work and education (Assemi et al., 2020).  

Traditionally a built environment with high population density, transit accessibility and land-use 

diversity would be associated with high walkability (Hino and Asami, 2021; Zhao and Wan, 2020). 

Closer proximity to locations and services such as shopping malls, catering and entertainment venues, 
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parks, and sports places are more likely to generate walking trips (Zhao and Wan, 2020). However, due 

to COVID-19, the definition of high walkability has been challenged as traditional areas of high 

walkability observed an adverse effect on pedestrian activity as the public sought to avoid confined, 

crowded spaces (Hino and Asami, 2021). In some locations, the urban morphology of land-uses, such 

as shopping malls may have exacerbated the decline in pedestrian mobility at the beginning of the 

pandemic as the high coverage of visual buildings squeeze the individuals’ line of sight (Zhao and Wan, 

2020), heightening the sense of insecurity and crowding. 

In Melbourne, the pedestrian infrastructure, pre-pandemic, was already deemed unsuitable and 

inadequate following rapid population growth (Badawi et al., 2018). This was recognised by the City 

of Melbourne (2019) who announced they would repurpose streets to create more space for pedestrians 

and greenspace as a part of their ten-year transport plan. The pandemic escalated the need for adequate 

pedestrian infrastructure. Our study seeks to contribute to the literature and to the City of Melbourne, 

analysing the spatial and temporal changes in pedestrian activity following the first two lockdowns, in 

order to help policymakers and planners identify unsafe locations inferred from sensor data and 

pedestrian behaviour, and where needs to improve its design to enhance walkability and encourage 

active travel following COVID-19 (Assemi et al., 2020; Dhanani et al., 2017; Zhao and Wan, 2020; 

Zecca et al., 2020). Several cities worldwide re-designed their urban spaces during the early stages of 

the pandemic to enhance walkability and encourage safe, socially distanced active travel. However, 

many of these were temporary measures such as pedestrianizing streets, converting comparatively lesser 

used roads into pop-up cycle/pedestrian lanes, and making pedestrian crossings automatic with longer 

crossing times (De Vos, 2020; Aloi et al., 2020; Hunter et al., 2020; Doubleday et al., 2021; Budd and 

Ison, 2020).  

  

4.3 Methodology 

To analyse the spatio-temporal patterns of pedestrian activity during the pandemic, we applied time-

series clustering to group 44 sensors’ changes in pedestrian activity post-first and second lockdown. We 

seek to identify differences in changes in pedestrian behaviour between the easing of the lockdowns at 

different urban settings. Next, we describe and justify the data used, the selection of study period and 

location, and the clustering algorithm implemented.  

 

4.3.1 Data 

This study utilizes two datasets made openly available by the City of Melbourne (CoM): the “Pedestrian 

Counting System – 2009 to present (counts per hour)”, and “Pedestrian Counting System – Sensor 

Locations” (CoM Open Data Portal). The two datasets consist of hourly pedestrian counts at each sensor 
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location and each sensor’s location attributes, respectively. The sensor location dataset includes 

information on all sensors in Melbourne, including their installation date, status (active or not), and 

latitude and longitude. Since the inauguration of the pedestrian counting system in Melbourne in 2009, 

there has been 66 pedestrian counting sensors in total, and as of August 2021 when the data was 

downloaded, 59 were still active. The other dataset, which includes the hourly pedestrian counts for 

each of these sensor locations, consists of 3.75 million rows and takes 46.1 seconds to read in using the 

pandas library in Python (Python version 3.12.4 and Pandas version 2.2.2). This raw data includes 

hourly pedestrian count data for each active sensor location from the 1st of May, 2009 up until June 30th 

2021 (data was downloaded in August 2021), and is updated monthly by the CoM. For the remainder 

of this study, we only refer to one dataset, rather than both datasets individually. This is because the 

sensor location information data only includes supplementary information (e.g., status and coordinates) 

and was merged with the hourly pedestrian count data at the very beginning of the data processing stage.     

In this study, only sensors with a complete time-series withing the selected study period were included. 

This criterion resulted in the selection of 44 sensors, located in ten different areas in Melbourne (Figure 

4.1). The sensor areas represent a variety of different land uses across and near Melbourne’s CBD. Some 

city areas, particularly CBD Central and the Royal Melbourne Institute of Technology University 

(RMIT) are over and underrepresented, accounting for approximately 30% (n=13) and 2% (n=1) of all 

sensors, respectively. As RMIT is represented by a single sensor, it is important to reflect that this profile 

may not represent the typical pedestrian activity profile across the entire RMIT university campus. 

The sensors in Melbourne are thermal and laser-based sensors, recording multi-directional pedestrian 

movements passing through a zone, usually beneath a street pole (Wang et al., 2017). Pedestrian sensing 

technologies such as those deployed in Melbourne offer higher accuracy, lower costs, and more up-to-

date data in comparison to the traditional methods, challenging past assumptions that the best method 

was manual counting (Doan et al., 2015 (b); Lee and Sener, 2020; Michelat et al., 2010). The sensors 

in Melbourne overcome the key challenge of privacy as the sensors do not capture images, meaning no 

personal information is stored (Wang et al., 2017).  
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Figure 4.1: Pedestrian counting sensors in Melbourne assigned and coloured by areas exemplified in Charting Transport 

(2020). 

 

4.3.2 Study period and location 

The study measures the percentage change of daily pedestrian activity between two periods: one 

following the first lockdown and the other following the second lockdown. Each period lasts 57 days 

and we have ensured that they start on the same day of the week for comparison as each land-use’s 

typical functionality is heavily influenced by the day of the week. The periods are 57 days because on 

the 58th day, following the easing of restrictions of the first lockdown, Melbourne entered a second strict 

lockdown on 9th of July.  

We have decided to use the percentage change between the two periods at each sensor location, rather 

than comparing them to the baseline values, because the focus of the study is on the relative change in 

behaviour between these two specific periods and not on the absolute change from baseline values. This 

study has chosen to focus on the relative change across sensor locations between these two specific 

periods because the stringency and the speed that restrictions were eased between the first and second 

lockdowns in Melbourne, differed. Whilst we acknowledge that a drawback of this method is that these 
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values give no context to the absolute values of pedestrian activity, calculating the percentage change 

between these two periods simplifies comparison across the time series and reduces any influences of 

differences across different sensor locations’ baseline values. By directly comparing these two periods, 

one-for-one, it allows us to more easily capture and measure differences in pedestrian behaviour across 

sensors, potentially influenced by differences in Melbourne’s lockdown stringency and the nature of the 

relaxation of restrictions between the first and second lockdowns that started on the 13th of May 2020 

and 26th of October 2020, respectively. 

In the first lockdown, restrictions were incrementally eased, whereas all restrictions were 

simultaneously lifted in the second, only once Melbourne achieved zero active cases of COVID-19. The 

requirement of zero active cases in the second lockdown resulted in a total of 112 days in high stringency 

lockdown (BBC News, 2020). This study is interested to explore the differences in response in 

pedestrian behaviour between the incremental and rapid easing of restrictions in the first and second 

lockdown, respectively. We expect pedestrian behaviour to be notably higher in the early stages, post-

second lockdown, due to a reduced perception of risk caused by pandemic fatigue and due to post-

second lockdown being described as the ‘first day of freedom’ (Boseley and Bucci, 2020). 

Due to the differences in the stringency of the first two lockdowns and due to the availability of a wealth 

of regularly updated, openly accessible, pedestrian activity sensor data, Melbourne was selected. The 

accessibility, and spatial and temporal granularity of the pedestrian counting data provides an excellent 

opportunity for researchers to explore changes to spatio-temporal activity patterns across multiple urban 

settings and land-use, at different time-scales. Cities and urban settings possess temporal rhythms. It is 

important, and more important, it is possible with the data available in Melbourne to explore the extent 

to which these have changed as a result of Covid-19, and how urban function may have changed 

temporarily and potentially longer-term.  

We acknowledge that the changes in pedestrian activity across sensors between the two periods is not 

solely influenced by lockdown stringency and the nature of the relaxation of restrictions. The two 

periods represent different times of the year and factors, such as seasonality and weather will influence 

pedestrian activity. For example, the end of the second lockdown represents the few remaining days 

before Christmas Day, and high pedestrian activity would be expected during this date. We also 

acknowledge that the study’s exploration of changing patterns across the CBD is limited to the data 

available and the placement of sensors, which is particularly biased towards commercial, inner-city 

areas, and that the validity of the study would be improved with greater representations of land use such 

as residential and greenspace. These results and the limitations are discussed in Section 4.4.4.  
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4.3.3 Time-series clustering  

One of the most used terms to describe the COVID-19 pandemic was “unprecedented” (O’Keeffe et al. 

2022) and the impacts of the pandemic and subsequent NPIs on both short- and long-term social 

behaviours was largely unknown (Arora and Grey, 2020). Given that the unknown impact of the 

pandemic on social behaviours, and due to a lack of similar events to compare with (other than limited 

parallels concerning SARS in 2003 (Arora and Grey, 2020, Zuo et al. 2020)), we employed a data-

driven, clustering analysis approach to uncover unknown or hidden patterns in data by partitioning data 

into groups (Danesh et al. 2023). This approach is used in this study because the objective of the study 

is to generate insights based on the patterns in the data rather than pre-existing assumptions. Other 

approaches, such as causal inference and regression are not used because these require pre-existing 

hypotheses. Given the novel and unprecedented nature of the COVID-19 pandemic and the limited 

parallels we can draw on, we did not want our study to be limited to pre-existing assumptions and 

hypotheses that may not be the same for COVID-19, and instead wanted to adopt a more exploratory, 

unrestricted, data-driven approach.    

The clustering approach we employ in this study, given the data for each sensor location is a time-series, 

is time-series clustering. Time-series clustering is applied in various domains due to its prevalence and 

has proven to be effective in discovering patterns and anomalies in time-series data (Liao, 2005). Time-

series clustering consist of two main types; whole sequence matching and subsequence clustering 

(Aghabozorgi et al., 2015; Fu, 2011; Sadahiro and Kobayashi, 2014; Huang et al., 2016; Rani and Sikka, 

2012). This study employs whole sequence clustering which aims to group sensors based on the shape 

of the entire length of each time-series (Fu, 2011; Huang et al., 2016; Lugomer and Longley, 2018). 

Two key considerations must be made when implementing time-series clustering, the choice of 

clustering algorithm and similarity measure. 

Two clustering algorithms are widely used for time-series data for their efficiency, simplicity, and 

scalability: K-Means and hierarchical clustering (Riyadi et al. 2017). K-Means clustering is faster than 

hierarchical clustering, however, it is sometimes criticised as a generic clustering method and requires 

the user to pre-assign the number of clusters which is difficult to define in real world problems 

especially when there is no ground truth (Rani and Sikka, 2012; Aghabozorgi et al., 2015). Given the 

novelty of the pandemic and the lack of ground truth (i.e., the number and types of clusters that should 

emerge), we use hierarchical clustering, which is an excellent tool for exploratory analysis (Herrero and 

Dopazo, 2002).  

Hierarchical clustering consists of two main types, agglomerative and divisive, and in this study, we 

employ agglomerative hierarchical clustering which is the more popular type (Liao, 2005). It groups 

time-series into a tree of clusters and has been used in studies to detect patterns and outliers in urban 

mobility patterns (Yuan and Raubal, 2012) and crime trend analysis (Rani and Rajasree, 2014). This 
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clustering algorithm, combined with Ward’s minimum variance method, is a ‘bottom-up’ approach 

where each item (i.e., time-series) starts as an individual cluster, and step-by-step, items are merged to 

form larger clusters, minimizing the within-cluster variance at each step, until all items are placed into 

a cluster (Liao, 2005; Ward, 1963; Aghabozorgi et al., 2015; Saas et al., 2016; Hawco et al. 2018).  

As well as not needing to pre-specify the number of clusters, we use hierarchical clustering because of 

its robustness. For K-Means clustering, the cluster which each item is placed is sensitive to and depends 

on the selection of the initial centroids (Zhan et al. 2008). Therefore, given a different set of centroids, 

the clusters using K-Means may vary and yield different results (Velmurugan, 2012). Whereas 

hierarchical clustering will produce the same results each time, given the same input, similarity 

measure, and linkage method (i.e., Ward’s minimum variance method).  

The second important measure to decide on is the similarity measure. Similarity measures calculate the 

distance between time series, with the two most prominently used being Euclidean Distance (ED) and 

Dynamic Time Warping (DTW) (Gogolou et al., 2018; Aghabozorgi et al., 2015). This study uses an 

ED similarity measure, a fixed, point-by-point distance measure between each time-series (Gogolou et 

al., 2018). In this study, this measures the distance between each sensor’s pedestrian activity, step-by-

step, day-by-day. ED similarity measure can become sensitive to noise, outliers, and shifts as time-

series data become larger and more complex, however, it is less computationally expensive than DTW 

(Saas et al., 2016; Aghabozorgi et al., 2015; Doan et al., 2015 (a); Huang et al., 2016).  

DTW is invariant to time warping and is widely used in fields such as speech recognition because it is 

good for aligning temporal sequences that occur at different times or speed (Ratanamahatana and 

Keogh, 2004; Zhao and Itti, 2018; Cai et al. 2019). However, in this study, we use ED over DTW 

because the exact order and timing of sequences is crucial. Firstly, pedestrian behaviours at different 

locations are dependent on the day of the week. Therefore, it is important that we compare the 

behaviours of each sequence (i.e., each sensor location’s time series) point-by-point, where each point 

in this study represents the day of the week. Secondly, pedestrian behaviours are also sensitive to the 

number of days following the easing of lockdown. This is because the implementation or easing of an 

NPI, n days after the end of a lockdown, could result in an abrupt change in behaviour. Therefore, ED 

is used in this study as it respects the exact timing of events and makes it easier to identify exactly when 

changes in behaviours across the sensor locations in Melbourne occur.  
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4.4 Data analysis 

This section includes the results and discussion of the clustering of changing pedestrian behaviours 

between the easing of the first and second lockdown across 44 sensors. To help explain the changes in 

pedestrian behaviours at different urban settings across Melbourne’s CBD, Section 4.4.1 first explores 

each sensor and sensor area’s pre-pandemic pedestrian activity. The changes in pedestrian behaviour 

between the two periods and the clustering of footfall sensors are discussed in Section 4.4.2 and the 

possible implications of these findings are discussed in Section 4.4.3. Lastly, some of the key limitations 

of the study are discussed in Section 4.4.4. 

 

4.4.1 Pre-pandemic functionality 

The ten sensor areas displayed in Figure 4.1 exemplify a range of distinct, pre-pandemic, weekly 

pedestrian behaviour profiles (Figure 4.2a). This section describes how some areas’ general function 

can be inferred by the patterns in its diurnal profile (see Zhong et al. 2016), for example, spikes of 

pedestrian activity at both ends of the workday hours help identify major transit stations and workplace 

zones such as Southern Cross Station and CBD East. Understanding regularities is important to better 

understanding urban dynamics, however, within some of the sensor groups, the mobility patterns and 

thus the urban function of individual sensors, differ (Zhong et al. 2016). This is important because 

heterogeneous intra-area function and activity profiles before the pandemic might have led to 

heterogeneous reaction to the pandemic. Reports on changes in activity by city areas may inaccurately 

represent actual changes, within areas, at finer spatial scales.  

 

  

(a) 
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Figure 4.2: Weekly profile of hourly pedestrian counts by (a) each sensor area and (b) each individual sensor. Figures are 

ordered by (a) the mean hourly pedestrian count across the entire week, from highest to lowest, and (b) both the sensor area 

and mean pedestrian count across the entire week, from highest to lowest. In this figure, “Swanston St – City Square” (in CBD 

Central) sensor is not included as this was only installed in March, 2020. The colour of the y-axes labels represents each sensor 

area, named in Figure 4.2(a), and mapped in Figure 4.1. 

 

In this study, the pre-pandemic functionality represents the typical pedestrian activity at individual 

sensor locations and sensor areas prior to the first COVID-19 related death in Australia on March 1st, 

2020. This is calculated using the median pedestrian activity (i.e., pedestrian count) value for each hour 

of each day of the week over the course of a single year. In this study, we use the median value as it is 

more robust to outliers and extreme values (relative to mean) and reflects the most typical or central 

behaviour at each location. We also calculate this median over the course of a year as it provides a more 

comprehensive and smoothed view of typical activity at these locations, accounting for aspects such as 

seasonality. In comparison, using a three- or five-week baseline would only capture the typical activity 

at a specific time of year.   

The area with the highest mean weekly pedestrian activity is Southbank. Southbank’s distinct weekly 

profile of high activity during the extremities of the working days, and high activity during the weekend 

is an amalgamation of the mixture of land-use: residential, commercial and tourism purposes created in 

the early 1980’s as an urban renewal project (Wang and Stevens 2020) (Figure 4.2a). This profile 

(b) 
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illustrates the significance and influence of place, the urban setting and land-use, on pedestrian 

behaviour.  

Despite an overall high pedestrian activity throughout the week, Figure 4.2b uncovers large differences 

in activity between sensor individual locations within Southank. In Southbank, sensor locations such as 

Flinders Street Station Underpass, Princes Bridge, and The Arts Centre boast high pedestrian activity 

throughout the week. However, sensors also within Southbank, nearer open greenspace, including 

Alexandra Gardens and Birrarung Marr, illustrate much smaller pedestrian activity.  

Furthermore, in CBD Central, pedestrian activity profiles within the area not only differ by volume, but 

differ temporally. For example, there is a notable difference in pedestrian activity between sensor 

locations such as Bourke Street Mall (North) and Chinatown-Swanston St (North) (Figure 4.2b). 

Bourke Street Mall (North), located near a high concentration of retail stores, demonstrates one of the 

highest pedestrian activities of all sensors and shows a continually high pedestrian activity, each day. 

Whereas, in Chinatown, a notably lower pedestrian activity is illustrated and a higher percentage of 

restaurants and bars results in peaks of pedestrian activity near midday and evenings, particularly on 

the weekend (Figure 4.2b). 

Illustrating the typical, pre-pandemic pedestrian activity profiles of these sensor areas and individual 

sensor locations help us better understand the function of each location and make assumptions on the 

possible reasons for changes to some sensors’ pedestrian behaviours during and following the pandemic. 

With heterogeneous intra-area pedestrian activity, it is expected that this will be reflected in the changes 

to pedestrian behaviour during and post-lockdown. Consequently, sensors in this study are grouped, 

using time-series clustering, based on similarities in their changing pedestrian behaviours, rather than 

by existing administrative boundaries.  

 

4.4.2 Melbourne’s lockdowns 

4.4.2.1 Percentage change in pedestrian activity 

Changes in pedestrian behaviour across the first 57 days between post-first and second lockdown are 

illustrated in Figure 4.3. Across the 44 sensors, Figure 4.3 exemplifies heterogeneous changes in 

pedestrian behaviour between sensors over time. Generally, most sensor locations experienced an 

increase in pedestrian activity following the second lockdown in contrast to the first, however, it is  
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Figure 4.3: Percentage change in daily pedestrian activity between the two periods: post-lockdown 1 and 2 

 

apparent that some locations experienced a decline. The most apparent increase in pedestrian activity 

across many locations appear to occur during the weekend, which may suggest higher activity at 

commercial and recreational purposes following the reopening of all non-essential services, including 

hospitality and retail. 

Some sensors experienced a decline in pedestrian activity following the second lockdown compared to 

the first, most notably, Flinders Street – Spark La and Southern Cross Station. These two sensor 

locations are situated in CBD East and Southern Cross Station and illustrate a recurring drop in 

pedestrian activity every weekday. According to Figure 4.2a and 4.2b, these locations, particularly 

Southern Cross Station, are characterized by high activity at the extremities of the working day and low 

activity on weekends and represent major commuting and workplace zones. 

This pattern is somewhat unexpected because at the end of the second lockdown, Melbourne achieved 

a zero active case status and fully reopened the city, therefore, we would have expected an increase in 

public transport use and use of workplace zones. However, it is widely reported that public transport 

was hit the hardest during the Covid-19 pandemic due to social distancing restrictions limiting capacity 

and shared modes of transport being perceived as “breeding grounds” for viruses (De Vos, 2020; 

Eisenmann et al., 2021; Beck and Hensher, 2020; Bucsky, 2020; Borkowski et al., 2021; Short et al., 
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2020; Askitas et al., 2020; Troko et al., 2011). This may suggest a continuation of changing working 

and commuting behaviours, hybrid and remote working, and a more sustained modal shift away from 

shared modes of transport (Owen et al. 2023). 

Contrastingly, other sensors predominately illustrate an increase in pedestrian activity, particularly 

during the weekends (Figure 4.3). However, some locations’ biggest increase in pedestrian activity 

peaks immediately after the restrictions are eased, whereas others peak on weekends much later.  This 

suggests a willingness to return to Melbourne’s inner-city following the full reopening of the city, but 

perhaps only to certain places after a certain amount of time. Using Figure 4.3 alone, it is difficult to 

group these sensors and identify the main patterns and trends of changes in pedestrian behaviour across 

Melbourne’s 44 footfall sensors. In the next section, time-series clustering is employed to simplify the 

findings, grouping sensors based on the similarities of their pedestrian behavioural changes and to 

simplify the interpretation of the results.  

 

4.4.2.2 Time-series clustering 

By employing an agglomerative hierarchical clustering algorithm and silhouette scores as an evaluation 

method, this study groups the 44 sensors into three clusters, uncovering distinct profiles of temporal 

changes in pedestrian behaviours post-second lockdown relative to the first. The clusters help identify 

general patterns of land-use and urban setting’s influence on pedestrian behaviour. Below we describe 

these clusters. 

Most sensors are placed in Low Impact, Low Recovery cluster, representing approximately 70% of the 

pedestrian counting sensors in Melbourne. This cluster represents mixed-use areas such as Docklands 

and Southbank, transit stations and workplace zones such as Southern Cross Station and CBD East, and 

university campuses such as Melbourne University and RMIT (Figure 4.4a). This cluster is defined by 

a sustained, small change in pedestrian activity post-second lockdown relative to the first (Figure 4.4a). 

This cluster is coined Low Impact, Low Recovery as we believe it represents two types of locations: 

Low Impact which are land-uses and urban settings which experienced the least change in pedestrian 

activity during lockdowns and Low Recovery, those which experienced large changes and have failed 

to recover, post-easing of restrictions.  

Low Impact areas most likely include areas such as Docklands and Queen Victoria Market, including 

residential and marketplace/groceries land-use respectively. Specific sensor locations, such as 

Birrarung Marr, are also believed to be Low Impact as it represents a large, open greenspace. These 

land-uses showed little change in activity between post-first and second lockdown as they typically 

experienced small changes in activity throughout the entire pandemic due to an increase in daytime  
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Figure 4.4: Cluster groups’ (a) average profile of change in pedestrian behaviour and (b) location of sensors  
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residential populations as more people worked-from-home, and the continuation of essential trips to 

grocery stores, and increases in recreational walking (Aloi et al., 2020; Hunter et al., 2020). 

Low Recovery areas are believed to include Southern Cross Station and CBD East, major transit stations 

and workplace zones. These land-uses experienced some of the greatest decline in mobility during the 

pandemic due to changing working and mobility behaviours during and post lockdowns as they were 

deemed most unsafe (Chen et al. 2020). The subdued increase in pedestrian activity post-second 

lockdown compared to the first at these locations is somewhat surprising. We expected, given the full 

reopening of Melbourne following the second lockdown, and factors such as pandemic response fatigue, 

the public would return to pre-pandemic working and commuting behaviours. However, Figure 4.4a 

suggests a prolonged change in behaviours and a lack of response or return in pedestrian activity at 

these sensor locations.      

The biggest difference in pedestrian activity between the two periods are exemplified in the remaining 

two clusters, Hospitable Sustenance Venues and Remodelled Retail Zones. Both land-uses experienced 

some of the greatest declines in mobility during lockdowns: retail and recreation which represents 

establishments such as restaurants, cafes, bars, and retail stores (Chen et al., 2020). Figure 4.4a 

uncovers a notable difference in the temporal aspect of pedestrian activity and these differences are 

outlined below.     

Hospitable Sustenance Venues represents sensor locations with high concentrations of sustenance 

venues including bars, restaurants, and cafes. These sensors are located in Lygon Street and Chinatown 

(Figure 4.4b) and experienced a notable increase in pedestrian activity, immediately following the 

easing of lockdown restrictions post-second lockdown in comparison to the first (Figure 4.4a). This 

increase is specifically prominent on weekends, with the first weekend at some sensors experiencing 

+300% in daily pedestrian activity. This increase towards the beginning of the two periods may reflect 

the differences in the nature of the relaxation of lockdown restrictions between the two lockdowns. 

Immediately following the second lockdown, all restrictions on non-essential services ended abruptly, 

whereas, following the first lockdown, non-essential services such as sustenance venues were 

temporarily restricted to operating on a take-away basis only, for 19 days. Beyond 19 days in the two 

periods, there still appears to be higher pedestrian activity at these locations post-second lockdown, 

however, this difference is much more subtle.  

Interestingly, despite a full reopening of all non-essential services immediately following the second 

lockdown, relative to sustenance venue, sensor locations at retail-dominated areas only experienced a 

large increase in pedestrian activity towards the end of the study period (Figure 4.4a). The cluster 

Remodelled Retail Zones comprises of sensors mostly situated in Melbourne’s retail heart, Bourke Street 

Mall and the initial, relatively tentative increase in major retail zones may suggest a hesitancy from the 
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public to visit retail stores, and reflect an increased perceived risk of confined, indoor spaces or changes 

in shopping behaviours which largely moved online (Shamshiripour et al. 2020).  

The contrasting profiles between these two clusters could provide evidence on the influence on urban 

morphology and the built environment on pedestrian behaviour. Despite all non-essential retail and 

other services opening on the same day following the second lockdown, there is a distinct difference in 

increases in pedestrian behaviour between sustenance venues and retail stores. This may potentially 

indicate a preference to return to sustenance venues, rather than major retail zones, as cafes and 

restaurants offer more spacious and organised environments and outdoor seating, more likely to satisfy 

the “Three C’s” of less confined, less crowded, and less human contact (Hino and Asami, 2021).    

Since March 2020, how, where, and when we move changed drastically as the public transitioned to 

teleworking, online shopping, and shifting to private modes of transport (Shamshiripour et al. 2020). 

The value of this study is the evidence, using open-source data, of how these transitions may have 

impacted micro-scale pedestrian behaviour across different urban settings and land-uses. This study 

also uncovers the possibility that along with changing working, shopping, and commuting behaviours, 

the urban landscape may have influenced pedestrian activity.  

 

4.4.3 Implications 

COVID-19 changed the way in which people lived, worked, and commuted. For cities to develop 

effective and adequate planning strategies to adapt to these changes, it is important that cities first 

identify how the daily activity, and subsequently the functioning or spatial structure of cities has 

changed (Zhong et al. 2014). The results in this study reflect the changes in daily pedestrian activity 

across Melbourne’s CBD following the first two lockdowns and exemplifies that the impact of the 

pandemic on pedestrian traffic was not homogenous over space and time. This section discusses the 

contributions and possible implications of these findings and is split into two main arguments. The first 

argument is that these findings have promoted a better understanding of the changing functioning of 

sensor locations during the pandemic, relative to existing studies. The second argument then discusses 

how this understanding can then have possible implications on key challenges in cities during and post-

pandemic, specifically high-street decline.  

The first contribution of this study is an enhanced understanding of behavioural changes across 

Melbourne’s CBD during the first two lockdown periods, relative to existing reports. In existing reports, 

specifically for Melbourne, behaviours of individual sensors were often aggregated and measured by 

pre-defined sensor areas such as CBD Central (Charting Transport, 2020). However, as shown in 

Figures 4.2 and 4.4, it is clear that pedestrian behaviours within sensor areas varied both pre- and during 

the pandemic. Relying on a single aggregated value per sensor area does not capture this variability and 
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could lead to oversimplified assumptions of a uniform change within an area. If decisions and 

interventions are then made on these assumptions, it could result in inappropriate blanket decisions, 

where interventions are applied uniformly across each area, disregarding local differences. For example, 

interventions designed to encourage more pedestrians to return to retail-dominated locations in CBD 

central may not work the same for other non-retail locations such as in Chinatown. Instead, our study 

groups individual sensors based on similarities in their response to the pandemic lockdowns, rather than 

pre-defined areas. Grouping sensors based on their pedestrian activity, rather than pre-defined areas, 

provides decision makers with a clearer understanding of how behaviours changed across Melbourne 

and could help encourage more targeted and tailored interventions rather than one-size-fits-all 

approaches.   

One area where the findings of this study could have potential implications for is retail-concentrated 

areas in the CBD (i.e., high-streets). Prior to the COVID-19 pandemic, the decline and diminish of high-

streets in high-income countries, such as Europe, the US, and Australia, was well-known (Grimmer, 

2021). However, during the pandemic, this decline was exacerbated as the public stayed at home, 

avoiding crowded, confined, and close human contact spaces (Hino and Asami, 2021) and shopping 

more online (Young et al. 2022). Whilst spending remained steady in some stores, physical trips 

dramatically reduced (Rose et al. 2023) and in many countries, retail and recreational trips illustrated 

the biggest decrease and the slowest recovery during the pandemic (Enoch et al. 2022). Consequently, 

beyond the COVID-19 pandemic, addressing high-street decline is a high priority in many high-income 

countries (Rinaldi et al. 2024). However, to do this, we first need to be able to measure and understand 

what is happening because if it can’t be measured, it can’t be managed (a quotation by Peter Drucker, 

paraphrased by Dick, 2024). 

In our study, we measure and compare changes in pedestrian behaviours after the first two lockdowns 

and find that despite the full reopening of all non-essential services, and despite the sensor locations 

being located close to each other, there is a clear difference between the response at retail-dominated 

locations and areas with a higher concentration of bars, restaurants, and cafes (Figure 4.4). Whilst major 

retail areas such as Bourke Street Mall did experience an increase in activity, this increase in activity 

was not as instant or as big as the surge in activity at nearby sensor locations in Chinatown or Lygon 

Street.   

One way in which cities are now trying to regenerate high-streets is to move from the traditional retail-

dominated model to a more integrated “experience economy” model, offering a broader range of 

services additional to retail stores, including arts, culture, food and drink (Lee and Swann, 2020; Craig 

et al. 2023). For example, in Glasgow (Scotland), footfall has failed to recover post-COVID-19 (BBC 

News, 2024) and so the city council have released a new plan to reinvigorate its retail high-street (named 

the “Golden Z”) by reducing retail space and bringing back in more housing, health centres, and 
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entertainment services. The findings of our study support such ideas and we argue that our findings 

show that if more bars, restaurants, and cafes were integrated into areas such as Bourke Street Mall, 

there may not have been such differences in their response and it could have helped encourage more 

people to return instantly to retail-dominated areas, possibly mitigating challenges such as high-street 

decline. 

 

4.4.4     Limitations  

One limitation of this study is associated with the measure used to measure changes in activity: 

percentage change between the easing of the second and first lockdown. As this method directly 

compares daily pedestrian counts between two specific days rather than a baseline, the values do not 

consider baseline values and are more sensitive to external factors such as weather and roadworks 

(Mumford et al. 2020; Lee and Senner 2020). This issue is evident at Birrarung Marr where the more 

sporadic patterns of percentage change in pedestrian activity may correspond with weather patterns as 

it is reported that activity in open-green spaces is influenced by weather conditions, particularly 

temperature and rainfall (Rice and Pan 2020).  

In future studies, it would be more appropriate to control for external factors influenced by seasonality 

such as weather conditions. This is important as this study directly compares pedestrian activity between 

two different seasons which will impact pedestrian activity differently at different land-uses. For 

example, the influence of seasonality on pedestrian activity is apparent in cluster group three where the 

large increase in activity at retail zones could be attributed to the Christmas holidays. The influence of 

the public holiday on pedestrian activity limits the study’s ability to be able to directly compare 

pedestrian activity between the two study periods. Controlling for these external factors would allow 

the study to be able to interpret the change in pedestrian activity between the two lockdowns with more 

confidence.    

Another limitation of this study is the representativeness of land-uses, particularly residential and open-

green spaces. A better representation of these land-uses would allow a better exploration of COVID-

19's influence on other behaviours such as residential activity which increased due to working from 

home (Hino and Asami 2021) and open-green space activity given the increase of recreational walking 

(Hunter et al. 2020; De Vos 2020). More sensor locations would strengthen the interpretation of the 

changes at these land-uses, however, this study is limited to the sensors made openly available by the 

COM.   
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4.5 Conclusion 

In this study, we find possible complex relationships between land-use, urban setting, and pedestrian 

behaviours, both pre-pandemic and with the easing of restrictions post-first and post-second lockdown. 

Our analysis uncovered heterogeneous changes in pedestrian activity across the ten areas and the 44 

individual sensors. Our study applied a time-series clustering algorithm and identified three main 

patterns of changing pedestrian behaviour between the first two lockdowns: sensors which experienced 

minimal changes in pedestrian activity, sensors which experienced a surge immediately following the 

easing of restrictions, and sensors which experienced a resurgence towards the end of the study period.  

The three pedestrian activity response profiles are spatially dependant. We provided evidence of how 

the built environment and suggest how transitions in working, shopping, and commuting behaviours 

may have influenced certain changes in pedestrian activity at specific land-uses and urban settings. It is 

crucial to continue our understanding of how pedestrian activity will continue to change beyond the 

pandemic as pedestrian activity impacts a location’s sustainability, vibrancy, and vitality. It is still 

unclear the extent of which behaviours such as working, commuting, and shopping, which were 

severely impacted during the pandemic, will persist beyond the pandemic. Future studies should 

continue to explore changes to pedestrian activity across urban centres as such findings can help 

understand changes in behaviours, identify the locations most in need of repurposing to encourage the 

generation of walking trips, and help support current initiatives such as Melbourne’s ten-year plan, and 

tackle key contemporary challenges such as high-street decline.  
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Chapter 5: Tracking the Transit Divide: A Multilevel Modelling Approach of 

Urban Inequalities and Train Ridership Disparities in Chicago. 

 

Chapter Overview 

Chapter Five is the third and final empirical analysis chapter, fulfilling the third research aim of the 

thesis by both identifying and contextualising movement patterns during and emerging from the 

COVID-19 pandemic, using both high- and low-frequency data. In this study, I apply a multi-level 

modelling approach to measure the relationship between station-level changes in public transit use and 

their social, demographic, and environmental context over an 11-month period across 139 “L-Train” 

stations in Chicago, USA. In this study, I find statistically significant relationships between a higher use 

of public transit use during the pandemic and the proportion of both racial and ethnic minorities and 

industrial areas during the pandemic. I also find that emerging from the pandemic, increases in public 

transit use over the period was lower for areas with higher access to private vehicles and more home 

working, and there was no statistically significant relationship with vaccination status.    

This chapter contributes to the third and final key challenges of the overarching narrative of the thesis: 

contextualisation. This chapter demonstrates how integrating low-frequency data can enhance the value 

of digital trace data by contextualising insights and patterns, enabling measurable relationships with 

contextual variables rather than relying on assumptions. Similar to Chapter Four, the findings of this 

study have contributed to the knowledge of changing movement behaviours during the COVID-19 

pandemic. Such findings are valuable and contribute to the evidence of disparities during the pandemic, 

suggesting that journeys were made largely by necessity, and by ethnic and racial minorities. The 

findings of this study also contribute to evidence on public transit use, emerging from the pandemic. 

This is valuable in multiple ways, either to measure the impact of recovery schemes such as the 

vaccination rollout, or to understand the extent of longer-lasting changing behaviours such as home 

working and use of private vehicles on public transit use. The implications of these findings and 

contributions are discussed further in this chapter and in Chapter Six.   
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Abstract  

Using a multilevel modelling approach, this study investigates the impact of urban inequalities on 

changes to rail ridership across Chicago’s “L” stations during the pandemic, the mass vaccination 

rollout, and the full reopening of the city. Initially believed to have an equal impact, COVID-19 

disproportionally impacted the ability of lower socioeconomic status (SES) neighbourhoods’ to adhere 

to non-pharmaceutical interventions: working-from-home and social distancing. We find that “L” 

stations in predominately Black or African American and Hispanic or Latino neighbourhoods with high 

industrial land-use recorded the smallest behavioural change. The maintenance of higher public 

transport use at these stations is likely to have exacerbated existing health inequalities, worsening 

disparities in users’ risk of exposure, infection rates, and mortality rates. This study also finds that the 

vaccination rollout and city reopening did not significantly increase the number of users at stations in 

higher vaccinated, higher private vehicle ownership neighbourhoods, even after a year into the 

pandemic. A better understanding of the spatial and socioeconomic determinants of changes in ridership 

behaviour is crucial for policymakers in adjusting service routes and frequencies that will sustain reliant 

neighbourhoods’ access to essential services, and to encourage trips at stations which are the most 

impacted to revert the trend of declining public transport use. 

 

5.1 Introduction 

Public transport is one of the most important city services, connecting citizens to essential services 

including their workplaces, education, and healthcare. Already facing declining ridership levels in 

several major cities since the mid-2010s in the United States (U.S.) (Dong, 2022; Hu and Chen, 2021), 

public transport experienced the greatest direct impact of all modes of transport during the COVID-19 

pandemic (Bucsky, 2020). This decline in use, particularly during COVID-19, has not been 

homogenous across social groups. Studies have revealed that lower socioeconomic status (SES) 

neighbourhoods and minority groups experienced fewer behavioural changes in ridership (Hu and 

Chen, 2021; Brough et al. 2021) due to a greater reliance on the mode of transport and due to the 

necessity of trips made. Journeys made on public transport during the pandemic were largely driven by 

necessity and made by “essential workers,” who were required to work in-person and less able to travel 

by private modes of transport due to reduced car ownership rates (Van Dorn et al. 2020; Carrión et al. 

2021; Sy et al. 2021; Osorio et al. 2022). 

During the early stages of the pandemic, factors such as socioeconomic status have been found to have 

caused disparities in public transit ridership, where disparities refer to the differences in access, use, 

and experience across social groups. Disparities in public transit ridership between social groups     

exacerbated existing health inequalities. Some of the most vulnerable groups who were originally 

deemed “essential” were increasingly exposed to COVID-19 by being less able to adhere to non-
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pharmaceutical interventions (NPIs) such as working from home (WFH) and performing social 

distancing (Nanda, 2020). These privileges, according to Nanda (2020), were reserved only for the well-

off. Whilst changes in public transport use across different social groups were measured during the 

early stages of the pandemic, it is unclear whether how, and if these changes will persist beyond the 

pandemic as changing travel and working behaviours become more permanent features in the urban 

landscape (Brough et al. 2021). 

This study applies a multi-level modelling approach to explore the underlying mechanisms of changes 

in ridership behaviour across stations in Chicago, particularly following the full reopening and mass 

vaccination rollout in 2021. A two-level multilevel modelling approach is applied, given the nature of 

the data, where repeated measurements are structured into groups (transit stations), and changes in 

ridership are expected to vary between groups. Multilevel modelling is applied, rather than GIS 

analysis, as this study hopes to discover not only where disparities in ridership exist, but to explore and 

to measure the variation in ridership caused by station-level characteristics, the extent to which 

disparities in ridership changes occur between transit stations in Chicago, and how these change over 

time. 

The main contribution of this study is how it extends the work of Hu and Chen (2021) and Osorio et al. 

(2022), who quantified the influence of sociodemographic and station characteristics such as race and 

land-use, respectively, on public transport ridership in Chicago during the early stage of COVID-19. 

This study extends the current research in two domains: firstly, by adding to the understanding of 

influencing factors on ridership by including additional variables such as access to private vehicles and 

vaccination data, which is now possible due to data availability. Secondly, we extend the study period, 

examining the persistence in differences in transit ridership between socio-economic groups beyond the 

vaccination rollout and the reopening of Chicago. 

This will help to examine the differences in transit ridership at different stages of Chicago’s recovery 

and the extent to which stations’ transit ridership levels have returned to pre-pandemic levels. The 

expected outcome of this period is unclear: on the one hand, we expect ridership to recover in 

commercial and institutional areas as non-essential retail and schools reopen. However, we also suspect 

that ridership in higher SES neighbourhoods may fail to recover as this population becomes more 

adapted to remote and hybrid working and more able to access private modes of transport. A better 

understanding of the changes in public transit across socio-economic groups is key to ensure appropriate 

transit provision and functioning of the urban transport network. 

This study measures the influences of race, land-use, and other contextual factors including the ability 

to work from home and vaccination status on changes in Chicago’s elevated railway, coined “L” train, 

ridership levels at 139 stations between February and December 2021. We focus on “L” train ridership 

behaviour, as it is the fourth-largest rapid-transit system in the U.S. and spans across many of Chicago’s 
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different types of neighbourhoods (Hu and Chen, 2021; Swyngedouw, 2013). As the service frequencies 

and routes did not change during COVID-19, this study can effectively measure the impact of “L” 

stations’ socioeconomic and land-use characteristics on changes in ridership behaviour. 

The rest of the paper is structured as follows: Section 5.2 will review the literature on the influence of 

urban inequalities and COVID-19 on mobility behaviour, and the history of residential segregation and 

“L” train use in Chicago. Section 5.3 will introduce, explain, and justify the modelling approach, 

covariates, and data used in this study. Sections 5.4 and 5.5 will then describe, interpret, and conclude 

the results and relate the findings to the literature. 

 

5.2 Literature review 

5.2.1 Urban inequalities, COVID-19, and mobility behaviour 

Urban inequalities, manifested in residential segregation, represent the unequal access to resources and 

capabilities within urban settings across various dimensions, including economic, racial, and social 

inequalities (Hamnett, 2019; Nijman and Wei, 2020). It determines certain social groups’ power over 

space and time (Wellman, 2014), and ability and ambition to expand and travel for work, healthcare, 

education, and recreational purposes (Power, 2012). Following a new economy of information products 

rather than manufactured goods in the 1990s, urban inequalities have increased, and urban centres have 

become increasingly exclusionary as this new economy is suited more towards the highly educated, 

high-paid white collar worker (Nijman and Wei, 2020). Consequently, lower SES neighbourhoods are 

spatially suppressed and maintain or increase the concentration of poverty, unemployment, and poor 

healthcare. Residential segregation also creates an imbalance in the power and ability of individuals to 

travel over space and time which closely follows social and racial lines (Nijman and Wei, 2020; 

Wellman, 2014; Falavigna and Hernandez, 2016). 

Lower SES, inner-city neighbourhoods have been disadvantaged in their ability to travel over space and 

time since the 1950s and the introduction of the federal subsidies for highway construction (Power, 

2012). The construction of highways and cheap suburban housing subsequently encouraged car-

dependent cities in the U.S., which predominately favoured White, suburban neighbourhoods and 

connected them to downtown city areas (Swyngedouw, 2013; Wellman, 2014). The historical favouring 

of certain groups continues following 2010 and COVID-19, as the use of private vehicles has increased 

(Dong, 2022; Wellman, 2014; Batty, 2020). The increasing use of private vehicles typically benefits 

more affluent neighbourhoods, as lower SES neighbourhoods have far fewer car ownership levels 

(Power, 2012). As discussed in Credit et al. (2021), private vehicle ownership is found to be correlated 

with job and economic opportunities, and is one of the biggest non-financial barriers to healthcare. 

Consequently, lower SES neighbourhoods rely more on public transport, which is described as the mode 
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of transport for the urban poor (Falavigna and Hernandez, 2016). This increased reliance on shared 

modes of transport is a key influencing factor in health inequalities during the COVID-19 pandemic. 

In the early stages of the pandemic, COVID-19 was seen to be a ‘great equalizer’, and its transmission 

and impact would not discriminate (Kim et al. 2020; Patel et al. 2020). However, it is now clear and 

widely reported in the literature that COVID-19 would exacerbate inequalities and economic and health 

disparities. Racial and ethnic minorities were disproportionally impacted by COVID-19, with much a 

higher risk of infection and mortality (Kim et al. 2020). Importantly, COVID-19 did not create new 

health and economic disparities; rather, it accentuated existing underlying weaknesses (Carrión et al. 

2021). 

In early attempts to suppress the spread of the virus in 2020, two NPIs, social distancing and WFH, 

uncovered groups of different SES’ abilities to adhere and to limit the spread of COVID-19. Lower SES 

neighbourhoods were more likely to work in-person and have lower rates of car ownership (Sy et al. 

2021; Osorio et al. 2022; Power, 2012). Therefore, despite an initial modal shift towards private modes 

of transport and active travel, lower SES neighbourhoods were less able to do so (Bucsky, 2020; 

Gutiérrez et al. 2021, Eisenmann et al. 2021). Consequently, trips made on public transport during the 

pandemic were largely driven by necessity and the use of public transport in the early stages of the 

pandemic resulted in significantly longer travel time and increased risk of exposure to the virus (Sy et 

al. 2021; Falavigna and Hernandez, 2016; Kim et al. 2020). 

The literature on COVID-19 grew faster than any previous epidemic or pandemic, and there is an 

abundance of studies on the impact on mobility behaviour, where researchers originally attempted to 

use mobility data to monitor and predict the spread of the virus and the public’s compliance to the 

introduction of NPIs such as travel and social restrictions (Islind et al. 2020; Latif et al. 2020; Wang et 

al. 2020). Early research would focus on measuring the overall decrease in travel with relatively fewer 

studies specifically researching decreases in travel with regards to socioeconomic factors and urban 

inequalities (Almlöf et al. 2021). Soon after, it was realised that the decrease in mobility was not 

homogeneous between social groups and that unpacking differences in changes in mobility behaviour 

is important as it uncovers the inaccuracy of the initial “great leveller” rhetoric and how urban 

inequalities determined various groups’ vulnerability and exposure to the virus (Burström and Tao, 

2020). 

By now, studies have explored the underlying mechanisms of disparities in public transport use in cities, 

particularly during the early stage of the pandemic (Hu and Chen, 2021; Brough et al. 2021; Carrión et 

al. 2021; Sy et al. 2021; Osorio et al. 2022; Almlöf et al. 2021; Kissler et al. 2020; Wang and Noland, 

2021). Studies consistently report that the smallest changes in public transport ridership are in lower 

SES neighbourhoods and for minority groups, and that the greatest change during the early stages is in 
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areas with a higher proportion of commercial land-use, and higher-income, White individuals (Hu and 

Chen, 2021). 

Largely due to data availability, fewer studies have explored the disparities in ridership during the early 

stages of recovery from COVID-19 and whether these disparities continued beyond the reopening of 

urban centres and vaccination schemes. It is important to explore how Chicagoans travel to work, to 

school, and to shop beyond the first year of the pandemic to substantiate the expectation that transit 

ridership would largely return once the city was fully reopened (Osorio et al. 2022). This study will 

contribute to this body of literature, particularly to the two studies in Chicago who use Bayesian 

structural time series models to infer the impact of COVID-19 on ridership (Hu and Chen, 2021; Osorio 

et al. 2022). Our study extends the timeline of the research on the subject and investigates if the 

reopening of Chicago and the vaccination rollout enticed a return to public transport use in more 

commercial, affluent, White neighbourhoods. 

A better understanding of the underlying mechanisms of how the pandemic and post-pandemic impacts 

certain population groups’ mobility behaviour (Burström and Tao, 2020) is particularly important, as it 

would help to improve future disaster preparedness plans and targeted public transport service times 

and routes to ensure that the most vulnerable are protected from becoming isolated and immobile 

(Osorio et al. 2022; Burström and Tao, 2020). Historically, due to a lack of evidence, cuts to public 

transport services, before and during COVID-19, were made arbitrarily (Dong, 2022; Hu and Chen, 

2021); therefore, a better understanding of the spatio-temporal use of public transport systems would 

allow transport policymakers to more adequately adjust services to reduce the impact on lower SES 

neighbourhoods. 

 

5.2.2 Residential segregation and Chicago’s L-Train 

Residential segregation is the spatial separation of social groups (Timberlake, 2015). The partitioning 

of social groups into defined neighbourhoods exacerbates spatial inequalities where economic, racial, 

and social inequalities are spatially suppressed (Swyngedouw, 2013). In the 1960s in the U.S., 

segregation and discrimination were supposedly abolished following the Civil Rights Movement. 

However, the influence of social and racial segregation on public transport remains today 

(Swyngedouw, 2013; Wellman, 2014). 

Residential segregation influences the spatial and temporal use of public transport, where certain racial 

and ethnic groups’ public transport use is defined by the day of the week, time of day, and the place of 

the train (Swyngedouw, 2013). This is particularly apparent in Chicago as it is recognised as one of, if 

not the most, segregated city in the U.S. (Swyngedouw, 2013; Bader and Krysan, 2015). The high 
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degree of residential segregation in Chicago makes it possible for this study to explore the differences 

in changes in public transport use across neighbourhood boundaries and social groups. 

With highly racially segregated communities in Chicago, “L” stations distinctly represent 

neighbourhoods’ race and class (Swyngedouw, 2013). The most prominent segregation in Chicago’s 

metro area and along the “L” train service route is the Black–White segregation along the north–south 

red line, the busiest line in the city. Along this line, Black or African Americans are heavily concentrated 

in the south and more affluent, White neighbourhoods are concentrated in the north (Figures A5.1 and 

A5.2) (Swyngedouw, 2013; Acs et al. 2017). Historically, segregation between Hispanic or Latinos and 

White people is less; however, residential segregation is still prominent, where Latino families reside 

in the southwest and northwest of Chicago (Acs et al. 2017). Social groups seldom interact or encounter 

another due to the high degree of segregation along the “L” train service route (Swyngedouw, 2013). 

The functionality of each station, particularly passengers’ time and day of travel, purpose of travel, and 

reliance on the mode of travel is strongly determined by the neighbourhood characteristics and will 

determine how and when public transport was used during the pandemic. This study hopes to evaluate 

the influences of these station service area characteristics, residential segregation, and the subsequent 

inequalities on mobility behaviour, which has generally received less attention in the research literature 

(Credit et al. 2021). 

 

5.3 Materials and methods  

5.3.1 Modelling approach and unit structure 

This study adopts a two-level multilevel modelling (MLM) approach to determine the extent of change 

in “L” train ridership across 139 stations over an 11-month study period between February and 

December 2021. The motivations for implementing MLM consist of causal inference, the study of 

variation, and for future predictions (Gelman and Hill, 2006). In this study, we propose a two-level 

MLM to explore, quantify, and explain the variation in ridership between stations. Using MLM, we can 

explore the differences in station-level ridership levels during the COVID-19 pandemic and how each 

station’s rate of change over time varies. MLM is used when data are structured into groups and the 

coefficients vary by group: the existing literature justifies the use of MLM, as it outlines heterogeneous 

ridership loss during the pandemic, which is highly influenced by socio-demographic characteristics 

(Osorio et al. 2022). 

The data for the longitudinal study consist of repeated measurements: monthly percentage changes in 

ridership at each “L” station over an 11-month period. A two-level MLM is applied, where the Level-

1 units (individual monthly station observations) are represented by 𝑖 and are nested within Level-2 

units (i.e., “L” stations), which are represented by 𝑗 (Figure 5.1). 
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Figure 5.1: Unit diagram of the longitudinal data. 

 

5.3.2 Model development 

Seven models, incrementally increasing in complexity, were implemented before deciding on the Final 

Model. The significance of the improvement of each model was tested using a Likelihood Ratio (LR) 

test (a drop in deviance greater than the critical value at the 5% level of 3.84) and only statistically 

significant covariates were retained in subsequent models. The seven models comprise a mixture of 

models including unconditional linear regression and variance-component models (null models), 

random-intercept models, and random-coefficient models (Table 5.1). Model development and the 

covariates introduced are discussed in more detail in Sections 5.3.2 and 5.3.3, respectively. 

Table 5.1: Summary of models and model covariates. 

Model Covariates Model 

Model 1 None Unconditional Linear Regression 

Model 2 None Variance-Component Model 

Model 3 Time Trend Random-Intercept 

Model 4 Time Trend Random-Coefficient 

Model 5 Time Trend; Race and Ethnicity Random-Coefficient 

Model 6 Time Trend; Race and Ethnicity; Land-Use Random-Coefficient 

Model 7 
Time Trend; Race and Ethnicity; Land-Use; Housing, 

Health, and Economic Characteristics 
Random-Coefficient 

Final Model 
Time Trend; Race and Ethnicity; Land-Use; Housing, 

Health, and Economic Characteristics 
Random-Coefficient 

5.3.2.1 Null models 

The first two models implemented, unconditional linear regression (Equation (1)) and variance-

component model (Equation (2)), include no covariates and are the simplest forms of regression (Table 

5.1). The intercept, the global mean of the response variable across all stations over the entire study 

period, is represented by β0,, and eij and uj represent the Level-1 and Level-2 residuals, respectively. 

Model 2 (Equation (2)) is the simplest form of random-intercept model and the individual station-level 

residuals (uj), which represent the difference between the global mean and each station’s mean, can be 

extracted. These two “null” models are implemented to decompose the total residuals and account for 

 

 j1               j2              j139               Level - 2 

 

      … 

i1  i2  … i11 i1 i2 …i11  i1 i2 …i11  Level – 1 
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the dependency in the data, which is how the percentage change in ridership is dependent on station-

level factors (uj). The extent of the dependency or clustering in the response variable can be measured 

using a variance partition coefficient (VPC). VPC measures the proportion of the total variance that is 

explained by station-level factors, where a higher VPC indicates a greater degree of clustering in the 

response variable and justifies the use of MLM. 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 𝑅𝑖𝑑𝑒𝑟𝑠ℎ𝑖𝑝𝑖𝑗 = 𝛽0 + 𝑒𝑖𝑗 (1) 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 𝑅𝑖𝑑𝑒𝑟𝑠ℎ𝑖𝑝𝑖𝑗 = 𝛽0 + 𝑢𝑗 + 𝑒𝑖𝑗 (2) 

𝑉𝑃𝐶𝑢 =
𝜕𝑢
2

𝜕𝑢
2 + 𝜕𝑒

2
 (3) 

 

5.3.2.2 Time trend models 

The first covariate to be introduced in Model 3 (Equation (4)) and 4 (Equation (5)) is a time trend, a 

sequential variable which starts at 0 and increases monotonically to measure the effect of an additional 

unit of time on the response variable (Table 5.1). The intercept in both models, β0, now represents the 

average percentage change in ridership across all stations where the time trend equals to 0, which is the 

first month of the study, February 2021. In Model 3, the time trend is introduced as a fixed effect which 

assumes that the rate of change in ridership is uniform across all stations over the 11-month period. 

Subsequently, Model 4 introduces the time trend as a random coefficient, where the rate of change in 

ridership between stations varies. 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 𝑅𝑖𝑑𝑒𝑟𝑠ℎ𝑖𝑝𝑖𝑗 = 𝛽0 + 𝛽1𝑛_𝑚𝑜𝑛𝑡ℎ𝑖𝑗⏟            
𝐹𝑖𝑥𝑒𝑑

+ 𝑢𝑗 + 𝑒𝑖𝑗⏟    
𝑅𝑎𝑛𝑑𝑜𝑚

 
(4) 

                                𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 𝑅𝑖𝑑𝑒𝑟𝑠ℎ𝑖𝑝𝑖𝑗 = 𝛽0 + 𝛽1𝑛_𝑚𝑜𝑛𝑡ℎ𝑖𝑗⏟            +

𝐹𝑖𝑥𝑒𝑑

𝑢0𝑗 + 𝑢1𝑗𝑛_𝑚𝑜𝑛𝑡ℎ𝑖𝑗 + 𝑒𝑖𝑗⏟                
𝑅𝑎𝑛𝑑𝑜𝑚

 
(5) 

 

5.3.2.3 Random-coefficient model with covariates models 

The remaining three models are extensions of Model 4 (Equation (5)), incrementally adding Level-2 

covariates represented by X in Equation (6): Model 5 controls for race, Model 6 controls for land-use, 

and Model 7 controls for all remaining explanatory variables including the percentage of individuals 

that have received at least one dose of the vaccination, percentage with access to two private vehicles, 

percentage WFH and with access to facilities such as desktops or laptops, and the percentage of 

unemployment (Table 5.1). 

Following Model 7, a Final Model is selected by retaining all statistically significant covariates 

introduced in all previous models. The Final Model does not introduce any further covariates and 
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represents the statistically significant influences on spatial and temporal changes in ridership across L 

stations in Chicago between February and December 2021. 

Covariates such as race and land-use are included, as they have been proven to be an influencing factor 

on changes in ridership in recent studies in Chicago (Hu and Chen, 2021; Osorio et al. 2022). The other 

contextual factors are introduced to represent the different forms of urban inequalities: the unequal 

access to resources, access, and capabilities (Hamnett, 2019). Access to private vehicles reflects social 

groups’ unequal access to different modes of transport, percentage WFH and access to desktops or 

laptops reflects the disparities in those able to work from home, vaccination data represents the unequal 

opportunity and access to health facilities, and unemployment data reflects the unequal access to 

economic opportunities. 

These covariates are also introduced based on recommendations from the literature: vaccination status 

data are now available and will be able to explain whether the rollout encouraged the public to return 

to shared modes of transport (Osorio et al. 2022; Batty, 2020), and data on access to private vehicles, 

which are not available in some case studies (Almlöf et al. 2021), will measure the impact of car 

ownership and access to better modal choices on transit ridership. The introduction of these covariates, 

along with information on those with the facilities to WFH is important to attempt answering the open 

question on whether the significant ridership drop will continue beyond COVID-19 (Osorio et al. 2022). 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 𝑅𝑖𝑑𝑒𝑟𝑠ℎ𝑖𝑝𝑖𝑗 = 𝛽0 + 𝛽1𝑛_𝑚𝑜𝑛𝑡ℎ𝑖𝑗 + 𝛽𝑛𝑋𝑗⏟                +

𝐹𝑖𝑥𝑒𝑑

𝑢0𝑗 + 𝑢1𝑗𝑛_𝑚𝑜𝑛𝑡ℎ𝑖𝑗 + 𝑒𝑖𝑗⏟                
𝑅𝑎𝑛𝑑𝑜𝑚

          (6)  

 

5.3.3 Data, study location, and study period 

5.3.3.1 Response variable  

The response variable in this study is calculated using data obtained from the Chicago Data Portal. The 

data consist of monthly “L” station entries for over 140 “L” stations across Chicago, beginning in 2001 

(Chicago Data Portal, n.d.). In this study, 139 stations were used and the percentage change in ridership 

for a given month is calculated from a five-year, pre-COVID-19 baseline for that respective month. The 

percentage change in train ridership is studied over an 11-month period from February to December 

2021. This period encompasses key events in Chicago’s recovery programme which are expected to 

influence public transport ridership, such as the vaccination rollout which started in April 2021 and the 

full reopening of the city on 11 June (Chicago.Gov, 2021; Chicago.Gov, 2023). 

Chicago was selected for the study as the data which were made openly available traverse many of 

Chicago’s neighbourhoods and normal service coverage and frequency were maintained throughout the 

pandemic, ensuring that changes in ridership were not influenced by service changes (Osorio et al. 
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2022). We highlight that our study focuses on train ridership; therefore, it does not capture changes in 

other modes of transport (Falavigna and Hernandez, 2016). 

 

5.3.3.2 Supplementary data and station service area 

The covariates used to capture “L” station characteristics are all openly available and obtained from the 

American Community Survey (ACS), the Chicago Metropolitan Agency for Planning (CMAP), and the 

Illinois Department of Public Health (IDPH). These provide information on contextual factors such as 

race and ethnicity, land-use, and vaccination status in Chicago, respectively. 

Demographic, economic, and housing characteristics from the ACS’ 2020 5-year estimates are used to 

explain changes in train ridership and were obtained, determined by availability, at the census tract level 

or the zip-code level. At the census tract level, this study uses datasets B03002 and S2801 to measure 

demographic and housing characteristics with estimates of race and access to computers and internet 

subscriptions (American Community Survey (a), American Community Survey (b)). These datasets are 

used to calculate the proportion of each race or ethnicity and the proportion with access to desktops or 

laptops in each station service area. At the zip-code level, dataset DP03 is used to capture economic 

characteristics, including the percentage of those WFH and those unemployed (American Community 

Survey (c)). 

Chicago’s land-use data are obtained from CMAP’s 2015 land-use inventory, which is openly available 

(Chicago Metropolitan Area for Planning, n.d.). At the time of the study, this inventory was the most 

up to date information on parcel-level, land-use data, categorizing parcels into nearly 60 categories. In 

this study, the individual categories were aggregated, according to CMAP metadata, into nine main 

domains: residential, commercial, institutional, industrial, transportation, agriculture, open-space, 

vacant, and ‘other’ (Figure A5.3). 

Vaccination status data published by IDPH are updated weekly and report the percentage who have 

received one dose for each zip code in Illinois. This study was unable to obtain historical vaccination 

status data for the study period; therefore, the data used in this study include the vaccination status for 

each zip code in Illinois, updated as of 19 October 2022 (Illinois Department of Public Health, n.d.). 

For each “L” station, the average value for each factor within an 800 m walking-distance service area 

was used as a covariate in our models. The service area is created from a road-network buffer, rather 

than a circular buffer which is used in most existing studies (Figure A5.3). The road-network buffer 

more accurately captures each stations’ service area (Sun and Thakuriah, 2021) and is defined as 800 

m, as it is typically used as the upper limit of where most users will travel to access rail stations by foot 

(El-Geneidy et al. 2014). Due to the simplicity of buffers, they do induce bias where the influence of 

neighbourhoods beyond the 800 m buffer is not considered (Sun and Thakuriah, 2021). This could 
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influence the interpretation of the results, particularly with the segregated nature of Chicago’s 

neighbourhoods, as mainly African American neighbourhoods live near rail stations (Swyngedouw, 

2013). 

 

5.4 Results 

5.4.1 Null models and time trend  

Models 1 and 2 are the simplest forms of regression models, modelling the percentage change in 

ridership throughout the study period across all 139 stations, without covariates (Table 5.2). Both 

models show that the average percentage change in “L” train ridership over the study period across all 

stations, relative to a five-year baseline, was 64% below pre-pandemic levels. 

Table 5.2: Model results for both ‘null’ and time trend models. 

 Model 1 Model 2 Model 3 Model 4 

 Est. SE Est. SE Est. SE Est. SE 

Fixed Effects:     

Intercept −64.12 *** 0.28 −64.12 *** 0.61 −75.49 *** 0.63 −75.49 *** 0.72 

n_month - - - - 2.27 *** 0.03 2.27 *** 0.07 

 Est. Est. Est. Est. 

Random Effects:     

Station Level:     

Between-Station Variance - 44.59 49.76 68.97 

Intercept-Slope Covariance - - - −3.30 

N-month Variance - - - 0.57 

Observational Level:     

Residual Variance 119.37 74.70 17.85 11.53 

Deviance 11,650 11,216 9226 8878 

Notes: Statistical significance: *** = p < 0.001. Est. refers to the estimate and SE indicates the standard error of the estimate. 

 

The intercept does not change between Models 1 and 2; however, the standard error for the intercept in 

Model 2 does increase slightly. This is because the linear regression model (Model 1) assumes that all 

observations are independent, resulting in over-confidence and potentially leading to incorrect 

conclusions, whereas the variance component model (Model 2) accounts for the dependency in the data: 

repeated measurements are nested within stations. Table 5.2 indicates that 37% of the total variance is 

explained by station-level differences (VPC = 0.37) and indicates a notable degree of clustering and 

dependency in the data. The presence of clustering in the data and a significantly positive LR test justify 

the use of MLM. 

As 37% of the total variance is explained by between-station variation in Model 2, the remaining 63% 

of the total variance is explained by within-station differences. As a longitudinal study, this within-

variation is mostly assumed to be differences between monthly values of percentage change in ridership 
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across the study period. To account for this, Model 3 incorporates the time trend variable, n_month, 

representing each month in the study as a unit of time, increasing sequentially from 0 to 10. With the 

introduction of the time trend covariate, the intercept now represents the average value for the 

percentage change in ridership across all stations in February 2021. 

Model 3 shows a notable decrease in the intercept relative to Models 1 and 2, suggesting an average 

percentage change in ridership of –75.5% in February 2021, relative to pre-pandemic levels (Table 5.2). 

Throughout the study period, ridership increases 2.27% for each passing month (Table 5.2). However, 

in Model 3, the introduction of the time trend as a fixed effect assumes that the slope, the rate of change 

in ridership over time, is uniform across all stations. The evidence in the literature provided in Section 

5.2 clearly indicates diverse changes in public transport ridership behaviour between social groups; 

therefore, assuming a uniform increase in ridership across stations would be naïve. 

Consequently, Model 4 introduces n_month as a random coefficient which allows each station’s slope, 

the rate of change in ridership over time, to vary between stations (Table 5.2). Table 5.2 shows a 

heterogeneous change in public transport ridership use over the study period, between stations, in 

Chicago. A negative intercept-slope covariance implies a ‘fanning-in’ pattern in the data, where stations 

with a higher intercept value typically observe a lower slope value, and vice versa. Therefore, stations 

which experienced the biggest change in ridership at the beginning of the study period experienced a 

steeper rate of increase in ridership over time. 

The random intercept and random slope values in Model 4 represent the difference between each 

station’s percentage change in ridership in February 2021 and the rate of change over time, respectively. 

To explore the spatial relationship between train ridership and the rate of change over time, these values 

can be extracted and mapped using a bivariate CMAP (Figure 5.2). To increase the interpretability of 

Figure 5.2, the intercept (β0 = −75.49%) is added to all random intercept values, and the random 

coefficient values are added to the mean rate of change over time (β1 = 2.27). The bivariate CMAP is 

annotated to indicate the number of stations assigned to each cell (Figure 5.2). 

In Figure 5.2, the spatial distribution of Model 4′s random effects uncovers a broadly defined north–

south divide in Chicago. “L” stations in the south and southwest of Chicago, predominately orange or 

green, suggest average or higher than average ridership in the beginning of the study and experience a 

less than average increase in ridership over the study period. Conversely, several “L” stations in 

Chicago’s central Loop and northern stations, coloured in pink or light blue, indicate stations with 

higher-than-average changes in ridership at the beginning of the study and average or above average 

rate of increase in ridership over the study period. The spatial clustering of the random effects, 

intercepts, and slopes in Chicago suggests that changes in public transport ridership behaviour during 

the pandemic and throughout recovery programmes are spatially and socially dependent. The 

introduction of contextual covariates, population, and land-use characteristics are introduced in the next  



97 

 

 

Figure 5.2: Spatial distribution of “L” stations’ random effects: intercept and slope. The intercept and slope represent 
percentage change in ridership at the beginning of the study period and the rate of increase per month, respectively. 

 

section to explain and measure the extent of these possible influencing factors on disparities in ridership 

behaviour. 

 

5.4.2 Random-coefficient models with covariates  

The first contextual factors to be controlled for in this study, in Model 5, are race and ethnicity, where 

each covariate represents a race or ethnicity’s percentage of the station service area’s total population. 

The covariates included in Model 5 include all races and ethnicities, other than the percentage of White 

people which is used as a reference category (Table 5.3). The intercept for Model 5 represents the 
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response variable, where all covariates are equal to zero. Therefore, the intercept represents the average 

percentage change in ridership across all stations at the beginning of the study in predominately White 

neighbourhoods, which is –81.3%, nearly 6% less than in Model 4 (Tables 5.2 and 5.3). Supported by 

findings in the literature, this decrease suggests that race has a notable influence on changes to ridership 

(Hu and Chen, 2021; Osorio et al. 2022). This can also be measured by the drop of just over 39 points 

in between-station variance relative to Model 4, which shows that race accounts for approximately 57% 

of the variance between stations at the beginning of the study period (Tables 5.2 and 5.3). 

Table 5.3: Model results when incorporating contextual covariates. 

 Model 5 Model 6 Model 7 Final Model 

 Est. SE Est. SE Est. SE Est. SE 

Fixed Effects:     

Intercept −81.29 *** 1.53 −82.28 *** 0.98 −79.54 *** 2.09 −79.84 *** 2.10 

n_month 2.27 *** 0.07 2.27 *** 0.06 2.27 *** 0.05 2.27 *** 0.05 

         

Black or African American 0.13 *** 0.02 0.15 *** 0.06 0.09 + 0.05 0.10 + 0.05 

Asian 0.01  0.90 - - - - - - 

Hispanic or Latino 0.18 *** 0.03 0.16 *** 0.02 0.10 * 0.04 0.10 * 0.04 

Native American −6.90 ** 2.31 - - - - - - 

Hawaiian −7.81  8.92 - - - - - - 

Commercial (Centred) - - −0.11  0.08 - - - - 

Commercial (Interaction) - - 0.05 *** 0.01 −0.01  0.01 - - 

Industrial (Centred) - - 0.28 ** 0.11 0.22 * 0.09 0.24 ** 0.08 

Industrial (Interaction) - - 0.03 * 0.01 0.02  0.01 - - 

Institutional (Centred) - - 0.02  0.07 - - - - 

Institutional (Interaction) - - 0.04 *** 0.01 0.03 *** 0.01 0.03 *** 0.01 

Open Space (Centred) - - 0.20 * 0.09 0.20 * 0.08 0.20 ** 0.07 

Open Space (Interaction) - - 0.01  0.01 - - - - 

Residential (Centred) - - 0.06  0.05 - - - - 

Residential (Interaction) - - 0.02 *** 0.01 0.00  0.01 - - 

Desktop or Laptop (Centred) - - - - −0.29 * 0.11 −0.30 ** 0.10 

Desktop or Laptop 

(Interaction) 
- - - - 0.03 *** 0.01 0.05 *** 0.01 

Two Vehicles (Centred) - - - - 0.01  0.07 - - 

Two Vehicles (Interaction) - - - - −0.02 ** 0.01 −0.02 ** 0.01 

One Dose (Centred) - - - - −0.20 + 0.10 −0.17 * 0.08 

One Dose (Interaction) - - - - 0.01  0.01 - - 

Unemployed (Centred) - - - - −1.28 ** 0.43 −1.46 *** 0.41 

Unemployed (Interaction) - - - - −0.06  0.04 - - 

WFH (Centred) - - - - 0.05  0.27 - - 

WFH (Interaction) - - - - −0.06 * 0.03 −0.07 ** 0.02 

 Est. Est. Est. Est. 

Random Effects:     

Station Level:     

Between-Station Variance 29.88 26.95 23.34 23.25 

Intercept-Slope Covariance −1.07 −0.75 −0.34 −0.29 

n_month Variance 0.57 0.41 0.24 0.26 

Observational Level:     

Residual Variance 11.53 11.53 11.53 11.53 

Deviance 8803 8754 8683 8691 

Notes: Statistical Significance: *** = p < 0.001, ** = p < 0.01, * = p < 0.05, and + = p < 0.10. Est. refers to the estimate and 

SE indicates the standard error of the estimate. 
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Of the five race and ethnicity groups introduced as covariates, only the effects of three were found to 

be significant: percentage of Black or African American, Hispanic or Latino, and American Indian or 

Alaskan Native (Native American). The coefficients for Black or African American and Hispanic or 

Latino indicate a significant, positive association with ridership and suggest that a 10% increase in each 

race or ethnicity would see a 1.3% and 1.8% increase in ridership, respectively. Despite a significant 

coefficient for Native Americans, the standard error is noticeably higher than for the other covariates 

and both the percentage of Native Americans and Hawaiians have an exceptionally large negative 

association with the response variable. This may be caused by the smaller sample size, as the maximum 

percentage of Native Americans in any “L” station buffer is less than 2%. Due to higher standard errors 

and non-significant coefficients, only the covariates on the percentage of Black or African American 

and Hispanic or Latino are retained in subsequent models. 

In Model 6, station service areas’ land-use is controlled for where each covariate represents the 

proportion of station service areas covered by that particular land-use. Each land-use consists of two 

types of covariates: a centred covariate where a value of 0 represents the mean percentage cover for that 

land-use across all stations and a covariate which is an interaction term with the time trend variable. 

The interaction term measures the extent of how the effect of the coverage of that particular land-use 

on the response variable changes for each additional month. 

Table 5.3 shows that, from the centred land-use covariates introduced in Model 6, only the proportion 

of commercial land-use had a negative association with ridership relative to the intercept at the 

beginning of the study in February 2021. Although non-significant, the model suggests that a station 

service area with 10% above average commercial land would experience more than a 1% decline in 

ridership. Conversely, the proportion of industrial and open-space land-use illustrates a strong, 

significant, positive association with ridership at the beginning of the study, where a 10% above average 

coverage of these land-uses in a station service area would induce increases of 2.8% and 2%, 

respectively (Table 5.3). 

All land-uses’ interaction terms are positive, which indicates that the effect on ridership becomes 

increasingly positive for each additional month of the study. Despite a negative association with 

ridership in February 2021, the commercial interaction term, along with institutional land-use, has the 

strongest, significant, and increasing effect on ridership as the study period progresses. Industrial and 

residential interaction terms also show significant, positive associations; however, these relationships 

with the response variable are weaker. The only interaction term in Model 6 to not show a significant 

increasing association with the response variable over time is the percentage of open space. 

In the final models, contextual covariates are introduced to explain the disparities in changes in ridership 

behaviour which were influenced: the percentage with access to desktops or laptops, access to two 

vehicles, received the first dose of the vaccination, unemployed, and WFH (Table 5.3). Again, each 
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covariate is represented by a centred covariate and an interaction term with the time trend. The Final 

Model represents the ultimate model where all non-significant covariates are omitted. 

In February 2021, three of the five centred covariates have a significant, negative association with the 

response variable. According to the Final Model, a 10% increase in a station service area’s access to 

desktops and laptops, percentage of people that received at least one dose of the vaccination, and 

percentage unemployed would result in a decrease of 3%, 1.7%, and 14.6% in ridership at the beginning 

of the study, respectively. Despite a substantial impact on the response variable in February 2021, the 

influence of the percentage of unemployment on ridership behaviour does not significantly change over 

time. Table 5.3 shows that, for each additional month, there is an increasingly negative association 

between the response variable and the percentage with access to two private vehicles. Interestingly, the 

interaction term for access to desktops and laptops is significantly positive. Therefore, despite an initial 

negative association, for each additional month, this negative coefficient increases by 0.05, which 

means that, following the seventh month, there would be a positive association between access to 

desktops and laptops, and ridership. The interpretation of these findings is discussed in the next section. 

 

5.5 Discussion and Conclusions  

Towards the end of the pandemic’s first year in February 2021, Osorio et al. (2022) detailed how the 

perception of risk was accountable for approximately 1% of rail ridership loss due to “caution fatigue” 

in Chicago. This suggests that the influences on changes in ridership extend beyond the perception of 

risk alone. Due to data availability, we can now uncover, in this section, the influences on transit 

ridership behaviour beyond the first year of the pandemic. Encompassing the reopening of non-essential 

retail and the vaccination rollout, this section will discuss the results in Section 5.4 and interpret the 

spatial distribution and impact of “L” station service area socioeconomic and land-use characteristics 

on the return to or avoidance of public transport. Our study recognizes that not all of the factors 

influencing public transport use can be accounted for and that those included in this study are based on 

suggestions from the literature. Future studies may extend our research by incorporating additional 

parameters, such as the impact of changing COVID-19 policy stringency on public transport use. 

 

5.5.1 Race and ethnicity  

The findings of this study extend those in the literature, illustrating that, between February and 

December 2021, more than a year after the implementation of NPIs and the beginning of recovery 

programmes, the average ridership across all stations during this study period continued to be 

substantially lower, 75.5% below pre-COVID-19 levels. Similar to Osorio et al. (2022), Brough et al. 

(2021), and Hu and Chen (2021), this study finds that this decrease in public transport use is spatially 
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unequal. In this paper, we extend this information and have extracted and mapped each individual 

station’s change in public transport use and its rate of change over time (Figure 5.2). 

Figure 5.2 illustrates a defined north–south divide, where lower SES neighbourhoods in the south and 

southwest with higher percentages of Black and Hispanic population (Figure A5.1) experience a smaller 

change in ridership behaviour in comparison to the more commercial and affluent “L” stations in 

Chicago’s Loop and northern stations, respectively. Figure 5.2 also captures the disparities in rate of 

changes in station entries over time between stations in Chicago. The negative intercept-slope 

covariance in Table 5.2 and Figure 5.2 indicates a ‘fanning-in’ pattern, where northern and central 

stations in higher SES neighbourhoods and major commercial areas with lower initial ridership 

generally experienced an above average rate of increase in ridership over the study period. 

The north–south divide illustrated in Figure 5.2 revealed how disparities in ridership behaviour during 

the pandemic may have disproportionally impacted minority groups’ infection and mortality rates 

during the pandemic in Chicago. Smaller changes in initial ridership in the south and southwest (Table 

5.3) showed predominately Hispanic or Latinos and Black or African American neighbourhoods’ 

lessened ability to practice social distancing and increased occupation of jobs that cannot be performed 

from home (Hu and Chen, 2021; Van Dorn et al. 2020; Carrión et al. 2021; Nanda, 2020; Patel et al. 

2020; Rodriguez-Diaz et al. 2020; Tai et al. 2021). Smaller changes in ridership levels at these stations 

at the beginning of the study in February 2021, during higher stringency and potential infection periods 

suggest that a large proportion of “L” train journeys in these lower SES neighbourhoods is driven by 

necessity, perhaps to workplace zones (Sy et al. 2021). 

 

5.5.2 Land-use 

A positive association between train ridership and the share of industrial land-use confirms a smaller 

behavioural change in ridership behaviour at workplaces in February 2021 (Table 5.3). This positive 

association may reflect the trips largely driven by necessity, as “essential” work at manufacturing and 

industrial centres mostly required staff to work in-person (Osorio et al. 2022). The continuation of 

station entries at industrial zones accentuates the disparities in certain social groups’ ability to work 

from home and perform social distancing. Subsequently, minority groups’ reliance on public transport 

exacerbates existing health disparities in lower SES neighbourhoods, as public transport use increases 

the exposure to COVID-19 and risk of infection (Kim et al. 2020; Gutiérrez et al. 2021; Burström and 

Tao, 2020; Rodriguez-Diaz et al. 2020). 

Despite trips being largely driven by necessity, the Final Model (Table 5.2) also showed that the 

proportion of open greenspaces was also associated with limited change in train ridership, pointing to 

the perceived safety of the use of public transport for recreational visits to parks and open greenspace 
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during the pandemic (Chan et al. 2020; Hunter et al. 2020; Hino and Asami, 2021). Consistent with 

findings in the early stages of the pandemic, the use of public transport for leisure trips to open 

greenspace differs from those to commercial areas, where, for trips to commercial centres, a larger 

decline in ridership behaviour was recorded (Hu and Chen, 2021). Although non-significant, Model 6 

showed that trips to commercial zones such as the Loop in Chicago were still far below pre-COVID 

levels in February 2021, nearly a year after the implementation of NPIs, as the reopening of all non-

essential retail would not occur until June 2021 (Chicago Data Portal, n.d.). 

Surprisingly, our model estimates showed an insignificant association between commercial land-use’s 

interaction term and train ridership. This result may contradict findings in other cities and countries 

where leisure and social trips, including shopping, returned to more “normal,” pre-pandemic levels 

(Beck and Hensher, 2020). This finding may also reflect a modal shift, with people choosing other 

modes of transport, particularly private vehicles, and active travel such as walking or cycling, to move 

within Chicago. 

 

5.5.3 Urban inequalities  

We now focus on the extent to which urban inequalities influenced changes in ridership behaviour 

across stations at the beginning of the study, and how this influence changes throughout the study 

period, following the mass rollout of the vaccination and reopening of Chicago. Overall, the results 

indicate a global increase in ridership across all stations; however, it is evident that the rate of increase 

across all stations is not homogenous. 

During the early stages of the pandemic, research speculated whether ridership would return to “normal” 

levels following the introduction of the vaccination programme (Osorio et al. 2022). With vaccination 

data now available, this study finds a non-significant association between changes in rail ridership over 

the study period and vaccination rates (Table 5.3). Although they were speculated as a catalyst for the 

return to public transport, these results suggest an unchanging, potentially “new normal” of lessened 

public transport use in neighbourhoods with greater vaccination rates. Similarly, over the study period, 

higher access to private vehicles and WFH also showed a relative decrease in the use of public transport. 

Similar trends have been reported across the urban-rural continuum in Britain (Rowe et al. 2023).  

In the Final Model (Table 5.3), the negative association between private vehicle ownership and train 

ridership suggests that the modal shift to private modes of transport in the early stages of the pandemic 

may have become a more permanent feature of local mobility behaviour (Brough et al. 2021). Two 

stations in Figure 5.2 exemplify this trend where ridership may not return to “normal” pre-COVID-19 

ridership levels due to high ownership of private vehicles at two “L” stations depicted in turquoise in 

eastern Chicago. Cumberland and Austin (Forest Park), the former in a predominately White, 
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commercial neighbourhood and the latter in a mixed, residential neighbourhood, have some of the 

highest proportions of vehicle ownership of all stations. These stations illustrate where ridership was 

greatly impacted during the earlier stages of the pandemic and have failed to adhere with the general 

trend of convergence, where the stations which were the most impacted generally observed a stronger 

return to public transport use over the study period. This finding is important as it identifies where 

disparities in ridership have persisted and, unlike during other past pandemics and epidemics, such as 

during Middle East Respiratory System (MERS) where ridership levels returned to normal after six 

months (Osorio et al. 2022), current ridership levels may not return to pre-COVID-19 levels, as the 

pandemic has permanently changed travelling and working behaviours (Rowe et al. 2023 (a)). Ongoing 

urban planning initiatives such as the 15-minute city may contribute to reduce long-distance urban travel 

(Graells-Garrido et al. 2021). 

Not all covariates indicate permanent changes to mobility and working behaviours. The interaction term 

for the access to desktops or laptops suggests a relative increase in public transport use, becoming 

positive in October 2021, despite the original negative association (Table 5.3). This suggests that not 

all work remained remote or hybrid and that, despite these households having the facilities and 

capability to WFH, household occupants do not inherently WFH and their occupation or other factors 

may not allow them to do so (Rowe et al. 2023 (b); Robinson et al. 2020; Rowe et al. 2022). This 

positive interaction term may capture a glimpse of the beginning of the long-awaited return to public 

transport services. Only future work will be able to explore and confirm the extent of changing mobility 

and working behaviours and their influence on public transport use. 

 

5.5.4 Conclusions  

Our results indicate an overall increase in “L” train ridership in Chicago for every month between 

February and December 2021. Yet, our findings show that rail ridership has remained far below pre-

pandemic levels and reveal persisting disparities in ridership between stations following the 

inauguration of Chicago’s vaccination programme and full reopening. Over a year after the beginning 

of the pandemic, the recovery programme is yet to see a significant increase in train ridership at some 

higher-vaccinated, predominately White neighborhoods with greater access to private vehicles and 

ability to WFH. These findings reflect the persistence of inequalities in public transport use, different 

social groups’ changing mobility behaviours and new working practices, and the challenge to revert the 

trend of declining public transport use in the U.S. in recent decades. 

These results highlight the need for continued efforts and innovative solutions to support the recovery 

of public transport in the post-pandemic era: helping transport planners to encourage trips at stations 

where the biggest change in ridership has persisted, whilst protecting the most vulnerable groups’ 

potential mobility and reducing the disparities in access to health, economic, and education services. 
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During previous pandemics, incentive programmes have been introduced to revert the modal shift 

towards private modes of transport. Incentive programmes, such as discount programmes, promotional 

activities, and improved service quality and frequencies (Osorio et al. 2022) have been introduced to 

encourage ridership which, as a result, help to mitigate climate change and contribute towards 

decarbonization (Gutiérrez et al. 2021). However, incentive programmes following COVID-19 must be 

carefully considered, as increasing service frequencies may no longer entice those working from home 

and introducing discount programmes in some of the more affluent neighbourhoods, particularly during 

a cost-of-living crisis, may seem unfitting. We focused on studying ridership use along Chicago’s “L” 

train lines. These lines do not extend to all neighbourhoods, most importantly, Chicago’s lower SES 

neighbourhoods in the far southern or southwestern city limits (Swyngedouw, 2013). Future work 

should consider the effects of the pandemic and recovery programmes on these neighbourhoods and 

those omitted from the study by examining the change in mobility behaviour across more or all modes 

of transport, including populations residing beyond this study’s “L” station service areas. Such analysis 

would enable a more comprehensive understanding of overall changes in mobility behaviour and modal 

shifts after Chicago’s recovery programme across all SES groups and neighbourhoods. 
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Chapter 6: Discussion and Conclusions 

In this section, the overall findings, contributions, and limitations of this thesis, as well as opportunities 

for future work is discussed. In the first section, Section 6.1, each of the three thesis aims identified in 

Section 1.3 and their associated research questions are discussed. These three research aims and 

associated research questions map each of the empirical chapters and reflect the three key challenges of 

studying movement from digital trace data that are addressed in this thesis. These three challenges 

represent the overarching aim of the thesis and are based on the three words: visualisation, analysis, 

contextualisation. After summarising the key findings of each chapter and how they relate to the 

research aims and questions in Section 6.1, the contributions and implications of these findings are 

discussed in Section 6.2. This section then ends by considering some of the key limitations of the thesis 

in Section 6.3 and then highlighting possible future research opportunities in Section 6.4.   

 

6.1 Summary of research findings  

As outlined above, this section summarises the key research findings from the empirical chapters in line 

with each of the three research aims and the associated research questions outlined in Section 1.3. In 

Section 6.2, a wider discussion on the contributions and implications of these key findings are discussed. 

 

First Aim: Evaluate the potential of vector fields to effectively visualise patterns and insights from 

origin-destination (OD) data.  

The first research aim represents the first of the three key challenges of digital trace data addressed in 

this thesis: visualisation. This aim is addressed in Chapter Three and in this chapter, I applied and 

adapted two different types of vector fields to visualise 10,000 OD flows in Milan by tackling common 

challenges faced by traditional visualisation techniques. The challenges faced by traditional 

visualisation techniques have largely arisen from the increasing size and granularity of digital trace data 

and some of the most prominent challenges include visual clutter, salience bias, and the loss of spatial 

information (of individual flows). To assess the extent to which the two types of vector fields proposed 

in Chapter Three address these challenges, I undertook a user evaluation survey. In this section, I will 

summarise the key findings of this research aim in line with the research questions outlined in Section 

1.3. 

The first key finding of Chapter Three is that with adaptations, vector fields can better illustrate and 

communicate insight and patterns from large OD datasets relative to traditional OD flow mapping 

techniques. This is despite some beliefs that visualisation methods alone are not capable of illustrating 

massive movement datasets (where a thousand flows can be considered massive in Zaho et al. (2008)) 
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due to technical and human perceptual and cognitive limitations. When using traditional flow mapping 

techniques and simply connecting every origin and destination by a line or arrow, extracting insights on 

movement patterns is extremely difficult, largely due to the prevalence of visual clutter of overlapping 

flow pathways. However, by scaling the arrow lengths, as well as adjusting the colour and transparency 

of each vector, it is possible to effectively reduce common challenges such as visual clutter and extract 

insights on movement patterns from OD datasets.  

Whilst the two types of vector fields proposed in the study effectively address some of the key 

challenges relative to traditional flow mapping techniques, Chapter Three finds that both types have 

their individual strengths and weaknesses. The first type of vector fields’ arrow lengths is scaled and is 

proportional to the distance between the origin and destination. According to the user group, this type 

of vector fields is the most intuitive and most effectively retains and communicates information on the 

distance, direction, and volume of flow. However, as the arrow lengths are scaled based on the distance 

between origin and destination, challenges such as visual clutter and salience bias still remain. In 

comparison, the arrow lengths of the second type of vector fields are scaled and is proportional to the 

volume of flow. Whilst this type of vector fields illustrates less information (i.e., information on distance 

is not illustrated) and the user group finds it less intuitive, the responses show that it is the most effective 

at reducing visual clutter and salience bias.  

Due to individual strengths and weaknesses, this chapter finds that neither type of vector fields was 

unanimously favoured by the user group. This is because each type emphasised on different aspects of 

flow and the user experience and preference of visualisation techniques is subjective. For example, for 

nearly half of the users, the first type of vector fields was their favourite as it was the most intuitive and 

could effectively illustrate movement patterns of telecommunication activity from the outside of Milan 

into the inner city. Whereas for other users, visualising distance was not as important and instead, it was 

more important to be able to identify the most important flows, many of which were shorter distance 

inner-city flows that were better illustrated by the second type. Whilst just over half of users expressed 

a preference for one type of vector fields, most of the remaining users expressed that both types of 

vector fields should be used in conjunction and that when used together, they present a more complete 

picture of the 10,000 primary flows in Milan.   

 

Second Aim: Establish the different types of changes in intra-city pedestrian behaviour during the 

COVID-19 pandemic using a data-driven approach.    

This second research aim represents the second of the three challenges of digital trace data that is 

addressed in this thesis, analysis, and sought to adopt an inductive, data-driven approach to uncover 

insights on changes in collective pedestrian behaviour across Melbourne’s CBD between two study 

periods during the COVID-19 pandemic. This research aim is addressed in Chapter Four and uses 
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unsupervised clustering to uncover new insights into the different types of changing behaviours across 

different land-uses following the first two lockdowns. In this section, I will summarise the findings in 

line with the research questions outlined in Section 1.3.  

The first substantive finding of this research aim is that the pre-pandemic daily activity of pedestrians 

at individual sensor locations, varied within pre-defined city areas. For example, in areas such as CBD 

central and Southbank, these areas consisted of multiple individual sensor locations with distinct urban 

functions (e.g., retail, transportation, food and drink venues, and open greenspaces), and each of these 

urban functions exemplified different patterns of activity. However, when pedestrian activities are 

aggregated and reported by pre-defined city areas rather than individual locations, the variability 

between individual sensor locations and land-uses is lost. This finding is important because losing the 

variability of individual sensors for pre-pandemic activity suggests that the variability will also be lost 

when assessing changes in pedestrian activity during the COVID-19 pandemic, when sensors are 

aggregated to city areas. 

During the pandemic, specifically following the first two lockdowns, I find that changes in pedestrian 

behaviours across Melbourne’s CBD were heterogeneous and varied within defined city areas. From 

the clustering analysis performed, I find three different types of responses in pedestrian behaviours 

across Melbourne’s CBD. These types of changing behaviours are distinct from each other and are 

attributed to the characteristics of individual sensor locations (i.e., land use) and changing behaviours 

of inhabitants (e.g., commuting, shopping, working). The first cluster consisted of sensors that 

experienced very little difference in behaviour between the aftermath of the first two lockdowns and 

represent the locations which either experienced minimal change in behaviour throughout the pandemic 

(e.g. residential areas) or those which failed to recover (e.g. workplace zones). The second cluster 

consisted of locations which experienced a dramatic increase in pedestrian activity following the easing 

of the second lockdown in comparison to the first, and represented locations with a high concentration 

of cafes, bars, and restaurants. Lastly, the third cluster consisted of locations which did see a dramatic 

increase in activity, but only after an initial hesitation to return, and mainly includes sensors in major 

retail zones. 

Building on the identification of these three main patterns of changing pedestrian activity across 

Melbourne’s CBD, Chapter Four hypothesises how these different patterns reflect the impact that 

COVID-19 had on social behaviours (e.g., working, commuting, and lifestyle behaviours). For example, 

in the first cluster, the relative lack of increase in pedestrian activity at workplace zones and major 

transit zones could reflect the rise and continuation of home working. However, the most interesting 

finding of this chapter is the difference between clusters two and three, where despite the full reopening 

of all non-essential services and the close proximity of these sensor locations, there is a distinct 

difference between the magnitude and timing of pedestrian activity between locations with sustenance 
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venues (e.g., bars, restaurants, cafes, and pubs) and major retail zones. Despite an increase in pedestrian 

activity, sensors near Bourke Street Mall, Melbourne’s retail thoroughfare, exhibited a more delayed 

reaction in pedestrian activity relative to the cluster of sensors near food and drink-oriented sensors in 

Chinatown and Lygon Street. This relatively subdued reaction could reflect multiple things, including 

the boosted shift toward more online shopping and possibly the public’s avoidance of locations which 

are more confined, crowded, and close human contact areas, which are associated with retail zones 

(Hino and Asami, 2021).         

 

Third Aim: Investigate the relationship between public transport usage and its contextual factors during 

the COVID-19 pandemic by integrating socioeconomic and physical environment data. 

The third aim focuses on the third key challenge addressed in this thesis, contextualisation, and builds 

on the descriptive analysis of the second aim. Whilst the analysis and insights of the second aim were 

important and could be used to help generate hypotheses, these hypotheses could not be tested or 

measured using unsupervised clustering and digital trace data alone. Therefore, for this third aim, I 

integrate additional data and employ a multi-level modelling approach to contextualise the changes in 

movement behaviours, specifically train ridership in Chicago between February and December 2021. 

This aim is addressed in Chapter Five, and like the past two research aims, the summary findings are 

expressed in line with the associated research questions outlined in Section 1.3.    

COVID-19 resulted in a severe decline in public transport use and posed significant risks to health. 

Initially, media reports thought that the risk was the same for everyone, regardless of employment, 

income, race, or ethnicity. However, the findings in Chapter Five proved that this was untrue and that 

the decline in public transport ridership and the subsequent risk to health was not homogenous over 

both space and time. From initial analysis, based on public transport data alone, this study was able to 

find that there was a broadly defined north–south divide in Chicago, where stations in the south typically 

experienced less of an initial decline in ridership and a slower rate of increase over time. The north–

south divide in Chicago is known in the literature, and studies such as Swyngedouw (2013) explain that 

this divide consists of mostly poor, black neighbourhoods in the south and affluent, white 

neighbourhoods in the north. Whilst these initial findings suggested that changes in ridership were both 

spatially and socially dependent, with public transit data alone, these relationships could only be 

assumed. Therefore, this study introduces contextual covariates, including social, demographic, health, 

and land-use data to measure and quantify these relationships.  

The most substantive finding of this research aim was that race and ethnicity, land-use, and indicators 

of urban inequalities (i.e., access to private vehicles and ability to work from home) had a significant 

relationship with public transit ridership in Chicago during the pandemic, in February 2021. At the 

beginning of the study period, in February 2021, the average decline in ridership across all stations in 
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Chicago was -75.5%. However, stations in predominately Black and Hispanic neighbourhoods in the 

south and southwest respectively, as well as stations with a higher proportion of industrial and open 

(green) space land-use, experienced a significantly smaller decline in ridership. In contrast, stations 

with a higher proportion of unemployment, higher proportion of those having had their first COVID-

19 vaccination, and the proportion of those with access to desktop and laptops, experienced a 

significantly higher decline in ridership. Therefore, in February 2021, during the pandemic, higher 

ridership for stations in Black and Hispanic communities and at industrial areas, and lower ridership at 

stations with higher unemployment rates and better access to working-from-home facilities indicates 

that many of these trips during the pandemic were essential, driven by necessity (i.e., travel to work).      

Another substantive finding of this research builds on the first and looks at the contextual variables that 

had a significant relationship with temporal changes in ridership over the study period, from February 

until December 2021. During this study period, Chicago emerged from the pandemic and included 

notable events such as the full re-opening of the city and the rollout of the COVID-19 vaccination. 

During this period, ridership increased on average by 2.27% per month. However, like the findings of 

the previous paragraph, these changes in ridership were not homogenous. Stations with a higher 

proportion of institutional land-use experienced a significantly higher than average increase in ridership 

over time, emerging from the pandemic. This is somewhat expected as schools and universities 

reopened. What was also expected during the pandemic was that ridership levels would increase or 

return to normal following the vaccination rollout (Osorio et al. 2022). However, this study finds that 

there was no significant relationship between the proportion of those having had the vaccination and 

increase in ridership during the study period. As well as positive relationships, this study finds two 

contextual variables had a significant negative relationship with train ridership over the study period: 

the proportion of people with access to two private vehicles, and the proportion of people working from 

home. These negative relationships reflect the decrease in use of public transit due to changing working 

behaviours (i.e., an increase in hybrid working and working from home), and more concerningly to 

planners and decision-makers, due to the more permanent modal shift towards private modes of 

transport.  

 

6.2 Main contributions and implications 

Through addressing these three research aims, identified in the previous section, this thesis has made 

substantive contributions in advancing methods and knowledge of movement patterns in urban areas 

using digital trace data. The first contribution, methods, relates to how my thesis adapted vector fields 

to overcome key challenges of visualising increasingly large and granular movement data. The second 

contribution, knowledge, relates mostly to my fourth and fifth chapters and the contributions made to 

enhance our understanding of how movement patterns, particularly for pedestrians and public transport, 
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changed in urban areas during the COVID-19 pandemic. This section is divided into two main sections 

to reflect these two main contributions.  

 

Contributions to movement visualisation techniques  

One of the key contributions of my thesis was tackling some of the key challenges faced by traditional, 

and more importantly, more recent movement visualisation techniques by using and adapting two types 

of vector fields. Whilst recent efforts to tackle some of the key challenges such as visual clutter have 

been relatively successful, many techniques have fallen short in various other ways (these research gaps 

are discussed in more detail in Section 2.1). For example, techniques such as edge bundling can increase 

salience bias (Graser et al. 2019), novel and abstract methods such as OD maps and Flowstrates can be 

difficult to interpret as more flows are mapped (Boyandin, 2011; Wood et al. 2011), and methods such 

as radial diagrams presented in Andrienko et al., (2016) can lose spatial information by oversimplifying 

the direction and volume of movement patterns by aggregating them into discrete classes. My approach 

tackles all the limitations mentioned. I have reduced salience bias by adapting the attributes of the 

vectors such as the colour and transparency in the first type and scaling the arrow lengths based on 

volume of flow in the second type. I have created a visualisation technique that is intuitive and easy to 

understand, according to the user group. Lastly, I have retained the spatial information of individual 

flows, specifically the direction and distance of each flow, by not bundling flow pathways, aggregating 

grid cells, or classifying distances or directions.   

As well as addressing common challenges that movement visualisation techniques face, another 

contribution my thesis has made is to the evaluation of vector fields for visualising the movement of 

human or human activity related data. Vector fields is a technique that has often been used to depict the 

intensity and direction of the movement of weather, liquids and gasses, and forces (e.g., magnetic field) 

(Wang et al. 2017 (a)). However, few studies have used vector fields to depict the movement of humans 

or human activity such as telecommunications activity, and even fewer have conducted evaluation 

studies on the use of vector fields for this purpose. To the best of my knowledge, from the studies 

identified in Section 2.1, only Wang et al., (2017 (a)) has conducted an evaluation study. However, their 

approach differs from mine as they present vector fields as streamlines (i.e., continuous and unbroken 

lines) and only use two experts to evaluate their visualisation technique. In my thesis, I present vector 

fields as discrete arrows and evaluate the visualisation technique using 16 users. Whilst my thesis is not 

the first to represent the movement of humans or human activity using discrete arrows, it is the first, to 

the best of my knowledge, to evaluate the performance of this type of vector fields for human or human 

activity movement data, using a user group over the recommended threshold of five users (Nielsen, 

1994; Banissi et al. 2014).  
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In summary, my thesis has shown that vector fields can be an intuitive and effective visualisation 

technique to illustrate and understand movement patterns from OD datasets. Due to the general growth 

in size and complexity of movement datasets, recent studies such as Long et al. (2018) and Graser and 

Dragaschnig (2020) have stressed that better visualising and communicating movement patterns is 

important and could have implications for a wide spectrum of domains and applications that rely on 

spatial interaction and mobility data, including human migration analysis, transport management, and 

disaster response (Guo and Zhu, 2014; Alexander et al. 2015; Gao et al. 2018; Harbola and Coors, 2018; 

Mazzoli et al. 2019).  

 

Contributions to the analysis and contextualisation of changing movement patterns in urban areas 

during the COVID-19 pandemic 

As well as contributions to the visualisation of movement patterns, other notable contributions of my 

thesis were to the analysis and contextualisation of changing movement patterns in urban areas, 

specifically during the COVID-19 pandemic. These contributions come from the last two empirical 

chapters, Chapters Four and Five, and specifically focus on how sudden shocks to the systems (i.e., 

COVID-19) changed pedestrian and public transit behaviours, respectively. In this section, I expand on 

some of the key contributions of these chapters and their importance.  

One of the key contributions of this thesis is the analysis and understanding of how collective pedestrian 

behaviours in an urban area changed in response to sudden shocks during the early stages of the COVID-

19 pandemic. My thesis investigated how pedestrian behaviours changed between the first two post-

lockdown periods across Melbourne’s CBD. The analysis found that changes in activity at individual 

sensor locations varied within city areas, largely by land-use, and could instead be grouped into three 

distinct profiles identified with a clustering algorithm. This contribution is important because prior to 

the pandemic, largely driven by the lack of data, studies specifically on collective pedestrian behaviours 

were scarce (Jiang et al. 2021). During the pandemic, the scarcity of literature on pedestrian-oriented 

studies was particularly evident (Greenslade, 2021) and the lack of data had notable consequences on 

studies such as Bucsky (2020), where pedestrian activity could only be estimated. In my thesis, I 

contributed to this research gap by utilising directly measured pedestrian activity and contributing to 

the limited body of research on collective pedestrian behaviour, particularly during the COVID-19 

pandemic.  

Contributions to the understanding of changing pedestrian behaviours during the pandemic is relevant, 

valuable, and could have wider implications and applications. Prior to the pandemic, due to processes 

such as urbanisation and rapid population growth in cities, local and national politicians were already 

looking to try and create better environments to facilitate and encourage walking activity in cities (Wang 

et al. 2017 (b); Badawi, 2018; Budd and Ison, 2020). Since the COVID-19 pandemic, the need to 
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encourage walking activity has become increasingly pressing, particularly as changing behaviours such 

as online shopping and home working have exacerbated high-street decline (Rinaldi et al. 2024). 

However, for cities to be able to encourage walking activity and plan better infrastructure, it is critical 

that they first learn and understand the current trends (Wang et al. 2017 (b)). But with a lack of data 

explicitly on collective pedestrian behaviour and with little information from historical pandemics 

(Arora and Grey, 2020, Zuo et al. 2020), this would have been difficult. In my thesis, I utilise directly 

measured data on pedestrian activity to provide insights on trends during the early stages of the 

pandemic in Melbourne, grouping sensors based on similarities in their responses rather than by pre-

defined city areas. Such insights could have helped decision-makers understand how behaviours 

changed within these areas, and rather than a one-size-fits-all approach for each city area, develop more 

targeted and context-specific strategies.  

As well as contributions during the early stages of the pandemic, another key contribution of my thesis 

is to the knowledge and evidence on changing movement patterns, specifically for train ridership, 

emerging from the COVID-19 pandemic. Public transit ridership significantly decreased during the 

pandemic and as addressed in Owen et al. (2023) (Chapter Five), some knowledge existed on the 

influencing factors on this decline on Chicago’s L-train network, but this was limited to the early stages 

of the pandemic (Hu and Chen, 2021; Osorio et al. 2022). Little was known about how ridership would 

respond moving out of the pandemic and beyond, particularly after the rollout of the COVID-19 

vaccination scheme and as Chicago fully reopened. In my thesis, I directly contributed to this knowledge 

and find that on average, whilst levels were still far below pre-pandemic levels, ridership increased on 

average across Chicago’s L-train network for every month between February and December 2021. 

However, more importantly, I find that this increase was not uniform across all stations, and vaccination 

rates had no significant impact on the recovery of public transport ridership and areas with higher rates 

of home working and access to private vehicles had a significant negative relationship on changes in 

ridership over time.   

My contributions to the understanding of how train ridership changed in Chicago holds significant value 

in many ways. Firstly, my thesis supported the evidence that racial and ethnic minorities relied on public 

transport more during the early stages of the pandemic. This finding was important as it provided 

evidence and helped explain why racial and ethnic minorities had a higher risk of infection and mortality 

during the pandemic, specifically in Chicago (Kim et al. 2020; Sy et al. 2021). Strengthening the 

evidence-base on health disparities is important because these disparities had real-world implications; 

in Chicago, Black people make up 30% of the population but represented 70% of COVID-19 deaths 

(Kim et al. 2020). Secondly, my thesis provided evidence on how ridership responded emerging from 

the pandemic, which due to limited appropriate historical comparisons and unprecedented nature of the 

pandemic, was largely unknown (Batty, 2020). I find that emerging from the pandemic, home working 

and access to private vehicles had a negative association with ridership. In the short-term, such findings 
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were valuable as it helped better understand the factors on ridership loss and changing demand, which 

is critical for transit agencies to make targeted approaches to allocating resources and planning services 

(Osorio et al. 2022; Cabrera-Arnau et al. 2023). In the longer-term, such findings are valuable because 

it provides evidence on what some authors feared, a more permanent shift away from shared modes of 

transport, which could have longer lasting impacts on congestion, air quality, and the health of city 

inhabitants (Batty, 2020; Beck and Hensher, 2020).        

 

6.3 Limitations 

This section discusses some of the key limitations of the thesis and each respective chapter, including 

challenges with bias, representativeness, and veracity of digital trace data, and the subsequent issues 

relating to reproducibility, scalability, and validation. Recognising the limitations with both this thesis 

and the implementation of new forms of data is important for urban policy and planning because 

improper use can result in the worsening, rather than improvement of urban governance (Mayer, 2008; 

Kitchin et al. 2015). 

One key challenge of this thesis is one often associated with new forms of data such as digital trace 

data: bias. Bias is often associated with new forms of data as the placement of sensors in cities are not 

random (Kitchin et al. 2016, 2017) and data is often collected for a purpose, and so is not raw, objective, 

or neutral. One of the main types of bias is selection bias, which is where the data collected is not 

reflective of real-world data distribution and is not representative of all populations. When using new 

forms of data, such as those used in this thesis, it is important to consider who is, and more importantly, 

who isn’t represented, as this can create an inaccurate or an incomplete representation of what is truly 

happening (Robinson and Franklin, 2021). For example, in Chapter Three, the telecommunications data 

only captures activity from Telecom Italia customers, excluding all non-customers. In Chapter Four, 

only the movement of pedestrians within Melbourne’s city centre, on pre-selected streets, are captured. 

Lastly, in Chapter Five, the sensors only capture the movement of rail users in Chicago. Consequently, 

insights and any decision-making made based on such findings could ultimately result in some groups 

being unintentionally favoured more than others.  

Therefore, to improve insights made from digital trace data, cities must strive to improve the 

representativeness of the data. However, currently, researchers can only work with the data that is 

available and are restricted to making assumptions on less-represented populations. For example, in 

Chapter Four, sensors are mostly only available in Melbourne’s city centre and concentrated in the 

central business district, therefore, assumptions on changes in activity at land-uses on the outskirts such 

as residential areas and open green spaces, can only be made based on limited observations.  
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Despite increasing accessibility to digital trace data, another key limitation of this thesis is that the 

reproducibility and validity of some of the empirical chapters is difficult because a lot of data is still 

monetised, controlled and owned by Big Tech companies such as Google, Apple, and Meta (Birch et al. 

2021) and access to open data can be revoked. A recent example of this is the ‘APIcalypse’ (Bruns, 

2019) where access to social media data for academics from companies such as Twitter and Facebook, 

and more recently Reddit, was severely restricted. In this thesis, this limitation is particularly relevant 

to Chapter Three where the data used is only made available as a part of Telecom Italia’s Big Data 

Challenge. Reproducing this study in a different city would require access to other OD movement 

datasets with a similar extent which would be difficult to access as this personal information is seen as 

highly valued assets by private companies (Ratti et al. 2006; Kitchin and McArdle, 2017).  

Similarly, the reproducibility and validity of the work in this thesis is also challenged by a somewhat 

lack of standardised data formats between different cities and countries (Paskaleva et al. 2017). For 

example, in Chapter Four, reproducing work on pedestrian activity with the same temporal and spatial 

extent would be difficult as data on pedestrian activity is often overlooked and the data is often 

aggregated with cycling data (Lee and Sener, 2020). The lack of standardisation of data formats is not 

new and can also apply to low-frequency data as well as high-frequency data. For example, reproducing 

research such as that in Chapter Five would not be possible in some countries because not all countries 

collect, or make available, data on the same variables. For example, in Stockholm, information on car 

ownership rates was not available in Almlöf et al., (2021), and in countries such as France, data on 

ethnicity is not collected which has been a subject of major criticism and challenge to reproducibility 

(Simon, 2015). Therefore, the ability to perform comparative studies is largely influenced by the data 

collection procedures and accessibility policies of both businesses and nations.    

     

6.4 Future Work  

The findings of this thesis have contributed to the visualisation, analysis, and contextualisation of digital 

trace data in the context of urban mobility. Following this thesis, further research is needed as cities will 

continue to evolve, and the number of sensors deployed and datasets available will continue to increase. 

In this section, I have identified two main avenues where I think more work is needed following on 

from this thesis: methodologically and contextually.      

Firstly, my thesis has made contributions to methodological advancements, particularly to the 

visualisation of spatial patterns from large OD movement data. Beyond this thesis, more needs to be 

done to further develop movement visualisation techniques, not only to retain the spatial granularity of 

digital trace data, but also the temporal granularity. Temporality is a crucial aspect of movement, 

however, visualisation techniques often lack the support for temporal dimensions (Graser and 
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Dragaschnig, 2020) and subsequently, examinations of cities often focus on space and spatiality 

(Kitchin, 2019). Therefore, in the future, more work and focus is needed on how visualisation 

techniques can illustrate both the high spatial and temporal granularity presented by digital trace data.  

Beyond this thesis, another methodological dimension that I think needs more attention is the 

integration of qualitative research methods to help contextualise insights from digital trace data. Since 

the rise of digital trace data, a large focus has been on quantitative methods and data-driven approaches. 

Whilst these present great opportunities and as exemplified in my thesis, can uncover important insights 

on human mobility patterns, many of the insights from the data are based on assumptions. For example, 

as explained by Kwan (2016), if people are recorded and located at certain land-uses such as retail areas 

using digital trace data, we can only assume the activities that they are likely doing (i.e., shopping) but 

cannot verify them. Therefore, to help better contextualise insights, and to better verify the behaviours 

of people from digital trace data, future work should focus on integrating both quantitative and 

qualitative methods, as well as integrating both high- and low-frequency data (Kandt and Batty, 2021).  

As well as focusing on possible future work in the context of methodologies, there is also a need to 

extend the work of this thesis, contextually. In my thesis, two of the three chapters explore changes in 

human mobility patterns both during the early stages and during the emergence from the COVID-19 

pandemic. Both chapters uncovered important changes in active travel and public transport use, 

respectively. However, beyond this thesis and beyond the COVID-19 pandemic, behaviours have 

already and will continue to change. A clear avenue for future research is to extend this thesis and utilise 

digital trace data to explore how mobility patterns in cities have changed post-pandemic both in the 

short- and long-term. Beyond the pandemic, mobility patterns have and will change due to various 

reasons, from the post-pandemic push to get workers back into the office to the impact of conflicts and 

natural disasters on the displacement of people. In the future, regardless of why mobility patterns 

change, it is important that future work continue to leverage digital trace data to better understand these 

shifting patterns, and subsequently enable future researchers and decision makers to better promote 

more healthy, sustainable, and resilient cities. 
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Appendix 

 

 

 

Figure A3.1: Distribution of the flow strength values of the 10,000 primary flows along with additional summary statistics.  

 

Figure A3.2: A conventional flow map of 100,000 uniformly distributed OD vectors (left) and the same 100,000 vectors 

illustrated as an OD map (right). Figure extracted from Wood et al. (2010) to help show how conventional flow maps and 

overlapping vectors not only cause visual clutter but can misleadingly represent the density of flow. (Figure taken from Figure 

2 in Wood et al. 2010). 
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Figure A3.3: Semi-opaque OD vectors (left) and edge bundled OD vectors (right). This figure is extracted from Wood et al. 

(2011) and is an example of how adjacent edges are displaced and bundled to represent a smaller number of smoothed 

pathways. (Both figures are taken from Wood et al., (2011), but the original source of the figure on the right is Holten and 

Wijk, (2009)).      

Table A3.1: All responses from the 12 respondents who answered the optional sixth question. The sixth question was, “Please 

give a brief explanation for your selection in Question 5”. The figure numbers have been changed to match those in this study.    

Participant Answer 

1 I'm a little confused on how the underlying data is aggregated into the flow arrows in figures 3.3b and 

3.4, so am not entirely sure how well the figures capture the underlying information. 

2 I think figure 3.3b gives the best visual for this movement and is the easiest to discern the pattern 

from first look 

3 Figure 3.2 is near impossible to interpret. Figure 3.4 reduces the amount of unnecessary information, 

allowing for key insights to be determined. 

4 Emphasising the distance of a flow is simply mapping out which flows are happening. But some of 

these flows could be of long distance, but low volume, and hence of little interest, unless looking at a 

topic, such as Carbon emissions, where longer flows by a few people might produce more carbon than 

lots of short flows. But in general what the reader (and analyst) wants to know is which flows are 

'important', where 'important' typically means 'the flows that are happening the most' - i.e. volume of 

flows. Fig 3.4 clearly shows that most flows are short distance flows within the centre of the town. 

Neither of the other visualisations makes this clear. 

5 Figure 3.3b makes it easier to visualize the inner flow from the outside of Milan into the city. 

6 Both figures 3.3b and 3.4 are more useful than figure 3.2. However, figure 3.3b appears to smudge the 

underlying map, and figure 3.4 is confusing in the city centre. 

7 Think the visualise are much clearer, location of the data is much more clear as map is visible 

8 Figure 3.3b is the most intuitive to interpret, and the most visually interesting too. Figure 3.4 appears 

the be mapping the same variable twice (volume of flows for length and colour). On colours, the 

yellow of the flow strength is a little muddled given the basemap you are using, perhaps use an 

entirely black and white basemap and make sure the yellow stands out more (maybe orange to brown 

instead of yellow to red). 

9 Both figures are a significant upgrade over figure 3.2. However there appears some information is lost, 

i.e. volume of flows not clear in figure 3.3b, and distance between flows not clear in figure 3.4. Taken 

together, these present a complete picture of OD flows 

10 In Figure 3.3b l can instantly understand what is going on with the length of the arrows and the colour, 

and seems intuitive that the arrow length represents the distance between origin and destination. For 

Figure 3.4, it took me longer to understand what was going on, also the volume of flow is being 

visualised by the arrow length and colour, maybe remove the colour element as it creates confusion as 

you would expect it to measure something different. I prefer Figure 3.3b but I think both figures could 

be used together as Figure 3.4 has less clutter. I found it hard to see the yellow arrows, so maybe 

changing the colour scheme or the basemap would be a good idea. 

11 From what I understand figure 3.4 doesn't contain distance information? Whereas figure 3.3b conveys 

both flow volume and distance and therefore gives a better idea of the flows. I also think it's much 

easier to interpret flow direction in figure 3.3b than the other options. Both I would say are are an 

improvement on 3.2 however. 

12 Though figure 3.4 provides a clearer observation of the volume of flows with both the arrow length 

and colour based on flow volume, and feels less cluttered, figure two provides more information in 

one figure. They do complement each other, but I believe figure 3.3b tells the story for both maps 

without the need for both maps to be present. 
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Figure A5.1: Distribution of racial and ethnic minorities along CTA L stations and lines. 
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Figure A5.2: Percentage below poverty line along CTA L stations and lines (American Community Survey (d)). 

 

Figure A5.3: Example of 800 m, L station service area buffer and aggregated land-use types. 

 


