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Spatial Urban Data System: A Cloud-enabled Big Data Infrastructure for
Social and Economic Urban Analytics

Obinna C.D. Anejionu*?, Piyushimita (Vonu) Thakuriah, Andrew McHugh, Y* -an Sun, David
McArthur, Phil Mason, Rod Walpole

Urban Big Data Centre, 7 Lilybank Gardens, University of Glasgow, Glasg" w, L' < G12 8RZ

Abstract

The Spatial Urban Data System (SUDS) is a spatial big data in1, ~strur cure to support UK-wide
analytics of the social and economic aspects of cities and ¢, (egir ns. It utilises data generated
from traditional as well as new and emerging sources of \ rban data. The SUDS deploys
geospatial technology, synthetic small area urban metric., and cloud computing to enable urban
analytics, and geovisualization with the goal of deriving actionable knowledge for better urban
management and data-driven urban decisior. Makn 1. At the core of the system is a programme
of urban indicators generated by using nc -: ©2*'s of data and urban modelling and simulation
programme. SUDS differs from othe~ z*milar systems by its emphasis on the generation and
use of regularly updated spatially- acui. ~ter. urban area metrics from real or near-real time data
sources, to enhance understanding f ir_ra-city interactions and dynamics. By deploying public
transport, labour market accessi. ity and housing advertisement data in the system, we were
able to identify spatial v.riat.ons of key urban services at intra-city levels as well as social and
economically-margi’.alis :d ¢-tput areas in major cities across the UK. This paper discusses the
design and imp’emeniition of SUDS, the challenges and limitations encountered, and
consideration” ..iade uuring its development. The innovative approach adopted in the design of
SUDS will €, ~hl= it to support research and analysis of urban areas, policy and city

administrat: -1, business decision-making, private sector innovation, and public engagement.

! Corresponding author: Obinna C.D. Anejionu. obinna.anejionu@glasgow.ac.uk
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Having been tested with housing, transport and employment metrics, efforts are ongoing to
integrate information from other sources such as IoT, and User Generated Content into the

system to enable urban predictive analytics.

Keywords: Urban Big Data Infrastructure; Urban Analytics; Spatial Ur.~ « Indicators; Small

Area Assessment; Spatial Big Data

1. Introduction

Cities play critical role in society and have increasing!/ br.u.ne the focal points for the
economy, with the current trend towards increasingly “nowledge-intensive economies
(European Commission, 2013). At the same time, inc, 23siny population concentration in urban
areas put pressure on the use of limited city icsources and services such as energy,
transportation, water, buildings and public soace. curopean Commission, 2013b). Cities also
account for over 70% of current global CC» emissions (OECD, 2012), posing serious
challenges arising from environmental pollution, congestion, waste management, and the need
for urban sustainability. As a result, ~ities I ave been recognised as one of the key elements for

future decision-making (Albinc et 7.., 2516; Mori and Christodoulou, 2012).

The transformation of urba.1 are..> to smart cities has resulted in the continuous generation of
enormous volumes and -ari.ties of data from different sources. Thakuriah et al (2017) noted
that the sources of u’ van Jatr are many, including sensor systems monitoring different aspects
of the city, user-/,enera*ad content such as social media, private business data collected from
transaction ar. cuswiiier usage records, as well as traditional sources such as those held by
government ay~nri s (registrations, statistics, and archives) and non-government actors (e.g.,
housing sale~ and rental data from property agents, and energy usage from energy companies).
Together, these have given rise to the urban big data phenomenon. However, for a city to be

efficiently managed, data from these disparate sources need to be efficiently integrated, in order
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to enable a holistic understanding of the interactions between various city subsystems. Based
on the fact that most of the data obtained from cities are spatially-referenced. the interactions
between the various city components will be better understood through he .‘~oloyment of
geospatial techniques. In the past, the integration and analysis of Fage volumes of data
presented an enormous task, but with advances in big data analyti~s, ¢.>'1d computing and
geospatial technology, intra-city interactions can now be monitore.' ".nd assessed in real time
or near-real time, feeding into Urban Informatics, or the utilic ition o novel sources of urban

data for knowledge discovery, public engagement and bus nes” n novations.

In this paper, we describe the Spatial Urban Data System (Su DS), a multi-component system
that serves data on multiple social and economic aspec.c of urban living. SUDS captures key
economic and social data of interest and integrates su.:> measurements to generate small-area
data in a timely fashion. This approach helg deri\ = new insights that are useful for smart city
management. Key capabilities of the sys. ... =< "ude: automatic acquisition and processing of
data from heterogeneous sources, ge~~ration of relevant science-based small-area synthetic
metrics from acquired data that coulu notr ntially be used to generate intra-city indicators for
monitoring and assessing the ne, “ ¢mea ce of relevant urban area aspects (subsystems); cloud
computing infrastructure fc. the ~torage, integration and manipulation of urban big data from
different sources; robus’ toc's to support spatial urban big data analytics, policy and business
decisions tools, pufk.ic ~.ngegement; scenario/predictive modelling and analytics based on
generated intra-c.cy metrics, and visualisation tools that will support understanding of the

spatial dimen<:.is ur uie sub-city interactions.

The nove'tv of uns research is fourfold. Firstly, the use of non-traditional sources of data for
the generatic.» of synthetic metrics enables the tracking of urban dynamics across an entire
country on a regular basis. Secondly, the spatial disaggregation of the metrics (small-area)
allows unprecedented insights into sub-city interactions of the various aspects of the urban

3
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area, with an emphasis on assessments of status, needs, disparities and well-being. Thirdly, the
spatial big data system developed allows the integration and processing of data from varying
sources, with complex geospatial processing, and modern cloud computing sys..ms capable of
handling big data. Fourthly, the research developed series of strategies o p’ocess and utilised

various socioeconomic variables, to understand and manage urban ar=a ay >amics.

Section 2 provides an overview of this project — its purpose, si*niticonce and contributions.
Section 3 reviews related concepts and works that have b.2n urdertaken on smart city
performance and urban informatics and similar systems .»=" ha\ 2 been proposed to support
smart city implementation and management. Section 4 provia. s a discussion on the design and
development of the SUDS, while Section 5 explores su.me ongoing application of the SUDS.
Section 6 discusses certain limitations, constraints anu ‘ssues encountered and a conclusion is

presented in Section 7.

2. Purpose, Significance and Contributions of the Research
SUDS infrastructure is part of the .'rban ),ig Data Centre (UBDC), funded by the Big Data

Phase 2 of the UK Research a':d ) ino ation’s Economic and Social Research Council. The
UBDC is a nationwide data ".c."*ice that provides access to urban data to academic researchers,
local governments and br sine 5ses. The uniqueness of the data service lies in its data collections
sourced from a varie.y cf puulic, private and internet sources including: Zoopla, Experian,
Registers of Scot!)~..d, Su"va, BGS, Met office, Springboard, Twitter, and Facebook; which
are used create a ~in rita infrastructure to study dynamic resource management, transport,
housing, ecoi amic ¢ 2velopment, migration, lifelong learning, productivity and other social and
economic 3srecwss of urban living. The SUDS integrates geospatial data from multiple
subprojects to these urban living themes and serves as a capstone project that links these

projects to the spatial data infrastructure (SDI).



98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

The key objectives of SUDS are:

Research, knowledge discovery and evaluation: The first and foremost obje'.tive of SUDS is
to bring together, in one platform, geospatial data on a number of urban living thei..2s, with the
ambition of facilitating research and knowledge discovery of social ana .~ ;nomic conditions,
as well as cross-theme analysis (eg, between economic and 'eath tactors, social and
environmental factors). By building a platform for the entire UK SUL " provides the ability to
understand regional variations in social and economic factors, & to .onduct detailed analysis
of how these factors affect poverty, regional deprivatio. .rod'.ctivity and other issues of
relevance to quality of life and sustainable urban living. Thrc igh specially-constructed urban
indicators (more details in Section 4.2), we enabi. research to utilise comprehensive
information from multiple sources that utilise navel su 'rces of data, which puts together into

composite measures, a number of social anc ~conc mic variables.

Policy implementation, evaluation and u.“an operations and service delivery: A second
ambition is to support urban policy ' nple. “entation and evaluation. For instance, aiding in the
identification of areas that need #.tentioi.. improving infrastructure to access jobs, or for better
rental housing conditions. W nere ch,uld policy action be taken and investments made to
promote educational outcemes, anu for better connection between graduates and local labour
markets? Furthermore, n.* onal and regional policies often have local effects. For example,
cuts in local governi. ~r ¢ fu'ding have critically affected public bus services across England
and Wales, especially in deprived areas, thereby limiting peoples access to jobs and education
(Topham, 27 18). .\t the same time, decision-makers from specific areas may wish to
understar how pulicies implemented in their areas led to outcomes at the local level, compared

to other areas in where such policies were not implemented.
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An ambition of SUDS is to provide a framework for longitudinal, over-time content that allows
tracking of key measures, changes to which can lead to a determination of the effect of policies
and plans. This necessarily implies that data are captured and archived over .ony eriods, under
a stable governance model, for which a persistent research platforr is .eeded to ensure
research continuity and to deliver persistent services. This in fact is a ,.aior motivation of
SUDS — to facilitate improved temporal analysis, through trc .reation of longitudinal
synthetic data, by tapping into historical data or by archiving real-tii 1e data feeds over time.
Such synthetic temporal data will, for instance, enable sor 1al <. ntists to study the dynamics
of patterns of interest and link them to changing behaviours ~nd outcomes. They will also help
analysts monitor risks to urban areas and the resilic.>~e u: drban areas to policy and natural
interventions (e.g., changes in economic or welta.~ policy, episodes of extreme weather).
Additionally, local administrators are increasing. s interested in how to operate improved city
services using data-driven practices. SUDS pioviues a data-driven framework with which to
monitor how services could be improved, and uffers mechanisms to bring in new types of data

that are relevant to the operational . voblem ; at hand.

Urban Indicators: A central asoect of S'JDS is the utilisation of novel forms of data to generate
small-area urban indicators. We Yiscuss this aspect in greater detail in Section 4. The goal of
such indicators is typicc ly *0 facilitate performance monitoring, assess trends over time, set
future targets and su’,por. int~r-city comparisons. They also inform urban planning, operations
and a variety of Jecisin-making regarding urban management, raise awareness on critical
Issues, encour..ge puaucal interventions and citizen activism, support strategies for health
behaviours an.' we’,-being, promote public engagement and civic participation, and improve
communica.'yn among stakeholders working in urban sectoral siloes. However, city-level
indicators can mask important variations in performance and well-being within specific

neighbourhoods and local areas within a city. This is a critical gap since such indicators can
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provide essential information for local community-level action in poorly performing parts of
the city. Our focus in SUDS is entirely on creating small-area synthetic data on key policy-
relevant factors by drawing on multiple sources of information to enable app.~oriate place-

based decision-making.

Open source development: A key objective of the SUDS platfc.m is to use open source
technology as a backbone so that the platform can be replicated e!~awri 2. The general benefits
of open source SDI and extensive growth of open source geo.natia' technologies have been
extensively noted elsewhere (e.g., Hu et al. 2017; Brovell. #* al., 2016; Steiniger and Bocher,
2008) and will not be repeated here. Here, our objective is to a. monstrate, through the selection
of technology components and the configurations emp:~ved, how novel forms of urban big
data can be offered for use through an open aeosy:tial platform, or replicated by local
governments, smart cities SMEs, SDI in le ~-dev loped nations, or even how they can form
the basis for SDI with other themes as ¢ “.2i'< “e.g., health, the environment). However, we
also note that with new forms of daf~, many of which are privately held or are confidential
administrative records, not all data se: “ice’, can be open, and there is a need for SDI to be able
to support delivery of confidenti..! - nd r civate-sector business data. The SUDS platform brings
together processes offering secu.*tv and access control technologies that ensure that data can
be accessed and that ¢ ralv.ics can be conducted in the safeguarded environment that is

obligatory for the pr’.ces .ing of such private data.

Larger infrastru ture ai d data acquisition: SUDS is part of a larger data infrastructure (the
UBDC), wh'ch grws organically with new users, data and technology, and with new
government or pusiness initiatives. These characteristics result in SUDS being not a well-
defined systtm (Vandenbroucke, et al., 2013), but rather a “complex, multi-faceted and
dynamic environment” that is responsive to new forms of data and stakeholders that enter into
the work processes. SUDS benefits from processes in place within the wider infrastructure to

7
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proactively engage with private and government data owners, towards supporting UK
industrial strategy. A part of this engagement process leads to new data acquisition from
stakeholders. More broadly, the system will play a central role in our stake 101u.* engagement

activities, particularly with policy-makers, businesses and non-profit or ani .ations.

3. Related Works

In this section, we review two strands of literature pertine it to v Ir work — performance
monitoring and assessment in small cities, and data systems< and intrastructure to support smart

city analytics.

3.1 Smart city performance monitoring and assess.™enu

Due to the increasing importance of cities to society, ai.! the need to create a sustainable urban
environment, there is a growing interest ir ~abu.* and efficient methods of monitoring and
measuring policy impacts, infrastructure --.2!~ ments, socio-economic factors, resource use,
environmental pollution and other r-_-=sses that contribute to and benefit from the city’s
metabolism, prosperity and qua'ity ¥ )re (European Commission, 2015). Hence, urban
metrics/indicators are increasing'/ irportant in smart city performance monitoring and
assessment, trend assessm.ent o ‘er time, and future target-setting (Albino et al, 2016;
Airaksinen, 2016; Bera. i, 2013). Although a wide range of available indicators (Huovila,
2016; Albino et al., 201%,; E':iropean Commission, 2015) is being used to monitor smart city
performance, me .t of tf = indicators are calculated at the national, regional, or city levels. This
is because the yuals ur such indicators are mainly to facilitate performance monitoring, assess
trends over tin.> <2’ future targets and support inter-city comparisons. However, they can mask
important ii.* a-city variations (in performance and well-being within specific neighbourhoods
and local areas within a city). Furthermore, the indicators are not regularly updated as most

tend to be produced from data acquired during censuses. Hence, a major strength of SUDS is
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the capability of creating and using small-area synthetic metrics of key policy-relevant factors,
based on the data obtained from the various aspects of the city to facilitate small-area analyses
that will shed light on underlying city dynamics and inform local and com  aur.*/-level action

for poorly performing parts of a city.

Indicators for smart city performance monitoring are classified in r'in rent ways (Airaksinen,
2016; European Commission, 2015). The Canadian International Meve, ~nment Agency, (2012)
identified three broad categories of indicator: social, economic <nd e vironmental (Figure 1).
The SUDS programme focuses mainly on social and ecor > .c ir Jicators, with less emphasis
on environmental aspects, which have received considerable . ttention from researchers (Shen

etal, 2011; Lynch, et al 2011).

SuDs
Metrics/Indicators

Figure 1. Urbun area subsystems and key urban area indicators targeted by SUDS.

3.2 Smart city data infrastructure
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In the last two decades, the concept of smart cities has generated great interest within and
beyond the research community. With the advent of big data and supporting technologies,
urban area and smart city-related studies are becoming prevalent. Different .spe.*s of the smart
city are being studied and relevant theoretical and practical steps ey )lor.d. As a result, a
number of authors have proposed various ways smart city could be impi..mented. However,
the use of granular spatially referenced small-area metrics to driv> irban area or smart city
analytics is still at the nascent stage and the data have not beer extens vely explored. This gap

is among the things compelling the development of the SU DS

To some extent, SUDS could be perceived as a spatial data in rastructure (SDI) for urban area
analytics. SDI has been defined by Hu et al. (2017) as u.” technology, policies, standards, and
human resources necessary to acquire, process. store, distribute, and improve utilisation of
geospatial data, services, and other digital r ~ourc>s. This definition is in line with the aim of
SDIs as noted by several authors (Grus et -.., 20 1; Crompvoets et al., 2008), which essentially
is to facilitate the exchange and sharirz ~f spatial data between stakeholders in the spatial data
community. However, SUDS differs ~an~ conventional SDIs by not fundamentally focusing
on the storage and dissemination, ~ ger spatial data, but rather focusing on the combination of
spatial and non-spatial data (o ge.~erate metrics with the aim of providing new insights. In this
sense, even though SUL = hr s storage capability, it mainly serves as an analytics platform that
draws data from mul’ple sou~ces. Hence, SUDS combines the storage capabilities of SDIs with

the data processi’.g and analytics capabilities of conventional smart city data infrastructures.

There have I zen a ~umber of studies on smart city-related infrastructure, most of which have
focused o~ the aeployment of internet of things (10T) to facilitate smart city implementations.
Some author. have developed smart city platforms essentially to collect data from sensors
without focusing so much on the analysis of the collected data (Bain, 2014, Murty et al., 2008).
Zanella et al. (2014) proposed a general reference framework for the design of an urban loT

10
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that will be based on a centralised architecture through which a set of web services can be
exposed. The proposed system was tested with a proof of concept (Padova Smart City) project,
which comprises a system for the collection of environmental data (CO le el, .'* temperature
and humidity, vibrations, noise, etc.) and monitoring of public street Ii «htir g (light intensity)

via wireless nodes.

Very recently, Lv etal. (2018), deployed 3D GIS and cloud comp:ting .~ develop a government
affairs service platform for facilitating and handling smart cit, nlan'ing. Soille et al. (2018)
proposed a data-intensive computing platform for retrievi *~ «nfo mation from big geospatial
data from earth observation satellites. The platform will te ilitate the storage, processing,
analysis, and visualization of the satellite images, esse. tially for applications in agriculture,
forestry, environment, disaster risk management. devc'opment, health, and energy. For their
part, Cicirelli et al. (2017) proposed the iS niens nlatform for Smart City applications. This
platform operates as an agent-based ‘. b ted loT platform where the bulk of the
computations are executed at the ed-~ (instead of within the data core) of the network of
computing nodes spread over a city a. *a b/ agents residing in each node, while all the others,
such as computationally deman.® g te ks, are executed in the cloud. Other previous works,
such as the SmartSantanuer p-niect, have focused on the development of smart city
infrastructure with exter ‘ive networks for the monitoring of environment pollution (air quality,
noise and luminosit* lev:ls) outdoor parking, and automated irrigation systems (Sanchez et

al., 2014).

Khan et al. (015; 2113) proposed the development of a cloud-based analysis service that could
be used tc 2enerawe Information intelligence and support decision-making for smart future cities
management. This system is similar to SUDS, other than in terms of its lesser concern for
spatial aspects. Similarly, Babar and Arif (2017) proposed a smart city architecture, based on
big data analytics that will comprise a data acquisition and aggregation module (which will

11
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collect varied and diverse data related to city services), a data computation and processing
module (which will perform normalization, filtration, processing and data analysis), and an
application and decision module (which will formulate decisions and initiat : ev.ts) to support
solutions for smart urban planning and decision making. This system is .imi’ar to the SUDS in
many respects in the sense that it incorporates data acquisition. nroc."sing and analysis
components, and is based on big data analytics. However, whereas \.~ :entral aim is to improve
the data processing efficacy to facilitate real-time decision-m 'king, 1 UDS’ main focus is on
the rapid or frequent generation of synthetic small-area m :tric-. 1, »m a variety of data sources
over the long term, and on integrating these metrics to uc-ive new urban area insights and

knowledge.

Other studies, such as the IES Cities project focus 2n exploiting a combination of open
Government data, network sensors and usc ~-supnlied data to develop user-centric mobile
services constructed around the IoT as a. -.cx~ ¢ supporting smart city applications (Aguilera
et al., 2017). Gaur et al. (2015) pre~~ced a Multi-Level Smart City architecture based on
semantic web technologies and Dei..nste.-Shafer uncertainty theory to support smart city

applications by facilitating the n.:~ acti un between wireless sensor networks and ICT.

SUDS differs from alread’ existiny spatially enabled smart city analytics infrastructure, such
as those proposed by Lv -« al. (2018) and Khan et al. (2015) by focusing largely on the
generation and use u: < nall area socioeconomic metrics on a countrywide basis collected at
regular intervals. Previo 1s indicators and metrics used in studying urban area dynamics are at
a higher spat al sce'e such as regional or national levels. Those that are at smaller scales are
limited ir avteny as they focused on specific areas. However, the small-area metrics generated
in this projec. are at smaller scale (higher spatial detail), higher temporality and covers an entire
country. Hence, comparisons can be made at various spatial levels from neighbourhoods,

through city-, regional- and national-levels. This facilitates the understanding of intra-city

12
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dynamics and provides “urban health checks” with an emphasis on assessments of status,
needs, disparities and well-being. Potential information from 10T sensors forms only part of
the data sources for computing urban area metrics, unlike in other syste'as \Zicirelli et al.,
2017; Sanchez et al., 2014), in which loT forms the core of the infras’cucture. The SUDS is
designed to be compatible to any modern cloud computing systems tich as Snowflake
Computing system, Azure SQL Data Warehouse, Amazon Redshi.* Oracle Data Warehouse
with advanced capabilities for handling big data. The develo} ment ¢ * the SUDS is informed
by multiple global efforts aimed at smart city perforrmanc” 1. onitoring and comparison.
However, SUDs focuses on the generation of synthetic ™etrics that can be deployed to
understand underlying dynamics and to derive deep.~ insiyiits into sub-city interactions, and
which could be extended to generate relevant n.Yicators for urban area monitoring and

assessment.

With regards to security, the system v. -» J~e1ned to ensure that critical information are
protected from unauthorised access ~nd deletion, theft, and data leakage. Modern data
warehouses such as those used in SCNS are built to safeguard datasets stored in them. For
instance, the Snowflake Data W.. = 10u° ¢ uses a comprehensive set of features (IP whitelisting,
multi-factor authenticatior.,, 1eerated authentication, role-controlled access, automatic
encryption of data, mai ten.nce of historical data) that help protect data stored in it against
human error, malic’bus acts software or hardware failure and ensures data recoverability
(Continuous Dat’. Protc<tion — CDP). Another consideration was the choice data centre. The
European Uni~.. (Eu, regulation requires cloud-hosted data to be physically stored within the
continent, her.>= tka cloud system used has secured data centre in two locations (Dublin and
Frankfurt) 1> the EU. This differs from that used by Khan et al. (2015), which was essentially
Hadoop-based cloud infrastructure hosted on a server. However, similar security

considerations as was made in SUDS were made by Soile et al., 2018, which used Kerberos

13
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authentication and a specific access control list (ACL) mechanism to ensure multi-user

environment data security.

4. The SUDS Platform Design and Development - Methoc s ar d Approach

SUDS comprises four main components: the Urban Indicator (Ul) .agra.ame, geospatial
processes and analytics, web visualisation (Bl and geovisualize 1on dasiiboards) and cloud
computing (Figure 2). The system was designed to use a range of ope » source and commercial
software and tools, including: Extraction Transformation 7.iu L naaing (ETL) tools (FME and
Talend), a spatial database (PostgreSQL/PostGIS), a wemag dblishing tool (Geoserver), a
cloud-based data warehouse (Snowflake), and busiress :~tel’.gence tools (Tableau/PowerBl).
The system can be deployed for medium-scal. anaiyucs as currently implemented with
countrywide synthetic small-area datasets, ana ~ar we scaled up to handle big real-time data

when the data inflow increases (e.g., from city scsors or other 10T infrastructure).

Cloud Computing €U Based

| m Scrape/Stream

Sensors § ETL

T Urban indica. = rogramme R e

o Web/Online
Alterhative

_______ i -
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Authorisation

Postgressal)
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|
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Figure 2. Graphical representation of the SUD system, showing the various components and how they connect to
each other

4.1 Main features, functions and processes

The following subsections provide a brief description of the main comoor.. 2ts of the SUDS.

4.1.1 SUDS geospatial and geovisualization components

SUDS interactive geospatial processing and visualisation cor. ponen: ; were designed to be a
self-service business intelligence system for insight gene'atic’. «.1d planning. They comprise
the geospatial processing and analytics, and the web visu.tisation (Bl and geovisualization
dashboards) components of the system. Supported v, a pu.verful geographic database, it has
multiple sub-components including: a backena %eographic Information System/spatial
processing and analytics; an online web-mapping slatform that gives users the ability to have
an interactive mapping experience and condJuc. on-the-fly spatial analytics; a business
intelligence dashboard that shows insights; ai.d other specialised tools that enable users to
interact and interrogate underlying .*ata in t 1e database. Users can engage with the platform by
querying the underlying datase 5 0’ corducting multi-metric analyses to gain better insights
into multiple dimensions of ...~ city. Figure 3 illustrates the SUDS geospatial processing and

visualisation architecture.
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Figure 3. SUDS geospatial component architecture showing ho'* the rele ant subcomponents are integrated

The following strategies were adopted in the develop.™ent of the various subcomponents.

4.1.1.1 Spatial database

PostgreSQL, an open-source object relational ¢ ...~~ 1 ‘anagement system, with a powerful spatial database
extension (PostGIS), was used to create the SUDS spatial database. This was based on the fact that it is a robust
object relational database with advanced ¢, atial ana ysis functionalities, that can seamlessly connect to: web map
publishing tools, most ETL systems suct as FME, Talend etc., prominent data warehouses/lakes such as
Snowflake computing, Amazon Rer shift, ~.~* e SQL Data Warehouse etc., and supports interactive online spatial
analytics (dynamic spatial querying ot . derlying datasets). The spatial database primarily serves as an initial
repository for relevant spatie «v re erenced urban area data as well as synthetic or simulated small-area data and
derived urban indicators. "¢ is 730 used as geospatial processing platform considering the fact that most cloud data
warehouses capable of dean,.> .vith structured and unstructured big data have limited spatial data processing
capabilities. This is . Y line wi h the proposal of Shaojun et al. (2017), which suggests for a NoSQL database such
as (MongoDB, Jeo4J, “rientDB etc) to be used as a spatial big data warehouse and a traditional relational spatial
database such as r*,.eSQL and SQL.ite used as the application server.

However, in \* w of progress that have been made in developing open-source geospatial big databases such as
GeoMesa (GeoMesa, 2018), GeoWave (LocationTech, 2018) and OmniSci (OminiSci Inc., 2018), we are

currently testing the integration of GeoMesa or Geowave in the system.
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4.1.1.2 Map publishing tool

As the synthetic metrics were spatially referenced, there was a need for them to be published
as web maps. Hence, Geoserver, an open-source server for publishing on’.ne reospatial data
was deployed as the SUDS web map serving tool. The SUDS spatial d-.cab7 se was connected
to the Geoserver using the appropriate tools, from which the interactive 1. 20s were published.
The Geoserver component also served as a link between user we™> r1ap interactions and the
spatial database. Users’ queries are sent to the database and : esults i 1 the form of published

maps are returned to them from the database through the C eosr. .=r.

4.1.1.3 Interactive web interface

The public-facing online interface of SUDS was dev ~!oped with a number of standard web
development tools (HTML, PHP, JavaScript and CSs, The web tools drive the web interactive
capabilities of the system. The interactive manping components of the interface were developed
with Leaflet, a leading open-source JavaS-rint \rary for user-friendly online interactive maps,

PHP, and JavaScript codes.

4.1.1.4 Online spatial analytics

Web analytics tools that allow o01.:* e s'.atial queries were implemented on the SUDS platform
with a combination of Javalcerip., ®HP and geospatial analytics, to enable users to interact with
the underlying datasets. Thr se tools were designed to be simple and easy to use mostly for
drilling down into or age ege‘ing information from one or more aspects of the urban area using
the indicators/da’asets. More complex queries (Multi Criteria Analysis) through which users
can integrate **.;ormauon from multiple indicators or sectors of the urban areas were developed

to enable a wiu~r ' derstanding of causes and effects of particular outcomes or changes.

4.1.2 Busine.* intelligence and visualisation tools
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Chart JS, a flexible JavaScript charting library was initially used alongside PHP and JavaScript
codes that queried the database to produce dynamic charts that illustrate Bl insights. Through
the BI dashboard users can quickly gain insights about the relationship '.etw.~n the spatial
query results and other urban area information, such as demography, * con ,mic outlook, etc.
We are currently revising and testing a new implementation of the Rl da."board with Power

Bl and Tableau.

4.2 The urban metrics/indicator (Uml) component

The urban metrics/indicator (Uml) is a prominent comoonent of SUDS, whose goal is to
develop a range of synthetic metrics that summarise anc highli jht relationships among multiple
dimensions of functional urban sectors. The ''=' _omponent comprises a range of
spatiotemporal-synthetic or simulated small-c c. ~trics describing diverse aspects of the
social, economic, natural, built-environment 2.2 nh ysical infrastructure aspects of urban areas
that were generated from various datasets. Mata used for the UmI component were accessed
through a variety of data acquisitior ana .=trieval techniques (APIs and ETL), and processed
and formatted using specialised r ata ma.. .gement methods such as Python and R. These tools
together with ETL tools werr useu *~ foad and wrangle (cleanse, process and transform) the
data into suitable formats/standara and transforming them to the same spatial units. Positional
information in the raw daw.” 2ts were converted to coordinates that enabled them to be spatially
linked to other spati.' atas :ts. This spatial linkage enabled the processing of the datasets at
varying spatial si ales su 'h as at intra-neighbourhood-levels (lower super output area — LSOA,
and Middle "_ayer Super Output Areas — MSOA), county-or regional-levels. Subsequently,
spatially-~~tivateu synthetic data were created from the datasets using a complex set of
specialist urt,>n models and simulations, data science and GIS methods. The Spatial ETL tool
Feature Manipulation Engine (FME) was used to extract, transform and load spatially-

referenced data into the data lake, while non-spatial datasets were handled with Talend
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integration software, which has capabilities for data quality and preparation, data integration
and management, big data manipulation, cloud storage, and master data management. The
synthetic data were post-processed (when possible) in many ways to creatr sin.,>le summaries
or composites of information through a process of indicator genetio’,, to yield urban
indicators that will help monitor performance. This spatially indexer synu.~tic data, generated
from the UmI programme forms the core of the SUDS database. Su.™ : of the metrics covering
key city subsystems currently deployed in SUDS include trans, ort ave lability metrics (TAM),
housing affordability metrics (HAM), employment-a .ces .., lity metrics (EAM), and

education-related metrics (ERM).
4.3 Cloud computing component

The cloud computing component comprises a ¢ . . ~*2house (data lake) in which information
from the various components is collated ar.n ~roc2ssed. In addition to serving as a central
storage and data processing system, a key ..'*oose of the cloud system is to facilitate real-time
information streaming from sensor '.etwc 'k gateways and integration and processing of such
data with other metrics. In this w-.y, info.. 1ation from urban 10T sensors can be integrated with
other urban area information *J ger..*=.e new insights in real time. We are currently testing the
development of the data ‘*arehou.e with Snowflake Computing, which is one of the most
promising enterprise data . +rehouses for big data analytics. Snowflake was chosen because of
its relatively high pei 7~r nar _e, scaling capabilities, speed of computing, simplicity in handling

big data and unli nited ¢ »ncurrency support.

5. Applicatiu., and Results

This sectior. Jresents an application that identifies UK-wide areas with low levels of public
transport quality, labour market accessibility, housing quality and educational barriers. It first

describes how we capture, clean and curate the data from multiple novel sources, using a

19



435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

20

variety of technological and simulation approaches. We then identify how the different aspects

of SUDS allow the areas of interest to be identified.

5.1 Transport Availability Metrics (TAM)

Public transport service data were obtained from the UK Traveli. » Iniormation Limited
(UKTIL), which offers schedule (timetable) data for bus, light rai’, tre.n ond ferry services in
England, Wales and Scotland (Traveline Mation~l Dataset, TNDS
[http://www.travelinedata.org.uk/traveline-open-data/travel’ = 2-na...i1al-dataset/]). Train
service schedule data for the entire country was obteineu fro'a UK Rail Delivery Group
(www.gbrail.info). The public transport schedule au.~ obte.ned from the UKTIL were in
TransXchange format for bus, light rail, tram an~ #27= __rvices, and in CIF format for train
services (Rail Delivery Group, 2016). They \ e.c ~*hsequently transformed to the General
Transit Feed Specification (GTFS) format, vs.>1 a modified version of a Python conversion
tool (Mooney, 2016). In total, data fron. 29,314 bus stops/17,880 bus routes, 2,514 rail
stations/5,770 rail routes, 1,325 trar. stau *ns/93 tram routes, and 306 ferry stations/139 ferry

routes in operation in Great Brite.n (Eny. .nd, Wales, and Scotland) were obtained.

The acquired timetables and " ~cations of stops/stations were used to compute the service levels
(frequency of service) a* . se locations. These were subsequently used to generate useful
public transport avail ility .etrics, including average hourly frequency (AHF), density of
stops (DOS), densitv or ~icattime stops (DONS), and Density of Routes (DOR) for the whole
of Great Britain & LSO/« and MSOA levels, which were chosen as the lowest spatial levels of

aggregation or SUL S.

The avera>r hourly frequency (AHF) at the stop/station-level was computed as:
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AHF (i) = %Z cnt_trip(i,t) 1)

teT

where i is a stop/station, cnt_trip (i,t) is the total count of trips passing throur . :“e station (stop)
i within a one-hour time slot t on five working days (Monday to Frida* j; T is the set of one-
hour time slots. We focused on working days as a representative of pubn. transport availability
because the vast majority of the trips to basic destinations such as v. 2rk slaces and schools occur
mainly on such days. Thus, the public transport availability ir dicato. s calculated on working
days reflect the extent to which public transport can se’ve p~aple and support their basic

activities.

We used the AHF in conjunction with proximity to ccmpuwe the transport-availability metrics
at the LSOA level. Previous studies measured pun..~ transport availability using proximity
(walking distance) to stations/stops and service fi > juency (Minocha et al., 2008; Currie, 2010;
Delbosc and Currie, 2011). To measure p*thlic 1. ansport availability accurately for each LSOA,
we took into account the service areas (the area within which people are willing to walk to the
station/stop) and service levels (hou'v ser ice frequency). The willingness of people to walk
to a station decreases as the we ‘kir g di,tance to a bus stop increases (Langford et al., 2012).
Some studies have suggest.u 100m (for bus and tram stops) and 800m (for rail and ferry
stations) as acceptable r.axi aum walking distances for the different public transport modes
(Currie, 2010; Delbor ¢ ar d Currie, 2011; Langford et al., 2012). These are based on distances
that 75 - 80% of .cople would walk to access a stop/station according to a travel survey

(Kittelson and Asscnia* s et al., 2003).

The service ai.~" r stations/stops were delineated using spatial buffering. A circular buffer
centred on a tation/stop is conventionally used to represent the service area of the station/stop.
The buffer represents the area where walking distance to a station/stop along the road network

is within the acceptable maximum walking distances. The delineated service areas for the
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stops/stations were subsequently overlapped with the LSOAs and any stop/station that
intersected with an LSOA is allocated to that LSOA, which it is assumed to serve. For each
LSOA, the stop-level AHFs for all the allocated stops/stations were aggr¢ gaic' The LSOA-
level AHF is subsequently computed as a combined measure of service | vel aggregated AHF)

and walking distance using the following:

. rea(ina)

AHF (@) = Ties@AH ™ (1) * @)

Area (a)

where a 1s the LSOA of interest, 1 1s stations,~‘op, and S(a) 1s the set of
stations/stops whose buffers 1intersect =~ Arca (1MNa) represents the
overlapping area between 1 and a; and Ar~~ 72} .s the area of a. In addition
to AHF, two other metrics, density o. Siopo/stations (DOS) and density of
nighttime stops/stations (DONS - se1'1c>s between 6pm and 5am) serving an
LSOA, were also computed as measures of public transport availability. The

DOS for an LSOS (a) was calcu'ated according to the following:

NOS(a)
Area (a)

DOS(a) = 3)

Where NOS(a) is the 1...0er of stations/stops serving a, and Area(a) is the area of a.

The DONS was calc 'lat:d o'

NONS(a)
Area (a)

DONS(a) = 4)

where NC ../~ is the number of nighttime stations/stops serving a, and Area(a) is the area of
a.
The computed indicators were subsequently loaded into SUDS data lake for integration with

other data using a series of appropriate ETL tools (see Figure 4). With these metrics, public
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transport service in various census output areas, counties and regions could be evaluated,
compared and ranked. For instance, using global and local spatial clustering anproaches (Theil
indices — generalized entropy, and Multidirectional Optimal Ecotopr-Ba.~d Algorithm
(AMOEBA) implement via ClusterPy), the TAM was used to identif an . levels of spatial
inequalities in public transport availability at intra-city, city- and r=qio:.~!-levels across the
county. These were subsequently used to identify areas of low PT~. - local and global scales;
and populations/neighbourhoods at risk of transport poverty. F irther ¢ ztails of this process are

provided in another report currently under review.

100-111

Figure 4. Maps showing one of the Transport Availability Metrics (average hourly frequency - AHF) for all output
areas across the U< ar’. output areas with AHF less than the 25™ percentile of the countrywide values, displayed
on SUDS it .. *re

5.2 Housing Affordability Metrics (HAM)
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Housing indicators are used to highlight the most important features of housing markets (Flood,
1997). Some prominent housing indicators include: house price-to-income ratio, house rent-
to-income ratio, floor area per person, mortgage-to-credit ratio, housing inv :stni. >nt, household
income distribution, housing tenure type, mortgage affordability (Floo .. 1¢97). Computation
of the indicators depends on an accurate knowledge of housing dynamics. ~urrently, there is a
considerable knowledge gap concerning the scale and nature of hou:' 1g dynamics, such as the
UK private-rented sector, as most of the available informatic 1 come ; from Census data that
are updated only every 10 years. This undermines a c'zar .n.'erstanding of changes and
associated issues by local authorities, central government a .~ academic researchers. However,
to undertake continuous monitoring of the sector ove. time, .10using market information has to

be obtained from alternative sources.

Data from the house listings aggregation se’ ‘ice .nopla (https://developer.zoopla.co.uk/) was

rd

considered a suitable alternative sourc. :cr 1.is crucial information. Housing data from
properties advertised for sale or rent a~=~ss Great Britain, from 2010 till present, were acquired
under licence, and complementec by ricr paid data from the Land Registry of England and
Wales and Registers of Scotlan. "_00'.1a has over 27 million residential property records in
their archive. Access to ac.ve «.>q historical property listings is allowed via an Application
Programming Interface ‘AF.), made available to developers by Zoopla. The UBDC has a

licence to access this AP" with an agreement to download data for the United Kingdom as part

of the Centre’s h- using data catalogue.

Baseline pre serty “stings (which contain various types of important historical information
about prenerties; comprising 8 million property records (5 million advertised for sale and 3
million for rent) across Great Britain were initially generated via the Zoopla API with FME
data extraction tools (Figure 4), and continuously updated as more properties left the market
(closed listings).
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542 Figure 5. Representation of the workflow of housing data acquisition ai.." transformation with FME

543  To generate the housing indicators, relevant housing aw.-thutes such as property IDs, address,
544  price, description, date of advert, category, number o1 “oors, were extracted from the Zoopla
545  dataset. The data were linked to the LSOA sy ~tial « nundaries through the postcodes. Following
546  this, aggregate data for key statistics (m -.:, ™ dian, maximum price, minimum for the rent
547  and sale prices) of the properties, we~ computed at LSOA level. These were subsequently

548  combined with demographic data at u.> LS DA to generate further synthetic metrics (Figure 6).

25



549
550

551
552

553

554

555

556

557

558

559

560

561

562

26

All Output Areas

Figure 6. Maps showing monthly median rent , ... *r ~ll output areas across the UK and output areas with
median rent greater than the 75" percentile of the enu. ~ country.

5.3 Employment Accessibility "Jet “ics (EAM)

The generation of employmr z..* accessibility indicators is driven by the need to continuously
obtain more detailed ge‘.gra)hical estimates of jobs and locations of workers at small-area
levels such as postcores cr ouput area levels over time (quarterly, annually), rather than using
those currently av~.:able \. sm the census or the ONS, which are either disclosed at fairly highly
aggregated levels >+ ar-, available only once every 10 years. This is expected to enhance the
understandin » of the performance of different types of jobs (e.g., low-wage jobs or those in the
service seL*ar’, as the economy goes through expansions, recessions or stagnation, by breaking
down estimates of jobs and workers into different categories of interest. Thus, the metrics are

designed to measure the structure and conditions of the local economy and labour markets at
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intra-city levels. In addition, the metrics could be extended to become composite synthetic

measures of the links between the economy and infrastructure.

Travel to work data from the 2011 census, obtained from the UK Data Service . Flow Data
portal was used to determine the number of people reporting that they v > <ed in each output
area. This was wused as a proxy for employmer. Tabie WFO3UK oa
(https://wicid.ukdataservice.ac.uk/), which provides the locati~~ ot ,=ople’s residence and
work (excluding quasi-workplaces) at the level of output area>r the JK, was used. The level
of employment in each output area was proxied by aggreyt'.ig t' e data by workplace output
area. These employment data, combined with travel time information derived from the
OpenStreetMap, were used to generate a number ot :~hour market accessibility measures
(Figure 7), using the gravity-based measure of poten.'al accessibility developed by Hansen
(1959).

To calculate these, a measure of the ¢ .. =f ravelling between each pair of origins and
destinations was required. Distance a'~~a the road network was used as the measure of travel
cost. The road network was represe.ted using OpenStreetMap. An all-pairs shortest-path
algorithm was then used to estirn.>* : a f'.stance matrix.

Many different methods have b2 developed to measure accessibility. A popular one, which
we used here, is the gr vit -based measure of potential accessibility developed by Hansen

(1959). This is gener lly eprasented as:
A; = XDif (cij) 5)

where A;is t e acce sibility index for zone i, D;is a measure of the opportunities available at
destinatior. i, ;;1> the cost of travel between zones i and j, and () is a cost deterrence function

which captures how distance affects the accessibility of opportunities. For our purposes, D was
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used to represent the number of people stating they worked in each output area and c;; will be

the network distance between output areas i and j.

The deterrence function also has to be defined. Many options are available but we opted for a

simple threshold function of the form:

1if cjjst

fe) = Loyt ©)

We evaluated the function for different levels of the paramete . T 1e accessibility measure
gives the number of employment opportunities that can L~ eact ed within a given distance.
One advantage of this measure is that it is easy to internret. Fu, ther details of this are not within

the scope of the current paper, but are covered in anothe. report.

Figure 7. Maps showing employment opportunltles within 5km (access 5km) of for all output areas across the
UK and output areas with access 5km less than the 25™ percentile of the entire country.
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5.4 Education-Related Metrics

The creation of education-related metrics (ERM) has been prompted by the r'esire to examine
small area-based drivers of inequalities in educational outcomes (Bell, 2003; Ker ct al, 2014),
from Secondary School, through Further and Higher Education and n.:~ employment, and
against the background of Scotland’s /. tta nment Challenge
(https://education.gov.scot/improvement/learning-resources/Scettish ,* ttainment Challenge),
which was launched by the Scottish Government in 2015 to ~chie' e equity of educational

opportunity and thereby reduce the poverty-related “attain.»<.it gz p”.

Secondary school data were obtained from the Scottish =xchange of Data (ScotXed -
http://www.gov.scot/Topics/Statistics/ScotXed), ~=zri..g the eight local authorities
comprising the Glasgow City Region (Glasgc v C™** East and West Dunbartonshire, North
and South Lanarkshire, Renfrewshire, Eas. \>~m.awshire, and Inverclyde). The datasets
feature individual student-level data from v = pupil census and data on all 31 publicly funded
secondary schools for the academi’. yea.~ 2007/8 to 2015/16. Pupil data consisted of age,
gender, nationality and ethnic '.ackgro.ad, level of English, receipt of Gaelic education,
attendance, and post-school r.estin.*ir ns. Educational attainment was measured for all units
and courses at levels S4-SF (senior secondary education, typically of those aged 14-17 years).
Schools data cover staffin, -evels, and proportions of pupils’ speaking particular languages at
home. The linked pu,il and ,chool datasets are extended with other derived and administrative
data: the distance (Euch 'ean) travelled by students between home and school and accessibility
to different fy/pes c* greenspace from the home and school neighbourhoods were calculated
from post~nde cenroids, and home and school locations were linked at datazone level to assign

measures of 2privation and rurality.
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A broadly similar Higher Education dataset was developed from data supplied by the Higher
Education Statistics Agency (HESA- https://www.hesa.ac.uk/). This is a secured data obtained
through electronic Data Research and Innovation Service (eDRIS) spe2ial licencing
arrangement (Safe Haven). It contains approximately 44.7m records fo' all .tudents attending
a Higher Education institution in the UK between 2000/1 and 2015/16, .~mprising personal
characteristics (including home location at postcode sector level), «.>« subject, level and mode

of study of courses pursued, level and classification of qualification, ¢ 1d post-HE destination.

The various datasets are currently being used to develop a, »~uprii te spatiotemporal indicators
of student- and institution-based educational disadvantage a. these stages of the educational
career. New insights are expected to be derived via the !'nkage of ERM with other metrics in
SUDS, such as the EAM (synergising labour market u,mamics with quality of education) and
using TAM to provide information about jc "*ney. between home and educational institution.
These will give a richer understanding of .. =vh- 11 basis of educational inequalities, generating
more flexible and locally tailored poli~‘-relevant information and, thereby, solutions to these

inequalities.

5.5 Urban Analytics

It is expected that SUDS i be used by policy-makers to undertake several projects that will
enhance urban sustair .bility .~d smart city management. Some of the potential applications of
SUDS include small-« 22 multi-criteria evaluation, where the various metrics can be
interactively inte rated «nd explored to understand the dynamics of underlying relationships

and location. | variai ility of various city components.

Figure 8 ilis’. ates the SUDS web interface, showing the results obtained from the combination
of three SUDS metrics (transport, housing prices and access to employment). The figure shows

the spatial distribution of output areas of low liveability (high rent, poor transport services and
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low employment opportunities). The following thresholds were used: rent price greater than
the 75 percentile, average hourly frequency (AHF) of transport services less than 25 percentile

and available jobs within 5 km, less than 25 percentile of countrywide valu 2s.

SRR L B e
A gty of . WSS ST 1 Ul QU e
Aurrter of Outsutives - b Ounutions Sou (W wAlTL S
N Werw of St - w5 maarty Fragaercy 0

s &

Figure 8. SUDS as used to identify 6utput areas with high monthly rents (>75 percentile), poor access to jobs
(<25 percentile) and transport (<25 percent’.e).

It highlights sub-city variabilit,” of thee metrics across the country (see Figure 9), which is
often masked in other simil.r -, <tems. For instance, with the exception of London where no
output area was identifizd 75 having low liveability, others such as Manchester, Glasgow,
Aberdeen and Cardif’ har. few output areas in the low liveability category. This buttresses one
of the important 2 ,pects 0» SUDS — identifying intra-city variations that would have otherwise
been missed. The 1=~ ctive nature of SUDS also ensures that users such as city administrators
or researcher. can s c or test different thresholds or use alternative criteria to explore particular

aspects of e urban area.
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Figure 9. Sub-city variations of low liveability in selected UK citic.

This example demonstrates how SUDS can be app.:~d to understand and manage various
aspects of the urban area. Although its prime+v fo. Is is on social and economic aspects, its use
could be extended to include environmer*2! attt hutes. For instance, social scientists could use
SUDS to tap into a variety of contextual neighbourhood-level factors that partly explain
economic, social, behavioural and a.. *udir al outcomes of individuals, firms, markets or other
institutions and organisations, *it10u* which their analysis would potentially suffer from
various endogeneity or omi*.eu- ‘ariable biases, among many other methodological limitations.
For example, suppose @ resF archer wishes to analyse labour market outcomes such as hours
worked or wages ear.ied oy low-income single mothers living in urbanised areas in the UK.
Aside from the urual snciudemographic, human and social capital factors, SUDS enables the
analyst to contrnl 1 “ackground factors such as transport access, general labour market and
industry cona *ions 'n the area, and broader economic trends in the region to be introduced into
the analysi. .nereby facilitating a more complete analysis of the outcomes of interest. For
environmental applications, a researcher may be interested in analysing public health outcomes

for which SUDS may be able to provide small-area estimates of the characteristics of the built
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and physical environments in which people live, work or go to school, such as housing density
and accessibility, alternatives to driving such as walking or cycling infrastructure, and access

to high-quality food outlets, green space, clean air and clean water.

SUDS was also designed to inform policy-making, invite public, private ~ « citizen action to
address challenges in urban transport, housing, the environment, :au:ation, land-use, urban
design, labour markets and employment conditions, public health soc..! care, and other policy
areas. In this respect, SUDS will enable the public to engage wi.h aca’.emic outputs relevant to
the understanding of urban areas. The goal is to stimu.~*. a range of civic and business
innovations with the adoption of SUDS by urban digital infon =diaries (Thakuriah et al, 2017).
It is the aspiration that debates stimulated by SUDs will lead to improved services and
wellbeing of people, places and infrastructure, and fac.'itate communication and exchange of

information among stakeholders towards th” ~= ob, ~ctives.

The system will also serve as a tool that win >'1oport data-related engagement with data owners,
and encourage data owners to contr’ute ‘ata. More broadly, the system is intended to play a
central role in stakeholder engag .ment a..ivities, particularly with policy-makers, businesses,
data providers and non-profit orga..’<".cions. Hence, an important component of SUDS is the
development of visualisation ana interactive mapping components that provides a unique
opportunity for intentiona., meaningful interactions on city life that provide opportunities for
mutual learning betw 2=, urk an researchers and members of the public. “Mutual learning” here
refers not just tc the ac juisition of knowledge, but also to the increased familiarity with a
breadth of pe.spect es, frames, and worldviews (American Association for the Advancement
of Scienc~ ?01%) and helps to “empower people, broaden attitudes and ensure that the work of

universities a 'd research institutes is relevant to society and wider social concerns” (RCUK,

2018).
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Specifically, the employment availability metrics will be useful for job-accessibility studies
that involve matching workers to jobs. For example, those involving non-standard shift-work,
which are often low-wage jobs, may not be available to workers who are ¢ zpei.ent on public
transport, or who have no car, or who have difficulty running a car duri .q p .riods of high fuel
prices, or to other transport users if otherwise suitable jobs are loc=tea ..> areas that are not
well-served by transit during off-peak periods. Similarly, manufaci..* ag enterprises located in
areas with high levels of congestion may be affected by the inabilit 7 of just-in-time freight
delivery during certain hours of the day, or even the abi ity ‘o . ttract employment for non-
standard work shifts. Non-standard shifts may further ai.~<t the quality of access to local

services and social activities in the absence of reliab.. trai.uort.

These reasons underline the need to estimate the spativ *emporal locations of workers and jobs
in terms of precise estimates of the geogr hic.' location of policy-relevant categories of

worker residences and jobs, as well as th. ... ~al shifts of those jobs.

The housing metrics could be used t gauy, ~ the effect of certain changes in policy or industrial
activities. For instance, the effrcts ot (.sruptors or accelerators in a society, such as the
establishment of new industri.s or v~ _ollapse of existing ones, could be measured in terms of
changes in house sales and rent prices. It is important in smart city management for these sorts
of dynamics to be picked u,” as quickly as possibly at very detailed spatial levels without having
to rely on Census s.tiLtics, which are gathered much less frequently, in order to use this

information to qu ickly ¢ 1shion the adverse effects of utility-associated benefits.

Another futu e appl :ation of SUDS is in the area of urban predictive modelling and analysis,
where ma >ty . Z7arning could be used in conjunction with the metrics generated by SUDS to
gain deeper insights about urban area dynamics such as those associated with: predicting future

outcomes from structural, infrastructural, commercial and industrial changes and impacts on

34



727

728

729

730

731

732

733

734

735

736

737

738

739
740

741

742

743

744

745

746

747

748

749

750

35

urban dwellers such as where job losses might happen, or where house prices might rise or fall;
gauging urban area emotions or reactions to policy changes; and predicting the location of
events, such as riots and various types of crime, through the use of ex..*ing datasets.
Incorporating data from urban IoT would facilitate real-time monitc ing of environmental
quality using SUDS. Hourly air pollution data automatically generates by \.>nitoring networks
could be streamed into the SUDS cloud data lake to facilitate real-tn. ~ monitoring of air quality
across cities. This could subsequently be integrated with oti er dat: sets to generate further
insights, for example, by combining active travel data e.o, ».om Strava) to dynamically
monitor exposures to pollution. In the same vein, availabie Yata from smart meters and street
lights could be used to gain a detailed understandiny ~f ei..igy usage over time across cities.
These data could also be used to derive metrics an. indicators for measuring socioeconomic

factors such as household poverty.

6. Challenges, Limitations, and Issues

There are certain challenges, limit-.cions . nd issues encountered in the development of the
SUDS infrastructure, especially reliting to data governance, data acquisition, information

management, and system rep oduciu. .ity, which are briefly discussed below.
6.1 UBDC Data Service s ar 1 Data Governance

SUDS is a manifest' tior of "JBDC’s data service. Unlike comparable data platforms, SUDS
uses not only ope 1 data “\nd derived data products, but also data licensed by UBDC under more
restrictive ag”..menw. This demands additional controls and governance mechanisms but
offers opportu. ‘tie~ to achieve broader, higher spatial resolution insights, reflecting a broader,
growing en.” nasis on data sharing, versus open data. As a public good, open data is highly
desirable but many factors, often related to privacy or commercial sensitivities, limit the

feasibility that all potentially useful data can be made available under open licences. The
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benefits of data sharing for doing research work have been widely discussed (Chatham House
Data Sharing Advisory Group, 2016), albeit offset with concerns — that wealthier stakeholders
are best positioned to benefit, at the cost of poorer communities, or that da'a su. *ects’ privacy
may be at risk because of the practice (van Panhuis et al., 2014). UBDC s d .ta service aims to
minimise barriers to the use of data in the resolution of urban challenges. Rroadening access
means providing a service that is free at the point of use, and negu.’.ing with data owners to
agree terms for data sharing that are as unrestrictive as possib. 2, whil protecting the interests
of individuals and organisations affected. UBDC partly ac nier s ‘his by offering data owners

reassurances through its policies for managing data access.

UBDC datasets are grouped into one of three cai. uries and members of each are candidates
for publication within the SUDS platform. TL> t'.s. is the Centre’s open data collection —
typically licensed under Open Government o1 ., 2ative Commons data licences, these datasets
are accessible via a public portal to any pros,~ective user. They can likewise be published on
the SUDS platform with few limi‘ations. The second category, which involves additional
restrictions, is UBDC’s safegu-.rde i daia collection. This comprises of datasets that have
associated bespoke licensing ind daw. sharing arrangements. End users wishing to access these
data must agree to the re'_. nt terms and the permitted uses of such data, and the nature of
permitted outputs are nore Strictly limited. The limitations imposed, and the possibilities for
platforms like SUDS re .pecific to each data sharing agreement. The third category is
controlled data, t."ose da asets with additional restrictions related primarily to the sensitivity of
their content These are mostly individual level data, such as administrative health or social
care data. ..., ~'here there is an onus on protecting individuals’ privacy. In such cases, physical
access is restr.zted to within secure safe environments. Outputs are subject to formal approval
processes (particularly to ensure that risks of disclosure are managed). In many cases UBDC’s

role with respect to controlled data is to broker access between third parties (typically data
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owners, users and administrators of safe indexing, access and analytics environments) with no

custodial role.

UBDC has infrastructure and governance controls in place to support v .ers vishing to access
datasets across each collection, with data released via SUDS subject to . ~ saiie processes and
limitations. Informing licensing, ingest and data processing, UBD s .ata accessioning policy
defines seven primary stages. These are 1) negotiation of datas 2t licei sing, where data sharing
agreements and end user licensing arrangements are ar,reed and formalised; 2) physical
acquisition of data, where data and associated metadata a1 nhy...ally transferred and received,;
3) dataset assessment, where datasets are evaluate an ac .itional processing requirements
identified; 4) dataset processing, where appi..2pie processing is undertaken; 5) data
documentation, where accompanying documen. tic 15 created, validated and standardised; 6)
dataset definition, where one or more agreeu a.:? packages are defined and their manifests
recorded; and 7) dataset publication, where ac.” is published to one or more delivery platforms.
Several stages operate iteratively w.th nev. data products defined, produced and published in
response to emerging researcher rec.iirements or data additions/changes. In terms of the user
experience, UBDC’s end 1 <er denvery policy controls access to data within UBDC’s
collections. This establis’ic. several stages whereby end users’ purposes are defined and
compared with releva it daw. sharing policy(ies); sub-licensing documentation is exchanged,
completed and storeu, anr data is securely transferred or made accessible to authorised,
authenticated usc*s thrcugh a secure platform. For the most sensitive controlled data that
UBDC facili ates ac *ess to (e.g. individual-level health data) additional governance processes

require p.opn” e users to satisfy an independent committee of the scientific and public

benefit impac.s of their proposed work, and of the appropriate mitigation of associated risks.
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Predictability, negotiating these policies and processes is much simpler for acquiring and

sharing open data, than, for example, commercially sensitive business data.

UBDC approaches the accessioning of a given dataset with its safe acr zss)ility of foremost
importance. Agreements with data owners may not permit widespreaa .“arn.g of raw data to
general audiences but it may be possible to negotiate rights to pu.‘list derived aggregate data
products instead. Data requirements vary by projects and circur stances — for instance,
although one community of users may require access tc indirvidual level higher education
attainment data another may benefit just as much fron. agg..gate, rounded summary data
(particularly if accessible with few practical restrictiv. ) Similarly, synthetic data offers
opportunities to create widely shareable resourc.~ that are more credible if produced with
reference to real-world, but highly controllel' rawsets. Furthermore, although SUDS is
available online and built primarily using ope.» s 'rce technology, it is by no means a wholly
open data platform. Limitations to data av..'ability are supported, and end user licensing
constraints can be enforced to ens.re tha only authorised, authenticated users may access

particularly datasets or higher re .ol .ion data content.

6.2 Data acquisition, prorassing «nd software integration issues

Some of the challenrzs anu 'imitations encountered in the development of SUDS revolve
around data acquisition, 'ic :nsing and protection, as well as the choice of software to be used
for the various ce mpon’ nts of SUDS. Access to some of the data from commercial vendors
through API. is usue 'ly subject to certain conditions, which must be considered when designing

the worky. ow= 72~ data retrieval.

Another issue is the choice of the appropriate level of spatial and temporal resolution of the

metrics that should be made publicly available. SUDS aims to calculate and display the urban
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area metrics at highly granular levels, in finer detail than has been achieved with previously
computed metrics/indicators. However, this is also subject to data licensing agreements and the
need to preserve anonymity, especially with the implementation of the Genr ral = ~ta Protection
Regulation (GDPR) in Europe in May 2018. This informs the use of Cer sus utput areas as the

base spatial scale for SUDS.

6.3 Managing dataset licensing and associated sensitivities

One of the principle non-technical challenges in delivzring U.e SUDS architecture is
rationalising the terms and conditions of usage and the varv.ng sensitivities of datasets
originating from many sources. The goal of the «“DC, when negotiating data sharing
agreements, as part of its data service responsibili*+, ‘= <= _z able to support broad accessibility
and utility of data, with the fewest possible con. 1«. *~ Predictably, this rarely happens without
compromises, which in turn leads to restrictic'i. oy 2sponsibilities bespoke to each agreement.
These are often limits on the permitted ty,.~s o1 users and usage (e.g., academic researchers
only), requirements for physically ar cessi.>q data (e.g., via secure centralised data stores) or in
terms of what can be published “ollnwn. 4 research activities. They extend to aspects of data
protection law, the scale anc scop. ¢ liabilities and aspects of academic freedom. Pricing

models for provision of dat= to thid parties are also variable.

Although this paper d'.es no. >necifically cover legal interoperability issues, our ambitions for
SUDS to combine disp.-at . sources and support analysis based on parameters from multiple
datasets establisti s it ac a challenging consideration. Considerable related work has focused
on interoper: bility ¢ F open research data licenses (see for example RDA-CODATA, 2016) or
issues as.aourr .2 with deploying open data within business and government contexts
(Morando, 20.3). The compatibility of free and open source licenses within a software context

are also well explored (Rosen, 2004). Given the increasing emphasis being placed on the value
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of shared data, acknowledging the limits of what can be made wholly open, there remains
uncertainty as to what can be done when combining multiple, more restricted sources. Within
SUDS we approach this issue in a bottom-up manner by adopting a ce atio.~ approach to
information sharing, establishing a licensing process as a gateway to da* + ac'.ess and enforcing
limits on accessibility to the platform as well as individually presented daw.~ats. Increasing use
of synthetic data may offer a means of bypassing particularly resu.>* ve terms and conditions
(although the feasibility of this approach may depend on a num ‘er of f: ctors, not least the terms
and conditions of a given license). Convincing data ownr rs 7 v e value of contributing to a
shared pool of data with a view to them realising benefits 1. ~m accessing the whole remains a

significant objective.

In addition to the constraints associated with licens:ng terms and conditions, the use of
individual, person-level records present fu *her “~hallenges. Several datasets in use within
SUDS, such as the HESA and ScotXe. .Z:~=ion data present specific personal data and
privacy issues, as covered by legisla**~n such as the GDPR. Access to these data is tightly
regulated and corresponding data-_"ari ig agreements impose demands regarding the
environments within which they =71 br accessed, and the permitted outputs that may emerge.
At present, the use of infor:aatiu.> hased on these types of sources requires significant manual
intervention to produce : 1gr’.gate outputs within a secure data access environment. Outputs are
subject to statistice. di.clo~ure control prior to their incorporation within SUDS. The
development of coluticns 10 facilitate the safe integration of personal data sources remains a
key objective The 1.5k Of statistical disclosure and compromising of privacy is an additional

important mo..‘atic 1 for the generation of synthetic populations.

These are sa. ent issues that must be thoroughly considered while developing a system, like

SUDS, that is intended to be publicly available at high levels of spatial and temporal resolution.
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6.3 System Reproducibility

With regards to choice of software, there is currently a wide range of comr ercial and open-
source software that could be deployed to perform some of the tasks in SUDS. Despite the
many benefits of availability of a wide range of technologies, this .. ¢S own presents a
challenge, especially regarding how to determine appropriate sets » 1 sh)ftwaie to be deployed.
Software applications, even those developed to perform simila, tasks, have different
performance capabilities in certain respects. This calls for ~arefi’. consideration and the
challenges they present must be cautiously navigated whc~ .eve oping an infrastructure like
SUDS. Wherever convenient, SUDS’ first choice is the deplc yment of open-source tools and
software. Robustness, speed and ease of usability o, the software were also considered.
Combining different software into a system alsc nresen. a challenge. We have overcome some
of these data and software integration proble ~s in SUDS by using spatial and non-spatial ETL

tools to drive the workflow.

7. Conclusions and Future Wk
In this paper, we have describ d t".e Svatial Urban Data System (SUDS), a part of the UK

ESRC-funded Urban Big 'a.> Centre (UBDC). SUDS is a small-area geospatial big data
system that delivers co apli x data analytics at the scale of a country, allowing regional
comparisons and sub arex analysis, on a variety of social and economic attributes of urban
living. At the core _7 the .- stem is a programme of urban indicators generated by using novel
forms of data anu an '.rban modelling and simulation programme. Using public transport,
labour marke* acces ;ibility and housing advertisement data, we were able to show areas that
are deprive 1 ¢ ¢ certain urban services in the UK. One of the key objectives of the system is to
disseminate the technology to local governments, small businesses and other users such as

NGOs in less-developed nations. For this reason, the technology used is open-source and
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replicable elsewhere. The system grows organically with new policies, stakeholders and data

opportunities. A robust user base is recruited using a recruitment and communications plan.

The SUDS differs from existing spatially enabled smart city analytics infrastructu.es in that it
focuses largely on the generation and use of spatially enabled socioeconu. ~"c metrics collected
countrywide at regular intervals to facilitate the understanding of .nu 3-city dynamics and to
provide “urban health checks.” Researchers have noted the ~+<ate. =fforts being made to
measure and monitor environmental aspects than those made to -epre< 2nt social, economic and
governance aspects (Shen et al, 2011; Lynch, et al 2011). ., inf yrms SUDS’ focus on social
and economic, health and well-being conditions to enable a \ 10re comprehensive assessment
of urban living, in line with sustainable development roals. SUDS provides a quantitative

multidimensional foundation for comprehensive urbar ~uality of life assessment.

It can be deployed for smart city performanc. . ani.oring and assessment at an intra-city level
in a timely manner. Other application & 2s nclude high-resolution urban area indicator
generation that could drive city cor.pan.n and ranking; urban area predictive analytics for
forecasting future outcomes and .mpaci. Jf policies and changes; multi-criteria evaluation of
impacts of urban area acceler itors, i-cupters and policies; and real-time monitoring of urban
area dynamics. Furthermora throuyn the cloud computing component, data streams from urban
0T sensor networks couie e processed and integrated with other datasets, such as historical
data from various fa.~t< of *.1e urban environment to derive new insights. Key unique selling

points of SUDS clude.

e integ ation ad processing of spatially-activated big data from varying sources, with
coMpr ~ geospatial processing, and modern cloud computing systems, to derive deeper

insights into sub-city interactions,
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e generation and use of frequently updated small-area socioeconomic synthetic metrics
on a countrywide basis,

o facilitation of the understanding of intra-city dynamics through the intey -ation of data
from various aspects of the urban area,

e development of series of strategies to process and utilisez van.''s socioeconomic
variables, to understand and manage urban area dynamics,

e compatibility with modern cloud computing systems “uch a: Snowflake Computing
system, Azure SQL Data Warehouse, Amazon Re (sh*’(, (racle Data Warehouse with

advanced capabilities for handling big data.

Ongoing work includes the development of additional n. *rics from other aspects of the urban
area, including health and wellbeing, environm-~tal anuy user-generated contents such as those
from social media (Twitter, Facebook, Re. . *t. e.~.) or transactional data. Data on athletic
activities of city residents that could be uo=u . jauge city lifestyle have been acquired from
Strava under a licence. The Strava ~uw. ~ontain spatially referenced information on various
activities including cycling, runring, .~ walking that could be integrated into SUDS. The
Strava dataset comprises mi'lio.. of anonymised and aggregated data of rides and runs
uploaded regularly by Strava use, > via their mobile phones or GPS devices. Relevant metrics
are currently being gene., ~te 1 from the data. In addition, automation of the system through the
use of APIs and ET trols 0 obtain real-time travel data from sources such as Darwin and
NextBus are be ng te.'ed and optimised. Various components of SUDS are also being
optimised fc nore efficient integration, processing and analysis of data, and for the
visualisation o, =*puts. Advanced open-source geospatial big databases such as GeoMesa and

GeoWave ai - currently being explored for possible incorporation with SUDS.
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Finally, a training and capacity-building programme is underway to ensure that a wide base of
potential users have the skills in GIS, software programming and related areas and are also

familiar with the data to use the system as a part of their programmes.

Future work planned for SUDS will help develop it into a leading spatial .- data platform with
fully functional big data analytics capabilities, with a machine-le7.man component that will
drive urban area predictive modelling and analytics, and real-*'me .~alytic tools to enable

integration with the urban IoT.
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Twitter
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Facebook
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