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Abstract

Urban air pollution exhibits pronounced spatial heterogeneity, yet conventional fixed-site
monitoring often cannot resolve fine-scale hotspot patterns. To address this issue, this study
conducted a winter intensive observation campaign combining mobile measurements and
synchronous fixed-site observations in Chengdu. The mobile observation was used to
characterize the spatial distribution of particulate pollution, while fixed-site pollutant and
meteorological data were used to provide temporal and background context. Three mobile
observation sessions were performed each day at fixed local times (09:00-11:00, 14:00-16:00,
and 19:00-21:00). Based on the PM; 5 concentration, the observation period was categorized
into two episodes: polluted episodes (PM;5 > 75 pg m~3) and clean episodes (<75 pg m3).
Polluted episodes were characterized by substantially elevated PM; 5, PM;o, NOx, CO,
and particle number concentrations, together with relatively weak wind speed, indicating
enhanced accumulation under stagnant conditions. In contrast, clean episodes generally
occurred under stronger ventilation and lower pollutant levels. The results revealed marked
small-scale spatial variability and distinct temporal changes in particulate pollution. PCA
was suitable for the dataset (Kaiser-Meyer-Olkin = 0.788; Bartlett’s test, p < 0.001), and
the first three principal components explained 82.7% of the total variance. Cluster analysis
further identified three pollution regimes among 224 samples: clean/ventilated (34.4%),
intermediate accumulation (39.7%), and heavy accumulation (25.9%). These findings
demonstrate that short-term intensive mobile monitoring can serve as a cost-effective
supplement to conventional monitoring for hotspot identification and targeted urban
air-pollution management.

Keywords: mobile observation; particle number concentration; O3 concentrations; principal
component analysis

1. Introduction

Both particulate matter (PM) and ozone (O3) are major components of atmospheric
pollution and are closely related to human life and the environment. Long-term exposure
to PM and O3 can lead to bronchitis [1], affect the nervous system [2], and even cause
cancer [3]. High levels of PM; 5 can cause serious visibility problems in large cities, resulting
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in an increase in traffic accidents [4]. Air pollution can be affected by various factors,
such as meteorological conditions, anthropogenic factors, and geographic locations [5-7].
Human activities are a primary source of emissions [8], and meteorological conditions
are also an external cause of air pollution. A negative correlation between meteorological
conditions, including temperature, air pressure, wind speed (WS), and PM; 5 concentrations
has been reported in the Sichuan Basin, with the exception of relative humidity (RH),
which shows a positive correlation with PM; 5 [9,10]. To better understand the sources
contributing to PNC events, source apportionment is essential, especially in the Sichuan
Basin [11,12]. High O3 pollution is caused by the contributions of gaseous precursors,
high temperatures, low RHs, and low wind speeds [13]. Despite improvements in air
quality driven by enhanced pollution control measures, urban pollution continues to occur
frequently, especially in winter. Sources of PM and O3 can be identified via particle number
concentration (PNC) and other pollutant analyses. Particle source apportionment based on
PNC has become increasingly mature and is complementary to and verifiable against mass
concentration-based apportionment [14]. Instruments such as scanning mobility particle
sizers (SMPS), condensation particle counters (CPC), differential mobility analyzers (DMA),
and ion chromatography (IC) have been used in studies on particle number concentration
(PNC), which is essential [15]. Current techniques for source apportionment include
receptor model factor analysis (FA) [16,17], positive matrix factorization (PMF) [18-20],
and principal component analysis (PCA) [21]. In recent aerosol studies, PCA has been
widely used as an effective exploration tool to reduce data dimensionality, reveal covariance
structures among measured variables, and identify potential source-related patterns in
PMj; 5 and aerosol-bound metals [22,23]. Therefore, PCA provides a useful framework for
distinguishing dominant aerosol regimes and inferring the major processes controlling
aerosol characteristics.

Street-level air pollution has attracted significant attention in recent years [24]. Ef-
fectively simulating air pollution distribution has been one of the key challenges for
researchers. Some methods (e.g., WRF models) have been used to calculate air pollution
distributions, and some models have been used to track sources [25-27]. However, these
methods are not applicable to some micro areas that lack monitoring data [28]. To pre-
cisely identify pollutant sources, mobile observations—employing detection instruments
mounted on vehicles to collect data—provide a highly effective method for analyzing
the origins and dispersion patterns of atmospheric pollutants with finer granularity. This
approach provides insights into spatial variabilities that are inaccessible through fixed-site
monitoring [29-31]. It also allows for the expansion of monitoring coverage to specific
areas of interest [32-34]. Julie et al. reported that roadways are the primary source of NOx
emissions, with vehicles on roads being the major contributing source, whereas industries
predominantly contribute to SO, emissions [35]. Luz et al. reported that the PNC, NOx,
black carbon (BC), and CO levels are highest during winter; lowest during summer and
autumn; higher on weekdays than on weekends; and higher during morning rush hours
than at other times [36]. However, the PM; 5 concentrations do not exhibit the same pat-
tern [36]. Multiple observations conducted on the Yangtze River have indicated that the
primary variations in PM; 5 levels are largely due to geographical differences and distinct
anthropogenic emission sources [37]. The number of mobile observations was slightly
lower than that obtained through fixed-site measurements [38]. Extensive research has
been conducted on O3 pollution monitoring, but there remains a gap in the use of mobile
observation methods to capture the sources of pollutants precisely.

Chengdu is located in the Sichuan Basin and is surrounded by mountains, which
restricts air dispersion and leads to the accumulation of pollutants. The city also experiences
minimal winds throughout the year, further exacerbating this issue [39]. The primary
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sources of air pollution in Chengdu are industry and traffic. The geographical environment,
rapid economic development and high number of vehicles (over 5 million) significantly
contribute to air pollution [40]. Therefore, local traffic emissions are a major source of
NO; pollution [41], and the relationship between air pollution and NO, levels is complex.
Pollution levels are typically measured with fixed stations, which are usually few in number
and offer limited coverage [35]. Owing to the presence of buildings, traffic, and commercial
areas, the pollution concentrations recorded by fixed stations may not reflect the overall
pollution levels across the entire area. Megacities such as Chengdu face the challenge of
dynamic air pollution, which varies across time and space. Fixed stations, although useful,
cannot adequately capture this variability because of their limited coverage and lack of
flexibility. This approach is particularly relevant for a city such as Chengdu to combine
mobile observations with fixed station observations.

In this paper, we conducted a study that utilized a severe pollution event in the
Shuangliu District in Chengdu. In winter 2022, district-wide mobile observations were
initiated to measure PNC and Oj concentrations. Section 2 introduces the monitoring
locations, observation instruments, and methods used. Section 3 investigated the spatial
distributions of the atmospheric pollutants in the Shuangliu District and identified the
potential source contributions, and backward trajectory analysis was performed. Section 4
summarizes the findings of this study.

2. Materials and Methods
2.1. Experimental Location

Chengdu is situated in the Sichuan Basin and hosts a population of approximately
21,403 million people. Chengdu provides a typical mixing area for effective air pollution,
as it has many vehicles, numerous industries and conditions for air pollution accumulation.
Figure 1a shows the location of Chengdu and the observation area in Shuangliu District.
Chengdu is situated in the western Sichuan Basin, bordered by the Western Sichuan Plateau
and Longquan Mountain, where the basin-like terrain can limit pollutant dispersion under
stable atmospheric conditions. Figure 1b shows the fixed observation site in Baihe Park
(30.35° N, 103.54° E, 495.8 m a.s.l.) and its surrounding environment. The site is located
in an urban—suburban transition area with nearby residential areas, roads, green space,
water bodies, and Shuangliu International Airport, reflecting a mixed-source environment
suitable for mobile and fixed observations of particle number concentration and Os. The
station recorded six pollutant parameters (PM; 5, PM;g, SO, NO, CO, and Os3) with hourly
time resolution. In addition to these gaseous and particulate pollutants, the station also
measured basic meteorological data such as temperature, relative humidity (RH), wind
speed, and atmospheric pressure, which were also recorded on an hourly basis. For the
mobile observations, PNC (particle number concentration) and O3 concentrations were
recorded in real time, with data captured at a second-level resolution. These measurements,
taken from both the fixed and mobile stations, were crucial for analyzing the spatial and
temporal variations in air pollution and understanding the influence of meteorological
conditions. The site location is shown in Figure 1.
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Figure 1. (a) Geographical locations of the observation site in Chengdu; (b) fixed station (Baihe Park);
(c) placement of the instruments; and (d) instruments used for mobile observations.

2.2. Mobile Observation Instruments

During the mobile observations, the portable optical particle profiler (POPS), personal
ozone monitor (PO3M), and hand-held meteorological station are outfitted outside the
vehicle via a bracket, which extends approximately 0.5 m out of the car top cover. This
configuration permits measurements of aerosol particle concentrations, O3 concentrations,
light intensities, and fundamental meteorological variables outside the vehicle overflow.
The instruments and their placement are shown in Figure 1d. Fixing equipment outside
the car top effectively prevents contamination from vehicle exhaust itself. On the basis
of the air pollution data and warning levels released by the Chengdu Environmental
Protection Bureau, close attention was given to the heavy pollution period. Intensified
mobile observations were conducted during heavy pollution events and focused on the
key areas where air pollution problems occur. Repeated validations were performed in
areas with anomalous data observations to ensure data reliability. To mitigate any potential
issues related to airflow turbulence, we equipped the POPS with an additional airflow
pump. This pump helps to stabilize the flow of air into the instrument, preventing any
disturbance that could affect the measurements. Additionally, the inlet tube was positioned
towards the rear of the vehicle, further reducing the impact of vehicle motion and external
airflow on the data.

The POPS is an optical instrument produced by Nanjing Handix Environmental
Technology Co., Ltd. (Nanjing, China). and is used for measuring aerosol particle size
spectra. POPS provides particle size data in the range of 130 nm~3 pum, which are divided
into 16 channels. POPS, as an observational instrument, maintains reasonable accuracy
during motion [31,42]. In addition, we calibrated the instrument using standard particles
prior to the mobile observations.

The O3 analyzer used in this mobile observation experiment was a pocket-sized
POsM (2B Tech. Ltd., Broomfield, CO, USA). The hand-held meteorological station used
WHS1000, a wearable multifunctional pocket-sized meteorological instrument developed
by Zoglab Technology Co., Ltd. (Hangzhou, China). The PO3M mainly measures the
O3 concentrations during mobile observations, whereas the hand-held meteorological
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station provides temperature, RH, UV intensity, and radiation intensity data. Equipment
specifications are presented in Table 1.

Table 1. Mobile observation instruments’ parameters.

Hand-Held Weather Station POsM POPS
Temperature —30-70 °C Measurement UV absorption at Range 0.13-3 pm
measurement range 254 nm
RH measurement range 0-100% RH Lmea;igzamlc 0 ppb~10 ppm Channel 15
Press measurement range ~ 300-1100 hPa Resolution 0.1 ppb Laser wavelength 402 nm

Lighting dynamic range 0-128,000 Ix Accuracy Greater of 1.5 ppb Time Interval 1s

UV Wavelength range 0.28-40 nm Me.asurement 10s Dlame.ter 5%

intervals resolution
UV Exponential level 0-20 Measure frequency 0.1Hz Flow Rate 0.05-0.35 LPM

2.3. Experimental Methods

During the observation period, our primary focus was on the hourly fluctuations in
pollutant levels at Baihe Station in Shuangliu from 21-30 December (shown in Table S1).
Three mobile observation sessions were conducted daily: morning (9:00-11:00), afternoon
(14:00-16:00), and evening (19:00-21:00). Each session commenced at Chengdu University
of Information Technology and traveled to various schools, tunnels, airports, and express-
ways. Approximately 40 min after departure, the route reached Baihe Park, where we
circled to collect data. Additionally, instruments were stationed in Baihe Park to measure
meteorological elements and pollutant data, serving as supplementary validations for
mobile observations and for the source apportionment of pollutants.

The mobile observation was designed as a short-term intensive winter observation
period. Winter is generally the most polluted season in Chengdu, with meteorological
conditions that are more favorable for pollutant accumulation (as shown in Figure S1).
Therefore, this observation period was selected to capture fine-scale spatial heterogeneity
of air pollution under pollution-prone seasonal conditions. The selection of the campaign
period also considered fieldwork scheduling, instrument deployment conditions, and
the substantial variability of winter pollution levels. It should be noted that the mobile
observations were not intended to represent annual conditions. Precipitation can strongly
affect particulate concentrations. During the field campaign, mobile observations were
suspended during rainfall periods to avoid direct interference from wet conditions. Because
quantitative precipitation measurements were not available, rainfall was not included as
an explicit variable in the present analysis.

2.4. Data Validation and Quality Control

A variety of processing operations are needed, including tasks such as GPS instrument
interpolation and calibration. For the mobile observations, we used a smartphone app
to record the trajectories, which was mounted on the roof of the vehicle. During mobile
observations, notably when traversing tunnels, intermittent loss of GPS signals may occur.
To counteract this, a linear interpolation methodology is applied to seamlessly bridge the
gaps in the data. The PO3M is equipped with an integrated GPS system, which allows direct
data reflection on roadways. Nonetheless, discrepancies emerge between the depicted
spatiotemporal distribution map of the O3 concentrations and the actual distributions. The
observers rectify this by adjusting the initial point coordinates, thereby refining the latitudes
and longitudes for the entire route and facilitating data calibration. The assessment of
GPS precision and synchronization of measurement devices pose formidable challenges.
Especially in urban environments, geographic features and structures can impede signals,
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which makes accurate quantification of signals challenging. With vehicle mean speeds
maintained at 40 km h~!, the impact on the GPS accuracy and interpolation efficacy is
minimal [30]. It should be noted that mobile observation measurements may be affected by
vehicle speed and vehicle-induced turbulence near the sampling inlet, which introduces
additional uncertainty compared with fixed-site observations.

2.5. Comprehensive Analysis of Meteorological Data

The Shuangliu Meteorological Bureau provides minute-level quality control data
for the Shuangliu National Station, which includes the basic elements (temperature, RH,
and pressure) and pollution parameters (CO, SO;, and NOx). ERA5 is a fifth-generation
atmospheric reanalysis dataset that is produced by the European Centre for Medium-
Range Weather Forecasts (ECMWEF). The reanalysis data were downloaded from the official
website of ECMWE (https://cds.climate.copernicus.eu, accessed on 14 October 2023) to
obtain the PBLH information. To analyze and assess the sources of atmospheric pollutants,
this study incorporated additional meteorological data more accurately. Cloud and other
meteorological data obtained from the Russian meteorological website (http://rp5.ru,
accessed on 8 January 2023) can fill observational gaps related to cloud cover, visibility, and
weather conditions on a daily basis. Both cloud data and wind information also provide
valuable references for categorizing pollution weather conditions.

The global reanalysis meteorological data that were downloaded from the official web-
sites of the National Oceanic and Atmospheric Administration (NOAA) and Air Resources
Laboratory (ARL) (https://www.ready.noaa.gov/HYSPLIT.php, accessed on 9 August
2024) were used for backward trajectory model (HYSPLIT) analyses. Starting from Baihe
Park, 24 h and 48 h backward trajectories were calculated to determine the sources and
paths of the pollutants.

2.6. Principal Component Analysis

Principal component analysis (PCA) of a data matrix extracts the dominant patterns
in the matrix in terms of a complementary set of score and loading plots [43]. PCA was
conducted using the matched hourly dataset to investigate the covariance relationships
among PNC, gaseous pollutants, particulate matter, and meteorological variables in this
study. All variables were first standardized using z-score transformation to remove the
influence of different units and scales. Principal components with eigenvalues greater than
1 were retained. The variance explained by each component and the corresponding loading
matrix were used to identify the dominant variables and interpret the major patterns in
the dataset.

PCA was performed on the standardized dataset. Before PCA, all variables were
standardized using z-score transformation to remove the influence of different units and
scales, so that each variable had a mean of 0 and a standard deviation of 1 [44]. Each
variable was first normalized using z-score transformation:

X;; represents the original value of the j-th variable for the i-th sample. X; is the mean
value of the j-th variable across all samples, and s; is the corresponding standard deviation.
Each PC can be expressed as follows:

PCk = a1k21 + €l2k22 + L+ akap
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where PCy is the k-th PC; Z, is the p-th predictor variable, and 4, is the coefficient of
Zy [45].

Considering that the present dataset was derived from a short-term intensive mobile
observation, PCA was ultimately selected as the main method because it is more suitable
for identifying dominant co-variation patterns in a relatively limited dataset. Because the
dataset was obtained during a short-term intensive winter campaign, the results should be
interpreted within the scope of the observation period. The measurements are well suited
to identifying fine-scale spatial heterogeneity and localized pollution hotspots, but they do
not provide a temporally comprehensive characterization of urban air quality. In particular,
the observed hotspot behavior, pollutant co-variation, and meteorological associations may
be influenced by campaign-specific conditions and therefore cannot be directly generalized
to other seasons or longer periods without additional observations.

2.7. Trajectory
2.7.1. Concentration Weight Trajectory

The concentration weight trajectory (CWT) calculates the average concentration of each
pollutant within the trajectory associated with the grid, and the residence-time weighted
concentration is allocated to each grid cell.

N
In(C]) = % 2 In(Ck)’ti]-k
Y1 Tijk k=1
where i and j are the indices of the grid, k is the index of the trajectory, N is the total
number of trajectories used in the analysis, Cy is the pollutant concentration measured
upon arrival at trajectory k, and Ty is the residence time of trajectory k in the grid cell (i, j).
High C;; values mean that air parcels passing over cell (i, j) would, on average, cause high
concentrations at the receptor site [46].

2.7.2. Potential Source Contribution Function

The potential source contribution function (PSCF) is an effective method for calculating
the contributions of potential sources [47,48]. The PM; 5 and the aerosol particles are located
at grid cell (i, j), and an air parcel passing through that location indicates that material from
the source can be collected and transported along the trajectory to the receptor site. The
PSCEF value for c (i, j) was defined as

PSCEF;; = %W
1 = Nl i 1
where M;; is the number of endpoints for c (i, j) with arrival times at the observation site,
corresponding to pollutant concentrations higher than an arbitrary criterion value. Nj; is the
total number of trajectory segment endpoints that fall within c (i, j). To reduce the random
error and uncertainty of the small value of Nj;, the weighting function of Wj; reduces the
PSCF values when the total number of endpoints in a particular cell Nj; is approximately
3 times less than the Nj; average value Nye of the endpoints per cell [49].

1.0, Nij > 3N gge

0.70, 15N a0 < Nij < 3N0e
0.42, Nppe < Nij < 1.5Ngqe
0.17, 0 < Nij < Nage

Wij =
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It should be noted that the PSCF and CWT analyses in this study were conducted using
receptor-site hourly PM; 5 and O3 concentrations, and therefore represent pollutant-based
potential source regions rather than factor-specific trajectory maps.

3. Results and Discussion
3.1. Time Series of Pollutant and Meteorological Parameters

The time series of the PM; 5, PMj, and pollution parameters collected by the fixed
station from 21-30 December 2022 are depicted in Figure 2. On the basis that the PM; 5
level exceeded 75 g m~3, we divided the observation period into polluted episodes (from
December 21 to 24) and clean episodes (from 25-30 December). In winter, the lower altitude
of the planetary boundary layer leads to a reduction in or inhibition of pollutant dispersion
and serious PMj 5 in the Sichuan Basin [40]. During the polluted episodes, the PM; 5
concentrations reached their maximum at 196 ug m—3, whereas the PMjq concentrations
peaked at 230 pg m 3. When a rainfall event occurred, the PM; 5 concentration decreased
to 27 ug m~2. During the clean episodes, the PBL led to the accumulation of PM, 5
concentrations again, increasing from 21 ug m~2 to 76 ug m 3. As shown in Figure 2b, the
O3 and NOx concentrations underwent substantial photochemical reactions in the presence
of ample sunlight. During the daytime, the O3 concentrations exhibited distinct increases
following sunrise, with average increases from 20 to 100 ppb. Many studies indicate that
stationary meteorological conditions are among the most important factors leading to haze
events in winter [50-52]. In this study, the wind speeds of the polluted and clean episodes
were low at 1.8 m s~ and 2.1 m s, respectively. As the prevailing north winds were
noted, the PM; 5 concentrations were influenced by nearby factories and construction sites
north of Baihe Station (shown in Figures S2 and S3).

_ Polluted Episodes Clean Episodes
220 9 PV = PV, ——PBLH | 60
2 % ] AEPETC N e AN Sre [ 35
% 0 : . . . Lo &
£ 200 A NOx ===0; 3 2()()-3
210 (ti/’\'\_/\—\_/‘\_/—“"“’ F 1002
é 0 GO Al A el A 0o =
2150 ; — 30 g
£100 {(¢) N0, 0: T o
2 50 F10 &
o 0 - - - T 0 2
Z ~
_ 20 4(d) Wind speed (m/s) _
s \]
210
-]
Z 05

0.0 - —> West wind z E! i

Dec 21 Dec22 Dec23 Dec24 Dec25 Dec26 Dec27 Dec28 Dec29 Dec 30
Date

Figure 2. Time series of pollutant concentrations at the Shuangliu Baihe site from 21-30 December
2022; (a) PM; 5, PM1y and PBLH concentrations; (b) NOx and O3 concentrations; (c) NO, and SO,
concentrations; (d) wind speeds and wind directions.

Figure 3 summarizes the particle number size distribution, total PNC, and O3 concen-
trations measured during the mobile observation. As shown in Figure 3a, the majority of
atmospheric particles were observed within the 200-400 nm diameter range, accounting for
92.03-98.15% of the total particles. On the morning of 25 December, a short-term precipita-
tion event occurred that helped to remove particles with diameters ranging from 0.1-10 pm,
especially those with diameters ranging from 0.1-0.5 pm. The hourly average total PNC
ranged from 4291 to 16,342 dN/dlogdp (cm~3), as shown in Figure 3b. During the polluted
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episodes, the hourly average total PNC ranged from 7968 to 16,342 cm 2, whereas during
the clean episodes, it ranged from 4291 to 11,040 cm 3. During the polluted period, the total
PNC increased to approximately 10,000 cm—3, which may be attributed to various factors,
such as the occurrence of inversion layers, atmospheric stability, and ground-level source
emissions [53]. The average total PNC during the polluted episodes was 14,587 cm 3 in
the morning, 10,244 cm 3 in the afternoon, and 13,140 cm 3 in the evening. Conversely, on
25 December, precipitation acted as a wet scavenger, reducing the PNC and thereby reduc-
ing the disparity between the total PNC. The average total PNCs during clean episodes
are 9095 cm 3 in the morning, 8564 cm™3 in the afternoon, and 8243 cm ™2 in the evening.
Figure 3b indicates that the total PNC in the morning is generally greater than that in the
afternoon and evening. Figure 3 summarizes the particle number size distribution, total
PNC, and O3 concentrations measured during the mobile observation. On the basis of
the analysis shown in Figure 3¢, the pattern of O3 concentrations differs from that of the
PNC. During the polluted episodes, the average O3 concentration was 20.5 ppb in the
morning, whereas it was 91.2 ppb in the afternoon and 31 ppb in the evening. During the
clean episodes, the average O3 concentration in the afternoon was approximately 56.5 ppb.
Conversely, during clean episodes that are characterized by overcast and rainy conditions,
the limited sunlight intensity results in low O3 concentrations, even during the day.

Polluted Episodes Clean Episodes dN/dlogDp (cm™)

2 1000 3000
£ 2000
g 00 1000
2 300 0
220,000
& (b)
215,000
= 10,000-
;%, 52)00
S ]
A 0

120

(c)

90 1
O
o
& 60
© 3.

0
Dec 21 Dec 22 Dec 23 Dec 24 Dec 25 Dec 26 Dec 27 Dec 28 Dec 29 Dec 30
Time morning . afternoon . evening

Figure 3. The variation in (a) the PNC per channel; (b) the total PNC; and (c) the O3 concentrations in
the morning, afternoon, and evening during the observation period. The x-axis represents the dates
of the mobile observations, whereas the y-axis indicates the pollutant concentrations. The color bar
denotes the departure time of each mobile observation. Missing data indicate periods when mobile
observations could not be conducted due to adverse weather conditions.

Fixed station observations and mobile observations provide a comprehensive picture:
while fixed stations offer continuous and meteorological data, mobile data capture parti-
cle size dynamics and spatial variability, revealing how local atmospheric structure and
microclimatic events influence pollution patterns across time and space.

3.2. Correlations of Various Parameters

The relationships between meteorological variables (wind speed, PBLH, pressure,
temperature, and RH) and pollutants were examined using Spearman correlation analysis at
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the 5% significance level (Figure 4). As shown in Figure 4a, PM; 5 was positively correlated
with several co-pollutants, especially SO, (r = 0.77), CO (r = 0.84) and NOx (r = 0.68),
indicating the synchronous accumulation of particulate pollutants and combustion-related
gases during winter. Among the particle size bins, particles around 400 nm showed the
strongest correlations with SO, and NOx, with coefficients of 0.75 and 0.72, respectively. In
contrast, O3 showed negative correlations with particulate pollutants, particularly NOx
(r = —0.6) and 130 nm particles (r = —0.65). Overall, these results indicate that particulate
pollutants and combustion-related gaseous pollutants tended to increase simultaneously
during the winter observation period, whereas O3 exhibited a different variation pattern.
In winter, high levels of PM, 5 suppress O3 formation by reducing solar radiation and
scavenging reactive radicals [54], thereby slowing photochemical reactions. The negative
correlation between NOx and O3 concentrations is primarily due to the role of NOx as a
precursor in ozone formation [55], where it undergoes a series of photochemical reactions
that contribute to secondary particulate matter formation, which then becomes a component
of PM; 5. Under sufficient conditions, NOx underwent photochemical reactions, resulting
in a negative correlation with O3 concentrations. PM; 5 showed a weak negative correlation
with the O3 concentration, which corroborated previous research findings [56].

(@) Spearman Correlation Coeffcient of Various Pollutants (b) Correlation During Polluted Episodes (C) Correlation Duung Clean Episodes
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PM,, ‘ 0“0 'O‘c“ 024 007 015 002 0411 04 -033 041 -014 044 PM
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099 PM, Qeg DOO““ 016 001 025 -0.15 028 053
4 a.4.¢ 0.6
o, )
4 g 0.4
077 | 0.76 o, O Q\,OOO 013 -027 033 -0.09 021 029 006 008 -002 024 ()
o 2
0.2
084 | 0.86 070 | CO 038 —0.18 -023 CcO
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Figure 4. (a) Spearman correlation coefficients of various pollutants; (b) correlations between pollu-
tants and meteorological conditions during the pollution episodes; (c) correlations during the clean
episodes.

Figure 4b,c illustrates the correlations between meteorological elements and various
pollutants during polluted and clean episodes. A comparison revealed that the influence of
wind speed was the opposite between these two episodes: during polluted episodes, wind
speed demonstrated a weak correlation (—0.2 < r < 0.24), whereas during clean episodes,
it showed a strong negative correlation with pollutants, except for O3, where r = 0.24.
Owing to the basin terrain, weak winds drove the transmission of particles, along with the
mixing and aging of these particles. During clean episodes, as the wind speed increased
and particulate matter aged, the particle concentrations further decreased. The O3 and its
precursors were delivered by the wind and were positively correlated with the wind speed.
During the polluted episodes, no significant correlation was detected between the PBLH
and the PMj; 5 concentration. However, during the clean episodes, a negative correlation
was found between the PBLH and the particle concentration. Wind speed and PBLH
generally reduce PMj; 5 concentrations by promoting dispersion and vertical mixing [57].
Increased wind speed can indirectly increase O3 levels by diluting PM; 5 and weakening
its inhibitory effects [58]. Overall, these results suggest that winter PM enhancement
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was jointly influenced by co-emitted pollutants and episode-dependent meteorological
conditions, which is consistent with the spatial heterogeneity observed along different
routes and urban functional areas. When analyzing the PNC, a strong negative correlation
with the smaller particle sizes (especially DP130 and DP226) is observed during polluted
episodes, which suggests that larger particles may dominate during higher pollution
periods, possibly due to aerosol aging and coagulation processes. During periods of
high pollution, the lower wind speeds and reduced boundary layer height may limit
the dispersion of pollutants, leading to higher concentrations. In contrast, during clean
episodes, increased wind speeds and higher PBLH likely contribute to the dilution and
removal of pollutants from the atmosphere, which is reflected in the weaker correlations
observed in Figure 4c. The positive correlation observed in clean episodes also suggests
that ozone may play a role in modifying particulate dynamics in environments with
lower pollution levels. This could indicate that in cleaner conditions, Oj is less likely to
be consumed by particles, allowing for greater accumulation of both O3 and particles,
particularly in areas where local sources contribute to both.

These correlation patterns, when interpreted together with the mobile observations,
suggest that the enhancement of PM; 5 under winter pollution-favorable conditions was
not spatially uniform, but instead varied substantially among different routes and urban
functional areas.

3.3. Mobile Observation

The association between stagnant meteorological conditions and pollution accumula-
tion is well established in urban atmospheric studies. Therefore, the main contribution of
the present work does not lie in reconfirming this general relationship. Instead, the added
value of the mobile observation is its ability to reveal fine-scale spatial heterogeneity within
the city under the same winter pollution background. The results show that pollutant
concentrations were not uniformly distributed, but varied substantially among routes and
urban functional areas, indicating that local emissions, near-road environments, and urban
surface characteristics play an important role in shaping intra-urban pollution patterns.

Figure 5a shows the time series of the particle size distributions and Os concentrations
that were obtained via mobile observations on 23 December 2022. The bar height indicates
the concentration color plot in all figures. There are 3 obvious locations indicating higher
PNCs, especially those for fine particles (particle diameters less than 300 nm), which
exceed 3000 cm~3. Point A is located next to a shopping mall. On 23 December, which
was a holiday, there was an increased number of vehicles due to students gathering from
nearby schools. Point B is an area with numerous car dealerships, including many high-
emission trucks. Diesel fuels inefficiently and emits harmful chemical components, such
as sulfides, carbon compounds, and nitrogen oxides, into the environment [59]. These
locations release large amounts of aerosol precursors, and when coupled with strong
photochemical reactions during the afternoon, PNC rapidly increases. Point C is located
near a nearby construction site and can emit copious quantities of aerosol particles, leading
to an increase in PNC. Therefore, human activities have had a significant impact on the
distribution of PNC on this day.

Figure 5b shows the time series for the particle size spectrum for the vehicle on
26 December 2022, from 10:15 to 11:45. Compared with those during polluted episodes, the
particle sizes in all the size segments obviously decreased. The PNC in the size range of
300-400 nm was greater by 800~1500 cm 3 than those in the other time periods during clean
episodes, reaching 2800 cm 3. The time series plot and geographical characteristics revealed
that the sampling site was located beneath an airport expressway that is surrounded by
tall buildings and has low vegetation coverage, which indicates an urban street canyon
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environment [60]. Furthermore, shortly after the morning rush hour, there was a notable
presence of locally generated pollutants, as the aerosol particles that were emitted by many
vehicles were not adequately dispersed. The average PNC recorded during the sampling
period was 11,192 cm~3. Upon reaching the park, the average total PNC was 8737 cm ™3,
whereas in the nonpark areas, the value was 7460 cm 2, indicating a 17.11% +1% increase
near the park. At point A, there was no apparent emission of fine particles during clean
episodes. In subsequent mobile observations, it was evident that during working hours
on weekdays, there was a significant reduction in fine particle emissions on the streets,
indicating that anthropogenic factors played a predominant role in fine particle emissions
on these main streets. Owing to traffic congestion or traveling alongside high-emission
vehicles, the PNCs increased, which was referred to as a PNSD (particle number size
distribution) surge event. The occurrence of such events was reflected in the spatial and
temporal distributions obtained from multiple mobile observations, and the points that
correspond to these events could be categorized as instances where anthropogenic factors
contribute to increases in fine PNC. Additionally, high concentrations of PM; 5 can inhibit
photolytic reactions [61].

Polluted Episodes Clean Episodes

C

e ol

16:15 16:30 16:45 17:00 17:15 10:30 10:45 11:00 11:15
Local Time Local Time

Figure 5. Spatial and temporal distributions of aerosol particles (a) a mobile observation conducted
on the morning of 23 December 2022 (pollution episodes), (b) a mobile observation conducted on the
morning of 26 December 2022 (clean episodes), (c) Particle number size distribution during the first
case, (d) particle number size distribution during the second case. (e) spatial and temporal distribu-
tions of O3 (f) on the morning of 23 December 2022, and (d) on the morning of 26 December 2022.

Figure 5c,d present the size-resolved PNSD corresponding to the mobile observa-
tions shown in Figure 5a,b, respectively. The PNSD information was mapped onto the
mobile routes to construct the spatial distributions in Figure 5a,b. In the polluted case,
particle number concentrations were mainly enhanced in the 100-300 nm size range, with
the highest values around 100-200 nm, and the high-concentration band persisted for
much of the observation period. In contrast, the clean case showed much lower PNSD
levels and a clearly weakened high-concentration band. These results suggest that the
spatial enhancement of PNC in the polluted case was primarily associated with sustained
accumulation-mode particle enrichment.

Figure 5e shows that the temporal and spatial O3 distributions clearly reveal two peaks
in the O3 concentrations near the airport runway, reaching 55.8 and 58.8 ppb respectively.
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There was a significant presence of transportation vehicles, including trucks, near airports.
By combining the data obtained from the hand-held meteorological stations with the
spatiotemporal distribution map of the O3 concentrations (as indicated in S2), it is possible
to infer the pollutant sources on the basis of meteorological variables such as temperature,
RH, radiation intensity, and ultraviolet radiation. A spatial and temporal distribution
map of the O3 concentrations revealed higher O3 concentrations at the park and at the
starting point. This could be attributed to the high temperatures and intense sunlight
during departure, which promote the photochemical reactions of O3 precursors and result
in elevated O3 concentrations. The increased O3 concentrations around the park may be
attributed to the abundant emissions of VOCs from vegetation under sufficient sunlight [62].
Additionally, activities such as aircraft takeoff [63], soil [62], and refueling also contribute
to ozone precursor emissions and further promote O3 formation.

The observational framework adopted in this study can serve as a practical supple-
ment to conventional fixed-site monitoring. By combining short-term intensive mobile
measurements with synchronous fixed-site observations, it is possible to identify fine-scale
pollution hotspots and resolve spatial heterogeneity more effectively (more Spatial distribu-
tion map shown in Figures S9 and 510). Moreover, depending on the monitoring objective,
available resources, and operational conditions, this framework can also be adapted for
repeated observation or longer-term applications.

3.4. PCA Results

PCA was performed on the standardized hourly dataset (1 = 224; 21 variables) to
explore the major covariance structures among particle number concentrations in different
size bins, gaseous pollutants, particulate matter, and meteorological conditions. The dataset
was suitable for PCA, as indicated by a Kaiser-Meyer-Olkin value of 0.788 and a highly sig-
nificant Bartlett’s test of sphericity (p < 0.001). Three principal components with eigenvalues
> 1 were retained, explaining 82.66% of the total variance, with PC1, PC2, and PC3 account-
ing for 59.13%, 15.05%, and 8.48%, respectively (as shown in Figures 54 and S5). Figure 6
shows that PC1 showed strong positive loadings for most particle size bins, particularly
226-842 nm, as well as PM; 5 and PMy, together with a negative loading for wind speed, in-
dicating that this component primarily represented a regional accumulation pattern under
relatively stagnant atmospheric conditions. PC2 was characterized by positive loadings for
O3 wind speed, PM, and the 1000 nm size bin, but negative loadings for the smaller particle
size bins (130-226 nm), suggesting a contrast between oxidizing and more ventilated condi-
tions and periods dominated by smaller particles. PC3 was dominated by strong positive
loadings of NO, NO;, and NOx, accompanied by a negative loading of O3, which likely
reflected a fresh combustion-related influence associated with ozone titration. Overall, the
PCA results suggest that the variability of the measured pollutants was mainly governed
by three processes, namely pollution accumulation under weak dispersion, changes in
oxidation and ventilation conditions, and primary NO-related emissions.

To further classify the dominant aerosol pollution regimes, k-means clustering was
applied to the scores of the first three principal components, which together explained
82.66% of the total variance (as shown in Figure 56). Shown in Figure S7, although the
silhouette analysis indicated that the two-cluster solution yielded the highest coefficient
(0.410), the three-cluster solution (silhouette = 0.364) provided a more physically inter-
pretable separation of atmospheric conditions and was therefore adopted for subsequent
analysis. Figure 7 shows that the 224 matched hourly observations were classified into three
regimes: Cluster 1 (n = 77), Cluster 2 (n = 89), and Cluster 3 (n = 58). Cluster 1 represented
a relatively clean and ventilated regime, characterized by the lowest PM; 5 (46.4 ug m~3),
PM;j (62.7 ug m~3), CO (0.37), NOx (39.9), and particle number concentrations across
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most selected size bins, together with the highest WS (1.03 m s~!). In contrast, Cluster
3 corresponded to a heavily polluted accumulation regime, with substantially elevated
PM, 5 (149.4 pug m~3), PMyq (189.9 png m—3), CO (1.39), NO (33.7), NO, (67.4), NOx (119.0),
and markedly enhanced particle number concentrations, especially in the 327, 685, and
1000 nm size ranges, while WS remained comparatively low (0.65 m s~!). Cluster 2 ex-
hibited intermediate pollutant levels, with PM; 5, PM;o, CO, and NOx between those of
Clusters 1 and 3, indicating a transitional accumulation regime under weaker dispersion
conditions than Cluster 1. Notably, O3 was highest in Cluster 1 and lowest in Cluster 2,
whereas Cluster 3 showed moderate O3 despite very high NOx, suggesting that the oxi-
dation environment varied substantially across the identified regimes and may have been
influenced by both ventilation and local titration effects. Overall, the PCA-based clustering
effectively separated the observations into clean/ventilated, intermediate accumulation,
and heavy accumulation conditions, indicating that aerosol variability during the study
period was governed primarily by changes in dispersion conditions and the co-evolution
of particulate and gaseous pollutants.

DP130nm 0.78
DP156nm 0.79
DP188nm 0.83
DP226nm 0.87
DP272nm 0.88
DP327nm 0.90
DP393nm 0.95
DP473nm 0.93
DP570nm 0.92
DP685nm 1
DP842nm
DP1000nm
PM2.5
PM10

03

Loading

PC1 PC2 PC3
Figure 6. Loading heatmap in Shuangliu, Chengdu, in December 2022.
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Figure 7. Heatmap of standardized cluster means for key variables derived from the PCA-based
clustering analysis. The three clusters correspond to clean/ventilated, intermediate accumulation,
and heavy accumulation conditions.
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3.5. Backward Trajectory Analysis

Figure 8a shows the substantial impact of the pollution sources located southeast
and west of Chengdu on the PM; 5 levels in December 2022, and Figure 8b shows the
results of PSCF in December 2022. The CWT and PSCF were carried out to identify the
potential source regions of PM; 5 and their influence on the PM; 5 levels at Baihe station.
December was the primary month when PMj; 5 pollution occurred, with the pollutants
originating primarily from local emissions and from some industrial cities in East China.
These cities contributed more than 70 pg m~3 of PM, 5. The southeastern contribution can
be largely attributed to emissions originating from Chongqing and Guizhou Provinces.
These areas are characterized by the notable presence of industrial factories and the annual
occurrence of agricultural residue burning activities. The pollutants that were emitted
from these anthropogenic sources were transported to the Sichuan Basin by east winds.
Furthermore, the western contribution primarily stemmed from the Tibetan Plateau, which
still contributed approximately 50 pg m 3 of PM, 5. The Tibetan Plateau has a sparse human
population, and anthropogenic emissions play a minor role in its pollution contribution [64].
Instead, the plateau acted as a receptor for pollutant accumulation due to natural disasters
and anthropogenic activities, such as the burning of agricultural residues in South Asia
and Southeast Asia. Under the influence of a monsoon climate, atmospheric pollutants
accumulate at the foothills of the Himalayas [65]. These pollutants are then transported
to the Tibetan Plateau through upward and horizontal airflows and eventually reach the
Sichuan Basin. Minor contributions of pollutants were also observed in the northwest. This
contribution was attributed to sources in China’s Xinjiang Province, as well as the border
regions of Kazakhstan and Russia. In December 2022 (shown in Figure 8b), Neijiang city
was identified as the main source of PM; 5 transport, with a contribution probability of
0.21. Pollutants also originated from the eastern and southern cities of Chengdu, with
contribution probabilities ranging from 0.05-0.2.
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Figure 8. (a) CWT of PM; 5 at 500 m altitude at the Baihe Park site, (b) PSCF of PM; 5, (¢) CWT of O3
at 500 m altitude at the Baihe Park site, and (d) PSCF of O3 in December 2022.
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Figure 8c shows the CWT of O3 concentrations. The map highlights several regions
with varying levels of pollutant contributions, with the highest concentrations (up to
50 ppb) appearing in areas located primarily east of the Baihe site, encompassing cities
such as Deyang and Nanchong city. Locally generated O3 concentrations constitute
a substantial proportion. Figure 8d shows the PSCF for December 2022, revealing a
wide range of O3 sources. The northern cities, such as Beichuan and Mao County, had a
contribution probability of 0.15, the eastern cities, such as Dazhou and Neijiang City, had a
contribution probability of 0.13, the southern cities, such as Yibin City, had a contribution
probability of 0.17, and the western region (Qinghai—Tibet Plateau) had a contribution
probability ranging from 0.07-0.15. Combining the CWT and PSCF analyses, the results
indicated that in December, the source of O3 had the same variation rules as those of PM, 5.
The main source of O3 was from eastern cities, which are industrial cities. Both the CWT
and PSCF analyses point to a consistent pattern, identifying the northeastern regions,
including major urban and industrial centers, as significant contributors to the observed
pollution at the receptor site. The strong alignment between the high-concentration
areas in the CWT map and the high-probability regions in the PSCF map strengthens
the hypothesis that these regions were key source areas. The presence of moderate
contributions from other directions, as indicated in the CWT map, suggested that while
the southeastern and eastern regions were primary sources, other regions may also play a
role, albeit to a lesser extent.

4. Conclusions

This study used mobile monitoring to characterize the fine-scale spatial variability of
urban air pollution during a winter intensive observation period in Chengdu. Compared
with conventional fixed-site observations, the mobile approach provided a clearer picture
of intra-urban pollution heterogeneity by resolving localized concentration gradients,
route-scale differences, and pollution hotspots that are difficult to capture with routine
monitoring alone.

From a local pollution perspective, an analysis of the collected data revealed average
hourly PNCs ranging from 4290 to 16,342 cm 3. DP smaller than 0.5 um accounted for
92% to 98% of the total. During the polluted episode (from 21-24 December), the average
hourly PNCs ranged from 7967 to 16,342 cm~3, while during the clean episodes (from
25-30 December), they ranged from 4290 to 11,039-cm 3. The O3 concentrations ranged
from 4 to 117 ppb. Quantitative analyses further supported these findings. The first three
principal components explained 82.7% of the total variance, indicating that the major
variability in pollutants and meteorological conditions could be effectively captured by a
limited number of dominant factors. Cluster analysis identified three pollution regimes
among 224 samples, namely clean/ventilated (34.4%), intermediate accumulation (39.7%),
and heavy accumulation (25.9%). The corresponding mean PMj; 5 concentrations were 46.4,
67.1, and 149.4 ug m 3, respectively, showing that PM, 5 levels under heavy accumulation
were about 3.2 times those under clean/ventilated conditions. Correlation analysis also
revealed strong associations between PM; 5 and PMjq (r = 0.99), SO, (r = 0.77), and NOx
(r = 0.68), whereas O3 showed negative correlations with fine particles, with the strongest
relationship observed for 130 nm particles (r = —0.65).

A key finding is that urban pollution hotspots were not uniform in space or time.
Some hotspots showed relatively persistent spatial occurrence, suggesting the influence of
stable local emissions and urban environmental conditions, whereas others appeared only
intermittently, reflecting the importance of transient traffic activity, short-term emission
disturbances, and local dispersion conditions. This ability to distinguish persistent from oc-
casional hotspots represents an important contribution of the mobile monitoring approach
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and provides added value beyond confirming the well-established role of meteorology in
pollution accumulation.

Opverall, these results demonstrate that short-term intensive mobile monitoring, when
combined with fixed-site observations, provides a practical and cost-effective approach for
identifying urban pollution hotspots, characterizing pollution regimes, and interpreting the
combined effects of emissions and meteorological conditions. This framework can support
rapid pollution screening and targeted urban air-quality management, and it may also be
extended to repeated campaigns or longer-term applications depending on monitoring
objectives and available resources. The present study is nevertheless limited by its short
winter observation period and the lack of quantitative precipitation data, which should be
addressed in future work.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/atmos17050488/s1. Table S1. Detailed information of ambient
PM; 5 and PM;g during the mobile observation period; Table S2. Abbreviations in manuscript; Table
S3. Description of data variables used in this study; Figure S1. Time series of PM; 5, PM1p and O3
in 2022, Chengdu; Figure S2. Polar plot of (a) PM; 5 during the observation period, (b) during the
polluted episodes, (c) during the clean episodes, (d) O3 during the observation period, (e) during
the polluted episodes, and (f) during the clean episodes; Figure S3. Polarplot of (a) PM,5; (b) O3;
(c) SO2; (d) NOx from 20 Dec 2022 to 31 Dec 2022; Figure S4. Scree plot of eigenvalues obtained from
the principal component analysis (PCA) of the standardized hourly dataset. The first three principal
components had eigenvalues greater than 1 and together explained 82.66% of the total variance, with
PC1, PC2, and PC3 accounting for 59.13%, 15.05%, and 8.48%, respectively. Therefore, these three
components were retained for subsequent interpretation; Figure S5. Score plot of PC1 versus PC2
derived from the PCA of the standardized hourly dataset. PC1 and PC2 together explained 74.18%
of the total variance. The samples were distributed continuously in the PC space without sharp
boundaries, indicating that the aerosol-related variables varied along gradual transitions rather than
forming clearly separated groups. This score plot was used to visualize the multivariate structure
of the dataset and the dominant gradients of aerosol variability, rather than to infer quantitative
source categories; Figure S6. PC1-PC2 score plot colored by the three clusters obtained from k-means
clustering based on the first three principal components. The three clusters represent clean/ventilated,
intermediate accumulation, and heavy accumulation regimes, respectively. Although some overlap
remained in the reduced two-dimensional space, the clustering results still revealed distinguishable
differences in the distribution of samples, indicating that the PCA-based clustering captured the
main gradients of aerosol variability under different atmospheric conditions; Figure S7. Silhouette
coefficients for different numbers of clusters in the PCA-based clustering analysis. The highest
silhouette coefficient was obtained for the two-cluster solution (0.410), whereas the three-cluster
solution yielded a slightly lower value (0.364). Because the three-cluster solution provided a more
physically interpretable classification of atmospheric conditions, distinguishing clean/ventilated,
intermediate accumulation, and heavy accumulation regimes, it was selected for subsequent analysis;
Figure S8. Spatial distribution map of PNC during mobile observations for 10 days; Figure S9. Spatial
distribution map of O3 during mobile observations for 10 days.
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