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Abstract: Surface ozone (O3), a critical air pollutant, poses significant challenges in urban environ-
ments, as exemplified by the city of Chaozhou in southeastern China. This study employs a novel
combination of trend analysis and spatial source attribution techniques to evaluate the long-term dy-
namics of surface ozone and identify its sources. Utilizing the Kolmogorov-Zurbenko (KZ) filter and
percentile regression, we analyzed the temporal trends of daily maximum 8 h moving average ozone
(MDAS O3) concentrations from 2014 to 2023. Our analysis revealed a general long-term downward
trend in MDAS Oj values alongside notable monthly fluctuations, with peak concentrations typically
occurring in October and April. Additionally, the percentile regression analysis demonstrated a sig-
nificant downward trend in MDAS8 O3 concentrations across nearly all percentiles, with larger decline
rates at higher percentiles, highlighting the effectiveness of local and regional O3 management strate-
gies in Chaozhou. The changes in MDAS8 O3 concentrations were mainly influenced by the short-term
component, contributing 62.2%, while the contribution of the long-term fraction is relatively small.
This suggests a significant influence of immediate meteorological conditions and transient pollution
events on local O3 levels. To further elucidate the origins of high O3 concentrations, trajectory cluster
analysis, trajectory sector analysis (TSA), and potential source contribution function (PSCF) analysis
were conducted. The trajectory cluster analysis revealed that the northeast air mass was the main
transport air mass in Chaozhou during the study period, accounting for 39.1% of occurrences. The
northeast cluster C with medium-distance trajectories corresponds to higher concentration of O3,
which may be the main transport pathway of O3 pollution in Chaozhou. TSA corroborates these
findings, with northeast sectors 1, 2, and 3 accounting for 50.3% of trajectory residence time and
contributing 52.2% to O3 levels in Chaozhou. PSCF results further indicate potential high O3 sources
from the northeast, especially in autumn. This comprehensive analysis suggests that Chaozhou'’s
elevated Oj levels are influenced by both regional transport from the northeast and local emissions.
These findings offer crucial insights into the temporal dynamics of surface O3 in Chaozhou, paving
the way for more effective and targeted air quality management strategies.

Keywords: O3; KZ filter; percentile regression; cluster analysis; trajectory sector analysis; potential
source contribution function

1. Introduction

Surface ozone (O3) is a secondary gaseous pollutant with strong oxidizing properties,
significantly impacting urban air quality and posing threats to human health. Evidence has
demonstrated the short-term impacts of ozone exposure, particularly on the respiratory
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and cardiovascular systems, and increase in the risk of respiratory infections and mortality
in humans [1,2]. It can also have detrimental effects on natural ecosystems, including
damaging plant tissues, reducing biodiversity, and disrupting ecosystem functions [3].
Furthermore, O3 adversely affects crops by impairing photosynthesis, reducing growth
and yield [4]. Additionally, as a greenhouse gas, free tropospheric O3 contributes to global
climate change by trapping heat in the atmosphere, thereby influencing weather patterns
and increasing global temperatures [5]. Following the promulgation of China’s “Ambient
Air Quality Standards” (GB 3095-2012) [6], prefecture-level cities across the country have
begun monitoring and evaluating O3 pollution. The implementation of the “Ten Air
Pollution Prevention and Control Action Plan” in September 2013 has led to significant
improvements in particulate matter pollution in various regions of China. However, O3
pollution in Chinese cities has become increasingly prominent, with an overall upward
trend in ambient concentrations and frequent episodes exceeding air quality standards [7].

Temporal changes in O3 can be separated into synoptic, seasonal, and long-term
components using the Kolmogorov-—Zurbenko (KZ) filter method [8]. These changes at
different time scales are attributable to various factors: short-term changes are caused by
fluctuating weather and precursor emissions, seasonal changes are influenced by variations
in solar angles, and long-term changes are driven by climate, policy, or economic factors [9].
The long-term components can be used to analyze Os trends, assessing the effectiveness
of air pollution control measures [10]. Additionally, O3 has a lifetime ranging from hours
to weeks. Its concentration is influenced not only by the photochemical reactions of
locally emitted precursors but also by the transport of external O3 or its precursors [11,12].
Therefore, research on the sources and regional transport of O3, especially in densely
populated metropolitan areas, is gaining increasing attention. The hybrid single-particle
Lagrangian integrated trajectory (HYSPLIT) and the potential source contribution function
(PSCF) have been widely applied to study the source and regional transport of O3 [13,14].

Chaozhou, located in southeast China along the coast, is subjective to a subtropical
monsoon climate. The meteorological conditions of high temperature and strong sunshine
are conducive to the photochemical reaction of nitrogen oxides and volatile organic com-
pounds, leading to local O3 production [15]. The monsoon also plays an important role in
the transport of air pollutants [16,17]. According to the Chaozhou Ecological Environment
Status Bulletin, O3 was the main pollutant affecting the air quality index (AQI) from 2015 to
2023. In order to effectively improve ambient air quality, Chaozhou City has implemented
a series of air pollution control measures, such as the “Chaozhou City Implementation Plan
for Winning the Blue Sky Defense War (2019-2020)". Considering the relatively high levels
of O3 in Chaozhou and its severe health effects, it is imperative to conduct an in-depth
investigation into the temporal changes and spatial sources of O3. Such studies can reveal
long-term O3 trends and contributions at different time scales, as well as transport path-
ways and potential sources of high concentrations of O3, which are critical in developing
effective O3 pollution mitigation strategies.

2. Materials and Methods
2.1. Study Area and Data

Chaozhou is a port city on the east coast of Guangdong Province, China. It is in the
middle and lower reaches of the Han River basin (Figure 1). Chaozhou has a subtropical
maritime monsoon climate with a mild climate and abundant rainfall. The terrain is high
in the north and low in the south, with mountains and hills accounting for 65% of the
city’s total area. There are three national ambient air monitoring stations in Chaozhou: the
City Government (116.618° N, 23.661° E), the Archives Bureau (116.645° N, 23.671° E), and
Xiyuan Road (116.637° N, 23.672° E). The average coordinate values of the three stations
are defined as the study site of Chaozhou (23.668° N, 116.633° E), which is regarded as
the starting point of the backward trajectory model. As shown in Figure 1, the north and
northwest directions of the study site have higher topography and a poorer air pollutant
dispersion environment.
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Figure 1. Map of the study site in Chaozhou, Southeast China.

The MDAS O3 values in Chaozhou were obtained from Qingyue Data (data.epmap.org)
on 1 February 2024, the source of which is the real-time air quality release system of the
Environmental Monitoring Station of the Ministry of Environmental Protection. The data
from the Environmental Monitoring Station undergo rigorous quality control and quality
assurance (QC/QA) processes to ensure accuracy and reliability. The O3 values are detected
using ultraviolet photometric ozone analyzers, which operate based on the Beer-Lambert
law. The data cover a period of 3652 days from 1 January 2014 to 31 December 2023.

2.2. KZ Filtering and Variance Analysis

The scale separation of time series of atmospheric constituent concentrations allows
us to understand in more detail the patterns and substance of the changes. Rao et al. [8]
and Zurbenko et al. [18] proposed the KZ filtering method as a common scale separation
method, filtering KZy, ,, (X), where X is the original time series, and m and p are the filtering
parameters, denoting the sliding window length and the number of iterations, respectively.
Then, KZ;55 (X) is the baseline component with a sliding window length of 15 days and
5 iterations, and can de-filter the short-term fluctuation factors, and KZz453 (X) is the
long-term component with a sliding window length of 365 days and 3 iterations, and can
filter out the long-term fluctuation factors. The original time series with MDAS8 O3 as X can
be decomposed as
X(t) = E(t) + S(t) + W(t) 1)

where E(t) is the long-term component of MDAS O3, which is the result of the impacts of
total precursor emissions, climate, and economic changes; 5(t) is the seasonal component,
which is attributable to meteorological conditions such as seasonal changes in temperature
(Figure S1); and W(t) is the short-term component, which is mainly affected by short-term
fluctuations in precursor emissions and weather [9,19,20].
The long-term, seasonal, and short-term components are calculated, respectively,
as follows:
E(t) = KZ3g5,3 (X) (2)

S(t) =KZ155 (X) — KZ3¢53 (X) 3)
W(t) = X(t) — KZy55 (X) 4)
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Ideally, the MDAS O3 original time series decomposed by the KZ filtering technique
results in the short-term component, the seasonal component, and the long-term component,
which are independent of each other. The variance contribution can be calculated as
Equation (5), the sum of the variances of the three variables should be equal to the original
time series variance, and the total covariance between them should be zero [20].

0%(X) = ?(W) + 6%(S) + 0%(E) + 2 cov(E, S) + 2 cov(E, W) + 2 cov(S, W) (5)

where 02(X), 02(W), 62(S), and 0%(E) are the total variance, short-term component variance,
seasonal component variance, and long-term component variance of the original time series
of MDAS Og3, respectively; cov(E, S), cov(E, W), and cov(S, W) represent the covariance of
the long-term and seasonal components, the covariance of the long-term and short-term
components, and the covariance of the seasonal and short-term components, respectively.
The total covariance contribution, K, can be calculated as follows:

K = (2 cov(E, S) + 2 cov(E, W) + 2 cov(S, W))/0%(X) = 1 — (6*(W) + 0°(S) + 62(E))/ o*(X) (6)

However, the sum of the three components of the variance contribution will not be
equal to 100% due to the influence of unknown factors. The closer the sum of the three
components of the variance contribution is to 100% (that is, the total covariance contribution,
K (Equation (6)) is approximately close to 0%), the better is the decomposition effect of the
KZ filter. In addition, a relatively high percentage of variance contribution of a component
means that the component is more influential on the fluctuation of the original time series.
Analysis of variance (ANOVA) was performed using SPSS 23.0 software to examine the
contribution of the components at different time scales to the total variance of MDAS Os.

2.3. Percentile Regression

The classical least squares regression only reflects the degree of average variation
in the MDAS8 O3 concentration over time, but not the temporal variation at different
percentile levels of the conditional distribution of MDAS8 O3 concentrations. Koenker and
Bassett [16] proposed percentile regression, which extends the least squares method from
estimating conditional mean models to estimating combinations of conditional percentile
functions. This approach has been applied to the long-term trend analysis of pollutants
such as atmospheric particulate matter and O3 [21,22], or the analysis of factors influencing
atmospheric pollutants [23]. The percentile regression method was used to analyze the
temporal variation pattern of MDAS O3 at different percentile levels.

2.4. Backward Trajectory Model and Trajectory Cluster Analysis

Combined with the reanalysis meteorological databases from the National Environ-
mental Forecasting Center (accessed on 1 March 2024), the HYSPLIT model (HYSPLIT,
https:/ /www.ready.noaa.gov/HYSPLIT.php, National Oceanic and Atmospheric Adminis-
tration) was applied to calculate the 72 h backward air mass trajectory reaching Chaozhou
from 1 January 2020 to 31 December 2023. The model calculation times were 0:00, 06:00,
12:00, and 18:00 world standard time every day (the corresponding local times were 08:00,
14:00, 20:00, and 02:00 on the next day, respectively). Then, the geographic information
system-based TrajStat software (version 1.5.3) was used for statistical analysis based on
backward trajectories [24], including trajectory cluster analysis, trajectory sector analysis
(TSA), and potential source contribution function (PSCF).

According to the spatial similarity (transmission speed and direction) of backward
trajectories, trajectory cluster analysis was conducted, and obtained the trajectory clusters
composed of different trajectories. On this basis, the occurrence frequency of each trajectory
cluster and its corresponding O3z concentration were statistically analyzed. It was of great
importance to analyze the dominant air mass direction and the potential source directions
of pollutants at the study site (23.668° N, 116.633° E). In this study, TrajStat software was
used to perform trajectory cluster analysis on the backward trajectories of Chaozhou City
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during the study period. The distance between backward trajectories was calculated by
Euclidean, and the formula is as follows:

. @;l_l ((X1) — X2(0)2 + (1) ~ ¥2(0))?) )

where dj; is the Euclidean distance between backward trajectories 1 and 2 (°); X (i) and
Y1(i), and X;,(i) and Y;(i) represent the longitude and latitude coordinates of the spatial
positioning of backward trajectories 1 and 2, respectively, at the i time interval (°); and 7 is
the integer 72, which indicates the total running time of the backward trajectory (72 h).

2.5. TSA Analysis and PSCF Analysis

TSA analysis is a statistical method used to calculate the average pollutant concen-
trations corresponding to the backward trajectories in all directions of the study site, as
well as to evaluate the influence of air masses from different directions on the pollutant
concentration at the study site. Taking the study site (23.668° N, 116.633° E) as the center,
the coverage of the backward trajectory was divided into twelve sectors with a span of
30°, which were sector 1 from due north to northeast 30° numbered clockwise to sector 12
(Figure S2). Considering that the sector may not be well defined near the origin and a small
amount of curvature in the trajectory may lead to spurious results, the trajectory during the
first 6 h (Figure 52) was excluded in TSA [25]. The average O3 concentration corresponding
to each sector and its relative contribution to the O3 concentration in Chaozhou City are
calculated as follows:

C] === 7 Il\]]I el (8)
N
Nj =3} fi ©)
CiN;
%C; = ——— x 100 (10)
L= GN;j

where C; is the weighted average value of O3 mass concentrations corresponding to all
backward trajectories in sector j (1g/m?3); N; is the total number of the backward trajectories;
C; is the O3 mass concentration corresponding to the i backward trajectory (ug/ md); fij and
N; are the residence times of the i backward trajectory and all backward trajectories within
sector j (h), respectively; %Cj is the relative contribution of sector j to the O3 concentration
in Chaozhou (%).

PSCF analysis is a statistical method that uses backward trajectories to calculate and
describe the potential source contribution locations of pollutants at the study site [26]. The
high value of PSCF indicates that the possibility of high concentrations of pollutants when
reaching the study site after passing through the area is high, that is, the potential source
of pollution. A PSCF grid layer with a cell size of 0.5° x 0.5° was created, and the PSCF
values for each grid cell were calculated using the following formula:

_ M

bij = e (11)

where P;; is the PSCF value of the ij grid; m;; is the residence time of the trajectory, with the
O3 concentration higher than the threshold (100 g/m?3) in the ij grid when arriving at the
study site through the ij grid; and n;; is the residence time of all trajectories passing through
the ij grid (h). To eliminate the uncertainty in potential source region judgment caused by
the short residence times of grid backward trajectories and high PSCF values, P;; multiplied
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by the weighting factor W;; is usually used to represent the final PSCF value [27,28]. The
Wi; settings in this study are as follows:

1.00 (80 < 1’11‘]‘)
070 (25 < n;; < 80)
042 (15 < m;j < 25)

Wi = (12)

3. Results and Discussion
3.1. General Characteristics of Yearly and Seasonal O3 Distribution

The annual statistics of MDAS8 O3 mass concentrations in Chaozhou are given in
Figure 2a. During the study period, the annual maximum value of MDAS8 O3 showed a
general decreasing trend (Figure S3), while the 25th and 75th percentile concentrations
of MDAS O3 ranged between 66 and 148 p1g/m?3, showing no clear trend. From 2006 to
2019, the average O3 concentration in the Pearl River Delta (PRD) of Guangdong Province
increased significantly, and, after 2016, the growth rate of the MDAS8 O3 concentration
accelerated, with a value of 2.08 j1g/m?3 per year [29]. In order to accelerate and effectively
control O3 pollution and improve air quality, Chaozhou has developed a series of measures
to control the emission of air pollutants. The results show that the above control measures
in Chaozhou were effective, with the MDAS8 O3 concentration not showing an increasing
trend as it did in the PRD of Guangdong Province, and the percentage of the MDAS
O3 concentration exceeding the secondary standard of “Ambient Air Quality Standards”
(GB3095-2012) (160 ug/ m?3) reached the lowest value of 2.0% in 2020 (Figure 2a). This
standard is an essential benchmark in assessing and managing ozone pollution levels in
urban areas. Studies have shown that, during the COVID-19 pandemic, concentrations
of some air pollutants in China decreased. However, in some urban areas, ozone levels
increased due to reduced titration of ozone by nitrogen oxides (NOx) [30,31]. Therefore,
the annual decrease in ozone concentrations in Chaozhou is not a result of the COVID-19
pandemic but rather the outcome of effective pollution control measures implemented in
the region.

The monthly variations in MDAS8 O3 mass concentrations in Chaozhou, from 1 January
2014 to 31 December 2023 are shown in Figure 2b. Episodes of O3 pollution with higher
MDAS8 O3 mass concentrations (>160 ug/ m?) were observed in each month, particularly
in October, September, and April, with exceedance rates of 17.2%, 14.1%, and 13.1%,
respectively. Generally, the middle percentiles (25th, 50th, and 75th) represent the typical
cases of MDAS8 O3 concentrations [32]. As shown in Figure 2b, the MDAS8 O3 concentrations
of the 25th, 50th, and 75th percentiles exhibited fluctuations, with double peaks occurring
in October (autumn) and April (spring). Importantly, in all months, the 75th percentile
values did not exceed the secondary standard (160 pg/m?3). The 90th percentile of MDAS
O3 also exhibited monthly variation characteristics, forming a significant “M” shaped curve
(Figure 2b). The monthly variation characteristics of MDAS8 O3 were consistent with those
observed in Shantou [33], a city adjacent to Chaozhou, as well as in other cities in southern
China [34]. This “M” shaped curve can be explained by fluctuations in meteorological
conditions and seasonal shifts in precursor emissions [34]. The lower O3 concentrations in
summer may be due to the climatic characteristic of the southwest monsoon that prevails
in summer, as the predominant air mass comes from the southwest cluster E (Figure 54),
corresponding to lower O3 concentrations (Figure S5).



Atmosphere 2024, 15, 777

7 of 17

Year
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
1

300

1 1 1
(a) P25%~75% ¥ Max ® Median A Min * 10%,90% ---- 160 pg/m’

250

200 +

(b) BN 25%-75% V¥ Max @ Median A Min * 10%,90% ---- 160 pg/m’

Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec
Month

Figure 2. Annual (a) and monthly (b) statistics of MDAS8 O3 mass concentrations in Chaozhou, from
2014 to 2023.

3.2. Time Series Decomposition and Analysis of MDAS8 O3

The results of the time series decomposition of MDAS8 O3 in Chaozhou City from 1
January 2014 to 31 December 2023, using the KZ filtering technique, are shown in Figure 3.
The short-term component of the MDAS8 O3 concentration in Chaozhou City exhibits
frequent oscillatory fluctuations, with the main fluctuation range concentrated in —50
to 50 ng/ m3. A quantile—quantile (Q-Q) plot of W(t), presented in Figure S6, indicates
that W(t) essentially follows a normal distribution, suggesting that the KZ;55 (X) filter
effectively removed W(t) from X(t). The peak of the seasonal component of MDAS O3
concentrations is less obvious, and the high value basically occurs in spring or autumn,
similar to the monthly statistics in Figure 2b. The long-term components of MDAS8 O3
showed an overall decreasing trend, with less fluctuation after 2018 (Figure 3d). A least
squares linear regression analysis using the number of days calculated from 1 January
2014 to 31 December 2023 as the independent variable (x), and the MDAS8 O3 long-term
component as the dependent variable (y), yielded y = —0.00506x + 111.728 (R? = 0.522,
p < 0.0001). This predicts an annual average (365 days) decrease of 1.8 pg/m? in the MDAS8
O3 concentration in Chaozhou. This finding indicates that Chaozhou’s O3 concentration
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has shown a long-term downward trend over the past decade, reflecting the effectiveness
of local air quality management and pollution control policies.

Day
0 365 730 1095 1460 1825 2190 2555 2920 3285 3650
1 1 1 1 1 1 1 1 1 1

250
a
200 @)

150

“JEWJ \M T M

0 t t t } } t t } t t
100 4 (b)

50 1
04
-50 -
-100

0 (ng/m’)

90 1

80 1 1 1 1 1 T 1 1 1 1
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Year

Figure 3. The original MDAS8 O3 time series (a), and its decomposition using KZ-filtering into short-
term component of W(t) (b), seasonal component of 5(t) (c), and long-term component of E(t) (d) in
Chaozhou City.

After decomposition using the KZ filtering technique, variance analysis was also
performed to examine the contribution of each time scale component to the total variance
of the MDAS Oj time series. The total covariance contribution was 12.3%, indicating that
the MDAS Oj time series were relatively well separated by KZ filtering. The contribution
rates of the short-term component, seasonal component, and long-term component were
62.2%, 21.6%, and 3.8%, respectively. This indicates that the MDAS8 O3 concentration is
mainly affected by the short-term component, contributing 62.2%. In contrast, the long-
term component also plays a role in shaping the general trend of ozone concentration,
although it has a relatively small contribution.

3.3. Percentile Regression Analysis of Temporal Changes in MDAS O3

The least squares linear regression only reflects the average change in MDAS O3
concentrations over time, but not the temporal variation at different percentile levels of
MDAS Os. In general, the lower percentiles (5th) of MDAS8 O3 represent the baseline or
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background concentration, the middle percentiles (25th, 50th, and 75th) represent the MDAS
O3 concentration under typical conditions, and the higher percentiles of 95th represent
concentrations during O3 contamination events [32]. The health risk of O3 contamination to
the exposed population should focus more on the upper percentile O3 concentrations and
their trends. Therefore, using the MDAS8 O3 original time series as the dependent variable
(y) and the number of days starting from 1 January 2014 as the independent variable (x),
regressions for the 5th, 50th, and 95th were performed to analyze the temporal changes
of MDAS O3 at different percentile levels in Chaozhou. As shown in Figure 4, the 95th
percentile of the original data of MDAS8 O3 exhibited a significant decreasing trend, with
a predicted decrease rate of 3.2 ug/m? per year. Meanwhile, the 50th percentile showed
a slight decreasing trend, with a decrease rate of 1.6 pg/m3 per year. For the seasonal
cycle of MDAS8 O3, regression results for the 50th and 95th percentiles also indicate a yearly
decreasing trend in O3 concentration (Figure 4). To better understand the temporal changes
in different percentile levels of MDAS Os, percentiles from Oth to 100th were divided into
99 percentiles at 1% increments. The coefficients of the independent variable, x, and the
constant, C, of the percentile regression analysis are shown in Figure S7. As the percentile
level of MDAS Oj increased, the coefficient of the independent variable, x, of the percentile
regression began to decrease from positive values to negative, and deviated further away
from zero. It can be seen that almost all percentile regressions indicate a downward trend
in ozone concentration in Chaozhou, with the degree of decrease (the coefficient of the
independent variable (x)) increasing as the percentile increases.

Day
0 365 730 1095 1460 1825 2190 2555 2920 3285 3650
Original data
2504 (2) — - —0.95 PR (y=—0.008889x + 181.8667 )
—+-=0.50 PR (y=-0.004399x + 109.0220 )
200 - 0.05PR (y=-0.001601x + 46.0737 )
1504 . (VGER! (id ol BLe IELY | IR TG e
100 1 I RV Ll O A S e L e L. A KU A 1
A 50 1
£
en
= 0 + } t t +
~ Seasonal cycle — — Long-term trend
O"‘ — - —=0.95 PR (y=—0.009642x + 154.0847 )
150 - —--=0.50 PR (y=-0.002800x + 105.8905 )
e 0.05 PR (y=-0.000209x + 70.0406 )
W= -
125 1
- u ]
100 4 AT M
||
75 4
50 T T T T T T T T T T
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Year

Figure 4. Percentile regression of the original MDAS8 O3 data (a) and the seasonal cycle obtained after
decomposition using KZ filtering (b).
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3.4. Trajectory Clusters and Transport Pathways

In this study, a total of 5844 backward trajectories from 1 January 2020 to 31 December
2023 were clustered and analyzed, and five trajectory clusters were obtained (Figure 5,
detail in Figure 54). Based on the transmission distance classification, cluster A repre-
sents relatively short-distance trajectories, indicative of slow-moving backward air masses.
clusters C, D, and E correspond to medium-distance trajectories. In contrast, cluster B is
characterized by long-distance trajectories, rapidly transporting air masses across Inner
Mongolia, Hebei, Shandong, Jiangsu, Zhejiang, and Fujian before reaching the study site in
Guangdong Province. The source directions of these trajectory clusters vary, with clusters B
and C originating from the northeast, cluster D from the east, cluster E from the southwest,
and cluster A having no specific directional classification (Figure S4).

songd 11 N 12 2
40N{
P 3
30°N-
20°N-
4
IOUN' | . ] rd ) \ . -
7 l - e N ‘
8 lr / 7 — 6 ".' \ 5
90°E 100°E 110°E 120°E 130°E 140°E

Figure 5. The spatial distribution of the five trajectory clusters (A-E) across different sectors (1-12),
where A-E represent different air mass pathways and 1-12 represent different directional segments
around the study area.

Figure 6 shows the frequency and probability of occurrence of each trajectory cluster
during the study period. According to this result, the trajectory clusters from different
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source directions ranked as follows: trajectory clusters B and C in the northeast (a total
of 39.1%), trajectory cluster D in the east (27.4%) and trajectory cluster E in the southwest
(24.6%). As to the seasonal differences, it was found that the northeastern trajectories (clus-
ters B and C) dominated in winter and autumn, while the southwestern trajectory (cluster
E) dominated in summer. This was basically consistent with the climate characteristics
of Chaozhou, which is located in a coastal city in the subtropical monsoon region, with
southerly and northerly winds prevailing in summer and winter, respectively.

Winter
0
1600 - Autumn 25 6, 27.4%
m Summer -070 24.6%
{2 Spring
5
5 1200 -
=
5
3
o
E 13.5%
2 800 - 576
=
3
g 9.0%
Yt
[
400 -
0

Trajectory cluster

Figure 6. Frequency and probability of occurrence for the five clusters.

Based on the comprehensive analysis of trajectory length, direction (Figure 5), fre-
quency, probability of occurrence (Figure 6) and the corresponding O3 concentration of
the trajectory cluster (Figure 7), the transport pathways of O3 pollution in Chaozhou City
are described as follows. During the study period, trajectory cluster C, originating from
the northeast direction, passed through Zhejiang and Fujian provinces. It had a higher
probability of occurrence in autumn and winter, with the corresponding median O3 con-
centration being the highest at 102 ug/m?>. Trajectory cluster A, without a fixed direction,
belongs to a relatively short-range transport trajectory cluster with a probability of 9.0%. It
originates from local areas, with a higher probability of occurrence in spring and winter,
and the corresponding median O3 concentration is 100 ug/m3. Trajectory cluster E from
the southwest has the highest occurrence probability in summer, with almost negligible
occurrence probability in winter and autumn, with the lowest median O3 concentration
of 80 ug/m?3. Trajectory cluster B, originating from the northeast, passes through Inner
Mongolia, Hebei, Shandong, Jiangsu, Zhejiang, and Fujian provinces, with a higher occur-
rence probability in autumn and winter, and the corresponding median O3 concentration is
92 ug/m?3. Trajectory cluster D, originating from the east, has a corresponding median O3
concentration of 92 ug/m?3.
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Figure 7. Violin plots of MDAS8 O3 concentrations associated with the five clusters.

3.5. Trajectory Sector Analysis of O3

The five trajectory clusters obtained by cluster analysis can reflect the specific move-
ment pathways, distances, and source directions of various air masses in Chaozhou City
(Figure 5), as well as the corresponding O3 concentrations (Figure 7). However, they do
not encompass the transport of air masses in all directions and their corresponding O3
concentrations, which is crucial for gaining a comprehensive understanding of the spatial
distribution and sources of O3 pollution. TSA analysis can effectively address this issue
and can be mutually confirmed with the trajectory clustering results.

The backward trajectory residence time (N;) of the 12 sectors during the study period
and each season are shown in Figure 8. The top three percentages of N; were found for
sectors 2, 3, and 1, with values of 23.1%, 16.5%, and 10.7%, respectively (a total of 50.3%),
indicating that the backward trajectories in the northeast were dominant. Meanwhile, the
lowest three percentages of Nj were found for sectors 10, 9, and 11, with values of 1.1%,
2.4%, and 3.9%, respectively. This is consistent with the trajectory clustering results. Sectors
9,10, and 11 have a small number of backward trajectories (Figure S4). The five trajectory
clusters formed by backward trajectory clustering also do not pass through the above three
sectors (Figure 5). Such results may be affected by the topography of Chaozhou, as the
region is characterized by higher elevations in the north and lower elevations in the south,
with mountainous terrain in the north (Figure 1). Mountain obstruction results in fewer
backward trajectories in the northwest sector of the study site. The N; in spring, autumn,
and winter was similar to that during the study period. In winter, the backward trajectory
in the northeast was dominant, with N]- percentages of 33.5%, 19.5%, and 18.9% for sectors
2,3, and 1, respectively. This pattern was in line with the northerly monsoon in winter. The
highest percentage of N; in summer was in sector 7 (29.2%), followed by sector 8 (21.5%),
which was consistent with the summer monsoon.
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Figure 8. Percentage of the total number of the backward trajectories (N;) for the twelve sectors:
during the study period (a), in spring and autumn (b), and in summer and winter (c).

The average concentration of O3 corresponding to each sector (C;) is shown in Figure 9.
The average concentration of O3 in sectors 3 and 2 was as high as 101.5 and 99.5 ug/ m3,
respectively. The sector analysis is basically consistent with the trajectory cluster results,
with the northeast direction corresponding to high concentrations of O3. Meanwhile, the N;
percentages of sectors 1, 2, and 3 were 10.7%, 23.1%, and 16.5% respectively, resulting in a
higher relative contribution (°/on) of 10.6%, 24.1%, and 17.5% (a total of 52.2%). In contrast,
due to the relatively low percentage of Nj, sectors 10, 9, and 11 also had lower relative
contribution percentages of O3, which were 1.1%, 2.3%, and 3.8%, respectively. Thus, TSA
result suggests that the northeast direction (sectors 1, 2, and 3) contributed about half
(50.3%) of the backward air mass trajectory extraction time during the study period, and
also contributed about half of the O3 weighted concentration in Chaozhou City (52.2%).
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Figure 9. Sector average concentration (a) and relative contribution (b) for O3 in Chaozhou during

the study period.
3.6. PSCF Analysis of O3

The trajectory cluster analysis and TSA can identify the main transport pathways and
source directions of high O3 concentrations in Chaozhou, but cannot locate the specific
position contributing to O3 at the study site. To address this limitation, PSCF analysis
was performed utilizing backward trajectories and O3 data from the study period. As
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illustrated in Figure 10, high PSCF values (>0.5) are predominantly found in sectors 2, 3,
and 1 in the northeast direction, covering the major pathways of cluster C with higher
O3 concentrations (Figure 7). This suggests that there may be strong pollution emission
sources in these areas. Conversely, PSCF values in the southeast, southwest, and northwest
directions are generally lower. Seasonal analysis reveals that PSCF values are typically
reduced in summer (June-August) and winter (December-February) due to comparatively
lower O3 concentrations during these periods (Figure S5), as evidenced by the limited
number of days with concentrations exceeding 160 ug/m? (Figure 2). In contrast, a higher
proportion of days with O3 concentrations exceeding 160 pg/m? occurs in spring (March—
May) and particularly in autumn (July-September). The backward trajectory air masses
in autumn mainly come from the northeast (Figure S8), which is basically consistent with
the distribution of high PSCF values. NMVOC and NOx emission maps obtained from
the China MEIC emission database [35] further confirm these findings. According to the
2020 emission map (Figure S9), the highest NMVOC emissions are observed in densely
populated and developed areas, especially in the eastern and southern coastal provinces of
Jiangsu, Shandong, Zhejiang (Sectors 1 and 2), and the PRD area of Guangdong (Sector 9).
Similarly, the highest NOx emissions are also found in these coastal provinces. The spatial
distribution of these emissions confirms that there are high ozone precursor emissions in
the northeast of the study site, and the high O3 concentrations in Chaozhou may be affected
by regional transport from these high-emission regions. However, during spring, both
Chaozhou and its surrounding areas show high PSCF values (>0.5), suggesting that O3
pollution may result from both regional transport and local emissions. This finding aligns
with the precursor emission data from the China MEIC emission database (Figure S9).

50°N1

40°N 1

30°N

20°NT

10°N

100°E 110°E 120°E 130°E 140°E

Figure 10. Distribution map of PSCF values for MDAS8 O3, where sectors 1 to 12 represent different
directional segments around the study area.
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4. Conclusions

This study comprehensively analyzed the temporal trends and spatial sources of
surface O3 in Chaozhou. Our findings indicate a general long-term downward trend in
the MDAS O3 concentrations, despite significant monthly fluctuations. Notably, the peak
concentrations of MDAS Oj typically emerged in October (autumn) and April (spring). The
analysis indicates that more than 62.2% of the variability in MDAS8 O3 concentrations was
driven by short-term variations in environmental factors, while long-term contributions
had minimal impact. This highlights the significant influence of immediate meteorological
conditions and transient pollution events on local O3 levels.

Furthermore, statistical analysis based on backward trajectories was used to provide
deep insights into the transport pathways and sources of surface O3, from 1 January 2020 to
31 December 2023. Air masses from the northeast, particularly from clusters B and C, were
identified as major contributors to elevated O3 levels in Chaozhou, accounting for 39.1% of
the air masses during the study period. These findings were corroborated by TSA results,
which showed significant contributions from the northeast sectors, underscoring the critical
role of regional transport in shaping O3 pollution in Chaozhou. The PSCF analysis further
supported this, pinpointing the northeast as a significant potential source region, especially
during the autumn months when O3 levels peak. The PSCF result for the spring period
showed that local source emissions also contributed to high O3 concentrations.

In summary, this study elucidates the temporal trends and spatial sources of O3 pollu-
tion in Chaozhou. Given the significant role of regional transport, enhanced cooperation
among regional stakeholders is essential to effectively manage and mitigate O3 pollution.
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A linear regression analysis of the annual maximum values of MDAS Oj; Figure S4: Backward
trajectories for different clusters at the study site from 1 January 2020 to 31 December 2023; Figure S5:
Seasonal distribution map of PSCF values for MADS Og3; Figure S6: A quantile-quantile (Q-Q) plot
of W(t); Figure S7: Percentile regression coefficient of O3 ((a) coefficient of independent variable x;
(b) Constant C); Figure S8: Backward trajectories at study site for each season, from 1 January 2020 to
31 December 2023; Figure S9: NWVOC (a) and NOx (b) emissions in the area surrounding the study
site in 2020.
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