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HIGHLIGHTS GRAPHICAL ABSTRACT
e Calm periods after sustained cleaning

processes are selected to gauge local

emissions.
e Reductions in hourly growth rates of

PM, s and SO, were significant but less

for NO, over years.
o Beijing’s growth rates of PM, 5 and NO,

were comparable to the heavy industri-

alized Tangshan and Baoding.
ARTICLE INFO ABSTRACT
Keywords: Although air pollution is largely due to anthropogenic emission, the observed pollution levels in a city are
Air-quality assessment confounded by meteorological conditions and regional transportation of pollutants. However, effective air

Calm episodes
Meteorological adjustment
Panel data regression
Quasi-experiment

quality management requires measures for local emissions of the city. With a data selection algorithm, we choose
calm episodes after strong cleaning processes to measure the growth of three air pollutants (PMz 5, NO3 and SO3)
before the arrival of transported pollution in three North China cities. Panel data regression models are used to
analyze the episode data from the quasi-experiments to quantify the local emission in three North China cities
from March 2013 to February 2019. The study reveals significant reductions in the average hourly growth rates
from 5.9 to 11.1 ug/m? to 2.9-4.5 ug/m? for PMy 5, 2.2-8.9 pug/m? to 0.4-2.5 ug/m?® for SO from 2013 to 2018,
respectively, mounting to 44-70% and 57-82% reductions in the two pollutants in the three cities. However, the
hourly growth rate for NOy was less changed with the annual decrease ranging from —9.4% to 27.9% over the
2013 level in 2018. The study also finds the growth rates of PMy 5 and NO» in Beijing were comparable to those
in the heavy industrialized Tangshan and Baoding, revealing Beijing’s substantial emission despite its very low
profile on SO,.

1. Introduction countries, which is largely driven by excessive emissions due to
anthropogenic activities. The purpose of air quality management is
Air pollution is an environmental and public health issue in many surely to reduce the emissions leading to air pollution. However,
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quantifying the amount of emissions including both anthropogenic and
natural emissions in a city or a small area is a challenging task. Emission
inventory (EI) is a tool for accounting for the amount of air pollutants
discharged into the atmosphere from various pollution sources in a
certain time span and a geographical area, which involves both the
bottom-up approach that collects the amount of emissions from all
sources of an area over a time frame and the down-scaling larger area
production and energy statistics to smaller geographical areas (Bun
et al., 2018; Gurney et al., 2012; Huang et al., 2015). The inventory is
usually compiled every 3-4 years which implies temporal delays in
using it for emission measurements, and is also subject to measurement
errors. A Bayesian inverse model is used as a top-down method to infer
the most likely distribution of emissions where bottom-up inventories
are prior estimates and then updated using observed concentrations and
an atmospheric transport model (Kunik et al., 2019; Nickless et al.,
2018; Turnbull et al., 2019).

Air quality monitoring networks established in many countries in the
last two decades provide data with a good spatial and temporal reso-
lution, which may be used to gauge the emission. However, as the
ground measurements of the pollution concentration from the moni-
toring sites are inevitably confounded by the meteorological conditions
and regional transportation, obtaining emission information from the
monitoring data requires data analytic techniques and proper study
designs to filter out the meteorological effect and regional trans-
portation. This paper provides one such technique. Although the
measured concentration is generally positively correlated with the
emission amount, it is not easy to estimate the underlying emission by
inverting the concentrations, as meteorological factors can confound the
concentration levels, the same level of emission with different meteo-
rological conditions can lead to different concentrations at the moni-
toring sites. Liang et al. (2015) and Zhang et al. (2020) provided
statistical adjustments to the observed concentrations under a stan-
dardized weather baseline so that the adjusted concentrations are
comparable temporally (Liang et al., 2015) and spatially (Zhang et al.,
2020), which under certain conditions can be used as indications of the
overall emission. However, in addition to the meteorological con-
founding, regional transportation is another factor that is not accounted
for in the meteorological adjustment approach. This was the motivation
to study the monitoring data over calm periods after each refreshment of
the air quality.

Studies have shown air quality is much influenced by meteorology
and regional transportation. Regional transport of pollutants was found
to contribute to concentrations of PMy 5 (Wang et al., 2014b, c¢; Zheng
et al., 2015) and SO, (Yang et al., 2013) in Beijing. Huang et al. (2014)
and Wang et al. (2014a) showed that certain wind and humidity con-
ditions were related to high PM; 5 concentrations in Beijing. Seo et al.
(2017) investigated a severe haze episode in 2014 at both an urban site
in Seoul and an upwind background site on Deokjeok Island, and found
warm, humid and stagnant meteorological conditions were conducive to
the accumulation of pollutants and the oxidation of precursors. Su et al.
(2017) found a dilution effect on the pollution by the planetary
boundary layer height (BLH) which defines the aerosol vertical condi-
tions. Su et al. (2018) conducted an analysis of the BLH and PMj 5
concentrations over four major regions of China, and concluded that
BLH was largely negatively correlated with the particulate matter con-
centration. An adjustment approach to removing meteorological con-
founding in the observed concentrations was proposed in (Liang et al.,
2015; Zhang et al., 2020) via the nonparametric regression model and
constructing a baseline meteorological distribution.

Numerical models have been constructed to account for pollutant
concentrations, the meteorological and chemical processes, as well as
their interactions on regional air quality, such as the Community Multi-
Scale Air Quality (CMAQ), the Comprehensive Air Quality Model with
extensions (CAMx), the PSU/NCAR Mesoscale Model (MM5) and the
Weather Research and Forecast (WRF)-Chem model; see Wang et al.
(2014b); Xing et al. (2011) and Li et al. (2015); Titov et al. (2007); Wu
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etal. (2013) and Lee et al. (2009) and Tie et al. (2007) for applications in
air quality assessment. The numerical models can evaluate the effec-
tiveness of control measures via simulating different emission control
scenarios. In the CAMx model, Particulate Source Apportionment
Technology (PSAT) which is a source tagging method can track the
relative source contribution to pollutant concentrations (Li et al., 2015).
Chen et al. (2019) employed a combined CAMx, WRF, the source
emission model (SMOKE) to evaluate two pairs of pollution episodes
each of which happened in different years but had similar meteorolog-
ical conditions and found a dramatic decrease in SO, over the years with
nitrate ions being the dominant PMs 5 component. The relative contri-
bution of coal combustion to PM; 5 concentrations in Beijing dropped
from 40% in March 2013 to 11% in March 2018 as a result of China’s
“Coal to Gas” project and “2 + 26 Cities” regional air quality manage-
ment strategy (MEP, 2017). Huang et al. (2017) compiled and analyzed
a global NO, emission inventory to explore spatial and temporal trends
in emissions from 1960 to 2014, which suggested a dramatic increase in
annual anthropogenic emissions of NO, from 7.39 to 67.8 Tg in devel-
oping countries and showed slow progress on NO, emission control.

In the last two decades, live air quality monitoring data are
increasingly available to provide timely measurements on a set of pol-
lutants in many locations in the world. However, the data may not
entirely reflect emission at a location because they are influenced by
regional transportation and meteorological conditions as shown above.
Asrevealed in Liang et al. (2015) and Zhang et al. (2017), the air quality
in the North China Plain (NCP) is governed by the northerly versus
southerly wind regimes. This is largely due to the north and northwest of
NCP is either the mountainous region or semi-arid grass and farming
land with much less population and industrial loading as compared to
those in the NCP, while the NCP and especially south of the NCP is fully
installed with heavy industrial activities and high population density
(Zheng et al., 2015). North China is governed by a periodic strong gale
from Siberia which generates strong northerly wind that sweeps through
the NCP and refreshes the air quality in the region.

Therefore, the cleaning processes in the NCP are typically conducted
by strong northerly winds that blow away the pollutants and refresh the
near earth atmosphere, while southerly wind brings more polluted air
mass from the southern part of the NCP.

Motivated by the geographical and meteorological reality in the
NCP, we develop an algorithm to select temporal segments of the time
series observations corresponding to calm periods (calm episodes) after
sustained northerly cleaning but before the arrival of the transported
pollutants for three cities: Beijing, Tangshan and Baoding in the north-
ern part of NCP. Indeed, every time after a strong northerly system
thoroughly refreshes the air, it offers an opportunity to check on the
growth of air pollution in a city over a period of calm weather before
transported pollutants are brought by the unfavorable winds. By
applying seasonal regression for panel data with hourly dummy vari-
ables, the hourly growth rates of three pollutants (PMs 5, SO2 and NO3)
from the start of the calm episodes are estimated. To remove meteoro-
logical confounding, the estimated growth rates are adjusted according
to the meteorological baseline distributions based on data from 2013 to
2018. The analysis reveals a sustained reduction trend in the adjusted
average growth rates of PMy 5 and SO, since 2013. However, the NO5
growth rates had not been reduced significantly in the two Hebei cities
with some notable increases over the years, and for Beijing there were
only some signs of reduction emerging in 2017 and 2018. These reflect
the air quality management strategy in North China which has been
much focused on improving the coal related emission and control, while
the vehicle related emission controls are much lagged behind those for
coal consumption.

2. Data and variables

The air pollution data analyzed in this study are hourly concentra-
tions from the so-called Guokong monitoring sites in three North China
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cities: Beijing, Baoding and Tangshan. The Guokong sites are directly
administrated by China’s Ministry of Ecology and Environment (MEE) to
avoid potential local interference. We focus on the hourly PMs 5, SO5
and NO; concentrations during the selected calm episodes from six sites
in Beijing, three sites in Baoding and Tangshan, respectively. Among the
six Guokong sites in Beijing, there are two clusters of sites with each
having three sites. One cluster is located in the northwest (hence Beijing
NW), and another in the southeast (Beijing SE) of central Beijing.
Tangshan is a steel-making city 155 km (KMs) to the east of Beijing, and
Baoding is 140 KMs southwest of Beijing. Figure S1 of the supporting
information (SI) provides a map on the northern portion of the NCP that
encompasses the three cities, and Table S1 has details on the site clusters
in the three cities. To reduce measurement errors, we applied a five
point moving average filter over the hourly time series data with weights
0.1,0.2,0.4,0.2and 0.1 fort — 2,t — 1,t,t + 1 and t + 2, respectively.

We matched each of the air quality monitoring clusters in the three
cities with the nearest meteorological station from China Meteorological
Administration (CMA). Specifically, two CMA stations are employed in
Beijing, one for Baoding and Tangshan, respectively, as shown in
Table S1. The meteorological variables include hourly measurements of
the dew point temperature (DEWP), relative humidity (HUMI), air
pressure (PRES) and temperature (TEMP), wind direction (W) and speed
(WS), cumulative wind speed (CWS) and precipitation (R). The wind
directions are grouped into five categories based on the study of Liang
et al. (2015): northeast (NE) having NNE, NE and ENE (according to the
azimuth degrees on the rose wind plot); northwest (NW) for W, WNW,
NW, NNW and N; southeast (SE) including E, ESE, SE, SSE and S;
southwest (SW) having SSW, SW and WSW; and CV for the calm and
variable wind. The CWS at time t sums over wind speed from the first
hour of a wind direction to time t under the same wind direction.
Whenever there is a change of direction, it is set to zero and starts to
accumulate under the new direction. Furthermore, we define the cu-
mulative northerly (southerly) wind speed CNWS (CSWS) that merges
NE and NW (SE and SW).

We obtained hourly boundary layer dissipation (BLD) and boundary
layer height (BLH) from the Global Reanalysis data ERAS5 provided by
the European Center for Medium-Range Weather Forecasts (ECMWF) at
a grid resolution of 0.5 x 0.5 (latitude by longitude). The grid location of
the ERAS data stream which was closest to the center of the air quality
monitoring clusters was used for the site cluster. We took the logarithm
of humidity (LogHUMI), boundary layer dissipation (LogBLD) and
boundary layer height (LogBLH) to reduce the skewness of the mea-
surements. Furthermore, we composed two pre-episode variables: the
sum of hourly northerly wind speed (SNWS) and the maximum of the
cumulative northerly wind speed (MCNWS) in the 24 h before the calm
episodes. These two variables reflected the extent of northerly cleaning.

The time range of the study is from March 2013 to February 2019
which spans over six seasonal years, where one seasonal year covers
spring (March to May), summer (June to August), fall (September to
November), and winter (December to February next year), and the
season is the basic unit of analysis.

Figure S2 shows PM, 5 versus the accumulated wind speed under five
wind directions in four seasons in 2015 for the four site clusters. Patterns
of the wind effects for other years are similar. The figure shows strong
cleaning effects of the northerly winds while such effects can not be seen
for southerly winds in three cities. Figure S3 reports pair-wise Spear-
man’s rank correlation coefficients between the three pollutants (PMj s,
SO, and NOj) and the cumulative northerly (CNWS) and southerly
(CSWS) wind speeds in 2015 for the four site clusters, which confirms
Figure S2’s revelation. The only exception is for NO; in the summer and
the southerly wind’s effect in Baoding in winter. The latter is because
Baoding is closer to the middle of the NCP, where the effect of the
northerly cleaning is not as profound as in the other two cities located
toward the northern edge of the NCP. In contrast, Beijing tends to be the
first one among NCP cities to be scavenged by the northerly cleaning
processes (Zheng et al., 2015), which makes the correlation more
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pronounced.

We write {WS;}- ,, {CNWS,}% | and {GSWS;}% ; for time series of
the instantaneous wind speed, the cumulative northerly and southerly
wind speed, respectively, {R;}- , for the cumulative precipitation, and
{PM2.5t}f:1 for concentrations of PMy 5. Here L is the total length of
observation time in a season for a site cluster.

3. Calm episodes

The selection of calm episodes for gauging local emissions consists of
identifying three key time points: (i) the ending time t, of northerly
cleaning processes, (ii) the beginning time t; and (iii) the ending time ¢,
of the calm episodes. We first define .« to be the set of ending times t,, of
northerly cleaning processes, which satisfy

CNWS,, _; > 10.8m/s and CNWS, = 0. B.1

It is noted that CNWS,, = 0 implies a change of wind direction from
the northerly, and 10.8 m/s (meters/second) corresponds to the lower
limit of a strong breeze at grade 6 on the Beaufort scale. As it is the
cumulative northerly wind, it would not be restrictive. It is noted that
Beaufort scale is usually for instantaneous wind. Our use here is to
decide proper cut-off levels for different classes of the cumulative winds
under a direction. The Beaufort scale is the most relevant scale for that
purpose.

We then locate the starting time t; of a calm episode around each
t, € o/, which corresponds to the lowest PM, 5 in a neighborhood of t,
(an 8-h window before and after t,) within a calm, cleaned and dry
period, as the purpose of the study is to investigate PMys5 growth
characteristics after cleaning by the northerly but before the transported
pollution under the southerly wind. Imposing the dryness condition is to
avoid mixing the cleaning due to the northerly wind and that by pre-
cipitation. As North China is generally dry in the non-summer seasons,
the dryness requirement is also not restrictive.

Let # be the set of times when the system is calm, clean and dry
satisfying

WS, <5.4m /s, max{PM2.5,_;,PM2.5,} <35ug /m*’,R,_; =R, =0, (3.2)

where the wind speed (WS;) is confined to grades 0-3 (no more than 5.4
m/s) on the Beaufort wind scale. It requires that PMj 5 is not larger than
35ug/m® for two consecutive hours, where 35ug/m3 is the daily
threshold level for acceptable air quality in China. We replace 35ug/m?
with 50ug/m?® for Tangshan and Baoding due to more severe baseline
pollution in the two cities because of heavier industrial installations in
the two cities. Using the higher threshold was to ensure enough sample
sizes for the selected calm episodes in the two cities. To gain information
on the effects of the thresholds, Table S2 reports the number of the
selected calm episodes and the associated statistics with the baseline
being 35, 40 and 50 ug/m®, respectively. Table S2 shows that at least
70% of the selected episodes under the 50 ug/m® were also chosen at the
35 ug/m® baseline, which implies that the results under the two baseline
levels would be consistent. However, it shows using the threshold at 35
would reduce the number of the episodes beginning during the day for
Baoding in summer and fall by 4/14 and 3/13 respectively, and Tang-
shan in autumn by 3/20, and would increase the variation of the
estimation.

Let &, be the set of the ending times of the previously selected calm
episodes that ends before t,. It starts as an empty set ¢¢ = @ and is
updated by adding the ending times of selected calm episodes. The start
time t; of a new episode is obtained by searching within an 8-h neigh-
borhood of t, within # after the ending time of the previous episode,
namely
t, = arg min PM2.5,, (3.3)

[
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where %, = [t, — 8,t, + 8] N (max{t:te {0} U &, },L] N Z. Due to
the atmospheric variation and measurement errors, t; and t, may not
coincide as the cleaning processes can stop before or continue after t,,.
Table 1 reports the seasonal averages for t; —t, for each site cluster,
which shows that t; tended to be earlier than t, with the average dif-
ferences to be the largest in winter in Beijing NW at —2.5 h (SE 0.1) and
Beijing SE -2.2 (0.1), while the differences in the other sites and seasons
were milder.

After attaining a t;, we monitor the calm episodes starting from ¢
until

R, =0,CNWS, <3.3m/s and CSWS, < 13.8m/s (3.4)

is not satisfied. The last hour such that Condition (3.4) is satisfied is the
episode’s ending time t,. Condition (3.4) excludes continuous cleanings
by the northerly or substantial transportation by the southerly wind,
respectively. It is noted that 3.3 m/s and 13.8 m/s correspond to
Beaufort wind force at Grades 2 and 6, respectively. Grade 6 may look
strong. However, it is the cumulative wind over previous hours, hence it
is not that restrictive.

We filtered out episodes whose length (t, — t;) is less than 3 h to avoid
short and unstable episodes. The algorithm for the calm episode selec-
tion is described in Algorithm 1 in the SI. The selected episodes in the
winter of 2013 in Beijing’s Dongsi site are shown in Fig. 1 against the
overall time series of PM5 5 and the cumulative northerly or southerly
wind speed (CNWS or CSWS), respectively. The average numbers of
episodes and the summary statistics in the four site clusters are reported
in Table 1. For clusters in Beijing and Tangshan, the number of calm
episodes was largest in winter, followed by autumn, summer and spring,
as northerly cleaning processes were more frequent in winter. The
numbers of calm episodes in Baoding were less than those of the other
two cities, which was largely because generally weaker northerly wind
in Baoding as shown in panel (d) of Figure S2. Table 1 also shows that
the majority of calm episodes happened during the day (6 a.m.-6 pm).
For all the four site clusters, the average length of calm episodes was
smallest in spring, which was around 7 h, due to more air turbulence in
the more windy spring season in that part of China. It is noted that we
select the calm episodes after substantial northerly cleaning separately
for each city. Each city would have experienced the cleaning before the
calm episodes, which should avoid the potential transportation among
the four site clusters. Also, wind is only one aspect of the conditions, and

Table 1
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we also check on PM; 5 level to control for the regional transportation.

Figure S4 shows the seasonal distribution of t; — t, for the selected
calm episodes of each site cluster, while Figure S5 presents the radar
plots that depict the distributions of the wind direction and speed 4 h
before min{t,t,} and 4 h after max{t, t,}, respectively, in spring of
cluster Beijing SE. The wind distribution before min{t;, t,,} is dominated
by NW and NE, and by SW and SE during the 4 h after max{t;,t,}. The
period between t; and t,, saw a drop in NW in both percentage and ve-
locity. Furthermore, Fig. 2 displays changes in the average meteoro-
logical variables in the 4 h before and after the start of the calm episodes
for cluster Beijing NW in each season. Similar figures for the other three
clusters are provided in Figures S6 — S8. In general, we can find a
common downward trend in BLD, BLH, TEMP and CNWS and an upward
trend in DEWP, HUMI and CSWS after the starting of the calm episodes.
These characteristics are related to the build-up of pollutants in the calm
episodes, which is in line with the conclusions in the existing literature
about the effects of meteorological conditions on pollutant concentra-
tions (Liang et al., 2015; Zheng et al., 2015). From Figure S9 we can find
that the patterns of concentrations for PMy 5, SOz and NO; during the
episodes beginning in the two time periods, day (6 a.m.-6 pm) and night
(7 p.m.-5 am), are different. Meanwhile, more episodes happened in the
day. Therefore, we only consider comparing the results of episodes
which started between 6 a.m. and 6 p.m. for better control of hidden
factors.

4. Methods
4.1. Models for calm episodes

As shown in Table 1, the average length of the gap time between
consecutive episodes was at least 60 h in all seasons, and that in the non-
winter seasons was even longer. Hence, different episodes may be
regarded as independent, which leads us to consider a linear model for
the growth of the pollutants during the episodes. It is noted that the sites
within a cluster are quite close to each other, thus data from the three
air-quality monitoring sites in a cluster are pooled to fit a common
model for a season to make the analysis robust.

For a site cluster and a season, at an hour t in the j-th episode of year i,
let Yj; be the concentration of a pollutant (PMy 5, NO3 or SO»), C;j =

(SNWS;;, MCNWS;) " be the two pre-episode variables, and

Summary statistics of selected calm episodes in four different clusters from March 2013 to February 2019, including the average number and the average numbers of
episodes which began during the Day (6 a.m.-6 pm) and at the Night (7 p.m.-5 am) for each season in one site and one year, the average, 25%, 50% and 75% quantiles
of the Length of the episodes, the average Range (the difference between the maximum and minimum PM, 5 in the calm episode, ug/m?), the average t;— t,, (hours)
between the episode’s start and the ending time t, of a northerly cleaning process and the average Gap Time (hours) between two consecutive episodes with the

standard error in the parentheses.

Cluster Season Count Day Night Length PM, s Range ts— b, Gap Time
Average Q1 Q2 Q3

Beijing SE spring 16 11 5 7.4 (0.3) 4 6 9 33(2.2) -1.5(0.2) 122.9 (7.9)
summer 19 15 4 7.8 (0.2) 5 7 10 25.7 (1.3) —0.5(0.2) 106.3 (6)
autumn 24 20 4 9.2 (0.2) 6 8 12 33.6 (1.3) -1(0.1) 80.2 (3.4
winter 27 23 4 9.3(0.2) 6 9 12 62.6 (2.5) —-2.2(0.1) 67 (2.4)

Beijing NW spring 16 11 5 7.6 (0.2) 4 7 10 31.8 (1.8) ~1.2(0.2) 124.8 (6.1)
summer 19 15 4 9.5(0.3) 5 9 12 26.2 (1.2) —0.7 (0.2) 103.2 (5.7)
autumn 23 18 5 10.7 (0.3) 6 10 13 32.2(1.49) —1.1(0.2) 82.8 (3.6)
winter 25 22 3 9.7 (0.2) 7 9 12 56.1 (2.4) -2.5(0.1) 74.7 (3.2)

Tangshan spring 19 14 5 6.9 (0.2) 4 6 9 37.2(1.6) —-1.5(0.2) 101.4 (5.3)
summer 17 10 7 8.5(0.3) 5 8 12 31 (1.5) —0.2(0.2) 114.3 (7.5)
autumn 25 20 5 10.5 (0.3) 6 10 14 45.8 (2) -1.6 (0.1) 71.1 (3.6)
winter 30 24 6 9.2(0.2) 5 8 12 56.1 (2.1) -1.9(0.1) 61.8 (2.9)

Baoding spring 16 11 5 7.9 (0.3) 4 6 10 38 (2.3) —0.6 (0.2) 122.2 (6.9)
summer 21 14 7 9.6 (0.3) 5 8 12 35.1 (2.1) —0.7 (0.2) 91.4 (4.9)
autumn 16 13 3 13 (0.5) 7 12 18 54.7 (3.7) —0.6 (0.2) 109.1 (4.7)
winter 18 14 4 11.1 (0.4) 5 9 17 70.7 (3.7) —0.9 (0.2) 107.6 (7.2)
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Fig. 1. The time series of PM, 5 (ug/m?), cumulative northerly wind speed (green) a

nd cumulative southerly (purple) wind speed (m/s) in winter of 2013 in Dongsi

with observations of PM, 5 during the calm episode shown in red, otherwise in black. The gray and brown dashed lines mark 35 yg/m® and 10.8 m/s, respectively.
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

be the vector of eight meteorological variables, fori = 1,---,A,j =1,

LogBLH,,, LogHUMI,

ijt?

ijt?

M;, = (DEWP;;,, PRES,;, TEMP;;, LogBLD

ijt?

,njandt =0,---,T;. Here A = 6 is the total number of years in the study,
n; is the number of episodes in year i of the season in the site cluster, t =
0 corresponds to the starting time t; of a calm episode defined in Section
3 and Tj is the length of the j-th episode. Since the focus of the study is
the pattern of pollution build-up in the episodes, we introduce a dif-

ference operator AA;; = Ay, — Ao for a generic variable A. To reflect the
T

L I3y, IiJT.;’) of dummy variables for

1,2, -, T; hours after the episode starts for the time-effect. Then the

model in year i for the longitudinal (panel) data in a cluster of a season is

hourly growth, we define Ij;; = (

N

AYy =AM+ Coy,+ i + €, j=1,+m and 1=1,--.T;, (4.1)

CNWS;;,, CSWS;;) "

where ¢ are possibly heterogeneous random errors with zero condi-
tional mean and finite conditional variance given the explanatory var-

iables. Let0; = (B, ,v{ , ]

LY oM )T be the p x 1 vector of parameters, where p is
the number of regressors. As the model parameters and their estimation
are year, season and cluster specific, the year, season and cluster fixed
effects are reflected in the parameters.

Model (4.1) allows heterogeneity and serial correlations in the error

terms {eijt}gl that can be detected by the residual plot or tests (Breusch
and Pagan, 1979; Wooldridge, 2010). In this study we use the ordinary
least squares (OLS) estimator for 6; with the robust variance estimator to
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Fig. 2. The average boundary layer dissipation (BLD), dew point temperature (DEWP), boundary layer height (BLH), relative humidity (HUMI), temperature
(TEMP), air pressure (PRES), cumulative northerly wind speed (CNWS), and cumulative southerly wind speed (CSWS) in the 4 h before and after the start of the calm
episodes indicated by the dashed vertical line at zero in Beijing NW in spring (green), summer (red), autumn (purple) and winter (blue) with the 95% confidence
intervals indicated by the colored areas. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

avoid potential misspecifications on the dynamic structure of {eijt}gl
(Beck and Katz, 1995).
Let T; = max;T; be the maximum length of the episodes in year i. As

there are T; + 10 regressors in the panel regression, to avoid model over-
fitting, we first select the important variables by the forward step-wise
method based on the Bayesian information criterion (BIC) (Hastie
et al., 2008), which chooses one variable at each step that leads to the
largest reduction in the BIC until none variable can be added to reduce
the BIC. Since the length of the calm episodes varies, we regard the time
dummies as a whole in the forward selection. See Xu et al. (2020) for a
similar exercise. Table 2 reports the selected variables and their order of
selection for PM, 5 in spring.

It is shown that the time dummies were the most important one and
were always selected first, and there was much accordance in the vari-
able importance for the growth of a pollutant among different site

clusters at a season. Table 3 summarizes the relative frequencies of the
selected variables for the three pollutants in four seasons in 2013-2018.
It shows that PRES, BLD and SNWS were key variables for the growth of
PM, 5 in the calm episodes with TEMP being also significant for the
growth of PMj 5 in autumn and winter. Besides, TEMP, BLH and HUMI
were important for the growth of NO,. As for the growth of SO, PRES
and BLH were important with HUMI and MCNWS also selected
frequently in autumn and winter. Table S3 presents the six-year average
of the estimates for the year, season and cluster specific coefficients of
selected variables in the model for each pollutant. All predictors have
been standardized before the estimation so that the estimates are
directly comparable, which confirms the importance of variables shown
in Table 3 and implies a generally strong effect of TEMP and HUMI on
pollutant concentrations as well as the negative effect of the pre-episode
variable SNWS. It is noted that unlike the analyses with longer time
series data (Liang et al., 2015; Xu et al., 2020), Table 2 shows much
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Table 2

Variable ranks by the forward selection method for PM, 5 in the spring of each year in different clusters during calm episodes and their average ranks, and
the successive average R%, AIC and BIC scores. A “-* indicates the selection was ended before the variable, which is given a rank of 11. The variables above
the dashed line are those selected into the common baseline model according to the lowest average BIC.

Cluster Variable 2013 2014 2015 2016 2017 2018 | Average Rank | Average R* Average AIC  Average BIC

Time dummies 1 1 1 1 1 2 12 0.68 1735 1800
ADEWP 3 —_ 2 —_ 4 4 5.8 0.69 1713 1781
MCNWS _ 4 _ _ 3 1 6.8 0.72 1705 1777
AlLogBLH —_ —_ —_ 2 2 5 7.0 0.75 1693 1768
AlLogHUMI —_ 3 4 —_ 5 —_ 7.5 0.77 1682 1760
Beijing SE SNWS 4 —_ —_ —_ —_ 3 8.5 0.77 1681 1762
APRES 2 —_ —_ —_ 6 —_ 8.7 0.79 1659 1743
ATEMP —_ —_ —_ 3 —_ 6 8.8 0.81 1644 1732

| AlgBlD | — 2 — — 7 — | 88 | 081 1641 1732
ACNWS —_ —_ 3 — —_ —_ 9.7 0.81 1642 1736
ACSWS — — 5 — — — 10.0 0.82 1637 1735
Time dummies 1 1 1 1 1 1 1.0 0.68 2145 2215
ADEWP 2 _ 4 _ 3 2 5.5 0.71 2126 2199
AlLogBLD 3 —_ 5 4 5 6 5.7 0.72 2121 2197
APRES —_ 4 2 —_ —_ 4 72 0.73 2114 2193
ATEMP — 5 3 3 — — 7.3 0.76 2085 2168
Beijing NW | ALogHUMI 4 6 — - = 3 7.7 0.77 2074 2161
MCNWS —_ 2 —_ —_— 2 —_— 8.0 0.78 2071 2161
ACNWS —_ 3 —_ —_ 6 7 8.2 0.79 2063 2157
ACSWS — — — 2 7 — 8.8 0.79 2058 2156

osNws | — —  —  — 4 5 | 88 | 080 2058 2159
AlLogBLH — — — — — — 11.0 0.80 2059 2163
Time dummies 1 1 1 1 1 1.0 0.80 2401 2469
APRES 2 2 3 5 —_ 2 4.2 0.85 2327 2399
ALogHUMI 7 4 — 2 4 — 6.5 0.85 2316 2301
SNWS 4 5 — — 5 5 6.8 0.86 2310 2389
Tangshan MCNWS 5 — — — 3 3 7.3 0.86 2300 2382
ACSWS — — — 4 2 6 7.5 0.87 2297 2383
ADEWP _— 3 —_ 6 —_ 4 7.7 0.87 2283 2372

| ATEMP | 6 00— 2 — — — | 87 | 088 282 23715
ALogBLD 3 6 —_ — —_ —_ 8.8 0.88 2275 2372
ALogBLH _ —_ _ 3 —_ —_ 9.7 0.88 2274 2374
ACNWS —_ —_ —_ —_ —_ —_ 11.0 0.88 2273 2377
Time dummies 1 1 1 1 1 1.0 0.81 2264 2341
APRES —_ 2 3 — 2 2 5.2 0.83 2223 2303
AlLogHUMI 2 6 2 —_ 6 _ 6.3 0.86 2157 2240
AlLogBLD 4 —_ _ _ 3 4 7.3 0.87 2148 2235
. ACSWS 5 —_ — 5 7 5 7.3 0.87 2141 2231

Baoding

AlLogBLH _ 5 — 4 —_ 3 7.5 0.88 2137 2231
ATEMP 3 — 4 — 8 — 8.0 0.88 2133 2230
ADEWP — —_ 5 2 9 —_ 8.2 0.89 2117 2218
ACNWS —_ —_ —_ 3 4 —_ 8.5 0.89 2107 2211
SNWS —_ 3 —_ — 10 6 8.7 0.89 2102 2210
MCNWS —_ 4 —_ — 4 —_ 8.0 0.89 2098 2206
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Table 3
Relative frequencies of variables being selected within the first six steps of the forward selection procedure for the four seasons and three pollutants.
(2)PMz 5
Spring Time dummies ALogHUMI APRES ALogBLH ALogBLD SNWS ACSWS MCNWS ADEMP ATEMP ACNWS
1 1 0.75 0.5 0.5 0.5 0.5 0.5 0.5 0.25 0
Summer Time dummies APRES ALogBLD ACSWS SNWS MCNWS ADEMP ATEMP ALogHUMI ALogBLH ACNWS
1 1 0.75 0.75 0.5 0.5 0.5 0.25 0.25 0.25 0.25
Autumn Time dummies ALogBLD ATEMP SNWS ADEMP ALogHUMI ACSWS APRES ALogBLH ACNWS MCNWS
1 1 0.75 0.75 0.75 0.5 0.5 0.25 0.25 0.25 0
Winter Time dummies ATEMP ALogBLD SNWS APRES ALogHUMI ALogBLH MCNWS ADEMP ACSWS ACNWS
1 1 0.75 0.75 0.5 0.5 0.5 0.5 0.5 0 0
(b) NO,
Spring Time dummies ATEMP ALogBLH APRES ALogHUMI SNWS ALogBLD ACSWS MCNWS ADEMP ACNWS
1 1 1 0.75 0.75 0.5 0.25 0.25 0.25 0.25 0
Summer Time dummies ATEMP ALogHUMI ACSWS APRES ALogBLD ACNWS ALogBLH SNWS MCNWS ADEMP
1 1 1 0.75 0.5 0.5 0.5 0.25 0.25 0.25 0
Autumn Time dummies ALogHUMI ALogBLH ATEMP ALogBLD APRES ACNWS ACSWS MCNWS SNWS ADEMP
1 1 1 0.75 0.75 0.5 0.5 0.25 0.25 0 0
Winter Time dummies ATEMP ALogBLH ALogBLD ALogHUMI SNWS ACSWS APRES MCNWS ADEMP ACNWS
1 1 0.75 0.75 0.5 0.5 0.5 0.25 0.25 0.25 0.25
(c)SO,
Spring Time dummies APRES ATEMP ALogBLH ALogHUMI SNWS ADEMP ACNWS ACSWS MCNWS ALogBLD
1 1 0.75 0.75 0.5 0.5 0.5 0.5 0.25 0.25 0
Summer Time dummies APRES ALogBLD ALogBLH MCNWS ADEMP ACNWS ATEMP ALogHUMI ACSWS SNWS
1 1 1 0.75 0.5 0.5 0.5 0.25 0.25 0.25 0
Autumn Time dummies ALogBLH ATEMP APRES ALogHUMI ALogBLD SNWS ACSWS MCNWS ADEMP ACNWS
1 0.75 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.25
Winter Time dummies MCNWS APRES ALogHUMI ALogBLH ALogBLD SNWS ACSWS ATEMP ADEMP ACNWS
1 1 0.75 0.75 0.5 0.5 0.5 0.5 0.25 0.25 0

variability in the selected meteorological variables for the selected short
calm episodes. Despite the variability, the selected meteorological var-
iables tended to have similar signs among the four site clusters as re-
ported in Table S3.

The subsequent analyses are based on the selected variables under
Model (4.1). Without causing confusion, the selected meteorological and
pre-episode variables are denoted as AMj; and Cj;, respectively. Let X =

(AMy,, Cj, Ii]T-t)T be the vector of selected covariates at time t for episode j

in year i. The OLS estimator for 6; is

T Tjj

-1
2-(L3n) 33 man,
= = =1

j=1

It is shown in the SI that under some assumptions, 51- is unbiased and
consistent for 6; with the asymptotic normality. To estimate the variance
of OLS estimator 51- in the case of heteroskedastic and serial correlated
errors {&; }, several robust variance estimators for panel data regression
have been proposed (Arellano, 1987; Liang and Zeger, 1986; White,
1980). In consideration of the different lengths of the calm episodes we
use the robust variance estimator

— XT0; is the OLS residual.

where & = AYy — X,

4.2. Meteorological adjustment

As the meteorological variables are subject to yearly variations, we

-1
n T i

Va\r(@): NS x|

ijt
Jj=1 =1 j=1

T T n

E Xije€ij E Xije€i
=1 =1

Ty

T
E E Xi/szjz s
j=1 =1

need to adjust for such variation in order to compare fairly the pollution
growth characteristics within episodes among different years. Doing so
would make the estimated growth rates within episodes reflect the local
emission rather than the meteorological profiles. We extend the
adjustment framework established in Liang et al. (2015) and Zhang et al.
(2020) for the current episode-based analysis by constructing meteo-
rological baseline distributions for each season and cluster.

As the calm episodes have different lengths, let n; denote the number
of episodes whose length is L hours for a site cluster and a season in year i.

Let Uy := (AMUTt,Cg)T be the meteorological variables used in Model
(4.1). We assume the episodes with the same length share the same

meteorological distribution and define a set of positive probability

weights {pﬂ}lT:’3 that adds up to one and is subject to ','l—‘f—>pﬂ as n;—oo for
any 3<I< Ti in a site cluster and a season of year i.

Let fi;(ull) be the conditional density of Uy given T; =1 for t <L
Then, the density f;(u) of Uy at hour t in a site cluster and a certain
season of year i is a mixture of the densities with different lengths of
episodes not smaller than ¢, namely

fu(”) = ZI’H zpzzfu("i“)v

>t >t
Let p;(Amy,, ) : = E(AYy| AMy = Amy, Gy = ¢5) = Amyfi+ ¢jy; +
I'n;, where I, is a T, dimensional vector of which all elements are

0 except the t-th element equals 1. Then, the average concentration at
hour t of the episode is

-1

(4.2)
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E(AY;) = / i (w)fir (1) du. which defines the baseline meteorological condition over the A =6
years.
However, the above average based on the density f;(u) of year i is The adjusted average at time t in year i is the mean of AYy, for
confounded by the meteorological condition of year i. A version that is Ujje ~ f.(u), that is

free of the confounding is needed. .
) . 1
In consideration of the unbalanced data panels, we focus on the u = / o ()f (1) du:; Z (Zpal)

Z”a/ / My () fer (| D)t 4.9

adjustment at hours t = 1, -+, minlSaSATa so that the data of all A years 1 \'i> >
can be utilised for the baseline meteorological construction. A solution

to remove the yearly meteorological confounding is to replace f;(u) by . 1A - .
an equally weighted density over A years: =1l n+ ZZ § :p“’ E :p‘,, E(AMy Ty = 1) B

a=1 >t >t
A A -1
OE % > fulw) = % > (Zp,,l> > Patuull), (4.3)
a=1 a=1 >t

>t
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Fig. 3. The adjusted (blue) and original (red) average growth (ug/m?®) of PMy 5 in the first 6 h of the calm episodes for cluster Beijing NW in (a) spring (b) summer (c)
autumn and (d) winter of six years. The 95% confidence intervals of adjusted averaged change of PM, 5 are indicated by shading. And the adjusted average growth
rate (ug/m? per hour) in the first 6 h of the episodes that is the slope of the line between the first point and the last point on the curve of adjusted average growth as
well as standard errors is marked in the parentheses. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of
this article.)
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The meteorologically adjusted mean p;; can be estimated by

ﬁT:IT;I\zJ'_ CT 717
i (55! )i (s X

(4.5)

> p.

>t

> paE(ClTy =1) 7,

1>t

> AM,,
n ast
Zl>t al o7, >t

which makes the concentration during the calm episodes in different
years comparable and reflects changes in the underlying emission.
In the SI, we provide the consistency, the asymptotic normality and
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i as min; <4<ang— oo under some assumptions, which can be used to test
if any two years’ growth rates were the same or not. We choose the
growth rate in the first T hours of the episodes y;;/T as the criterion to
compare the pollution growth in different years.

5. Results and analyses

Using Model (4.1) with the selected variables and the meteorological
adjustment approach, we obtain the within-episode growth patterns for
PM, 5, NOy and SO in the four site clusters. The growth patterns reflect
the local emission as the episodes are specially selected for that purpose.
Fig. 3 displays the meteorologically adjusted growth curves fi;, with the

. . . o~ . P .
the variance estimation of y; forany i =1, -+, A and jiy— piy, forany i # 95% confidence intervals for the first 6 h of episodes in the four seasons
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Fig. 4. The adjusted average growth rate (ug/m® per hour) of (a) PM, s, (b) NO, and (c) SO, in the first 6 h of the episodes for four clusters in four seasons of six
seasonal years, 2013 (red), 2014 (purple), 2015 (pink), 2016 (yellow), 2017 (light blue), 2018 (blue) with the bars indicating the 95% confidence intervals. (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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of years 2013-2018 for Beijing NW. Figures for other site clusters and
pollutants are provided in Figures S10-S20 of the SI. It is noted that the
smallest 25%, 50% and 75% quantiles of the episode lengths among the
four site clusters for each season (Table 1) were 4, 6 and 9 h, respec-
tively. We chose the first 6 h to ensure at least half of the data being used
to construct the growth curves and to build the baseline meteorological
distributions. The raw growth curves by directly averaging the hourly
concentrations of the episodes are also shown in Fig. 3. While most of the
adjusted curves were close to the raw ones, there were occasions, for
instance, spring of 2014 and 2018 and summer and fall of 2015, where
the discrepancies between two curves for PMys were substantial.
Figures S13 to S16 in the SI also displayed larger discrepancies for NOa.
The meteorological adjustment avoids the likely meteorological con-
founding. Fig. 3 and the similar figures in the SI display monotone
growth in the episodes with increased volatility. In most situations, the
growth pattern was largely linear in the early hours with some tapering
off toward the 6 h cut-off.

Fig. 4 displays the average growth rates 7 /6 (ug/ m® per hour)
within the first 6 h of the calm episodes for the three pollutants and the
four site clusters. It shows different seasonal patterns in the local
emission, with the growth rates in winter being the largest and those in
the summer the smallest for PM; 5 and SO, while the seasonal variation
for NO; in Beijing was the least among the three cities. It also suggests
temporal declines in the growth rates for PMy 5 and SO, in all four
seasons, with the most significant declines happened in winter in all four
site clusters. The largest declines happened in winter 2017 for PM; 5 and
winter 2018 for SO, in Beijing, and in winter 2018 in Baoding for both
PM, 5 and SO». The declines in PM5 5 and SO, were largely driven by a
significant reduction in coal consumption and improvements in the coal
combustion processes in North China. It is surprising to see that the
winter growth rates of PMs 5 in Beijing were comparable to those in the
heavy industrial Tangshan and Baoding. Alarmingly, the 2018’s winter
PM, 5 growth rate in Beijing SE was higher than its Hebei peers.

In contrast to the general reduction in local emission related to PMa 5
and SO, there had been no significant reduction in NO; related emission
in spring and winter in Baoding and Tangshan. Indeed, for all city
clusters and seasons, no significant reduction in the growth rate of NO,
occurred earlier than that of PM 5. A substantial portion of the Tang-
shan’s NOy came from its huge steel making activities (91.2 million
tonnes in 2017, accounting for more than 11% of China’s and 5% of the
world production), and its much lower NO, growth rate in summer re-
flects the annual cycle in the steel production. However, for non-summer
seasons, the growth rates in Tangshan were quite similar to those in the
two site clusters in Beijing, except being higher in 2017 and 2018. As
Beijing has no major industrial activities, these suggest that Beijing’s
5-6 million cars’ emissions from 2013 to 2018 generated as much NOy
as the 2 million vehicles plus the steel making activities in Tangshan.
Beijing’s NOy growth rates out-numbered those in Baoding in almost all
seasons and years. These highlight the enormous contribution of

Table 4
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Beijing’s huge vehicle fleet for NO, and then to PMj 5 and O3 generation.

The averages of adjusted average growth rates over four seasons for
each year are listed in Table 4 which shows the annual meteorologically
adjusted average hourly growth rates in 2018 relative to the 2013 levels
in Beijing were reduced by 3.1 ug/m® (49.8%) for PMys, 1.7 ug/m3
(76.9%) for SO, and 1.8 ug/m® (27.9%) for NO,. The reductions in
Baoding were 7.8 ug/m?® (70.5%) for PMy s, 6.7 ug/m® (75.6%) for SO
and 0.8 ug/m® (17.1%) for NO,. The adjusted average hourly growth
rates in Tangshan were reduced by 3.6 ug/m? (44.6%) for PMa s, 3.5 ug/
m? (57.8%) for SO, but up by 0.6 (9.4%) for NO3 in 2018.

Fig. 5 displays the difference series between the adjusted 6-h average
growth rates of the three pollutants in 2014-2018 and those in 2013,
which confirm the temporal patterns displayed in Fig. 4 and provides
more detailed information on the timing and the extent of the temporal
changes in the 6-h growth rates; Table S4 in the SI provides more details.
For PM s, the significant reduction in summer and fall mostly happened
in 2014 in the four site clusters, with the exception in summer for
Tangshan and fall for Baoding, which was delayed to 2017 and 2015,
respectively. For spring, declines in the PM, 5 growth rates took place for
Beijing SE, Tangshan and Baoding in 2016, but earlier in 2015 for Bei-
jing NW. For winter, the growth rates in two site clusters of Beijing
started to reduce in 2017, while those in Tangshan and Baoding
happened 1-2 years earlier. In summary, the declines in growth rates in
PM, 5 have been established for all seasons and all site clusters by 2017.

For all seasons except the winter in Beijing, the slowing down in the
average growth rates of PMy 5 over the levels in 2013 was extended in
2016-2017. However, in winter 2018, the slowing down was reversed
by 1.4-1.7 ug/m® over the same period in 2017 in both site clusters in
Beijing. The reduction in the growth rates of SO, as compared with those
in 2013 was the most pronounced in winter with all four clusters started
to see significant decline no later than 2015. Beijing was the earliest city
that saw a significant reduction in spring and fall no later than 2015,
while its summer decline came one year later in 2016 for Beijing NW.
Baoding’s SO, did not show a significant decrease from spring to fall
before 2018. Tangshan faired better than Baoding for the SO reduction,
but the spring and summer reduction still came quite later. These show
variation among the three cities in reducing the local emission related to
the SO,. However, the situation of NO5 pollution was rather disap-
pointing. A significant reduction in the spring and winter of Beijing did
not happen before 2017. Tangshan’s NO, growth actually increased over
the 2013 level in recent years. The average reductions in both absolute
and relative terms in the 6-h average growth rates in years 2014-2018
over those in 2013 are reported in Table S4, which supports the result in
Fig. 4.

6. Discussion

In order to gauge the local emission, we construct an algorithm to

The annual average of the adjusted average growth rates (ug/m?® per hour) over four seasons from 2013 to 2018 with its (relative) reduction in 2018 with respect to

2013 and 2014. The negative value implies an increase.

Pollutant Cluster 2013 2014 2015 2016 2017 2018 Reduction (to 2013) Reduction (to 2014)
PMys Beijing SE 6.7 6.6 6.2 5 3.7 3.5 3.2 (48.3%) 3.1 (47.7%)
Beijing NW 5.9 5.5 5.6 5.2 3 2.9 3 (51.5%) 2.6 (47.6%)
Tangshan 8.1 7.7 6.3 5.5 3.9 4.5 3.6 (44.6%) 3.2 (41.4%)
Baoding 11.1 9.3 5.6 6.8 4.4 3.3 7.8 (70.5%) 6 (64.8%)
NO, Beijing SE 6 7.1 5.9 6.1 4.8 4.3 1.7 (27.9%) 2.8 (39.2%)
Beijing NW 7.1 7 7 7.2 6.4 5.1 2 (27.9%) 1.8 (26.2%)
Tangshan 6.2 6.1 6.2 6.4 6.9 6.8 —0.6 (-9.4%) —0.7 (-11.3%)
Baoding 4.8 4.4 6 6.8 4.7 4 0.8 (17.1%) 0.4 (9.8%)
SO, Beijing SE 2.2 2.1 1.2 0.9 0.7 0.6 1.6 (71.5%) 1.5 (70.2%)
Beijing NW 2.3 2.2 1.3 1.1 0.6 0.4 1.9 (82.2%) 1.8 (81.4%)
Tangshan 6 4 3.5 4.9 2.5 2.5 3.5 (57.8%) 1.5 (36.2%)
Baoding 8.9 10 6.3 5.6 5.6 2.2 6.7 (75.6%) 7.8 (78.2%)
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Fig. 5. Seasonal differences in the average adjusted growth rates (ug/m? per hour) of PM, 5 (green), NO, (red) and SO, (blue) in the first 6 h of the calm episodes
between years 2014-2018 and 2013 with the 95% confidence intervals. The significant (non-significant) differences away from zero at the 5% level with one-sided
alternative are marked by asterisks (points), respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version

of this article.)

distract calm episodes from monitoring concentration time series of
three pollutants, which happened after sustained cleaning by the
pollution-reducing wind to avoid regional transportation. The calm
episode selection algorithm is much motivated by the geographical in-
formation in North China. The algorithm can be applied to other loca-
tions in the world by replacing the northerly vs southerly regimes
corresponding to the air pollutants’ removal and transportation with
ones suitable to the particular location. The statistical model and anal-
ysis for estimating the growth rates would be the same. The output of our
proposal, the average growth rates, are not emission inventory per se,
but rather more timely measures that reflect the underlying emission,
which may be used to adjust for the conventional EIs in finer temporal
resolution.

Our results on the meteorologically adjusted growth rates of the
three pollutants are consistent with some published results. For instance,

12

de Foy et al. (2016) considered satellite retrieved NO5 data via OMI and
showed an increase in NO3 concentration over 18 NO; hot-spot regions
in China from 2005 to 2011, followed by a significant decrease till 2015.
Although our study period only overlaps with de Foy et al.‘s over 2013 to
2015 period, our results as summarized in Table 4 show Beijing’s and
Baoding’s reduction in the NOy’s growth rates in 2018 relative to that in
2013 with an increase in NO, growth rate in Tangshan. Hua et al. (2021)
investigated the holiday and weekend effects over the heating seasons in
the greater Beijing region from 2014 to 2018 based on the ground
monitoring data. It showed an annual reduction of 14% in NOy from
2014 to 2018 in the heating seasons. Our study as reported in Table S5
shows the adjusted average growth rates for NO3 in 2018 relative to
levels in 2014 in winter for the two site clusters in Beijing were 13.6%
and 26.3% lower, respectively, which was consistent with the results in
Hua et al. (2021). The slower progress on NO, emission control
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compared with that SO3 shown in our study also supports the revelation
of an increased contribution of vehicle exhaust to PMs 5 concentrations
in the Beijing-Tianjin-Hebei region from 19% in March 2013 to 54% in
March 2018 (Chen et al., 2019) and the findings in Huang et al. (2017);
Liang et al. (2020). Figures S21-S24 demonstrate that our main con-
clusions are also in accordance with the trend of the official statistics on
energy consumption, outputs of heavy industry products and the
aggregated emission estimates released by Municipal Bureau of Statis-
tics and NBS Survey Office in three cities since 2013. The declined
growth rates in SO5 and PM; 5 were mostly the results of sustained effort
in cleaner combustion of coal and the reduced domestic use of coal for
cooking and winter heating over the NCP (Chen and Chen, 2019). The
lack of reduction in the NO, growth rate reflects a dilemma that the
three cities have been facing in controlling emissions from their ever
increasing motor vehicle fleets. Clearly, the policies having been put in
place in recent years to control motor vehicle emissions, which include
making every domestic car off the road one day per working week and
upgrading the fuel emission standards, are insufficient to cut back the
NO; growth rates. The very subdued NO; situation explained the sus-
tained Og rise in the NCP (Chen et al., 2018), which should encourage
city authorities to unveil policies to reduce the growth rate of NO that
can lead to further decline in PMy s.
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