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Cities must address many challenges including air quality, climate change and the health
and wellbeing of communities. Public authorities and developers increasingly look to
improve these through the implementation of interventions and innovations, such as
low traffic neighbourhoods, deep housing retrofits and green infrastructure. Monitoring
the impacts of interventions is essential to determine the success of such projects and
to build evidence for broader urban transformation. In this paper we present a mixed-
method cross-disciplinary approach that brings together cutting edge atmospheric and
data science, measurements of activity in public spaces and novel methods to assess
wellbeing-promoting behaviours. The Manchester Urban Observatory focuses on living
areas that have a high density of inter-related systems, which require observation,
understanding and intervention at multiple levels. This must be completed in line with
urban planning goals as well as a clear and succinct data solution that allows robust
scientific conclusions to be made and viewed in real time. Delivery of such a monitoring
strategy is not trivial and is time, resource and expertise heavy. This paper discusses the
methods employed by the Manchester Urban Observatory to monitor the effectiveness
off interventions implemented within cities and effective communication strategies with
local communities.

Keywords: air quality, wellbeing, traffic, city data, community engagement, urban observatory, urban
transformation

INTRODUCTION

Urban environments play a key role influencing human health and wellbeing and there is therefore
a requirement to improve these environments to support more immediate and long-term positive
outcomes. As such, city leaders and developers are now increasingly implementing change with the
aim of developing healthy environments (Evans and Karvonen, 2016). This is not straightforward
as changes are potentially ineffective and/or have adverse unintended consequences that create
new problems for individuals or communities. Furthermore, changes may not be received well by
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individuals or communities if they are unclear as to purpose,
rationale or need and this can impede effective implementation
and create discord. Interventions must be planned, developed,
measured, quantified and understood with the relevant
expertise, bringing together multiple specialities including
health, social, atmospheric, environmental and data scientists,
local government, community resident knowledge, healthcare
practitioners as well as developers. This collective expertise
allows a holistic approach to developing and understanding
change, addressing future sustainable goals and informing
best practise.

In order to achieve the goal of informing policy and
effecting urban transformation a measurement and data
driven approach with accurate baselines, bespoke sensor
networks and use of novel methodologies is increasingly
seen as essential to understand urban environments and
subsequently measure the success of such development projects.
The UK Collaboratorium for Research on Infrastructure and
Cities (UKCRIC) have established a network of interlinked
urban infrastructure observatories, at sites across the UK,
for the digital capture, mapping, sensing, monitoring,
and testing of real urban infrastructure systems over the
long term. The key objective of the Manchester Urban
Observatory is to capture the complex interrelations
and interactions of real systems with the environment,
people and society and then communicate the findings
to the public of the detailed analysis of developments
and interventions.

There are numerous technical challenges associated with
such a measurement strategy, including network design and
specificity, data sources, data provenance, data solutions and
employing appropriate analytical techniques. In addition,
methods from environmental, health and social science
disciplines must be brought together in a coherent experimental
and analytical framework. Finally, the process must be co-
productive with both the owners and stakeholders involved in
and affected by interventions.

This paper will present a cross-disciplinary and collaborative
set of measurements and methods, primarily using sensor-based
technologies, that can be combined to add value and validate
the effect of interventions, such as active travel schemes. This
unique combination presented here allows a more complete
understanding of the intended and unintended environmental,
health and wellbeing impacts of urban interventions but also
large unintended perturbations such as COVID-19 lockdowns.
Each method in the combined scheme proposed here is
not trivial and there is often poorly defined best practise
for each sensor technology of activity, which is discussed
here. The mixed methods approach discussed in this paper
has been co-produced by the Manchester Urban Observatory
with stakeholders and have been in development since 2018
in the Greater Manchester area, but are now sufficiently
developed to be utilised in other areas of interest. This
is significant as such measurements will inform policy,
infrastructure planning and health delivery at the local
and national levels and provide an evidence base to drive
urban transformation.

MIXED METHODS APPROACH

Air Quality Measurements

Air quality in a specific location is a very complex result
of local and regional emissions, meteorology and atmospheric
process that chemically and physically transform the primary
and then secondary pollutants. Such processes are not fully
understood, requiring specialist in-situ measurements techniques
at multiple temporal and spatial scales to monitor, understand
and subsequently forecast change. There is a well-defined link
between poor air quality and increases in respiratory diseases,
strokes and heart disease as well as newly identified links with
cognitive function and childhood development (Ciencewicki and
Jaspers, 2007). Addressing and understanding the causes of poor
air quality are therefore imperative in the health of communities,
particularly those living in an urban environment.

There are now a huge number of low-cost air quality
monitoring approaches that, in the last 5 years seen a massive
upsurge in use given their cost and very little requirement
for prerequisite knowledge. Low-cost air pollution sensors offer
significant potential to improve both our understanding of, and
ability to improve, urban air quality. In contrast to traditional
specialist sites and monitoring networks, where measurements
are made using reference-grade equipment at a small number
of locations, low-cost sensors offer the possibility of spatially
dense observations that capture the spatial heterogeneity of
air pollution. These sensors therefore have the potential to
provide the granularity of data to understand the effect of local
interventions that are being led by regional authorities and
developers at scale, which are often implemented with an aim
of improving air quality. The use of these devices is, however,
being limited by questions over the data they provide and a lack
of proven methodologies.

Academic scrutiny is unfortunately yet to provide a clear
solution to the use of low-cost air pollution sensors, with
a large degree of performance variability reported, even for
identical devices. The reasons for these discrepancies are
complex and wide-ranging, but have in a large part been
attributed to interferences from temperature and humidity
or other gases, meaning performance often depends on
local environmental conditions. For this reason, a long-
term assessment of commercial low-cost air pollution sensor
technologies has been underway across several UK cities since
2019, as part of the QUANT research programme. This study
has deployed multiple commercial sensor devices, alongside
reference-grade instruments, at the London and Manchester
NERC supersites and a roadside monitoring site in York. This
has enabled the assessment of the general performance of low-
cost sensor devices in different UK urban environments and
across a range of seasons and environmental conditions. Figure 1
shows ~1 month of PM2.5 data from a reference equivalent
FIDAS instrument and two low-cost sensor devices running at
the Manchester NERC supersite. Although it is clear that the
agreement between the low-cost devices and the FIDAS is not
perfect, it is also obvious that the sensor signals do contain
highly valuable information on local PM2.5 levels and thus is
a potentially valuable method of understanding air quality on a
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FIGURE 1 | Time series of PM2.5 measurements made at the Manchester NERC supersite by a FIDAS reference equivalent method (black dashed) and two low-cost
sensor devices (red and blue). Correlation plots between the sensors and the FIDAS are shown in inset plots. Grey dashed line indicates the WHO recommended
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local scale. Through the quantification of these real-world low-
cost sensor device uncertainties, the QUANT project is informing
methodologies for their use, which maximise the strengths of
these devices while acknowledging their weaknesses and will be
reported on shortly.

Understanding measurements of air quality as single sites,
however many are used, are often limited by the understanding
of the specific location and region in which they are situated.
For example, supplementary meteorological data can provide
precipitation levels, local windspeed and direction information,
all of which affect local air quality and can help to identify sources
and understand the levels of pollutants measured. The influence
of local areas of emissions such as land use, nearby roads, industry
or agriculture are key to understanding air quality processes
measured on site. For example, not only changes in total traffic
volume but how the traffic fleet changed was shown to be key
to understanding local air quality during the national lockdown
in March 2020 (Topping et al., 2020). Building as complete as
possible picture of the air quality measurement site in parallel to
air quality monitoring, is therefore key in understanding the air
quality measurements these sensors may provide.

Traffic and Public Movement

Measurements

With traffic levels set to increase by up to 51% by 2050, congestion
will worsen. Prioritising active travel, improving public transport
reliability and creating more sustainable environments are
therefore critical in transport policies. As a result, there is huge
pressure on highway authorities to improve the reliability of the
road network and deliver greener transport options and better air
quality. When authorities plan changes to improve the reliability
and safety of the road network, understanding vehicle flows are
essential. In the past, traffic monitoring has been accomplished
using various methods, but each has its own limitations. The
most common technologies are Induction Loops, which require

intrusive ground works to install, only cover one lane and the
data provided is only for the position of vehicles in one discrete
location on the road and in person monitoring, which is time
consuming and prone to human error and is typically only used
for 1 day at a time due to the cost, prohibiting any long-term
datasets or adaptation to day-to-day trends.

Traditional vision-based traffic sensors often make use of
outdated computer vision techniques. The two main techniques
available are Background Subtraction and HOG detection.
Background Subtraction is unable to cope with changing lighting
conditions and HOG detection cannot identify items when
they become overlapped. To combat these challenges, neural
networks are now being utilised as the underlying computer
vision detection and, as such, have solved these issues. This
technology has been used in sensors such as those developed
by Vivacity. Its sensors use artificial intelligence and machine
learning to capture anonymous traffic counts in real-time across
a selected ‘count line, trained from millions of examples of
road users. As more images are gathered, the software becomes
much more accurate. Counts can show the interactions between
up to 32 different modes of transport, including: pedestrians,
cyclists, e-scooters, cars, buses, taxis, vans and HGVs, proved to
be essential in understanding changes in air quality in isolated
locations (Topping et al., 2020). One sensor can also provide real-
time and historic data on how these transport modes use roads
and pathways and how they interact within the sensor field of
view, including vehicle path, turning counts, journey time and
speed. Critically, all of the sensor data is completely anonymised
and presents no privacy or personal data risk.

Such data, when provided in such high levels of detail, can
empower cities to put sustainable communities at the heart
of transport networks and accurately determine the success of
interventions, such as low traffic neighbourhoods and provide
a huge level of detail to support the understanding of co-
located air quality devices. This allows cities to optimise the

Frontiers in Sustainable Cities | www.frontiersin.org

January 2022 | Volume 3 | Article 787484



Bannan et al.

Monitoring and Understanding Urban Transformation

transport network and improve urban infrastructure, making
cities smarter, safer and more sustainable.

Health and Wellbeing Measurements

Urban environments have the potential to play a key role
in shaping near and long-term human Health and Wellbeing
(HWB). Wellbeing has been defined as the combination of feeling
good and functioning well; the experience of positive emotions
such as happiness and contentment as well as the development
of one’s potential, having some control over one’s life, having
a sense of purpose, and experiencing positive relationships.
The term subjective well-being is synonymous with positive
mental health (Huppert, 2009). Recent evidence that creating
new or improving existing urban green and blue spaces (e.g.,
parks, rivers) (Hunter et al, 2019), transport infrastructure
(e.g. walking/cycling corridors) (Cummins et al, 2018), and
public spaces (e.g., urban squares) (Anderson et al., 2017),
are promising interventions to enhance population HWB. Yet
despite growing evidence and expertise in the field, the evidence
base is severely underdeveloped (Benton et al, 2016; Hunter
et al., 2019), partly due to the difficulties in measuring and
quantifying HWB (Lee and Maheswaran, 2011; Benton et al.,
2020). Wellbeing has traditionally been measured using self-
reported methods, most commonly through traditional survey
approaches and smartphone technologies (Bakolis et al., 2018).
However, wellbeing surveys typically have high participant
burden (Miles et al., 2018), low response rates (Czajka and
Beyler, 2016), survey recall bias (French and Sutton, 2010)
as well as difficulties in spatially attributing changes in well-
being to exposure to urban environments (Anderson et al,
2021). Therefore, current understanding on the most effective
ways to capture self-reported well-being (Subjective Wellbeing)
associated with urban environments remains limited.

Systematic observation (i.e., direct observations of behaviour
using predetermined criteria) is a promising alternative method
of quantifying wellbeing by assessing behaviours that are
known to influence wellbeing, including physical activity, social
interactions and people taking notice of the environment
(Benton et al., 2020). Systematic observation is an unobtrusive
method, therefore reducing burden on participants, and allows
researchers to better spatially attribute changes in well-being
to specific measurement sites. Considerable time and resources
to achieve sufficient statistical power is however required when
using traditional in-person observations.

The use of video technology in public spaces provides
extraordinary opportunities to revolutionise these in-person
observation methods of wellbeing promoting behaviours, by
enabling much larger, cost-effective and more accurate studies,
with less risk to researchers from working alone in public spaces
for prolonged periods (Suminski et al., 2020). A major challenge
associated with using video recordings to collect wellbeing data
is the unique ethical and data privacy challenges due to the
collection, storage and processing of personal data. This creates
issues of informed consent, confidentiality, anonymity and data
protection. If the ethical and regulatory concerns associated with
coding video recordings can be addressed, especially in terms of
complying with European Union (EU) General Data Protection

Regulation (GDPR), this could enable higher-powered studies,
with the potential to assess a large range of behaviours beyond
those currently examined using in-person observation methods.
There is also huge potential to automate these camera-based
methods by processing visual information from video recordings
using algorithms (Carlson et al., 2020), providing opportunities
to look at assessing a spectrum of wellbeing-related behaviours.
Artificial intelligence and machine learning cameras, to code and
understand potential behaviours that are known to influence
wellbeing in public area, provide a potentially highly scalable
method. Further, linking data from these camera-based methods
with different sources of wellbeing data (e.g., “Big Data” sources
such as smartphone apps) and geographical data (e.g., geographic
information system (GIS) data), could transform how researchers
analyse the dynamic interplay between urban environments
and wellbeing.

Innovative and scalable urban monitoring solutions can
be optimally planned, designed and managed to improve
human wellbeing. Capitalising on this potential will
require a transdisciplinary approach between wellbeing and
spatial research sectors to provide sufficient expertise and
supplementary measurement data.

Data Presentation

There is an ever-growing amount of data generated in cities but
it is not obvious where to find data, never mind understand
the data quality and provenance. Although there are different
ways to find city open-data, these tend to converge to solutions
that act as unified web services that functions as a frontend
and allows users to look for data that is in fact stored in
different repositories. Data of this kind is often incoherent in
terms of data description and formatting. This makes a mixed
method approach to understanding urban environments, one
that combines public movement, air quality, meteorology, socio-
economic metrics etc. extremely challenging, especially to those
directly not involved in the work. Our experience suggest it
is critical to combine the information gathered in the field,
from multiple sources, into one simple open source solution
that exposes data following the same standards and ontology,
allowing researchers, local authorities and members of the public
to access, view, download and analyse this body of data to make
informed decisions in real time. This allows for a mixed method
research approach defined in this study to be easily accessible and
easy to use for anyone who wishes to do so.

One of such open data solutions is Manchester-I.com, which
has been critical in disseminating and presenting urban open
data in the Manchester area while meeting the need for a more
user-friendly, rich and insightful data experience. Developing
such a data platform is time and resource heavy, requires
significant expertise, and presents technical and organisational
challenges. However, the benefit of facilitating research projects
on a large scale by providing a ready-to-go solution for data
storage, accessibility and visualisation, is proven to outweigh the
initial burden. For example, on a single project Manchester-I
saved £50,000 new public investments in sensors by exposing
existing data.
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Manchester-i is constantly engaging with different institutions
in an effort to design use cases. This can be challenging
because different institutions hold a certain idea of what a
city data solution should be tailored around their specific
sector. For example, the environmental office may want
to have a data-solution that deals with all the minute
details of that domain, incorporating meteorological predictive
models, specific visualisation tools and other features that
are too specific to be of general interest. A city data-
solution cannot be the summation of all the needs of
each relevant sector in the city life. Rather it needs to
provide a number of tools that are generic enough not to
discourage their use by the non-specialists such as members
of the public who are interested in the monitoring of their
area but rich enough to be of some help in identifying
venues of intervention and inform the subsequent decision-
making process.

Community Engagement

To successfully understand and combat air pollution, health
and wellbeing problems, urban transformation projects must
meaningfully engage the communities that face the greatest
pollution exposure and resulting health impacts (Health.org,
2020). Our experiences with low traffic neighbourhoods suggests
that data can engage communities in terms of awareness
raising, targeting specific public concerns through sensor
location and type, and building trust through transparency and
ongoing collaboration.

Traditionally many public engagement activities have focused
on schools or more affluent and science curious audiences
with audiences such as those in less affluent areas often
excluded from engagement work (Dawson, 2018). A lack of
inclusion of the worst-affected communities can lead to a
perception that interventions at a community level are “done
to” communities, often resulting in mistrust from the same
communities that the interventions are seeking to help. It is
important to consider how we open up engagement, build trust
and create meaningful mutually beneficial partnerships with
communities. Researchers should seek to work with members of
these communities to help inform and guide research into the
sources and effects of air pollution and their environment, this
includes sharing data with those communities on platforms such
as Manchester-i.com.

The University of Manchester project Researching Age-
Friendly Neighbourhoods (Public Engagement, 2021) is an
excellent example of effective community engagement in
research. Community members were trained as co-researchers
and played leading roles in the key sections of the research
project—helping to design, deliver and disseminate the
research. Employing members of the communities helps
develop tangible outcomes rooted firmly in the needs of
the community: applying this methodology to research
surrounding the air pollution problem is likely to yield
similar benefits. Considering language and accessibility of
the information in the project is also vital to ensure that
communities can be empowered, actively involved and

understand the shared goals and future outcomes (Mclean
etal., 2018).

Place-based, community-centric projects are critical to work
with and within communities to investigate root causes of
pollution-related issues and co-create solutions. Citizen science
projects can democratise research, act to mobilise communities
and gather pertinent data to address the societal need but this
must be driven through co-production and development to
make it impactful (Jameson et al.,, 2020). It can take years to
build the trust necessary for an effective partnership. Short-term
initiatives don’t always create the legacy needed to affect long-
term change further amplifying mistrust. Supporting, developing
and enabling community-based champions who have the social
networks and reach to exert change is one way to help bridge
the gap. Giving such voices a meaningful role within decision-
making processes can help keep community needs at the centre of
proposed and ongoing interventions, thus helping to build trust
and improve engagement, well-demonstrated by the Camden
Citizens’ Assembly on the Climate Crisis (Camden, 2019).

DISCUSSION AND OUTLOOK

Methods such as those discussed and used by the Manchester
Urban Observatory Team provide a framework capable of
charactering real world interventions led by regional authorities
and developers that aim to improve the HWB of those living
and working in those communities, allowing us to identify and
proactively fill gaps in our understanding and provide a robust
method to scale this monitoring.

The broader socio-political context of cities underpins the
current push to understand and collect better evidence about
environmental and health impacts in different urban settings,
for which the methods described in the paper are critical. Policy
makers and municipalities have long been aware of how different
types of disadvantage intersect to create spatial disparities
across cities. In the UK the Index of Multiple Deprivation
captures exactly this tendency for example, showing how worse
health often coincides with lower earnings and undesirable
living conditions (Deas et al., 2003). The challenge has been
identifying which place-based policies and interventions work
(Rydin et al., 2012; McCartney et al., 2017). More widespread,
detailed and effective monitoring would help with this. While
worthy, these goals are pursued through existing structures and
modes of urban governance. Local democracy struggles with
a tendency for resources tend to be captured by the relatively
advantaged and well-networked residents. As much of the work
on smart cities over the past 20 years has shown, the addition
of technology and data, often imposed by elites in a top down
way, can exacerbate this problem (Evans et al, 2019). Data
can make existing inequalities worse, for example showing a
disadvantaged area has poor air quality may further depress
land values unless resource is clearly available to address the
problem (Kitchin, 2014). To harness technology effectively, cities
need robust processes for (i) ensuring technology is tied to clear
needs, (ii) involving communities, (iii) transparent and open
data governance to support evidence-based decision making, and
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(iv) ensuring monitoring forms part of a broader political and
financial commitment to act on the findings (Paskaleva et al.,
2017). Taken together this involves a transformation of municipal
governance (Meijer and Bolivar, 2016). While many cities are
developing strategies addressing the broader digital challenge, a
welcome side-effect of our activities working closely with various
municipal actors has been to prompt new professional practises
and organisation processes from the bottom up (Evans et al.,
2021).

To make monitoring programs such as this successful
our experiences suggest three key elements are required to
understand the intended and unintended impacts of urban
schemes. First, the approach must be interdisciplinary in order
to bring the necessary health, environmental and social scientific
techniques and researchers together. Second, the approach
must be transdisciplinary, working closely with stakeholders
to respond the bespoke needs of both their context and
specific interventions. Finally, it must be engaging to ensure
findings are accessible and trustworthy. within an experimental
framework. These elements can be synthesised through mixed-
method experimental design, co-production and integrated
data solutions. Ultimately this will enable researchers and
key stakeholders to build the evidence to inform policy,
infrastructure and planning and health delivery at the local,
national and international levels and drive urban transformation.
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