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Abstract: The rapid industrialization and urbanization in China have exacerbated air pollution,
particularly PM2.5, posing significant threats to public health. This study focused on Lianyungang,
an industrial city, to analyze the spatiotemporal variations in PM2.5 concentrations from 2000 to 2023
and identify the influencing factors. Utilizing high-resolution PM2.5 data from the ChinaHighPM2.5

dataset and ERA5 meteorological data, the study employed Empirical Orthogonal Function (EOF)
analysis to capture spatial variability and the Bayesian Estimator of Abrupt Change Seasonal and
Trend (BEAST) to assess long-term trends and abrupt changes. The key findings include a marked
seasonal pattern, with higher PM2.5 levels during the winter months and lower concentrations in the
summer, primarily driven by temperature, humidity, and precipitation. A significant decline in PM2.5

levels was observed after 2014, following the implementation of pollution control measures. The study
underscores the importance of continued environmental regulation and green technology adoption
in mitigating air pollution in rapidly industrializing cities. This research provides a comprehensive
analysis of PM2.5 trends and highlights the critical role of natural and human factors, contributing
valuable insights for policymakers and researchers aiming to improve air quality.

Keywords: PM2.5; Lianyungang; spatiotemporal variations; ChinaHighPM2.5; EOF

1. Introduction

With the rapid advancement of global industrialization, air pollution has become a
major environmental issue that affects human health and has attracted global attention [1].
Fine particulate matter (PM2.5), which refers to particles with an aerodynamic diameter
of 2.5 microns or less, mainly consists of inorganic ions, carbon compounds, and mineral
dust. The carbon compounds include both black carbon and organic carbon, as well
as secondary organic aerosols. These components come from direct emissions, such as
forest fires and agricultural waste burning. They also include secondary formations, like
windblown mineral dust and pollutants that are formed through atmospheric chemical
reactions. The main sources of these pollutants include residential energy use, vehicle
emissions, energy production, solvent production and use, industrial emissions, and
agricultural fertilization. PM2.5 particles have strong penetrability and can enter deep
into the respiratory system, leading to various respiratory and cardiovascular diseases,
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and increasing overall mortality [2–4]. From 1980s to 2010s, with the rapid urbanization
and industrialization, PM2.5 pollution became particularly prominent in many regions,
attracting the focus of researchers and policymakers [5]. Due to the complex sources and
spatiotemporal variability of PM2.5, long-term monitoring using atmospheric stations,
remote sensing, and data analysis is essential to understanding its dynamics. These
methods help policymakers identify key pollution sources and develop strategies to reduce
emissions and protect public health [6].

Remote sensing has become an important tool in air quality monitoring because of its
large coverage, high temporal resolution, and nondestructive detection capabilities [7–9].
In recent years, significant progress has been made in the application of remote sensing
technology for PM2.5 monitoring [10]. Various satellite platforms, such as MODIS, VIIRS,
TROPOMI, as well as MetOp (including IASI and GOME-2) and AQUA (MLS), provide
researchers with extensive aerosol optical depth (AOD) data and atmospheric composition
measurements. These sensors contribute crucial information, with IASI and GOME-2 offer-
ing detailed gas concentration data (e.g., ozone and nitrogen dioxide), and MLS providing
vertical profiles of atmospheric pollutants, while AOD data are primarily available from
other instruments such as MODIS and VIIRS [11–13]. Through inversion algorithms (e.g.,
regression models, physical models, and machine learning algorithms), these data can be
used to accurately estimate surface PM2.5 concentrations [10,14,15]. Remote sensing offers
unique advantages in monitoring PM2.5 pollution, overcoming the geographical limitations
of traditional ground monitoring stations and enabling more comprehensive and continu-
ous spatial monitoring. This is crucial for a deeper understanding of the long-term trends
and seasonal variations in PM2.5 pollution. Remote sensing-based monitoring methods can
precisely detect the spatiotemporal distribution of PM2.5, which can provide data support
for the trend analysis of the pollutant concentrations, as well as a scientific and reliable
basis of decision for the environmental management.

Lianyungang is located on the east coast of China (Figure 1) and is an important port
city in Jiangsu Province. Its geographical location is unique and belongs to the warm-
temperate monsoon climate zone and has distinct four seasons. The terrain of Lianyungang
slopes from northwest to southeast and has various landforms including mountains, plains,
oceans, rivers, lakes, hills, and mudflats. The area is divided from west to east into a hill
area, plain, coastal area, and the Yuntai Mountain, an area with 251 peaks covering an area
of nearly 200 km2 [16]. Lianyungang’s varied terrain, with mountains scattered between
urban areas, can hinder the timely spread of pollutants. In addition, the city often experi-
ences adverse meteorological conditions such as temperature inversions and calm winds
in winter and spring, making air quality problems more challenging [16]. With the rapid
economic development of Lianyungang, industrialization and urbanization have acceler-
ated significantly, which is driven by heavy industries such as the steel and petrochemical
industries, resulting in more and more PM2.5 pollution [16,17], which frequent exceeds the
allowed PM2.5 pollution levels. In recent years, air quality problems in Lianyungang have
posed a threat to the residents’ health and quality of life [18].

Research on PM2.5 pollution in Lianyungang has made some progress and has mainly
focused on the following areas: spatiotemporal distribution analyses, pollution charac-
teristics, source distribution, and health impact assessments [19–25]. The current studies
rely heavily on ground monitoring data and model simulations, which help reveal the
distribution patterns and key influencing factors of PM2.5 levels [22,25]. However, due to
the limited spatial coverage and relatively short time span of data from monitoring stations,
these studies were unable to capture the long-term trends and large-scale spatiotemporal
distribution characteristics. These limitations hinder a comprehensive understanding of
the pollution situation, as PM2.5 in the city has significant impacts for the science-based
formulation of pollution control policies.
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In contrast, remote sensing data, with its large time coverage and long temporal span,
have shown significant advantages in overcoming these limitations. In recent years, studies
have analyzed long-term remote sensing data to investigate the spatiotemporal variations
in PM2.5 levels in different regions and revealed the mechanisms of various influencing
factors [17,26]. However, for Lianyungang, a coastal city with typical industrialization
characteristics, there is still a lack of systematic research based on long-term remote sensing
data. Conducting such studies will not only help in comprehensively understanding the
spatiotemporal characteristics of PM2.5 pollution in Lianyungang, but it also has important
practical significance and research value for formulating science-based guidelines for
pollution control.

The main objective of this study was to use long-term remote sensing data from 2000
to 2023 to reveal the spatiotemporal variation characteristics of PM2.5 concentrations in
Lianyungang and identify the main trends and rules of change. To this end, we investigated
the key factors affecting the spatiotemporal distribution of PM2.5, including natural factors
(such as meteorological conditions and topographic features) and human factors (such as
industrial emissions, traffic density, and urban expansion). The specific research questions
included the following: What are the spatiotemporal variation characteristics of the PM2.5
concentrations in different periods in Lianyungang? What factors play a crucial role in
the spatiotemporal changes in PM2.5 concentrations? The answers to these questions will
provide scientific evidence for air quality management in Lianyungang and similar cities.

2. Materials and Methods

This section details the data sources and the methods used in this study. The data
include high-resolution PM2.5 concentration and ERA5 meteorological datasets. The main
analytical approach combines Empirical Orthogonal Function (EOF) analysis, Principal
Component Analysis (PCA), and the Bayesian Estimator of Abrupt Change Seasonal and
Trend (BEAST) algorithm to explore the spatial variability, detect trends, and analyze the
seasonality of PM2.5 concentrations.
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2.1. Data Acquisition and Processing
2.1.1. PM2.5 Data

This study utilized a high-quality monthly average dataset of PM2.5 concentrations ob-
tained from the ChinaHighPM2.5 dataset [27]. This dataset, which provides high-resolution
(1 km) PM2.5 data spanning from 2000 to 2023, was reconstructed using the Space-Time
Extra-Trees (STET) model and Moderate Resolution Imaging Spectroradiometer (MODIS)
data, as described in Wei et al. [10]. This dataset provides a comprehensive and seamless
spatial representation of PM2.5 concentrations across China and enables an in-depth study
of the spatiotemporal dynamics of air pollution. This comprehensive dataset enables a
more holistic understanding of the long-term evolution patterns of PM2.5 pollution and can
be used to shed light on the complex interplay between factors that influence air quality
over time. Here, the administrative district shapefile of Lianyungang was utilized to clip
the original dataset using MATLAB (2024a), thereby generating a monthly average PM2.5
dataset specific to Lianyungang for further analysis. To achieve a refined representation
of the spatial distribution characteristics, the MATLAB function “shading interp” was
applied to smooth the color transitions between grid cells, enhancing the visual continuity
of the plot.

2.1.2. Meteorological Data

Meteorological data from the ERA5 reanalysis dataset were used for the analysis.
The ERA5 dataset was created and is continuously updated by the European Center for
Medium-Range Weather Forecasts (ECMWF) [28]. It is widely used in areas such as
meteorology, hydrology, and land surface modeling [29,30]. Similarly, the administrative
district shapefile of Lianyungang was utilized to clip the original dataset in MATLAB,
resulting in a monthly average dataset specific to Lianyungang with a spatial resolution of
0.25◦. Subsequently, we performed regional averaging to obtain the climate average values,
which were used in the calculation of the average monthly regional climate values. These
results were used in the subsequent correlation analysis with PM2.5.

In selecting the meteorological parameters for this study, we focused on their sig-
nificance in understanding air pollution dynamics and their interactions with weather
conditions. We incorporated various surface and boundary layer variables obtained from
the ERA5 dataset, which are crucial for grasping the factors influencing air quality.

Data on the Boundary Layer Height (Blh; unit: m), a critical parameter for understand-
ing the vertical distribution of pollutants in the atmosphere, were collected. Generally, a
higher Blh indicates a greater capacity for dilution, which helps to lower pollution levels at
the surface [31]. Surface Downwelling Shortwave Flux (Ssrd; unit: J/m2) plays a role in
determining ground temperatures and is linked to photochemical reactions that affect the
formation of ozone and PM2.5 [32]. Total Precipitation (Tp; unit: m) is also important since
it helps wash away pollutants, directly impacting PM2.5 concentrations [33].

Surface Air Pressure (SP; unit: Pa) is another critical factor, as changes in pressure relate
closely to the movement of weather systems that can influence both vertical and horizontal
pollutant transport [34]. In addition, humidity metrics, such as Relative Humidity (RH;
unit: %), Absolute Humidity (AH; unit: %), and Specific Humidity (q; unit: g/kg), are also
vital because they significantly affect the growth of hygroscopic aerosols and the likelihood
of haze formation [35]. RH, AH, and q can be derived using 2-Meter Temperature (T2 m,
unit: K), 2-Meter Dewpoint Temperature (D2 m, unit: K), and SP, as detailed in the book
Atmospheric Physics [36].

Wind Speed at 10 Meters (W10; unit: m/s) and Wind Direction (WD; unit: ◦), derived
from the 10-Meter U Wind Component (U10; unit: m/s) and the 10-Meter V Wind Com-
ponent (V10; unit: m/s) from the ERA5 data, were utilized to analyze the mechanisms
through which air pollutants spread and disperse across larger areas [37].
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2.1.3. Statistical Data

The statistical data were primarily from the comprehensive statistical figures of the
“Lianyungang Statistical Yearbook” for 2001–2023 [38], which was compiled and published
by the Lianyungang Municipal Bureau of Statistics. The yearbooks contain a wealth of
data on various aspects such as macroeconomic indicators, population statistics, industrial
development, and tax financing and provide a rich data base with data for GDP, industrial
output value, built-up area, etc.

2.2. Data Analysis Methods
2.2.1. EOF Analysis

EOF analysis is a robust statistical technique for identifying the principal patterns of
spatial and temporal variability within a dataset [39–41]. This method decomposes the
data into a series of orthogonal spatial functions that are intrinsically derived from the
dataset itself, rather than being predefined [40]. These functions are sequentially ranked
according to the variance they explain, forming the most efficient framework for variance
decomposition [40]. Typically, a small subset of EOF patterns (e.g., the first three) can
account for a significant portion of the total observed variance, highlighting the presence of
a limited number of dominant long-term patterns within the data [40]. EOF analysis offers
the advantage of providing a concise representation of the spatial and temporal variability
within data series, articulated through orthogonal functions and their corresponding time
series coefficients [39,41]. With a long-standing history of application across various
disciplines, including meteorology, oceanography, and geophysics, EOF analysis adeptly
encapsulates complex datasets through a reduced set of orthogonal functions and their
associated time series [42–44].

Here, the monthly average PM2.5 concentration anomalies dataset from Lianyun-
gang City was utilized as the input data. This process extracted the primary spatial
patterns associated with PM2.5 concentrations and their temporal variations, aiming to
explore the spatiotemporal characteristics of PM2.5 and highlight the long-term trends and
seasonal variations.

2.2.2. Statistical Methods

Here, OriginPro (2024b) software was utilized for the data analysis to ensure the
accuracy and scientific rigor of the results. PCA was employed to reduce the dimensionality
of the data and uncover the primary variation patterns in the high-dimensional datasets.
PCA achieves this by computing a correlation matrix among the variables and extracting a
few principal components that explain most of the variance in the data [45]. This method
facilitates the visualization of data clustering and distribution characteristics, thereby
providing a deeper understanding of the dataset [45].

Additionally, Pearson correlation coefficients (r) and p-values were used to assess the
linear relationships between variables. The r value quantifies the degree of linear correlation
between two continuous variables, while p-values indicate the statistical significance of
these correlations [46]. To further analyze the relationships between variables, linear
fitting was applied using the least squares method to estimate the parameters of the
regression model (slope and intercept) and to compute the coefficient of determination (R2)
for evaluating the goodness of fit.

2.2.3. Trend and Seasonal Change Analyses

The BEAST algorithm, introduced by Zhao et al. [46], is a robust time-series decom-
position tool designed to detect abrupt changes, seasonality, and trends in environmental
data [47]. Unlike conventional algorithms that rely on a single “best” model, BEAST em-
ploys a Bayesian ensemble modeling approach, integrating multiple competing models
through Bayesian Model Averaging (BMA). This method allows BEAST to capture complex
nonlinear dynamics and provide credible uncertainty measures, such as the probability
of changepoint occurrences over time. The algorithm’s flexibility makes it suitable for
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analyzing various types of time-series data, including satellite imagery, to decipher ecosys-
tem dynamics and detect low-magnitude disturbances. By incorporating all potential
models and their probabilities, BEAST effectively addresses model uncertainty and reduces
overfitting, offering a new analytical option for robust changepoint detection and nonlinear
trend analysis in environmental time series.

The values representing the trend and seasonal components of PM2.5 concentrations
were calculated using a Bayesian time-series decomposition approach. This method fitted a
model to the observed PM2.5 data, separating the time series into three distinct components:
the long-term trend, seasonal fluctuations, and residual error. The seasonal component was
derived from the periodic patterns present in the data, enabling a thorough analysis of the
PM2.5 dynamics across different seasons [47].

3. Results

The results section presents the spatiotemporal distribution patterns of PM2.5 in
Lianyungang, highlighting the seasonal trends and identifying long-term changes. The
findings showed distinct seasonal variations, with elevated PM2.5 levels in the winter and
reduced concentrations in the summer, and indicate three phases of PM2.5 concentration
changes across the study period.

3.1. Spatiotemporal Distribution of Climatological PM2.5

Figure 2 presents the climatological monthly averages of the PM2.5 concentrations in
Lianyungang from 2000 to 2023, revealing a distinct seasonal variation. The highest average
PM2.5 concentrations were recorded in January (82.69 ± 16.03 µg/m3), followed closely
by December (80.87 ± 18.02 µg/m3) and February (68.06 ± 13.95 µg/m3). In contrast,
the lowest concentrations were observed in August (32.13 ± 9.35 µg/m3) and September
(34.20 ± 8.28 µg/m3). The data exhibit a clear seasonal trend, as highlighted in the inset of
Figure 2, showing a pronounced U-shaped pattern—higher concentrations at the beginning
and end of the year, and lower levels in the middle months. Elevated PM2.5 levels were
notably associated with the colder months, whereas the warmer months corresponded
to significantly reduced concentrations. The transitional months of March, April, and
May exhibited moderate PM2.5 values of 59.73 ± 9.82 µg/m3, 51.96 ± 9.81 µg/m3, and
49.29 ± 12.27 µg/m3, respectively. Notably, the PM2.5 concentrations peaked in January
and December, exceeding 80 µg/m3, indicating a grade III air quality level and signif-
icant mild pollution during the winter. Conversely, the summer months, particularly
June through August, displayed the lowest PM2.5 concentrations, with levels dropping to
approximately 38 µg/m3.
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Figure 3 illustrates the spatial distribution of the PM2.5 concentrations across Lianyun-
gang during the four seasons: spring, summer, autumn, and winter. In the spring
(Figure 3a), the PM2.5 levels were highest in the northern and western regions, reaching
approximately 58–60 µg/m3, while the southeastern areas exhibited lower concentrations,
around 42–44 µg/m3, indicating a decreasing gradient from northwest to southeast. This
pattern may be influenced by the topographical barrier in the northwest, which can re-
strict pollutant dispersion, particularly under stable atmospheric conditions. During the
summer (Figure 3b), the PM2.5 concentrations significantly decreased, with values rang-
ing from 30 to 45 µg/m3. The southeastern regions showed the lowest concentrations
(30–35 µg/m3), while the northwest experienced slightly higher levels, up to 45 µg/m3,
suggesting a relatively cleaner air quality compared to other seasons. In the autumn
(Figure 3c), the distribution pattern closely resembles that of spring, with higher concen-
trations (56–58 µg/m3) in the northwest and lower values (44–48 µg/m3) in the south-
east, maintaining the northwest-to-southeast gradient. Winter (Figure 3d) presented the
highest PM2.5 concentrations, particularly in the northwest, where the levels peaked at
85–90 µg/m3, marking the most severe pollution across the year. During this season, cold
temperatures and limited vertical mixing further contributed to pollutant accumulation in
these regions. Even in the southeast, the concentrations remained elevated (60–70 µg/m3)
compared to other seasons. Overall, the spatial distribution showed a consistent pattern of
higher PM2.5 levels in the northwest across all seasons, with winter being the most polluted
period and summer the least.
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3.2. Long-Term Spatiotemporal Distribution Characteristics of PM2.5

Figure 4 presents the results of the EOF analysis of the monthly average PM2.5 con-
centration anomalies in the Lianyungang region from 2000 to 2023. Its structural function
for the first mode accounted for 98.4% of the total variance and was negative everywhere
(Figure 4a), indicating a general tendency for the city’s PM2.5 concentration to be either
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increasing or decreasing. The second EOF mode contributed to 0.53% of the variance, as
depicted Figure 4c, with the PM2.5 concentration anomalies exhibiting opposing spatial
distribution patterns between the eastern and western regions. Hereafter, we only show
the result of the first mode because of the higher total variance in the PM2.5 concentration
anomalies in the Lianyungang region.
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As shown in Figure 4a, the most significant variations in PM2.5 occurred in the western
part of the city, where the PM2.5 anomalies surpassed 0.012. In contrast, the eastern region
showed PM2.5 anomalies ranging between 0.011 and 0.012. Overall, there was a trend of
increasing PM2.5 concentration variations from east to west. As illustrated in Figure 4b,
the temporal coefficients exhibited a fluctuating decline during the period of 2000 to 2013.
Specifically, the decline was notably rapid from 2000 to 2006 (green line), followed by a
slower decline between 2007 and 2013 (blue line). Coupled with the entirely negative
spatial pattern in Figure 4a, this indicates a gradual increasing trend for the city’s PM2.5
concentration in this period. In contrast, a fluctuating increase in PM2.5 concentration
anomalies was found in the subsequent decade of 2014 to 2023 (purple line). Similarly, a
gradual decreasing trend was observed for the city’s PM2.5 concentration. On the whole,
the temporal coefficients for the first mode reveal an overall oscillating upward trend in
PM2.5 concentration anomalies (red line) during the study period, reflecting a long-term
gradual decrease in the city’s PM2.5 concentration.

3.3. Long-Term Changes in PM2.5 Concentration

Figure 5a illustrates the monthly average PM2.5 concentration in Lianyungang from
January 2000 to December 2023. The black line represents the observed monthly PM2.5
values, which exhibited significant seasonal fluctuations throughout the entire period. A
noticeable peak in the PM2.5 concentrations typically occurred during the winter months,
while lower concentrations were observed during the summer, indicating a clear seasonal
pattern. This is consistent with Figures 2 and 3 in Section 3.1. At the same time, Figure 5a
reveals three distinct phases in the PM2.5 levels: a growth phase from 2000 to 2006 (green
line), a stable phase from 2007 to 2013 (blue line), and a reduction phase from 2014 to 2023
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(purple line). Over the 24-year period, the red dashed trend line indicates that there was a
general decline in the PM2.5 concentrations.
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The results of the trend analysis and detection of abrupt changes in the PM2.5 concen-
trations using BEAST is shown in Figure 5b. The green line represents the estimated trend,
with the shaded area indicating the 95% confidence interval. A significant changepoint was
detected around September 2014, corresponding to a marked decrease in PM2.5 levels with
the highest probability (22% in Figure 5b). There was a one-year lag between the initiation
of nationwide pollution control measures and the observed improvement in PM2.5 levels in
Lianyungang. Specifically, China issued the “Action Plan for the Prevention and Control of
Air Pollution” (commonly known as the “Ten Statements of Atmosphere”) in September
2013, while a significant reduction in the PM2.5 concentrations was not observed until
September 2014 [48]. Interestingly, the timing of the observed reduction in PM2.5 levels
coincided with the implementation of local regulations in Lianyungang, specifically the
directive issued by the municipal government office titled “Notice on Further Strengthen-
ing Air Pollution Prevention and Control Across the City” [49]. This suggests that local
initiatives may have played a crucial role in the observed improvement in air quality,



Remote Sens. 2024, 16, 4495 10 of 21

aligning closely with the timeline of significant changes detected in September 2014. The
accompanying dark green curve on the right y-axis shows the probability of detecting
changepoints over time. Moreover, the abrupt changepoints corresponded to four distinct
periods of fluctuation: 2000–2002 (Period 1 in Figure 5b), 2005–2008 (Period 2 in Figure 5b),
2013–2016 (Period 3 in Figure 5b), and 2019–2023 (Period 4 in Figure 5b). These periods
were closely linked to several significant events, including dust storms and haze in the
early 21st century, the rapid economic development of Lianyungang, and the impact of the
COVID-19 pandemic [50–56].

The seasonal analysis results and abrupt changes in the PM2.5 concentrations identified
using BEAST is shown in Figure 5c. The red curve indicates the seasonal component of
the PM2.5 concentration, characterized by a clear periodic pattern that aligns with known
seasonal variations in PM2.5 levels (Figures 2 and 3). The changepoint probability (dark
red line on the right y-axis) indicates the significant seasonal shifts, particularly around
2014, aligning with the trend analysis results (Figure 5b). The high probability (11.84% in
Figure 5b) of a changepoint in 2014 corroborates the observed trend change and suggests
an association in both the trend and seasonal behavior of PM2.5 levels during this period.
Moreover, two abrupt significant changepoints were identified in 2000 and 2013, with high
probabilities of 28.05% and 17.59%, respectively. These fluctuations in the changepoints
were likely influenced by dust storms and haze, and the rapid economic development,
which were prevalent during those periods [50–56].

4. Discussion

The PM2.5 pollution in Lianyungang showed distinct seasonal fluctuations and re-
gional characteristics, with concentrations significantly higher in the winter compared
to the summer (Figures 2 and 3), and higher levels in the northwest compared to the
eastern coastal areas. These variations were influenced by a combination of topographic
features, meteorological conditions, and human emission activities. The analysis explored
the impact of meteorological factors, urbanization, and industrial development on PM2.5
levels, assessing the effectiveness of pollution control measures and suggesting future
improvement strategies.

4.1. Comprehensive Analysis of Seasonal Variations in PM2.5 Levels
4.1.1. Topographic Constraints on PM2.5 Dispersion

Lianyungang is located at the junction of mountains and the sea, with mountainous
and elevated terrain in the northwest and plains and coastal areas in the southeast. This to-
pographical configuration has a significant impact on the pathways and speed of dispersion
of atmospheric pollutants such as PM2.5. The mountains act as natural barriers, blocking
or slowing the horizontal movement of pollutants. This effect is particularly pronounced
in winter, when stable regional climatic conditions, such as lower temperatures and weak
wind speeds, result in a stable atmospheric stratification. Under these conditions, the
pollutants tend to accumulate due to the obstruction from the terrain, leading to elevated
PM2.5 concentrations [16,20]. In contrast, the eastern coastal areas benefit from the relatively
open terrain and proximity to the ocean, which provide natural ventilation and a supply of
clean maritime air during the summer. This helps to dilute and remove pollutants from
the atmosphere.

4.1.2. Climatic Drivers of Seasonal PM2.5 Variations

The lower PM2.5 concentrations in Lianyungang during the summer are primarily
attributed to the combined effects of its climatic and geographical conditions. Situated in
a warm temperate monsoon climate zone and in the transitional area between the warm
temperate and northern subtropical zones, Lianyungang’s summer climate features high
temperatures and abundant sunlight, which foster strong atmospheric turbulence. This
enhances the atmosphere’s mixing ability, accelerating the dispersion of pollutants [25].
The prevailing southeast monsoon brings humid and clean air from the ocean, effectively
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diluting locally emitted pollutants while transporting them farther away through contin-
uous air exchange. Due to Lianyungang’s proximity to the coast, sea breezes in summer
play a significant role in improving the air quality.

In addition, frequent summer rainfall is a key factor in further reducing PM2.5 con-
centrations. Rainfall facilitates wet deposition, removing particulate matter from the
atmosphere and reducing the overall pollutant load. The combination of seasonal precipi-
tation and atmospheric turbulence effectively clears PM2.5, resulting in the lowest PM2.5
concentrations of the year during the summer [25,57]. Research by Song et al. [58] supports
this view, emphasizing that the joint effect of heavy rainfall and the southeast monsoon is a
major reason for the improved air quality during the summer.

In contrast, the PM2.5 concentrations rise significantly in winter, primarily due to unfa-
vorable climatic conditions and regional geographical features. The prevailing northerly
winds bring cold air and pollutants from the north into the Lianyungang area, while lower
temperatures and reduced sunlight limit the atmosphere’s vertical mixing ability. The cold
conditions make the near-surface air layer more stable, leading to temperature inversions
that inhibit pollutant dispersion [24,57].

Moreover, the increased demand for heating in winter leads to a higher consumption
of solid fuels such as coal, further exacerbating the PM2.5 emissions [25]. Lianyungang
experiences a relatively long heating season, and coal-fired heating is one of the primary
contributors to the elevated PM2.5 levels. Zhao et al. [25] pointed out that winter air quality
deterioration is not only related to meteorological conditions but it is also significantly
influenced by emissions from heat sources. A detailed discussion of these emission activities
is provided in Section 4.1.3. The combined effects of low temperatures, weak wind speeds,
and a lower boundary layer height prevent effective pollutant dispersion, causing the PM2.5
concentrations to rise considerably [58].

4.1.3. Anthropogenic Drivers of Seasonal PM2.5 Variations

In Lianyungang, the primary emissions contributing to PM2.5 levels stem from indus-
trial activities, vehicular traffic, residential heating, and agricultural practices, all of which
exhibit distinct seasonal patterns [59]. The industrial sector, a significant contributor to
PM2.5, includes activities such as manufacturing, power generation, and industrial heating.
During winter months, there is often an uptick in heating demand, which can lead to
increased emissions of particulate matter and precursor gases such as sulfur dioxide (SO2)
and nitrogen oxides (NOx) [25]. The reliance on coal and other fossil fuels for heating
contributes notably to PM2.5 concentrations during this season, particularly from industries
that may ramp up operations to meet demands [25]. The transportation sector is another
key source of primary emissions, with vehicle exhaust producing a continuous release
of pollutants. Cold weather can exacerbate emissions due to more frequent cold starts,
resulting in higher outputs of unburned hydrocarbons and particulate matter during the
winter months. Additionally, the increased use of private vehicles for commuting due to
colder conditions elevates emissions, further contributing to elevated PM2.5 levels [19,25].
Residential activities also notably influence PM2.5 concentrations, especially in areas where
fossil fuels are burned for heating and cooking. In winter, the consumption of coal and
biomass increases significantly, leading to substantial emissions of particulate matter and
sulfur dioxide [60]. This not only raises primary PM2.5 levels but also facilitates the for-
mation of secondary aerosols as these emissions undergo chemical transformations in
the atmosphere [61]. Agricultural activities also contribute to seasonal variations in emis-
sions [59]. Crop harvesting and land preparation can lead to increased soil disturbance and
dust emissions, while the use of pesticides and fertilizers can release ammonia and other
volatile compounds that can form secondary PM2.5 [62].

Secondary PM2.5 formation is a complex process driven by atmospheric chemical
reactions involving precursor gases, such as volatile organic compounds (VOCs) and nitro-
gen oxides (NOx). These processes are strongly influenced by meteorological conditions,
including temperature, solar radiation, and RH [63–65]. During summer, higher temper-
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atures and increased solar radiation enhance photochemical reactions, accelerating the
conversion of VOCs and NOx into secondary organic aerosols (SOAs) and other PM2.5
components [63,65]. These reactions are particularly significant under high photochemical
activity, leading to a notable contribution of secondary PM2.5 to the overall burden in
the atmosphere. However, the contribution of secondary PM2.5 can also vary by season
and environmental condition. In winter, heterogeneous aqueous reactions play a more
dominant role in secondary PM2.5 formation. Elevated RH during haze events facilitates
these reactions, where precursor gases such as NOx and SO2 are converted into inorganic
aerosols like nitrates and sulfates. Studies indicate that when the RH reaches 60–80%,
the conversion rates of NOx to nitrate and SO2 to sulfate increase significantly, contribut-
ing to the heightened PM2.5 concentrations that are often observed during winter haze
episodes [64]. The relative importance of photochemical and aqueous reactions highlights
the seasonal dependency of secondary PM2.5 formation. While summer is characterized
by temperature-driven photochemical activity, winter sees RH-enhanced heterogeneous
reactions dominating the formation of inorganic aerosols. This nuanced understanding
underscores the need for tailored strategies targeting seasonal drivers of secondary PM2.5.

4.1.4. Deciphering Meteorological Drivers of PM2.5 Variations

Meteorological factors play a critical role in modulating PM2.5 concentrations, with
their effects often manifesting through complex interactions. PCA and correlation anal-
ysis were employed to identify the dominant meteorological drivers and clarify their
relative contributions to seasonal variations in PM2.5 concentrations in Lianyungang
(Figures 6 and 7, Table 1). The PCA results reveal that the first two principal components
(PC1 and PC2) accounted for over 80% of the variance in PM2.5 concentrations, under-
scoring the primary meteorological mechanisms governing air quality in Lianyungang
(Figure 6).
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Table 1. Pearson correlation coefficients between PM2.5 concentration and meteorological factors.

Acronym Blh Ssrd Tp SP T2m D2m RH AH q W10 WD

Unit m J/m2 mm Pa K K % % g/kg m/s (◦)

Pearson
Correlation (r) 0.54 * −0.45 * −0.53 * 0.66 * −0.74 * −0.74 * −0.48 * −0.71 * −0.70 * −0.29 * −0.20 *

p-value <0.0001 6.23 × 10−4

* Correlation is significant at the 0.05 level.
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PC1, which accounted for 63.8% of the variance, highlights the significant influence
of temperature, humidity, and precipitation in reducing PM2.5 concentrations. T2m had
a strong negative correlation with PM2.5 in Table 1 and Figure 7e (r = −0.74, R2 = 0.90),
indicating its critical role in enhancing vertical convection and atmospheric mixing. Warmer
temperatures promote the dispersion of pollutants, a phenomenon that is particularly
evident during summer when solar radiation strengthens these processes [25,58]. Similarly,
humidity-related variables, including D2m, AH, and q, exhibited significant negative
correlations with PM2.5 (Table 1; r ranging from −0.70 to −0.74). Higher humidity levels
facilitate the hygroscopic growth of aerosols and subsequent wet deposition, effectively
removing particulate matter from the atmosphere [58,64]. This mechanism is especially
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potent during periods of frequent rainfall, further emphasizing the critical role of humidity
in reducing PM2.5 concentrations. Tp, with a moderate negative correlation (Table 1 and
Figure 7c; r = −0.53, R2 = 0.60), provides a direct pathway for pollutant removal through
wet scavenging. Heavy rain events are particularly effective in washing out airborne
particles, contributing to the observed seasonal trough in PM2.5 concentrations during the
summer [25,57,64].

PC2, which explained 17.3% of the variance, underscores the situational impacts of
solar radiation and wind patterns. Ssrd showed a moderate negative correlation with
PM2.5 (Table 1; r = −0.45), indicating that it has a role in enhancing atmospheric instability
and promoting vertical mixing [57,63]. Additionally, solar radiation drives photochemical
reactions that can degrade certain pollutants, further reducing PM2.5 levels during sunny
conditions [65]. W10 and WD exhibited weak negative correlations (Table 1; r = −0.29 and
r = −0.20, respectively). While higher wind speeds contribute to pollutant dispersion, their
overall impact was less pronounced in Lianyungang due to the local topographical and
emission characteristics [23]. However, wind direction can play a more nuanced role in
pollutant transport, especially during winter, when northerly winds transport pollutants
from upwind industrial regions, compounding local pollution levels [58].

The interplay of these meteorological factors aligns closely with seasonal variations
in PM2.5 concentrations. During summer, the combined effects of the high temperatures,
increased humidity, and frequent rainfall facilitate pollutant dispersion and removal, re-
sulting in the lowest PM2.5 levels in the year [25,58,64]. In contrast, winter conditions are
dominated by stable atmospheric patterns associated with an elevated SP (r = 0.66, Table 1)
and lower Blh (r = 0.54, Table 1). These conditions limit vertical mixing and trap pollutants
near the surface, exacerbating pollution levels [57]. The situation is further aggravated by
increased emissions from heating activities, a primary contributor to the seasonal peaks in
PM2.5 concentrations [25].

Although solar radiation and wind patterns, emphasized in PC2, play secondary roles
in modulating PM2.5 levels, their effects are dependent on the situation. For example, during
summer, increased solar radiation complements convective processes driven by higher
temperatures, while favorable wind patterns can enhance pollutant dispersion [25,58].
Conversely, shifts in wind direction during winter may exacerbate pollution episodes by
transporting pollutants from industrial areas [23,58].

The PCA findings underscore the multifaceted nature of meteorological influences on
PM2.5 concentrations in Lianyungang. Temperature, humidity, and precipitation emerged
as the most influential drivers of pollutant reduction, particularly during warm and humid
periods. Meanwhile, stable atmospheric conditions associated with high-pressure systems
and low boundary layer heights during winter hinder pollutant dispersion and promote
accumulation [24,56,57]. Solar radiation and wind patterns contribute situationally to these
dynamics, further shaping seasonal air quality trends [56,62]. These insights provide a
comprehensive framework for understanding the meteorological factors influencing PM2.5
concentrations and highlight the need for targeted air quality management strategies. By
focusing on reducing emissions during winter and leveraging natural dispersion mecha-
nisms in summer, effective measures can be designed to achieve sustainable improvements
in air quality.

4.2. Policy Implementation and Socioeconomic Drivers

From 2000 to 2022 (due to the unavailability of data for 2023), the changes in PM2.5
concentration in Lianyungang showed an overall downward trend (Figure 5a), which can
be divided into three distinct periods: 2000–2006 (a period of rapid economic growth and
intensified pollution), 2007–2013 (a period of economic development and pollution decou-
pling), and 2014–2022 (a period of green transition and quality improvement) (Figure 5a).
The relationship between the PM2.5 concentrations and economic indicators (GDP and
industrial output value) across these periods, as shown in Figure 8, further corroborates
these stages. Each phase not only reflects the evolution of Lianyungang’s economic growth
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model but also demonstrates the effectiveness of environmental policies implemented
during these years.
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4.2.1. Period of Rapid Economic Growth and Intensified Pollution

During 2000–2006, Lianyungang experienced rapid economic growth, with a strong
positive correlation between GDP and the PM2.5 concentrations in Figure 8 and Table 2
(r = 0.87). Industrialization and urbanization accelerated during this period, with the in-
dustrial output (r = 0.83) and urban expansion (measured by build-up area, r = 0.91)
significantly contributing to economic development. This growth was largely driven by
energy-intensive and pollution-heavy industries, as well as extensive construction activi-
ties, resulting in a marked rise in PM2.5 emissions. Despite the Air Pollution Prevention
and Control Law, originally passed in 1987 and revised in 1995, enforcement at the local
level remained weak, and environmental awareness was still in its early stages [66,67].
Building on these earlier efforts, in 2001, the government implemented the ‘Tenth Five-Year
Plan’ for key regions [68], focusing on air pollution prevention and control and setting
pollution reduction goals for critical areas. However, these early policies proved largely
ineffective at reducing emissions [69]. This highlights a critical trade-off: rapid economic
development was achieved at the cost of environmental quality, reflecting a continued
reliance on traditional, pollution-heavy growth strategies. Additionally, residential elec-
tricity consumption (r = 0.94) and population density increased significantly during this
time, further exacerbating PM2.5 emissions. However, urban greening (greening rate of the
urban built-up area), an indicator of environmental mitigation efforts, showed only a weak
correlation with the PM2.5 levels (r = 0.47). This suggests that environmental measures
were not yet a priority in urban planning during this phase of Lianyungang’s development.
The minimal impact of greening highlights the lag in integrating sustainable practices into
the urbanization process. As a result, the rising PM2.5 concentrations during this period
exemplify the traditional development model, where economic growth was achieved at the
expense of environmental health.
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Table 2. Pearson correlation coefficients between PM2.5 concentrations and socio-economic factors across different time periods.

Period Correlation and
Statistical Significance

GDP (Billion
RMB)

GDP per Capita
(RMB)

Industrial
Output Value
(Billion RMB)

Built-Up Area
(km2)

Greening Rate
of Urban

Built-Up Area
(%)

Urban
Population

Density
(Person/km2)

Per Capita Daily
Residential
Electricity

Consumption
(kWh)

Total Social
Electricity

Consumption
(Billion kWh)

Number of
Motor

Vehicles

Industrial
Particulate

Matter Emission
(Tons)

2000–2006
Pearson Correlation (r) 0.87 * 0.86 * 0.83 * 0.91 * 0.47 0.98 * 0.94 -- -- --

p-value 0.0116 0.0127 0.0200 0.0046 0.2821 0.0036 0.0649 -- -- --

2007–2013
Pearson Correlation (r) 0.34 0.33 0.34 0.22 0.12 0.44 0.41 0.41 0.33 0.19

p-value 0.4515 0.4677 0.4578 0.6328 0.8021 0.3290 0.4231 0.3626 0.5282 0.7152

2014–2022
Pearson Correlation (r) −0.97 * −0.97 * −0.94 * −0.97 * −0.95 * −0.97 * −0.96 * −0.88 * −0.77 * 0.89 *

p-value <0.0001 <0.0001 1.2629 × 10−4 <0.0001 <0.0001 <0.0001 <0.0001 0.002 0.0142 0.0079

* Correlation is significant at the 0.05 level.
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4.2.2. Period of Economic Development and Pollution Decoupling

From 2007 to 2013, the correlation between the PM2.5 concentrations and GDP, as well
as industrial output value, weakened significantly, as shown in Figure 8 and Table 2; the r
for GDP dropped to 0.34 and for the industrial output value, it dropped to 0.34, both of
which are statistically insignificant (r > 0.45). This shift reflects the gradual introduction of
environmental policies and adjustments to the industrial structure during this period. The
implementation of the ‘11th and 12th Five-Year Plans’ introduced new policy tools that in-
teracted with political incentives, strengthening the air pollution control measures [69–71].
As a result, while the economy continued to grow, the rate of pollutant emissions began
to decouple from the industrial output value. Despite these improvements, Table 2 indi-
cates that the urban population density (r = 0.44) and total social electricity consumption
(r = 0.41) remained significant contributors to the PM2.5 concentration. This suggests that
while industrial pollution was better controlled, rapid urbanization and increasing energy
consumption continued to negatively impact air quality. Furthermore, urban greening and
comprehensive pollution control measures were still not widely implemented, limiting the
environmental benefits of these policies. As such, this period can be characterized as one of
economic growth with partial progress in reducing industrial pollution, but with persis-
tent environmental challenges driven by urban expansion and energy consumption. The
effects of policy adjustments, while promising, were not fully realized, and environmental
pressure remained high.

4.2.3. Period of Green Transition and Quality Improvement

From 2014 to 2022, Lianyungang entered a phase of green transition and significant
environmental quality improvement. As depicted in Figure 8 and Table 2, the relationship
between the PM2.5 concentrations and economic indicators such as GDP and industrial out-
put value reversed dramatically, with r = −0.97 and r = −0.94, respectively, both of which
are highly significant (p < 0.001). This indicates that Lianyungang’s economic growth dur-
ing this period no longer relied on high-pollution industrial models but instead achieved
a win–win scenario for both the economy and environment through green technologies,
industrial upgrading, and sustainable development. The “Action Plan for the Prevention
and Control of Air Pollution”, also known as the “Ten Statements of Atmosphere”, was
issued by the Chinese government in 2013, which setting ambitious targets to reduce PM2.5
concentrations over five years [48]. Lianyungang followed suit with a local directive issued
in September 2014, titled “Notice on Further Strengthening Air Pollution Prevention and
Control Across the City” [49]. This local regulation likely contributed to the significant
reductions in PM2.5 that were observed beginning in 2014 [72]. Simultaneously, the increase
in urban green coverage (greening rate of the urban built-up area, r = −0.95) became a
crucial factor in controlling PM2.5 concentrations, reflecting the government’s substantial
investment in urban planning and environmental management. In 2023, the “National
Action Plan for Sustained Air Quality Improvement” was introduced, aiming for a fur-
ther 10% reduction in PM2.5 concentrations by 2025, which includes new measures for
emission standards, fuel quality, and non-road mobile source controls [73]. Furthermore,
the increase in the number of motor vehicle did not promote an increase in the PM2.5
concentrations (r = −0.77). Although industrial particulate matter emissions still showed
some positive correlation with the PM2.5 concentrations (r = 0.89), their impact was signifi-
cantly reduced, demonstrating the effective implementation of pollution control policies
for heavily polluting industries.

The evolution of PM2.5 concentrations in Lianyungang from 2000 to 2022 clearly
reflects Lianyungang’s shift from a high-pollution industrial development model to a green
economy. During the early phase of the rapid economic growth, industrial expansion and
urbanization drove up the PM2.5 concentrations. However, with the implementation of
environmental policies and adjustments to the economic structure, PM2.5 levels significantly
declined after 2014 (Figure 5b). This trend is closely linked to urban greening, motor vehicle
emission controls, and industrial pollution governance. Moving forward, Lianyungang
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should continue to strengthen its green development model, further reduce pollutant
emissions, and ensure long-term harmonious development between economic growth and
environmental protection.

5. Conclusions

This study provides a detailed analysis of the spatiotemporal variations in PM2.5
concentrations in Lianyungang over a 24-year period, revealing clear seasonal patterns
and significant long-term trends. The findings confirm that meteorological factors such as
temperature, humidity, and precipitation play crucial roles in shaping PM2.5 levels, with the
highest concentrations occurring in the winter and the lowest in the summer. Furthermore,
the relationship between socioeconomic development and air pollution was evident, with
rapid industrialization and urban expansion contributing to increased PM2.5 levels until
2014, after which, pollution control measures led to notable improvements in air quality.

The study successfully met its objective of identifying the key drivers behind PM2.5
pollution in Lianyungang and provides valuable insights for policymakers. However, it has
certain limitations. The study relied heavily on remote sensing data, which may not capture
smaller-scale pollution sources or localized factors affecting air quality. Additionally, while
the analysis covered a substantial time frame, future research could benefit from more
granular data to understand micro-level variations and the impact of emerging pollutants.

Future studies should explore the combined impact of PM2.5 with other pollutants
and the role of more recent urban development patterns could provide a more holistic
understanding of air quality dynamics. Moreover, investigating the effects of mitigation
strategies in similar coastal industrial cities could offer comparative insights. These steps
will not only deepen our understanding of air pollution but also challenge researchers
and policymakers to develop more effective solutions for sustainable urban growth and
protecting public health.
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