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Abstract

Low-cost sensors have demonstrated their advances in acquiring hyper-localized data
compared to traditional, high-maintenance air quality monitoring stations. The study aims
to leverage the mobility of participants equipped with low-cost wearable monitors (LWMs)
by comparing their exposure to particulate matter (PM) across indoor-home, outdoor-
walking, and hybrid-commuting micro-environments. The LWMs would be calibrated
first through field co-location and the multiple linear regression models. The coefficient of
determination (R2) of PM1.0 and PM2.5 increased to over 0.85 after calibration, along with
the reduced root mean square error of 2.25 and 3.46 µg/m3, respectively. The 26-day PM
data collection with geographic locations could identify individual exposure patterns, local
source contributions, and hotspot maps. Commuting constituted a small fraction of daily
time (4–8%) but contributed a disproportionate impact, accounting for 11% of individual
PM exposure. Indoor-home PM2.5 exposure varied significantly among the urban districts.
Based on the PM2.5 hotspot map, the elevated concentration was mainly concentrated in
dense residential areas and historical industrial areas, as well as interchanges of major roads
and the highway system. LWMs acting as non-regulatory instruments can complement
monitoring stations to provide missing short-term and hyper-localized air pollution data.
Future studies should integrate long-term monitoring and citizen science across seasons
and geographical regions to address pollutant spatiotemporal variability for building and
city sustainability.

Keywords: air pollution; indoor air quality; exposure; particulate matter; low-cost sensor;
wearable sensor; citizen science; optical particle counter

1. Introduction
Particulate matter (PM) significantly affects human health, especially in the respiratory

and cardiovascular systems [1,2]. Based on the recent report by the European Environmen-
tal Agency [3], over 95% of urban populations are exposed to highly delicate particulate
matter, exceeding the annual average value (5 µg/m3) recommended by the World Health
Organization (WHO) [4]. Personal exposure and health burden assessment is commonly
evaluated from the particle mass concentration in different size fractions [5], like PM1.0,
PM2.5, and PM10. The PM2.5 (fine particles) and PM1.0 (ultrafine particles) predominantly
originate from combustion-related processes, including vehicular emissions and biomass
burning [6,7]. The fine particles pose significant health risks as they can penetrate the lungs,
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veins, and circulatory system [8]. Therefore, accurately monitoring the concentration of
fine particles in indoor and outdoor environments is critical for mitigating human exposure
and safeguarding public health [9,10].

The currently widely used air quality monitoring stations mainly rely on the Federal
Reference Method (FRM) and Federal Equivalent Method (FEM) techniques [11], which are
capable of measuring changes in ambient PM concentration continuously and simultane-
ously. However, this monitoring instrument is quite expensive and large to move, which
makes it less likely for the individual to monitor their living and working environments [12].
For example, Hong Kong is one of the most densely populated cities, with only eighteen
fixed monitoring stations. Each station generally covers 100,000 to 600,000 residents to
provide evidence for developing management and control policies. The recent development
of technology in low-cost sensors can create revolutionary changes in the monitoring strate-
gies [13]. The compact size, cost efficiency, low-energy consumption, and easy deployment
characteristics have promoted its application for the automated air quality monitoring
and IoT devices [14,15]. Integrating low-cost sensors and citizen science can encourage
the general public to manage their local environments, detect primary pollution sources,
and develop countermeasures. Examples include black carbon, PM, and total volatile
organic compounds (TVOC) measurements performed by low-cost sensors mounted on
bikes [16], tram-based mobile sensors in Zurich [17], taxi-based networks in Shanghai [18],
etc. However, the deployment of low-cost sensors in regulatory measurement involves cali-
bration and performance analysis, due to the sensitivity to meteorological variables [19,20].
Hofman et al. [21] indicated that the accuracy of low-cost sensors worsened by applying
laboratory calibration, but was optimized further based on field calibration. Therefore, the
deployment of low-cost sensors should be calibrated and co-located first with the reference
instrument in representative environments. The calibrated hyper-localized pollution data
can further provide evidence for implementing environmental policies at the community
level, achieving urban sustainability.

Regulating indoor air quality (IAQ) presents unique complexities compared to outdoor
environments [22], compounded by several interrelated challenges. A primary barrier is the
lack of cost-effective monitors capable of deployment across diverse indoor spaces and human
micro-environments. Traditional monitoring instruments such as FRM and FEM are pretty
expensive and technically complex, rendering them ill-suited for hybrid monitoring across
indoor and outdoor environments. Second, the vast majority of low-cost sensor applications
are dedicated to the outdoor air monitoring networks. The potential can be further extended
to short-term exposure events and occupational exposure monitoring [23,24]. A recent USA
survey indicated that only a few low-cost and wearable air quality monitors are available on
the market [12]. Scientifically sound investigations are yet to capture hyper-local pollution
gradients influenced by traffic emissions, human activities, and indoor–outdoor transitions.
Therefore, integrating LWMs and citizen science can offer a promising alternative for tracking
short-term exposure events in different city environments.

Here, the case of Hong Kong for 26-day tracking was adopted with geographic loca-
tions, ambient environmental conditions, and PM concentrations. Participants will carry
the LWMs daily to monitor air quality in their micro-environments and short-term expo-
sure events. The interplay between human mobility, micro-environments, and personal
exposure can be further elucidated by integrating global positioning system (GPS) data
with continuous logging of particulate matter (PM1.0, PM2.5, PM10). This study aims to
evaluate the performance of LWMs for monitoring PM concentrations in different micro-
environments and to assess their reliability in capturing spatial and temporal variations in
air quality across heterogeneous urban areas. The LWMs were first calibrated to enhance
their accuracy through the field co-location with a reference instrument. The personal PM
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exposure characteristics were compared in different micro-environments: indoor-home,
outdoor-walking, and hybrid-commuting. The PM concentration hotspot map over the
sampling area was output by combining the environmental and geospatial information.
This paper comprehensively evaluates LWMs for hyper-localized air quality monitoring
and provides insights into integrating citizen participation to improve spatial coverage.

2. Materials and Methods
2.1. Wearable Strategies

The present study utilizes the Atmotube Pro as LWMs to measure ambient air quality
continuously. The cost of an Atmotube Pro was USD 200, and a sensor costing less than
USD 1000 can be regarded as a low-cost sensor [25]. The dimension of the LWM is around
8.6 cm × 5 cm × 2.2 cm, and the weight is only 104 g. As presented in Figure 1, the LWM
was placed on the upper half of the human chest near the breathing zone region [26]. Table 1
illustrates the measurement and sensor characteristics. Based on the laser light-scattering
principle, the sensor would calculate particle mass and number density within its measure-
ment chamber. The PM1.0 and PM2.5 are measured directly, while the PM10 concentration
is measured indirectly based on calculations and particle distribution profiles [27]. The
ambient temperature, relative humidity (RH), and barometric pressure can be simultane-
ously captured. This monitor has been widely adopted in diverse scenarios, demonstrating
moderate correlation and high precision in prior studies [28,29]. The integration with
smartphones via Bluetooth can provide real-time GPS. Data acquisition supports offline
storage and automated upload to cloud-based APIs for further analysis.

Figure 1. Schematic diagram of LWMs and wearing strategy for mobile data collection in the red
dotted box.

Table 1. Measurement and sensor characteristics.

Sensor Parameter Range Accuracy

Bosch BME280 Temperature −40 to 85 ◦C ±0.5 ◦C
Bosch BME280 Humidity 0 to 100% ±3% RH
Bosch BME280 Pressure 300 to 1100 hPa ±1.7 hPa

Sensirion SPS30 PM1.0, PM2.5, PM10 0 to 1000 µg/m3 0 to 100 ± 10 µg/m3

100 to 1000 ± 10% µg/m3

Sensirion SGPC3 TVOC 0 to 60,000 ppb ±15%

As shown in Figure 2, the research work was conducted in three steps: (a) onsite
calibration; (b) mobile data collection; (c) exposure assessment. All of the LWMs need
to be calibrated first before pollution data is collected. A gravimetrically pre-calibrated
aerosol analyzer (Aerocet 532, MetOne Instruments, Inc., Grants Pass, OR, USA) was
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adopted as the reference for PM measurement. The Aerocet 532 underwent calibration in a
laboratory setting using ideal polystyrene latex spheres, and the measurement accuracy
was maintained within 10% of the laboratory sample. Then, the three LWMs would be co-
located with the reference device in one residential home for four days. The RH fluctuated
in the range of 50–70% during the field measurement and co-location. Each monitor
was set at a 15 cm physical distance to minimize the disturbance of pumped airflow and
ensure the homogeneous distribution of suspended particles. The sampling interval of one
minute is determined by the sensor specifications and environmental dynamics, especially
considering that the 1 min resolution can capture most exposure events [30].

Figure 2. Research flow chart of the present research.

2.2. Data Collection and Measurement

The data collection and measurement were conducted in Hong Kong, a coastal
metropolis in southern China. Hong Kong is one of the most densely populated cities in
the world, with a population of ~7,500,000. Integrating citizen participation to contribute
to building and urban planning, 15 college students were equipped with LWMs for con-
secutive 48 h measurements. As the sampling interval is one minute, the sample size of
43, 200 min of PM data is enough to conduct the pollution mapping [31]. The study could
transform human activities into a dynamic, distributed sampling network by leveraging
participants’ daily mobility. All the participants expressed keen interest in monitoring air
quality in their ambient micro-environments. They were instructed to take the LWMs with
them throughout the day and within 10 feet of their phones to maintain the Bluetooth
connection. Figure 3 presents the spatial distribution of measurements across Hong Kong,
while the data were presented at different scales. The red circles and triangles represent
air quality monitoring stations, with the circles representing roadside stations. The site
selection was based on the land-use diversity and socioeconomic variability, including the
commercial (Mong Kok), industrial (Kwun Tong), transport hubs (Hung Hom), dense resi-
dential (Sham Shui Po), and so on. Most participants resided in urban areas like Kowloon
and Hong Kong Island districts. This research was approved by the Ethics Committee of
the Hong Kong Polytechnic University (HSEARS20250415002).

Missing values would be interpolated from the closest timeslip to maintain data
integrity. Data loss occurred in 4 out of 30 measurements due to user-related errors, such as
Bluetooth disconnections and failure to charge monitors. Therefore, 26-day tracking was
collected in the database, which is constructed by the ambient temperature, RH, PM1.0,
PM2.5, and PM10 concentrations, as well as GPS coordinates. The activity timeline was also
integrated with measurements to categorize the indoor-home, outdoor-walking, and hybrid-
commuting environments. The following semi-structured interview was also conducted
for the detailed cooking and cleaning times. All the data were stripped of identifying
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information and aggregated based on calendar date and time. The PM concentrations
retrieved from the LWMs were plotted using the “ggplot” package in R statistical software
(version 4.4.3; R Foundation for Statistical Computing, Vienna, Austria).

 

Figure 3. Spatial distribution of the LWM measurement (blue point) in Hong Kong and corresponding
air quality stations in red triangles. Red circles refer to the roadside stations.

3. Results
3.1. Calibration and Performance Analysis

Statistical analysis was conducted to assess the precision and accuracy of the LWMs.
Precision represents the stability of PM concentration measurement across the three de-
ployed LWMs, while accuracy refers to the deviation between LWM-recorded data and
reference measurements. Raw data would be organized in a dedicated database, removing
outliers exceeding the 99th percentile to ensure data quality. The Kolmogorov–Smirnov
test revealed the non-normality in the data distribution, prompting the non-parametric
Mann–Whitney U test to evaluate differences between measurements. As advertised by
the United States Environmental Protection Agency (EPA) air sensor guidebook [32], the
coefficient of determination (R2) and the root mean square error (RMSE) were evaluated in
the present study.

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (1)

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2 (2)

where ŷ and y refers to the sensor and reference data. The recommended R2 should exceed
0.70, and the targeted RMSE should be smaller than 7 µg/m3 [33].

All the LWMs with the standard deviation below 1.5 µg/m3 met the acceptability
threshold outlined in the USEPA guidelines. The PM concentration traces were close
and overlapping, and the difference among the LWMs was near zero. The measurement
performance corresponded to the manufacturer’s documented accuracy, confirming the
suitability for regression analysis and personal exposure assessment. Previous studies
indicated that the multiple linear regression (MLR) model improved the accuracy of raw
PM data and extracted pollutant sources [34–36]. Therefore, an MLR model (Equation (3))
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was implemented to calibrate the PM data recorded by the LWMs, incorporating the RH
values [37]. The calibration equation was formulated as follows:

[Calibrated PMx] = α1 × rawPMx + α2 × RH + β (3)

where α1 and α2 indicate the coefficients of the raw PM data and RH, respectively. β is
the intercept of the model. The measurement uncertainty used a single-measurement
uncertainty analysis [25] and MLR models. The uncertainty values for PM1.0 and PM2.5

measurements were 8.02 µg/m3 and 12.56 µg/m3, respectively.
Emerging evidence indicates that the low-cost sensors were only reliable for PM1.0 and

PM2.5 quantification but exhibited limited precision for coarse particle measurements [38].
Therefore, the following field calibration focused on the fine particles, PM1.0 and PM2.5.
As for the PM1.0, the mean values for the raw and reference data are 13.36 µg/m3 and
22.57 µg/m3, respectively. The raw data recorded by the LWMs underestimated the mass
concentration by 40.8% with an RMSE of 2.53 µg/m3 and R2 of 0.80. From the scatter plot
in Figure 4, the impact of RH on the particle mass concentration can be directly noticed.
The validation metrics, including RMSE and R2, were adopted to evaluate the performance
of LWMs. RH as a calibration variable (Equation (4)) can significantly improve the model
performance, reducing RMSE from 2.53 µg/m3 to 2.25 µg/m3 and increasing R2 to 0.88.
These parameters reflect the enhanced accuracy of the calibrated model.

[Calibrated PM1.0] = 1.1 × rawPM1.0 + 0.66 × RH + (−33.05) (4)

 

Figure 4. Scatter plot for PM1.0 recorded by LWMs against reference instrument as a function of RH:
(a) raw and (b) calibrated data.

The PM2.5 was then calibrated using a similar equation (Equation (5) and Figure 5),
with the reduction in RMSE from 3.88 µg/m3 to 3.46 µg/m3. The R2 has been improved
from 0.82 to 0.85. Table 2 presents the calibration results of MLR with accuracy and
parameter values. The results were in line with previous FEM field tests by the South Coast
Air Quality Management District [39].

[Calibrated PM2.5] = 2.17 × rawPM2.5 + 0.64 × RH + (−34.74) (5)

  

Figure 5. Scatter plot for PM2.5 recorded by LWMs against reference instrument as a function of RH:
(b) raw and (b) calibrated data.
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Table 2. Calibration results of MLR model.

MLR
Model

Accuracy/Performance Parameter Values

R2 RMSE α1 α2 β

PM1.0 0.88 2.25 µg/m3 1.1 0.66 −33.05
PM2.5 0.85 3.46 µg/m3 2.17 0.64 −34.74

3.2. PM Exposure Patterns in Different Environments

Figure 6 depicts the distribution characteristics of PM1.0 and PM2.5 exposure concen-
trations across three distinct micro-environments: indoor-home, outdoor-walking, and
hybrid-commuting. The ridgeline plot was generated using kernel density estimation [40],
and the higher curve referred to the higher occurrence probability. The daily averaged
PM2.5 concentration fluctuated between 12 and 64 µg/m3 among the 26-day measurements.
The median PM1.0 and PM2.5 exposure concentration (denoted by black dashed lines) were
13.2 µg/m3 and 23.6 µg/m3, respectively. It fulfils the US EPA 24 h air quality standard
of 35 µg/m3. However, around 88.5% of the participation measurements exceeded the
WHO 24 h guideline of 15 µg/m3. The hybrid-commuting exhibited a narrower, higher
concentration distribution (22–33 µg/m3) compared to indoor and outdoor scenarios. The
disparity of PM concentrations between subway stations and outdoor road environments
may be captured by LWMs as transient peaks during environmental transitions, forming
the high-density regions in the concentration distribution. The phenomenon is generally
regarded as a short-term exposure event [41,42], indicating that the steady state is not
reached before the end of the events. In the present study, commuting generally accounts
for around 4–8% of human daily time. One participant’s commuting accounted for 5.5% of
his daily time but contributed 11% of his daily PM exposure. The finding aligned with
previous investigations [43,44], highlighting the disproportionate impact of transit-related
air pollution on individual exposure profiles.

Figure 6. Ridgeline plot of the daily average PM exposure concentration in indoor-home, outdoor-
walking, and hybrid-commuting micro-environments: black dashed lines indicating the median
concentration values.

3.3. Spatial Heterogeneity and Source Contribution

Personal exposure to PM is significantly related to their indoor residential environ-
ments and pollution sources [45,46]. Participants in this study spent around 65–80% of their
time in residential settings, while the PM2.5 exposure accounted for 42–91% of total personal
exposure. Figure 7a presents the box plot chart reporting the indoor PM2.5 concentrations
across Hong Kong districts, revealing significant regional diversities. The prevailing south-
easterly winds may also influence the urban air quality during the measurement period.
The highest PM2.5 concentration was observed in the Western District, with the mean value
of 67.7 µg/m3 in Tai Kok Tsui and 74.1 µg/m3 in Cheung Sha Wan. In comparison, the



Buildings 2025, 15, 3131 8 of 14

Middle and Eastern District presented a much lower PM2.5 concentration, fluctuating in
the range of 13–34 µg/m3. The prevailing south-easterly winds may also influence the
urban air quality during the measurement period [47,48]. In the Eastern District, the PM2.5

concentration in Kwun Tong was much higher than in Sai Wan Ho and Ma On Shan during
the same measurement period. The dense residents, high-intensity vehicular traffic, and
industrial activity are the possible contributing factors [49]. Similar phenomena were also
noticed in the Hong Kong roadside investigation about the land-use characteristics [50].

Figure 7. The box plot chart reporting the spatial heterogeneity of residential PM concentration in
different districts of Hong Kong: (a) the PM2.5 concentration distribution; (b) PM1.0/ PM2.5 ratios for
source contribution analysis.

Figure 7b illustrates the PM1.0 and PM2.5 concentration ratio, which can help identify
the source contribution characteristics. The ratio below 0.5 indicates that PM2.5 was primar-
ily sourced from the resuspended dust or natural sources. A higher ratio of PM1.0/PM2.5

(> 0.8) represented a higher fraction of fine particles than the coarse ones, sourced from
combustion processes (e.g., vehicular emissions). Most measurement sites presented a
higher ratio (> 0.8), except the Ma On Shan region. Based on the following semi-structured
interview, indoor cooking and traffic emissions were identified as primary PM sources in
these high-exposure areas. The lower ratio presented in Ma On Shan can be accounted for
by the combination of geographical (sea breezes) and environmental conditions (limited
industrial footprint). The study demonstrates the utility of LWMs in understanding the
local PM source characteristics, which can help develop evidence-based guidelines for
reducing personal exposure to air pollution.

3.4. Hotspot Map and Environmental Justice

Figure 8 illustrates the hotspot map of PM2.5 concentration across Hong Kong’s differ-
ent districts, and the map is determined based on the calibrated PM2.5 concentration, GPS
data, and open-source software QGIS (version 3.40.7; QGIS Development Team, Zurich,
Switzerland). The spatially diverse distribution indicates that the elevated concentration
was mainly present in the dense residential (Sham Shui Po), historical industrial (Kwun
Tong) areas, major roads, and interchanges. In addition, the meteorological (prevailing
southeast wind in spring) and topographic conditions may also disrupt airflow and prolong
high PM exposure periods [51]. A computational fluid dynamics simulation has also high-
lighted the reduced wind speeds and stagnated pollutants in these areas [52,53]. The spatial
disparity may also indicate environmental justice concerns and socioeconomic vulnerabili-
ties. Public health records indicate that the aging population and higher rates of respiratory
diseases in the Sham Shui Po district amplify susceptibility to pollution [54]. In comparison,
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the good air quality in Ma On Shan benefits from newer urban planning frameworks, which
have stricter emission controls and residential segregation from industrial clusters.

Figure 8. Hotspot map of calibrated PM2.5 concentration in different districts of Hong Kong.

4. Discussion
Global warming, urbanization, and fossil fuel energy consumption have exacerbated

air pollution and introduced severe public health issues [55,56]. Accurate and effective air
quality monitoring is critical for safeguarding public health. Compared with the traditional
and high-maintenance air quality stations, the LWMs have demonstrated their advances
in acquiring hyper-localized and high-resolution data. The low-cost sensors require less
infrastructure and expertise to deploy [57], which can help to achieve citizen science and
geographic coverage. However, deploying low-cost sensors in regulatory measurement
involves calibration and performance analysis, especially for their time drift effect and
high sensitivity to ambient conditions. Hassani et al. [15] performed the uncertainty
quantification analysis of mobile low-cost PM sensors in a Norwegian city, and indicated the
necessity of onsite calibration. In addition, the measurement and identification technology
(Mie theory) can also lead to different responses to the particle size distribution patterns
or particle compositions [58]. Particles in the real world are a heterogeneous mixture
of various particle sizes, shapes, refractive indices, and densities, especially for human
activities like cooking or candle burning. When the hygroscopic particles are presented in
high-humidity environments, they can uptake water and produce a misleading particle
size [59]. The employment of LWMs in medical environments should cooperate with the
aerodynamic particle sizer, high-speed cameras [60,61], and numerical simulations [62].
Therefore, the present study employed the field co-location in a representative residential
environment to calibrate the LWMs. The results indicate the highest performance for the
PM1.0, followed by the PM2.5. The linear regression of PM1.0 indicates good agreement
with an R2 of 0.88 and an RMSE of 2.25 µg/m3. The R2 and RMSE for PM2.5 were 0.85
and 3.36 µg/m3, respectively. The results are in line with previous FEM field tests and
Grimm measurements [39], where the R2 ranged from 0.79 to 0.93. Atmotube Pro has also
been widely adopted to monitor air pollution [29,63,64]. As for human exposure patterns,
commuting, representing only 5.5% of daily time, contributed disproportionately to total
PM exposure (11%). Similar phenomena were also noticed in previous studies [43,44],
highlighting the disproportionate impact of transit-related air pollution on individual
exposure profiles. Overall, the calibration process can significantly enhance the reliability
of LWM-derived data [21,65], thereby strengthening the validity of spatial distribution and
source identification in subsequent analyses.
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Sampling every location continuously throughout a given geographic area is also an
unattainable goal. To address this gap, this study leveraged the mobility of human partici-
pants equipped with LWMs, effectively transforming routine activities into a distributed
sampling network. By aggregating the spatially diverse measurements over 26 days, it was
possible to approximate localized air pollution patterns. The methodology demonstrated
that citizen-participated sampling can complement traditional monitoring stations, offering
a cost-effective way to map hyper-local pollution gradients. The calibration model of PM
concentrations can be transferred to other tropical cities, especially for ambient RH larger
than 50%. Re-calibration against local reference instruments can further improve accuracy.
The wearing strategy of LWMs on the upper half of the human chest is also recommended,
and the sampling location is close to the human breathing zone. The method can provide
a basis for the accurate exposure assessment. Through mapping the PM2.5 concentration
with the environmental and geospatial data, the residents living in the Sham Shui Po
and Kwun Tong areas would be exposed to elevated concentrations. The phenomenon
may be accounted for by the proximity to primary pollution sources (industrial activity
and traffic emissions), extensive population density, and meteorological trapping. The
higher ratio of PM1.0/PM2.5 in Figure 7b and semi-structured interview also indicated the
primary particle sources from the traffic and combustion emissions. Sham Shui Po has
Hong Kong’s highest population density [66], with plenty of residents living in subdivided
units near street-level pollution sources [67]. The mixed-use zoning in Kwun Tong also
placed residential areas adjacent to industrial sites. The spatial disparity may also indicate
environmental justice concerns and socioeconomic vulnerabilities. The results highlight
the necessity of developing prioritized interventions for these regions.

Previous study compared the Aerocet and a Haz–Dust EPAM–5000 particulate mon-
itor (gravimetric technique) [68]. The agreement of PM concentration between the two
instruments was over 79%, which was deemed satisfactory. The PM data recorded by the
Hong Kong air quality stations were in 1 h resolution [69], and only the qualitative com-
parisons were conducted on PM2.5 fluctuation ranges (25.2–36.1 µg/m3). The calibration
focused on residential settings mainly because humans spend around 80% of their time
indoors [70]. However, the sensor calibration across outdoor and transportation settings
would enhance the generalizability. Incorporating temperature, atmospheric pressure,
and temporal drift in the regression model should also be tested [71], especially using
cross-validation or an independent dataset. Future work will include the co-location of
LWMs and Aerocet with other government air quality stations to assess agreement and
further reduce measurement uncertainty. The PM1.0/PM2.5 ratios and semi-structured
interviews were adopted to identify the pollution sources and the detailed cooking and
cleaning times. The lack of a solid threshold basis may limit the source identification.
Advanced source apportionment methods like the positive matrix factorization have been
recommended [72], and future research will consider adopting these methods. In addition,
human factors can also induce measurement errors and biases. Yang et al. [73] investigated
the effect of sensor wearing strategy on PM concentrations, and the measurement error
could even achieve 8.7%. Hassani et al. [15] found that the PM2.5 measurements at different
movement speeds also showed high variability. An increase of 1 km/h could increase the
standard deviation by 0.03 µg/m3. The present study suggested a wearing strategy on
the upper half of the human chest, near the breathing zone. The engagement of citizen
participation plays a critical part in providing the valuable spatial variability of air quality
at urban levels. Future studies should consider the effect of movement routes and velocity.



Buildings 2025, 15, 3131 11 of 14

5. Conclusions
The present study has leveraged the mobility of human participants equipped with

LWMs, transforming routine activities into a distributed sampling network. Integrating
citizen science and LWMs can provide valuable data about the hyper-localized air pollution
and personal exposure.

The scientific reliability of LWMs has been evaluated through field co-location in
residential settings, calibrated by a gravimetrically pre-calibrated aerosol analyzer. The
performance of LWMs had been significantly improved by the MLR model adjusted for
the moderated RH range (50–70%) in tropical regions. The R2 of PM1.0 and PM2.5 had
been increased to over 0.85 after calibration, along with the reduced RMSE of 2.25 and
3.46 µg/m3, respectively. All the metrics fall within the acceptability threshold outlined
in the USEPA guidelines. These results support preliminary community-level monitoring,
and broader validation across seasons and scenarios remains necessary.

Participant exposure patterns were analyzed across indoor-home, outdoor-walking,
and commuting micro-environments, with the median PM1.0 (13.2 µg/m3) and PM2.5

(23.6 µg/m3. Commuting generally constituted a small fraction of daily time but con-
tributed disproportionately to 11% of personal PM exposure. The targeted intervention for
transit-related air pollution is quite critical for urban development.

Spatial analysis reveals district-level disparities, with residential PM2.5 exposure ac-
counting for 42–91% of total personal exposure. Elevated PM concentrations were presented
in the dense residential (Sham Shui Po), historical industrial (Kwun Tong) areas, and ma-
jor roads and highway system interchanges. PM1.0/PM2.5 ratios and semi-structured
interviews indicates that the indoor cooking and traffic emissions were the primary PM
sources in these hotspots. Building ventilation retrofits can help reduce residential exposure.
Future research should further integrate border validation, long-term monitoring, and
advanced source apportionment methods to provide empirical evidence for building and
urban planning.
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