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When dominated by local emissions, levels of ambient particulate matter (PM) can vary appreciably within

a city. In Ireland, residential solid fuel burning is the main PM2.5 emission source. As a result, smoke from

a small number of chimneys can have a major impact on the air quality in the surrounding area. The

emergence of low-cost air quality sensors has enabled researchers to quantify this variation with high

spatial density and high temporal resolution. In this study, a network of 16 PurpleAir (PA) devices

measured PM2.5 over a one-year period in Cork city, Ireland. Raw measurements were corrected based

on the relationship between a co-located PA device and a reference instrument, and the influence of

temperature and relative humidity were also accounted for. Hourly corrected data showed significant

spatial variation across Cork city, with some areas experiencing daily average peaks approximately

double that of others. Significant pollution periods occurred across the different location types (city

centre, areas surrounding the city centre, and commuter towns) causing infrequent exposure to high

PM2.5 concentrations. The seasonal variation was consistent across all locations, with higher variation

seen in winter compared to summer diurnal profiles. The winter months displayed a characteristic

evening peak in PM2.5 associated with the use of solid fuel for home heating. High frequency (two-

minute timescale) data was analysed in a novel way to classify and quantify local sources and non-local

sources of particulate emissions. Short-lived spikes in PM were found to likely be from highly local

sources, such as individual chimneys in the vicinity of the sensor. These characteristic spikes indicated

the impact of highly local sources and short episodes of extreme air pollution. The classification

estimates corroborated the spatial variation found and showed some devices were exposed to local

emissions for 40–50% of the period analysed, while for others this contribution was below 20%.
Environmental signicance

Air quality is signicantly impacted by the prevalence of residential solid fuel burning in many countries. The high spatial variability in PM2.5 is difficult to
capture with regulatory air quality monitoring infrastructure. This study employed a network of low-cost air quality sensors to gain a clearer understanding into
the spatiotemporal variability across a city. The adverse health outcomes attributable to ambient aerosols and the impact of particulate pollution on public
health are well documented. One of the great unknowns in any epidemiological study is the real-world exposure experienced by the impacted population. Studies
like this one show that the exposure levels are not homogenous across even a small city, neither temporally nor geographically. Understanding the causes of
pollution is crucial if mitigation measures are going to be effective. Detailed source apportionment studies require signicant resources and chemical infor-
mation, but mere discrimination between local and regional pollution sources is adequate information for local authorities to act on at a local level, if the
evidence shows that local sources are signicant. The main outcome, backed up by observation and analysis, is that low-cost sensors for ambient particulate
matter, albeit less accurate than reference monitors, can provide useful and actionable information on pollution sources due to their ability to capture data with
high spatial and temporal resolution. This study shows that this measurement-based approach can provide simple estimates of the contributions from local
pollution sources as separate from regional or transported air pollution without performing chemical analysis of the ambient aerosol. This study can be
replicated and adopted for any location and at very low cost. The proposed approach can be employed by any agency tasked with managing air quality and
implementing policy on a local level to improve air quality.
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1 Introduction

Particulate matter with an aerodynamic diameter below 2.5 mm
(PM2.5) is the air pollutant of greatest concern. Exposure to
PM2.5 affects the respiratory and cardiovascular systems, causes
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a range of other detrimental health effects and is responsible for
several million global deaths every year.1,2 Despite greater
knowledge about the impacts of air pollution on morbidity and
mortality, the number of global deaths attributable to ambient
PM2.5 has risen by 102% from 1990 to 2019.3 In 2020, the Health
Effects Institute estimated that air pollution was the 4th leading
risk factor for all deaths across the globe, making air pollution
the leading environmental risk factor for premature death.4

PM2.5 is also the dominant air pollutant in Ireland.5 Air quality
in Ireland is generally good during the warmer months of the
year owing to Ireland's modest population density and the
prevailing air masses from the Atlantic Ocean. On winter
evenings, in contrast, Irish cities and towns frequently experi-
ence elevated levels of PM pollution from burning solid fuels for
domestic heating.6–9 As a result, the WHO Air Quality Guideline
(AQG) values for PM2.5 are frequently exceeded. For example, in
2020, the annual WHO (2005) AQG value was breached at 9 of
the 64 air quality monitoring stations and the 24 h value was
exceeded at 34 stations.5 The need to reduce PM levels further
was highlighted in 2021 when the WHO set much more
demanding targets for PM2.5, reducing the annual and 24 h AQG
values from 10 to 5 mg m−3 and 25 to 15 mg m−3, respectively.

Numerous studies have shown that several different solid
fuels – coal, peat, and wood – contribute to PM pollution in
Ireland.7,9–11 In many homes across the country, solid fuel
burning is a daily occurrence. A recent Irish Environmental
Protection Agency (EPA) survey of 1823 households found that
most (1043) were regular users of solid fuel for domestic heat-
ing.12 Solid fuel was the primary source of heating in only 16%
of households, but 38% of households used solid fuel for
supplementary heating. A wide range of solid fuel types were
used. Low-smoke coal and peat were prevalent fuels for primary
heating, while low-smoke coal and wood logs or peat briquettes
were the most common fuels for supplementary heating
purposes.

Several strategies have been adopted to improve air quality in
Ireland. The approaches include the introduction and expan-
sion of “low-smoke zones” which forbid the sale of bituminous
or “smoky” coal in towns and cities with populations over 10
000 people. New legislation to restrict the sale, distribution, and
use of smoky fuels across the country was enacted on 31 October
2022. Irish air quality monitoring infrastructure has also been
greatly expanded over the last few years. When the expansion
programme is completed in 2023, the network will consist of
116 regulatory air quality monitoring stations across Ireland.13

As in other countries, however, the cost of equipping and
operating each air quality monitoring station means that the
number of stations in Irish cities is relatively small and many
towns have no monitoring infrastructure at all. As a result,
regulatory air quality monitoring is sparsely distributed and
provides little insight into the spatial variation of air pollution
at the neighbourhood or town scale. Moreover, regulatory
measurements of PM2.5 are typically collected and reported on
an hourly basis. Short-term changes (on the order of minutes) in
local air pollution are poorly understood.

The capital and operational costs of regulatory air quality
monitoring are a global challenge to measuring air quality. To
920 | Environ. Sci.: Atmos., 2023, 3, 919–930
address some of the limitations of regulatory air quality moni-
toring, so-called low-cost air quality sensors (AQS) have attrac-
ted much recent attention.14–18 The cost of most AQS is modest
and they are easy to install and use, although expertise is
needed in siting sensors, assessing measurement accuracy, and
interpreting data. The accuracy of AQS measurements is lower
than official reference and equivalent measurements and the
quality of data can be variable. It is therefore important to
carefully assess the accuracy of AQS and, if necessary, calibrate
the measurements against co-located reference instruments.
Such calibrations can depend on the climatological and air
pollution characteristics of specic locations.19

AQS measurements have been used around the world, but
their application to building an air quality monitoring network
was not explored in Ireland until 2019 when Cork City Council
deployed PurpleAir (PA) sensors for monitoring PM across the
city.20 In addition to being the rst AQS air quality network in
Ireland, this was also one of the rst citywide PA networks in
Europe. The high frequency measurements and increased
spatial resolution provided by the sensor network allows deeper
insight into the spatial and temporal patterns of PM in the city.
Such measurements therefore provide information that is
complementary to the existing regulatory monitoring network.

This study aims to explore the use of PurpleAir PM2.5

measurements in a citywide air quality monitoring network in
order to:

(1) assess the spatial differences in PM2.5 concentrations
across different areas within the city.

(2) Study the temporal characteristics of air pollution across
the city. By exploiting the fast time response and wide distri-
bution of the sensors, intense local pollution sources such as
chimneys in residential areas can be identied and discrimi-
nated from more distant sources.

The purpose of this work is therefore to serve as a case study
to show how a AQS network can complement regulatory moni-
toring networks, provide deeper insight into PM2.5 exposure
across a city and support more strategic, targeted approaches
for improving local air quality.

2 Materials and methods
2.1 Air quality sensors

The AQS PM 2.5 network operated by Cork City Council is made
up of 16 PurpleAir PA-II-SD units distributed across the city. The
locations of the PurpleAir (PA) units are shown in Fig. 1. Each
PA unit consists of two Plantower PMS5003 sensors to measure
PM2.5 and PM10 mass concentrations (in mg m−3) based on light
scattering. PA units and other systems based on the PMS5003
sensors are widely used for monitoring PM concentrations and,
in general, their measurements are highly correlated with PM
levels measured by gold-standard instrumentation.21,22 The
measurement alternates between the two sensors every 5
seconds and the average for each sensor is obtained over a 120
second period. Data is uploaded to the PurpleAir online plat-
form via a WiFi connection and the data is also recorded on an
SD card. The PA devices contain a Bosch BME280 sensor for
pressure, temperature, and humidity readings. Raw sensor data
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Map of Cork city with PA locations.
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is available freely via the PurpleAir website (https://
map.purpleair.com/).
2.2 Data sources and preparation

2.2.1 Hourly data. The data collected by the PA units was
processed and analysed using the Julia programming language
and the openair package written for the R programming
language.23,24 Raw PM2.5 values were corrected using a calibra-
tion factor derived from comparing data collected by one of the
PA units to that obtained by a reference instrument over
a period of 7 months, as described in Section 2.3.1. For each PA
unit in the network, data from both internal PM sensors (sensor
A and sensor B) was used. As each sensor measures data on
individual 120 second measurement cycles, the timestamps
were oored to the next lowest minute to extract common
timestamps between the channels. Data between sensors A and
B were usually highly correlated; however, some data points
were excluded where there was a signicant difference between
the two channels. In situations where the value of one sensor
measurement was above 15 mg m−3, data were excluded if the
relative difference between sensor A and B was greater than 5%.
If a sensor measurement was below 15 mg m−3 and the relative
difference between measurements from sensor A and B was
greater than 50%, these data were also excluded. This procedure
was carried out in order to omit any data points that would be
considered an anomaly, as the two internal sensors would have
grossly disagreed on the value measured at that time. The two-
step removal approach was used to ensure that smaller PM
values were not removed owing to the large relative differences
between small values, which would unnecessarily reduce the
dataset size. On average, this quality assurance procedure
reduced the number of data points by 17% per PA unit. Data
points above 1000 mg m−3 exceeded the operational range of the
© 2023 The Author(s). Published by the Royal Society of Chemistry
sensors and were also removed.25 The mean of the remaining
data points from the two channels produced a single stream of
data per unit, with measurements approximately every two
minutes. Hourly averages were calculated from this data.

The same steps were applied to all data retrieved from the PA
units in the sensor network to create a data set of hourly values
between 01/01/2021 and 31/12/2021. The PA network dataset
comprised a total of 228 371 individual hourly measurements.
Although these dates incorporated some periods of COVID-19
pandemic restrictions, such restrictions mostly affected NO2

concentrations and have not been found to have an unequivocal
impact on PM levels in Ireland5

2.2.2 Two-minute measurements. Uncorrected, high
frequency data were used to investigate the use of PA data for
classifying the proportion of emissions from the immediate
vicinity (Section 3.2). This analysis was based on the relative
gradients between successive data points and it was deemed
appropriate to use the uncorrected data for this purpose. It is
important for this analysis that the devices exhibit low inter-
unit variability for the purpose of meaningfully comparing
different locations. This is shown in Section 2.3.2. The two
sensors in each unit were averaged across common timestamps,
similarly to how the hourly data were processed. The analysis
was applied to a winter period (December 2021) and a summer
period (June 2021) with the chosen months corresponding to
periods when the maximum number of devices were working.
At other times in the year, some of the PA units were not
functioning or transmitting data.

The correlation between the two internal sensors in each
device was investigated. Both sensors were highly correlated (R2

> 0.98) and agreed closely with each other (Table S1†). These
values were obtained using the two data channels with common
timestamps aer quality assurance steps were carried out. The
Environ. Sci.: Atmos., 2023, 3, 919–930 | 921
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excellent correlation between the two sensors in each device
demonstrates that sharp changes in the high frequency data are
linked to changes in atmospheric composition and do not arise
from measurement noise.

2.2.3 Meteorological measurements. Weather data
collected by Ireland's National Meteorological Service, Met
Éireann, at Cork Airport (located 5.5 km from the city centre),
was used for investigating the association between local PM2.5

levels and meteorological factors. This data was accessed from
the Met Éireann website https://www.met.ie.

2.3 Air quality sensor performance evaluation

2.3.1 Sensor calibration. Several PA units were deployed at
the University College Cork (UCC) Air Quality Monitoring
Station (51.900111, −8.486329) for co-location and inter-unit
comparison with a Met-One (USA) Beta-Attenuation Monitor
(BAM-1020). The BAM-1020 has a measurement cycle time of 1
hour, a resolution of ± 0.1 mg m−3, an operational range of 0–
1000 mg m−3, and is classied as a reference equivalent method
for measuring PM2.5 mass concentration. The hourly average
was used for comparing the PA and BAM measurements. The
units and co-location periods are listed in Table S2.† These
units did not form part of the city-wide network.

A multiple linear regression (MLR) model was used to correct
the hourly PA data. An MLR is used to assess the association
between two or more independent variables and a single
continuous dependant variable and can be expressed using the
general equation:

Ŷ = c0 + c1X1 + c2X2 +.cnXn (1)

where Ŷ is the predicted or the dependant variable, in this case
the “true” PM2.5 values, X1 through Xn are the independent or
predictor variables and c0 through cn are the estimated regres-
sion coefficients. Each regression coefficient represents the
change in Ŷ relative to a one-unit change in the respective
independent variable. The model was trained by setting Ŷ as the
reference PM2.5 value and the independent variables used were
from meteorological variables along with the sensor data. The
data from Unit 1 was randomly split into a training set and
Fig. 2 Box plots and time series for uncorrected data from Units 2, 3, 4

922 | Environ. Sci.: Atmos., 2023, 3, 919–930
a testing set, with 70% of data in the training set. Data points
where the reference value was more than 5 times the PA value
were deemed outliers and were removed; these instances were
minimal when considering the trend between the PA values. A
total of 3981 data points were used for the calibration.

The MLR model incorporated the known effects of relative
humidity and temperature on PM measurement.26 Multiplica-
tive terms were also included to capture the full relationship
between PM and the meteorological variables. However, the
coefficients of multiplicative terms were small and these terms
were ignored in applying the calibration equation to the data.
The full calibration equation is:

Ŷ = −5.63 + 0.80(X) + 0.19(T) + 0.06(RH) − 0.00002(X × T)

− 0.003(X × RH) − 0.0001(T × R) − 0.0002(X × RH × T) (2)

where Ŷ is the calibrated sensor value, X is the raw sensor value,
T is the temperature in degrees Celsius, and RH is the
percentage relative humidity.

The PA and BAM measurements were well correlated (R2 =

0.9203) with a small offset (0.3 mg m−3). The PA measurements
were consistently higher than the reference measurements
(slope = 0.57), as has been found in previous studies with PA
devices and other air quality sensors.27–29 Aer applying the
correction, good agreement between the reference and PA
measurements is observed, although the corrected PA values are
somewhat lower than the reference data under high aerosol
loading (Fig. S1 and S2†).

2.3.2 Inter-unit variability. Units 2, 3, 4, 5 were simulta-
neously co-located at the UCC monitoring station and the
hourly averaged uncorrected data for a two-week period were
analysed to establish the variability between different units. The
time series and box plots for the four units during this period
are shown in Fig. 2, with the mean and maximum values and R2

values between the devices recorded in Table 2. The agreement
between the mean and maximum concentrations determined
by the different units was excellent. The units also showed
a strong correlation with each other, even at very low PM2.5

values. These results suggest that different PA units reliably
produce similar measurements and that variations in unit-to-
, and 5 obtained during the inter-unit sensor comparison period.

© 2023 The Author(s). Published by the Royal Society of Chemistry
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unit response are therefore not primarily responsible for the
signicantly differences in PM2.5 concentrations measured
across the Cork PM sensor network.
Fig. 3 2021 Winter PM2.5 diurnal averages per location type.
3 Results and discussion
3.1 Spatial and temporal variation in PM2.5 pollution

The calibrated network of PA units was used to analyse the
spatial and temporal variations in PM2.5 across Cork city. The
units were categorised by their location in the city (Table 1).
Note that the devices located in the commuter towns are within
the official city boundary.

The winter (01/10/2021–31/12/2021) diurnal proles for
PM2.5 (Fig. 3) show the expected pattern for locations in Ireland
where residential solid-fuel burning emissions dominate. The
air temperature in Ireland generally starts to drop in October so
to capture the effect of the full heating season we take October
as the beginning of winter. In contrast, the diurnal proles for
the summer months (01/06/2021–31/08/2021) shows lower
levels of PM2.5 and minimal variation across the day (Fig. 4).
Winter PM2.5 concentrations around noon are similar to those
in summer. However, from about 15 : 00 on winter days, there is
a sharp increase in PM2.5 as households start burning solid fuel
for home heating.
Table 1 City area allocation and maximum diurnal average PM2.5 for
each device in 2021

Location type Device label Max diurnal PM2.5 (mg m−3)

North ccc4 13.4
ccc6 9.0
ccc14 18.9

South ccc1 10.1
ccc5 11.2
ccc9 14.1

East ccc2 11.4
ccc12 14.8
ccc13 14.5

West mtu 7.5
ccc8 8.9

City centre ucc 11.3
ccc3 9.1
ccc11 11.5

Commuter towns ccc15 19.4
ccc7 10.2

Table 2 R2 values for the inter-unit comparison and mean and max
values for each unit

Unit 2 Unit 3 Unit 4 Unit 5
Mean
(mg m−3)

Max
(mg m−3)

Unit 2 5.05 18.11
Unit 3 0.989 6.37 18.87
Unit 4 0.989 0.992 4.96 16.09
Unit 5 0.989 0.988 0.991 4.75 15.93

Fig. 4 2021 Summer PM2.5 diurnal averages per location type.

© 2023 The Author(s). Published by the Royal Society of Chemistry
Although the same diurnal pattern is observed across the city,
marked differences are seen in the maximum PM2.5 levels in
different regions of the city, indicating that residents in some
parts of the city are exposed to appreciably higher PM concen-
trations than those in other areas. The devices categorised as city
west showed diurnal proles with peak PM2.5 concentrations
about half of those in other areas. Surprisingly, the outlying
commuter towns (Blarney and Ballincollig) experienced the
highest daily average for PM2.5 concentrations, even above those
of neighbourhoods within the contiguous built-up areas of Cork
city. While the values of PM2.5 are indicative due to the nature of
the sensors, the data provides clear evidence of the relative vari-
ation in PM2.5 concentrations between location types and seasons.

The comparison of overall average PM2.5 concentrations for
the summer and winter periods is shown in Fig. 5. The
Environ. Sci.: Atmos., 2023, 3, 919–930 | 923
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Fig. 5 2021 PM2.5 averages over summer and winter periods per city
district with WHO AQG annual mean (5 mg m−3) indicated. Fig. 6 Example time series for unit ccc9 with DPM during the first

week of December 2021.
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commuter towns experienced the largest increase in PM levels
from summer to winter. Based on the diurnal proles, the large
seasonal PM2.5 difference in these location types points towards
a major impact from solid fuel burning.

The diurnal proles show the total hourly average PM2.5

levels in a location across a given period, however it is also
important to consider the effect of pollution events which may
not be apparent when looking at the average values. The
maximum hourly average from the winter dataset was found for
each location type. Table 3 compares these values to the
maximum values seen in the diurnal proles along with the
mean value for the winter period. The commuter town locations
showed a diurnal average peak around double that of the city
west devices, while they had similar maximum hourly averages.
This suggests that while a location type may experience lower
PM levels on average relative to elsewhere in the city, there can
still be signicant exposure to high levels of PM2.5 during
pollution events.
3.2 Identication and estimation of local emissions

High frequency time series data from the network units
exhibited intense, short-lived spikes in PM2.5 concentrations
(Fig. 6). These spikes predominantly occurred on winter
evenings. Across the network, both sensors A and B in the
different PA units consistently showed the same behaviour with
a high correlation coefficient between the two sensors,
including during the spikes (Table S1†). We conclude therefore
that the spikes are not measurement noise but indicate rapid
Table 3 2021 Winter diurnal average maximums, location average maxi

North South

Diurnal average maximum (mg m−3) 15.6 13.6
Hourly average maximum (mg m−3) 84.2 99.8
Mean (mg m−3) 8.2 6.3

924 | Environ. Sci.: Atmos., 2023, 3, 919–930
variations in the PM concentrations measured by the different
sensor units.

The high-frequency (2 minute interval) data was analysed to
investigate the contribution of local area emissions of PM2.5 to
the total PM2.5 burden across the city. Using uncorrected PM2.5

data obtained by the PurpleAir devices for June and December
(to represent summer and winter and to ensure sufficient
sensor data was available during analysis), the difference
between two consecutive measurements (DPM) was calculated:

DPMt = PMt − PMt−1 (3)

where DPMt is the DPM value at time, t, and PMt and PMt−1 are
the corresponding PM values at times t and the preceding time
step, t−1. Large DPM values indicate substantial changes in
PM2.5 concentration over a very short time frame. Such changes
likely arise from local emission sources rather than PM2.5 in
transported air masses. Fig. 6 shows the DPM for unit ccc9
during the rst week of December 2021 and Fig. 7 shows the
corresponding plot for the rst week of June 2021.

Hourly standard deviations of DPM (sDPM) were calculated to
investigate the variability in PM concentrations at different
times:

ðsDPMÞT ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPðDPMi � xTÞ2

n� 1

s
(4)

where (sDPM)T is the standard deviation of DPM over hour T,
DPMi is the DPM value at time i (within the hour T), xT is the
mums, and mean values across city districts

East West Centre Commuter towns

15.5 8.1 13.3 16.4
57.6 49.2 73.2 56.7
8.7 4.8 8.0 10.1

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 Example time series for unit ccc9 with DPM during the first
week of June 2021.

Fig. 9 sDPM filter applied to unit ccc9 for the first week in June 2021.
Blue data points correspond to periods of low sDPM, yellow data points
correspond to periods of high sDPM.
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mean of DPM over hour T, and n is the total number of DPM
values in hour T. This approach was selected to identify periods
of rapid uctuations in measurements and to ensure that the
selection process was not inuenced by the background
concentration or more gradual changes in PM levels over time.
To identify periods of rapid uctuations, periods where the
hourly standard deviation was greater than 2 mg m−3 were
highlighted, as shown on the unit ccc9 data in December (Fig. 8)
and June (Fig. 9). In these gures, the data points in blue
correspond to periods of low deviation from the hourly mean,
and the periods in yellow correspond to the instances high-
lighted by the sDPM ltering process where there is higher
deviation from the hourly mean value, indicating rapid uctu-
ations in PM levels. The use of a standard deviation limit of 2 mg
Fig. 8 sDPM filter applied to unit ccc9 for the first week in December
2021. Blue data points correspond to periods of low sDPM, yellow data
points correspond to periods of high sDPM.

© 2023 The Author(s). Published by the Royal Society of Chemistry
m−3 was based on a trial-and-error approach which used visual
inspection to determine whether periods of rapid uctuations
in the data were appropriately captured. Limits of 1 and 3 mg
m−3 were also assessed but were not as effective in discrimi-
nating periods of rapid PM uctuations.

Periods of large uctuations in PM concentrations (where
the data deviated appreciably from the hourly mean) were much
more frequent in December than in June. These rapid uctua-
tions typically occurred at times when solid fuels are burnt for
home heating. Large uctuations in PM2.5 levels are sometimes
also a feature of sites impacted by intermittent, high traffic
emissions such as at busy traffic junctions. Traffic emissions are
unlikely to be a major contributor to the Cork AQS network as
the rapid uctuations were a common characteristic across all
PA units in the network, despite the fact that most PA units were
not immediately adjacent to busy roads and intersections.

The average sDPM across each daily hour for June and
December was calculated. On average, hour 18 (6–7 pm) has the
highest hourly standard deviation in December, with the lowest
standard deviation seen in the early morning hours (despite
relatively high PM levels). The winter month shows higher
hourly standard deviation of DPM compared to the warmer
summer month by a factor of 2.5 on average. The percentage of
times with high hourly uctuations was calculated (Table 4).
PM2.5 concentrations in the various locations had markedly
different proles for the winter period, with the proportion of
time with high uctuation periods ranging from 8% to 55%.

To estimate the difference in measured PM2.5 levels between
periods of high frequency uctuations and periods of more
stable PM2.5 levels, the relative differences were assessed using
integration of the concentration–time prole. The total area
under the PM2.5 concentration–time prole (AT) represents
100% of the exposure. The total integrated area under the
prole of all high uctuation periods for a given device (AF)
represents the PM2.5 exposure that was associated with high
Environ. Sci.: Atmos., 2023, 3, 919–930 | 925
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Table 4 Estimated PM contributions during times dominated by local sources for June and December 2021

Device Location type

Percent of time identied as
having local inuence

Percent of total PM2.5 observed during
locally inuenced periods

Percent of additional PM2.5 observed
attributable to local emissions

June December June December June December

% % % % % %

ccc4 North 5 — 7 — 7 —
ccc5 South 5 30 7 56 7 55
ccc9 South 4 36 7 75 6 74
ccc2 East 8 34 8 56 7 55
ccc12 East 4 41 5 57 6 57
ccc13 East 18 55 28 87 27 87
mtu West 5 16 7 38 7 37
ccc8 West 2 11 5 25 5 24
ucc City centre 1 8 3 24 3 23
ccc11 City centre 14 24 17 41 17 40
ccc7 Commuter town 22 41 21 61 19 60
ccc15 Commuter town — 36 — 61 — 60
Average 8 30 10 53 10 52
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frequency periods and the fraction AF/AT represents the
percentage of PM2.5 exposure experienced during high
frequency periods. These values are reported for both June and
December in Table 4. During December, the AF/AT values for
each location show considerable variation, with estimated
percentages ranging from 24 to 87%. This variation is less
apparent in June, with consistently low values measured by
most devices. These gures, when compared with the
percentage of time that locations experienced high frequency
variations in PM2.5 levels, suggest that on average, 53% of the
PM2.5 was measured during 30% of the time across the network
locations during December. In other words, for a resident
population, over half of their PM2.5 exposure occurred during
a third of the time, and based on the sDPM analysis above it is
argued that the PM2.5 emissions during those periods origi-
nated in the local area. One further estimate can be developed,
which is the portion of PM2.5 that is specically attributable to
local emissions above the background levels during the periods
identied by the high frequency lter used in this study. If the
integrated area Af represents the area under the curve above
a threshold dened as the background level, then Af/AT repre-
sents an estimate of the additional PM2.5 in the locality that is
due to emissions in the vicinity of the sensor. The background
level here is taken as the level interpolated between the start
time and the end time of each high frequency period. Estimates
of both AF/AT and Af/AT are included in Table 4. Interestingly, the
two estimates are almost identical numerically, which suggests
that without local emissions the PM2.5 levels would be consid-
erably lower than what was measured in this study.

This observation suggests that when theDPM lter is applied
across a network of PA sensors, it can be used to distinguish
between areas which experience greater levels of highly local PM
pollution from those that experience city-wide PM. The high
hourly standard deviation of DPM indicates periods with short-
lived pollution events in a specic area. Based on previous work,
such intense pollution is associated with smoke plumes from
926 | Environ. Sci.: Atmos., 2023, 3, 919–930
nearby chimneys.6,10,30 Of course, changes in wind speed and
direction may also affect the air pollution in an area. However
sustained changes in air pollution are associated with trans-
ported air masses from different directions while rapid uctu-
ations are associated with local emissions. The method
employed here allows discrimination between these pollution
sources. Furthermore, the high temporal resolution of the PA
sensor measurements shows that the rapid uctuations in PM
levels are a characteristic feature of wintertime air pollution in
Ireland. Such short-lived plumes would be missed with a lower
temporal resolution, such as with hourly data.

Our Af/AT estimate assumes that the baseline level is not
signicantly changed and follows the same rationale as the
Lenschow, or incremental, approach and is subject to similar
dependencies.31,32 In the incremental approach, the urban
impact is taken as the sum of the following terms: the Lenschow
urban increment, the city spread and the background devia-
tion.33 In the approach presented here, local impact is
confounded with the city spread, while the background is
considered as the baseline level when local sources are non-
dominant. Notably, our AF/AT estimate makes no such
assumption, but supports the same conclusion.

Analysis of the spatial and temporal variations in PM2.5

across Cork City showed that the impact of local PM emissions
varied from location to location, as shown by the differences in
the diurnal averages across location types and in the winter and
summer averages (Fig. 3 and 4). The results showed that the
devices categorised as City West showed the lowest PM
concentrations during winter, with the sensors in the commuter
towns showing the highest diurnal peak of all locations (Table
3). However, all location types experienced high maxima (Table
3). This was in stark contrast to the average air quality being
experienced for the overall period. The results show that while
certain areas may experience lower daily average PM2.5 overall
during winter, they can at times experience strong maximum
peaks resulting from more severe pollution events over the
© 2023 The Author(s). Published by the Royal Society of Chemistry
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winter season. The results from this analysis provide support
for the emission classications given in Section 3.2. The esti-
mated local contributions varied considerably across the
devices, with some locations experiencing over double the local
estimated contributions of others. The difference between the
winter and summer results in the emission classication
correlates well with the spatial and temporal variation analysis.
By looking at the average PM2.5 levels across the winter and
summer months, it was shown that there are signicant
differences in PM2.5 levels between the two periods and between
locations. This is also shown with the emission classication
estimates. During the colder period in December, there were
elevated levels of estimated local PM2.5 contributions, with
some locations experiencing higher levels than others. In
particular, the devices located in smaller suburban areas further
from the city centre showed signicant local PM2.5 contribution
estimates, comparable to or even higher than the more urban
counterparts. For example, the device ccc15, located in Ballin-
collig, a commuter town approximately 9 km outside of the city
centre, experienced one of the highest local PM2.5 contribution
estimates during the winter period, which relates to the high
winter averages seen in the spatial and temporal analysis.
During the month of June, the estimated contribution of local
PM2.5 for all locations remained low and stable. This relates to
the similar summer averages shown across the location types
previously.
3.3 Meteorological factors

It is a common observation that an important factor deter-
mining PM2.5 levels in a locality is the weather. Emissions
generally follow economic cycles and tend to exhibit regular
patterns, whereas the weather is highly variable. So the weather
affects the PM2.5 levels by (i) inuencing emissions, such as
causing increased home heating and energy use during cold
periods and (ii) dispersion of emissions, such as effective
transport of pollution by wind, with generally better mixing and
dispersion at higher wind speeds. The weather is not generally
Fig. 10 Polar plots showing associations between wind speed and dire
network.

© 2023 The Author(s). Published by the Royal Society of Chemistry
responsible for generating PM2.5 emissions, although PM10

levels can increase at higher wind speeds due to increased
resuspension by wind.

The argument that is developed here is that during periods
of less effective atmospheric mixing, i.e. at low wind speeds, the
emissions are not dispersed effectively, and they build up in the
local area where they are emitted. The prevailing wind direction
in Cork city is from the South–West. However, as shown in the
wind rose in Fig. S3,† during the period covered in this study,
this pattern was not as evident and the weather was less
dominated by the prevailing wind direction than is normally the
case.

Fig. 10 shows polar plots for each device location indicating
the wind direction and wind speed associated with higher PM2.5

concentrations in each location. For some locations situated on
the periphery of the city, such as the devices labelled mtu and
ccc8, located at the western edge of the city, the higher PM2.5

levels are clearly associated low wind speeds from the easterly
direction. For the most part, however, there is no consistent
directionality to the PM2.5 concentrations. Higher PM2.5 is
always associated with low wind speeds. These observations are
again consistent with the suggestion that PM2.5 levels are
dominated by nearby emissions.

The meteorological data obtained from Met Éireann reect
the weather on a synoptic scale while the meteorological eld
across the city will also be inuenced by local factors, street
canyons and local topography. It therefore cannot be assumed
that the wind direction measured at the airport (approximately
4–11 km from individual devices) is identical for all devices in
the network. Nevertheless, the regional scale wind direction will
dominate the general meteorological eld across the city and it
can be reasonably supposed that transport of ambient PM2.5

would be observable as a concentration gradient across the area
if such transport was a signicant factor in observed PM2.5

levels. Wind speeds measured at the airport, which is situated
in an elevated location above the city, generally exceed those
experienced in the city. In other words, while the wind direction
measured at the airport may have deviated from the wind
ction, and local PM2.5 levels at the locations monitored in the sensor

Environ. Sci.: Atmos., 2023, 3, 919–930 | 927
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direction at a given device, the fact that the polar plots imply no
particular directionality suggests that wind direction is not an
important factor. Moreover, the fact that higher PM2.5 levels are
associated with low wind speeds in general supports the
hypothesis of very local origin.
3.4 Comparison with source apportionment studies

The measurements and estimates reported in Table 4, particu-
larly for December, suggest that measured PM2.5 levels could
mainly be attributed to residential solid fuel burning. A
comparison with previous source apportionment studies in Cork
and other places in Ireland, may therefore be instructive.
Detailed source apportionment studies have been previously
carried out in the Port of Cork, but they are separated from this
study by over a decade. Using chemical markers associated with
the combustion of peat, coal and wood, the estimated contri-
bution of local solid fuel burning to PM2.5 concentrations
measured at the Port of Cork in August 2008 was 5%.30 Using
a different approach, Kourtchev et al.,6 obtained a value of 6% for
the solid fuel burning contribution during the same period.
These values are in line with the local PM2.5 contribution esti-
mates reported for many locations during June (Table 4),
including ccc2, which is the PA unit closest to the Port of Cork
measurement site. Kourtchev et al.,6 also obtained a value of 28%
for the solid fuel burning contribution to PM2.5 measured during
February 2009, while a more comprehensive source apportion-
ment method was used by Dall'Osto et al.34 to deliver an estimate
of 46–50% for the same period. The results of this latter study are
more consistent with the local PM2.5 contribution estimates ob-
tained for December 2021 in this work, Table 4. A more recent
study employing detailed in situ chemical characterisation of
ambient wintertime PM2.5 and source apportionment modelling
has been carried out at multiple diverse locations in Ireland,
including the capital city, Dublin, a small midland town (Birr)
and costal locations (Carnsore Point and Mace Head). Average
estimates of local solid fuel contributions were 50%, 25%, 48%
and 39%, for Dublin, Carnsore Point, Birr, and Mace Head,
respectively.8 The results obtained for the urban areas of Dublin
and Birr are in line with local PM2.5 contribution estimates ob-
tained for December 2021 in this work, Table 4.

While other studies have utilised air quality sensors in
similar ways to estimate source contributions, these are based
on measurements in different environments where the result-
ing estimates would not be comparable to the specic results
presented here.35–37 They do, however, showcase the usefulness
and feasibility of using these kinds of devices in new and
meaningful ways to attain more in-depth information about an
area's air quality without using traditional and more costly
facilities and instrumentation.
4 Conclusions

The PA sensor network in Cork city has provided information on
the spatial and temporal variations in PM2.5 across the urban
area that were previously unachievable with traditional air
quality monitoring methods. The accuracy of the measurements
928 | Environ. Sci.: Atmos., 2023, 3, 919–930
was improved by calibrating the sensor network through a co-
location study with a reference monitor. While the PA data is
considered indicative and not of regulatorymonitoring standard,
this study showcases the opportunities available with an AQS
network. In particular, a carefully planned and implemented
AQS network delivers complementary information to that from
a regulatory grade air quality monitoring network. This includes
expanding monitoring across cities where regulatory monitoring
is already in place. Such AQS networks can provide valuable
information on local air quality in a context where regulatory
monitoring network is unaffordable, such as in developing
country cities and in smaller towns in wealthy nations.

This study also shows it is possible to distinguish between
local and background/other emissions using a PM sensor
network. Such information is vital for developing targeted and
effective interventions to improve urban air quality. We applied
a novel method using high frequency data to highlight time
periods where the PM measured by the AQS is assumed to be
dominated by an intense local pollution source as opposed to
a background/other source in the city. Signicant differences
were found between the different locations, in particular
between devices west of Cork city and in the other areas of the
city. The western locations had higher PM2.5 levels associated
with easterly winds of low wind speed and were among the
lowest in terms of percent of time with high uctuations and
percent of PM2.5 measured during these periods. However, the
majority of devices showed higher PM2.5 levels with low wind
speeds, but no consistent directionality, suggesting that local
emission sources dominate the PM2.5 levels.

The considerable differences in estimated local contribu-
tions highlights the importance of measuring in multiple
locations within an urban area. Surprisingly, the surrounding
commuter towns were found to have local PM contribution
estimates that were on par with or above those of other location
types. This shows that less populated locations and small towns
can experience higher PM2.5 levels than areas closer to the city
centre. Nevertheless, all location types experienced high daily
maxima, indicating that while daily average values may differ
appreciably at locations across the city owing to higher
instances of residential solid fuel burning or favourable mete-
orological conditions, all areas experience pollution episodes
with high PM2.5 concentrations.
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