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Abstract. The COVID-19 pandemic lockdowns led to a sharp drop in socio-economic activities in China in 2020, including
reductions in fossil fuel use, industry productions, and traffic volumes. The short-term impacts of lockdowns on China’s air
quality have been measured and reported, however, the changes in anthropogenic emissions have not yet been assessed
quantitatively, which hinders our understanding of the causes of the air quality changes during COVID-19. Here, for the first
time, we report the anthropogenic air pollutant emissions from mainland China by using a bottom-up approach based on the
near real-time data in 2020 and use the estimated emissions to simulate air quality changes with a chemical transport model.
The COVID-19 lockdown was estimated to have reduced China’s anthropogenic emissions substantially between January
and March in 2020, with the largest reductions in February. Emissions of SO, NOx, CO, NMVOCs, and primary PM, s were
estimated to have decreased by 27%, 36%, 28%, 31%, and 24%, respectively, in February 2020 compared to the same month
in 2019. The reductions in anthropogenic emissions were dominated by the industry sector for SO, and PM, s and were
contributed approximately equally by the industry and transportation sectors for NOy, CO, and NMVOCs. With the spread of
coronavirus controlled, China’s anthropogenic emissions rebounded in April and since then returned to the comparable
levels of 2019 in the second half of 2020. The provinces in China have presented nearly synchronous decline and rebound in
anthropogenic emissions, while Hubei and the provinces surrounding Beijing recovered slower due to the extension of
lockdown measures. The ambient air pollutions presented much lower concentrations during the first three months in 2020
than in 2019 while rapidly returned to the comparable levels afterward, which have been reproduced by the air quality model
simulation driven by our estimated emissions. China’s monthly anthropogenic emissions in 2020 can be accessed from

https://doi.org/10.6084/m9.figshare.c.5214920.v2 (Zheng et al., 2021) by species, month, sector, and province.
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1 Introduction

The world witnessed the outbreak and spread of the coronavirus disease COVID-19 in the first half of 2020. The widespread
lockdowns to contain the coronavirus include the broad restrictions on travel, business operations, and people-to-people
interactions, which have caused an unprecedented disruption in the atmospheric environment. The reduced socio-economic
activities caused an immediate sharp drop in global fossil fuel demand, reduced air pollutant emissions, and cleaned the air
(Bauwens et al., 2020; Liu et al., 2020a; Venter et al., 2020). However, unlike the air quality index that is monitored in real-
time, the conventional datasets of energy use and air pollutant emissions are only available after one or two years of latency,

which hampers our understanding of the energy-emission-air quality cascade in such a fast-evolving event of COVID-19.

Recently pioneer studies started to explore the new concept of near real-time emission tracking to assess the influence of
COVID-19 lockdowns on climate and air quality. These new approaches extrapolated the emission inventories of a baseline
year to the current time in 2020 based on observational constraints or relevant activity indicators. The observation-based
method (“top-down method”) employed air pollutant concentrations measured by satellites (Chevallier et al., 2020; Ding et
al., 2020; Miyazaki et al., 2020; Zhang et al., 2020; Zhang et al., 2021; Zheng et al., 2020) and ground stations (Feng et al.,
2020; Xing et al., 2020) to infer the evolution of anthropogenic emissions, which are constrained by both observational data
and chemical transport models. Satellite imagery of nitrogen dioxide (NO,) is widely used to constrain nitrogen oxide (NOy)
emissions due to its broad spatial coverage and high retrieval accuracy. The activity indicator-based method (“bottom-up
method”) relied on daily electricity generation (Guevara et al., 2020; Liu et al., 2020b; Liu et al., 2020c), confinement index
(Le Quéré et al., 2020), and mobility index (Forster et al., 2020) to estimate the emission changes based on the assumptions
associating those activity indicator changes with the anthropogenic emissions. Since few near real-time proxies are available

at present, several common datasets have to be used to approximate the emission changes of different source sectors.

The research on near real-time emission tracking is still in its infancy. Substantial gaps exist between what we need to
understand the emission dynamics and what the current top-down and bottom-up methods can provide us. The top-down
approach can constrain emission distributions based on real-time observation data, while it lacks sectoral emission details
and cannot retrieve all of the reactive species. The bottom-up approach estimates emissions by sector and by species, but it is
limited by the lack of the recent emission baseline and sufficient activity data reflecting emissions change. Since each

method has its advantages and disadvantages, having both top-down and bottom-up approaches is important at present.

Here, as the second paper following our previous study (Zheng et al., 2020) that estimates China’s daily NOx and carbon
dioxide (CO;) emissions during COVID-19 with a top-down approach, we develop a bottom-up method in parallel to track
monthly emissions of all of the conventional air pollutants in mainland China and for the first time report China’s
anthropogenic emissions from January to December in 2020. We use the Multi-resolution Emission Inventory for China
(MEIC) model (Zheng et al., 2018a) to estimate China’s emissions in 2018 and 2019 and then use 39 types of near real-time

activity data to update the emission estimates to 2020. Provincial and sectoral emissions are estimated by month and the
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relative changes in monthly emissions from 2019 to 2020 are evaluated through atmospheric chemical model simulations
and the comparisons against the ground-based observations. The emission datasets developed in this study can provide the
most up-to-date China’s emissions input to chemical transport models and help interpret the abrupt changes in pollutant

concentrations during the COVID-19 lockdowns.

2 Methods and data
2.1 Baseline emissions in 2019

We use the MEIC model to estimate China’s anthropogenic emissions in 2018 and 2019 following our previous study
(Zheng et al., 2018a) that calculated China’s 2010-2017 emissions. MEIC is a bottom-up emission model that used the
technology-based approach to estimate emissions with activity data, emission factors, and pollution control techniques of
emission sources. More than 700 anthropogenic emission sources are included in the MEIC model, which can be aggregated
into five sectors of power, industry, residential, transportation, and agriculture. Power plants (Liu et al., 2015) and cement
plants (Liu et al., 2021) are both treated as point sources in MEIC with detailed facility-level emission parameters and
geographical coordinates to estimate emissions and locate their positions. The other industrial plants are estimated as area
sources in each province, where the parameters such as emission factors and pollution removal efficiencies are well-tuned
using a comprehensive industrial database that includes about 100,000 industrial plants in China (Qi et al., 2017; Zheng et al.,
2017; Zheng et al., 2018b). Emissions from the residential sector are estimated on the base of the survey-based fuel
consumption data (Peng et al., 2019), which corrects the underestimation bias of rural coal use statistics in China. Onroad
transport emissions are estimated using the county-level information that depicts high-resolution emission distribution
patterns at fine spatial scales (Zheng et al., 2014). Off-road transport and agricultural emissions are both estimated as area
sources at the provincial level with the detailed provincial activity database and emission factors mainly derived from the
local measurement (Li et al., 2017a). Please refer to our previous papers cited above for more details of the MEIC emission

model.

2.2 Monthly emissions in 2020

We face challenges in estimating monthly emissions of 2020 using the traditional bottom-up method due to a lack of timely
updated activity data and emission factors to drive the MEIC model to do a complete calculation. Currently, it is difficult to
achieve real-time information, and both the coal consumption and pollution control statistics are not available until at least
one year later. Adapting to such a situation, we develop a new method (Fig. 1) to update China’s monthly emissions from
2019 to 2020 based on the near real-time activity indicators and the emission factor trends of each province. China’s
emissions of different air pollutants in 2020 are then estimated by source, by month, and by province using the following

formula.
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where i represents source, s represents pollutant species, p represents province, m represents month, £ is emission, a is the
ratio of monthly emissions in 2020 to those in the same month of 2019, 4 is activity data (e.g., fuel consumption, industrial
products), EF is the source-specific net emission factor accounting for pollution removal by end-of-pipe control devices. The
pollutant species estimated in this study include sulfur dioxide (SO.), NOy, carbon monoxide (CO), non-methane volatile
organic compounds (NMVOCs), and particulate matter whose aerodynamic diameter is smaller than 2.5 micrometers (PM, ),
and black carbon (BC). This equation extrapolates the monthly emissions in 2019 (E;,m2019) to the same month in 2020
(Eis,pm2020) via the parameter o, which is calculated by multiplying the ratio of activity data (4) between the two years by the
ratio of emission factors. The emission factor ratios between 2019 and 2018 estimated by MEIC in this study are used to
approximate the ratios of monthly emission factors between 2020 and 2019 that are not available at present, assuming that

each province follows its pollution control pathway that was initiated in 2013 (Zheng et al., 2018a; Zhang et al., 2019).

Monthly emissions in 2019 and emission factor ratios between 2019 and 2018 are derived from the MEIC emission model
that has been updated in this study (Sect. 2.1). The activity data ratios are collected and estimated by emission source (Table
S1). We collect 39 types of official monthly statistical data (Table S1), of which 22 types are provincial data, to represent the
activity changes in different emission sources from 2019 to 2020. The power sector uses monthly thermal power generation.
The industrial sector relies on the monthly productions of different products (e.g., iron, steel, cement, glass, and ethylene)
and uses Gross Domestic Product from industrial production to represent the industrial sources without timely updated
activity statistics (e.g., industrial fuel burned, industrial solvent use). The residential sector includes commercial, heating,
and cooking sources, which use the index of services production, population-weighted heating degree day (Crippa et al.,
2020), and the assumption of no change, respectively, to predict the 2019-t0-2020 change in the activities. The transportation
sector uses the transport volume of freight (tonne * kilometer) and passenger (people * kilometer) by road, railways, and
inland waterways to predict the changes in the oil consumption of vehicles and off-road equipment. The changes in the
activity of construction equipment are estimated based on the floor space of real estate that was newly built each month.

Besides, we use China’s monthly natural gas consumption to constrain the total natural gas use by all of the emission sources.

2.3 Chemical transport model

We use the Weather Research and Forecasting (WRF) Version 3.9.1 and the Community Multiscale Air Quality (CMAQ)

Version 5.2 to simulate the changes in air quality during the COVID-19 pandemic in 2020 based on our estimated emissions.

4
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The model domain covers mainland China with a spatial resolution of 36 km X 36 km and 28 vertical layers. We conduct the
model simulations from December 2018 to December 2020, with the first month used for the model spin-up. Anthropogenic
emission inputs for mainland China are derived from the emission estimates of this study and the anthropogenic emissions
from all of the other regions within our model domain are derived from the MIX inventory (Li et al., 2017b). The emissions
from the natural sources of biogenic, open biomass burning, and dust sources are obtained from the MEGANv3.1 model
(https://bai.ess.uci.edu/megan, accessed on 10 November 2020), GFEDv4 dataset (van der Werf et al., 2017), and the on-line
dust emission module in CMAQ, respectively. Please refer to our previous studies for the detailed physical and chemical
configurations (Zheng et al., 2015; Cheng et al., 2019). We use the observations of surface air pollutant concentrations to
evaluate the simulated monthly changes in the ambient air pollutions from 2019 to 2020. The hourly concentrations of air
pollutants are derived from the surface measurement network maintained by the China National Environmental Monitoring
Center (CNEMC) (http://106.37.208.233:20035/, accessed on 10 November 2020). More than 1500 surface stations are
included in the CNEMC observational network at present that covers all of the cities in mainland China. We calculate
monthly average concentrations of SO,, NO,, CO, and PM> 5 and compare the relative changes of the same month from 2019

to 2020 with our modeling results, which can evaluate the estimated emission changes between these two years.

3 Results and discussion
3.1 Changes in monthly emissions from 2019 to 2020

China’s emissions of SO,, CO, PM> s, and BC in 2019 reveal an evident seasonal variation with high emissions in winter and
low emissions in summer, with emissions slightly lower in February than in January and March (Table 1 and Figure 2). The
emission seasonality is shaped by more emissions from residential heating stoves in winter, and fewer emissions during the
Chinese New Year holiday in February 2019. The emissions in 2020 show a similar seasonal variation but are substantially
lower than the 2019 emissions between January and March, when the 2020 emissions are 5-27% lower for SO, 7-36%
lower for NOy, 5-28% lower for CO, 4-31% lower for NMVOCs, 5-24% lower for PM,s, and 5-19% lower for BC than
those emissions in 2019. The largest reductions in emissions are observed in February. The air pollutant emissions were
estimated to decline by 19-36% compared to those in February 2019, with NOy illustrating the largest reductions among the
air pollutants. However, after April 2020, China’s emissions have gradually increased through December and finally
returned to comparable levels in 2019. In December 2020, China’s emissions of SO,, NOy, PM, s, and BC were only 4%,
0.3%, 1%, and 0.2% lower than those emissions in 2019, while CO and NMVOCs emissions were 0.3% and 0.2% higher
than in 2019, respectively. The sensitivity analysis of emission estimation using the same emission factors between 2019 and
2020 (values in brackets in Table 1) suggests that the decline and rebound in China’s economic and industrial activities are
the main drivers of the emission dynamics during the COVID-19 pandemic. With emission factors frozen, the activity
growth could have driven up China’s emissions more rapidly, which even surpassed the 2019 emissions by 2—6% in

December 2020.
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The distinct monthly variation of China’s emissions in 2020 is in phase with the occurrence of both the Chinese New Year
and the COVID lockdowns. The reduced socio-economic activities during the Chinese New Year holiday, which took place
in February 2019 but in January 2020, explains why the emissions in January 2020 were lower than those in January 2019.
However, the lower emissions in 2020 continued to persist in February and March and did not return to the normal levels
soon, which is in contrast to the rapid rebound in emissions after the Chinese New Year in 2019. The larger decline and
slower recovery in the monthly emissions of 2020 are coincident with the timeline of the COVID lockdowns implemented in
China. The lockdown of Wuhan, where the virus outbreak was first identified, started on 23 January 2020, which set the
precedent for similar control measures implemented in the other Chinese cities within the next few days. All of China’s cities
were placed under a strict lockdown that lasted one to two months, which substantially reduced economic activities and
forced air pollutant emissions to remain much lower than the corresponding months in 2019. With the success in controlling
the virus in February and March, most of China’s cities gradually loosened control measures since April and Wuhan
reopened on 8th April. China’s economy then started to rapidly recover, reflected by the sharp rise in energy consumption.
For example, China’s thermal electricity generation in April, May, and June 2020 was 1.2%, 9.0%, and 5.4%, respectively,
higher than those in the same months of 2019 (Table S2). The travel demands started to resume and the road freight transport
volumes between April and August in 2020 were 1.6-6.6% higher than those in the same months of 2019.

Figures 3 and 4 present the changes in China’s provincial emissions from 2019 to 2020. From Jan to April (Figure 3), all of
China’s provinces reduced their air pollutant emissions in 2020 compared to 2019. Hubei province, where Wuhan is located,
showed the largest emission reductions due to the longest and strictest COVID lockdown measures adopted in this province.
SO, and PM 5 emissions decreased a little more in the provinces of North and Central China, where concentrate most of the
industrial plants in China. NOx and NMVOCs emissions also presented large reductions in the provinces on China’s
southeast coast, which have developed and high-income economies and more vehicle ownership and transport emissions.
Figure 4 illustrates the emission difference from May to August in 2020 compared to 2019, which suggests that most of the
provinces except Hubei and the provinces surrounding Beijing have rapidly recovered economies and air pollutant emissions.
Hubei, Beijing, and the provinces around Beijing remained their public health response systems to the COVID-19
emergency at the top level for more than three months, while the other provinces only stayed at the top level for one to two
months. The stringent containment measures implemented in these provinces have hindered rebounding emissions levels.

China’s anthropogenic emissions in 2020 can be accessed from Zheng et al. (2021) by species, month, sector, and province.

3.2 Drivers of emission dynamics in 2020

The differences in the monthly emissions between 2019 and 2020 are decomposed into the contributions from power,
industry, residential, and transportation sectors (Figure 5). The results suggest that the industry and transportation sectors are
the major drivers of the emissions decline between January and March in 2020. In February 2020, when China’s emissions

were lowest during the lockdowns, these two sectors contributed 66%, 88%, 70%, 90%, 62%, and 59%, respectively, to the
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emissions decrease of SO,, NOx, CO, NMVOCs, PM,s, and BC. The industry sector dominates the reductions in SO, and
PM; 5 emissions, and the industry and transportation sectors have approximately equal contributions to the decreases in NOx,
CO, NMVOCs, and BC emissions. The industry sector dominated emission reductions because it is the largest source of
most of these pollutants in China (Zheng et al., 2018a) and the industrial activities have dropped substantially (Table S2).
The gross domestic product by industry during January and February 2020 was 13.5% lower than the corresponding months
in 2019. We observe large declines in industrial products, such as cement production that dropped by 29.5% in January and
February. It should be also noted that the higher industrial source emissions of CO and PM; s in Jan 2020 than in Jan 2019
are due to the larger industrial productions of iron, steel, and non-ferrous metals (Table S2) before the lockdown. The
transportation sector revealed an even larger fall in activities, for example, road freight transport dropped by 41.5% in
February 2020 than in February 2019. That explains why transport had equal or slightly higher contributions to NOx, CO,

NMVOCs, and BC emission reductions than the industry sector, although it emits fewer emissions than industry.

The industry and transportation sectors were also the major drivers of emissions rebound from April to December (Figure 5).
The increases in industrial emissions are coincident with the strong recovery of China’s industrial economy from the COVID
lockdowns. The negative growth rates of industrial productions in the first months were followed by the accelerated positive
growth rates in the following months. The gross domestic product by industry has increased by 3.9-5.6% between April and
August in 2020 compared to the same months in 2019 (Table S2). Heavy industrial products such as iron, steel, cement, and
aluminium have increased their monthly productions by more than 5% in August 2020 compared to August 2019. The
accelerated growth of industrial activities combined with the slightly decreased emission factors made China’s industrial
emissions return to the emission levels of 2019. China's economic recovery also stimulated the demand for freight transport,
which has substantially increased freight transport volumes on the road, rail, and inland waterways (Table S2). The transport
emissions of NOy and BC, especially those from diesel engines, have resumed the growth and reached the 2019 emission
levels. However, the activities of passenger vehicles have not fully recovered yet, illustrated by the reduced passenger
transport (Table S2) and the lower TOMTOM traffic index (https://www.tomtom.com/en_gb/traffic-index/, accessed on 10
November 2020). The passenger vehicles are mainly gasoline-powered and dominate CO and NMVOCs emissions in the

transportation sector, therefore the transport emissions of these two pollutants did not recover as rapidly as NOx emissions.

The residential sector is also important for the monthly variation of China’s emissions in 2020, especially for SO,, CO, PM> s,
and BC. The production of service industries during January and February 2020 was 13.0% lower than the corresponding
months in 2019, probably caused by the reduced commercial activities that were affected by the COVID-19 stay-at-home
orders. Besides, the winter in 2020, especially February, was the second warmest one on record for the globe

(https://www.climate.gov/news-features/understanding-climate/winter-and-february-2020-end-second-warmest-record-globe,

accessed on 10 November 2020). In China, the population-weighted heating degree day from January to March in 2020 was
estimated to be 3.6%, 9.1%, and 3.4%, respectively, lower than the same months in 2019, suggesting that the residential

heating demand was lower in 2020 compared to 2019. Therefore, the lower residential emissions between January and


https://www.climate.gov/news-features/understanding-climate/winter-and-february-2020-end-second-warmest-record-globe

220

225

230

235

240

245

250

March in 2020 are dominated by both the reduced service industry activities during the COVID lockdowns and the lower
energy demand by the residential space heating. After that, the residential emissions rebounded rapidly due to the recovered
commercial activities, revealed by the growth in the service industrial productions by 1.0-4.0% from May to August in 2020
(Table S2). The growing activities drove up air pollutant emissions in the residential sector and made residential emissions

return to the 2019 emission levels.

3.3 Comparision with observations

Figure 6 compares observed and modeled changes in PM» 5, SO,, NO,, and CO monthly concentrations from 2019 to 2020,
including the comparison results for national (Fig. 6a—d) and regional (Fig. 6e-1) averages. Two regions are separated here,
including North China Plain (Fig. 6e-h) and Yangtze River Delta (Fig. 6i-1), where the anthropogenic sources dominate air
pollutant emissions with tens of thousands of industrial plants and millions of vehicles emitting a mass of air pollutants. The
observed surface concentrations (blue curves in Fig. 6) illustrate an abrupt decline during the first three months of 2020
compared to the corresponding months of 2019, with February showing the lowest values. The air pollution burden over
China was observed to have recovered rapidly since April, although the monthly average concentrations were still slightly
lower in 2020 than those in 2019. The WRF-CMAQ simulations (red curves in Fig. 6) driven by our estimated emissions
agree well with the surface observations for the abrupt decline and slow rebound trends from January to December in 2020.
The broad consistencies between modeling and observations suggest that our emission estimation method and results
reproduce the response of China’s anthropogenic emissions to the COVID-19 pandemic, which has captured the impact of

stringent lockdowns and the following economic recovery on anthropogenic emissions at both national and regional scales.

The discrepancies in the comparison between modeling and observations are caused by several factors. First, such a
comparison to evaluate emissions input is more suitable for short-lived pollutants, such as PM s, SO, and NO,. CO has an
atmospheric lifetime of several weeks, therefore the atmospheric burden of CO is determined not only by the local CO
emission sources but also by the regional backgrounds of CO distributions (Zheng et al., 2019). The boundary conditions
used by our WRF-CMAQ model system are generated by global model simulations based on the global emissions in 2014
(Hoesly et al., 2018) due to the lack of timely updated global inventories. The inter-annual variations in the global emissions
especially during the COVID-19 pandemic are not taken into account yet, which partly contributes to the differences in the
comparisons for CO concentrations (Figs. 6d, h, 1). Second, the emissions for 2020 are estimated based on the near real-time
data at a provincial level (Sect. 2.2), whereas the spatial heterogeneity of emission dynamics was not represented within a
province. Industrial emissions, the main driver of emissions decline and rebound during COVID in China, are mainly
distributed over sub-urban and rural areas, however, the surface observation stations tend to be located in densely populated
urban areas. The representation errors in the comparison between modeling and observations could lead to the discrepancies
shown in Fig. 6. Last but not least, the discrepancies in Fig. 6 also imply possible uncertainties in our emission estimates for

2020. Uncertainties primarily lie in the emission sources without near real-time monthly statistics of activities, for example,
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the industrial Gross Domestic Product is used to predict the activity changes of industrial boilers and industrial solvent use,

which causes uncertainties that can be reduced if more activity data are available in the future.

The COVID-induced emissions decline based on our bottom-up method is broadly consistent with the top-down estimates
inferred from observations. Our top-down inversions constrained by TROPOMI NO, columns suggest that China’s NOy
emissions between January and April decreased by 15.9% in 2020 compared to the corresponding months in 2019 (Zheng et
al., 2020), which agrees well with the bottom-up estimated reduction of 15.3% in this study. Feng et al. (2020) estimated the
changes in China’s NOyx emission based on an inverse modeling analysis of surface NO, observations. Their results
suggested that China’s NOy emissions decreased by 35.9% due to the COVID-19 lockdown measures, which is consistent
with our bottom-up estimate of a 36.3% reduction in China’s NOx emissions in February 2020 compared to February 2019.
Zhang et al. (2021) used TROPOMI NO, observations to infer China’s NOx emissions and estimated a reduction of 53.4%

during lockdown than the same period in 2019, which presented a larger decline in NOy emissions than the estimates above.

4 Data availability

The monthly statistics of the industrial economy and industrial products in China can be accessed from

https://data.stats.gov.cn/ (last access: 10 November 2020). The monthly statistics of the transport volume of freight and

passenger by road, railways, and inland waterways in China can be downloaded from http://www.mot.gov.cn/shuju/ (last

access: 10 November 2020). The monthly natural gas consumption data in China is made available at

https://www.ndrc.gov.cn/fgsj/tjsj/jjyx/mdyqy/ (last access: 10 November 2020). The daily coal consumption in six major

power companies of China can be accessed from https:/www.wind.com.cn/ (last access: 10 November 2020). The

TOMTOM traffic index can be downloaded from https://www.tomtom.com/en_gb/traffic-index/ (last access: 10 November

2020). The daily average temperature at 2 meter is derived from https://cds.climate.copernicus.eu/ (last access: 10 November
2020). The gridded population dataset is derived from the UN WPP-Adjusted Population Count, v4.11, which can be
accessed from https://doi.org/10.7927/H4PNI93PB (last access: 10 November 2020). China’s monthly anthropogenic
emissions in 2020 can be accessed from https://doi.org/10.6084/m9.figshare.c.5214920.v2 (Zheng et al., 2021).

5 Conclusions

We have developed a novel bottom-up approach to track China’s air pollutant emissions by month through integrating the
emission model MEIC with the near real-time statistical data. We established a relation between the near real-time data with
all of the anthropogenic emission sources and the activity data used in the baseline inventory, which lay the foundation for
the extrapolation of baseline emissions to the current time. The emission estimation results based on this new approach well
simulate the abrupt decline and the slow rebound of China’s air pollutant emissions from the COVID outbreak, lockdown, to

recovery in the twelve months of 2020. The observations of pollutant concentrations in the atmosphere independently

9
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evaluate the estimates of monthly emissions variation, while the discrepancies illustrated in the direct comparisons also
imply possible uncertainties that deserve more attention in the future. The dynamic emission inventories built using such
methods can provide timely emissions input to chemical transport models, which mitigates the map between the real-time
observations and the time-lagged emissions data during COVID-19 (Huang et al., 2020). The method developed here can be
applied to other regions in the world, where the near real-time data are available and can be linked to the baseline bottom-up
emission inventory systematically. This is a unique opportunity to understand the dynamic energy-emission-air quality
cascade in a short time and probably also to imply effective mitigation strategies in the future. Perhaps more importantly, the
methods developed here, as well as in our previous paper (Zheng et al., 2020), constitutes a pragmatic effort to monitor
emissions in near real-time, not just for the analysis of the ongoing COVID-19 pandemic but also for enhancing our abilities

in the future to track emission mitigation progress toward air quality goals in a rapidly changing economic situation.
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The supplement related to this article has two tables (i.e., Table S1 and Table S2), which are available online.
Author contributions
BZ and QZ designed the study. BZ developed the new emission estimation method and estimated China’s anthropogenic

emissions. The manuscript was written by BZ and QZ and was revised and discussed by all of the coauthors.

Competing interests.

The authors declare that they have no conflict of interest.

Acknowledgements.

This work was supported by the National Natural Science Foundation of China (41921005 and 41625020).

10



300 Table 1. China’s monthly anthropogenic emissions in 2019 and 2020. The values in brackets represent the emission estimation results

in 2020 using the same emission factors as in 2019.

SOz NOx CcO NMVOCs PMazs BC
Monthly emissions in 2019 (Tg)
January 0.94 1.81 15.73 2.37 0.77 0.14
February 0.74 1.63 12.36 2.07 0.61 0.11
March 0.80 1.80 12.28 2.36 0.60 0.10
April 0.60 1.64 8.97 2.06 0.45 0.07
May 0.59 1.64 8.74 2.09 0.44 0.07
June 0.62 1.74 8.98 231 0.45 0.07
July 0.59 1.67 8.69 2.06 0.44 0.07
August 0.60 1.68 8.76 2.07 0.44 0.07
September 0.61 1.69 8.78 2.21 0.44 0.07
October 0.62 1.69 9.20 2.19 0.46 0.07
November 0.78 1.90 11.72 2.50 0.58 0.09
December 0.94 2.03 14.36 2.75 0.71 0.12
Total 8.44 20.93 128.59 27.05 6.39 1.04
Monthly emissions in 2020 (Tg)
January 0.89 (0.94) 1.69 (1.79) 14.92 (15.31) 227 (2.35) 0.74 (0.75) 0.13 (0.13)
February 0.54 (0.56) 1.04 (1.09) 8.88 (9.05) 1.42 (1.49) 0.46 (0.47) 0.08 (0.09)
March 0.71 (0.75) 1.56 (1.65) 10.88 (11.17) 2.09 (2.18) 0.54 (0.56) 0.09 (0.10)
April 0.57 (0.61) 1.55 (1.66) 8.41 (8.74) 1.94 (2.03) 0.43 (0.45) 0.07 (0.07)
May 0.57 (0.61) 1.60 (1.71) 8.41 (8.75) 1.99 (2.09) 0.43 (0.45) 0.07 (0.07)
June 0.59 (0.64) 1.71 (1.83) 8.97 (9.37) 2.26 (2.36) 0.43 (0.46) 0.07 (0.07)
July 0.56 (0.60) 1.62 (1.73) 8.61 (9.00) 2.00 (2.10) 0.42 (0.44) 0.07 (0.07)
August 0.58 (0.62) 1.68 (1.79) 8.73 (9.13) 2.03 (2.12) 0.43 (0.45) 0.07 (0.07)
September 0.58 (0.62) 1.70 (1.83) 8.91 (9.31) 2.20 (2.30) 0.43 (0.45) 0.07 (0.07)
October 0.60 (0.64) 1.69 (1.82) 9.38 (9.79) 2.18 (2.28) 0.46 (0.48) 0.07 (0.08)
November 0.75 (0.80) 1.90 (2.04) 11.89 (12.31) 2.48 (2.59) 0.57 (0.60) 0.09 (0.10)
December 0.90 (0.95) 2.03 (2.16) 14.41 (14.83) 2.76 (2.87) 0.70 (0.72) 0.12 (0.12)
Total 7.84 (8.35) 19.77 (21.11)  122.40 (126.75) 25.61 (26.74) 6.04 (6.28) 1.00 (1.02)

Change in emissions from 2019 to 2020

January ~5% (~1%) ~7% (~1%) ~5% (~3%) ~4% (~1%) ~5% (—2%) ~5% (~3%)
February — —27% (-23%)  —36% (-33%)  —28% (27%)  —31% (-28%)  —24%(-22%)  —19% (~18%)
March 1% (—6%)  —14% (-8%)  —11% (—9%) ~12% (~8%) ~10% (~7%) ~8% (~6%)
April —5% (1%) —6% (1%) —6% (~3%) —6% (—2%) ~5% (0%) ~3% (0%)
May —4% (3%) 2% (4%) —4% (0%) ~5% (0%) ~4% (1%) ~3% (0%)
June ~4% (2%) ~1% (5%) 0% (4%) ~2% (2%) —3% (2%) ~2% (2%)
July ~5% (2%) ~3% (3%) ~1% (4%) ~3% (2%) —4% (1%) ~2% (2%)
August ~4% (3%) ~1% (6%) 0% (4%) ~2% (3%) ~3% (2%) ~1% (3%)
September  —5% (2%) 1% (8%) 1% (6%) ~1% (4%) 2% (3%) 0% (4%)
October —4% (3%) 0% (7%) 2% (6%) 0% (4%) ~1% (4%) 1% (4%)
November —4% (2%) 0% (7%) 1% (5%) ~1% (3%) ~1% (3%) 1% (4%)
December —4% (2%) 0% (6%) 0% (3%) 0% (4%) ~1% (2%) 0% (2%)
Total 7% (—1%) —6% (1%) —5% (—1%) —5% (—1%) ~5% (—2%) —4% (—1%)

11



data by source in

[ Monthly activity ] [ Changes in emission

2018 and 2019

MEIC ¥

factors by source ]

from 2018 to 2019

A

y _( Baseline emissions

emission model

’L in 2018 and 2019

v Monthly emissions
* update for 2020

v

.
Near real-time
statistical data

"y

_ Monthly activity
Emission source
mapping table growth by source
from 2019 to 2020

Figure 1: Methodological framework developed to estimate the monthly emissions in 2020.
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Figure 2: Monthly emissions from January to December in 2019 and 2020. Six pollutants are presented including SOz (a), NOx (b),
CO (c), NMVOCs (d), PM25 (e), and BC (f). The left bars for each month represent the emissions in 2019, and the right bars for each
month represent the emissions in 2020. The values above the bars represent the change in monthly emissions in 2020 compared to the

same month in 2019.
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Figure 3: Differences in January—April emissions between 2019 and 2020. Four pollutants are presented including SOz (a), NOx (b),
NMVOCs (c), and PMzs (d). The background map shows the provincial borders in China. The colour of each province represents the
emissions from January to April in 2020 minus the emissions from January to April in 2019. The grey colour represents the province

whose data are not estimated in this study.
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Figure 4: Differences in May—August emissions between 2019 and 2020. Four pollutants are presented including SOz (a), NOx (b),

NMVOC:s (c), and PM2s (d). The background map shows the provincial borders in China. The colour of each province represents the
emissions from May to August in 2020 minus the emissions from May to August in 2019. The grey colour represents the province whose

data are not estimated in this study.
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The color of stacked bars represents the source sectors of power (red), industry (yellow), residential (green), and transportation (blue).
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Figure 6: Comparison between observations and modelling results regarding the monthly relative changes from 2019 to 2020. Four

pollutants are presented including PMazs, SO2, NO2, and CO. The red solid curves represent the modelled concentrations based on our

estimated emissions in this study; the blue curves represent the surface observations (http://106.37.208.233:20035/, accessed on 10

November 2020). (a)-(d) represent the comparisons of national average concentrations; (e)-(h) represent the comparisons of regional

average concentrations over North China Plain; (i)—(1) represent the comparisons of regional average concentrations over Yangtze River

Delta.
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