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Abstract: The lack of long-term observational data on secondary PM2.5 (SPM) has limited our
comprehensive understanding of atmospheric environment change. This study develops an SPM
estimation method, named Single-Tracer Approximate Envelope Algorithm (STAEA), to assess the
long-term changes of SPM under different PM2.5 levels and in all seasons in Wuhan, Central China,
over the period of anthropogenic pollutant mitigation in 2015–2020. The results show that: (1) the
average proportions of SPM in ambient PM2.5 is 59.61% in a clean air environment, rising significantly
to 71.60%, 73.73%, and 75.55%, respectively, in light, moderate, and heavy PM2.5 pollution, indicating
the dominant role of SPM in air quality deterioration; (2) there are increasing trends of interannual
changes of SPM at the light and moderate pollution levels of 1.95 and 3.11 µg·m−3·a−1 with extending
SPM proportions in PM2.5 pollution, raising a challenge for further improvement in ambient air
quality with mitigating light and moderate PM2.5 pollution; (3) the high SPM contributions ranging
from 55.63% to 68.65% on a seasonal average and the large amplitude of seasonal SPM changes could
dominate the seasonality of air quality; (4) the wintertime SPM contribution present a consistent
increasing trend compared with the declining trends in spring, summer, and autumn, suggesting
underlying mechanisms of SPM change for further deciphering the evolution of the atmospheric
environment. Our results highlight the effects of air pollutant mitigation on long-term variations in
SPM and its contributions with implications for atmospheric environment change.

Keywords: particle pollution; secondary pm2.5; long-term variations; seasonal change; central China

1. Introduction

Airborne particulate matter (PM) refers to a relatively stable suspension system com-
posed of liquid and solid particles dispersed homogeneously in the atmosphere. Atmo-
spheric fine particles, designated PM2.5, denote the PM with an aerodynamic diameter
equal to or less than 2.5µm [1]. A primary cause of air pollution is the high levels of
particulate matter, particularly PM2.5 [2]. PM2.5 is composed of both primary PM2.5 (PPM)
and secondary PM2.5 (SPM). PPM mainly includes primary organic matter (POA), black
carbon (BC), dust, coal smoke, and sea salt directly emitted into the atmosphere by human
activities or natural sources [3]. SPM is mainly composed of nitrates, sulfates, ammonium
salts, and secondary organics formed by chemical processes involving gaseous precursors
SO2, NOx, and volatile organic compounds (VOCs) [1,4]. The PPM and SPM have different
effects on air quality and climate systems [5]. For example, the black carbon aerosol is
a typical PPM that can strongly absorb solar shortwave radiation, reduce atmospheric
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visibility, and inhibit the atmospheric radiation balance [6]. In contrast, the SO2−
4 , NO−

3 ,
and NH+

4 in the SPM with a strong optical scatter capacity are also closely correlated with
the PH value of atmospheric precipitation [7,8].

Since 2013, China has carried out actions for the prevention and control of PM2.5
pollution (http://www.gov.cn/xinwen/2018-02/01/content_5262720.htm (accessed on
31 August 2022)). As a result, in 2020, the annual mean concentrations of PM2.5 in China
fell to 33 µg·m−3 [9]. However, about 80% of the Chinese population is still exposed to
annual mean concentrations of PM2.5 exceeding 35 µg·m−3, and 99% of the population is
exposed to annual PM2.5 levels over the WHO Air Quality Guidelines of 10 µg·m−3 [10].
On average, during 2014–2018, SPM accounted for 63.5% of the PM2.5 in southern China
and 57.1% in northern China [11], suggesting that SPM has become the major part of PM2.5
observed in China. Therefore, the control of PM2.5 pollution in China is confronting a key
challenge, owing to our poor understanding of SPM change with a long-term assessment
of the contribution to the atmospheric environment [12].

As one of the hub cities in central China, Wuhan has experienced rapid urbanization
and modernization, which could potentially exert an impact on air quality [13]. Meanwhile,
Wuhan is also located in a key receptor region in the regional transport of air pollutants from
the emission source regions in northern China, resulting in heavy PM2.5 pollution in autumn
and winter over central China in the urban areas [14,15]. The PM2.5 pollution episodes in
Wuhan are characterized by high levels of SIA (secondary inorganic aerosols of sulfate,
nitrate, and ammonium) and SOA (secondary organic aerosols) [16]. The sulfur oxidation
ratio and nitrogen oxidation ratio are relatively high in winter, and SIAs are the predominant
components of wintertime PM2.5 pollution in this urban area [17], indicating the importance
of SPM in air pollution and the complexity of changing the urban environment and climate.

Studies on PM2.5 pollution and SPM mainly focus on the Beijing-Tianjin-Hebei region
of the North China Plain, the Yangtze River Delta of East China, and the Sichuan Basin
of Southwest China. Less attention has been paid to the urban regions in central China.
In addition, the SPM is studied using online and offline observation methods to analyze
the chemical components and sources of PM2.5. Moreover, most of these SPM studies are
restricted to short-term observations with high economic costs and a substantial workforce,
making it difficult to conduct long-term studies [18–20], which limits our understanding
of long-term variations in the SPM with seasonality and its impacts on air quality change.
Therefore, the motivation for this study’s targeting of Wuhan, an urban area in central China,
is to investigate the multi-year variations in SPM with its contribution to seasonal changes
and various levels of air quality over 2015–2020 in the context of reducing anthropogenic
pollutant emissions in China. This study aims to assess the variations in SPM over recent-
year anthropogenic emission reduction with implications for the importance of secondary
aerosols in environmental and climatic changes over urban regions.

2. Data and Methods
2.1. Environmental and Meteorological Data

In this study, the monitoring data of air pollutants, including PM2.5, CO, SO2, NO2, and
O3 in urban areas of Wuhan (Figure 1) from 1 January 2015 to 31 December 2020, are derived
from the China national environmental monitoring network (http://www.mee.gov.cn
(accessed on 1 July 2022)), and air pollution data complying with national standards and
requirements for ambient air quality monitoring. The urban air pollutant concentrations are
represented by the regional averages across the monitoring network in Wuhan. Moreover,
meteorological data for air temperature (T), relative humidity (RH), sea level pressure (SLP),
wind speed (WS), and wind direction (WD) at the Wuhan observatory of meteorology are
sourced from the national meteorological information center of China (http://data.cma.cn/
(accessed on 15 July 2022)), with temporal resolutions of 1 h.

http://www.gov.cn/xinwen/2018-02/01/content_5262720.htm
http://www.mee.gov.cn
http://data.cma.cn/
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Some unconventional observation data of PM2.5 components, such as water-soluble
inorganic ions, organic carbon (OC), and EC, which are derived from continuous online
monitoring in urban Wuhan [21,22], with short-term offline sampling at an urban site in
Wuhan [23] are used to evaluate the estimated proportion of SPM in PM2.5.

2.2. Methods

Online instrument measurement and offline lab analysis are commonly used to study
PM2.5 compositions. These methods can precisely identify the chemical components and
source apportionments of PM2.5, which are widely employed in the investigation of sec-
ondary particulate matter and its effects on air pollution change [18–20,24]. However,
these online and offline observation methods can only conduct short-term, single-point
studies due to substantial economic costs and huge workforce requirements. Additionally,
numerical models, such as the chemical transport model (CTM), are also useful tools for
characterizing the secondary PM2.5. Nevertheless, the uncertainties of physical and chemi-
cal processes in the CTM and the significant dependence of CTM modeling on air pollutant
emissions and meteorological drivers impede the wide use of numerical models to study
secondary PM2.5 components [25,26].

Chang and Lee [27] proposed a method for estimating the secondary particles based
on the conventional measurements of PM2.5, CO, and O3 with the following considerations:
(1) the primary PM2.5 (PPM) is the dominant contributor to ambient PM2.5 under low
oxidation capacity with daily maximum O3 concentrations of O3-max < 60 ppb. (2) the ratio
of observed PM2.5 and CO under low oxidation capacity (O3-max < 60 ppb), denoted as
(PPM/CO)L, is used to represent the fraction of PPM from emission sources, as CO is a
typical tracer of primary air pollutants from anthropogenic emissions. (3) The PPM in the
light (60 ppb < O3-max < 80 ppb), moderate (80 ppb < O3-max < 120 ppb), and heavy
(O3-max > 120 ppb) levels of oxidation capacity can be estimated with the following
Equation (1):

PPM = CO × (PPM/CO)L (1)

(4) based on the estimation of PPM from Equation (1), the SPM concentrations and their con-
tribution to ambient PM2.5 (SPMC) are quantitatively estimated with the
following equations:

SPM = PM2.5 − PPM (2)

SPMC = SPM/PM2.5 (3)
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This method of Chang and Lee has been applied widely to assess the secondary parti-
cles and their contribution to changes in the atmospheric environment [28–30]. However,
Gu [31] argued that the contribution of secondary components to PM2.5 cannot be ignored,
even in low atmospheric oxidation in the ambient atmosphere, and the weak practicality
of Chang and Lee’s methods merely resulted from the uncertainties in (PPM/CO)L, the
fraction of PPM from anthropogenic emission sources. Similar to air pollutant change,
the uncertainties in (PPM/CO)L are generally decided by meteorological conditions and
air pollutant emissions [32]. Therefore, reducing the uncertainties in (PPM/CO)L could
improve the method of estimating SPM by considering the influences of meteorological
conditions and anthropogenic emissions in the development of the method for this study.

2.3. Development of Method

In this study, the (PPM/CO)L ratio (Equation (1)) is defined as RPPM/CO, and we
develop a more accurate estimation method for SPM concentration, named the Single-
Tracer Approximate Envelope Algorithm (STAEA) based on the AEM method [29], first
of the AEM without comprehensively considering the influences of meteorological con-
ditions on RPPM/CO estimation. For instance, wet deposition of the precipitation pro-
cess can remove PM2.5 but not insoluble CO, which would lead to a significant un-
derestimation of the RPPM/CO ratio. Furthermore, in order to possibly minimize the
concentrations of SPM in observed PM2.5 with accurate estimations of RPPM/CO, the
AEM method discusses the SPM concentration changes in different air quality levels
while not involving the impacts of atmospheric oxidation on the formation of secondary
aerosols [33]. Therefore, the STAEA-method filter through the observed PM2.5 and CO data
for clean air quality (daily mean PM2.5 concentration < 75 µg·m−3), low photochemical
activities (maximum hourly concentration O3-max < 60 ppb), and non-precipitation days
(daily precipitation amount = 0.0 mm), aims to reduce the uncertainties in RPPM/CO from
meteorological conditions.

Another major improvement over the AEM method is that STAEA estimation can
possibly eliminate the impact of anthropogenic emission changes. (1) RPPM/CO ratios vary
along with significant changes in the anthropogenic emissions of different seasons over the
recent-year mitigation and different times of day. Therefore, separately estimating RPPM/CO
for different time periods can reduce the uncertainties from emission changes. (2) The
STAEA method is based on an essential presumption that the air pollutant source emissions
in a certain area remained stable during a short time period, which means that the estimated
PPM/CO ratios should remain unchanged regardless of high or low CO levels.

Our estimations of RPPM/CO divided one day into 8 time periods to respectively
estimate 192 different RPPM/CO (6 years × 4 seasons × 8 time-periods) from 2015 to 2020,
and each 3-h period of PM2.5 with its corresponding CO concentrations was grouped
according to the CO concentration bins with the ranges over 0.5–0.7, 0.7–0.9, 0.9–1.1, 1.1–1.3,
1.3–1.5, and 1.5–1.7 mg·m−3 [29]. For the sake of estimating RPPM/CO with the minimum
possible impact of SPM, the lowest ψ (ψ = 1, 2, 3, . . . ) numbers of PM2.5 concentrations
within CO bins with a corresponding CO level were averaged to represent estimated
RPPM/CO ratios (black squares, Figure 2), and the robust RPPM/CO is the slope of the fitting
line for black squares with an optimal fitting degree.

2.4. STAEA Method Evaluation

To assess the improvement of the STAEA-estimated contribution of SPM to PM2.5, we
compared the errors of STAEA and AEM estimations with observation-based analyses of
PM2.5 components from published studies (Table 1). The secondary organic carbon (SOC)
concentrations could usually be estimated by the elemental carbon (EC)-tracer method [34],
and the secondary organic aerosol (SOA) concentrations were calculated by multiplying
the SOC concentration by an empirical coefficient of 2.0 [35], with the following steps:

SOC = OC − EC × (OC/EC)min (4)
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SOA = 2.0 × SOC (5)

where OC denotes the mass concentrations of organic carbon and (OC/EC)min represents
the minimum observed OC/EC in primary emissions. The concentrations of secondary
inorganic aerosol (SIA) were estimated using the accumulation of water-soluble inorganic
ions (WSIIs), such as sulfate, nitrate, and ammonium concentrations. As SPM is the sum of
SIA and SOA, the ratio of SPM/PM2.5 could be estimated with the concentrations of PM2.5
and SPM (Table 1).
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Table 1. Comparisons of SPM and SPM/PM2.5 between our STAEA estimation and the previous
measurements with concentrations (µg·m−3) of PM2.5 with the SIA, SOA, and SPM.

Periods Sources PM2.5 SIA SOA SPM SPM/PM2.5 Errors

14–24 January 2018
Chen et al. [23] 146.9 72.1 13.4 85.5 58.2%

6.19%
STAEA 117.0 — — 72.3 61.8%

March 2017–February 2018
Huang et al. [21] 52.5 28.8 3.0 31.8 60.6%

4.46%
STAEA 52.4 — — 33.2 63.3%

23 January–22 February 2019
Zheng et al. [22] 72.9 51.7 10.1 61.8 84.7%

16.53%
STAEA 73.1 — — 51.7 70.7%

The evaluation of STAEA estimations presents the reasonable performances of SPM
concentrations and the contribution rate of SPM/PM2.5 based on the comparisons with the
available measurements (Table 1). Furthermore, averaged over three measurement periods,
the STAEA estimation error of 9.06% is much lower than the AEM estimation with a mean
error of 29.71%, confirming a significant improvement of secondary PM2.5 estimation with
our developed STAEA method. However, there were discrepancies between the estimations
and the measurements of secondary PM2.5, which could have resulted from the STAEA
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estimations considering only anthropogenic emissions with a CO tracer and excluding
the natural emissions of PM2.5, as well as the different sampling sites and observation
periods. Overall, the STAEA estimation could better capture the changes in secondary
PM2.5 concentrations with the contributions to ambient PM2.5, which could be used in the
following analysis of variations in secondary PM2.5 in Wuhan over the 2015–2020 period of
emission reduction.

3. Results and Discussion
3.1. Variations of Air Pollutants and PM2.5 Pollution

The interannual variations in ambient air pollutants in Wuhan over 2015–2020 are
shown in Figure 3, based on the data from the air quality monitoring network. The annual
averages of PM2.5 concentrations dropped from 68.49 µg·m−3 in 2015 to 36.84 µg·m−3

in 2020 in Wuhan, presenting a significant decrease of 46.21% with air pollutant emis-
sion control in China over the 2015–2020 period. Similarly, the annual averages of PM10
concentrations fell by 46.57% from 108.56 µg·m−3 in 2015 to 58.00 µg·m−3 in 2020. In addi-
tion, the annual mean concentrations of the gaseous pollutants NO2, SO2, and CO were
34.55 µg·m−3, 7.84 µg·m−3, and 0.83µg·m−3 in 2020, respectively, a decrease of 30.20%,
60.64%, and 24.55% compared with 2015, demonstrating that the urban area in central
China had achieved a remarkable improvement in air quality with the past 6-year an-
thropogenic pollutant mitigation period. However, the annual mean of near-surface O3
concentrations exhibited an increase from 57.40 µg·m−3 in 2015 to 59.74 µg·m−3 in 2020,
indicating the potential enhancement of oxidation capacity in the ambient atmosphere
during air pollutant mitigation during 2015–2020.
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Based on the daily PM2.5 concentration ranges over 0–75 µg·m−3, 75–115 µg·m−3,
115–150 µg·m−3, and higher than 150 µg·m−3, ambient environment was classified respec-
tively into clean air qualities of light, moderate and heavy PM2.5 pollution according to the
national standard of ambient air quality in China (Ministry of Ecology and Environment
of China, available at: https://www.mee.gov.cn/ (accessed on 31 August 2022)). With
this classification of air quality levels, it was found in Wuhan that during 2015–2020 the
annual number of days with clean air quality increased from 240 days in 2015 to 340 days
in 2020, and light (moderate) PM2.5 pollution days decreased from 76 (31) days in 2015
to 23 (3) days in 2020 (Table 2). Noticeably, heavy PM2.5 pollution days dropped from
17 days in 2015 to 0 days in 2020, with heavy PM2.5 pollution eliminated in 2020 (Table 2).

https://www.mee.gov.cn/
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Table 2. Interannual variations in frequency (days) of different air quality levels with daily PM2.5

concentrations observed in Wuhan from 2015 to 2020.

Air Quality Levels 2015 2016 2017 2018 2019 2020

Clean air quality 240 274 286 309 320 340
Light pollution 76 63 57 37 33 23

Moderate pollution 31 22 13 10 8 3
Heavy pollution 17 7 9 4 3 0

The combined effects of local accumulation, regional transport, and secondary aerosol
formation show great seasonal changes in atmospheric pollution in urban areas [14,36,37].
Winter is a typical season with frequent PM2.5 pollution in Wuhan. As listed in Table 3,
the 6-year period (2015–2020) had a cumulative 285 days with PM2.5 pollution in winter,
which was much more than 68, 61, and 2 days in spring, autumn, and summer, respectively.
Wintertime accounted for 68.51% of PM2.5 pollution days over the past 6 years. Taking
2015–2020 as a whole, light, moderate, and heavy PM2.5 pollution days in Wuhan accounted
for 69.47%, 20.91%, and 9.62% of all PM2.5 pollution days, respectively, with a ratio of about
7:2:1 among light, moderate, and heavy levels of PM2.5 pollution. Therefore, the light
level of PM2.5 pollution was the dominant urban PM2.5 pollution in all seasons, and the
occurrence peaks were seen in winter.

Table 3. Annually and seasonally accumulative frequencies (days) of different PM2.5 pollution levels
in Wuhan over 2015–2020.

Spring Summer Autumn Winter Total

Light pollution 57 2 54 176 289
Moderate pollution 8 0 5 74 87

Heavy pollution 3 0 2 35 40
Total 68 2 61 285 416

In summary, Wuhan has been experiencing significant decreases in PM2.5, PM10, CO,
SO2, and NO2 levels since 2013, reflecting the great effects of stringent emission control
on air quality improvement. However, the near-surface O3 exhibited an increasing trend
with the dominance of light PM2.5 pollution in urban air pollution over the recent-year
air pollutant mitigation, implying the importance of atmospheric oxidation for SPM in
light air pollution. The long-term variations in SPM over recent years of anthropogenic
emission mitigation remain unclear in the urban region, limiting our understanding of air
quality evolution with implications for further fine control of air pollution and atmospheric
environment management.

3.2. Long-Term Variations of SPM in Air Quality Levels

Long-term variations in the SPM influencing air quality are important for understand-
ing the changes in the atmospheric environment and assessing the emission control for
mitigating air pollution. Therefore, we employed the STAEA method here to estimate the
changes in SPM and PPM in Air Quality Levels with the various levels of ambient PM2.5
based on the 6-year (2015–2020) data from meteorological and environmental observations
in the urban Wuhan region of central China.

Based on the STAEA estimations, Figure 4 presents the interannual variations in SPM
and PPM with the linear trends, average values, and standard deviations in different PM2.5
levels over 2015–2020. With a deterioration in the urban air quality from clean air quality,
light, moderate to heavy PM2.5 pollution, the recent-year averages of SPM concentrations
increased from 23.67 µg·m−3, 65.60 µg·m−3, 97.46 µg·m−3 to 132.86 µg·m−3 accompanied
by PPM concentrations aggravating ambient PM2.5 levels (Figure 4). With the ratio of
SPM/PM2.5 representing the contribution of SPM to the ambient PM2.5 concentration,
the urban air quality changes in Wuhan over 2015–2020 are reckoned to be the results of



Atmosphere 2022, 13, 1962 8 of 13

contributions of SPM to different PM2.5 levels enhanced from 59.61% in clean air quality
to 71.60%, 73.73%, and 75.55%, respectively in light, moderate, and heavy PM2.5 pollu-
tion, indicating that SPM has become a dominant component of PM2.5 deteriorating the
urban environment. The mitigation of secondary aerosol formation could largely improve
air quality.
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Figure 4. Interannual variations in PPM and SPM (solid lines) with linear fitting lines (dashed lines)
in clean (air quality), light, moderate, and heavy (PM2.5 pollution) levels from 2015 to 2020. PPM
and SPM are respectively shown in green and red lines. The values inset in each panel is the Trend
(linear fitting trends) with p-value less than 0.05. Mean denotes the concentrations of PPM and SPM
averaged over 2015–2020. SD represents the 6-year average of annual standard deviations, which
are calculated based on daily variations in SPM and PPM for each year. Shaded areas represent ±1
standard deviations. (a) Clean; (b) Light; (c) Moderate; (d) Heavy.

Accompanying decreasing PPM concentrations between 2015 and 2020, the annual con-
centrations of SPM in clean air quality decreased from 26.29 µg·m−3 in 2015 to
20.71 µg·m−3 in 2020, while there were contrasting patterns of interannual SPM changes at
the light and moderate pollution levels with annual concentrations of SPM increasing, re-
spectively, from 62.01 µg·m−3 and 93.11 µg·m−3 in 2015 to 72.30 µg·m−3 and 106.04 µg·m−3

in 2020 (Figure 4). These results highlight a distinctly important role for SPM in light and
moderate air pollution over the recent years of anthropogenic pollutant mitigation. Further-
more, heavy PM2.5 pollution was eliminated in 2020 as both PPM and SPM concentrations
in heavy air pollution fell significantly from 2015 to 2020. To statistically detect the long-
term variations in SPM contributions to ambient PM2.5 levels, the difference (DF) between
the linear trends of SPM (TrendS) and PPM (TrendP) over recent years is introduced here
as follows:

DF = TrendS − TrendP (6)

with a positive (negative) DF representing the increasing (decreasing) contribution of SPM
to ambient PM2.5 concentration in long-term changes in the atmospheric environment.

As shown in Figure 4 and Table 4, the PPM concentrations exhibited decreasing trends
in clean air quality and all air pollution levels over 2015–2020, with the most prominent
trend (−4.94 µg·m−3·a−1) in heavy air pollution, reflecting the consistent declines in
PPM in air quality change over the recent years of anthropogenic pollutant emission
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reduction. The long-term change trends of SPM in the atmospheric environment are
noteworthy, with the negative linear trends at −1.04 µg·m−3·a−1 in a clean air environment
and at −2.71 µg·m−3·a−1 in heavy PM2.5 pollution, in contrast with the positive trends
at 1.95 µg·m−3·a−1 and 3.11 µg·m−3·a−1 in light and moderate pollution, respectively
(Figure 4; Table 4). By comparing the DF values at different air quality levels (Table 4), clean
air quality uniquely has a descending contribution of SPM (DF = −0.02 µg·m−3·a−1) over
the recent years, differing from the increasing contributions of secondary aerosols to PM2.5
pollution change over the emission control process [38,39]. Furthermore, the contributions
of SPM to light and moderate PM2.5 pollution, as indicated respectively with the high
DF values of 4.09 and 4.51 (Table 4), were largely intensified in this urban area during
2015–2020, confirming the difficulty of improving air quality with the enhancement trends
in secondary aerosols with high contributions to light and moderate PM2.5 pollution during
recent years of PPM reductions [40].

Table 4. Linear trends (µg·m−3·a−1) of PPM and SPM with their differences (DF) in different air
quality levels over 2015–2020.

Clean Air Quality Light Pollution Moderate
Pollution Heavy Pollution

PPM −1.02 −2.14 −1.40 −4.94
SPM −1.04 1.95 3.11 −2.71
DF −0.02 4.09 4.51 2.23

Standard deviation, as a statistical measure of dispersion in a frequency distribution,
is used to characterize the amplitude of SPM and PPM in long-term variations in an
atmospheric environment. Comparing the standard deviations (SD) of PPM and SPM over
2015–2020 (Figure 4), it is remarkable that the SD values of SPM are more than 2 times
greater than the PPM changes for all the ambient PM2.5 levels from clean air quality, light,
moderate, and heavy air pollution, presenting the significantly large extent of SPM in air
quality change. These values could have resulted from the complex physical and chemical
processes of secondary aerosols with more influence factors than primary aerosols. The
large amplitude of SPM variations with the more complex mechanism could raise the
difficulty of air quality management, and it is more feasible to improve the atmospheric
environment using fine control of the secondary aerosols.

3.3. Seasonal Variations of SPM and PPM

The seasonal changes in secondary particles with their contributions to ambient PM2.5
are attributed to the variations in air pollutant emissions related to human activities as
well as the meteorological conditions affecting the atmospheric processes of chemistry and
physics. In this section, the STAEA estimations are used to identify the seasonal changes in
SPM and PPM to further understand the urban environment of central China in Wuhan.

Based on the STAEA estimations over 2015–2020 (Figure 5), the seasonal mean SPM
and PPM concentrations reached up to 57.30 µg·m−3 and 27.41 µg·m−3 in winter, and fell
to 16.31 µg·m−3 and 13.17 µg·m−3 in summer, presenting the seasonal oscillations of both
PPM and SPM between the highest levels in winter and the lowest levels in summer. The
seasonal contributions of SPM to the PM2.5 levels were averaged at 55.63% in summer, while
the high contributions of SPM were 68.65% and 68.33% in autumn and winter, respectively.
Such results are in accordance with previous studies [11]. High levels of SPM could largely
contribute to poor air quality in winter with frequent PM2.5 pollution (Table 3).
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As presented in Figure 5 and Table 5, both SPM and PPM concentrations exhibited
decreasing trends in all seasons over 2015–2020, with the most significant declines of
−4.99 µg·m−3·a−1 and −5.07 µg·m−3·a−1, respectively, for SPM and PPM in winter. The
seasonality of SPM contributions in the changes of atmospheric environment is noteworthy,
with a positive DF (Equation (6)) value at 0.08 µg·m−3·a−1 in winter and negative DF
values of −1.78 µg·m−3·a−1, −1.83 µg·m−3·a−1, and −3.91 µg·m−3·a−1 in spring, summer,
and autumn (Table 5). The SPM contribution to the wintertime high PM2.5 levels was
enhanced from year to year, accompanied by the descending trends in SPM and PPM over
the 2015–2020 period of anthropogenic emission reduction (Figure 5; Table 5), which is
consistent with our current understanding of atmospheric environmental change [11,38].
However, it is puzzling that the contributions of SPM to ambient PM2.5 declined in spring,
summer, and autumn in contrast with wintertime’s increasing SPM contribution over the
recent-year air pollution controls. Such an increase could imply the potential mechanisms
of SPM change for further study in understanding atmospheric environment change with
the thresholds of reducing air pollutant emissions to mitigate SPM potency for effectively
improving air quality.

Table 5. Linear trends (µg·m−3 a−1) of PPM and SPM with their differences (DF) in different seasons
over 2015–2020.

Spring Summer Autumn Winter

PPM −2.25 −0.47 −0.23 −5.07
SPM −4.03 −2.30 −4.14 −4.99
DF −1.78 −1.83 −3.91 0.08

Furthermore, the SD values of SPM are identified as larger than the PPM changes
in all seasons, comparing the standard deviations (SD) of PPM and SPM over 2015–2020
(Figure 5). The large amplitude of seasonal SPM variations could dominate the seasonality
of urban air quality for air environment management.
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4. Conclusions

Previous studies of secondary aerosols were limited to observation-based analyses of
short-term PM2.5 components with PM2.5 pollution episodes, leading to our poor under-
standing of long-term SPM change and its contribution to the atmospheric environment. In
this study, we developed the SPM estimation method (STAEA) based on routine environ-
mental and meteorological monitoring data. Compared with the existing AEM estimations
and measurements, the STAEA method was confirmed to have a better performance in cap-
turing the SPM concentrations and their contributions to ambient PM2.5. We employed the
STAEA method to investigate the 6-year changes of SPM and its contributions to seasonal
variations and changing levels of air quality in Wuhan during the 2015–2020 mitigation of
anthropogenic air pollutants. The major conclusions are highlighted as follows:

The contributions of SPM to ambient PM2.5 levels increase from 59.61% in clean
air quality to 71.60%, 73.73%, and 75.55%, respectively, in light, moderate, and heavy
PM2.5 pollution levels, with the key components of PM2.5 in a deteriorating atmospheric
environment over 2015–2020. The long-term changes in light and moderate PM2.5 pollution
with increasing SPM trends at 1.95 and 3.11 µg·m−3·a−1 and the enhancement of the SPM
contributions to PM2.5 pollution could aggravate difficulties in the improvement of the
atmospheric environment. Both PPM and SPM oscillate seasonally between high levels in
winter and low levels in summer, and the large amplitude of seasonal SPM variations could
dominate the seasonality of urban air quality. The contributions of SPM to seasonal PM2.5
changes declined in spring, summer, and autumn in contrast with a wintertime increase in
the SPM contribution to frequent air pollution. The SPM contributions to the atmospheric
environment rise in winter with the descending trends of SPM and PPM at all seasons over
2015–2020, implying the potential mechanisms of SPM change for further understanding
atmospheric environment change.

The present study investigates the variations of secondary PM2.5 in an urban area
over central China during 2015–2020 with the continuous emission control since 2013
and the unexpected reduction of anthropogenic emissions attributed to the COVID-19
lockdowns. Due to a limited understanding of the complex mechanisms of secondary
aerosol formation, further research could be desired with more comprehensive, longer,
and updated observations and simulation analyses of atmospheric chemical and physical
processes to generalize the regional changes in secondary aerosols and their implications for
the multi-scale changes in the atmospheric environment and the improvement of air quality.
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