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Abstract Particulate matter with an aerodynamic
diameter of 2.5 pm or less (PM,5) poses significant
health risks, necessitating comprehensive exposure
assessment. Long-term community monitoring can
provide representative exposure levels for environmen-
tal epidemiological studies. This study deployed nine
research-grade low-cost sensors (AS-LUNG-O) for
3.5 years of street-level PM, 5 monitoring in an Asian
community, evaluating temporospatial variations, hot-
spots, and emission sources. The hourly mean PM,
concentrations from December 2017 to July 2021 were
243+ 14.1 pg/m’, PM, 5 levels were typically higher
in winter, on weekends, and during religious events
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compared to summer, weekdays, and typical days,
with some peak concentrations occurring randomly.
Daytime PM, s levels generally exceeded nighttime
background levels by 30-50%, with certain religious
activities causing up to 80% increases. Spatial analysis
identified temples and markets as pollution hotspots.
Using a generalized additive mixed model, we found
that the COVID-19 pandemic shutdown and higher
wind speeds negatively impacted PM concentrations.
Religious events, traffic, and vendors were significant
PM sources, continually influencing community air
quality throughout the 3.5-year monitoring period.
This study demonstrates the value of long-term PM
monitoring in capturing unexpected peaks, identifying
critical sources, and revealing intricate temporospa-
tial distributions. Research-grade low-cost sensor net-
works complement traditional monitoring stations by
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facilitating source identification in targeted communi-
ties and providing representative PM exposure data for
long-term environmental epidemiological research.

Keywords PM microsensor - PM source
evaluation - Neighborhood air quality - Asian culture
sources - GIS mapping of PM

Introduction

Both short-term and long-term exposure to particulate
matter (PM) has been consistently linked to adverse
health effects (Alexeeff et al., 2021; Brunekreef &
Holgate, 2002; Kioumourtzoglou et al., 2016; WHO,
2021, 2023), with PM, 5 (particulate matter with an
aerodynamic diameter <2.5 um) posing particularly
significant risks. Growing public health concerns have
intensified demands for effective PM, 5 source control
strategies to reduce exposure and associated health
risks. While industrial emissions have traditionally
been the primary regulatory focus, increasing attention
now centers on community-level emission sources that
may disproportionately contribute to residents’ daily
exposure levels (Farooqui et al., 2023; Heintzelman
et al., 2023; Rose Eilenberg et al., 2020).

PM, 5 exposure intensity and contributing sources
within communities exhibit significant regional varia-
tions, shaped by distinct cultural practices and lifestyle
factors across different countries (Karagulian et al.,
2015). Taiwan exemplifies this phenomenon with its
numerous culture-specific PM, 5 emission sources,
including food frying and incense burning for reli-
gious worship, which are substantially less common in
Western societies (Lung et al., 2007, 2014, 2020a; Wu
et al., 2017). Furthermore, Taiwan’s distinctive urban
characteristics—high population density coupled with
mixed residential-commercial zoning—create envi-
ronments where residential communities face concen-
trated traffic-related emissions (Lee et al., 2023; Lung
et al., 2014). These unique conditions underscore the
importance of community-level PM, 5 monitoring to
accurately assess residents’ actual exposure patterns.
A network with multiple sensors deployed along the
community streets offers a promising approach to iden-
tify and characterize the diverse PM, 5 sources that
residents encounter in their daily activities.

The emergence of low-cost sensors (LCSs) has revo-
lutionized community-level air quality monitoring (Gao
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et al., 2015; Jiao et al., 2016; Lewis et al., 2018), espe-
cially as researchers have successfully addressed initial
challenges in sensor stability and calibration through
innovative methodological approaches (Bai et al., 2020;
Bulot et al., 2019; Chu et al., 2020; Feenstra et al., 2019;
Feng et al., 2024; Jayaratne et al., 2020; Kelly et al., 2017,
Lee et al., 2024; Wang et al., 2020a). LCSs are capable
of collecting high-resolution observations in both tempo-
ral and spatial scales, making them suitable for stable and
widespread application in community monitoring. They
have been increasingly installed to monitor PM, 5 levels
within communities worldwide (Connolly et al., 2022;
Hsu et al., 2020; Jiao et al., 2016; Johnson et al., 2018;
Lung et al., 2020a; Rojas Gonzalez & Montilla-Rosero,
2025). Deploying LCS networks for community PM, 5
monitoring is particularly valuable across densely popu-
lated Asian cities, where high spatial variability results
from diverse local emission sources within communities
(Kim et al., 2025; Lee et al., 2023; Lung et al., 2014).

However, most previous community PM, s monitor-
ing studies positioned LCSs at a height of 10 m to assess
ambient levels, rather than at heights that accurately
represent residents’ actual exposure. Since public health
concerns drive interest in PM, 5 monitoring, measuring
concentrations at street level is essential; accordingly, this
study aimed to assess PM, 5 concentrations at pedestrian
height (2-3 m) to evaluate temporal and spatial variabil-
ity and identify key exposure sources. Additionally, while
most community monitoring studies conducted short-
term observations spanning only weeks or months (Liu
et al., 2020; Lung et al., 2020a; Zheng et al., 2018), our
research presents findings from a nearly 3.5-year moni-
toring period—a duration rarely found in the existing lit-
erature. This long-term approach provides data that more
accurately represents residents’ chronic exposure pat-
terns, offering valuable resources for environmental epi-
demiological studies investigating PM exposure-health
relationships. Through this research, we demonstrate the
significant advantages of sustained community monitor-
ing and offer insights that can inform LCS deployment
strategies in communities worldwide.

Materials and methods

Studied community

The studied community is within a town surrounded
by mountains (Fig. S1(a)), situated at an elevation of
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approximately 150 m, with a size of roughly 1.5 km?.
Pollutants from Taiwan’s western plain are frequently
transported into this mountainous region where the
surrounding topography restricts air circulation,
resulting in pollutant accumulation, diminished air
quality, and consequent health risks for residents.
Beyond these external pollution sources, local emis-
sions from vehicles, food vendors, and temples have
also become a concern. The area surrounding the
community is a popular tourist destination, experi-
encing a significant visitor influx, particularly during
weekends.

The sensor network

In this study, we employed LCSs integrated and
upgraded by Academia Sinica, called AS-LUNG-
O, which were previously detailed in Lung et al.
(2020a) and are briefly summarized here. Each AS-
LUNG-O set incorporates a PM, 5 sensor (PMS3003,
Plantower, Beijing, China), a temperature and rela-
tive humidity sensor (SHT31, SENSIRION, Staefa
ZH, Switzerland), a Secure Digital (SD) card, and a
wireless transmission module. The system is solar-
powered and operates at 1-min monitoring resolution.
All AS-LUNG-O sets underwent chamber calibration
against research-grade instruments—a GRIMM 1.109
(pre-2019) and an EDM-180 (post-2019), both from
GRIMM Aerosol Technik GmbH & Co. KG (Ain-
ring, Germany)—following protocols described in
Wang et al. (2020b). The EDM-180 complies with
the United States Environmental Protection Agency
(USEPA) federal equivalent method (FEM). All
measurements presented in this work have been con-
verted to research-grade equivalents using calibration
equations.

Ten AS-LUNG-O sets were deployed as an LCS
network throughout the studied community in 2017
(Table 1). Nine AS-LUNG-O sets were mounted on
street lamp posts at heights of 2.5 to 2.7 m, while
one set was installed at approximately 12.5 m above
ground inside a school, serving as a typical ambient
(high-level) monitoring reference site. The street-
level sets were strategically positioned 3-5 m from
one or two PM emission sources, such as markets,
vendors, traffic (categorized as stop-and-go or direct
passage), and temples with incense-burning activities.
Network monitoring commenced on December 1,
2017. The high-level measurements of PM, 5 served

Table 1 Features, heights, and monitoring durations of the
AS-LUNG-O sets comprising the network

Location ID  Feature® Height  Monitoring duration
H Highlevel 12.5m 2017/12/1-2021/7/8
C-1 S,V_D 25m 2017/12/1-2021/7/8
C-2 V_D 25m 2017/12/1-2020/4/16
27 m 2020/4/16-2021/7/8
C-3 M, V_D 25m 2017/12/1-2021/3/9
2.6 m 2021/3/9-2021/7/8
C-4 G, V_D 25m 2017/12/1-2021/7/8
C-5 F,V_D 27 m 2017/12/1-2020/4/16
2.5m 2020/4/29-2021/7/8
C-6 T, V_SG 25m 2017/12/1-2021/7/8
C-7 F, V_SG 25m 2017/12/1-2021/7/8
C-8 T, V_SG 25m 2017/12/1-2021/7/8
C-9 T, V_SG 25m 2017/12/1-2021/7/8

2The street-level sensors were close to different sources,
including F: fried chicken and other vendors; G: gasoline sta-
tion; M: market; S: school; T: temple; V_D: emissions from
passing vehicles; and V_SG: vehicle emissions from stop-and-
go traffic

as reference values against which other AS-LUNG-
O readings were compared; incremental PM, 5 levels
above this reference were attributed to nearby source
contributions. Data collection ended on July 8, 2021,
when the school requested relocation of the high-level
set, yielding approximately 3.5 years of monitoring
data. During the monitoring period, regular checks
and cleanings were conducted at intervals of once
every 1 to 2 months.

During the nearly 3.5 years of monitoring, the AS-
LUNG-O sets at locations C-2, C-3, and C-5 were
each relocated within a 100-m radius of their original
locations due to safety concerns such as avoiding col-
lisions with large vehicles while maintaining proxim-
ity to their designated emission sources (Fig. S1(b)).
Data from before and after these relocations were
integrated into our analysis.

The AS-LUNG-O sets were returned to the lab-
oratory for chamber calibration at intervals of 1.5
to 2 years. The calibration curves obtained during
the monitoring periods are presented in Supple-
mentary Materials Table S1. Initially, linear regres-
sions were used, but after October 2020, segmented
regressions with two regions were applied based on
our evaluation (Wang et al., 2020b). The coefficient
of determination (R?) for the calibration curves in
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this study ranged from 0.823 to 0.999 (Table S1).
At the beginning of the study, R> values averaged
0.95 +0.04, with a maximum of 0.98 (Lung et al.,
2020a). Following chamber calibration, the AS-
LUNG-O sets were co-located with a GRIMM
1.109. The correlation between the calibration-
adjusted readings from 10 AS-LUNG-O sets and
GRIMM measurements, obtained at a 1-min reso-
lution, was 0.93 +0.05 (Lung et al., 2020a), dem-
onstrating the precision and accuracy of the AS-
LUNG-O sets after calibration.

Moreover, inter-sensor variability was assessed
in our chamber evaluation (Wang et al., 2020b). The
percentage coefficient of variation (%CV), calculated
as the standard deviation (SD) divided by the mean
of the calibration curve slopes for 12 AS-LUNG-O
sets, was 10.9%. When calibrated within the 0.1-200
ug/m® range, the average root mean square error was
2.4 +0.36 pg/m®. To evaluate the repeatability of
duplicate experiments, we used the intraclass cor-
relation coefficient (ICC), a widely recognized reli-
ability index for test-retest analyses (ranging from
0 to 1). The ICC for PM, 5 calibration across the 12
AS-LUNG-O sets ranged from 0.988 to 0.998 (Wang
et al.,, 2020b). Additionally, our previous evaluation
indicated that sensor drift over 1.5 years was approxi-
mately 20% (Wang et al., 2020b).

Furthermore, one AS-LUNG-O set was not re-
calibrated over the 3.5-year period (Table S1). The
R? values for regressions between data from this AS-
LUNG-O and the nearest monitoring station of the
Taiwan Ministry of Environment (TMOE), located
800 m away, ranged from 0.82 to 0.87 across different
years (Fig. S2). Notably, these R> values showed no
signs of degradation over time. The regression slopes
varied between 0.65 and 0.85, indicating greater vari-
ability. The winter PM, s maximum was 125.6, 137.8,
134.1, and 144.5 pg/m? in 2017, 2018, 2019, and
2020, respectively. Neither the regression slopes nor
the maximum values exhibited a decreasing trend.
Therefore, data from this AS-LUNG-O set remain
included in the analysis and will be discussed later.

Additionally, Ouimette et al. (2024) reported that
the Plantower 5003 sensor might be inefficient in
capturing PM, 5 at wind speeds exceeding 5 m/s. The
AS-LUNG-O device, however, uses the Plantower
3003 sensor, which has a different inlet configuration.
Moreover, during the 3.5-year monitoring period,
only 0.23% of recorded wind speeds exceeded 3 m/s,
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and none surpassed 5 m/s. Therefore, no data were
excluded due to concerns about wind speed.

For temperature and humidity sensors, Fig. S3(a),
(b) presents the regression lines of the temperature
and relative humidity, respectively, from the AS-
LUNG-O set at high-level site and those from the
co-located HOBO weather station (HOBO, RX3003,
Onset, Bourne, MA, USA) during the monitoring
period. The correlation is 0.999 for temperature and
0.91 for relative humidity, with slopes close to 1. The
measurements of relative humidity exhibit more scat-
tering than those of temperature, which is expected
since relative humidity is a function of temperature.
In short, these results demonstrate good data quality
of temperature and humidity sensors.

Data analysis

The 1-min resolution measurements from the AS-
LUNG-O sets were aggregated into hourly means for
data presentation. After converting to research-grade
measurements using calibration curves, the data
underwent cleaning procedures to remove measure-
ments from rainy days and “ghost peaks”—defined
as instances where the PM, 5 ratio for a given min-
ute exceeded 10 times the average of the preceding
and succeeding 5 min, potentially caused by spiders
or small insects interfering with sensing components.
Measurements showing abnormally high levels per-
sisting over extended periods, indicative of sensor
malfunctions, were also excluded. Meteorological
parameters, including wind speed and direction, were
collected from the HOBO weather station installed at
the same high-level site (12.5 m above ground inside
a school).

In this study, we compared PM, 5 levels in three
classifications: (1) warm (May to October) ver-
sus cold (November to April of the following year)
seasons, (2) weekdays versus weekends, and (3)
religious-event days versus typical days. The first
two—cold versus warm seasons and weekdays versus
weekends—were selected based on previous research
demonstrating PM, 5 concentration variations across
seasons and days of the week in the same Taiwanese
community (Lung et al., 2020a). The third classifica-
tion focused on religious practices; due to the preva-
lence of Taoist and Buddhist traditions in Taiwan,
burning incense and paper money is common in this
community during the Lunar New Year days, as well
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as on the 1 st and 15 th days of lunar months. All other
days were classified as typical days. GIS techniques
were employed to identify hot spots with these clas-
sifications. Cases for each classification were selected
for detailed illustration. Spatial variations in PM, 5
were visualized using the inverse distance weighting
(IDW, power =2) spatial interpolation method using
ArcGIS Pro 2.8.0.

Additionally, the contributions from different
sources were evaluated using regression analysis, per-
formed using RStudio version 2023.06.1 (RStudio,
USA, 2023) and R version 4.3.1 (The R Foundation,
Austria, 2023). Previous studies assessing various PM
sources within communities were typically carried
out using linear regression models (Franklin et al.,
2012; Lung et al., 2014, 2020a; Zwack et al., 2011);
however, in order to address the nonlinear relation-
ships between PM, s and meteorological variables
(Hou & Xu, 2021) and the temporal autocorrelation
in our data, we applied a generalized additive mixed
model (GAMM) to evaluate the relationships between
environmental factors and PM, 5 (Song et al., 2015;
Tsou et al., 2021a, b). Additionally, collinearity was
checked using a variance inflation factor (VIF) with
a threshold of 3 (Li et al., 2021; Wolf et al., 2017; Xu
et al., 2019). The GAMM is listed as follows:

included emissions from passing vehicles, stop-and-
go traffic, gas stations, street vendors, elementary
schools, markets, and temples. The dummy variable
for each source was assigned 1 during active periods
and O during inactive periods. Most emission sources
exhibited reduced activity during nighttime. Traffic
was considered active from 6:00 to 22:00 daily; gas
stations from 7:00 to 22:00; street vendors or restau-
rants typically from 17:00 to 23:00 daily, excluding
closure days. Elementary school activity periods were
defined as 7:00-8:00 and 16:00-17:00 on regular
school days, when parents gathered with vehicles to
drop off and pick up children, plus 12:00-13:00 for
lunch delivery, with summer and winter breaks des-
ignated as inactive periods. The local market pri-
marily operated in the evening, with activity defined
from 14:00 to 19:00 daily. Incense-burning activi-
ties in temples were considered active from 7:00 to
22:00 daily. During the model evaluation process, the
dummy variables of the gas station and the temple
were removed due to collinearity concerns.

The second aspect of X; relates to wind direction,
with north wind (> 315°, <45°) established as the
reference class. Other classes include east (> 45°,
<135°), south (> 135°, <225°), and west (> 225°,
<315°) winds. When the prevailing wind direction

Plocalion = ﬂo + 71Phigh—1evel + VZ(RH) +7 Ws + Z ﬂiXi + S(Time) +e (1)

P)ocation Tepresents the hourly mean of observed PM,
at the street levels, while Py;q_je e denotes the cor-
responding hourly mean observed at the high-level
site. p0 is the intercept; y,,¥,, 3, and f; are regres-
sion coefficients; € is the error term. RH refers to
the hourly mean of the relative humidity measured
at each location. Due to collinearity between rela-
tive humidity and temperature, our model adjusts for
relative humidity rather than temperature. Ws repre-
sents hourly wind speed (meters per second) collected
from the HOBO weather station. A smoothing term,
s, was incorporated into the model using cubic regres-
sion splines to address non-linear temporal relation-
ships. Additionally, a first-order autoregressive model
(AR(1)) was implemented to eliminate temporal auto-
correlation for each location.

X; represents dummy variables addressing three
different aspects: PM sources, wind directions, and
other time-related adjustment factors. PM sources

fell within a specific range during a given hour, the
corresponding dummy was assigned a value of 1.

The third aspect comprised additional time-related
adjustment variables, including days of the week,
lunar event days, and the COVID-19 pandemic
period. Monday served as the reference for weekday
comparisons. The 1st and 15 th days of each lunar
month, along with the Lunar New Year festival days,
were designated as religious events. For the COVID-
19 pandemic variable, Taiwan’s lockdown period
from May 19 th to July 26 th, 2021 (Ministry of
Health & Welfare, 2021) was included, during which
all emission sources exhibited reduced activity.

To further assess spatial variation across different
locations, the same model was run for each location.
These individual-location models did not include
dummy variables if the corresponding sources were
not in the surrounding area. The rest of the settings
were the same as the main model.

@ Springer
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Results and discussion
PM distribution among different locations

Table 2 presents the distributions of hourly PM, s
concentrations across 10 locations during the 3.5-year
monitoring period. The PM, s levels at the high-level
site were 18.8 +9.7 ug/m®, with a maximum of 83.3
ug/m?. The mean hourly PM, 5 concentrations across
all street-level locations were 24.3 +14.1 pg/m’.
Most street-level locations demonstrated higher mean
and maximum PM, 5 levels compared to the high-
level site, with one notable exception: location C-4,
situated near a gasoline station with frequent vehicle
traffic. This location had mean PM, s levels of 18.8
+12.0 pg/m?, showing minimal differences from the
high-level site but with significantly greater variabil-
ity. The location’s positioning at an intersection with
intermittent high wind speeds likely contributed to
its comparatively lower PM, 5 levels relative to other
street-level locations.

Location C-6, situated near a temple, had the
highest mean PM, 5 concentrations at 32.9 +17.4
pg/m?, with a maximum of 144.5 ug/m>. A previous
study in the same community reported hourly PM,
concentrations at location C-6 of 22.0 +12.2 pg/m?
in July 2017 and 48.0 +25.9 ug/m® in December
2017 (Lung et al., 2020a). In the current study, the
overall concentrations of nine street-level locations
during the warm season (17.4 +10.4 ug/m?) closely

aligned with the previous results (18.1 +9.6 ug/m?)
after just 1 month of monitoring. Conversely, the
concentrations for the same nine street-level loca-
tions during the cold season (30.0 +14.3 ug/m?)
were lower than those in the previous 1-month mon-
itoring period (37.8 +20.7 ug/m?). The discrepancy
may be attributed to the previous study’s monitor-
ing period coinciding with a religious event involv-
ing nearly month-long incense and paper money
burning, which was not held regularly every year.

A previous study conducted in a semi-open tem-
ple in central Taiwan reported a mean PM, 5 con-
centration of 75.1 ug/m> over 39 days from August
2001 to January 2002, with monitoring between
9:00 and 19:00 (Fang et al., 2003), substantially
higher than our findings. Several potential fac-
tors may explain this discrepancy: first, variations
in temple size, worshipper numbers, and sampling
durations could contribute to the difference. Sec-
ond, the Taiwanese government has implemented
a nationwide initiative since the 2010s to reduce
incense stick usage from three to one per censor,
resulting in decreased incense burning, which is
reflected in our results. Third, strict environmental
policy implementation in Taiwan in recent years
may have contributed to overall air quality improve-
ments (Chen et al., 2014; Chou et al., 2023). In
summary, these factors likely account for the dis-
parities in PM,s mean concentrations observed
across different temple studies in central Taiwan.

Table 2 Hourly PM, s levels (ug/m*®) among different locations during the 3.5-year monitoring period

Location Feature® Mean (SD) Maximum Correlation® Sample size
H High-level 18.8 (9.7) 83.3 0.825 28,328
C-1 S,V_D 22.5(11.2) 139.7 0.875 28,017
C-2 V_D 22.2 (12.5) 98.1 0.851 14,896
C-3 M,V_D 26.9 (14.9) 123.9 0.855 15,702
C-4 G,V_D 18.8 (12.0) 165.4 0.766 27,234
C-5 F,V_D 242 (11.8) 118.0 0.830 18,585
C-6 T, V_SG 329 (17.4) 144.5 0.860 26,057
C-7 F, V_SG 19.5 (13.5) 115.6 0.781 27,677
C-8 T, V_SG 24.4 (11.9) 110.9 0.866 27,763
Cc-9 T, V_SG 27.5 (14.6) 128.1 0.867 28,656
TMOE High-level 23.5 (16.0) 135.0 - 30,268

The street-level sensors were close to different sources, including F: fried chicken and other vendors; G: gasoline stations; M: mar-
kets; S: schools; T: temples; V_D: emissions from passing vehicles; and V_SG: emissions from stop-and-go traffic

bCorrelation with PM, 5 of the nearest monitoring station of the Ministry of the Environment, Taiwan (TMOE)

@ Springer



Environ Monit Assess (2025) 197:653

Page 70f 19 653

The nearest monitoring station of the Ministry
of the Environment, Taiwan (TMOE) is only 640 m
from our high-level site. Thus, the observations from
that station were compared with those of the AS-
LUNG-O sets; the mean and maximum PM, 5 con-
centrations at the TMOE station are all within the
ranges of the measurements from the AS-LUNG-O
sets during the monitoring period. The AS-LUNG-O
measurements at all locations have good correlations
(0.766 to 0.875) with the observations of the TMOE
station.

PM distributions among different classifications

The means and SDs of PM, 5 levels during the 3.5-
year monitoring period are shown in Fig. 1, with
three classifications: (1) cold versus warm seasons,
(2) weekdays versus weekends, and (3) religious-
event days versus typical days. Regarding seasonal
differences, the PM,s concentrations were higher
during the cold season compared to the warm season

(@)

60- B Cold | Warm

i 40-
o~

g

G4 ©-2 ‘C3 G4 C-5 8 C7 8 G9 H
Location

o

(c)

60- I-Religious Typical

n 40-

2 o

o

0.
C1 C2 C3 C4 C5C6 C7 C8 C9 H
Location

(Fig. 1a). In addition, the PM, 5 levels at each station
appeared to be slightly higher on weekends than on
weekdays (Fig. 1b); this weekday—weekend discrep-
ancy may be attributed to increased traffic emissions,
resulting from an influx of tourists during weekends.
Moreover, PM, 5 levels were higher during religious-
event days than on typical days (Fig. 1c). The impacts
of burning incense and paper money affected not only
the neighborhoods near temples but also the entire
community. Location C-6 is near a famous temple;
thus, the incremental increase on religious-event days
compared to typical days was higher than those at
other locations (Fig. 1c).

The maximum PM,s concentrations during
the entire monitoring period are listed in Table 3.
Most locations exhibited higher PM,s; maxima
during cold seasons compared to warm seasons
(Table 3(a)). Contrary to expectations, maximum
PM, s levels at most locations were higher on
weekdays than on weekends, with a few exceptions
(Table 3(b)). Location C-5, situated near a fried

60- Weekday JllWeekend ‘

1 40-

1T

o

0.
1 €62 C3 G4 C5 56 C7 ¢8 G9 H
Location

Fig. 1 Mean PM, 5 concentrations (ug/m°) at each location, based on different classifications. a Warm and cold seasons, b weekdays
and weekends, and c religious-event and typical days. The black lines on the bars indicate plus or minus one SD
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chicken vendor, stood out as a notable exception,
showing higher maximum PM, 5 levels on weekends
compared to weekdays. Furthermore, maximum
PM, 5 levels at most locations during typical days
exceeded those on religious-event days (Table 3(c)).
These unexpected findings indicate the unpredict-
able nature of street-level source emissions in the
community. Our long-term monitoring approach
uniquely captured high PM, 5 levels from irregular
and unexpected emissions, which would have been
overlooked in short-term monitoring.

To illustrate PM, 5 levels elevated above the daily
background concentration, we calculated the ratio
of daily PM maximum to the daily background con-
centration (22:00 to 05:59 of the following day) for
each location across three classifications (Table 3).
The means of these ratios reveal the typical PM, s
difference between daily maximum and background
periods. Across all classifications, daily maximum
PM, 5 levels typically exceeded 30-50% of daily
background levels, with some instances reaching
60-80%. Unlike the maximum PM, s concentration
patterns, most ratios in the cold season were similar
to or lower than those in warm seasons, with location
C-2 (affected by passing vehicle emissions) being the
primary exception (Table 3(a)). The highest PM, s
ratios (1.7 +1.1) were observed at location C-6 near
a temple during warm seasons. These divergent pat-
terns of maxima and average max/background ratios
over the 3.5-year monitoring period demonstrate the
significant variability in source emissions.

Analyzing the relative magnitudes of PM, 5 max-
ima and maximum/background ratios between week-
ends and weekdays revealed different patterns. While
weekend ratios were similar to or slightly higher than
weekday ratios, this contrasted with the maxima,
which were predominantly higher on weekdays. Loca-
tion C-6 (near a temple) exhibited the highest maxi-
mum/background ratio of 1.6 for PM, 5 (Table 3(b)).
The substantial sample sizes for both weekend and
weekday monitoring enhance the representative-
ness of the results. Interestingly, the data suggest
two seemingly contradictory observations: PM levels
elevated above background were generally higher on
weekends, yet the peak levels captured by long-term
monitoring occurred predominantly on weekdays.
These findings further underscore the complex and
unpredictable nature of source emissions at the com-
munity street level.
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Table 3 The maximum PM, 5 concentrations (ug/m®) over the
entire monitoring period, and the mean (and SD) of the ratios
of the daily PM, s maxima over the daily background levels
(22:00 to 05:59 of the following day) in different categories:
(a) cold versus warm seasons, (b) weekdays versus weekends,
and (c) religious-event days versus typical days

Location Category Maxi- Maximum/ Sample size
mum background
(pg/m3) mean (SD)
(a) Cold versus warm seasons
H Cold 83.3 1.3 (0.3) 14,914
Warm 82.3 1.3(0.3) 13,414
C-1 Cold 98.7 1.4 (0.5) 14,644
Warm 139.7 1.5 (0.6) 13,373
C-2 Cold 98.1 1.5(0.8) 9,120
Warm 70.5 1.4 (0.4) 5,776
C-3 Cold 123.9 1.4 (0.4) 8,173
Warm 100.7 1.5 (0.6) 7,529
C-4 Cold 165.4 1.4 (0.7) 14,718
Warm 71.6 1.4 (0.4) 12,516
C-5 Cold 118.0 1.5 (0.6) 8,911
Warm 71.0 1.5(0.5) 9,674
C-6 Cold 144.5 1.5(0.4) 16,367
Warm 96.2 1.7 (1.1) 9,690
C-7 Cold 115.6 1.4 (0.4) 15,029
Warm 80.8 1.5(0.5) 12,648
C-8 Cold 110.9 1.4 (0.4) 15,048
Warm 78.0 1.5(0.5) 12,715
C-9 Cold 128.1 1.4 (0.4) 15,320
Warm 96.7 1.4 (0.6) 13,336
(b) Weekdays versus weekends
H Weekday 83.3 1.3(0.3) 20,189
Weekend  79.1 1.4 (0.3) 8,139
C-1 Weekday 139.7 1.4 (0.6) 19,930
Weekend 82.5 1.4 (0.4) 8,087
C-2 Weekday 98.1 1.4 (0.7) 10,584
Weekend  87.7 1.5 (0.5) 4,312
C-3 Weekday 118.4 1.5 (0.5) 11,170
Weekend 123.9 1.5(0.5) 4,532
C-4 Weekday 165.4 1.4 (0.4) 19,420
Weekend 122.7 1.5(0.9) 7,814
C-5 Weekday  99.5 1.5(0.4) 13,260
Weekend 118.0 1.5(0.7) 5,325
C-6 Weekday 144.5 1.6 (0.8) 18,551
Weekend 128.4 1.6 (0.6) 7,506
C-7 Weekday 115.6 1.4 (0.4) 19,827
Weekend 104.2 1.4 (0.5) 7,850
C-8 Weekday 110.9 1.4 (0.4) 19,778
Weekend 87.6 1.5 (0.5) 7,985
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Table 3 (continued)

Location Category Maxi- Maximum/ Sample size
mum background
(ug/m®)  mean (SD)
C-9 Weekday 128.1 1.4 (0.5) 20,470
Weekend 111.9 1.4 (0.5) 8,186
(c) Religious-event days versus typical days
H Religious 67.3 1.3(0.2) 4,179
Typical 83.3 1.3(0.3) 24,149
C-1 Religious 139.7 1.4 (0.6) 4,362
Typical 98.7 1.4 (0.5) 23,655
C-2 Religious  75.0 1.4 (0.3) 2,417
Typical 98.1 1.4 (0.7) 12,479
C-3 Religious 110.8 1.5(0.5) 2,247
Typical 1239 1.5(0.5) 13,455
C-4 Religious 91.9 1.4 (0.3) 4,243
Typical 1654 1.4 (0.6) 22,991
C-5 Religious 118.0 1.5(0.3) 2,702
Typical  112.0 1.5(0.4) 15,883
C-6 Religious 134.1 1.8 (1.3) 4,135
Typical  144.5 1.6 (0.6) 21,922
C-7 Religious  96.6 1.4 (0.4) 4,097
Typical  115.6 1.4 (0.4) 23,580
C-8 Religious  84.1 1.5 (0.5) 4,249
Typical 1109 1.4 (0.4) 23,514
C-9 Religious 106.4 1.4 (0.5) 4,342
Typical  128.1 1.4 (0.5) 24,314

Regarding religious activities, most maximum/
background ratios during religious-event days were
similar to or slightly higher than those on typi-
cal days, with a notable exception at location C-6
(Table 3(c)). The proximity of temples near loca-
tion C-6 substantially influenced PM, s levels,
resulting in significantly elevated concentrations
relative to background levels during religious-event
days. The average maximum/background ratio at
location C-6 was 1.8 for PM, 5 on religious-event
days, compared to 1.6 on typical days—both the
highest among all monitored locations. Consist-
ently, the maximum/background ratios at location
C-6 across all three classifications remained higher
than those observed at other locations.

Hot spot identification

Subsequently, we identified PM, 5 hotspots across dif-
ferent classifications. To compare hotspots between
cold and warm seasons, we selected cases at noon
on Mondays—one in each season—carefully cho-
sen to avoid religious-event days and the COVID-19
pandemic period. Figure 2a presents a snapshot of
hourly PM, 5 at noon on January 21, 2019 (cold sea-
son), which is compared with the warm-season case
at noon on September 30, 2019 (Fig. 2b). The spatial
distribution’s color gradient was categorized based
on the observed values in each snapshot to empha-
size PM, s hotspots within the community. The hourly
mean PM, 5 concentration differed markedly between
these cases, measuring 33.0 ug/m® in the cold-sea-
son snapshot and 19.3 pg/m’ in the warm-season
snapshot.

In the cold-season case, locations C-3 (market
and passing vehicle emissions), C-6 (temple and
stop-and-go traffic emissions), and C-9 (temple and
stop-and-go traffic emissions) emerged as hotspots,
with PM, s levels reaching approximately 40 pg/m®.
During the warm-season case, locations C-3 and C-6
remained hotspots, with PM, 5 levels around 30 ug/
m?, while C-9 no longer appeared as a hotspot. These
observations suggest that the distribution of pollution
hotspots within the community can be dynamic and
seasonally variable.

To assess hotspot variations between weekdays
and weekends, we selected two cases for comparison.
Figure 3a, b reveals that the hotspots on Monday and
Saturday within the same week exhibited subtle dif-
ferences. The PM, 5 concentrations on Saturday, with
a mean of 38.8 ug/m>, were substantially higher than
Monday’s mean of 16.8 ug/m®>. On Monday, loca-
tions C-3, C-6, and C-9 were identified as hotspots.
In contrast, Saturday’s pattern showed locations C-6
and C-9 remained hotspots, while C-3 was no longer
prominent. Additionally, location C-7 (characterized
by stop-and-go traffic emissions) emerged as a minor
PM hotspot on Saturday.

Moreover, two cases were selected to evaluate the
hotspots on religious-event days, as opposed to typical
days. The spatial distribution of PM, 5 on the first day
of the 2019 Lunar New Year (Fig. 4a) was compared
with the PM, s distribution 6 weeks later (Fig. 4b). On
the Lunar New Year, PM, 5 levels ranged from 37.5
to 69.3 pg/m>, with a mean of 49.4 ug/m?. Six weeks
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Fig. 2 The spatial distribu- (a)
tions of the hourly mean

PM, 5 concentrations (ug/ N
m?) among the 10 locations A
at a 12:00 on January 21,
2019 (Monday), with an
hourly temperature of 16.7
°C (cold-season case) and
b 12:00 on September 30, Roads
2019 (Monday), with an River
hourly temperature of 29.4 ® Locations
°C (warm-season case) Cold PM, s
9 40.0
250
Max: 41.5 Min:26.8 Mean: 33.0 T s
(b)
N
.
. Roads
River
= ® [ocations
Warm_PM; s
T 30.0
I 100
Max: 313 Min: 12.0 Mean: 193 T

later, levels ranged from 23.3 to 41.2 pg/m?, with a
mean of 29.6 ug/m®. The worshipping traditions and
fireworks associated with the Lunar New Year visibly
elevated PM, 5 levels across the entire community.
In terms of hotspot analysis, locations C-6 and C-9,
both situated near temples, remained hotspots in both
cases. Location C-7 showed slightly elevated PM, 5
levels on religious-event days, whereas location C-3
emerged as a hotspot on typical days.
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Based on the above hotspot analysis, location C-6,
near a religious center, was predominantly identified
as a hotspot regardless of different classifications; the
nearby temple attracts both local residents and tour-
ists engaging in incense and paper money burning—
a practice that substantially contributes to PM, s
pollution. Locations C-3 (market and passing vehi-
cle emissions), C-7 (stop-and-go traffic emissions),
and C-9 (temple and stop-and-go traffic emissions)
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Fig. 3 The spatial distribu- (a)
tions of the hourly mean
PM, 5 concentrations (ug/
m?) at a 12:00 on August
6, 2018 (Monday) and b
12:00 on August 11, 2018
(Saturday)

N

A

Roads
River
® [ocations
Mon_PM, 5
™ 200

15,0

Max: 20.0 Min: 15.2 Mean: 16.8 —— e

(b)

0 75 150 300

were also identified as PM, 5 hotspots in the selected
cases. Nevertheless, the intensity of nearby emission
sources appeared to fluctuate over time, resulting in
these locations not consistently qualified as hotspots.
In summary, our spatial distribution analyses
unveiled PM, s hotspots across various classifica-
tions, revealing the dynamic nature of PM, s emis-
sion sources. The findings highlight the variability
in PM, 5 distribution across different locations and

C-9 A

.
C-7 Roads
River
® [ocations
Sat_PMzAs
9 50.0

M 300

Max: 50.4 Min: 30.0 Mean: 38.8 e — MtS

0 75 150 300

underscore the critical role of local emission sources,
such as temples and markets, in understanding com-
munity-level PM, 5 exposure.

Source contributions
The determinants of the hourly PM,s levels at

the street level over the studied 3.5-year monitor-
ing period were evaluated using regression analysis
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Fig. 4 The spatial distribu-
tions of the hourly mean
PM, 5 concentrations
(ug/m.%) at a 12:00 on Feb-
ruary 5, 2019 (Lunar New
Year’s Day, Tuesday) and b
12:00 on March 19, 2019 (6
weeks later, Tuesday)

Max: 69.3 Min: 37.5 Mean: 49.4

(b)
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River
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Typical_PM, 5
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Max: 41.2 Min: 23.3 Mean: 29.6

(Table 4). Religious events emerged as the most sig-
nificant factor influencing community PM, 5 concen-
trations, aligning with the hotspot analysis that con-
sistently identified the location near a famous temple
(C-6) as a prominent hotspot. The estimated incre-
mental hourly contribution from religious events was
2.05 pg/m>. Traditional practices of burning incense
and paper money at temples and homes during major
lunar festivals, as well as on the Ist and 15th days
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— w— V] ctCTS
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of lunar months, statistically significantly elevated
street-level PM, 5 concentrations within the commu-
nity. Vendors ranked as the second most influential
source, contributing approximately 0.30 pg/m’ to
hourly PM, 5 levels.

Meteorological factors played a significant role in
determining PM concentrations within the studied
community, with relative humidity, wind speed, and
wind direction emerging as key factors. As expected,
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Tgble 4 The cqefﬁcient Parameter Coefficient esti- Standard error p-value
estimates of various mate (ug/m?)
determinants on hourly
PM, 5 levels within the Intercept ~0.86 0.15 <0.001
f}tl‘édrf;ﬁﬁg:l“‘ﬁgo;me High-level site 1.06 0.00 <0.001
locations as a whole (adj. Relative humidity 0.06 0.00 < 0.001
R*=0.682, n=197,703) Wind speed -0.32 0.02 < 0.001
Wind direction East 0.22 0.02 < 0.001
West 0.06 0.02 0.001
South 0.33 0.03 < 0.001
Traffic Passing 0.02 0.04 0.615
Stop-and-go 0.16 0.04 < 0.001
Feature School 0.15 0.06 0.009
Vendors 0.30 0.06 < 0.001
Market —0.05 0.09 0.564
Religious event 2.05 0.18 < 0.001
Weekend 0.05 0.05 0.307
Pandemic shutdown —-9.11 0.38 < 0.001

higher relative humidity was associated with
increased PM, 5 levels, given that water droplets are
classified as aerosols by definition. In contrast, higher
wind speeds correlated with lower PM concentra-
tions. Wind direction analysis indicated that eastern,
western, and southern winds led to slightly elevated
PM, s levels compared to northern winds.

Moreover, government-imposed lockdown meas-
ures during the COVID-19 pandemic restricted public
activities, leading to a reduction in PM, 5 concentra-
tions by 9.11 pg/m? within the community (Table 4).
Regression analysis for individual locations further
highlights spatial variations across different locations
(Table 5). The impact of COVID-19 on PM, 5 reduc-
tions ranged from 10.7 to 15.2 pg/m>, indicating an
even greater decrease than the main model suggested.
These reductions exceed those previously reported for
ambient PM, 5 levels. Prior studies found that PM, s
concentrations declined from 18.0 6.1 to 15.0 £7.0
ug/m?® based on data from 69 Taiwan EPA monitor-
ing stations across the island (Latif et al., 2024; Wong
et al., 2022).

Certain variables that are not statistically sig-
nificant in the main model become statistically sig-
nificant at certain locations (Table 5). For example,
the traffic emissions of passing vehicles contribute
statistically significantly to locations C-1, C-3, and
C-4, ranging from approximately 0.26 to 0.64 ug/

m?. The contribution of vendors to C-5 is 0.46 pg/
m®, which is slightly higher than the estimate in
the main model. The most surprising results are
the coefficient estimates for religious events, which
range 2.86 to 6.07 pg/m’ for all locations, higher
than the estimate of the main model. C-6, near a
temple, have the highest contribution. Due to con-
cerns about collinearity, the variable “temple” was
removed from the model. However, the contribution
of burning incenses and paper money is shown in
the variable of the religious event.

In comparison to short-term monitoring (Lung
et al., 2020a), our long-term monitoring shows
fewer significant contributing pollution sources
in the main model. This difference stems from the
smoothing effect of extended observations, which
reduces the impact of isolated high-pollution
events. In contrast, short-term monitoring typically
emphasizes specific high-pollution incidents, poten-
tially overestimating source contributions and intro-
ducing biases when extrapolating these results as
representative exposure levels for local residents in
environmental epidemiology. Long-term monitor-
ing provides more representative exposure assess-
ments, offering crucial insights into community air
quality trends and identifying persistent sources of
PM pollution that continually influence local envi-
ronmental conditions.
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Table 5 The coefficient estimates of various determinants on hourly PM, 5 levels within the studied community for the models for

individual locations

Location Traffic Feature Religious event Weekend Pandemic shutdown
Passing Stop-and-go School Vendors Market

C-1 0.37%** & 0.20%* - 4.03%%** 0.06 — 13.9%%*
C-2 0.12 - - - - 3.39%* 0.02 — 10.7#%*
C-3 0.64%%*  — - - -0.17 4,84 0.20 NA®

C-4 0.26* - - - - 2.86%** 0.03 — 13.6%%*
C-5 0.29 - - 0.46%** 5.47H%% 0.59%* — 14.7#%*
C-6 - 0.53%* - - - 6.07%** 0.26 NA®

C-7 - 0.36%* - -0.02 - 3.37%%* —0.06 — 13.7%%*
C-8 - 0.55%%** - - - 4.55%** 0.01 — 13.9%%*
C-9 - 0.21 - - - 4.55%%* 0.32 — 15.2%%*

**%: p<0.001; ¥*: 0.001 <p< 0.01; *: 0.01 <p< 0.05
“No such a source at that location

bSensor not in use during that period

Overall discussion

LCS development has increasingly sparked interest
in community air quality monitoring, as summarized
in Table S2. Previous studies’ monitoring durations
ranged from several days to a year, with one notable
exception—a 3-year study in Greece by Kosmopou-
los et al. (2022). In that study, 16 LCS sets monitored
urban air quality, revealing distinct pollution source
variations between warm and cold seasons. Our cur-
rent study, which conducted street-level community
monitoring over three and a half years, represents the
longest monitoring period among comparable exist-
ing studies. Earlier campaigns lacked sufficient sam-
ple sizes to comprehensively assess PM, s level varia-
tions across seasons, weekdays versus weekends, and
religious events versus typical days. Our extended
monitoring approach offers an unprecedented oppor-
tunity to comprehensively evaluate temporal trends,
identify pollution hotspots, and assess contributions
from various sources to community PM, s levels. The
resulting scientifically valid conclusions can be drawn
with greater confidence. Moreover, these extensive
monitoring observations offer valuable insights for
environmental epidemiological studies, enabling
more accurate health impact assessments without
the risk of overestimation. Our work demonstrates
that research-grade AS-LUNG-O sets can effectively
complement traditional monitoring stations of the
authorities. Given that LCS sets represent a relatively
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affordable monitoring tool, strategically deployed
LCS networks can assess long-term PM, 5 concentra-
tions in polluted or underserved neighborhoods.
Examining concentration levels from literature,
most studied communities reported PM, 5 levels
below 30 pg/m® (Table S2). Some studies are with
PM, s levels above 30 ug/m>. For example, daily
PM, 5 levels were observed during the heating sea-
son in Italy (Gualtieri et al., 2024), with PM, 5 con-
centrations up to 60 pg/m’. Daily PM, s levels were
up to 80 ug/m® in Bandung, Indonesia, due to traffic
and intensive industrial activities (Kurniawati et al.,
2025). Another example is India, where mean levels
ranged from 28 to 137 pg/m? due to the influence of
the monsoon climate, which facilitates the transport
of dry dust particles from arid regions (Chaudhry
et al., 2024; Zheng et al., 2018). Similar to those stud-
ies, our community experiences transported pollution
during cold seasons, though our long-term average
PM, 5 levels across ten locations remained below 35
pg/m? (i.e., 24-h PM,  standard in Taiwan, Fig. 1a).
In general, the PM, 5 concentrations recorded during
our 3.5-year monitoring period were within the range
reported in earlier studies, as detailed in Table S2.
Existing literature highlights diverse PM, s sources
across different communities. Some studies have
identified heavy industrial activities (Tseng et al.,
2021; Zheng et al., 2018) or coal-fired power plants
(Kim et al., 2025) as primary contributors to urban
PM, s levels, while others noted biomass burning for



Environ Monit Assess (2025) 197:653

Page 150f 19 653

residential heating during winter months as a major
source of organic aerosols in regions like Patras,
Greece (Kosmopoulos et al., 2022). Religious prac-
tices have also emerged as significant PM, 5 contribu-
tors in multiple studies (Lee et al., 2024; Lung et al.,
2020a). Consistent with these findings, our study
identified traffic, religious practices (specifically
incense and paper money burning), and vendors as
key sources contributing to PM, 5 levels in the studied
community.

The advantage of using green energy (solar pan-
els) as the power supply for the AS-LUNG-O is that
it provides the flexibility of setting up sensors in
any place with sunshine with much lower operation
expenses than traditional monitoring stations, which
even require air-conditioning rooms. Our 3.5-year
long-term monitoring largely confirmed the commu-
nity sources identified in earlier analyses focused on
month-long observations in summer and winter 2017,
though source contribution estimations showed vari-
ations. The large sample size obtained in long-term
monitoring offers more representative measurements
for residents’ actual PM exposure at the street level.
On the other hand, AS-LUNG-O requires regular
maintenance, including cleaning, replacing malfunc-
tioning sensors, and checking the time settings; thus,
it still requires manpower and resources for operation.

Numerically, the incremental increase of 2.86-6.07
ug/m? attributed to religious events may appear small;
however, its potential health impacts remain a con-
cern. These findings show that religious events have
statistically significant impacts on the whole commu-
nity, not just in the surrounding of the temples. And
repeated exposure to the enhanced PM, 5 levels twice
every month plus several important culture festivals
may lead to health concerns. Our previous works
showed that healthy adults had reduced heart rate var-
iability (HRV) immediately right after PM, 5 expo-
sure (Lung et al., 2020b), and reduced HRV was asso-
ciated with an increased risk of myocardial infarction
(Sinnreich et al., 1998). It was found that an increase
of 10 ug/m® in PM, s was statistically significantly
associated with reduced 3.44% (CI =2.86-4.01%)
of the SD of normal-to-normal intervals (SDNN) of
heart rates in 36 non-smoking healthy subjects aged
20-65 in Taiwan in 2017-2018, in the concentration
ranges of 12.6 +8.9 ug/m> which was below the 24-h
PM, ; standard in Taiwan (35 ug/m®). In other words,
even in such low PM, 5 levels, immediate changes in

the HRV of the subjects were evident. In this work, a
6.07 pg/m? increase in PM, 5 at C-6 may result in a
2.1% reduction of the SDNN, according to our previ-
ous findings. Moreover, these AS-LUNG-O measure-
ments were taken 3—-5 m from the temple; the PM, 5
exposure levels inside the temple would be much
higher than those measurements. Long-term com-
munity monitoring can pinpoint those community
sources that should be the targets of control strategies.

The AS-LUNG-O set at C-6 is the one without re-
calibration over the 3.5 years. TMOE station is 800
m away from C-6. The correlation of their measure-
ments is 0.86, ranked 4th among these ten locations
(Table 2). Moreover, the R” values and slopes of the
regression with the TMOE observations (Table S2)
and the PM, 5 winter maximums from 2017 to 2020
did not show signs of a decreasing trend. Further-
more, based on the individual-location models, C-6 is
still identified as the one with the highest contribution
of religious activity. This shows that even without
calibration, the AS-LUNG-O set still provides a good
indication of the PM, 5 levels in the community and
demonstrates its ability to quantify the contribution
of the surrounding sources. These results demonstrate
the stability of the sensors used. The regular cleaning
at intervals of 1 or 2 months also helps in maintain-
ing the data quality. The fact that this sensor is not
re-calibrated may increase the variability of the meas-
urements; nevertheless, the advantage of the sample
size outweighs the disadvantage, especially in the sta-
tistical analysis. This has important implications for
resource-limited research groups which may not have
the manpower and resources to conduct annual or
even biennial calibration for a LCS network.

There are some limitations of this study. With
long-term monitoring, the activities of all sources
cannot be recorded in as much detail as they can for
intensive monitoring over periods of several days or
months. At the start of the monitoring period, our
team spent over a month in the community during
both summer and winter (Lung et al., 2020a). During
these periods, we conducted daily observations, walk-
ing through the community more than three times per
day to document activities in the surroundings. Our
observations revealed that most activities followed
routine patterns, except accidental events. Beyond
these two intensive monitoring periods, we revis-
ited the monitoring locations every 1 to 2 months.
The active periods for all sources included in the
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regression analysis were determined based on these
records. We have confidence that the activity times
we used in the model were mostly correct. However,
we cannot take into account the accidents, which are
out of the scope of the current study. This may have
increased the variability of the coefficient estima-
tions, but it does not affect the validity of our results.
Additionally, the inherent higher variability in the
data obtained from LCSs was a concern; this may
result in higher standard errors in the estimates of the
regression analysis. Nevertheless, the advantage of a
large sample size offsets this impact.

Conclusions

In this study, a network of the calibrated LCSs (AS-
LUNG-O) was deployed along community streets for
long-term monitoring, capturing PM, 5 observations
with a sample size sufficient to evaluate long-term
trends, hotspots, and PM, s variations across differ-
ent classifications. The extended monitoring approach
enabled the detection of high PM, 5 levels from unex-
pected or irregular events—insights unattainable
through short-term campaigns. We comprehensively
evaluated temporospatial PM, s variations within the
community and quantified primary sources of PM, s
exposure at the street level. Our findings reveal that
both meteorological factors and religious events sta-
tistically significantly influenced PM,s concentra-
tions. The COVID-19 lockdown period demonstrated
a notable decrease in PM, 5 concentrations.

The study underscores the potential of research-
grade LCS networks in community monitoring.
Their cost-effectiveness, operational simplicity, and
fine temporospatial resolution empower governmen-
tal agencies and citizen groups to assess community
PM, 5 levels and identify emission sources. This
forward-looking approach of integrating advanced
sensor technologies into community-scale air qual-
ity monitoring can provide the authorities with the
evidence for community source controls. Moreover,
long-term street-level observations provide represent-
ative exposure levels crucial for environmental epi-
demiological studies assessing the long-term health
impacts of PM, ;. The methodology demonstrated
here offers a transferable framework for PM, 5 stud-
ies in other countries to facilitate community PM, s
monitoring for the benefit of public health.
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