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Abstract

Cities are where the majority of the population live, the drivers of economic pro-
ductivity and the places where actions to address global challenges are taken. Increas-
ing urbanisation, changes in transportation, technological advancements, as well as the
evolving behaviour of residents have brought about changes in urban form and function
and therefore new challenges for researchers, administrators and planners. Alongside
these developments, new sources of data are becoming increasingly available to track
human interactions. Successfully using them can enable researchers to capture a more
comprehensive picture of urban reality and provide insights into both old and new
urban challenges.

This thesis combines new methodologies and new forms of data to analyse func-
tional land usage within cities, morphological and functional integration, as well as the
spatial distribution of people across different scales. The thesis consists of six chap-
ters, the core of which are three independent pieces of research, each dealing with a
specific aim. The other chapters are introduction, literature review and conclusion. A
core aim of the research chapters is to combine data and methodologies in novel ways,
in order to delineate areas of interest consistent with the phenomena under analysis.
The specific focus on delineations is driven by: first, the fact that delineating the areas
of analysis and the core units within them are one of the first steps researchers take in
studying numerous phenomena; second, changes to the units can have effects on all
subsequent analysis.

The first research chapter, delineates areas of similar activity using sound sensors,
in order to define usage profiles within a city. The results show that non-acoustic,
sound sensor data captures different patterns of human activity at high-temporal and
spatial scales. In the second research chapter, tax and residence data are used to de-
lineate economically integrated areas across (non-predefined) scales and examine the
spatial distribution of jobs within them. There are three scales of activity emergent
in the results - metropolitan-like, state-like and super-state-like - and decentralisation
patterns are present in the first level. The final research chapter uses machine-derived
building footprints to operationalise a minimalist definition of urban areas - areas of
high building density surrounded by areas of low density. The resulting urban delin-
eations differ locally in density, size and the types of urban features they contain, but
are on average most similar to functional urban areas.

When combined, the results from all three chapters show the importance of param-
eter choices in analysis, a relationship between urban form and function and highlight
the advantages and pitfalls of using new forms of data and data science methods for

quantitative delineations. Specifically, the results from the three chapters show that



aspects of urban function are still reflected in urban form. They also show limited ev-
idence in support of the integration of cities in the United States into interconnected
large-scale clusters - megaregions and show more evidence, in line with the literature,
of the decentralisation patterns within large urban areas. Furthermore, the results show
the advantages and pitfalls of using novel data science methods and new forms of data
- the importance of tailoring algorithms to specific geographic purposes, testing and re-
producibility, as well as the viability and advantages of hierarchical based approaches

to delineations.
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Introduction

1.1 Background

Cities are increasingly seen as one of the most important structures through which to
address the numerous social and environmental challenges facing people. One of the
core reasons for this growing in uence is that most of the human population currently
lives in cities and there is an expectation that an even greater proportion will live in
an urban area of one type or another (Batty, 2018, chapter 2). Cities are also the
main drivers of economic activity in both developed and developing countries (Zhang,
2016) and challenges and solutions to transportation, water and waste infrastructure,
as well as inequality, economics and other problems at the local and national level
are focused on cities (Lobo et al., 2020). Furthermore, numerous proposals and and
policies needed in order to respond to global problems such as climate change and
sustainable development, are being articulated in terms of local urban actions (UN,
2020).

Bounded territorial units are crucial in carrying out the research, planning and im-
plementation of solutions to all these challenges (Nelson, 2020). Bounded territorial
units delineate the space over which phenomena of interest occur, and thus affect data
gathering, analysis and theories (Wolf et al., 2020; Parr, 2007; Arcaute et al., 2015).
This importance and wide-spread use of delineations has led to debates about their
advantages, usefulness and limitations.

The impossibility of providing a single 'correct’ boundary that encapsulates the full
array of complex features which de ne human interactions, has long been recognised
by geographers (Hartshorne, 1939). Therefore, there exist numerous proposals about
the appropriate aggregation and delineation procedures depending on the speci ¢ phe-
nomena analysed (Duranton, 2021). Some geographers even suggest that there is a
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decreasing practical and interpretive value of bounded territorial units in light of the
changes brought about from globalisation and new forms of societal organisation (Har-
rison, 2013). The arguments center on how more emphasis should instead be placed on
the mobility patterns of ideas, capital, workers and commodities, analysed as a whole
without the need of de ning explicit boundaries and units within them.

Nevertheless, spatial proximity plays a role in organising both formal and emergent
social, political, and cultural systems (Petiet al., 2020; Nelson, 2020; Wolf et al.,
2020) and de ning the extent of the basic units and the area under analysis is the rst
step in quantitatively analysing spatial phenomena (de Bellefon et al., 2019; Nelson,
2020). Bounded units are also required for numerous practical purposes - de ning
administrative regions, voting districts as well as implementing policies (Coombes,
2014).

The present thesis focuses on this problem - the delineation of boundaries and cre-
ation of typologies for the analysis of urban phenomena, across scales ranging from the
neighbourhood to the national level. Spatial scale is a multifaceted, core geographical
concept. As it is used in this theses it refers to the size or extent of a process, phe-
nomenon or investigation (Atkinson and Tate, 2000) and different urban scales such
as urban centres, cities, larger urban areas, regions and megaregions are emphasised,
whereas global or personal scales are discussed less. Similarly to changes in delin-
eations, changes affecting scale can have large effects on analysis and resaks (M
and Kupper, 2020).

To address these issues, researchers have developed numerous ways to de ne bound-
aries at different scales. A popular approach is to combine multiple smaller-scale fun-
damental units, in order to delineate boundaries for a larger-scale phenomenon. For
example, small-scale census administrative areas can be used used in order to de ne
the extent of urban areas (Khiali-Miab et al., 2019). Uniform cells or hexagons de-
rived from gridding the territory under analysis, is another type of unit that can be used
for the same purpose. These fundamental units can be combined in numerous ways -
based on functional relationships such as ows of goods or people (Nelson and Rae,
2016); spatial contiguity (Rozenfeld et al., 2008), various characteristics of the units -
population density, built density (Florczyk et al., 2019); or combinations of multiple
approaches.

With the rising availability of new forms of data researchers are able to use other
units and interactions such as tweets (Wei et al., 2020), mobile phone data (Secchi
et al., 2015), location-based social networks (Cala ore et al., 2021). In addition to
capturing new processes, these new forms of data can enable quantitative analysis
at higher temporal and spatial resolutions. However, they come with a set of disad-
vantages related to data gathering, validity, generalisability and bias (Arribas-Bel and
Tranos, 2018),. Additionally, processing and analysing the data requires the adoption
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of new methods and considerations about computing power. This thesis makes use of
new forms of data and attempts to address these challenges through the integration of
geography and data science (Singleton and Arribas-Bel, 2021).

The main focus of the thesis is to delineate areas at various scales, in order to anal-
yse three different urban phenomena - urban land use, large-scale functional integration
and the spatial extent and organisation of cities. A secondary aim, which is achieved
through the combination of results, is the analysis of the relationship between urban
form and function and the internal spatial form of the delineated areas. To achieve this
the analytical chapters of the thesis combine both traditional and new forms of data
with machine learning methods, and attempt to modify the machine learning methods
in accordance with the speci ¢ requirements of the phenomena analysed. The data
sources used are captured decibel patterns from sound sensors, satelite-derived build-
ing footprints and geo-referenced work and home address tax records. The method-
ologies used differ across the chapters, however in general, they are all a form of un-
supervised machine learning or clustering - the attempt to group data in a meaningful
way.

The rst analysed phenomenon is urban land use and aims to characterize the pre-
dominant usage of areas within cities into pro les. Examples of such pro les are
industrial, residential or business. Identi cation of the different types of land use,
changes across time, as well as comparisons across cities play an important role in un-
derstanding urban dynamics (Batty, 2018, chapter 6). Furthermore, delineating areas
within cities with similar usage types is important for the analysis of the effects of zon-
ing regulations, planning efforts (Toole et al., 2012) as well as other urban processes
like sprawl (Zanganeh Shahraki et al., 2011). Land use pattern information also has
numerous commercial applications - for example, it can be used for balancing usage
on mobile phone networks (Cici et al., 2015).

The second phenomena is large scale-economic integration of urban areas into
megaregions. A megaregion is a large-scale conceptual unit which represent a cluster
of urban centres, integrated morphologically, culturally and economically (Glocker,
2018). A popular example of a megaregion in the United States is the 'Northeast-
ern Megalopolis', which ranges from Boston in the North to Washington D.C. in the
South and spans numerous of cial administrative boundaries, hundreds of kilometres
of built environment and has tens of millions of residents. The importance of de ning
and delineating megaregional boundaries stems from proposals to focus economic, in-
frastructure and sustainability planning at the megaregional scale in order to increase
economic competitiveness in global markets and to better tackle urban sustainability
problems (Ross et al., 2016; Nelson, 2017; Lang et al., 2020; Amekudzi et al., 2012).

The third area of focus is the delineation of urban boundaries. The spatial extent
of cities affect subsequent analysis results such as the calculation of unemployment,
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population, economic performance and density statistics (Parr, 2007). Consistent and
globally applicable city delineations and de nitions capture the spatial extent of urban
phenomena more accurately and enable the creation of general urban theories, better
comparisons between cities and more accurate cost bene t analysis of policy outcomes
(Lobo et al., 2020; Roberts et al., 2017). To address this problem researchers have
developed numerous methods that de ne the spatial extent of cities based on economic
interactions, morphological features or population densities (Duranton, 2021).

A secondary focus is the spatial form of the delineated areas and the patterns be-
tween form and function. Due to technological and economic developments, there have
been patterns of employment decentralisation in North America and Europe (Dadash-
poor and Malekzadeh, 2021). The exact form, consequences and whether this phe-
nomena should be encouraged is an active area of research. The dif culty in consoli-
dating results across studies comes in part, due to the fact that de nition, delineation
and scale choices have large effects on the analysis of urban foock(&d Kipper,

2020; Barrington-Leigh and Millard-Ball, 2015). Lastly, the relationship between ur-
ban form - how cities are arranged spatially - and function - the human activity within
them - is analysed. Traditionally urban form has followed function, however the rela-
tionship is also evolving due to advances in transport and communication technology
(Batty, 2018, chapter 4).

1.2 Aims

The overall aim of the thesis is to delineate boundaries and create typologies in order
to analyse urban phenomena. This is broken down into three more speci ¢ main aims,
each dealing with one or more of the introduced urban processes - land use patterns,
large-scale functional integration and the spatial extent of cities. Each aim encom-
passes an individual paper, presented as a chapter in the thesis. The three aims are:

» To identify areas with different urban land use patterns at a high spatial and
temporal resolution using sound sensor readings.

 To identify potential megaregions, as well as to explore the distribution of people
within them.

» To delineate urban areas morphologically and to explore the spatial structure of
density variations within the resulting boundaries.

The rs aim complements recent developments in the land use analysis literature.
The use of new forms of data such as mobile phone records or tweets has allowed
researchers to explore land use patterns at high temporal and spatial resolutions (Cici
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et al., 2015; Cala ore et al., 2021). However, such data is not readily publicly avail-
able since it is owned by private companies. Furthermore, some types of these new
data such as footfall counters can only capture information about speci ¢ groups, due
to technological challenges (Lugomer and Longley, 2018). In contrast sound sensor
data from smart city projects, such as the Newcastle Urban Observatory, are publicly
available and capture all activity within their radius.

In tackling the rst aim, this thesis explores the viability of detecting urban land
use from publicly available secondary datasets - sound sensors. Provided sound sen-
sors capture activity information about the areas they are place in, they represent an
additional source of data which could be used to infer land use patterns in place of
and in addition to other new forms of data. A secondary outcome, is a comparison
of methodologies that measure differences between pairs of sound sensor patterns. A
new approach - topological data analysis - is tested against other methodologies used
in the land use literature which focus on mobile phone and Twitter data. By carrying
out this comparison, the thesis gives insights into potential usage of new methods for
the analysis of new forms of data, and identi es areas of improvement for these new
methods.

The second aim is achieved by analysing the emergence of large-scale, integrated
structures in a tax records dataset in the United States. Previous work by Nelson and
Rae (2016) used clustering (or community detection) techniques and commuter data to
de ne megaregions and the approach taken in this thesis builds on that research. First,
it uses a complementary dataset to de ne and verify emergent functional structures at
several emergent scales. Functional here refers to the fact that the results are based on
actual economic interactions directly captured by the data, rather than on morphologi-
cal or built-environment information used as a proxy. Both the extent and scale of the
results are inferred from patterns in the data and are not de ned beforehand. Second,
further analysis of the results is carried out following the exploratory spatial data anal-
ysis (ESDA) approach adopted by Arribas-Bel and Sanz-Gracia (2014). This is done
in order to analyse the spatial structure of the resulting areas. The results delineate
the spatial boundaries of potential emergent functional megaregions, and which cities
and census tracts fall within the megaregional extent. This is an important problem
since being part of a megaregion can result in signi cant bene ts, provided megare-
gional planning agendas and policies are implemented, ie. Nelson (2017); Nelson and
Rae (2016); Amekudzi et al. (2012). Furthermore, the multi-scale approach allows
for the analysis of the spatial structure of employment patterns in the US - whether
employment can be characterised as monocentric, polycentric or scattered and at what
level.

The third aim is achieved by leveraging satellite-derived building footprints and
machine learning to de ne urban areas. While numerous approaches have looked at
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de ning urban areas based on buildings (e.g. Arribas-Bel et al. (2021a); de Bellefon
et al. (2019)) the approaches either rely on aggregating spatial units into grid cells
or specifying explicit global density thresholds. Different choices of grid sizes and
parameters affect both spatial extent and the resulting scale of the boundadids (M
and Kipper, 2020; Statham et al., 2020, 2021; Balk et al., 2018). These issues are
circumvented by using individual buildings and a machine learning approach tailored
to the data. This leads to more stable urban de nitions for the analysis and gathering
of economic and policy data. The approach and data can also be applied to multiple
countries, since building footprints themselves are a universal unit. Lastly, the analysis
results in a nested hierarchy of potential delineations at numerous scales. The hierarchy
can be used to analyse the potential integration of the nal results into megaregions and
the spatial form of the delineations at lower scales.

Through the speci ¢ approaches taken to address the three main aims, the thesis
implicitly also shows the value of adopting new forms of data and methods to solve
urban challenges. The three analytical chapters address the problems of delineation
through the use of clustering methods derived from data science, as well as new sources
of data. Chapter three uses new forms of data, as well as new methods and emphasizes
the importance of good validation and comparison between methods. Chapter four is
an example of how traditional datasets can be analysed with methods directly created
for new forms of data. Chapter ve one uses both 'new' datasets and 'new' methods.
All three chapters aim to be examples of Geographic Data Science (Singleton and
Arribas-Bel, 2021) - the explicit integration of quantitative geographical analysis with
data science.

A similarity between the chapters is in the speci ¢ analysis approach taken to ad-
dress the aims. All delineation methods used have no explicit scale requirements set -
boundaries and scales are emergent from the data and the analysis. Furthermore, there
are no spatial models or a prede ned number of expected nal delineations. Specify-
ing apriori, any of these of these parameters affects the results and poor choices can
lead to de ning or de ning away the phenomena under analysis¢iMand Kipper,

2020). Chapter three is limited to a inner-city scale only due to data availability, while
the other two chapters explore scales ranging from the local to the national. By suc-
cessfully applying these methods the papers show the viability of using unsupervised
machine learning methods, which infer emergent structure in the data from local vari-
ations.

Another commonality between the chapters is that they produce not only nal
boundaries, but a hierarchy which shows how core units relate to each other. This
enables the exploration of phenomena at different scales and also provides a detailed
history of the creation of these nal results and their structure. This feature of hierar-
chical methods is used in all chapters. Due to data limitations, chapter three only shows
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how the same hierarchical multi-scale approach can be used with different data types
such as sound sensors readings throughout time. The hierarchies are used extensively
in the last two analysis chapters for the analysis of urban form. Furthermore, the differ-
ent focuses of the two studies - home-workplace tax information and building polygons
respectively, provide insights into both the morphological and built environment urban
form spatial patterns and functional urban form spatial patterns.

1.3 Thesis structure

The structure of the rest of the thesis is as follows. The next chapter is a literature
review, providing the relevant background for the analytical chapters. Afterwards,
each of the three analytical chapters represents an individual paper, that address one of
the three main thesis aims. The last chapter provides a summary and discussion of the
results and concludes the thesis.

The next chapter of the thesis provides more background on the relevant urban
concepts, developments and methods. The literature review broadly covers:

Cities, urban form and function, changes and challenges

The importance and effects of bounded territorial units

New forms of data and related developments in geography
* Quantitative delineation approaches

Particular emphasis is placed on the four concepts presented in the introduction - spa-
tial distribution, megaregions, urban spatial extent and land use. Additionally, there is
a brief general overview of the methodological approaches used for data analysis.

The following three chapters each address a core aim of the thesis and represent
independent pieces of research. They describe in detail the relevant literature, data,
methodology and results.

Chapter three focuses on urban land use detection within cities. It describes the
current approaches to land use and changes brought about by new forms of data, as
well as how sound sensors can be used to capture land use patterns. The analysis is
based only on the hourly recorded maximum level of noise, at the particular location
where a sensor is placed. This is in contrast to other urban land use studies which use
acoustic sound data - the actual record of the occurring sounds. The analysis in the
chapter also includes use of topological data analysis (TDA) methods to address the
challenges of processing new forms of data. Rather than directly using these novel
methods, the paper carries out a comparison between several TDA methods as well
as methods adapted from papers using other new forms of data, such as Cici et al.
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(2015). The comparison is based on both internal statistical measures of quality, as well
as external validation trough the use of POI and building data from OpenStreetMap.
Additionally, the best set of results are compared to similarly derived activity pro les
from tweets and mobile records.

Chapter four focuses on delineating megaregions using functional data. To this end
LODES jobs data is used, which provides information on the residence and workplace
of over 120 million Americans in the contiguous United States. This dataset is trans-
formed into a network of nodes and edges where nodes represent census tracts and
an edge between a pair of nodes - the number of people that live at one census tract
(or node) and are employed at the other. The delineation of spatial units at multiple
scales is based on the formation of communities within this network - groups of nodes
which are more strongly connected with each other than with other nodes. The ap-
proach taken results in a nested hierarchy of delineations, with no prede ned number
of levels - all resulting scales are inferred from the data. The spatial structure of the
delineations at each hierarchical level are explored and comparisons to other existing
geographical units are carried out. Furthermore, the nal results are compared to other
de ned megaregions in the literature - Nelson and Rae (2016) and Hagler (2009).

The last analytical chapter explores a morphological de nition of urban areas in the
United states, based on individual building footprints and no explicit density thresh-
olds. These building footprints are derived from satellite imagery using computer vi-
sion algorithms and capture 130 million buildings in the contiguous United States.
Similarly to chapter four, a hierarchy of nested units is created using a modi ed un-
supervised machine learning algorithm. However, this hierarchy extents from pairs of
individual buildings to megaregions and the whole country in scope. The nal delin-
eations are de ned as the most 'persistent’ that appear in the hierarchy. A comparison
between the nal results and seven other datasets is carried out to contextualise the re-
sults. Furthermore, the hierarchy is used to explore the patterns of density within each
nal delineations, as well as their potential morphological integration into megare-
gions.

The last chapter discuses the ndings and draws overarching conclusions from the
results of the individual papers. It provides a short summary of the main results from
each paper and their limitations. It also combines the results with a focus on the re-
lationship between urban form and function and compares the results from the two
papers which use United States data. Furthermore, it discusses the appropriateness of
using unsupervised, non-model, density-based approaches for delineation and the use
of new forms of data and methods for addressing urban challenges.



Literature review

This chapter provides an overview of the importance, challenges and changes affecting
urban areas with a focus on the issues relevant to chapters three, four and ve. lItis
structured in six main sections. The rst section is a general introduction to the ur-
ban processes and properties, relevant to the rest of the thesis - urban growth, urban
density, city size and changes in urban form and function. It also discusses the re-
lationship between urban areas and processes de ned at different scales. The second
section covers the effects of changes in boundary delineation on the above phenomena,
as well as the general use and criticisms of bounded territorial units in quantitative
geography. The third section describes the uses of new forms of data, the opportuni-
ties and challenges they present for urban analysis and approaches to using them. The
fourth section covers the general approaches to delineating boundaries. The discussion
Is structured following the framework introduced by Duranton (2021), but adapted to
cover urban areas, megaregions and land use delineations using new forms of data. The
fth section provides the background to the speci ¢ methodological approaches used

in chapters three, four and ve - clustering. The last section draws on all the discussed
literature and broadly speci es the overall research gap that this thesis addresses. More
speci ¢ formulations for each aim are provided within the relevant chapters.

2.1 Changes, challenges and processes related to cities

Across the social sciences there exist numerous de nitions of what a city exactly is and
what are its core features. These views range from cities as complex systems, or pri-
mary social and cultural, or economic and organisational structures to researchers who
question the concept of the city as a unit of analysis, planning and research (Williams,
2012). The de nitions re ect speci ¢ underlying purposes and organising principles

of urban areas: as central places of service provision (Christaller, 1980); or facilitators
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of human interactions (Mumford, 1937), where the core of the city are group activ-
ities at different scales, whereas the physical and market organisation is secondary;
or other concepts. In turn these de nitions of cities are tightly coupled to normative
theories about what an ideal city is and how it should operate (Lynch, 1984). These
theories speak to the organisation of form - the con guration of the built environment

- and function - the actual usage of the built environment- within cities. For example,
whether parts of the urban form should be specialised for particular functions such
as residential living (Mumford, 1937) or instead, mixed-usage should be encouraged
(Jacobs, 1961a). Others focus on what in uence does form have on function and visa
versa, such as the distribution of economic activity, land prices (Alonso, 1960). There
also exist numerous questions about the appropriate way to manage urban growth and
to identify the correct scale to tackle pressing challenges, such as transportation (Ged-
des, 1915). It should be noted that many of these debates about form and function
go back thousands of years, due to the long-recognised importance of cities (Rykwert,
1988).

The diversity of views is also re ected in quantitative geography itself and more
speci cally in the many ways in which researchers operationalise the idea of a city.
From minimalist de nition of cities are places of high population density (O'Sullivan,
2011) to de nitions incorporating aspects of the road network, and the distribution of
jobs and people (Bertaud, 2018). This diversity is also extended to how urban form
and function are quanti ed. There exist numerous measures of the built environment
(Kropf, 2009), as well as quantitative de nitions of particular form-related phenom-
ena such as polycentricity (Derudder et al., 2021) or sprawl (Barrington-Leigh and
Millard-Ball, 2015). Similarly, different aspects of function are emphasised for differ-
ent applications - i.e. mobility (Moro et al., 2021).

The focus in this thesis is on urban de nitions that can be quantitatively operati-
nalised, especially using new forms of data and methods. This is done since, the ana-
lytical chapters either use new forms of data directly - chapters three and ve - methods
created for new forms of data - four and ve - or combinations of both - chapter ve.
The urban phenomena described in the next sections focus speci cally on changes and
challenges to urban form and function, related to delineations and to the analytical
chapters. The discussion does not cover the full array of challenges and functions of
urban planning - inequality, segregation, crime, congestion, pollution, management
and others (Glaeser, 2011). Nevertheless, delineation choices also affect these and
other issues as is pointed later in section three of this chapter. For example, many of
these issues are related to urban growth (Cohen, 2006), the analysis of which is di-
rectly related to urban delineations and form (Roberts et al., 2017; Barrington-Leigh
and Millard-Ball, 2015).

Lastly, the discussion of scale is shaped by similar considerations. Scale is a core
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concept in geography and can range from the personal to the global (Campbell, 2018).
Generally, an urban phenomena under analysis is coupled with a scale of analysis and
important characteristics of the phenomena can change as the scale changes (Wang
et al.,, 2019). The discussion in subsequent sections is limited to different levels of
urban scales - urban centres and some smaller-scale delineations, urban areas, func-
tional urban areas, megaregions. This limits the large topic of planning and proposed
planning scales to only a discussion related to these phenomena.

2.1.1 Urban de nitions and delineations

Quantitatively de ning urban areas is a dif cult problem. Countries have individual
political and administrative de nitions for what a city is, however, using these for re-
search and analysis is problematic for several reasons. First, individual countries have
different of cial administrative designations. For example, in China a city of cially
has to have at least 100,000 people, whereas in Spain the minimum threshold is 5,000.
Furthermore, a country's own de nitions can sometimes change across time. Second,
land size and land use within the units can be a mix of both rural and urban land and
their spatial extent is optimised for the purposes of surveying (Wolf et al., 2020). Third,
cities can extend beyond their borders into the surrounding area, however for political
or economic reasons their of cial boundaries do not necessarily re ect this (de Belle-
fon et al., 2019). Therefore, one of the core problems of urban research that affects all
analysis is how to provide a rigorous de nition of urban areas and their spatial extent
which is both theoretically and practically useful. What further complicates this chal-
lenge are calls for globally applicable de nitions, which would enable comparisons
across countries and time spans (Florczyk et al., 2019).

A core component of many urban de nitions is the idea that cities are human set-
tlements with a higher density of people or connections than the surrounding areas
(O'Sullivan, 2011). This view captures an important aspect of cities, which many the-
ories use to explain particular outcomes. Examples of this are the higher levels of
innovation and economic productivity present in cities. As the density and number of
urban dwellers increases so do the possible types of interactions between people, lead-
ing to an environment of innovation and idea generation (Ahuallachain, 2012). Fur-
thermore, the increased population concentration creates the necessary consumption
market and the enables specialisation which leads to the emergence of economies of
scale (Glaeser, 2010). It should be noted that, cities cannot only be described in terms
of density of people - other important aspects are an internal structure, interactions and
perceptions (Lobo et al., 2020; Galdo et al., 2021). However, de nitions which focus
on density of different types results in more easily quanti able and globally applicable
de nitions.
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There are different operalisations of the idea that cities are areas of high density sur-
rounded by lower density. These can take the form of de ning the extent of cities as the
contiguous built up environment, high population density, the reach of commuters or
the extent of the local ows of services and goods (Parr, 2007). Other more complex
de nitions combine multiple aspects of the transport system, the population density
and the economy - such as de ning cities as the effective extent of the labour market
(Bertaud, 2018). There are also hierarchical de nitions which describe different units
that encapsulate one another, such as urban centres within urban areas, (Florczyk et al.,
2019). These different datasets and de nitions can led to differences in core aspects
such as the level of national urbanisation (Williams, 2012; Onda et al., 2019). In gen-
eral, there is a consensus that no single de nition captures all aspects of a city, and
so de nitions are context dependent (Lobo et al., 2020; Batty, 2018; Duranton, 2021,
Parr, 2007; Williams, 2012).

2.1.2 Urban processes and challenges

One of the urban main challenges facing researchers, which affects numerous other
phenomena, is analysing the process of urbanisation. Even though, there exists a con-
sensus that the global urban population is growing - the exact degree of urbanisation
and its rate of change are open questions (Balk et al., 2021; Duranton, 2021; Balk
et al., 2018; Jochem et al., 2020). A better understanding of these two phenomena
can shed more light on the effects of urbanisation on national and regional economies
(Roberts et al., 2017; Bosker et al., 2018). Furthermore, the exact spatial patterns
and consequences of increasing urbanisation are not well understood. This raises im-
portant questions about the future number of cities, their sizes and the distribution of
population within them (Batty, 2018, chapter 2).

There is evidence that city sizes are distributed following a power law distribution,
Zipf's Law more speci cally (Duranton, 2021). This type of distribution of city sizes
suggests that on average, the largest city is twice as large as the second largest city,
three times as large as the third largest city, etc. The distribution also suggests that as
the size of cities decreases the number of smaller cities raises exponentially. Further-
more, there is evidence that the distribution of city sizes has stayed constant over the
last 200 years, with the largest 100 cities only taking a slightly larger proportion of the
urban population recently (Batty, 2006). This is despite the fact that particular cities
have had large population shifts themselves.

Another changing aspect of cities are urban form and function and the relationship
between them. And furthermore how changes in form and function themselves, affect
outcomes of interest such as employment rate, health and transport costs (Ewing and
Hamidi, 2015). Form, most generally understood as the con guration of built envi-
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ronment, is an important concept in urban research, planning and the understanding of
cities (Kropf, 2009). In the past, most cities were compact and similar in shape, limited
in their possible development by the transport and communication technology of the
time (Batty, 2018, chap 6.). Currently, there is a wider diversity of urban form driven
by the growth of cities beyond their of cial boundaries, the building of low density de-
velopments (sprawl) and vertical development such as the construction of sky scrapers
(Batty, 2018, chap 6.).

Urban sprawl is a term that has many de nitions and dimensions, similar to cities
themselves. It is usually de ned on a continuum with compact, high-density or mono-
centric development on one side and sprawl - low density, single use development - on
the other (Ewing and Hamidi, 2015). The key management problem is whether low-
density development is sub optimal, and wastes energy and resources, and the same
quality of life can be achieved through better planning and development in denser
urban areas. Some researchers describe sprawl as an outcome of market forces and
resident preferences, whereas others argue that it a primarily a re ection of imper-
fections and externalised costs in land markets and regulations. The latter argue that
government unfairly subsidise sprawl development at the expense of taxpayers, i.e.
through housing subsidies and construction of highways, whereas the former say that
its an expected reaction to growing urban population (Ewing and Hamidi, 2015). Re-
search into sprawl is an active area of interest since there is a link between it and de-
velopment goals such as segregation, health, economic productivity and sustainability
(Lacy, 2016).

Similarly, there have been numerous changes in urban function - how the built
environment is being used by people. Before the 19th century most cities acted as
markets, comprehensive administrative and service centres for the surrounding farm-
lands, whereas currently, cities can emphasize and focus their economic development
towards tourism, industrial production, education and other specialisations (Glaeser,
2011). Furthermore, there are is an ongoing repurposing of existing buildings and
changes in usage patterns driven by changes in communication, transportation and
computer technologies (Purkarthofer et al., 2021). Studies based on mobile phone data
(Cicietal., 2015) or other smartphone data such as tweets (Frias-Martinez et al., 2013)
or location-based social networks (Cala ore et al., 2021), have enabled the capture of
more distinct types of specialised human activity than previously available. These shed
light on the internal dynamics of urban areas at an unprecendent temporal and spatial
scale.

These changes in form and function are re ected in the spatial distribution of ser-
vices, employment and population within urban areas. For the majority of human
history most cities were centred around a central business district, which contained all
services and acted as a commanding centre. This has been the case since ancient times
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- in Rome the forum acted as the central place, in Athens it was the agora. However,
there is an established general trend of employment and population decentralization
within urban areas in the 21st century (Dadashpoor and Malekzadeh, 2021) in Europe
and North America. The exact patterns of this decentralisation has been described by
different concepts - polycentricity, scatteration and edge cities. Polycentricity refers
to urban areas in which employment is concentrated in several centres, operating in a
complex network of interactions. There exist numerous ways of de ning the centers
and quantifying the relationship between them, which have an effect on the analysis
of bene ts and outcomes (Derudder et al., 2021). The “scatteration” view argues that
employment is scattered throughout areas with no concentration in centres (Manduca,
2020). Edge cities describe a development pattern where new peripheral urban devel-
opments which ful | certain size, retail, perception and of ce space criteria are appear-
ing near established cities (Garreau 1991, p. 7.) Proponents of these developments and
theories argue that they should be encouraged and that more localised systems better
understand local needs and provide services better than a centralised and more dis-
tant authority. This would then lead to reduced strain on local governments and better
productivity, service availability (Kwon and Seo, 2018) and other desirable outcomes
such reduced traf ¢ congestion(Wang and Debbage, 2021). Whereas criticisms focus
on the inability of local actors to address other types of problems such as public health,
sustainability development, global competitiveness which require more centralisation
and coordinated efforts (Yang and Zhou, 2020; Meijers, 2008).

Related to this topic is the question of whether, as technology continues to develop
and changes accelerate, the difference between form and function will increase. Nu-
merous theories and studies rely on the fact that human interactions within cities are
re ected in or in uenced by the built environment (Batty, 2012). For example, the
ows of consumption and production within the national economy are highlighted by
the different types of transport networks and land use centres. Recent advances in
communication technology and the shift to a knowledge economy can bring about a
change in this relationship (Lobo et al., 2020). There is a chance that human inter-
actions would become more complex and placeless, and not re ected in the physical
form of cities. Therefore, digital and other traces of behaviours themselves become
more important than urban form features for the study of urban processes.

One manifestation of these trends are the changes in the urban retail system. Retalil
centres, the places where retail activity is concentrated in urban areas, are currently fac-
ing long term structural pressures from online retail (Dolega anch€leJanowicz,
2015). In addition to being the focal points of physical consumption, the state of the re-
tail system is linked to the wider economic state of the urban area (Dolega et al., 2021).
As such there is a growing importance of using online sources of data e.g. - (Davies
et al., 2018) - in order to capture consumer behaviours in full and to better understand
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local economic factors. These experienced disruptions, caused by the disconnect of
form and function - purchasing behaviour not re ected in physical shops and trips -
vary spatially, as well as functionally at a national and local scale (Dolega et al., 2016).
In some regions, larger and more attractive retail centres draw patrons from a more
extensive areas and adapt in different ways, such as placing more emphasis on leisure
offerings (Dolega and Lord, 2020). Therefore, there are still important aspects of the
function of consumption captured by urban form and density.

The effects of transport technology on the relationship of urban form and function
is similarly complex as evidenced by the "death of distance” or metropolis paradox.
The core of the paradox is that accessibility to central locations in cities has become
more important even as average travel speeds have increased (Couclelis, 1996). In
light of this, core locations, such as city centres and place more generally, still play
an important role in urban economies and processes. This complexity is corroborated
by the rising numbers of supercommuters - people who travel very long distances of
100km or more for work, albeit less frequently than normal commuters (Rae, 2015).

2.1.3 Analysis, planning and scale

The changes in urban form and function are closely related to questions of urban plan-
ning - what types of urban development to encourage and how. There has been a wealth
of research on how different aspects of cities affect desirable outcomes such as income,
health, transport and sustainability. However, there do not seem to be conclusive re-
sults and as such the ideal of what a city should look like changes with time (Batty,
2018, p.113). In addition to determining causal and related factors, there are questions
about the best methods of intervention to achieve desirable outcomes. Typically, the
focus has been on changing urban form and transport as the least intrusive way to im-
prove the lives of citizens (Kropf, 2009). However, these types of interventions can
become less effective in the future, due to the growing differences between form and
function.

In addition to research into the describing urban processes, their desirability and
outcomes, there are questions about the appropriate level of coordination or scale at
which urban challenges should be managed and analysed. There are proposals to
focus planning and research at different scales for different tasks - at the individual
city level, at a larger city-region level which includes the surrounding towns and land,
at a regional level which encompasses several cities and the areas between them, at
a megaregional level which is made up of different parts of several regions or at a
national level (Purkarthofer et al., 2021). The effects of globalisation, international
transport and capital links also have an effect on urban form and function and further
complicate planning and analysis (Harrison and Hoyler, 2015a). It should be noted
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that units at these scales have little administrative and political power and mostly act
as statistical units for analysis. Even if any policies are inspired by analysis at these
scales, in practice they are implemented through already existing administrative units
and scales (Nelson, 2017).

One popular example of a scale for research and analysis are functional urban areas
(Mock and Kipper, 2020; Rappaport and Humann, 2021; Lobo et al., 2020). Func-
tional urban areas are operationalised in different ways, but the overall goal is to cap-
ture local labour and consumption markets (Schiavina et al., 2019). Typically these are
centred on a major urban centre, which expands outwards from its of cial urban bound-
aries, re ecting the fact that modern cities have expanded considerably (Rappaport and
Humann, 2021). Examples of these are statistical areas in the US - metropolitan, mi-
cropolitan and combined statistical areas, in Europe - functional urban areas developed
by Milego et al. (2019) and worldwide functional urban areas developed by Schiavina
et al. (2019). An example of a metropolitan area is the Boston-Cambridge-Newton,
which is centred at the city of Boston and covers all census tracts (a census unit in the
US) which have a high proportion of commuters related to it. Employment decentrali-
sation and urban economic performance is mainly studied at this scale as it represents
local markets (Mck and Kipper, 2020; Dadashpoor and Malekzadeh, 2020; Bosker
et al., 2018; Wang et al., 2019), however other types of research such as public health
(Meijers, 2008) and inequality (Shen and Batty, 2019) are also regularly carried out at
this scale.

There are also planners that seek to address challenges at a larger scale - the re-
gional and megaregional. Regionalists argue that the analysis and governance of phe-
nomena is best carried out at a large sub-national scale, re ecting changes in the current
economic system that cover both urban and rural land (Harrison and Hoyler, 2015a).
For example, regions such as California's Silicon Valley, England's South or Italy's
North exhibit different patterns of development than those at their respective national
level. Similarly to cities, de ning and operationalising the spatial extent of regions is
an active area of research, with criticisms aimed at the inability to de ne exact bound-
aries (Harrison, 2013).

There is also interest in delineating existing or future large urban agglomerations -
which would contain millions of people and large percentages of the national economic
activity (Hagler, 2009). An example of this area is the 'Northeastern Megalopolis'
which spans the entire area from Boston in the North to Washington D.C. in the south.
Numerous conceptualisations of these areas started being developed such as megare-
gions or megalopolitan areas - areas that cover parts of multiple regions (Lang et al.,
2020). The interest was driven by the fact that these areas could act as focus points
and increase the competitiveness of national economies in the global market (Glocker,
2018), as well as act as the right scale to tackle sustainability and other large-scale
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cross-regional challenges (Ross et al., 2016). However, in order to reap the bene ts,
planning and collaboration between numerous partners is required (Wheeler, 2015).
Critics of megaregions point out that attempts for collaboration at this scale has suf-
fered from low stakeholder commitment and focus on single-issues, rather than a fully
articulated vision (Glass, 2014). Nevertheless, there is evidence that the concentration
of population and economic activity, as well as the functional integration between pre-
viously markedly more self-contained urban areas will continue and therefore, research
at this scale remains relevant (Nelson, 2017).

On the other hand, there is also increasing interest in the analysis of smaller-scale
intra-urban processes and the involvement of the local community in planning. On
the analysis side, the interest is driven by new forms of data and an increasingly digi-
tised world, which enable research at lower temporal and spatial scales. At the core
of this development is the ability to capture the actual experienced behaviours of peo-
ple, which means that fewer assumptions have to be made or modeled (Singleton and
Arribas-Bel, 2021). Data such as movement trajectories or spatial social networks,
link peoples behaviors directly to urban places and enables the exploration of short-
term urban dynamics at precise locations. Furthermore, fusing these new forms of data
to other more traditional datasets such as census information or surveys augments the
results in other types of analysis such as geodemographics and land use studies.

These developments offer the chance of a new type of urban planning and smarter
cities. As mentioned previously, urban planners have been able to exert limited in u-
ence over resident behaviours in order to improve the lives of citizens (Batty, 2018).
The devices which collect new types of data can act as real-time sensors which can
drive urban development at more granular and temporal scales . Analysis can range
from information about the effectiveness of local government-provided services or
gathering direct information about how people use public spaces. Furthermore, new
forms of data also allow for studies into aspects of urban life which are less related
to place. These can provide important information about how to in uence desirable
outcomes in the context of the changing relationship between urban function and form
(Yang and Yamagata, 2020).

2.2 Boundaries in quantitative geography

De ning bounded territorial units is one of the crucial steps in quantitatively analysing
the discussed urban phenomena. Generally, spatial boundaries are tightly coupled to
the phenomena under analysis and the method used to operationalize it. Changes in
the size and spatial extent of the core units - their scale and shape - affects subsequent
statistics, analysis and results (Openshaw, 1979; Arribas-Bel et al., 2021a; de Bellefon
et al., 2019; Balk et al., 2018; Parr, 2007).
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This section focuses on how delineated units affect the urban phenomena previ-
ously discussed. The rst subsection, shows the effects on basic properties such as
city sizes, as well as more complex statistics like productivity and unemployment. The
second subsection covers the advantages and disadvantage of using boundaries for the
analysis and planning of urban phenomena in general. It highlights the criticisms of
bounded territorial units, as well as their importance in various areas of research and
administration.

2.2.1 Bounded territorial units and urban phenomena

De nitions of urban areas emphasise different aspects of urban life, depending on the
goals of particular studies. At the most basic level, rates of national urbanisation, urban
population counts and city size distributions are affected by these choices. Within
the same country, different delineations can lead to differences of calculated urban
population proportions of more than 10 percent (Roberts et al., 2017). Similarly, they
can lead to excluding and including different areas into the urban delineation, or even
to breaking up or combining urban areas (Duranton, 2021). These basic properties
- size and population counts - have an effect on more complicated urban statistics -
density, productivity, employment and others - which all effect subsequent analysis and
theorizing (Parr, 2007). For example on the national scale, increased urban population
has been associated with an increase in size of the service economy relative to the
agricultural sector and generally better national economic performance. However, the
applicability of this theory to all countries depends on the exact de nition of urban area
(Roberts et al., 2017). The analysis of economies and diseconomies of scale within
cities and regions are also dependent on the exact operational de nitions of a city and
the area of study (Arcaute et al., 2016; Duranton, 2021).

The analysis of all the phenomena related to urban form and function, discussed
previously, are also affected. There is a trend of decreasing urban density in the United
States and United Kingdom, however the exact numbers depend on de nitions and
some researchers even point to evidence in the opposite direction (Dijkstra et al., 2021).
De ning where sprawl begins and what is the structure of it are one of the core chal-
lenges in analysing it (Barrington-Leigh and Millard-Ball, 2015), made more dif cult
by the fact that population density in cities is hard to measure, since changes in the
delineated extent of cities can cause large shifts in density calculations (Henderson
et al., 2021). Analysis of urban function, at different scales can suffer from poor data
guality, methodology or inappropriate de nitions which result in the delineations of
many small areas due to noise in the data (Furno et al., 2017). Research into employ-
ment and population decentralisation patterns is affected by both changes in the spatial
extends of the areas of under analysis - e.g. the boundaries of a metropolitan area - and
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centres within it (Mbck and Kipper, 2020). Planning proposals at the megaregional
level need to identify the exact bene ciaries and stakeholders within each megaregion,
which are affected by the operational de nition and delineated spatial extent (Nelson,
2017). The spatial extent of retail centres also affects subsequent functional analysis
and the relationship to wider theories such as Central Place Theory (Ballantyne et al.,
2022).

In the worst case, inappropriate delineations can erase or even reverse the impacts
of the phenomena under analysis (Roberts et al., 2017; Batty, 20d¢k &hd Kipper,
2020).

Similarly to changes in spatial extent, changes in scale affect subsequent analysis
and results (Parr, 2007; Coombes, 20141dand Kipper, 2020; Wang et al., 2019).
A complicating factor is that scale can also be implicitly de ned based on operational
de nition of spatial boundary delineations (Arcaute et al., 2015). For example, if cities
are de ned as contiguous areas of high population density, the threshold choice for
high has an effect on the scale of the results. If the value is very low multiple cities are
merged together resulting in the nal delineation of large regions, whereas if the value
Is very high - individual cities will be split apart into neighbourhoods. Additionally,
there are different strands of research which use the emergence of coherent spatial units
at a particular scale as evidence of emergent underlying behaviour and interactions.
Some research in megaregions, where the scale is not explicitly de ned beforehand,
are an example of this - i.e. Nelson and Rae (2016); Lang et al. (2020); Florida et al.
(2008). There, strong economic ties at super regional scale, covering many cities and
millions of people, is used as evidence of emergent economic behaviour which requires
specialised planning and governance. However, in those and other cases scale and scale
properties are again tightly coupled to speci ¢ de nitions of phenomena and choices
of parameters (Arcaute et al., 2015; Lang et al., 2020; Duranton, 2021).

2.2.2 Advantages and disadvantages of bounded territorial units

Geographers have long argued that no single boundary can fully capture all types of
human interaction at a speci ed location (Hartshorne, 1939). Due to this and all of
the effects delineation choices have, there are numerous criticisms against de ning
bounded regions of space for analysis and planning. Some focus on problems in spe-
ci c operational de nitions or quantitative analysis challenges. Other criticisms focus
on the nature of bounded territorial units themselves. And some researchers go as far
as saying that delineations are not useful at all.

Operational criticisms raise questions about the stability of results, the appropriate-
ness of data sources, methodologies or combinations of these factors. These criticisms
aim at improving delineations approaches and the validity of results obtained using
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delineations. In general, they highlight the modi able area unit problem - the fact that
aggregating and disagregating data based on different spatial units affects the calcu-
lation of statistics (Openshaw, 1979). For example, if a city is ethnically segregated
at the postcode level, aggregating the data at the neighbourhood level could yield the
reverse results using the same dataset and methodology. More speci ¢ methodological
criticisms focus on the choice of parameters for delineation methods such as density
thresholds (Statham et al., 2021, 2020; de Bellefon et al., 2019; Duranton, 2021; Balk
et al., 2018). Others highlight the use of limited datasets and methodologies that do
not capture all aspects of the phenomena under analysis and argue for data fusion ap-
proaches (Ewing and Hamidi, 2015).

More conceptual criticisms focus on the structure of boundaries. One famous argu-
ment is that of Christopher (1965) which aims to show that non-overlaping boundaries
are not appropriate units to capture functional reality in urban areas. For example, is
not possible to draw boundaries around distinct neighbourhoods within cities, due to
the numerous overlapping functions that exist between units such as schools, parks and
retail spaces with common catchment areas (Alexander, 2017). Therefore, any analy-
sis and especially planning proposals should incorporate these multi-faceted overlaps
as core parts. In response to these criticisms, researchers have aimed to adjust existing
or adopt new methodologies and datasets (Batty, 2018; Nelson, 2020).

Other geographers argue against the use of bounded territorial units for speci c
purposes. One area of research where this has been applied is urban population density
analysis, where small changes in parameter thresholds for delineation methods lead to
large changes in population density estimates (Duranton, 2021). In order to avoid
using delineations, (Henderson et al., 2021) propose to measure population densities
by using radii around expected populations locations on a grid without aggregating the
grid cells into cities.

Finally, some researchers go further and suggest dropping boundaries all together.
They suggest that disentangling the patterns of social and economic interaction into
coherent units is becoming harder, but more importantly, is not necessary insightful
(Nelson, 2020). Instead, more focus should be placed on the analysis of speci ¢ phe-
nomena, analysed as a whole without the need of de ning explicit boundaries or units
within them (Bergmann and O'Sullivan, 2018; Gibadullina et al., 2021).

However, in spite of all these raised issues, delineated spatial units remain an im-
portant structure for analysing social, political and cultural systems (Peteb\al.,

2020; Nelson, 2020; Wolf et al., 2020; Batty, 2018). They are a core part of research,
administration, governance and planning and have always been practically important
and widely used, even though how much they have been emphasised over time has var-
led (Harrison and Hoyler, 2015a; Paasi and Zimmerbauer, 2016; Purkarthofer et al.,
2021). In fact, interest in urban research, dedicated towards delineating appropriate
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spatial boundaries to analyse different phenomena, is growing (Duranton, 2021). This
has resulted in the development of humerous new methods dedicated to addressing
both technical and conceptual issues, as well as re ecting more facets of functional re-
ality (Nelson, 2020; Duranton, 2021; Gibadullina et al., 2021; Wolf et al., 2020). This
has in part been driven by new forms of data, which enable new aspects of urban life
to be captured and analysed at novel spatial and temporal scales (Arribas-Bel et al.,
2021a; Batty, 2018).

2.3 New forms of data

As human activity becomes increasingly digitised, people are leaving more digital
trails which can be mined for insights. Initially, analysis of these datasets was fo-
cused on the balancing and monitoring of server logs and digital advertising, however
these uses were outgrown as people realised more and more the value of these data
(Singleton and Arribas-Bel, 2021). In quantitative urban research, this led to an ex-
plosion of 'new forms of data' used to analyse urban phenomena and processes. This
section introduces examples of new forms of data and applications, their effects on
delineation tasks and nally, covers their advantages and disadvantages. As with other
sections, the focus is on examples of new forms of data relevant to the three analytical
chapters, especially datasets and examples relevant to chapter three.

2.3.1 Examples of new forms of data

One of the most popular examples of new forms of data are mobile phone records
and associated information (Cici et al., 2015). Mobile phone operators have long used
the data in order to optimize load distribution and detect customer pro les. With in-
creasing collaboration between telecom companies and universities, as well as public
projects such as D4D and the Milan Telecom challenge (Italia, 2015), researchers have
found many applications of mobile phone data to urban problems (Naboulsi et al.,
2016). Time-series of calling records have been used to explore the frequencies and
distribution of how people move within a city (§set al., 2013), in the prediction of
socio-economic indicators (Frias-Martinez et al., 2013) and studying urban dynamics
at different temporal scales (Arribas-Bel and Tranos, 2018).

In addition to the mobile phone records themselves there is a wealth of data avail-
able from smartphone apps. Social media data, such as geo-tagged twitter data is
another type of widely used 'new forms of data’. It has been used to infer land uses
within urban areas (Lenormand et al., 2015; Frias-Martinez and Frias-Martinez, 2014),
identifying natural disaster zones (Bruns and Liang, 2012), analysing tourist sentiment
(Curlin et al., 2019), health analysis and public administration (Hu, 2019).
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Other widely used app data has been different types of mobility traces from apps.
These data represent full trajectories of human movement at speci ¢ times and loca-
tions or location-based services data which links social networks to physical locations.
Movement trajectories have found applications in transport planning, retail analysis,
inequality and activity spaces analyses (Toch et al., 2019). Whereas, location-based
services data has been used in urban geography to analyse urban neighbourhood char-
acteristics and create comparisons between cities (Cala ore et al., 2021).

Different types of sensors, which similarly capture various aspects of urban life,
have also seen increasing adoption (Lau et al., 2018). These sensors capture informa-
tion such as mobility counts, noise, pollution levels, temperature and others. Sensors
which count the number of people in a vicinity have found extensive usage in retail
analysis and neighbourhood analysis (Lugomer and Longley, 2018), whereas sound
sensors are used to analyse noise pollution, sound pattern analysis and detection of
anomalous events (Virtanen et al., 2018). Furthermore, different types of sensor data
has been combined for transport analysis (Brambilla et al., 2019; Lau et al., 2018).

Another source of data comes from specialized card traces such as retail loyalty
cards and transport cards such as Ouster cards. These datasets represent purchasing
behaviours for people within different contexts - retail loyalty card data captures pur-
chasing behaviours of individuals at speci c stores and time, whereas transport card
data captures public transit movements. In addition to the analysis of consumer be-
haviour for the retail sector (Rains and Longley, 2021), loyalty card data has been used
to analyse various health outcomes (Davies et al., 2018). Similarly, in addition to be-
ing directly used for transport planning, transport card data have been used to analyse
spatial and temporal mobility patterns relevant to urban planning more generally (Sulis
etal., 2018).

2.3.2 Applications of new forms of data

New forms of data have enabled the operationalisation of new theories, as well as the
integration of results across different timeframes. One such example is the effects of
land use and urban vitality on urban health. Urban vitality broadly, is the notion that
mixed land usage is related to better outcomes for urban residents and is further associ-
ated with higher levels of activity within neighbourhoods throughout the day (Jacobs,
1961b). De Nadai et al. (2016); Sulis et al. (2018) provide empirical support for this
theory using travel card and mobile phone data respectively, as a measure of human
activity. In addition to opening existing theories for analysis, these of data enable the
development of new theories. For example, it allows the relationship between short-
term resident behaviour and long-term urban outcomes such as changing land uses, to
be explored for the rst time (Arribas-Bel and Tranos, 2018).
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Similarly, new forms of data have enabled the analysis of residents’' movements and
interactions within cities at increasing spatial and temporal scales, This has led to nu-
merous analysis of short-term urban dynamics - the pulse of the city (Batty, 2018) - and
how population density and land use changes during the day. Previously, movement
data for all types of mobility studies related to transport or planning, were generally
gathered through surveys and later GPS tracers (Shen and Stopher, 2014). The high
cost of these information gathering methods meant that they were not employed often
and at scale. New spatial datasets - transport cards, GPS traces and social networks
- have enabled analysis at more precise locations, across different time spans and the
capture of previously unexplored behaviours. Generally, research has been carried out
in two ways: rst, by extracting semantically meaningful behaviours from the raw
trajectory data then analysing the resulting sequences; second, by linking the raw tra-
jectory data to places and treating it as a feature of the places themselves (Shen and
Stopher, 2014).

Examples of the rst types of studies focus on common behaviours between groups
and the factors that guide them. Example of this type of analysis are Schneider et al.
(2013) which nd that people within the same social group exhibit more similar move-
ments patterns than people of other groups. By combining this data with socio-economic
census data it is possible to look for factors which affect the inequality of access to high
quality urban spaces. Wang et al. (2018) nd that lower income groups spend more
time during the day in low-income places and have less access to parks and business
centres. Similarly, Shen and Batty (2019) nd that higher managerial groups have ac-
cess to spatially larger and more diverse places, compared to people in lower-earning
occupations who have more segmented and local access. Recently, this type of analy-
sis has even been extended to the point of interest level - parks, cinemas, retail outlets,
etc. - with similar results (Moro et al., 2021) None of the results of these analysis are
conclusive yet, not least because they all suffer from data availability and preprocess-
ing issues, however they show the potential of new forms of data to capture the actual
experienced urban life of different people.

The second way this type of data has been used is by treating it as a feature of
places themselves. Examples of areas which have bene ted from this development are
geodemographic classi cations and land use studies. Geodemographic classi cation
groups geographical areas into clusters based on socioeconomic features, such that ar-
eas within a group are more similar to each other than to other areas. An underlying
assumption behind these types of classi cations is that people in the same group be-
have more alike than people in different groups. They are widely used both in Europe
and the United States, in academia - to explore segregation, for example and in indus-
try - for marketing and customer analysis (Singleton and Spielman, 2014). With the
increasing availability of new forms of data, new facets of human behaviour such as
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the exact purchasing patterns have been incorporated leading to a more accurate rep-
resentation of the behavior of people within groups. Similarly, new forms of data have
enabled the creation of granular temporal and spatial geodemograhic classi cations,
e.g. (Calaore etal., 2021).

New forms of data also make it possible to improve delineation procedures. They
have the potential to ameliorate established problems and biases, such as the modi able
area unit problem (MAUP), by providing data at very high spatial scales(Wolf et al.,
2020). Due to this, granular new forms of data data have found a variety of purposes
- I.e. creating urban delineations (Schiavina et al., 2019) and approximating popula-
tions at high spatial resolutions (Florczyk et al., 2019). Furthermore, developments in
computer vision have enabled advanced image analysis of both satellite images such
as extraction of building footprints (Huang et al., 2019) to analysis of crowd-sourced
images to understand spatial leisure patterns (Chen et al., 2019).

2.3.3 Geographic data science

As they found adoption in the eld of quantitative geography new forms of data are
generally distinguished from other data sources by their origin, size and processing
requirements (Arribas-Bel, 2014a). One of their most important characteristics is the
secondary nature of the data - these datasets are not carefully collected and curated for
the research or analysis purpose they are often used for. This is in contrast to other data
like surveys which have a higher level of control that ensures better data quality. Thus,
new forms of data are a 'byproduct’ of some process and can have many issues re-
lated to representativeness and quality (Rains and Longley, 2021; Arribas-Bel, 2014a).
However, they come with advantages such as more granular spatial and temporal cov-
erage, which open up new avenues for research. Furthermore, with increased adoption
the data becomes more representative and the results of the analysis improve (Batty,
2018; Cici et al., 2015; Arribas-Bel and Tranos, 2018).

Another differentiating aspect of these data are their handling. In many cases the
secondary nature of the data leads to extended pre-processing which is not needed
when using more traditional survey or census data (Arribas-Bel, 2014a). This is fur-
ther exasperated by the fact that some types of data are guarded and have to be accessed
through secure infrastructure which also prolongs the analysis process (Cala ore, 2021).
Furthermore, the sheer amount of data and type of data can have an effect on the vi-
able methodology and processing - due to computational requirements many methods
simply cannot be applied to certain datasets (Duranton, 2021).

Geographic Data Science is one emerging practice aiming to address these issues
by combining data science and geography (Singleton and Arribas-Bel, 2021). Data
science approaches dealing with new forms of data have not necessarily been created
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with geographic applications in mind and therefore this has resulted in limited tools
available to social scientists. Similarly, the tools and GIS approaches available to ge-
ographers are not usually suitable for the volume and problems that new forms of data
present. Geographic Data Science proposes to address this with the development of
methods which place geographical concepts at the heart of new data science compu-
tational methods, thus encouraging quantitative geographers to engage more with data
science tools and methods, in order to achieve richer analysis outcomes (Singleton and
Arribas-Bel, 2021; Arribas-Bel et al., 2021b). An example of this approach is Chapter
ve of this thesis which modi es existing data science algorithms to achieve the spe-

ci ¢ aim of delineating urban areas with few explicit thresholds. Similarly, with the
development of new methods and the growth of available computing power new, more
computationally expensive methods can be applied to other foundational and widely
used datasets such as census data, road networks or tax addresses. The analysis in
Chapter Four is an example of this - it uses community detection approaches, devel-
oped to analyse phone calls, to regionalise the United States, based on tax records,
without specifying a priori scale.

2.4 Quantitative approaches to delineating units

This section introduces the general quantitative approach to delineating urban areas at
different scales, followed in chapters three, four and ve. The literature review and
methodology sections of each of these chapters provide more speci cs, relevant to the
respective analysed phenomena. The discussion follows an adapted framework used
by Duranton (2021) to analyse approaches used to de ne urban areas speci cally. This
was done since, the Duranton (2021) framework is general enough and has overlapping
stages with other frameworks used in the literature of land use delineation using new
forms of data (Furno et al., 2017), as well as delineating megareigons (Glocker, 2018).
However, in order to accommodate megaregions, urban areas and land use delineation
approaches into a single narrative the third and fourth steps "Normalising a de nition
of urban” and "Aggregating units into urban areas” from Duranton (2021) are gener-
alised and merged. Therefore, the discussion of delineation approaches is structured
as follows:

Deciding on the core units under analysis

Determining the area under analysis and classifying units
» Aggregating units
« Veri cation of the results

25



Lastly, a nal sub-section provides an overview of the speci ¢ methodology used in
chapters three, four and ve - clustering.

2.4.1 Deciding on the core units under analysis

The rst step of delineation approaches deals with selecting the core units of analysis.
This is a crucial step and limits the subsequent available classi cation and aggregation
approaches.

Urban areas

Numerous units have been used in order to delineate urban areas - small-scale admin-
istrative units, roads networks, hexagon or grid cells and even individual buildings
directly. These units are then associated with data, which could be morphological such
as built-up density or street intersections; or functional - population counts, ows of
goods and people; or even more specialised such as phone calls or app interaction data.
The data can be associated with the units either as features of the units themselves or
as relations between the units. An example of the former is population per census tract
and of the latter - number of commuters between a pair of two census tracts.

Megaregions

The units and data used for de ning megaregions are similar to those used to delineate
cities - administrative units, grid cells, etc. The difference is typically in the expected
scale of the results and initial size of the core units - quantitative megaregional de ni-
tions can directly use already delineated urban areas as initial core units to be aggre-
gated. For example, Lang et al. (2020) directly uses metropolitan statistical areas as the
core units. Similarly, ows of goods between cities can be used as the data associated
with the units (Ross et al., 2009).

Land use delineations

The general procedure for delineating land use areas is similar to the delineation of
cities, however the scale of the units is smaller, the scope of the analysis is more limited
and temporal variation plays a more important role. Many of the new forms of data

already discussed are used for this purpose - location-based social networks (Cala ore
et al., 2021), mobile phone data (Cici et al., 2015), app data such as twitter (Frias-
Martinez and Frias-Martinez, 2014) or ickr (Chen et al., 2019) and others. Examples

of units are speci c points of interest - cinemas, shops, etc (Re Calegari et al., 2015) or
mobile operator tower catchment areas (Grauwin et al., 2015). And examples of data
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for the former are visitation statistics and of the latter - number of processed mobile
phone calls in the area.

In addition to being generally of smaller scale, the data is more limited in scope
compared to megaregional or urban delineations. Typically, the data does not cover
the whole territory of a country but is limited to one or more major cities. This limits
the types of analysis which researchers can carry out. It is impossible to carry out
comprehensive international analysis, or to study the whole typology of results within
a country to derive statistical patterns such as those relating to city size (Zipf's law).
Some international comparisons do exist, however they are limited to comparing the
results between major cities in different countries (Grauwin et al., 2015; Furno et al.,
2017). With the growing adoption of such datasets and their increased availability
to researchers there are some examples addressing these issues such as Blondel et al.
(2008).

2.4.2 Determining the area under analysis and classifying units

A further step some approaches take is to the classify the core units into groups. For
example, Florczyk et al. (2019) use grid cells as base units and population, as well

as built-up density as features with the goal of delineating several types of urban ar-

eas. The grid cells are classi ed into urban and non-urban based on minimum popula-

tion density and percentage of built-up area thresholds. The appropriate classi cation

thresholds for this and other methods are an active area of research (Duranton, 2021;
Arcaute et al., 2015; Batty, 2018; Statham et al., 2021, 2020).

Duranton (2021) identi es several widely used approaches to selecting thresholds
- global, relative, statistical, model-based and ambiguous for urban areas. This classi-
cation is applicable for megaregions and land use grouping approaches as well, since
they describe ways of classifying or discarding core units and not speci c thresholds
or models.

When using a global threshold, all units are grouped, based on a single value re-
gardless of their location, whereas relative thresholds take into account the local con-
text such as the region or country. For example, Florczyk et al. (2019) use a global
minimum of 1,500 people or atleast 50% built up area to classify a grid cell as urban.
These thresholds are applied to all cells regardless of their location. Global thresh-
olds such as these have the advantage of providing more consistency across the results,
however there is dif culty in specifying an agreed upon value (Onda et al., 2019). Rel-
ative thresholds address this issue, but they make comparisons between subsequently
delineated cities more dif cult.

Model and statistical approaches can use the data itself to de ne different types of
thresholds. One example of a statistical approach is the methodology used in Chapter
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5, where the core units are building footprints and are classi ed based on the sur-
rounding building density. An example of a model approach is the one carried out by
Taubenkck et al. (2019) where grid cells are classi ed based on density, following a
monocentric urban model. However statistical and model approaches are not always
possible and can sometimes lead to inconsistent and hard to interpret results (Duranton,
2021; Coombes, 2014).

Because of these dif culties and trade offs, the last type of classi cation methods
embrace ambiguity. This could mean researchers and planners splitting or merging
groups based on non-quanti ed political and cultural context such as (Hagler, 2009;
Nelson and Rae, 2016; Hamilton and Rae, 2018). Or incorporating non-expert opin-
ions, for example local residential knowledge to create the classi cations (Galdo et al.,
2021).

2.4.3 Aggregation

The next step in the analysis aggregates all or subsets of units into delineated areas.
The types of methodologies available for doing this depend on the underlying data
and features. If the basic units capture non-relational information at a particular place,
as such population within a grid cell, the aggregation method uses some notion of
contiguity. Examples of this are Florczyk et al. (2019); Glocker (2018); Schiavina
et al. (2019); Georg et al. (2018); Balk et al. (2021). There also exist approaches such
as Arribas-Bel and Schmidt (2013), which delineate the areas based on differences in
features and ignore geographic space. On the other hand, if the basic units contain
relational data, e.g. ows of goods between two grid cells, there are two options. The
aggregation method could ignore any spatial contiguity information and aggregate the
units based only on patterns in the network of ows (Nelson and Rae, 2016). Or the
approach could take into account both spatial and relational data (Ross et al., 2009).
Similarly to the unit classi cation there are important parameter decisions which
have to be make at this stage. These concern how to de ne the limits to the aggrega-
tion of units and could also be categorised into - xed, statistical and combined. Fixed
de ne the aggregation criteria for the entirety of the data - these could be contiguity
matrices or radii which determine that all units within them are to be aggregated -
(Arribas-Bel et al., 2021a; Statham et al., 2021, 2020; Glocker, 2018; Florczyk et al.,
2019; Schiavina et al., 2019). Aggregating small administrative units based on a xed
percentage of commuters, e.g. metropolitan areas, is another example of this approach.
Statistical and model-based methods compare the distribution of the data itself against
a model to determine whether the units should be aggregated. For example, Nelson and
Rae (2016) uses such a method to aggregate census tracts based on commuter ows be-
tween them. If two census tracts have more commuter ows than is expected between
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two tracts of the same size, assuming a uniform distribution of ows, then they are
grouped together. de Bellefon et al. (2019) uses a similar approach with different data
- grid cells with building density. The tradeoffs between the two types of methods are
similar to those of classifying units, already discussed. Fixed thresholds and limits are
more easily interpretable and have lower computational requirements, whereas statis-
tical methods take into account patterns in the data itself, but are not always applicable
and can be hard to interpret. Other approaches can combine xed and some inferred
aspects and even take into account expert or local opinion (Galdo et al., 2021).

Additionally, it should be noted that the scale of the nal results of an analysis,
using the same data, can be implicitly or explicitly chosen depending on methods or
parameters used. For example, Florczyk et al. (2019); Schiavina et al. (2019); Glocker
(2018) all use the same datasets - grids of population density and built-up levels to
de ne core urban areas, functional urban areas and megaregions respectively. The
difference between the three approaches is in the selection of parameters or methods to
aggregate the core units. Similarly, Rappaport and Humann (2021); Lang et al. (2020)
de ne metropolitan areas and megaregions respectively, using the same commuter ow
census data. More technical analysis such as Balk et al. (2018); de Bellefon et al.
(2019); Arcaute et al. (2015) show how varying parameter choices can also affect the
scale of the resulting delineations implicitly.

Land use

Many land use aggregation approaches are similar, but a differentiating aspect is the
prominent role temporal variations play in these types of delineations, which in turn
affects the types of aggregation methods used. When delineating megaregions or urban
areas the data typically covers one speci ¢ period or instance of time. Examples of this
are population in a year, or commuter ows for a particular quarter gathered through a
survey. In contrast, land use analysis with new forms of data incorporate much more
temporally granular information such as hourly, daily or weekly activity, which is one

of the core advantages of using new forms of data. However, this temporal variation
makes the aggregation process more dif cult since it requires more advanced methods
to measure the similarity between units (Furno et al., 2015). Different approaches can
treat temporal variations in the information as independent features or they can incor-
porate them into the analysis using more specialised time-series methods. For example,
if the core units are grid cells and the data associated with them is hourly population
over a year, approaches of the rst type could aggregate all the temporal data into an
average population per hour across the whole year (Soto aas-Martnez, 2011).
Approaches of the second type would take into account temporal patterns such as the
seasonality, noise and variation across the entire time span and would not use temporal
aggregates, but compare hourly differences directly (Cici et al., 2015).

29



2.4.4 \eri cation

The last step in the analysis is the veri cation of the results.

Urban areas

Duranton (2021) identi es two common approaches across the literature to validate the
quality of the results - comparisons with other existing delineations and comparisons
against widely-studied properties of cities. The former type compares aggregation
agreement between sets of delineations using similarity metrics such as Jacard index
or Rand score. Another similar approach is to directly measure spatial statistics such
as overlap percentages (Arribas-Bel et al., 2021a).

The second type of comparisons can take the form of comparing aggregate statistics
- total delineated urban population or land, or they can be more granular and complex
- the distribution of delineated city sizes against theoretical expectations such as Zipf's
law. The veri cation of delineated urban units is an active area of research and large
differences in comparisons are common (Duranton, 2021). This is due to the variety of
data and methodological approaches used and the fact that there doesn't exist a single
delineation which captures all aspects of urban activity (Duranton, 2021; Batty, 2018;
Lobo et al., 2020; Hartshorne, 1939; Parr, 2007).

Another approach is to rely on expert evaluation of the results such as Florczyk
et al. (2019); Hagler (2009); Galdo et al. (2021); Hamilton and Rae (2018), which
makes it possible to evaluate the quality of delineations from multiple perspective,
something the other tests cannot achieve. However, it takes considerable resources and
time to carry out and furthermore, there is the potential for inconsistencies.

Megaregions

The validation process for megaregional delineations is similar overall - there is a re-

liance on comparisons and expert opinion. However, the validation is more limited due

to three problems. First, there are no well-studied statistical properties of megaregions
such as Zipf's law. Second, there are less readily available polygons of megaregions.
Third, even if some comparisons are carried out - Lang et al. (2020); Glocker (2018);

Nelson and Rae (2016) - they are not consistent and do not employ similarity metrics
such as rand score, but are more ad hoc.

Land use delineation

Similar to the other types of delineations discussed, the nal results of land use anal-
ysis are validated using different types of comparisons and aggregations. A popular
approach is to compare the delineation results against of cial zoning plans and land
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use types (Soto and Tas-Martnez, 2011). Another popular approach is validating the
results through properties within the delineated areas, which are not directly used in
the aggregation process. For example, Furno et al. (2015) use the number of registered
businesses within delineated areas to show that areas, designated as 'bussiness areas’
by their methodology, have more business activities on average than other delineated
areas. However, direct comparisons between derived sets of results is more dif cult
due to data availability and processing issues. For example, many of the approaches
use data from private companies which is not readily available (Grauwin et al., 2015;
Soto and Fas-Martnez, 2011; Furno et al., 2015; Lugomer and Longley, 2018).

2.5 Clustering

All the delineation approaches presented in subsequent chapters are based on cluster-
ing - an unsupervised machine learning approach. Clustering is the attempt to group
data in a way that meets with human intuition, however intuitive ideas of what makes a
"good' grouping are not formally de ned and depend on the application context (Hen-
nig, 2015). Clustering is a type of unsupervised machine learning, due to the fact that
there is no prede ned classi cation of interest in the dataset such as a target category.
Instead, a common target is to group the data in such a way so that members of a group
are more similar to each other, than to members of other groups.

The choice of clustering as the main methodology for delineating boundaries in the
thesis is guided by two principles. First, the motivation behind clustering algorithms
maps directly to the motivation for delineating coherent spatial units and typologies.
In both cases the goal is to separate groups, where members within the group are more
similar to each other than to members of other groups. Second, the two particular
algorithms used make no assumptions about the number of nal delineations needed
or their scale. The number of nal delineations and thresholds for grouping items
together are inferred from the data. In none of the three cases where clustering is
used, do the algorithms assume what size or how many of the nal results there should
be. Furthermore, both methods provide information about the internal structure of the
delineations. In addition to placing items in groups, the nal results of both algorithms
produce a hierarchy that shows how each cluster is constructed.

There are two types of clustering algorithms used in this thesis: HDBSCAN in
chapter three and ve, and Louvain community detection in chapter four. HDBSCAN
Is a density clustering algorithm which requires the speci cation of only one parameter
- the minimum number of elements within a group to consider it a clusters. Density-
based clustering is a family of clustering algorithms which take into account not only
the similarity between the data but the number of observations as well (Campello et al.,
2020). A group of items is considered a cluster, only if it has 'suf cient' density for
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some algorithm speci ¢ de nition of 'suf cient'. When using such an algorithm not
all items in a dataset would necessarily be assigned to clusters, in contrast to other
approaches which partition the dataspace.

The second algorithm used is Lovain community detection. Community detec-
tion is the notion of clustering extended to graph data such as ows of goods between
places. The only requirement for using this algorithm is specifying the notion of sim-
ilarity between two places. In chapter four the dataset used is a network where the
nodes are census tracts and the relationship between two tracts is the number of people
who have either work or home addresses registered in the pair.

2.5.1 Advantages and disadvantages of the methods used

In practice, clustering requires the speci cation of parameters, similar to the different
aggregation approaches. One of the rst and most important decisions is de ning
the metric which measures the similarity between the data items being grouped. This
choice is usually independent of the actual clustering algorithm used. Example metrics
are euclidean distance, which is a generalisation of geographic, 'as the crow ies'
distance to higher dimensions or 'great circle' distance which is an approximation of
distance travelled along the earth's surface. The other parameter choices depend on the
speci ¢ type of clustering algorithm being used.

Both of the algorithms used in the chapters are examples of statistical or model
aggregation, as discussed in the previous section. As such they have certain disad-
vantages related to the interpretation and consistency of the results and choice of hy-
perparameters. First, as discussed, it is more dif cult to interpret why delineations
are calculated. The research chapters in the thesis aim to address this shortcoming by
analysing intermediate results and contextualising them within the existing literature
through comparisons with other delineations and phenomena. In all cases these in-
termediate results play a role in the analysis. Second, the choice of hyperparameters
can have a large effect on the nal results. The comparisons, alongside the analysis
of the nal delineations provide the justi cations for speci c parameter choices. Fur-
thermore, ranges of hyperparameters as well as different clustering con gurations are
tested in the chapters.

Chapters three and ve use the HDBSCAN clustering algorithm and euclidean dis-
tance as a distance metric. The advantage of HDBSCAN in particular is that it enables
the discovery of clusters with different shapes, densities and does not require speci-
fying the resulting number of clusters beforehand (Mclnnes and Healy, 2017). It was
directly developed to address the chaining problem and density problems present in
algorithms such as DBSCAN and single-linkage clustering and is widely used in dif-
ferent domains (Campello et al., 2020). Nevertheless, due to the local cluster extraction
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the algorithm can struggle with certain data distributions (Malzer and Baum, 2020) and
therefore careful validation of the results and testing out multiple hypterparameters is
needed.

The similarity metric used in chapter four is modularity, which is de ned as the
difference between the observed and expected ows based on a random reallocation
(Newman, 2006). The advantage of the combination of Louvain and modularity is that
it is possible to feasibly process large amounts of data and it produces well-de ned
groups of nodes in experiments with synthetic and real data (Lancichinetti and For-
tunato, 2009). However, disadvantages include the fact that all data is assigned to
communities and that changes of paramaters can have large effects on the nal results
(Nelson and Rae, 2016). In chapter four this issue is addressed through an analysis of
the intermediate results, in order to verify that the nal clusters are made up of units
which resemble other delineations in the literature, in addition to analysing the internal
spatial structure of the results.

2.6 Research gap

As a whole, the research carried out in the thesis broadly aims to create delineations
and typologies for the analysis of urban land use, economic integration, city size and
shape, using new forms of data and addressing previous shortcomings in de nitions.
In the course of doing this the concluding chapter re ects on the relationship between
form and function, as well as urban decentralisation and large-scale morphological and
functional integration of urban areas.

More speci cally, the third chapter addresses these two main gaps in the urban
land use and urban sound literature - rst, sound typologies are mainly focused on
acoustic sound or those that are not such as Zambon et al. (2016) focus mostly on
traf c; second, high resolution urban activity analysis primarily uses data from private
companies. The fourth chapter, uses more recent large-scale data and focuses on a
hierarchical delineation of the constituent units of megaregions, in order to con rm that
they are made up of coherent units, in contrast to other research that directly produce
nal results such as Nelson and Rae (2016); Lang et al. (2020); Hagler (2009). The
fth chapter uses building polygons directly to delineate urban areas without having
speci ed global density thresholds. This ameliorates the problems of grid aggregation
and provides a real-time, globally applicable de nition of urban areas, which is one
of the core features required for the generalisability of results (Wolf et al., 2020). The
literature review sections in each chapter contextualise these aims in more details.

In addition to this, the clustering procedures used in all research chapters are hi-
errarchical in nature and aim to show the advantages of these types of methods in
analysing new forms of data. The hierarchical approach enables the exploration of
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intermediate units of aggregation, as well as answering questions about why other po-
tential groupings did not occur. These properties are used in all chapters to link the
analysis to the wider literature.

Furthermore, the thesis shows the importance of contextualising results when us-
ing new forms of data and methods. This is done both in terms of comparing different
methods and results. In all chapters external data is used to contextualise the results and
to analyse what phenomena present in the wider literature are captured by the nal clus-
ters/delineations. In chapter three this is done through the use of Openstreetmap data
and qualitative comparisons with urban sound and urban fabrics literature; in chapter
four - through the analysis of polycentricity and the comparisons with Nelson and Rae
(2016); Hagler (2009); lastly in chapter ve - through the analysis of polycentricity as
well as comparisons with seven other datasets - Florczyk et al. (2019); Hagler (2009);
Leyk et al. (2020) and of cial boundaries.
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Urban land use detection through sound

Abstract: This paper aims to show that sound sensors are an important source of
secondary information for the analysis of urban dynamics. This is achieved through
the use of a clustering method to identify areas with distinct functions based on the

hourly sound patterns recorded by sensors throughout Newcastle and Gateshead.
Three methodologies from the new eld of TDA, as well as a baseline approach are

adopted, in order to address the problem of measuring the differences between the
sound patterns captured by each sensor. A comparison is carried out which shows that
the baseline approach of comparing sound sensors patterns - normalizing the pattern
and using a correlation measure- produces the best results. These clusters show that
sound sensor patterns are strongly affected by the characteristics of the surrounding
area and its usage. In general, sound sensors that are placed alongside the same streets
are grouped together and the different clusters exhibit different sound patterns,
comparable to the detected clusters from mobile phone and app data research. There
are patterns that correspond to areas with signi cant nightlife, residential areas,
leisure areas like parks and mixed usage areas.



3.1 Introduction

Understanding the ways in which people interact with the urban environment is a key
challenge for urban planners and researchers. This information can be used to evaluate
the effects of zoning regulations (Toole et al., 2012), for sustainability and transporta-
tion planning as well as in analysing urban processes like sprawl (Zanganeh Shahraki
et al., 2011). Furthermore, there are numerous commercial applications available -
predicting land and house prices (Duranton and Puga, 2015) or balancing usage on
telecommunication networks (Cici, 2015). Within this context, urban land use detec-
tion aims to characterize the use of areas based on their functions such as business,
residential, mixed and others. A better understanding of the activity of people within
areas provides information about overall urban function and dynamics (Arribas-Bel
and Tranos, 2018; Batty, 2018, chapter 6) and generalisable approaches to this prob-
lem enable comparisons between cities (Furno et al., 2017).

Traditionally, data on land use patterns has been collected by remote sensing, con-
ducting surveys, or GPS tracking techniques. Each of these approaches comes with
with its own advantages and disadvantages. Commissioned surveys or GPS tracking
studies can have good experimental design - the collected data can be representative
and statistically robust. On the other hand, the disadvantages are the high cost, partic-
ipant misreporting their behaviour (in the case of surveys) and the collected data only
providing a static image of the researched phenomenon (Shen and Stopher, 2014). The
most popular land use detection approach has been remote sensing which relies on the
analysis of satellite images. It has the advantage that the data it provides covers larger
areas and the costs of obtaining and analysing it is comparatively low. However, such
techniques do not directly capture human activity data and there is a small variety of
urban land uses that can be identi ed. In fact a recent systematic review (Reba and
Seto, 2020), found that over 85 % of remote sensing land use studies identify only one
urban land use type, and highlighted the need to differentiate multiple urban classes.

Advances in technology and increased adoption of 'smart' devices have created a
deluge of valuable 'new forms of data’ for research (Arribas-Bel, 2014b). Examples
of this type of data are mobile phone call records, app data , images, or sensor data
- such as footfall. These data have already had an impact on urban land use detec-
tion. For example, Cici et al. (2015) show that it is possible to use volume of cell
phone call records across time, in order to delineate the city of Milan into residential,
of ce, nightlife and other areas with a distinct land use type. Frias-Martinez and Frias-
Martinez (2014) use total volume of tweets per hour to the same effect. Furno et al.
(2017) expand the scope and create a global comparison, which nds that there are
common patterns among cities in different countries for transportation and business
areas, however residential areas have more heterogeneous patterns. Such studies show
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the advantages of new forms of data - through them it is possible to obtain a picture of
urban activity at higher temporal and spatial resolutions, thus giving insights into short
and medium term urban dynamics at various scales.

The main contributions of this paper are twofold. First, to the best of the authors'
knowledge, it is the rst exploratory study into the use of sound sensors to detect
different functional land use areas within a city. The speci c dataset used for the
analysis comes from the Newcastle urban observatory (James et al., 2014). It captures,
over a 30 day period, the hourly sound levels from 40 sensors placed alongside roads in
Gateshead and Newcastle in the United Kingdom. The sensor readings are not acoustic
sound recordings, widely used in the urban sound analysis literature, but represent
decibels levels at a certain location and time.

Urban sound sensor data offers several advantages when used for land use detec-
tion. First, sound readings are affected by both human activity (Groos and Ritter, 2009)
and built environment (Zuo et al., 2014), thus urban areas delineated based on noise
patterns capture aspects of both. Second, the analysis captures hourly, or even shorter
term, variations in land use dynamics due to the high temporal resolution of the data.
Third, sensor readings are affected by the activity of all people in the catchment area of
the sensor. Other 'new data’ sources, such as tweets or footfall counters detect only the
activity of users of a speci ¢ app or a certain type of mobile phone. Fourth, aggregated
sound sensor data, which does not record actual residents, can be made more read-
ily available to researchers in contrast to other sources. For example, mobile phone
records and app data could be limited by the willingness of private companies to share
the data and by privacy protection regulations such as the General Data Protection
Regulation (GDPR). Finally, sound sensors have the potential capture noise at a higher
resolution and more consistent areas than other sources, i.e. mobile phone records,
where the catchment areas are affected by tower placements and are of varying sizes.

The second contribution is that the paper carries out a comparison between meth-
ods from the emergent eld of topological data analysis and the 'new forms of data’
land use literature. Similarly to other forms of data, the sound data used for the analysis
has problems of effective and accurate processing (Arribas-Bel, 2014b). Additionally,
the sensors have issues related to measurement, processing, battery and other types
of errors (Smith and Turner, 2019). In an effort to address these, this paper adopts
topological data analysis (TDA) methods. TDA techniques have found applications
in analysing signal or time series data, such as temporal sensor readings, in various
domains such as medicine (Emrani et al., 2014), nance (Gidea and Katz, 2018) and
epidemiology (Piangerelli et al., 2018). A main feature of TDA methods is their robust-
ness (Cohen-Steiner et al., 2007), which refers to their handling of missing or spurious
data during the analysis process. The successful applications, along with the methods'
robustness makes TDA techniques a good choice for the analysis of the sound sensor
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data, since they can account for the problems of missing or corrupted readings. The
comparison is carried out in order to validate TDA effectiveness and to create the best
performing set of clusters as measured by internal, external and spatial metrics.

The rest of the paper is structured as follows. The next section places this research
into the context of urban sound analysis, urban land use detection using new forms of
data and the topological data analysis literatures. The data and methodology section
describes the datasets used in detail and the approach taken to the land use problem.
Speci cally, the methodological approach is to group together the different sensors
based only on the similarities between their sound patterns. A way to measure these
similarities, is chosen by a comparison between a TDA method and a quality baseline,
adopted from the literature. The TDA method itself is chosen based on a quantitative
comparison between candidate TDA methods, carried out in Apendix A. In the results
and discussion sections the best performing set of results are analysed based on their
sound patterns and the surrounding points of interest. Lastly, the resulting areas are
situated both in the urban sound analysis and the land use detection literature.

3.2 Literature review

3.2.1 Urban sound analysis

Advances in urban sensor systems have led to more aspects of city dynamics being
captured (Zanella et al., 2014). Projects such as Newcastle urban obséeraatbAr-
ray of Things? record levels of CO2, noise, temperature and traf c among others with
the aim of providing data for more ef cient decision making and urban management.
Urban sound analysis aimed at understanding the types, duration and impacts of
various sounds found in cities, has bene ted from these advances. One of the primary
topics of research in this area is noise pollution, which aims to analyse the impacts of
noise on human activity and health and to propose ways to mitigate its harmful effects
(Zuo et al., 2014). Other topics include event monitoring and acoustic scene classi-
cation (Virtanen et al., 2018). Event monitoring deals with creating smart systems
that monitor for and respond to speci ¢ sound events - gunshots, ghts breaking out or
home invasions. Whereas acoustic scene classi cation is concerned with classifying
urban sounds into categories based on their source - park, cafe, of ce, restaurants and
others. The difference between this paper and these types of research is that rst, we
do not have prede ned categories and second, actual acoustic sound records are not
used for the analysis, rather the data is the recorded max decibels volumes at a speci c
time and place.

https://urbanobservatory.ac.uk/
2https://arrayofthings.github.io/
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This paper is closely related to other noise pollution studies from the urban sound
analysis literature. Their aim is to classify the types of roads within urban areas, based
on traf ¢ noise patterns for the purpose of noise pollution monitoring. Zambon et al.
(2016, 2017) group roads into two types based on their hourly sound patterns - one
cluster which has two peaks around the beginning and end of working hours and an-
other which has a similar pattern, but with a higher activity during the nighttime hours.
Furthermore, Orga et al. (2017) similarly analyse urban sound sensors and nd two
clusters, identical to the ones described in Zambon et al. (2016, 2017). They also dis-
cover that one contains more noise samples related to pedestrians, whereas the other
contains more noise samples related to transport. This hints at the potential of the
sound sensors to capture underlying characteristics of different areas. Lastly, Bram-
billa et al. (2019) again nd two clusters with similar patterns to the above, based on
a metric which measures adverse noise exposure. The consistent nding among all of
these studies is that urban sound near roads is dominated by two patterns with similar
peaks during working hours, but one cluster shows more activity during the nightime.

The focus of this paper is on a more granular grouping of the sound sensors than
the above work and one which captures functional information about the surround-
ing areas. First, the goal is not to classify streets, in order to nd optimal placements
of sensors for the purpose of noise pollution monitoring. But rather, the focus is on
analysing the link between the functional usage of the surrounding area and the cap-
tured sound patterns. To this end, different methodological approaches are adopted -
Topological data analysis (TDA) methods to measure the differences between sensor
patterns and HDBSCAN clustering to achieve a ner grained, higher quality grouping
of the clusters. Second, the positions of the sound sensors used in this paper study were
not necessarily chosen for the monitoring of traf ¢ noise. Placements were effected by
resident demand and by air pollution considerations (James et al., 2014).

In spite of these differences, the use of this type of sound sensor data for land use
detection is motivated by several developments in the urban sound literature. That
human activity has a large effect on sound sensor patterns has already been suggested
by Groos and Ritter (2009). In addition, studies from traf c analysis suggest that
the surrounding built environment affects the sensors readings. Hupeng et al. (2019)
show that different street characteristics affect sound propagation. Zuo et al. (2014)
nds 'ubiquitous traf c noise exposure across Toronto and that noise variability was
explained mostly by spatial characteristics'. These results suggest, that at the very
least, areas with varied functional usage and vastly different built characteristics, such
as parks and nighttime entertainment areas, are identi able. Furthermore, there is
scope for future improvements in the eld that would enable the better capture of
human activity directly. Recent experiments in sensor technology (Lau et al., 2018)
show that modi ed sensors are capable of capturing only sounds resulting from human
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activity.

3.2.2 Urban land use detection

Popular approaches to urban activity and land use detection include the use of survey
data, commissioning GPS trackers studies, and remote sensing. Remote sensing in a
land use context refers the analysis of satellite images through GIS techniques in order
to infer different land use types. The focus is not necessarily restricted to urban areas
and the extent of such studies can cover the entire landmass of a country deriving other
non-urban land use types such as forest, agriculture, watersheds. Remote sensing is
currently the most widely adopted method of land use detection. There is no single
methodology and the analysis can focus on different aspects captured by the satellite
images such as night lights, transport links or buildings. Advantages of this method are
it can be globally applied and that there is temporal data available, making it possible
to track changes in land use over time. Two related disadvantages of remote sensing are
that there is no actual functional data captured and that the majority of studies discern
only one urban land use class (Reba and Seto, 2020).

Activity surveys are a popular tool and have been used to address a variety of ur-
ban land use research questions. They require dispatching surveyors in order to collect
data either in person, though the mail or online apps. With the advancement of technol-
ogy GPS trackers are being adopted in addition or to entirely replace surveys . These
trackers give longitude—latitude at short time intervals and do not allow for participant
misreporting to affect the data. One of the main uses of both activity surveys and GPS
trackers has been for transport planning to better understand travel behaviour, route
choice and traf ¢ safety (Shen and Stopher, 2014). Other uses include the characteri-
zation of neighbourhoods or city areas based on citizen activities. For example, Sung
et al. (2013) use activity surveys in the Seoul to evaluate whether diversity of func-
tions and activity within a neighbourhood has effects on its vitality, while Marquet and
Miralles-Guasch (2015) evaluate the importance of walkable environments to neigh-
borhood wellbeing in Barcelona. Data derived from these surveys has the advantages
of good experimental design - it can be representative of the studied population and any
inferences made from the data can be statistically robust. The main disadvantages of
surveys are the high cost and the complex planning required to carry them out success-
fully, as well as participants misreporting data. However, as a new method, the GPS
survey also has some shortcomings, such as unstable signal acquisition in certain areas
and dif culties in GPS data processing (Shen and Stopher, 2014). Additionally, it is
expensive to track large numbers of individuals and usually the scope is limited to the
low hundreds of participants (Frias-Martinez and Frias-Martinez, 2014). Additionally,
due to the high cost and complexity such surveys are not carried out frequently.
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As new forms of data have gained popularity, land use researchers have started
adopting them in order to address the disadvantages mentioned above. These new
forms of data are different in type and come from distinct sources such as street level
imagery (Zhang et al., 2019a), app data such as twitter or foursquare (Frias-Martinez
and Frias-Martinez, 2014), or mobile phone records (Cici et al., 2015). The advantages
of these data types over more traditional data are that they provides a real-time picture
of urban dynamics. With increased adoption the data becomes more representative and
the results of the analysis improve. It also address several of the issues of using sur-
veys to gather data, such as respondents misreporting activities. The disadvantages are
that this type of data might be subject to different privacy laws in different countries,
making it dif cult to analyze or even collect. It can also be hard to get access to this
data, since it is closely guarded by companies due to its commercial value. Lastly,
preprocessing and analysing the data requires care, since the choice of methodology
and preprocessing can effect the results signi cantly.

There are two popular approaches to land use detection using these data: one where
the focus is on functional relationships and another where its on intensity of activ-
ity. Relational 'new forms of data' include among others geolocated twitter mentions,
location-based social network (LBSN) data, ride sharing or hauling data, or mobile
phone calls between places. These have found applications at various scales and for
different problems. Cala ore et al. (2021) use location based social network to char-
acterize and compare the neighborhoods of different cities. A relevant paper to this
one is the study performed by Lenormand et al. (2015) in ve Spanish cities. It delin-
eates four areas of different land use: residential, business, logistics/industry, nightlife.
These approaches are possible anywhere where there is enough data available and rep-
resent an important addition to traditional data sources, since they directly capture
functional relationships at high spatial and temporal resolutions.

The other type of data, focuses on intensity of activity at prede ned places - cells
in a grid, streets, mobile operator tower catchment areas and others. This is in contrast
to studies that try to understand land use function from the position of the individual,
i.e. surveys or GPS. The most popular examples of this type of data are number of
tweets per hour or number of phone calls per minute recorded at a geographic location.
Sound sensor data is also an example of this data type.

Geo-tagged twitter data is one of the most widely used 'new forms of data’. It
has been used to infer urban land uses by clustering different areas in the city based
on pro les of tweet activity. With this methodology Frias-Martinez et al. (2012) and
Frias-Martinez and Frias-Martinez (2014) identify areas with speci ¢ tweet activity
signatures that corresponded to different types of land use. The analysis is carried
out in different places - Manhattan, London and Madrid , and both studies are able to
detect clusters that correspond to four urban land use types: business, leisure/weekend,
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nightlife and residential, while Frias-Martinez and Frias-Martinez (2014) detects an
industrial pattern of activity unique to London. Using a similar methodology, Zhan
et al. (2014) inferred four types of land use areas in New York City: residential, retail,
open space/recreation and transportation/utility. Other studies have been carried out
using other geolocated data similar to tweets, i.e. Chen et al. (2017) using the social
media “Tencent”.

Mobile phone records is another 'new form of data' that has been used in order to
capture land use patterns in different cities (Pei et al., 2014; Toole et al., 2012; Furno
et al., 2015; Miao et al., 2018; Zhang et al., 2019b). The studies differ in scope with
some focusing on single cities, while others compare patterns identi ed in various
cities to each other. Similarly to results from twitter activity analysis, there are at least
four types of land use areas identi ed - residential, business, leisure and entertainment.
These show up across different methodologies and data types in the studies. It should
be noted that, there are papers that as a result of the speci c clustering methodology
used end up with a signi cantly larger number of clusters, i.e. (Furno et al., 2015).

Each of these land use types is characterized by a temporal activity pattern - mea-
sured by the number of tweets per hour in the rst case and the number of phone calls
per hour in the second . For example, business districts have an activity signature
characterized by high level of activity during working hours and low activity the rest
of the time (Cici et al., 2015). This activity pattern is reversed for residential areas
and there is altogether another usage pattern for entertainment or mixed usage areas.
Several papers have found areas with similar business patterns in different cities, but
different patterns for residential areas (Grauwin et al., 2015; Furno et al., 2017). Most
studies focus on the pattern of activity and completely ignore magnitude, with some
exceptions that give marginal improvements (Pei et al., 2014). This suggests that dif-
ferences in the areas are captured by the variations in the activity patterns, rather than
in population effects.

This paper aims to use sound sensor data for land use detection. Sound sensor
data is closely related to both the mobile phone activity data and the twitter activity
data types described above. Both measure the intensity of actions of different types,
related to human activity, at xed places throughout an urban area. In addition to hav-
ing all of the general advantages of new forms of data already discussed, generalised
noise data as used in this paper, is more available to the public in contrast to other
sources. Sound sensor readings are not limited by the willingness of private compa-
nies to share the data or by privacy protection regulations such as the General Data
Protection Regulation (GDPR). Another advantage sound senors have over other data
sources, is that they capture human activity at a higher resolution, than say mobile
phone records. Furthermore, sound sensors capture the sounds generated by all people
in the respective sensor's catchment area. This is in contrast to most mobile phone or
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twitter data, that capture only the activity of people that use a speci ¢ mobile opera-
tor or app. A disadvantage this data shares with other 'new forms of data’, is that it
requires additional effort to process and analyse, in order to get meaning full insights.
(Arribas-Bel, 2014b). Additionally, the speci ¢ sensors used to gather the sound data
suffer processing errors, battery issues and other problems (Smith and Turner, 2019).

3.2.3 Topological Data Analysis

In order to address the issues with processing and analysing the data and this paper
turns to methods of Topological data analysis. To effectively analyse the differences
between sound sensors, a way to compare the captured sound patterns is necessary.
In general, the sound patterns can be considered as time series or longitudinal data -
readings by the sensors, of the same phenomenon, at different points in time and TDA
techniques have been used to analyse signal or time series data in various domains such
as medicine, nance and engineering.

To measure the difference between two time series they are either analysed directly
or converted to a time-lagged representation (Perea et al., 2015) and persistent homol-
ogy is applied (Chazal and Michel, 2017). Persistent homology provides an object,
a 'persistent diagram' that describes the multi-dimensional coarse shape of the time
series. The zeroth dimension corresponds to connected components or clusters, the
rst - cycles present in the time series data. The second and above dimensions rep-
resent higher dimensional generalizations of cycles. This information is re ective of
various underlying periodic patterns in the time series, as well as critical points - peaks
and valleys. Persistent diagrams of different time series can be compared to each other
through 'bottleneck distance’, which is a measure robust to noise (Cohen-Steiner et al.,
2007). This approach has been shown to be capable of classifying volatile time series
data (Umeda, 2017). Costa aB#traba (2014) uses it to compare the spread of in-
uenza like diseases in seasons of in uenza in Italy and Portugal. Emrani et al. (2014)
uses it to classify breathing patterns according to the presence of wheezes, while Pian-
gerelli et al. (2018) successfully detect when a patient will have an epileptic seizure.
Gidea and Katz (2018) uses a similar method to predict transitional market events, like
nancial crashes. There are also direct applications that show improvements in clus-
tering results when using TDA techniques (Perea et al., 2015). These results show the
potential of TDA techniques to capture differences between time series.
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3.3 Data

3.3.1 Sound data

The data used in the analysis comes from the Newcastle Urban Observatory Environ-
ment system of sensors (James et al., 2014). It collects data from numerous sensors
across across Newcastle and Gateshead in the UK. The sensors record continuously
guantities such as temperature, air quality and noise levels. For this analysis only the
maximum decibel levels at a particular time inteval are used. The sensors are generally
placed near central locations - city centre, business parks and others, however resi-
dents can apply for the placement of sensors in their neighbourhoods, parks or other
areas through the related project - 'SenseMyStfe&@ome of the major projects the
sensors are already being used for is designing a visualization engine for smart cities
(Holliman et al., 2017) and monitoring of urban runoff (Jonczyk et al., 2016).

The downloaded raw data used for this paper covers all the available sound sensors
over the two month period between the 1st of January 2019 and the 1st of March 2019.
Figure 3.1 shows the geographical position of the sensors in Newcastle and Gateshead.
It can be seen from the gure that, most sensors come in groups along a speci c street
and naturally form a clustering. There are readings from 62 sensors in the raw dataset,
which record the maximum captured sound level at similar time intervals. Figure 3.2
shows the processed sound patterns recorded by four sensors placed in different areas
- this is the only type of data that will be used for analysis. The preprocessing of
the sound patterns was necessary in order to address potential issues with the data
stemming from problems with the sensors - battery problems, data record problems
and measurement errors (Smith and Turner, 2019).

First, all readings were aggregated hourly. The data was then limited to a period
of one month - from 6th of January 2019 to 6th of February 2019. The period was
chosen since it was the timeframe that had available data for most sensors. Next, all
sensors with a higher proportion of missing to available data were dropped. For all
remaining sensors, the missing values were mean interpolated based on day of the
week and the hour. Lastly, all of the sensor data is normalised, in order to focus the
subsequent analysis on the patterns of sound rather than magnitude. The processed
dataset, consists of 40 sensors with hourly noise readings covering the entire 1 month
period.

3https://sensemystreet.uk/
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Figure 3.1: Sound sensor po435itions in Newcastle and Gateshead



Figure 3.2: Sample sound patterns from four sensors

3.3.2 Openstreetmap data

Data from Openstreetmap (OpenStreetMap contributors, 2017) is used in the analysis
of the clusters and sound sensor placements in order to better characterize the areas
the sensors are in. Speci cally, since each of the sensors is located on a street, char-
acteristics of the street and surrounding available Openstreetmap amenities, as well as
buildings in a 100m radius are gathered.

There are three types of roads the sensors are placed in - primary, secondary and
tertiary. The available points of interest in Openstretmap come in six broad categories.
In order to better understand these six categories, they are presented along with exam-
ple points of interest that would fall within them:

1. Sustenance - bars and restaurants

2. Education - schools and universities
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. Transportation - bus and taxi stops

N

. Financial - banks and change bureaus
5. Healthcare - hospitals and pharmacies

6. Entertainment - cinemas, nightclubs and theaters

3.4 Methodology

The methodological approach can be broadly broken down into two parts. The rst part

is concerned with the building of the optimal grouping of sound sensors into clusters
that represent areas of similar functional usage. Two sets of clusters are derived in order
to evaluate the effectiveness of the new TDA approaches. The rst set of clusters uses

a TDA method to differentiate sound patterns, while the second an approach developed
by Furno et al. (2015) for the analysis of mobile phone signals for land use detection.
These sets are then compared using external, internal and spatial coherence measures.
In the second part the best performing grouping is analysed in detail.

3.4.1 Clustering

The main aim of the paper is test the viability of sound sensor data as a secondary
source of information for urban dynamics. Speci cally the goal is to see whether the
captured sound patterns differ, depending on how people use the surrounding areas.
First, there is no prior knowledge how many functional areas exist in the data and
second, it is expected that if the sensors do in fact capture activity data they will show
patterns similar to the core types of previous land use studies. A clustering approach
was chosen for these two reasons, and in accordance with other papers mentioned in
the previous section, e.g - (Pei et al., 2014; Cici et al., 2015; Furno et al., 2015; Miao
et al., 2018; Zhang et al., 2019b).

The methodological starting point in those studies is calling records, collected at
mobile tower stations or geo-tagged tweets in different parts of the city. This gives a
representation of activity patterns through time and space. These time series are then
pre-processed and prepared to be analysed using clustering methods. This is done with
the goal of nding out how many distinct activity patterns there are and where the
geographical places where these patterns occur are. As a last step, external data such
as nearby points of interest is used to validate the results.

This paper follows the same broad approach when analysing the sound sensor data.
The difference is that the choice of single-linkage hierarchical clustering and a choice
of cutoff metric will be replaced by clustering using HDBSCAN (Campello et al.,
2015). HDBSCAN offers improvement over hierarchical clustering in three ways.
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First, it takes into account the presence of outlier sensors - that is sensors that display
anomalous or very different behaviour. This is appropriate for the sound sensors data
due to problems such as measurement or processing errors, battery issues and others
(Smith and Turner, 2019). Second, it is able to detect clusters with a different number
of members (varying density). And lastly, it gives a at clustering. Although the
approach is slightly different, the two methods are directly related and HDBSCAN was
developed as an extension of single-linkage hierarchical clustering, to address some of
its shortcomings (McInnes and Healy, 2017).

In order to make the comparisons between the TDA and the baseline methods more
exact, the same clustering method - HDBSCAN - with the same parameters will be
used. HDBSCAN requires only one choice of parameter and that is the minimum
number of sensors in cluster, in order to consider the group a valid cluster. The choice
for every method is two, due to the spatial dispersion and total number of the sensors.

Measuring differences in sound patters

In order to apply the HDBSCAN clustering algorithm, a measurement of the differ-
ence between sound patterns needs to be de ned. This paper computes differences
between sound patterns in two ways - rst using a TDA algorithm and second with
an already established approach. These differences are then used to create clusters of
sound sensors by applying HDBSCAN and the results are evaluated as described in the
next section.

As mentioned before, the captured sound patterns by the senors are a type of time
series data - readings of the same phenomena across time. Clustering of time series is
an active area of research and is done for exploratory data analysis, to get summaries of
large datasets or as a intermediate step in other methods (Aghabozorgi et al., 2015). As
this is an active area of research there exist numerous ways to measure the differences
between sound sensors. Furno et al. (2015) carry out a comparison between different
methods with mobile phone data for the purpose of functional land use detection. The
best performing method from that study is used as a baseline in this paper. It consists
of two steps. The rst step is to extract a median, weekly activity for each sensor.
Afterwards, each of these typical weeks are normalised and the pairwise distance be-
tween all sensors are computed based on their correlation. These pairwise distances
are then used by the HDBSCAN algorithm to compute the clusters.

3.4.2 Cluster evaluations

Clustering is the attempt to group data in a way that meets with human intuition
(Mclnnes and Healy, 2017). In this paper we use numerous metrics that try and cap-
ture aspects of this intuition - internal clustering measure, external data and spatial
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autocorrelation.

Internal validation metrics measure desirable properties of the resulting clusters.
This paper uses one of the most widely metrics - silhouette score. It measures how
separated the clusters are - i.e. whether a sensor could reasonably fall within another
cluster as de ned by the clustering method. It ranges in value from one to minus one,
where scores near zero indicate overlapping clusters. In general, negative values can
be interpreted as having sensors assigned to the wrong cluster, as there exists a more
appropriate assignment choice. Positive values close to one mean a perfect separation
of clusters.

Internal evaluation metrics are helpful in providing information about clustering re-
sults, however this information is not always practically relevant to the task (Campello
et al., 2015). To account for this, each set of clusters are further validated externally
and characterized with points of interest and building data data from Openstreetmap.
If the resulting clusters represent different functional area pro les, then this should
be re ected in the distribution of the amenities and buildings of the surrounding area.
This is a common assumption and validation approach among many twitter and mobile
phone data land use studies - (Cici et al., 2015; Furno et al., 2015; Miao et al., 2018;
Zhang et al., 2019b). To measure this difference for each set of clusters, the individual
clusters are treated as observations and the distribution of different types of amenities,
as described in section 2, are their characteristics. The differences between them is
measured by Euclidean distance. The larger the values the more functionally separated
the clusters are. This distance is based on external, not used in the formation of the
clusters data. Smaller values indicate similar clusters, meaning that different clusters
do not capture different functional information. For each set of clusters both the mean
and minimum distance is reported - large mean distances indicate that there is atleast
one cluster different than the others within the same set, whereas a large minimum
value means that the most similar clusters are dissimilar.

Another external validation metric used is spatial autocorellation. Since most of
the sensors are placed along the same streets, they capture similar or the same noise
patterns and a good cluster assignment should group at least some of the sensors in
a spatially coherent manner. To measure how much this is the case for each set of
results its clusters are compared against a naive spatial clustering. This naive spatial
clustering simply groups sensors on the same street into the same cluster. Adjusted
mutual information score (AMI) is used to measure how much each set of clusters
resembles this naive spatial clustering. The measure's values range from zero to one,
with a score close to one meaning that there is strong spatial autocorrelation in the
analysed set of clusters.

It should be noted again that the only data used for the clustering is the sound
patterns captured by the sensors, (a sample is shown in in Figure 3.2). Neither spatial

49



information, nor points of interest or building data will be used. If the analysis results

in clusters that respect the geography and street characteristics, then this is evidence
in support of the idea that sound readings can be used to capture distinct land usage
patterns.

3.4.3 Sound patterns and TDA

As used in this paper, Topological data analysis methods allow for another way of mea-
suring signals. The TDA method used in this paper is based on the ideas of persistent
homology, diagrams and bottleneck distance (Chazal and Michel, 2017). The speci c
method used for the comparison is called 'Lowerstar' and it focuses on the peaks and
valleys in the time signal. In applying the methodology to our data we follow the suc-
cessful application of this method by Knyazeva et al. (2016). We directly compute
the persistence diagram for each sound sensor based on its entire sound pattern. Each
persistence diagram describes the shape of the time series in terms of critical points -
local minimums and maximums. The diagram itself consists of components, equal to
the number of local minimums and each component has two values - a birth and death
times. The birth times correspond to local mins and the death times correspond to local
maxes. These diagrams are used to compute the differences between each pair of sound
sensors based on 'bottleneck distance’, which is a measure of similarity between per-
sistence diagrams that is robust to noise and sensitive to small changes (Cohen-Steiner
et al., 2007). These pairwise distances are then used by the HDBSCAN algorithm to
compute the clusters.

In addition to numerous successful applications, this TDA method was used since
it was the best performing TDA method in the comparison carried out in Appendix A.
This cluster evaluation comparison followed the same format as the one that is carried
out between the TDA and baseline approach, described in the previous section.

3.5 Results

3.5.1 Comparison results

Table 3.1: Clustering results

Number of clusters Number of Outliers| Silhouette score AMI | Mean difference in POI distribution Min difference in POI distributior]
Baseline 5 12 0.558 0.365| 0.425 0.107
TDA Lowerstar| 3 17 0.304 0.128| 0.104 0.075

Table 3.1 shows the results of the comparison procedures. The application of the Furno
et al. (2015) sound pattern differentiating procedure results in 5 clusters that capture
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28 sensors and 12 outliers. The 'Lowerstar' TDA method on the other hand, splits 23
out of the 40 sensors into three clusters and 17 outliers.

Overall, the methodology adopted from Furno et al. (2015)('Baseline’ in the table)
performs better than the 'Lowerstar’' TDA approach across all measures. The mutual
information score (AMI) measures the similarity between the resulting clusters and a
spatial grouping of the sensors. The higher mutual information score for the baseline
method shows that it captures the spatial dimension of the sensors better than the TDA
approach. Similarly, the higher silhouette score, means that clusters derived from this
methodology are more separate than the clusters resulting from the TDA comparisons.
Lastly, the mean and minimum external validation metrics show that the clusters differ
more in the distribution of points of interest for the baseline methodology. These higher
values suggest that the clusters capture areas with more distinct distributions of points
of interest, representing different functional usages. Since the baseline clusters perform
better against the metrics, the rest of the analysis focuses on them.

3.5.2 Clustering results

The baseline methodology produces ve clusters that contain 28 out of the 40 sensors
and 12 outliers. An advantage of the HDBSCAN algorithm is that it enables the dis-
covery of distinct points based on the outliers. Table 3.2 presents the average distance
of the outliers to every other datapoint. As it can be seen two sensors have a noise
pattern that is on average almost twice as different as the rest. It is very likely that
these sensors represent a different type of behaviour to the other clusters, but cannot
themselves form clusters since they are lone sensors. The fact that they are outliers and
not clusters is a limitation of the data. These sensors are analysed along with the other
clustering results under the names 'Claremont Road' and 'Baldwin Avenue'. The rest
of the outliers are discussed as a group.
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Table 3.2: Average distance to other points for each detected outlier

Sensor Average difference to other sensars
PEREMOTE 1004 | 0.078
PEREMOTE 1005 | 0.058
PEREMOTE 1171 | 0.127
PEREMOTE 1204 | 0.055
PEREMOTE 1205| 0.061
PEREMOTE 1208 | 0.062
PEREMOTE 2601 | 0.122
PEREMOTE 2605 | 0.078
PEREMOTE 2606 | 0.076
PEREMOTE 2763 | 0.057
PEREMOTE 2766 | 0.048
PEREMOTE 2902 | 0.054

Figure 3.3 shows sensors colored by cluster membership, with the clusters named
after the street or place the majority of sensors are in. In general, sensors that are on
the same street are in the same cluster (with the exceptions of outliers). For example,
the 'High Street' cluster covers the most area and all the sensors on its street. It is
interesting to note that most outliers lie on intersections, which suggests that that is
where the noise pattern changes on a street. There is also a cluster named 'Corner
sensors' which contains 2 sensors on the corners of the 'Durham Road' cluster.
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Figure 3.3: %%seline clusters



Figures 3.4 and 3.5 show the normalized median weekly noise pattern for each clus-
ter. Most of the clusters have a similar dominant pattern that follows typical working
hours - with two peaks, followed by a drop in activity. The differences in the patterns
come from considering the relative times of the peaks as well as the differences be-
tween the weekend and weekdays. For example, the most distinct cluster stands out
because of the large spikes in noise during weekend nighttime hours.

Figure 3.4: Average week for the rst 4 clusters
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Figure 3.5: Average week for the last 3 clusters

Tables 3.3 and 3.4 shows the distribution of points of interest and buildings, avail-
able from Openstreetmap, across the clusters. The number of residential buildings
varies greatly among the clusters, even though they cover geographical areas of differ-
ent sizes. For example, 'Baldwin Avenue' a lone sensor has 44 residential buildings in
a 100 metre radius around it, whereas the 'High Street' cluster covers a geographical
area, at least 5 times larger, but only has 16. There are also noticeable differences in
the POI data. For example, the city centre cluster is the only one with any entertain-
ment POIs. Another thing to note is that the sustenance and transport points of interest
dominate most clusters with varying levels.

Table 3.3: POl results

total | sustenance education| transportation nancial | healthcare entertainment sensorg
City centre 102 | 0.470 0.009 0.460 0.019 0.000 0.039 6
Leazus Park Road25 | 0.360 0.040 0.560 0.000 0.040 0.000 3
High Street 32 |0.343 0.000 0.531 0.093 0.031 0.000 8
Durham Road 13 | 0.615 0.000 0.230 0.000 0.153 0.000 9
Baldwin avenue | 1 0.000 0.000 0.000 0.000 1.000 0.000 1
Claremontroad | 7 0.000 0.142 0.714 0.000 0.142 0.000 1
Corner sensors | 2 0.000 0.000 0.500 0.000 0.500 0.000 2
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Table 3.4: Building data

Residential buildings Total buildings| Sensors
City centre 2 15 6
Leazus Park Road 14 16 3
High street 16 26 8
Durham Road 99 100 9
Baldwin avenue | 44 44 1
Claremontroad | O 0 1
Corner sensors | 108 109 2

The two largest clusters are 'Durham road' and 'High street'. In terms of the road
network 'Durham road' is a traf ¢ heavy secondary road, while 'High street' is a pri-
mary road. This is re ected in the larger number of transportation POI around the
sensors on 'High street’, which feature a parking and a metro link. 'High Street' also
has relatively less sustenance POls than 'Durham road' and is the only cluster with a
signi cant number of nancial POI around it. ‘Durham road' on the other hand has a
high percentage of healthcare buildings such as doctors and pharmacies around it. In
terms of residential buildings 'Durham road' has signi cantly more. These differences
suggest distinct primary usage of each area, however the noise patterns of the two clus-
ters are similar as seen in Figure 3.4. In order to better see the differences the average
week and weekend day are shown in Figure 3.6. Both clusters follow the same general
dominant patterns. On weekdays, there are peaks in the morning around 8:00 A.M. and
noise remains consistent until 19:00 and then starts to drop off. During the weekends
there is a peak at 12 and a leveling off, which indicates that sensors are placed near
areas that have high activity during working hours. 'High street' overtakes 'Durham
Road' at around 18:00 during the weekdays and 20:00 during the weekends. It is pos-
sible that this is a result of the high level of traf c POIs. The two cluster patterns
identi ed here are similar to the ones described in a number of studies in Italy (Zam-
bon et al., 2016, 2017) - similar working hours pattern, but the differences between
them come in the nighttime activity. Other than this, there are no clear differences in
the patterns of these two clusters. This suggests that general noise patterns dominate
busy traf c roads and make it hard to distinguish between the types of areas the sensors
are in.

One of the most present clusters in studies using twitter and mobile phone data
are the worktime or business areas identi ed in most studies - i.e. Pei et al. (2014);
Cici et al. (2015); Furno et al. (2015); Miao et al. (2018); Zhang et al. (2019b). These
are characterized by high activity during the working hours and low activity during
the weekends. In our dataset, one area has a lot of businesses and of ces - 'High
Street', however it is very similar to another one 'Durham road', which is a primary
road with mainly houses, parks and shops. This speaks to some limitations of using
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sound sensors in that for sensors on or near heavy traf ¢ roads, the type one traf c
noise pattern dominates and differences are hard to detect. Nevertheless, the algorithm
managed to detect the differences, which shows promise for future studies.

Figure 3.6: Average weekday and weekend comparison between the clusters on
Durham road and High street

The next cluster - 'City centre' - consists of six sensors placed on three streets near
the Newcastle city centre. The sensors are located near busy primary roads, hotels,
transport links and the only nightlife present in the data. The cluster has the most
distinct pattern with high levels of noise during weekend nighttime hours. It is a rep-
resentative of the second type of roads found in the Dynamics studies (Zambon et al.,
2016). A cluster with a pronounced night activity and relatively similar daytime pat-
tern to the worktime clusters. The separation of sensors into city centre and others
is expected since there are results that suggest that in England city centres have more
urban vitality than other areas within the city, meaning more activity at all times (Sulis
et al., 2018). Furthermore, a city centre or nightlife cluster is present in other studies
that use mobile phone records or geo-tagged twitter activity pro les - i.e. Soto and
Fras-Martnez (2011); Frias-Martinez and Frias-Martinez (2014).

The next clustering group is 'Leazus Park Road' and consists of 3 sensors. Leazus
Park Road is a tertiary road, which has some houses, a number of shops and restaurants
around it, as well as a football stadium nearby, but outside of the range of the sound
sensors. Figure 3.4 shows the median weekly noise patterns for the sensors in this
cluster. It can be seen that this cluster has a mixture of the patterns of the previously
discussed clusters. There is a general worktime activity, but there are also increases
during night time, as well as spikes of activity on the weekends starting at 20:00. There
is also a number of residential houses around the sensors. This suggests that the area
around the cluster has more of a 'mixed usage' - there are houses as well as businesses
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in the area. This cluster type is present in many twitter or mobile activity studies (Miao
etal., 2018; Furno etal., 2017; Toole et al., 2012; Soto arabsHvlarinez, 2011; Frias-
Martinez et al., 2012; Frias-Martinez and Frias-Martinez, 2014). These cluster types
have an activity pattern that lies somewhere between residential and business or work
areas - constant usage during the weekdays and the weekend days. This is in contrast
to our case, where 'Leazus Park Road' has high worktime activity, which increases
during night time, as well as spikes of activity on the weekends starting at 20:00.

The next cluster - 'Corner sensors' - represents sensors placed on streets that inter-
sect 'Durham road'. It is dif cult to analyse this cluster precisely since it has the same
building and POI characteristics as the 'Durham Road' cluster, due to its proximity to
it. Its pattern is presented in Figure 3.5 and is again similar to the 'Durham road' one.
The same is true for the other outliers - usually they lie on the corners as well or are
too close to the other sensors.

The last two clusters 'Baldwin Avenue' and 'Claremont Road’, only have one sen-
sor each. Figure 3.5 shows the pattern of noise in the typical week for 'Baldwin Av-
enue'. It has three relative peaks during the workdays - the rst occurring before
working hours start around 7:00 and the last smaller peak after working hours nish.
Another thing to notice is the drop of activity from 7 to 11 and from 16 to 20:00. On
the weekend there is a more activity during the working hours and the peaks start after
the workday peeks. The distribution of the POls is different to the rest of the clusters,
and the only nearby amenity is a pharmacy. The pattern, the lack of points of interest
and the high number of residential buildings suggest that this is a residential area. This
Is in contrast to the residential clusters de ned from tweets and mobile phone records,
where the peak activity of residential areas is only after working hours. Examples of
these clusters can be found in most studies, i.e. Miao et al. (2018); Cici et al. (2015).

Figure 3.5 also shows the weekly pattern for the sensor on ‘Claremont road'. It
can be seen that there is relatively low usage during the weekdays compared to the
weekend. It is different from the city centre cluster by the fact that the noise levels
peak at 1:00 and drop when approaching nighttime. The POI distribution for this
sensor is completely dominated by infrastructure points of interest, however most of
those are bike kiosks and parking. This sensor is identi ed as a representative of a the
weekend or leisure type of area. These groups, again present in new forms of data land
use studies - Furno et al. (2015); Frias-Martinez et al. (2012) - have sometimes been
de ned to encompass museums as well as parks. However, in our dataset it refers only
to parks.
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3.6 Discussion

The results from the cluster analysis show that there is a strong spatial correlation in
sound patterns - most sensors placed on the same street are assigned to the same cluster.
However, sensors on different streets with similar sound patterns are also grouped
together. This is the case for the 'City centre', 'High street' and 'Leazus Park Road'
clusters. In other cases, sound sensors that lie on the same street are split - some
are grouped in a cluster, while others are identi ed as outliers. This happens for the
'‘Durham road' cluster, for example - out of the eleven sensors on the street, two are
identi ed as outliers. Both of these results suggest that the delineations capture more
information, than simply the underlying geography of the sensors. The second result,
speci cally indicates that sound sensors have the potential to identify areas of interests
at a higher than street level scale.

Another interesting spatial pattern is the existence of a '‘Corner Sensors' cluster,
as well as the fact that many sensors identi ed as outliers lie near street corners. This
result suggests that the sound patterns on some streets signi cantly change at the in-
tersection with other streets and that identi ed cluster boundaries lie on street inter-
sections. Since the sound levels on streets are effected by both the built environment
(Hupeng et al., 2019) and the types of amenities on them (Yildirim et al., 2019) it is
possible that street intersections present points of change - i.e. when a residential street
such as 'Shipcote terrace' cuts into the 'Durham road' clusters, which lie on a primary
road. However, this is not always the case, for example, 'Durham road' contains at
least three sensors that lie near intersections with other streets.

The results also show that the sound patterns of the resulting clusters are all ef-
fected by the two cluster types found in traf c noise analysis (Zambon et al., 2016,
2017). The rst pattern, with two peaks mimicking working hours, dominates the
'High Street' and 'Durham road' clusters - both of which are traf c-heavy roads. The
second pattern is present in the 'City centre' and 'Leasuzes park road' (to a lesser de-
gree) clusters - two daytime peaks with increased nightime activity relative to other
areas. However, there are other types of patterns that emerge from the analysis when
the focus is placed on relative peaks and differences between weekend and weekday
noise activity. This results in areas that have similar patterns to clusters derived from
'new forms of data’' such as mobile phone and twitter activity pro les. The distribu-
tion of points of interest and buildings in the area surrounding each cluster was used to
characterize what different functional urban areas they represent.

There were six activity pro les detected, excluding outliers. Clusters such as 'City
centre' and 'Claremont road' represent city centre areas and parks that have direct
analogs in the literature with identical activity pro les. A 'city centre’ or a mixed, high-
usage area is present in most studies that use mobile phone (SotdasyViBrtnez,
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2011) and twitter records(Frias-Martinez and Frias-Martinez, 2014). In England, city
centres can be focal points of retail, dining and social activities, meaning more activity
at all times, which also contributes to the unique sound pro le of this cluster type
(Dolega and Lord, 2020). Similarly, pro les representing parks like 'Claremont road'
are presentin the literature (Frias-Martinez et al., 2012). Other clusters such as 'Leasus
park road’ and '‘Baldwin Avenue', identi ed as comprehensive and residential clusters,
show some differences in their activity pro les compared to their analogues from the
twitter and mobile phone data studies - e.g Soto afasFvartnez (2011); Furno et al.
(2015). Although the 'High Street' and 'Durham road' clusters are split, both their
activity patterns are heavily dominated by working hour traf ¢ noise, or type one traf ¢
noise patterns. 'High street represents a of ce or work cluster with few residential
places, whereas 'Durham Road' a traf ¢ heavy road with more shops and houses.
This speaks to some limitations of using sound sensors for differentiating functional
areas based on sound sensors on or near heavy traf ¢ roads, which is consistent with
the literature since noise pollution from road traf c dominates noise patterns and is a
major concern of urban planners (Morillas et al., 2018). However, it should be noted
that this is not the case for sensors near the city centres.

The resulting activity pro les and the two types of dominant sound patterns are also
related to urban sound typologies. Sound typologies are actively used in noise pollution
and urban soundscape research, however the studies typically focus on acoustic aspects
of sounds not just maximum decibel levels (Torija et al., 2013). The activity pro les
results in this paper are fewer and less granular than in urban soundscape literature,
which is re ective of the limited information used to form the clusters - maximum
decibels per hour. However, they are more numerous than the road noise typologies
that typically show fewer noise pro les - (Zambon et al., 2016, 2017) and and more
similar to most activity data studies that use mobile phone or twitter data. This is
due to both the position of the sensors and the methodology used. This positioning
of the results in the literature gives the indication that incorporating more aspects of
sound data is likely to result in a more granular typology of pro les. Alternatively,
the same methodology used in this paper, alongside more acoustic data can be used
to help classi cation of supervised acoustic sound sensors tasks in urban 'soundscape’
research (Virtanen et al., 2018).

Furthermore the results as a whole, highlight the unique value sound sensors offer.
First, they show the secondary bene ts the sound sensors bring - capturing human
activity information at a high resolution - in addition to their usage for monitoring
noise pollution and anomalous events. Second, the granularity of the data is at the
sub-street level and in fact can be controlled using the effective range of the sensor.
Third, the data gathers aggregate information (which is not accoustic) and therefore
preserves the privacy of the public whose actions are recorded. The results suggest,
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that sound sensors could be used as a substitute for human activity data, for example,
as a proxy measure of 'urban vitality', similar to how mobile data is used by De Nadai
et al. (2016). Furthermore, the effectiveness of this approach will continue to increase
given increased adoption (more sensors) and developments in sound sensors ( better
sensors) as well as machine learning methods (better methods) (Virtanen et al., 2018).
Lastly, another contribution of this paper was the comparison between the base-
line methodology, used in other land detection research, and the TDA techniques from
the new eld of topological data analysis. As mentioned by Arribas-Bel and Tranos
(2018); Singleton and Arribas-Bel (2021) it is important to create and adopt methods
for the analysis of new forms of data that account for their speci c properties. The
comparison between TDA approaches carried out in Appendix A, and the comparison
between the baseline and the best-performing TDA approach carried out during the
analysis, also show the importance of external clustering metrics and the benchmark-
ing of new approaches. The nal results suggests that at least in the area measuring
differences between time series, TDA techniques show promise but should be further
re ned in order to produce the best results.

3.7 Conclusion

New forms of data offer a dynamic view of urban life at great detail. Studies using
'new forms of data' - mobile phone data with different methodologies (Soto alad+r
Martnez, 2011; Furno et al., 2017, 2015), app data such as twitter or foursquare data
(Frias-Martinez and Frias-Martinez, 2014; Cala ore et al., 2021) - nd there are dis-
tinct activity pro les of urban areas. This paper shows the value of sound sensors in
doing the same. This is achieved through the use of a clustering method to identify
areas with distinct functions based on the hourly sound patterns recorded by sensors
throughout Newcastle and Gateshead. The results represent six distinct activity pro-
les - mixed, residential, two types of business, nightlife, leisure are captured by sound
sensors. These de nitions were ascribed with in accordance with POI data from Open-
streetmap. Some of these areas have a direct analog in other new forms of data land use
studies, while others are dominated by traf ¢ noise patterns found in the urban sound
analysis literature.

In general, this work serves as another example of the potential of 'new forms
of data' to enrich urban research. Given more sensors around different street types,
the current methodology could be used in order to classify different street types and
compare them against their of cial designations. The results also suggests that sound
characteristics could be used in supervised approaches to improve area classi cation
tasks, similar to Hermosilla et al. (2014). Furthermore, the clustering comparison can
guide future developments in TDA techniques. For example, it suggests that more
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focus should be put into developing more robust methods related to the Lowerstar
technique, since it came the closests to the baseline technique.

One limitation of the study is the number of available sensors. The spread of sound
sensors is currently not enough for a full coverage approach, similar to the ones where
data from phone towers is used. Although the data covers several streets with different
functions, the number of sensors is small relative to the studies done in other areas such
as tweets and mobile phone records. This impacts the generalisability of the results to
larger areas, or ,in fact, to the whole of the Newcastle area. The small number of
sensors, further limited the analysis of some interesting results such as the analysis
of the 'Corner' and intersection outlier sensors. However, the results still show the
promise of combining sound data and our approach to capture different functional areas
within a city. The sound patterns of the detected clusters correspond to the activity
patterns of clusters derived from tweets or phone towers. It should be noted that the
analysis did not explicitly look for any speci c cluster patterns previously identi ed -
residential, leisure, city centre or mixed. Rather these separate pro les were the result
of the unsupervised cluster analysis.
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Dynamics and emergence of megaregional

structure in US employment data

Abstract: . There are numerous de nitions of megaregions, but the common thread
among them is that these new geographical units are made up of clusters of either
merging or closely interacting distinct urban centres and their surrounding areas and
that they represent an emerging economic and policy scale. This paper quantitatively
builds a hierarchy of functional spatial units to analyse emergence of megaregional
dynamics and structure in United States employment data. It does so by using

LODES, a large dataset of ‘origin-destination ows' aggregated at the census tract
level, and a community detection methodology to build up a hierarchical tree of
spatial units at different scales. The validity of these new units is tested against

several characteristics - spatial coherence, their population distribution and similarity
to established geographical units from the metropolitan to the megaregional level.
The results show that there is evidence of the emergence of 6 out of 11 widely popular
megaregions. With the exception of the Cascadia megaregion, all detected
megaregions in the employment data are in a single state. The rest of the megaregions
commonly discussed in the literature break down across state, but not metropolitan
boundaries. This suggests that there is limited evidence for the large-scale
cross-border economic interactions required to de ne megaregions.



4.1 Introduction

There are numerous proposals to focus planning, promote cooperation and to create
new political structures at a 'megaregional’ level in the United States (Friedmann,
2019; Ross et al., 2009; Lang et al., 2020; Nelson, 2017; Hagler, 2009; Ahuallachain,
2012; Ross et al., 2016). A megaregion is a large-scale unit that describes a cluster
of urban centres with high levels of economic output, population, as well as infras-
tructure and cultural integration (Glocker, 2018). Examples of proposed megaregions
are the 'Northeastern Megalopolis' encompassing an area from Boston in the North to
Washington D.C. in the South, or the 'Piedmont Atlantic' going from Raleigh, North
Carolina in the east to Birmingham, Alabama in the west. Each of these and other
megaregions, span many of cial administrative boundaries, hundreds of kilometres of
built environment and have millions of citizens.

The proposed advantages of focusing on this megaregional scale include an abil-
ity to better harness the bene ts of economies of scale and to tackle problems with
rapid urbanization. The megaregions are almost always their country's most important
economic, political, and cultural centres, and represent the key points linking regional
and national economies to global networks (Nelson, 2017). Their constituent parts can
share transport infrastructure for people and goods, enabling robust housing markets
and the development of of ces, science and technology parks and are able to support
multiple and varied economies of scale (Florida et al., 2008). Furthermore, the megare-
gion can act as the appropriate scale for cities to align their policies to more effectively
reach common goals on resource depletion, environmental pollution and ecological
damage, which are increasingly becoming crossborder problems (Ross et al., 2016).

To achieve these bene ts large scale planing and coordination efforts are required
across many existing administrative boundaries. At a smaller scale, there have been
problems with regional planning for sustainability, although there have also been some
successes in terms of environmental planning, growth management and transportation
planning (Wheeler, 2015). Planning at the megaregional level is even more challeng-
ing due to the exponential growth in the number of interested parties. For example,
Glass (2014) talks about a Midwest megaregion consisting of "hundreds of competing
governance spaces, all with different legacies, authorities and sociospatial constituen-
cies”.

To address this issue researchers have looked to emergent or projected economic,
social or infrastructure interactions at a megaregional scale to provide the justi cation
behind a megaregion's spatial extent, and the motivation to build the required collabo-
ration efforts between its constituent members (Sorensen anceL.abB0). This has
resulted in various operational de nitions emerging. The commonality between them
is that they de ne megaregions as built up from established units - counties, metropoli-
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tan areas, etc - based on similarities in criteria such as population density, nightime
light intensity, overlapping built environment, commuter ows, business interactions
(Glocker, 2018).

This paper uses the LODES dataset of economic interactions (Graham et al., 2014)
to algorithmically build a hierarchy of nested delineations, in order to analyse the emer-
gence of megaregions in the US. LODES is a comprehensive dataset of residence and
workplace tax information derived from the records of 140 million people in the con-
tiguous 48 states. The hierarchy of delineations is created by appliying a community
detection approach, the Louvain algorithm (Blondel et al., 2008) to this data, result-
ing in delineations with non-arbitrary boundaries, which are nevertheless crossed by
numerous ows. Each level of delineations within the resulting hierarchy represents
a different scale of economic interaction, and gives a different meaning to its units.
In order to interpret these, the communities at each level are compared to established
geographical units - such as metropolitan areas, states or combined statistical areas and
megaregions. Furthermore, the paper explores the spatial patterns of employment in
the delineated areas, as it changes at the different levels.

The advantage of this approach is in the exibility it affords. It does not require
setting up explicit thresholds, specifying urban models or using other additional data,
in contrast to other approaches (Kockelman et al., 2019). The units at each levels of
the hierarchy are built up from census tracts, based only on the relative strength of
the connections between them, compared to other existing connections. Similarly, the
levels of the hierarchy are not pre-de ned and new levels emerge based on the relative
connections at lower levels. Therefore, this approach can detect emergent urban phe-
nomena at various scales, including the megaregional, however no scale requirements
are explicitly speci ed.

The rest of the paper is structured as follows. The next section provides a litera-
ture review of the concept of a megaregion and its operalisations. The 'Methodology"
section describes the data and community detection approach, the comparisons carried
out, as well as the way in which the spatial concentration of economic interactions is
explored. Finally, the results section describe the resulting hierarchy of delineations,
while the conclusion & discussion section place them within the context of the litera-
ture.

4.2 Literature review

4.2.1 Megaregions

The conceptualizations of large scale multi-city regions in America started in 20th
century, however these were mostly ignored by practicing urban planners and policy
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makers, until they gained more traction in the early 21st century with the release of the
millennial census (Lang et al., 2020). Geddes (1915) presented one of the rst analy-
sis of merging ubran areas. He used the term “conurbation' to describe the cluster of
Newark and Jersey City and New York's Manhattan and Brooklyn, integrated via sup-
ply chains over 100 years ago. The French geographer Jean Gottmann rst described a
long-extended metropolis in the entire Northeastern US. He argued that the large mor-
phological growth of the cities between Boston and Washington led to their suburbs
clashing into one another, and resulted in a unique cluster of metropolitan areas which
extended beyond traditional and political borders (Gottmann, 1957). There were also
calls to begin promoting transportation planning, such as intercity passenger rail ser-
vice in the Northeast Megalopolis, focused on this new scale of geography (Lang et al.,
2020). At the beginning of the 21 centrury, with the coming of the new census it was
discovered that many US metropolitan areas as measured by the census had grown to
such a large scale that they were running into one another. Combined statistical areas
(CBA) were introduced as a way of better understanding these areas and the underlying
trends that drove their creation.

There are 388 metropolitan statistical areas, 541 micropolitan statistical areas that
make up the 929 core-based statistical areas (CBSAs) and 169 Combined metropolitan
areas (CBAs) in the US census (Ross et al., 2016). CBSAs represent urban areas with
a metropolitan centre core and their surrounding commuter ows, subject to popula-
tion restrictions, while CBAs represent merging core-based statistical areas. These new
units, along with the underlying phenomenons, led to more interest from researchers as
well as urban planners, in the concept of megaregions and nding other megalopolises
in the US. One of the most in uential sets of results came from the Regional Plan As-
sociation, where megaregions are de ned as 'interrelated population and employment
centers or MSAs that share common transportation networks, cultures, and environ-
mental features' (Hagler, 2009). The identi ed megaregions are shown in Figure 4.1.
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