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Abstract

This study examined the chemical composition and quantitative source contributions of
coarse (PM10–2.5) and fine (PM2.5) particles in ship-based PM10 and PM2.5 filter samples
from 2020 to 2024 across the Yellow Sea. The observations were primarily conducted
during the spring season, when the influence of continental air masses from East Asia is
pronounced, and detailed analyses of water-soluble ions and elemental species were per-
formed. In coarse particles, sea salt components (e.g., Na+ and Cl−) and soil-derived species
(e.g., nss-Ca2+ and CO3

2−) were predominant, whereas fine particles were dominated by
secondary inorganic species such as nss-SO4

2−, NO3−, and NH4
+. Source contributions

were estimated using Dispersion Normalized Positive Matrix Factorization (DN-PMF), and
eight common factors were identified, including sea salt, soil, secondary nitrate, secondary
sulfate, oil combustion, biomass burning, marine biogenic emissions, and plant growth.
Additionally, an industry factor was uniquely resolved in coarse particles, whereas a mobile
source factor was identified in fine particles. In coarse particles, sea salt (30.9%) and soil
(15.1%) were the major contributing sources, whereas fine particles were dominated by
secondary nitrate (48.6%) and secondary sulfate (15.6%). Potential Source Contribution
Function (PSCF) analysis indicated that the sea salt and oil combustion factors in coarse
particles were associated with coastal regions of the Yellow Sea and the East China Sea,
while the soil factor corresponded spatially with inland regions of northern China. In
contrast, the secondary nitrate, secondary sulfate, and biomass burning factors in fine parti-
cles showed strong associations with inland regions of eastern China. Using size-resolved
DN-PMF and five years of repeated observations over the same marine region, this study
provides the first quantitative source apportionment analysis of interannual atmospheric
composition variability and long-range transport affecting air quality over the Yellow Sea.

Keywords: Yellow Sea; size distribution; source apportionment; DN-PMF; PSCF

1. Introduction
Particulate matter (PM) in the atmosphere consists of a wide range of chemical species,

including mineral dust, sea salt, organic and inorganic compounds, metals, and metalloids.
These particles originate not only from natural and anthropogenic emission sources but also
from secondary formation processes driven by atmospheric photochemical and chemical
reactions [1,2]. Due to these complex sources and atmospheric chemical processes, the
composition and concentration of PM exhibit substantial temporal and spatial variability.
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Among atmospheric aerosols, coarse particles (PM10–2.5; 2.5–10 µm) are generally distin-
guished from fine particles (PM2.5; <2.5 µm), which have longer atmospheric residence
times and can be transported over long distances, and are primarily associated with primary
emission sources such as soil dust, sea salt, and mechanically resuspended particles [3,4].
Coarse particles are especially helpful for tracing the spatial signatures of natural sources
and localized emission processes because they have comparatively shorter atmospheric
residence times and are heavily impacted by episodic events and local sources [5]. In marine
and coastal environments, coarse particles are often influenced by sea salt, soil-derived
particles, and shipping activities, resulting in pronounced contributions of coarse particle
components [6,7]. Therefore, to comprehensively understand the characteristics of aerosol
sources in marine atmospheric environments, it is necessary to conduct analysis by particle
size, including not only PM2.5 but also PM10–2.5.

In the 2020s, high concentrations of PM2.5 haze cases were repeatedly observed in east-
ern China and adjacent seas, indicating that atmospheric chemical transformations during
long-range transport continue to play an important role [8,9]. In particular, quantitative
source apportionment of marine aerosols is essential for understanding marine ecosystem
processes and elemental cycles of iron (Fe), sulfur (S), and nitrogen (N) [10]. Various studies
have been conducted in the waters surrounding East Asia to identify the sources of marine
aerosols [11]. It has been reported that various factors, including a mixture of marine,
soil, and anthropogenic emission sources, influence marine aerosols in different sea areas
such as the Eastern Mediterranean, the East China Sea, and the western Pacific [6,7,12].
However, many of these studies have relied on qualitative receptor modeling approaches
such as Principal Component Analysis (PCA) and Factor Analysis (FA) [13], and quantita-
tive source contribution analyses that explicitly account for regional marine characteristics
remain limited. Positive Matrix Factorization (PMF) has been widely used as a receptor
model to identify aerosol emission sources; however, measured PM concentrations are
strongly influenced not only by emission intensity but also by meteorological conditions
such as mixing height and wind speed. To address this limitation, Dispersion Normalized
PMF (DN-PMF), which incorporates the ventilation coefficient (VC) to remove meteoro-
logical dilution effects, has been proposed [14,15], and recent studies have demonstrated
that DN-PMF can more clearly resolve emission signals and improve temporal variability
representation [16].

The Yellow Sea, the primary study region of this work, is a semi-enclosed marginal
sea with limited riverine input, where atmospheric deposition serves as a major source of
trace elements. In addition, this region lies along a major long-range transport pathway
connecting inland China, the Shandong Peninsula, and the Korean Peninsula, resulting
in extensive transport of pollutants and natural particles from continental regions over
the Yellow Sea [17,18]. Despite its importance, long-term studies analyzing the chemical
composition and size-resolved quantitative source contributions of aerosols over the Yellow
Sea using a consistent observational platform remain scarce. Since 2018, the National
Institute of Meteorological Sciences (NIMS) has conducted the Yellow Sea Air Quality
(YES-AQ) campaign every spring over the Yellow Sea, with the aim of filling observational
gaps and comprehensively characterizing the physical, optical, and chemical properties of
long-range transported aerosols in East Asia [19].

In this study, PM10 and PM2.5 samples collected aboard the meteorological research
vessel Gisang-1 during the YES-AQ campaign over the Yellow Sea during the spring seasons
of 2020–2024 were utilized. Based on these samples, the concentration characteristics of
ionic and elemental species were analyzed for PM10–2.5 and PM2.5, and source contributions
were quantified using PMF and DN-PMF. In addition, backward trajectory analysis using
the Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model together
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with the Potential Source Contribution Function (PSCF) approach was employed to identify
major air-mass transport pathways and potential source regions influencing aerosols over
the Yellow Sea.

2. Materials and Methods
2.1. Sampling Procedure and Chemical Analysis

In this study, PM10 and PM2.5 samples were collected over the Yellow Sea (124◦ E,
35–37◦ N) using the meteorological research vessel Gisang-1 (Figure 1). Sampling was
conducted during the spring seasons from 2020 to 2024, with the sampling periods
as follows: 20 March–4 June 2020, 23 March–29 April 2021, 22 March–28 April 2022,
30 March–3 May 2023, and 16 February–17 March 2024. Samples were collected twice daily,
separated into daytime (08:30–16:30) and nighttime (18:00–07:00) periods. PM10 and PM2.5

samples were collected simultaneously during the same sampling intervals using two
low-volume air samplers installed on the exterior deck of the research vessel (PMS-104
and PMS-114, APM Eng., Republic of Korea), and a total of 174 samples were obtained for
each size fraction. The sampling flow rate was maintained at 16.7 L min−1 in accordance
with the recommendations of WMO/GAW Report No. 227. All samples were collected on
Teflon filters, immediately sealed in Petri dishes after sampling, and stored at −20 ◦C until
analysis. PM10–2.5 concentrations and chemical species were calculated by subtracting the
corresponding PM2.5 concentrations from the simultaneously collected PM10 concentrations
for each sample.

Figure 1. Sampling site.

For the analysis of water-soluble ions, each filter was first wetted with a small amount
of ethanol and then immersed in 20 mL of ultrapure water, followed by ultrasonic extraction
(30 min) and mechanical shaking (200 rpm, 1 h). The extract was then filtered using a PVDF
syringe filter (Whatman, 13 mm, pore size 0.45 µm, Marlborough, MA, USA), and analyzed
using ion chromatography (Metrohm Modula IC, model 881, Herisau, Switzerland) for
NH4

+, Na+, K+, Ca2+, Mg2+, SO4
2−, NO3

−, Cl−, F−, HCOO−, CH3COO−, CH3SO3
− and
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C2O4
2− [20]. The instrumental detection limits (IDL) ranged from 0.1 to 9.7 µg L−1, and

the coefficients of variation (CV) ranged from 0.3% to 3.4%. Trace element analysis was
conducted following the Korean standard methods for air pollution analysis and the US
EPA IO-3 method. The filters were subjected to microwave-assisted acid digestion, followed
by analysis using ICP-MS (PerkinElmer ELAN DRC-e, Waltham, MA, USA) and ICP-OES
(OPTIMA 7300DV, Waltham, MA, USA). A total of 20 elements were analyzed, including
Al, Ba, Ca, Cd, Co, Cr, Cu, Fe, K, Mg, Mn, Mo, Na, Ni, Pb, S, Sr, Ti, V, and Zn, with IDL
ranging from 0.6 to 147.7 ng L−1, and CV ranging from 0.7% to 8.3%.

2.2. Positive Matrix Factorization (PMF) Analysis

In this study, the EPA PMF 5.0 model was applied to identify the major emission
sources of aerosols over the Yellow Sea. The PMF model is a receptor modeling technique
that decomposes the observed concentration matrix (x) into the product of a source contri-
bution matrix (g) and a source profile matrix ( f ), with a residual matrix (e), as expressed in
the following equation:

xij = ∑
p
k=1gik fkj + eij

where xij represents the concentration of species j measured in sample i, gik represents the
contribution of source k to sample i, fkj represents the source profile of species j in source k,
eij denotes the residual, and p is the number of factors. PMF is solved using a weighted
least-squares approach that minimizes the objective function Q based on the measurement
uncertainties (uij) of each species. To construct the input dataset, samples with missing or
zero concentrations were excluded, and samples with ion balance values outside the range
of 0.5–1.5 were removed. Concentrations below the detection limit (BDL) were replaced
with MDL/2, with corresponding uncertainties assigned as 5 × MDL/6, while missing
values were substituted with the geometric mean, and the associated uncertainties were
set to four times the geometric mean [21,22]. After these QA/QC procedures, a total of
160 samples were used as the final PMF input dataset.

A total of 22 chemical species were selected as PMF input variables, including water-
soluble ions (NH4

+, Na+, K+, Ca2+, Mg2+, SO4
2−, NO3

−, Cl−, HCOO−, CH3COO−,
CH3SO3

−, C2O4
2−) and elemental species (Al, Fe, Zn, V, Cr, Cu, Mn, Ni, Ti, Pb). For

species measured in both ionic and elemental forms, only one representative variable was
selected based on analytical precision, correlation analysis, and source representativeness.
For example, Na+, Mg2+, and SO4

2− were selected to represent sea salt and secondary
formation characteristics instead of elemental Na, Mg, and S. Each species was classified
according to its signal-to-noise ratio (S/N) [23].

The optional number of PMF factors was determined by comparing solutions ranging
from six to ten factors, considering the distribution of scaled residuals, factor separation,
physicochemical interpretability, changes in Q/Qexp, and bootstrap reproducibility. In
addition, the DISP (Displacement) method [24] was applied to evaluate the uncertainty
ranges of each factor. The DISP analysis estimates the upper and lower bounds of variability
for each species within a factor profile to assess the stability of the solution. A narrower
DISP range indicates that the species is stably associated with a specific factor as a key
component. Based on these evaluation criteria, the final number of factors was determined.

2.3. DN-PMF (Dispersion Normalized PMF) Model

DN-PMF is an approach that accounts for meteorological dilution effects influencing
aerosol concentrations by incorporating the ventilation coefficient (VC) [14,15]. The ventila-
tion coefficient was calculated as the product of the mixing layer height (MLH) and wind
speed (u). In this study, hourly wind speed data measured by onboard meteorological
sensors and hourly MLH data obtained from the Copernicus Climate Data Store (CDS)
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were used. The calculated VC values were temporally matched to the sampling time of
each sample and applied accordingly. The PM concentration at time i (Ci) was converted to
a ventilation-corrected concentration (CVC,i) using the following equation:

CVC,i = Ci ×
VCi

VCmean

where VCi represents the ventilation coefficient at time i, and VCmean denotes the average
ventilation coefficient over the entire observation period. The ventilation-corrected concen-
tration matrix (CVC) was used as the input dataset for PMF, enabling the extraction of source
profiles and contributions with reduced influence of meteorological dilution. The source
contributions obtained from DN-PMF were subsequently unnormalized by applying the
inverse ventilation correction, allowing interpretation at the original concentration scale.

2.4. PSCF (Potential Source Contribution Function) Model

To investigate the long-range transport characteristics of aerosols over the Yellow Sea
and identify potential source regions, 72 h backward trajectories were calculated using the
HYSPLIT 4 model [25]. Meteorological fields from the Global Data Assimilation System
(GDAS, 1◦ × 1◦) provided by NOAA were used. Backward trajectories were calculated at
1 h intervals for each sample. The arrival height was set to half of the mixing layer height
at the time of sampling [26]. The Potential Source Contribution Function (PSCF) method
combines air-mass trajectories with chemical composition data to identify potential source
regions associated with high contributions of specific factors [27,28]. The study domain
was divided into grid cells with a resolution of 1◦ × 1◦. For each grid cell (i, j), nij denotes
the total number of trajectory endpoints passing through the cell, and mij represents the
number of endpoints corresponding to cases where the PMF factor contribution exceeded
the 75th percentile. The PSCF value was calculated as follows:

PSCFij =
mij

nij

To reduce uncertainties associated with grid cells containing small numbers of end-
points, a weighting function W

(
nij

)
proposed by Heo et al. (2013) [28] was applied:

Wij =


1.0,

(
n > 3navg

)
0.7,

(
1.5navg < n ≤ 3navg

)
0.4,

(
navg < n ≤ 1.5navg

)
0.2,

(
n ≤ navg

)


3. Results
3.1. Chemical Compositions of PM10–2.5 and PM2.5

3.1.1. Ionic Components

A total of 174 PM10 and PM2.5 filter samples were collected over the Yellow Sea
from 2020 to 2024, mainly within the February–June period. Based on these samples, the
chemical composition characteristics of aerosols were investigated by separating them into
coarse (PM10–2.5) and fine (PM2.5) particles, enabling a size-resolved evaluation of aerosol
properties over the Yellow Sea. To accurately distinguish the influence of sea salt under
marine conditions, Ca2+ and SO4

2− were converted into non-sea salt fractions (nss-Ca2+

and nss-SO4
2−) [29], and CO3

2− concentrations were estimated based on Ca2+ and Mg2+

concentrations [30].
To examine interannual and monthly variations in ionic composition, the dataset

(2020–2024) was categorized by month (February–June), and the concentrations and relative
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contributions of ionic species were compared between coarse and fine particles (Figure 2).
In coarse particles, NO3

− was the dominant ionic species during most periods from 2020
to 2023. However, in 2024, the contribution of sea salt species (Cl− and Na+) increased,
indicating a shift in the dominant ionic composition across years. In contrast, fine particles
(PM2.5) were consistently dominated by nss-SO4

2− and NO3
− throughout the entire period.

A clear seasonal pattern was observed, with NO3
− dominating in March–April and nss-

SO4
2− becoming more prominent in May–June.

(a) 

 

(b) 

Figure 2. Monthly mean concentrations and compositions of ionic species in Coarse (a) and Fine (b)
particles over the Yellow Sea from 2020 to 2024.

For coarse particles, the five-year average total ionic concentration peaked in March,
with the highest value observed in March 2021. During this period, simultaneous in-
creases in soil-derived species (nss-Ca2+: 2.08 µg m−3; CO3

2−: 3.84 µg m−3), and NO3
−

(5.27 µg m−3) were observed, indicating a typical high-concentration event driven by the
combined effects of dust transport and nitrate formation. Similar co-enhancements of Cl−,
Na+, nss-Ca2+, and CO3

2− were observed in March 2020 and 2023, suggesting concurrent
intensification of sea salt and soil-derived inputs. In contrast, March 2024 was characterized
by enhanced sea salt tracer species and relatively low nss-Ca2+, indicating that coarse
particle loading was dominated by sea salt resuspension rather than soil-derived input [28].

For fine particles, total ionic concentration remained relatively stable within the range
of 5–12 µg m−3 during most periods. However, in March 2023, the total concentration in-
creased sharply to 24 µg m−3, representing the highest level during the observation period.
This event was characterized by simultaneous increases in NO3

− (11.95 µg m−3), NH4
+
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(5.39 µg m−3), and nss-SO4
2− (5.36 µg m−3), indicating enhanced secondary formation

under stagnant atmospheric conditions rather than dust influence. These results suggest
that, unlike coarse particles influenced by episodic natural inputs, fine particle variability
is primarily governed by secondary formation processes and long-range transport.

Notably, in 2022, both coarse and fine particles exhibited relatively low ionic concen-
trations, indicating more stable compositional characteristics compared to other years. In
March 2022, increases in Na+ (1.71 µg m−3), Cl− (2.30 µg m−3), and NO3

− (2.41 µg m−3)
were observed in coarse particles, while NO3

− (3.30 µg m−3) and NH4
+ (1.67 µg m−3)

increased in fine particles. Although these features reflect the influence of a haze event,
overall variability was weaker than in other years. Compared with other years, 2022
generally exhibited lower concentrations of soil-derived species in coarse particles and sec-
ondary inorganic species in fine particles. In addition, no pronounced high-concentration
episodes were observed during the measurement period, resulting in lower overall aerosol
concentrations and weaker temporal variability.

Overall, the ionic composition of aerosols over the Yellow Sea varied depending on
interannual and monthly meteorological conditions and air-mass transport patterns. Coarse
particles were primarily influenced by sea salt (Na+, Cl−) and soil-derived components
(nss-Ca2+, CO3

2−), whereas fine particles were dominated by secondary inorganic species
(nss-SO4

2−, NO3
−, NH4

+). Size-resolved composition analysis showed that secondary
species accounted for approximately 68% of fine particles, indicating a substantially higher
contribution than in coarse particles. In contrast, sea salt (Na+, Cl−, Mg2+) and soil-derived
(nss-Ca2+) components contributed only marginally to fine particles. Furthermore, the
PM10–2.5/PM2.5 ratio analysis revealed that NH4

+, nss-SO4
2−, CH3SO3

−, and HCOO−

were predominantly associated with fine particles, whereas Na+, Cl−, Mg2+, and nss-Ca2+

were mainly distributed in coarse particles, clearly demonstrating distinct size-dependent
distribution characteristics of ionic species.

3.1.2. Trace Element Components

The results of size-resolved trace element analysis over the Yellow Sea from 2020 to
2024 are presented in Figure 3. The analyzed elements were categorized into soil-derived
(Al, Ca, Fe), sea salt (Na, Mg), fuel combustion and shipping-related (V, Ni, Cu), and
industrial/anthropogenic (Zn, Pb) sources based on widely used classification criteria [31].
Elements such as Al, Ca, Fe, and Ti are generally recognized as tracers of soil sources, while
Na and Mg represent sea salt sources; these components are typically enriched in coarse
particles. In contrast, Zn, Pb, V, Ni, and Cu are associated with combustion processes,
industrial activities, and ship emissions, and their size distributions vary depending on
emission characteristics and atmospheric transport processes [32].

Soil-derived elements (Al, Ca, and Fe) exhibited the highest concentrations in coarse
particles. The monthly average concentration ranges were Al (48–2171 ng m−3), Fe
(64–1668 ng m−3), and Ca (101–775 ng m−3), which were significantly higher than those
observed in fine particles (Al: 23–108 ng m−3; Fe: 13–96 ng m−3; Ca: 29–123 ng m−3).
This indicates that soil-derived particles are predominantly transported in the coarse size
fraction. In particular, in March 2021, exceptionally high concentrations were observed
in coarse particles, with Al (8204 ng m−3), Fe (6148 ng m−3), and Ca (2410 ng m−3), repre-
senting the highest levels during the observation period. This event is interpreted as being
strongly influenced by intense dust transport. In contrast, in 2023, peak concentrations
occurred in April, suggesting that both the timing and intensity of soil particle transport
varied by year.
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(a) 

 

(b) 

Figure 3. Monthly mean concentrations and compositions of trace elements in Coarse (a) and Fine (b)
particles over the Yellow Sea from 2020 to 2024.

Sea salt elements (Na and Mg) were also more abundant in coarse particles and
exhibited pronounced interannual and monthly variability. For example, in March 2020,
Na (2076 ng m−3) and Mg (345 ng m−3) showed significant increases, whereas in March
2023, Na concentrations remained as low as 75 ng m−3, indicating substantial variability in
sea salt influence. In 2024, Na concentrations were higher in February (985 ng m−3) than
in March (683 ng m−3), while Mg showed similar average concentrations (~144 ng m−3)
during February–March. These variations suggest that the generation and resuspension of
sea salt particles are highly sensitive to short-term marine conditions such as wind speed
and wave activity. In fine particles, Na and Mg concentrations were only about 5–23% of
those in coarse particles, indicating that the contribution of sea salt sources to fine particles
is relatively limited.

Elements associated with fuel combustion and ship emissions (V, Ni, and Cu) were
observed in both coarse and fine particles, but exhibited higher concentrations and wider
variability in coarse particles. The monthly average concentration ranges in coarse particles
were V (0.19–4.35 ng m−3), Ni (0.40–13.75 ng m−3), and Cu (0.64–35.77 ng m−3), whereas
in fine particles the ranges were narrower (V: 0.21–1.91 ng m−3; Ni: 0.24–2.03 ng m−3; Cu:
0.28–1.81 ng m−3). These results indicate that the influence of fuel combustion and ship
emissions is more strongly reflected in coarse particles under varying atmospheric transport
conditions, whereas fine particles exhibit relatively stable concentration distributions.

Industrial and anthropogenic metals (Zn and Pb) were also detected in both size
fractions, but their concentration characteristics differed. In coarse particles, monthly
average concentrations ranged from Zn (5.68–17.17 ng m−3) and Pb (0.28–2.91 ng m−3),
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with episodic high-concentration events observed. In fine particles, Zn (0.28–2.91 ng m−3)
and Pb (1.60–2.66 ng m−3) exhibited relatively stable concentration levels. These size-
dependent differences are consistent with previous studies indicating that anthropogenic
metals tend to exist as relatively stable background concentrations in fine particles, whereas
in coarse particles their concentrations can vary substantially depending on emission
intensity and transport conditions [21].

3.2. Source Apportionment Using DN-PMF

In this study, DN-PMF analysis was conducted using the ionic and elemental com-
position data of coarse and fine particles described in Section 3.1. A total of 160 samples
that passed the QA/QC procedures outlined in Section 2.2 were used as input data. For
both coarse and fine particles, 22 chemical species were included as input variables. The
stability and uncertainty ranges of each factor were evaluated using DISP analysis, and the
DN-PMF results are presented in Figure 4.

(a)  (b) 

Figure 4. Source profiles for DN-PMF at the Yellow Sea in Coarse (a) and Fine (b) from 2020 to 2024.

The first source identified in both coarse and fine particles was sea salt, characterized by
high loadings of Na+, Cl−, and Mg2+, with relatively narrow DISP ranges, indicating stable
identification of this factor. Additional contributions from K+, Ca2+, SO4

2−, and HCOO−

were also observed. The major components of sea salt are known to include Na, Cl, SO4
2−,

Ca, K, and Mg [33], and the results of this study are consistent with these characteristics.
The average contribution of sea salt was 30.9% in coarse particles, representing the largest
contribution, whereas it accounted for 6.28% in fine particles, indicating a stronger influence
in the coarse fraction.

The second source was identified as secondary nitrate (ammonium nitrate), character-
ized by high loadings of NO3

− and NH4
+ with narrow DISP ranges [34,35]. The average

contribution was 18.3% in coarse particles and 48.6% in fine particles, making it the most
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dominant factor in fine particles. Secondary nitrate is formed through the oxidation of NOX

to HNO3, followed by reaction with NH3 to form NH4NO3 [36]. It is known to form more
readily under low temperature and high relative humidity conditions, resulting in higher
contributions during winter and spring [37].

The third source was identified as soil, characterized by relatively high loadings of
Ca2+, Al, Fe, Mn, Ni, and Ti, and stable convergence in the DISP analysis [38]. The average
contribution was 15.1% in coarse particles, whereas it was only 1.29% in fine particles,
indicating that soil-derived particles are predominantly associated with the coarse fraction.

The fourth source was oil combustion, characterized by high loadings of Ni and V
with narrow DISP ranges. This factor is interpreted as reflecting emissions from ship
combustion [39–42]. In coarse particles, additional contributions from K+, Ca2+, SO4

2−, Al,
Fe, Cr, Cu, Mn, Ti, and Pb were observed, whereas in fine particles, Mg2+, HCOO−, C2O4

2−,
Fe, Zn, Cu, Mn, and Pb also contributed. The average contribution was 13.9% in coarse
particles and 0.88% in fine particles, indicating a stronger influence in the coarse fraction.

The fifth source was secondary sulfate (ammonium sulfate), characterized by high
loadings of SO4

2− and NH4
+, with relatively stable DISP ranges. Secondary sulfate is

formed through the oxidation of SO2, followed by reaction with NH3 [43]. The average
contribution was 10.1% in coarse particles and 15.6% in fine particles, showing a higher
contribution in the fine fraction.

The sixth source was plant growth, characterized by CH3COO− and HCOO−, both of
which exhibited relatively narrow DISP ranges, supporting consistent factor interpretation.
In particular, CH3COO− showed a high loading and was considered a representative
species. These species can exist in particulate form as salts of acetic acid (CH3COOH)
and formic acid (HCOOH), and their precursors are known to originate from both direct
emissions from vegetation and secondary formation through photochemical oxidation of
biogenic VOCs [44,45]. The average contribution was 5.1% in coarse particles and 3.5%
in fine particles. In addition, previous studies have reported the presence and seasonal
variability of HCOOH and CH3COOH in marine atmospheres [46], suggesting that acetate
and formate observed over the Yellow Sea may reflect contributions from both biospheric
and photochemical processes under mixed marine–continental air mass conditions.

The seventh source was biomass burning, characterized by relatively high loadings
of K+, NO3

−, HCOO−, and C2O4
2−, with stable DISP results. K+ is widely recognized

as a tracer of biomass burning emissions [37]. The average contribution was 3.63% in
coarse particles and 15.8% in fine particles, indicating a more significant influence in the
fine fraction.

The eighth source was marine biogenic, characterized by high loadings of CH3SO3
−

(MSA) and SO4
2−, with relatively narrow DISP ranges. CH3SO3

− is produced from the
atmospheric oxidation of dimethyl sulfide (DMS) emitted by marine phytoplankton and is
widely used as a tracer of marine sulfur sources [47]. The average contribution was 1.3% in
coarse particles, representing the lowest contribution, but was higher in fine particles (4.8%).

In addition to these common factors, size-specific sources were identified. In coarse
particles, an industry factor was separated, characterized by high loadings of metals such
as Zn, Cr, Cu, Ni, and Pb, with relatively narrow DISP ranges. These metals are associated
with industrial activities such as metallurgy and steel production [48,49]. The average con-
tribution of this factor was 1.73% over the entire observation period. In contrast, a mobile
(traffic-related) factor was identified only in fine particles, characterized by high loadings
of Zn and Cr, with narrow DISP ranges. Although Na+, K+, and Ca2+ also contributed to
some extent, the factor composition was dominated by Zn–Cr combinations associated
with traffic emissions. Zn is known to be associated with lubricating oil combustion and
tire wear [50–52], and the average contribution of this factor was 3.28%. The occurrence
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of the industry factor in the coarse-particle solution and the mobile source factor in the
fine-particle solution is likely related to differences in the covariance structure and size
distribution of their tracer species. While the industry factor was associated with the
co-occurrence of Zn, Cr, Cu, Ni, and Pb, the mobile source factor was dominated mainly by
Zn and Cr. This suggests that similar tracer species may be associated with different source
categories depending on particle size and co-varying chemical composition, resulting in
distinct factor separation in the PMF analysis [11,16].

The size-resolved average contributions of all identified sources are summarized in
Figure 5. A total of nine major sources were identified in both coarse and fine particles, with
eight common factors shared between the two size fractions. However, the industry factor
was unique to coarse particles, whereas the mobile factor was unique to fine particles. In
coarse particles, sea salt (30.9%) and soil (15.1%) were the dominant contributors, whereas
in fine particles, secondary nitrate (48.6%) and secondary sulfate (15.6%) were the major
contributors. In addition, the relative importance of other sources, such as oil combustion,
biomass burning, and marine biogenic sources, exhibited clear size-dependent differences.
These results indicate that even within the same marine region, differences in particle size
lead to distinct chemical compositions and source contribution structures.

(a)  (b) 

Figure 5. Chemical composition fractions of Coarse (a) and Fine (b).

3.3. PSCF Analysis

To evaluate the spatial associations of the major sources identified by DN-PMF, PSCF
analysis was performed. The PSCF results were used to link source factors with air-mass
transport pathways and potential source regions. Among all identified factors, six sources
with relatively high contributions and clear interpretability—sea salt, secondary nitrate,
soil, oil combustion, secondary sulfate, and biomass burning—were selected and presented
in Figure 6.

The PSCF distribution for the sea salt factor (Figure 6a) exhibited relatively high
probabilities over the coastal regions of the Yellow Sea and the East China Sea in both
coarse and fine particles. This pattern suggests that sea salt particles generated over the
ocean were transported by prevailing air masses and contributed to aerosol loading over the
observation site. The secondary nitrate factor (Figure 6b) showed a more pronounced spatial
pattern in fine particles, with elevated PSCF values over inland regions of eastern China
and the Shandong Peninsula. This indicates that secondary nitrate formed in continental
regions with substantial anthropogenic precursor emissions was transported over long
distances to the Yellow Sea. The PSCF distribution of the soil factor (Figure 6c) displayed
relatively high values in coarse particles over northern China and adjacent inland regions,

https://doi.org/10.3390/atmos17060605

https://doi.org/10.3390/atmos17060605


Atmosphere 2026, 17, 605 12 of 16

including the northern part of the Shandong Peninsula. This suggests that soil-derived
particles originating from inland continental regions were transported to the Yellow Sea
under westerly flow conditions. In contrast, fine particles exhibited generally low PSCF
values for this factor, consistent with the DN-PMF results indicating that soil sources
predominantly contribute to coarse particles.

The oil combustion factor (Figure 6d) showed relatively high PSCF values in coarse
particles over coastal areas of the Yellow Sea and the northern East China Sea, particularly
near major shipping routes. This pattern indicates that emissions from ship combustion are
more strongly reflected in coarse particles under marine transport conditions. The PSCF
distribution of the secondary sulfate factor (Figure 6e) exhibited elevated values in fine
particles over a broad region, including eastern China, the Shandong Peninsula, and the
lower Yangtze River region. This suggests that sulfate formed in continental regions was
transported over the Yellow Sea. The biomass burning factor (Figure 6f) showed relatively
high PSCF values in fine particles over inland regions of central and southern China. This
suggests that seasonal biomass burning activities may act as potential sources influencing
fine particles over the Yellow Sea. Overall, the spatial patterns derived from PSCF analysis
are consistent with the DN-PMF source apportionment results, confirming the robustness of
the identified source contributions and highlighting the importance of long-range transport
in shaping aerosol characteristics over the Yellow Sea.

(a)  (b) 

   
(c)  (d) 

   
(e)  (f) 

   

Figure 6. PSCF plots for the 6 sources (a–f) in coarse and fine resolutions using DN-PMF. The black
stars (in (a–f)) represent the sampling sites. (a) Sea salt. (b) Secondary nitrate. (c) Soil. (d) Oil
combustion. (e) Secondary sulfate. (f) Biomass burning.

4. Conclusions
This study quantitatively investigated the size-resolved chemical composition and

source structure of coarse (PM10–2.5) and fine (PM2.5) particles over the Yellow Sea using
ship-based observations conducted during the spring seasons from 2020 to 2024. By an-
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alyzing a five-year dataset collected over the same marine region, this study provides
robust insights into interannual variability and long-range transport characteristics beyond
short-term case studies.

Coarse particles were predominantly influenced by sea salt and soil sources. In
particular, during the dust event in March 2021, soil-derived components reached the
highest levels observed during the entire study period. In contrast, in 2024, the relative
contribution of sea salt components increased, demonstrating that dominant sources can
vary even within the same season across different years. Fine particles were consistently
dominated by secondary nitrate and secondary sulfate throughout the observation period.
In March 2023, simultaneous increases in secondary nitrate and ammonium resulted in
the highest fine particle concentrations observed. These results suggest that, unlike coarse
particles influenced by episodic natural inputs, fine particles are primarily governed by
regional secondary formation processes and atmospheric stagnation conditions.

DN-PMF analysis identified a total of nine major sources, with eight common factors
shared between coarse and fine particles, including sea salt, soil, secondary nitrate, sec-
ondary sulfate, oil combustion, biomass burning, marine biogenic, and plant growth. In
coarse particles, sea salt (30.9%) and soil (15.1%) were the dominant contributors, whereas
in fine particles, secondary nitrate (48.6%) and secondary sulfate (15.6%) were the most
influential sources. In addition, an industry factor was uniquely identified in coarse par-
ticles, while a mobile source factor was separated only in fine particles, highlighting that
subtle differences in chemical composition can lead to distinct size-dependent source
structures. Furthermore, the DN-PMF approach, incorporating the ventilation coefficient,
effectively reduced meteorological dilution effects and improved the robustness of source
apportionment under highly variable marine atmospheric conditions.

PSCF analysis further supported the spatial validity of the DN-PMF results. Sea salt
and oil combustion factors in coarse particles were associated with coastal and marine
regions of the Yellow Sea and the East China Sea, while the soil factor corresponded
to inland regions of northern China. In contrast, secondary nitrate, secondary sulfate,
and biomass burning factors in fine particles exhibited strong associations with long-
range transport from inland regions of eastern China. These findings highlight that the
Yellow Sea acts as a transitional receptor region influenced by both marine emissions and
continental outflow.

Overall, aerosols over the Yellow Sea exhibit a dual structure depending on particle
size. Coarse particles respond sensitively to episodic natural inputs and local marine activi-
ties, whereas fine particles more directly reflect regional precursor emissions and secondary
formation processes. This study provides a comprehensive size-resolved, DN-PMF-based
quantitative analysis derived from five years of consistent ship-based observations, offer-
ing important scientific evidence for understanding long-range transport processes and
air–sea interactions in East Asia. Future studies incorporating extended observation pe-
riods, broader seasonal coverage, and long-term trend analysis will further improve our
understanding of emission changes and climate–atmosphere interactions in the region.
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