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Abstract

Low-cost sensing and the Internet of Things (IoT), present new possibilities for
unconventional monitoring of environmental parameters. This paper describes
a series of intersecting networks of particulate matter sensors that were
deployed across the Birmingham conurbation for a 12-month period. The net-
works consisted of a combination of commercially available sensors and Uni-
versity developed sensors. Data from these networks were assimilated with
data from a third-party Zephyr deployment, along with the DEFRA AURN net-
work, which was hosted on an open-source online platform. This nesting of
sensor networks allowed for new insights into sensor performance, including
the accuracy of a large network to detect regional concentrations and the num-
ber of sensors needed for effective monitoring beyond indicative measure-
ments. After comprehensive data validation steps, the sensors were shown to
perform well during co-location with reference instrumentation (exhibiting
slopes of 0.74-1.3). The sensors demonstrated good capability of detecting tem-
poral patterns of regional PM, s with the mean of the entire sensor network
recording an annual mean PM, 5 concentration within 0.2 pgm > of the regula-
tory network annual mean observation. Network-derived statistics for estimat-
ing urban background concentrations compared to a reference site increase in-
line with the number of sensors available, however when assessing this for
near-source concentrations the importance of sensor location rather than the
number of sensors is highlighted. Overall, the network provided novel insights
into local concentrations, detecting similar hotspots to those identified by a
high-resolution model. The increased spatial coverage afforded by the sensor
network has the potential to support higher resolution evaluation of models
and provide unprecedented spatial evidence for air pollution management
interventions.
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1 | INTRODUCTION

1.1 | Clean Air Zones and air quality
management

Birmingham is a large city in the United Kingdom, with
the wider conurbation being home to a population of
approximately 1.14 million people (Birmingham City
Council, 2021b). Like many cities, it faces the challenge
of improving its air quality for public health benefit, and
in 2017 was highlighted as one of the first wave of cities
in the United Kingdom to act to improve its roadside
NO, concentrations by implementing air quality charging
schemes (DEFRA, 2017).

Low emissions and Clean Air Zones (CAZ) are areas
of action to improve air quality by targeting vehicular
emissions, either by charging fees or by enhanced traffic
management to reduce emissions (Williams et al., 2022).

With the aim of reducing NO, exceedances, the CAZ is
one of the most prominent measures recently introduced
in Birmingham. Introduced on June 1, 2021, the CAZ
applies to all roads inside of the inner ring road (exclud-
ing the ring road itself), 24 h a day, 365 days a year
(Figure 1). The ring road (A4540) forms a circle around
the city centre zone, drivers are charged a daily fee
dependent on their vehicle engine standard, vehicles with
diesel engines of Euro 6 or better or petrol engines of
Euro 4 or better are exempt from charges (Birmingham
City Council, 2018). The daily fee is £8 per day for cars,
taxis, vans (LGVs) and £50 a day for coaches, buses and
HGVs (Birmingham City Council, 2021a).

The approach is not unique to Birmingham. Other
UK cities such as Bath, Bradford and Portsmouth already
have a CAZ and, at the time of writing, there are plans
for CAZs in Bristol, Manchester, Sheffield and Tyneside.
However, not all CAZs are the same. Birmingham has a
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FIGURE 1

Map showing Birmingham Clean Air Zone and the location of the various sensors across Birmingham. It shows the CAZ

area in green and captures the majority of the city centre attractions, shopping and the CBD. The A38 is a key road that runs through the

city joining onto the M6 motorway—A major access route to the region.
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class D CAZ meaning charges apply to all vehicle types
that do not meet engine standards (GOV.UK, 2022).
Other CAZ types may opt to only target certain vehicle
types such as buses and lorries rather than cars. London
also has a very similar scheme. The Ultra-Low Emission
Zone or ULEZ was introduced in 2019 and expanded in
2021 and charges vehicles for entering based on the same
Euro emissions standards as the Birmingham CAZ
(Transport for London, 2022).

Initial studies on CAZ and low emissions zones dem-
onstrate mixed results for improving air quality. Whilst
generally successful at reducing their target pollutant of
NO,, their impact on PM has been found to be limited
(Williams et al., 2022). For example, (Ma et al., 2021) study
on the London ULEZ reported PM, 5 responses from —6%
to 4% change across roadside and background monitoring
sites, with aggregated concentration change to PM,;
within the ULEZ deemed insignificant. This is important
as PM, s is a pollutant of increasing concern. As vehicle
fleets shift towards lower-emission combustion engines,
hybrid engines and electric vehicles the contribution of
gaseous emissions from exhausts will reduce, but the
impact of this transition on non-exhaust emissions of par-
ticulates will be limited (Harrison et al., 2021). Exposure
to particulates has been linked to a number of health
excess risks with links to; cardiovascular disease, respira-
tory disease, lung cancer, diabetes and adverse birth out-
comes (Feng et al., 2016; Lu et al., 2015) In line with other
studies, an initial analysis at the 6-month anniversary of
the Birmingham CAZ reported a 13% reduction in average
(defined in this paper as mean) NO, but no evidence of a
reduction in PM, 5 (Birmingham City Council, 2022). This
report recognized that further data analysis was needed,
which would now be possible by consulting a range of
low-cost sensor networks now operational in the city.
These provide a novel opportunity to evaluate concentra-
tions at higher resolutions than traditional monitoring net-
works, providing an understanding of the exposure of
particulates on the population alongside the impacts of
management techniques.

1.2 | IoT low-cost PM sensors

IoT sensors can take many forms ranging from commer-
cial sensing units that come with a range of functionality,
customer support and online data hosting to basic sam-
pling units that require more manual support from the
consumer. Prices can vary reflective of this range in prod-
uct, from <£50 per unit for the most basic of samplers to
£1000-5000 for the more complex devices. Many units
come with additional costs that will also need to be con-
sidered including but not limited to; communication
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subscriptions such as cellular connection, servicing and
replacement parts, online data storage and hosting and
staffing needs. Low-cost sensors are growing in popular-
ity, within both the research, government and local
authority air quality community. The small stature, real-
time measurement, portability and reduced cost of these
units compared to traditional regulatory monitoring
efforts make air quality sampling more accessible and are
leading to an increase in the spatial resolution of air qual-
ity measurements (Zhang et al., 2018).

For particulate matter, many low-cost sensing units
use an Optical Particle Counter (OPC) to measure partic-
ulates. OPCs use light scattering technology to detect par-
ticles being pulled through the unit and are commonly
featured within low-cost sensor literature (Zhang
et al., 2018). There are uncertainties introduced by envi-
ronmental variables, namely temperature and relative
humidity (RH). RH is particularly important to consider,
due to the hygroscopic nature of particles, which varies
with particle composition and can affect how particles
are detected in the sampling chamber by affecting their
size as particles swell when absorbing water. Literature
has shown that with calibration against regulatory instru-
mentation and correction factors that account for RH,
sensors are able to generate indicative particulate concen-
trations (Cowell et al., 2022; Crilley et al., 2018; Magi
et al., 2020; Malings et al., 2019).

The PlantowerPMS5003 is a commonly used OPC
within low-cost sensor units. It can be found in various
instruments, including PurpleAir units and Earthsense
Zephyrs. Previous work has demonstrated successful cali-
bration and correction of humidity of this sensor for
indicative measurement (Cowell et al., 2022, 2023). These
studies use a multi-linear model developed against a
FIDAS reference instrument to apply a correction depen-
dent on sensor detected humidity. This method reported
Pearson's R against a reference instrument of 0.81-0.91
and strong intersensory correlations which is important
when wanting to deploy sensors as a network for spatial
analysis (Cowell et al., 2022). However, the literature also
reports challenges with this sensor being unable to effec-
tively measure PM10 due to laser geometry and particle
loss within the sampling chamber (Hagan & Kroll, 2020;
Kuula et al., 2020; Ouimette et al., 2022), and more recent
literature has recommended that the Plantower PMS5003
is not suitable for measuring coarse PM (Molina Rueda
et al., 2023). The Zephyr unit which utilizes the PMS5003
has received MCERTS status for the indicative monitor-
ing of PM, s and PM;, (Earthsense, 2022a). In line with
this certification, in February 2023 they updated their
undisclosed calibration method, data used in this study
was downloaded before these updates. However, due to
the high levels of uncertainty found in scientific research
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evaluating the Plantower PMS5003 sensors, this paper
does not use PM,, data and instead focuses on PM, s.

1.3 | Sensor networks

Despite the growing popularity with both local authorities
and researchers alike, low-cost sensor networks for air qual-
ity have a tendency to be isolated deployments, generated
and maintained by their own interested party with the focus
of their own monitoring goal. Examples of such networks
include the SAMHE project in UK schools (SAMHE
Project, 2022), Coventrys' Earthsense Zephyr deployment
(Earthsense, 2019) and the Aeroqual AQY network in Cali-
fornia (South Coast AQMD, 2023). This can lead to multiple
overlapping deployments which, if used together, could
enhance hyperlocal understanding of air quality as well as
provide an excellent opportunity to explore both the integ-
rity and utility of data from such networks.

However, there are inevitable issues that arise from
ad-hoc approaches to nested deployments of sensors.
Data sharing can be an issue with data being hosted and
collected by different bodies using different protocols
and metadata standards (Topping et al., 2021). A further
challenge is how to integrate and manage this data.
Whilst there is an abundance of air quality data available,
this is often of contrasting quality and standards ranging
from regulatory networks to citizen science. Added to
this, low-cost measurements and data can be presented
in a confusing way making it hard for non-specialist
users to understand (Kosmidis et al., 2018). Here, online
platforms and big data storage offer potential solutions to
this problem by allowing data from various sources to be
automatically pulled onto an online platform for viewing
and analysis (Chang et al., 2018).

This paper uses a cloud-based approach to collate the
data from new deployments of IoT sensors across Bir-
mingham nested within pre-existing IoT deployments
and standard deployed instrumentation. The aim is to
bring together a much wider selection of the available
data to not only assess the particulate concentrations
across the city but also to assess the wider applications of
low-cost sensor data to increase understanding of vari-
ability in particulate concentrations across an urban
environment.

2 | METHODS
2.1 | Data and instrumentation

This paper utilizes the Birmingham Urban Observatory,
an online cloud-based platform that, amongst a range of

other data, hosted an integrated array of AQ sensors. This
included data from two university-based deployments of
air quality sensors (AltasensePM—an in-house designed
PM sensor and Earthsense Zephyrs), as well as Zephyr
data from a network maintained by Birmingham City
Council and standard observations from the DEFRA
AURN. For this paper, 15-min mean data from the Urban
Observatory online platform was used.

2.1.1 | AltasensePM

AltasensePM are an IoT-enabled particulate matter sen-
sor. The AltasensePM connects a Plantower PMS5003
and SHT21 temperature/humidity sensor with an Ardu-
ino MKRFox1200 microcontroller via a custom PCB to
connect the sensor to the Sigfox network. As previously
stated, the PMS5003 is an optical particle counter that
converts scattered light into a voltage and then particle
count via an undisclosed algorithm (Sayahi et al., 2019).
The PMS5003 is manufacturer-stated to report particles
with a minimum particle diameter of 0.3 pm although a
recent study has reported detecting particles smaller than
this with the PMS5003 (Ouimette et al., 2022; Yong &
Haoxin, 2016) and the sensor's inability to reliably mea-
sure coarse particles (Molina Rueda et al., 2023). The
manufacturer reports uncertainty of +10 pgm > for con-
centrations 0-100 pgm > and +10% for concentrations
100-500 pgm > (Yong & Haoxin, 2016). AltasensePM
make an instantaneous measurement every 15 min after
running for 1 min to stabilize the fan and sensor. Alta-
sensePM are co-located for ~8 weeks against a FIDAS at
the Birmingham Air Quality Supersite (BAQS) urban
background site for calibration and are corrected for the
impact of humidity in real-time online via the Urban
Observatory platform. Full details of the calibration can
be found in Cowell et al. (2022).

212 | Zephyr

Zephyrs, by Earthsense, are a commercial sensing unit
that can measure both gaseous and particulate pollutants
and can be main or solar powered. The sample rate of the
Zephyr is 10 s with an upload rate of 15 min in normal
operation, reducing to 1 min sample rate with 60 min
upload rate in winter mode which is utilized when there
is low solar insolation during winter to extend the battery
power within the unit (Earthsense, 2022b). Like Altasen-
sePM, Zephyrs utilize a PlantowerPMS5003 but with an
undisclosed algorithm to measure particulates and report
estimate accuracy of 5 ugm > for PM;, PM, s and PM,,

and limits of detection of 0.2, 1.3, and 1.4 pg m~3,
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respectively (Earthsense, 2022b). Ideally, the solar panel
powering the Zephyr will face due south with no obstruc-
tions or shadow as recommended by the supplier, how-
ever in a city centre this was sometimes challenging due
to building/tree shadow and existing infrastructure limi-
tations combined with limited access to alternative loca-
tions to install the units on. Therefore, some of the
Zephyrs in the observatory experienced power outages/
data loss in the winter. Zephyrs undergo manufacturer
calibration via co-location against a GRIMM EDM180 in
an urban background environment in Derby, UK. Derby
is a small city in the Midlands of the United Kingdom
approximately ~35 miles from Birmingham. This sug-
gests the Zephyr should be suitable for sampling in Bir-
mingham as the literature suggests the best practice is
calibrating sensors in an environment similar to that in
which they will be deployed in, to allow calibrations to
capture the impact of particulate composition on perfor-
mance (Crilley et al., 2018; Zusman et al., 2020).

2.1.3 | DEFRA AURN

Data from the DEFRA AURN network were also hosted
as third-party data on the Birmingham Urban Observa-
tory. The Automatic Urban and Rural Network (AURN)
is the largest network of regulatory-grade instruments in
the United Kingdom, with current active sites and data
spanning back to 1972. The goal of the network is to
check for statutory air quality standards are being met
and data is used for compliance reporting as set out
under the Air Quality Standards Regulations 2010. Two
sites were hosted on the platform, namely Ladywood and
the A4540 (DEFRA, 2023a). These sites provide hourly
average particulate data with the PM, 5 data being used
for this study. Ladywood is classified as an urban back-
ground site, situated in the east of the city centre region
on a local residential street behind a small school
(DEFRA, 2023b). Importantly, the Ladywood location is
within the CAZ. The A4540 roadside site is classified as
an urban traffic site and is located on the westerly stretch
of the city's ring road, a major traffic route around the
city centre (DEFRA, 2023b). The A4540 site is outside of
the CAZ.

The DEFRA AURN locations provide hourly average
data which was used in this study. Data from both low-
cost sensor types are analysed using hourly means gener-
ated from the 15-min reported values, after validation
explained in the next step. Due to the challenges around
measuring PM;, outlined in Section 2.4, this analysis
focuses on PM,s from all sensors in the network
(Zephyrs & AltasensePM). A further reference site on the
University campus, BAQS, is also used within the study.

pen Acc
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This is an urban background site located outside of the
CAZ on the University Campus to the south of the city
centre. The instrument at BAQS used for comparing PM
measurements is the PALAS FIDAS. R studio was used
to analyse data via the OpenAir package (Carslaw, 2019;
Carslaw & Ropkins, 2012).

2.2 | Sampling locations

Across Birmingham, a total of 28 locations were included
in the network at various stages across the year
(01.06.21-31.05.22) of sampling used in this project. A
map of the sensor locations is presented in Figure 1.
Twenty-four of the locations were monitored by Zephyrs
(8 BCC Zephyrs, 16 UoB Zephyrs) with 4 monitored by
AltasensePM. Thirteen locations were located inside the
CAZ and 15 were outside of the CAZ. For analysis, sen-
sors were grouped into site types using the (Department
of Environmental Food and Rural Affairs, 2023) defini-
tions of site type for the AURN as guidance for defining
the sites. The majority of sites (19) were classified as
urban traffic types and urban background was the second
most prominent site type (6). There were also limited
examples of urban industrial (1) and suburban back-
ground (2) sites from locations driven by work with part-
ners outside of the city centre region. Most units were
installed at heights of 2.5-3 m above ground level, so far
as the infrastructure would allow. This height prevents
tampering whilst sampling at a height similar to human
exposure. Sensors were considered semi-mobile; this
means units can be redeployed with relative ease to suit
sampling needs. This is reflective in the sampling of this
project, where some units were moved throughout the
year to capture specific sites of interest.

As this paper takes advantage of a range of coinciding
and separate sensor deployments, each with their own
foci and goals, the rationale underpinning the choice of
sampling locations is varied. For sensors deployed by the
University team, were part of the WM-Air and Birming-
ham Urban Observatory projects. These projects had var-
ied sampling agendas, including working with local
stakeholders to support targeted monitoring at events
and areas of interventions and more generic ambient
sampling to assess PM concentrations across the city.
However, the choice of locations was limited somewhat
by restricted permissions to access street furniture for
installing sensors, particularly at roadside environments
(including around the CAZ). Table S1 outlines the ratio-
nale behind sensor locations of units deployed by the
University of Birmingham managed sensors within
the study. Birmingham City Council had its own ratio-
nale for its monitoring sites, which mostly targeted
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roadside environments on major transport routes. There-
fore, these coinciding networks do not represent a
planned spatial distribution across the city, however, they
do represent a situation that is reflective of the sampling
occurring in many urban centres. It is not uncommon for
local authorities, citizen scientists, researchers and other
interested parties to have overlapping air quality sam-
pling where each user is deploying with their own goals.
By combining the wealth of air quality data from differ-
ent sources like this, there is room for opportunistic anal-
ysis of air quality in a city and this is a methodology that
could be easily replicated in many cities to enhance air
quality understanding by simply collaborating or data
sharing. Whilst there are limitations, with sampling loca-
tions not being evenly distributed across the city, there
are benefits in that these sampling networks are captur-
ing some of the concerns of local stakeholders and there-
fore data analysis from these sites has room to support
impactful change if interpreted carefully.

2.3 | Data validation

Best practice to ensure trust in low-cost sensor networks
data is via thorough evaluation and data validation in real-
world scenarios (Mahajan et al., 2021). Unlike regulatory
instruments which have extensive certification and proce-
dures to ensure that data quality standards are met, there is
not set practice for validating low-cost sensor networks
(Fishbain et al, 2017). (Lu et al, 2021; Mousavi &
Wu, 2021) both propose quality control methods for Pur-
pleAir PM sensors (that also utilize the PMS5003) that cap-
ture the low frequency of change, values greater than the
sensor's effective measurement range, and data loss/com-
pleteness. They also propose removing outliers that deviate
far from a time-averaged median, as these are likely not
reflective of the true concentrations at the sensor site. (Bush
et al., 2022) recommend a series of meteorological filters
based on evidence of contexts in which sensor performance
may be affected, including extreme temperatures and low
humidity (which is not frequently experienced in this study
location). From these suggestions, there are some clear traits
of low-cost sensor data that need to be addressed through a
validation method; sensor completeness, low frequency of
change, extreme outlier values and impact of external fac-
tors. Therefore, this study utilized a 4-step data validation
(drawn from the above literature) outlined below.

Step 1—75% completeness criteria 3 or more mea-
surements an hour (sensors measure every 15 min),
18 h or more coverage a day, 23 days or more cover-
age a month cumulative. Hours/days/months that
fell outside of this criteria were discarded.

Step 2—Meteorology filter Keep data that falls within
the confines of manufacturer specifications
—10°C < t < 35°C and RH > 35% using temperature
and humidity data from the Birmingham Air Quality
Supersite (BAQS) located on the University of Bir-
mingham campus.

Step 3—Static data Remove data with 5h moving
standard deviation = 0.

Step 4—Exclude outliers Exclude data based on a
threshold defined from 3x the Median Absolute
Deviation as shown below in Equations (1) and (2)
drawn from (Lu et al., 2021), where X; is the PM2.5
reading of the sensor, X is the median of X; in a
month and b = 1.4826 (a set constant).

MAD = b+ median (X; — X), (1)

X; <X —3*MADorX; <X +3%MAD. (2)

After these steps, there were 121,037 data points
retained (79.1% of the total hourly mean data points from
the year long period were retained). The percentage of
total data points from the year period retained after vali-
dation ranged from 36% to 96% by location, with the
mean location retaining 76% of data after validation.

2.4 | High-resolution air quality model

The final part of the evaluation process was to overlay
sensor data with a high-resolution air quality map of
PM, s (at 10 m x 10 m resolution) using ArcMap. The air
quality map was derived from a local scale ADMS-Urban
dispersion model, which takes into account explicit point
and road sources, and grid sources (e.g., energy, industry,
residential, waste, agriculture, natural and other sectors)
at a 1km? resolution from UK National Atmospheric
Emissions Inventory (NAEI, 2019) for the baseline year
of 2019. The model also accounts for the effect of the
advanced canyon and urban canopy on the dispersion
with building data (Digimap, 2019). The model adopts
Generic Reaction Set (GRS) chemistry scheme to capture
NOx-03-VOC chemistry and sulphate chemistry to repre-
sent the formation of secondary particulate matter
(Cambridge Environmental Research Consultants
Ltd, 2020). When compared to reference grade station
observations, the model performs well and full details of
the West Midlands case study can be found in (Zhong
et al., 2021). Only the Birmingham segment of the model
was used in this study. The data for each site was aver-
aged to overlay with the modelled air quality map. As
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discussed below, the model predictions are for a specific
year—2019—which did not correspond to the sensor
deployment dates. Therefore, absolute levels are expected
to vary and only insight into spatial distribution of PM
levels is considered here. This is discussed further in
Section 3.3.

3 | RESULTS AND DISCUSSION

3.1 | Sensor performance

3.1.1 | Data capture

After quality control, the proportion of the year captured
at each location varied considerably from 6.8% to 94.4%,
with an average % cover of 51.2%. Hagley Road was the
lowest performing location in terms of the percentage of
year captured and this was due to the unit needing
repair. Other low-performing sensors in this test are
Perry Park and BAQS and this is due to the sensors only
being deployed for a segment of the year. Many of the
Zephyr units struggled for power during the winter
months. Although the solar panel is designed to power
the unit in winter mode with clear solar insolation this is
not always possible in urban locations due to building/
infrastructure shadows. This limits some of the Zephyr's
presence in the winter. In contrast, AltasensePM were
limited by their calibration/deployment cycles and bat-
tery life, as some units required refurbishment after an
initial deployment round after suffering some environ-
mental damage. This meant there was not always a unit
available to switch out when the sensors came in for
recalibration/new batteries. As the AltasensePM can only
be reset in person due to the 1-way comms, this also led
to some downtime. The issue of sensor capture complete-
ness is not unique to this study, (Connolly et al., 2022)
reported sensor presence within a low-cost sensor net-
work being a major reliability issue with only 54% data
capture with the outdoor segment of their network. It is
evident that power and communications resilience needs
investigation to ensure the future reliability of these types
of sensors. However, the power of multiple nested net-
works ensures that whilst all the networks may not be
functioning concurrently, sufficiently large sections
should be operational to ensure some data coverage. No
individual locations were excluded completely after data
filtering as this allowed for sites to be looked at individu-
ally, even if only present for a short time, comparative to
other sites for the equivalent reduced time periods. How-
ever, for some of the analysis below, sites were chosen
that had >75% when looking at annual averages com-
pared to a model or by location and data captured periods

Science and Technology for Weather and Climate

when making spatial conclusions. The complete details
are outlined alongside the analysis. The representative-
ness of the overall network compared to regional concen-
trations from regulatory instruments is discussed in
Section 3.1.3.

3.1.2 | Co-location of sensors

Using both urban background and urban traffic site sen-
sors: reference instrument co-locations within the deploy-
ment network, it was generally shown that the lower-cost
IoT sensors perform well and could provide indicative
values (Figure 2). The urban background sites used were
Ladywood AltasensePM versus Ladywood AURN, Clem-
ent St Zephyr versus Ladywood AURN (~200 m away)
and BAQS Zephyr versus BAQS FIDAS. Slopes (ratio of
sensor:reference instrument) for daily averages from
these co-locations were 1.3 (R* 0.62), 1.1 (R* 0.91), and
0.98 (R* 0.94) respectively. Notably, the Zephyr per-
formed better than the AltasensePM in an Urban Back-
ground setting. This may be due to the additional
external fan on the Zephyr unit which helps maintain
airflow through the sensor. The Urban Traffic site was
located at Watery Lane, ~160 m from the A4540 AURN
site on the opposite side of the carriageway. This co-
location has a sensor: reference slope of 0.74 (R 0.62).
These slopes are reflective of previous values reported in
the literature where the PlantowerPMS5003 and other
similar low-cost OPCs tend to overread compared to ref-
erence instruments (Bulot et al., 2019) but still demon-
strate reasonable closeness to the reference instrument
concentrations. Some discrepancy in the roadside slope
was to be expected given the location on opposite sides of
the carriageway. Here, the A4540 AURN site is on an
approach to a junction where there is occasional queuing
traffic whereas the Watery Lane site is on the exiting car-
riageway which is less likely to queue. This highlights the
importance of ensuring representative sampling, espe-
cially at near-source locations. Ideally, co-locations for
checking device consistency against a reference instru-
ment would occur in close proximity (i.e., on the same
side of a carriageway) so that sampling is reflected in the
same near-source environment and comparison can be
made between units rather than between environments.
However, deployment restrictions often lead to
compromises.

It is also important to consider similar challenges
when assessing co-location between sensors themselves
at near-source sites. Co-location of sensors can allow for
checks to ensure device consistency. Previous research
has shown that the AltasensePM demonstrates good
inter-sensor linearity between devices as showcased in
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FIGURE 2 Co-location daily average time plots of (a) urban

background Ladywood site, (b) urban background BAQS site and
(c) roadside A4540 site.

(Cowell et al., 2022) where Pearson's R between sensors
ranged from 0.93 to 0.99 for PM, s. However, when using
nested networks from different sources, field co-locations
can be insightful in understanding the co-linearity
between the devices that may be managed externally. If
sampling near-source (such as roadside environments as

explored in the Watery Lane and reference site co-
location above) it is essential that sensors are located in
very close proximity (i.e., ideally on the same piece of
street furniture), otherwise it is hard to decipher whether
any differences or similarities between sensors are reflec-
tive of source emissions or sensor performance. An exam-
ple of this from the nested network is a near-co-location
of Zephyrs located across the major junction in the city
centre.

The local authority network also provided an oppor-
tunity to explore small-scale spatial variability. Here,
three Zephyrs were clustered, with one sensor in the mid-
dle of the junction and two located on different
approaches immediately before the Holloway Circus
junction. Holloway Circus and Holloway Head Zephyrs
were located ~90 m apart with a third zephyr unit
(Suffolk St Queensway) located ~160 m from the other
two. Figure 3 shows the inter-sensor correlation between
Holloway Circus and Holloway Head with a slope of 1.1
and R? of 0.96, with shading/colouring relating to correla-
tion with the Suffolk Street Queensway unit. This appears
to show the sensors in strong agreement despite their
varying locations across the carriageway. This suggests
that at this junction, the sampling locations (of which
two are on similar junction approaches) experience simi-
lar concentrations and there is less variation or may be
reflective of sensor performance, highlighting that sen-
sors are not detecting any potential differences. A sugges-
tion for future networks would to be consider a period of
co-location of all sensor types at one near-source site if
possible, to help provide further insight. Small-scale clus-
ters, such as those described, can represent best practices
when deploying networks. Over time, the insights col-
lected identify redundancies within the network. This
then allows for redundant sensors to be deployed
elsewhere.

3.1.3 | Insights into regional concentrations

The sensor network was able to detect trends and pat-
terns in regional particulate concentrations throughout
the year. The annual average PM, s mass concentration
for the study period from the entire low-cost sensor net-
work is 8.56 pgm > which is comparable to the average
from the 3 DEFRA AURN sites of 8.37 ugm >, further
demonstrating the ability of the sensor network to accu-
rately detect regional air quality. Despite the sampling
locations of the network only representing a small area of
the city, the sensor network average also estimated con-
centrations within <2 pgm ™ of the 2019 high-resolution
model, which estimates citywide annual average
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FIGURE 3 Hourly average data
points of Zephyrs in near-co-location
inside the CAZ and city centre of
Birmingham. All three roadside sites are
located within ~90-160 m of each other
across a busy junction on a major road.
Holloway Head and Holloway Circus are
the closest located at ~90 m apart, and
the colour of the plot is by Suffolk St
Queensway location which is

~160 m away.
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concentrations at 10.3 pgm . 80.6% of monthly averages
across all sites were >WHO annual guidelines (5 pgm )
and monthly averages ranged from 2.2 to 22.9 pgm™ > As
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shown in Figure 4a, sensors detected monthly patterns
and the overall variability tracks across the city. Units
also detected a dust storm that hit the United Kingdom
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FIGURE 4

(a) Weekly average PM2.5 by site (Identified by code in appendix). The horizontal black dashed line demonstrates the WHO

annual average guideline concentration of 5 pgm > and the red box highlights the peak associated with a regional dust storm and (b) weekly

averages of the mean and the variation between sampling sites (range) of the sensor network and DEFRA AURN network measurements

(DEFRA AURN sites Ladywood urban background site and A4540 Ringroad urban traffic site. Sensor network takes into account all sensor

sites present at any given time stamp).

in March 2022 and this is clearly shown in Figure 4. This
insight is not novel to low-cost sensors, the AURN sites
already provide regional coverage of the city. However,
seeing the low-cost network replicating events, values
and patterns detected by the regulatory instruments add
to the confidence in network performance. Figure 5 dem-
onstrates that the greater the number of individual sensor
readings available during an observation (1 h average),
the more representative of regional urban background
concentrations the sensor network averages are. As sen-
sor numbers increase, the network urban background/
urban traffic average falls closer to a 1:1 ratio with the
relevant DEFRA site, particularly during urban back-
ground sampling. This shows that although sensors are
sampling in a wide variety of locations and detecting
local trends, when averaged together in large numbers
they can be used as a proxy for regional concentrations.
For urban background locations, with just 5 sensors
available in a network regional concentration estimates
from the network average fall within ~10% of the
DEFRA regulatory urban background measurement with
strong correlation (sensor network average: regulatory
station slope = 0.899 and R = 0.807). This is a vast

improvement when only two sensors are present where
although the slope remains within a ~10% difference
range (sensor network average: regulatory station
slope = 1.12), the correlation between sensors and regu-
latory instrument is weak with R* of 0.52. This pattern is
less clear for Urban Traffic sites despite the fact that the
network had greater quantities of roadside sensors than
urban background sensors. The linear fit between sensor:
regulatory measurement fluctuates with sensor numbers,
performing similarly well at 2 and 10 sensor presence
(slope = 0.776, 0.776, R* = 0.802, 0.782 for 2 and 10 sen-
sors, respectively), but less so at 5 and 14 (max number)
of sensors (slope = 0.618, 0.436 and R? = 0.725, 0.476 for
5 and 14 sensors, respectively). This may be reflective of
the sampling location of the roadside sensors versus the
DEFRA roadside location rather than the number of sen-
sors or that we are comparing to the one roadside
DEFRA location within the network area. The DEFRA
location is a busy section of a major traffic route that
often experiences congestion whilst the majority of the
sensor locations were less busy roads due to a lack of
available street furniture for installation on the busiest
traffic routes. Therefore, the generally poor linear fit
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between the sensor network and reference may be
explained by the sensor location. This highlights the risk
around relying on a small number of locations as indica-
tions of city wide levels and the potential benefits of low-
cost sensors to increase sampling resolution. However, it
is clearly important to ensure low-cost sensors are
deployed in larger quantities across a range of site loca-
tions if the goal is to achieve accurate insight into
regional air quality. For roadside or near point source
sites, the accuracy of regional concentration estimates
may fluctuate in line with the number of sensors, espe-
cially where units are directly capturing variations associ-
ated with near-source sampling. However, this does
outline the benefit of low-cost approaches, enabling a
clearer picture of hyperlocal variations under various
weather conditions.

hourly average A4540 roadside DEFRA AURN site

3.14 | Insightsinto local spatial variability
in concentrations

The novelty of low-cost sensor insight into air quality is
clearly highlighted when the local variability in particu-
late matter is assessed. Unlike their regulatory counter-
parts, the high spatial resolution of the network allows
for the evaluation of hotspots and spatial variability
across the city. The two regulatory AURN sites across the
city centre demonstrated average concentration ranging
from 7.8 to 9.06 pgm > for the study period, however,
sensors reported averages of 6.18-13.16 pgm > across all
sites. This is also shown in Figure 4b which compares
variation (range) between sites over time. The average
range (defined as the difference in concentration
recorded between sites at the same timestamp, maximum
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TABLE 1
regulatory instruments for the sample period.

PM, 5 concentration range and mean for sensor sites with >75% capture over the entire sample period and DEFRA AURN

Sensor or regulatory PM, ;s concentration Mean PM, 5
Location instrument 5th-95th percentile range (pgm_3) concentration (ugm_3)
Watery Lane Sensor 2.48-24.02 9.88
Navigation St Sensor 1.65-20.88 8.31
Holloway Head Sensor 0.89-20.53 7.74
Holloway Circus Sensor 1.25-18.1 7.2
Geog Building Sensor 1.27-19.09 7.16
Children's Sensor 1.32-17.91 7.1
Hospital
Albert St Sensor 1.85-20.49 8.51
A34 Sensor 1.12-20.19 7.68
A4540 Regulatory 2.55-23.76 9.06
Ladywood Regulatory 1.78-21.34 7.8

Note: The two regulatory DEFRA AURN sites were chosen because they fall into the ~39 km? area covered by the sensor network. One other regulatory station
in the Birmingham area (Acocks Green) was not used as this is >2 km away from the nearest sensor and is not considered a city centre location.

concentration recorded minus minimum concentration
recorded) of DEFRA measurements across the 2 city cen-
tre sites is 1.99 ygm > whereas the average range of the
sensor network was 7.92 pgm >. This highlights how
the lack of spatial coverage from the DEFRA sites leads
to an underestimate in variability. The sensor network
shows a range of concentrations recorded that is of a sim-
ilar magnitude to the mean concentrations for the year,
demonstrating hyperlocal site variation.

Table 1 shows the range in peak concentrations (con-
centrations within the 95th percentile for sensors that
captured >75% of the study year) is 6.11 pgm > whereas
the regulatory instruments only show a range of
2.42 pgm .

This demonstrates how the current coverage of the
regulatory network does not capture the areas of high
PM which could be in exceedance of future target levels.
As a result, there is a clear need for increased coverage of
monitoring in urban areas to capture these exceedances
with low-cost sensors being well placed to help resolve.
This is further emphasized by the high-resolution model,
which experiences PM, s concentration ranging from 8.57
to 20.23 pgm > showing further how regulatory instru-
ment networks are not capturing the wide distribution of
concentrations.

Moor St (MS on Figure 2) is an example of a detected
pollution hotspot with continuously higher concentra-
tions than other locations, likely due to the proximity of
the train station, bus stops and traffic. This echoes the
results of (Johnston et al., 2019) who reported their small
AQ network of 6 low-cost sensors (including the

Plantower PMS5003) was suitable for detecting local PM
trends and (Morawska et al., 2018) who reported low-cost
sensor networks can detect pollution hotspots.

Clearly, there is a need for an increase in spatial reso-
lution of particulate monitoring to further understand
the variability eluded from this network. Whilst expan-
sive networks are not needed to detect regional patterns
such as dust storms, the increased granularity of PM, s
data from the sensor network can capture important
insight into local particulate exposures that are missed by
the low spatial coverage of regulatory instruments. In the
United Kingdom, the Environmental Targets (fine partic-
ulate matter) (England) 2023 set out national targets for
particulate matter, including suggestions for monitoring
efforts (Secretary of State, 2023). These regulations pro-
pose that the West Midlands Urban Area (which covers
most of Birmingham and some surrounding neighbour-
hoods) will require a minimum of 15 monitoring sites
(10 at urban or suburban background, five near sources
such as roadside locations) by 2028 (Secretary of
State, 2023). This network demonstrates the relatively
easy scalability of low-cost sensing networks to meet and
exceed these targets at a significantly lower cost than reg-
ulatory monitoring site expansion. Whilst the majority of
the 28 locations featured in this paper were near source
sites, the mobility of the units would make it easy for this
to be adjusted to reflect the requirements. As previously
shown, five sensors can give good insight into regional
urban background concentrations and performance is
expected to increase with sensor numbers, especially if
locations chosen are well representative of a region as a
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whole. Low-cost sensors are likely to be the most feasible
option for meeting these requirements in most places due
to their affordability. However, it will be important to
ensure that if meeting these guidelines using low-cost
technology, that sampling strategy is carefully considered
to ensure representative coverage of the urban area. This
is especially true, as demonstrated in this paper, for near
source monitoring (such as roadside). Fundamentally,
the location of a sensor is more important than sensor
quantities in these instances. However, as highlighted in
Section 3.1.2, achieving this may need an acceptance of
some short-term redundancy in the network. Overall,
sampling guidelines will need to evolve beyond just the
quantity of sensors, to consider which sources are impor-
tant and the area range that these sources will be likely
to affect as part of sampling design.

3.2 | Impact of implementation of the
Birmingham CAZ on PM concentrations

There are limitations in drawing conclusions from the
spatial analysis of network data in this study with respect
to the CAZ, namely missing data and the lack of baseline
measurement from the sensors. The lack of
baseline means that any spatial analysis is reflective of a
post-CAZ environment only and it is not possible to
assess if PM concentration change has been introduced
by the CAZ, as prior concentrations at the measurement
sites are unknown. This was heightened by the context of
the coronavirus pandemic, which drastically altered trav-
elling habits in the period immediately prior to and dur-
ing the CAZ deployment, further limiting the value of
any comparison data. Therefore, any analysis here refer-
ring to the CAZ is only capturing the current spatial con-
text and cannot be used to definitively draw impacts of
the implementation, only similarities or differences
between the interior and exterior zones. Due to gaps in
the data available at various sites over the year, there is
limited opportunity to do cluster analysis and compare
seasonal differences between sites. As such, the analysis
is limited to annual means of groups of sensors that share
characteristics (such as roadside, or urban background
locations, inside or outsize CAZ locations). Comparisons
can then be made between the city centre and non-city
centre environments, and different traffic routing
options. Although detailed conclusions about the efficacy
of the CAZ cannot be drawn from this analysis, it does
provide useful further insight into the use of nested sen-
sor networks in this application.

Figure 6 shows the outputs when all sites inside the
CAZ are averaged and compared to the average of rele-
vant non-CAZ sites (sites located outside or on the CAZ

Science and Technology for Weather and Climate

boundary, excluding Perry Park as these sites are more
reflective of suburban background where as QE/Women's
hospital campuses have idling ambulances and different
traffic behaviour and alternate sources that are not reflec-
tive of rest of the city). Within this analysis, the total
number of sensors inside the CAZ was 12 and outside of
the CAZ was 10, however, the number of sensors ‘pre-
sent’ at each reading varies over time due to sensor out-
ages and performance issues. The average number of
sensors present in the CAZ during this analysis was 7.4
and outside of the CAZ was 4.7. This allowed for analysis
of local changes across an area, as the network averaging
and sensor density meant that there was always data
available both inside and outside of the CAZ, however,
data averages could be skewed if too few sites were
reporting across the year. By grouping units this way, the
mean PM, s concentration of the CAZ is reported as
slightly higher (8.65pgm™>) than outside the CAZ
(811 pgm ®) and a Mann-Whitney-Wilcoxon Test
reports the CAZ versus outside of CAZ averages to be sta-
tistically different at p = 0.05 (p-value = 8e°). The aver-
age values are extremely close and reflect past reports
that CAZ/ULEZ (Ma et al., 2021) have limited impact on
PM concentrations. There are some discernible differ-
ences in the diurnal profile. The area outside CAZ seems
to experience a greater afternoon reduction in concentra-
tions, suggesting that different sources are impacting the
concentrations. This may be reflective of the different site
types captured in the crude averaging here. Urban back-
ground sites are being mixed with roadside which could
be skewing data. Instead, a more effective way of asses-
sing spatial variation is to split sites by their environment
type. Therefore Figure 7 shows the split of roadside ver-
sus urban background for inside and outside of the CAZ.
Generally, concentrations at both the background and
traffic sites inside the CAZ are higher than their outside
CAZ counterpart. However, again it is important to note
that there are fewer urban background sites within the
CAZ than outside (only 3 sites) and of those sites, often
only 1 or 2 sites were active at a time due to sensor out-
ages/movements. This may also be reflected in Figure 7
where the background concentrations in the CAZ appear
to be higher than the traffic concentrations with large
variability. This suggests there is too much site variability
between the few background sites within the CAZ to fully
compare against roadside concentrations without more
locations. This falls in line with our above findings that
network insights increase with sensor numbers.

Due to the high number of roadside sensors, individ-
ual traffic routes can also be assessed. Six roadside sites
were selected for their proximity to two major traffic
routes; either the A38 which is the direct route through
the CAZ, or the A4540 which is the major alternate route
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FIGURE 6

CAZ versus outside CAZ PM, s temporal variation by (a) hourly day of the week, (b) diurnal, (c) month and (d) daily week

day. CAZ refers to the average of all units inside the CAZ boundary. Outside CAZ refers to all units outside the CAZ boundary apart from

the 2 Perry Park locations, the QE Main Entrance, University Train Station and Women's Hospital. This is because these sites are all campus

or park locations determined by work with project partners to capture the park or campus air quality, and are unlikely reflective of the rest

of the city.

avoiding CAZ charges. Both the A38 and A4540 typically
consist of between four and six lanes of traffic during the
sampling stretch and sensors are located directly on or
near the roads. The A38 stretch covered by sensors has a
speed limit of 30 mph whereas the A4540 ranges from
30 to 40 mph. Traffic is expected to be different at A38
versus the A4540, as the A38 section captured by the
monitoring sites here is within the CAZ whilst the A4540
is an alternate route to bypass CAZ charges for non-
compliant vehicles. Sites were selected for their similar
data capture periods and averaged to make an A38 data
set and an A4540 data set. Figure 8 shows the comparison
of A38 to A4540, including diurnal profiles. The A38 and
A4540 have similar diurnal profiles of PM, s concentra-
tions, and the A38 experiences lower concentrations
(average 4.5% lower) than the A4540 (7.82 pgm > for A38
and 8.59 pgm > for A4540). Again, a Wilcoxon test shows

a statistical difference between the A38 and A4540 sites
with p =2.2¢7'°. Whilst a limitation of the network
sampling locations means that this captures one south-
easterly stretch of the ring road and A38, it may be possi-
ble to draw new insights into concentrations across dif-
ferent parts of the city such as novel information around
PM exposure on previously un-monitored streets.

In summary, this example demonstrates that a low-
cost sensor network can provide insight into spatial pat-
terns but also highlights the importance of site selection.
Where traditional monitoring may only cover a few sites
within a city, the nested sensor network allowed for cap-
turing greater spatial density across the city and
highlighted features that may be hotspots or data skews
such as a site-specific source affecting readings. As there
are more sites, data can be filtered by site types to create
averages that give insight into spatial differences across
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weekly (b) time variation profile of

PM, s averaged by site type. UBCAZ,
Urban Background within CAZ;
UTCAZ, Urban Traffic within CAZ;
UBout, Urban Background outside
CAZ; UTout, Urban Background
outside CAZ.
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traffic management areas. Without delays to sensor
deployments from the pandemic, a baseline dataset
would be available, and the network should be suitable
for pulling out spatial patterns over time as a result of
changing traffic management.

3.3 | Comparison with a high-
resolution model

Figure 9 shows the overlay of sensor averages for the
entire study year with the high-resolution air quality map
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of PM, s based on a 2019 baseline. The sensors record
concentrations lower than the maximum concentrations
reported by the model; the model maximum concentra-
tion is about 10 pgm > higher than the sensors’ mean
concentrations when assessing the entire map, however,
when drawing out individual site comparisons between
map cells and sensor locations, the average difference
between model and sensor is 4.02 pgm > and the median
difference is 3.61 ugm . The difference between individ-
ual sensor locations ranges from 2.5 to 7.3 pgm . One
limitation of this methodology is that sensors are being
compared to 2019 data, simulating a different calendar
year to the observations, with different meteorology,
emissions, traffic fleet and commuter behaviours. As a
result, analysis between the model and sensors is only
indicative, exploring relative location-to-location variabil-
ity. There is a need to further consider how this may be

impacted by changing annual weather/emissions. For
example, this may reflect why the sensors are reading
low to the model, as the model is based on pre-
Coronavirus pandemic conditions, since there has been a
shift in working patterns. Alternatively, the model may
just be reading high compared to real-world observations.
A benefit of the sensor-based approach would be the abil-
ity to look at year-to-year patterns with an extended
deployment, this could inform future models on temporal
changes in concentrations capturing modal shifts such as
the uptake of home working and the impact on emissions
from commuters. Despite the baseline year difference,
there are some similarities in location-to-location vari-
ability between sensor observations and the model. Road-
side locations report high concentrations with hotspots
around key urban features such as Moor St station and
the A38/A4540 ring road major traffic routes and urban
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FIGURE 9

Overlaying the average concentration at a sensor location (for sites >75% annual capture) with the ADMS-Urban model

(Zhong et al., 2021). Generated using ArcMap and OpenStreetMap. The scale for the model and the sensors is different but scaled to show
the relative highs and lows of each in the same colour scheme. The bar chart shows the annual average value at the overlayed sensor sites

versus the comparative model value for that cell.

background sites to the south of the city centre report
lower concentrations. Figure 9 shows locations with
>75% annual capture and outliers removed. Whilst this
insight is limited in the amount of spatial coverage at
high temporal capture, there are more sites available for
evaluating the observation-to-model ratio than in the
original model evaluation by Zhong et al. (2021) as spa-
tial coverage of PM, s for the city was enhanced by the
sensor network. This past evaluation compared 2016
baseline model against three sites for PM, 5 concentra-
tions that were available across the region, and found the
model performed generally well although slightly under-
estimated concentrations. The deployment of a nested
network of sensors (such as our sensor dataset presented
here) provides an opportunity to reassess model evalua-
tions for future baseline years against a spatially
enhanced set of observations.

3.4 | Lessons learned from a low-cost
sensing network for particulate matter

This nested network can be viewed as a test bed for IoT
low-cost sensor networks. Such networks are an

emerging approach and as such it is important to evalu-
ate them to enable future best practices. The large
amounts of data available bring great potential for how
we understand and manage air quality, but often this
data are collected by many different groups and is rarely
bought together as a single network (Topping
et al., 2021). This data were also provided as open access
via the Birmingham Urban Observatory. This meant that
anyone could access and use this data as needed, increas-
ing data accessibility to those who do not have as much
funding for monitoring such as community groups and
educational projects. Whilst open-access data sharing is
an opportunity, it also comes with challenges. Non-
specialist audiences may not be aware of the caveats and
data validation needed alongside low-cost sensor data
and this may lead to misinformation, especially as quan-
tifying the scientific value of such sensors is challenging
(Luo et al., 2018; Topping et al., 2021). The Birmingham
Urban Observatory project added a caveat to the online
description of low-cost sensor units, suggesting that they
are providing indicative measurements. The calibrations
for the AltasensePM were automated within the online
platform so end users received the adjusted values rather
than raw values (all data pulled from the Zephyrs also
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had undergone manufacturer calibration before being
pulled via the API to the Urban Observatory platform but
the methods for calibration are undisclosed). Future
work could also try to embed some form of data valida-
tion into an online platform to flag data that may be
potentially erroneous. All data handling, metadata and
validation processes should be as transparent as possible
(respecting manufacturers' need to protect intellectual
property such as sensor algorithms) as this allows users
to fully understand the data.

The reliability of sensor networks will need to be
improved if they are to become more broadly accepted.
This study experienced power and comms issues symptom-
atic of deployments elsewhere. Jiao et al. (2016) reported
comms signal issues, Connolly et al. (2022) reported the
loss of wireless connection and sensor breakages and mal-
functions and Johnston et al. (2019) reported hardware
bugs and reliability issues with comms technology. Envi-
ronmental degradation is to be expected when deploying
any sensor into a field environment but best practices
should ensure that hardware is rugged and reliable for out-
door monitoring. Comms often presents issues as they can
be a significant power drain on the device, which is a chal-
lenge with field deployments of sensors where mains
power is not always accessible. Low Power Wide Area Net-
works (LPWANS) provide a novel opportunity here, as they
are often power and economically efficient and can trans-
mit small quantities of data over long-range distances
(Mekki et al., 2019; Patel & Won, 2017; Song et al., 2017).
With data coverage checks, this technology could be a solu-
tion to increasing the reliability of sensor networks.

Another challenge this project faced was accessing
infrastructure to install sensors. Whilst in practice, instal-
ling self-contained sensors such as those in this study is
simple, gaining permission for the University owned sen-
sors to be placed in locations of interest was challenging
and required navigating bureaucracy. This slowed down
initial deployment, created a barrier for co-location studies
and maintenance efforts and limited the locations avail-
able to us. This also limited the ability of the network to
be wholly representative of the entire city, or even the spe-
cific interventions such as the CAZ that we initially
planned to focus on. Best practice moving forward would
involve strong collaborations between researchers, com-
munities and the local agencies in control of infrastructure
to reduce these limitations on installation.

4 | CONCLUSIONS

This study has shown clear benefits of IoT low-cost
sensor networks; the networks were successful at

monitoring at a regional level comparable to reference
instrument concentrations and provided novel insight
into location-specific analysis. This project presented a
low-cost sensor dataset that was reflective of the real-
world application of sensors, including deployment
limitations and sensor downtimes that are common to
environmental sampling. Whilst there are inevitable
gaps in the data, spatial patterns and pollution episodes
could be detected. Sensors performed well in both
field co-locations and against a high-resolution model,
especially when capturing spatial patterns. This paper
has shown that with a relatively small network size
(=5 low-cost sensors), estimates into regional urban
background concentrations were within ~10% of the
regulatory measurements, suggesting that well-
deployed low-cost sensors have good potential to meet
novel monitoring guidelines (Secretary of State, 2023)
which require an increase in sampling sites (i.e., not
just indicative). However, for near-source (roadside)
monitoring sites, the location and spatial scale of the
sensors are very important to ensure the representa-
tiveness of the target area of the sampling and guide-
lines will need to be updated to emphasize the
importance of sampling strategy and representation of
sources alongside sensor quantities.

The network provides opportunities for users to
understand exposures in places that would not normally
have monitoring coverage for a fraction of the cost of a
traditional monitoring campaign. Spatial analysis was
able to draw limited conclusions about roadside concen-
trations, suggesting that roadside PM,s concentrations
between 2 major traffic routes can vary ~4.5% although
there is much room to expand this analysis with targeted
monitoring aimed at capturing specific roadside sites.
The network also presents an opportunity to support the
optimization of high-resolution models for PM, as they
provide a higher spatial resolution of observations to
evaluate model performance.

To conclude, whilst the limitations of low-cost sensors
are still prevalent, and there is still work to be done
before they are widely accepted as a tool for regulatory
monitoring, this work has highlighted both the potential
of the approach and started to identify best practices for
use. It has shown that the nested network approach,
combining a range of low-cost devices with standard
monitoring, helps increase confidence in the novel
insights now being routinely collected by cities across the
world. Fundamentally, it is evident that the densification
of observations can now be achieved without excessively
increasing spend on instrumentation, but for this to be
effective, collaborative working across city stakeholders is
required.
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