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C O R O N A V I R U S

Satellite-based estimates of decline and rebound 
in China’s CO2 emissions during COVID-19 pandemic
Bo Zheng1,2*, Guannan Geng3*, Philippe Ciais1, Steven J. Davis4,5, Randall V. Martin6,7,8, 
Jun Meng6,7, Nana Wu2, Frederic Chevallier1, Gregoire Broquet1, Folkert Boersma9,10, 
Ronald van der A9,11, Jintai Lin12, Dabo Guan2, Yu Lei13, Kebin He3, Qiang Zhang2†

Changes in CO2 emissions during the COVID-19 pandemic have been estimated from indicators on activities like 
transportation and electricity generation. Here, we instead use satellite observations together with bottom-up 
information to track the daily dynamics of CO2 emissions during the pandemic. Unlike activity data, our observation-
based analysis deploys independent measurement of pollutant concentrations in the atmosphere to correct 
misrepresentation in the bottom-up data and can provide more detailed insights into spatially explicit changes. 
Specifically, we use TROPOMI observations of NO2 to deduce 10-day moving averages of NOx and CO2 emissions 
over China, differentiating emissions by sector and province. Between January and April 2020, China’s CO2 emissions 
fell by 11.5% compared to the same period in 2019, but emissions have since rebounded to pre-pandemic levels 
before the coronavirus outbreak at the beginning of January 2020 owing to the fast economic recovery in provinces 
where industrial activity is concentrated.

INTRODUCTION
In the first half of 2020, most countries in the world have imposed 
stringent policies to slow down the spread of coronavirus disease 
2019 (COVID-19), closing businesses and factories, restricting trav-
el, and issuing stay-at-home orders. Such lockdown measures have 
helped to curb the spread of the virus (1) and, meanwhile, caused 
large reductions in global demand for fossil fuels (2). In turn, levels 
of nitrogen dioxide (NO2) and other air pollutants have also fallen 
across the globe (3–5), and global carbon dioxide (CO2) emissions 
declined by an estimated 8.6%, based on indicators of energy use 
between January and April of 2020 as compared to the same period 
in 2019 (6). If history is a guide, such reductions in air pollution and 
CO2 emissions could be temporary: Global CO2 emissions have 
rebounded and resumed their former rates of growth after every 
financial crisis in the fossil fuel era (7, 8). Economic activities are 
already increasing in many places, and governments and central 
banks have already passed or proposed large economic stimulus 
packages to spur recovery (9) without much consideration for the 
climate mitigation co-objective so far, especially in the major econ-
omies and CO2 emitters like China and the United States. Yet, the 

COVID-19 pandemic has come at an important moment in the 
centuries-long timeline of fossil energy use, and for that reason as 
well as the pandemic’s outsized disturbance to social and economic 
systems (10), it may mark a turning point in the world’s energy and 
economic structure—one with lasting influence on the trajectory of 
global CO2 emissions.

However, annual, country-level inventories of CO2 emissions 
(11) are plainly insufficient to monitor variations in the sources and 
dynamics of CO2 emissions during fast-evolving periods like the 
COVID-19 pandemic. Nor can such annual estimates support 
adaptive and agile climate and energy policies going forward, as 
countries and other jurisdictions seek to fine-tune such policies to 
achieve environmental goals in a rapidly evolving technological and 
economic context. Increasing the frequency and resolution of data 
on CO2 emissions is thus a research priority. Unfortunately, the 
data streams required to conduct continuous carbon monitoring 
with the high temporal and spatial resolution are yet very limited. 
Bottom-up approaches to estimate daily CO2 emissions at the country 
and sectoral level using activity data and energy use indicators have 
recently emerged (6, 12, 13), but gaining access to reliable daily sta-
tistics of sector-specific fossil fuel consumption is a challenge, and ac-
tivity proxies such as traffic congestion indices and heating degree days 
(HDDs) must be used in those recent studies to empirically analyze 
the relative changes of emissions. Moreover, such bottom-up methods 
should match independent atmospheric observations to prove reli-
ability and reduce uncertainties in the daily emission estimates.

Near real-time observations from ground- and space-based plat-
forms thus represent an attractive means of supplementing and validat-
ing bottom-up estimates with direct measurements (14–18). However, 
CO2 concentrations are sparsely sampled in time and space, even 
for the carbon satellites (14, 15), and natural variability in ecosys-
tem carbon fluxes and atmospheric transport prevents unambiguous 
detection of fossil fuel CO2 emissions over time scales of weeks to 
months. Moreover, the current generation of carbon monitoring 
satellites often returns substantial errors in single soundings data 
(14, 15). Satellite observations of NO2, a species co-emitted with 
CO2 during the combustion of fuels, have broader coverage than 
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CO2 observations, especially from the recently launched TROPO-
spheric Monitoring Instrument (TROPOMI) onboard the Copernicus 
Sentinel-5 Precursor satellite (19). Because of the relatively short 
lifetime in NOx, the satellite is capable of detecting the short-term 
variability in NO2 columns (3, 5). Satellite NO2 columns have been 
widely used to retrieve the spatial patterns or temporal trends of 
NOx emissions [e.g., (20–23)]. There are also attempts to infer CO2 
emissions from satellite-based NO2 observations (24–26); however, 
such a method requires good knowledge of CO2-to-NOx emission 
ratios that are region dependent, sector specific, and dynamically 
changing (27). The effects of meteorological conditions on observed 
NO2 changes should also be quantified and separated before infer-
ring emissions from observations.

Here, we develop a novel approach to infer a 10-day moving average 
of anthropogenic CO2 emissions from TROPOMI NO2 merged with 
bottom-up information. Details of our data sources and methods 
are provided in Methods. In summary, we first develop a preliminary 
bottom-up estimate of sectoral NOx and CO2 emissions in 2020 based 
on the Multi-resolution Emission Inventory for China (MEIC) in 
2019 (28) and near real-time statistics and proxies in 2020. On the 
basis of the high-quality NO2 column observations from TROPOMI, 
we then separate the meteorological effects and model the local sen-
sitivity of NO2 column to surface NOx emission changes (29) with 
the nested-grid GEOS-Chem chemical transport model (30) to assess 
NOx emission changes in 2020 compared to those in 2019. The me-
teorological effects on NO2 column changes from 2019 to 2020 are 
quantified through a GEOS-Chem simulation driven by the meteoro-
logical field in 2020 with NOx emissions fixed in 2019, which is 
similar to the method in (31). Next, we use the top-down estimates 
to correct the sectoral distribution in the preliminary bottom-up 
emissions, based on the emission differences revealed by the grid cells 
dominated by a single source sector. Last, the TROPOMI-constrained 

NOx emissions and the spatiotemporal heterogeneity of emission 
sectoral information are combined with the spatially explicit, sector-
specific ratio maps of CO2-to-NOx emissions to infer 10-day moving 
average CO2 emissions from specific sectors. We use this integrated 
satellite-based emissions monitoring approach to track NOx and 
CO2 emissions in mainland China over the period from January to 
April 2020 as the coronavirus lockdown was imposed and relaxed.

RESULTS
Daily dynamics of NOx and CO2 emissions
Figure 1 presents 10-day moving averages of NOx (Fig. 1, A and C) 
and CO2 emissions (Fig. 1, B and D) of China’s national totals from 
January to April in 2019 and 2020. The 2019 emissions are directly 
derived from the MEIC inventory, which is also the base for 
estimating the NOx and CO2 emissions in 2020 constrained by 
TROPOMI observations. The 2019 emission data show a reduction 
in the daily NOx and CO2 by 30 and 38%, respectively, from 1 January 
to the Chinese New Year 2019 (5 February) and a rebound in emis-
sions 20 days later when the holiday ended and people returned to 
work. The larger decrease in CO2 than in NOx is because the major 
driver of emission decrease is the reduced activities in the power 
and industry sectors (where emission ratios of CO2 to NOx are 
large), while transport emissions (with low CO2-to-NOx emission 
ratios) decreased much less because travel demand was still high 
during the holiday.

The 2020 daily emissions of China constrained by TROPOMI 
observations, however, show much faster decreases than those in 
2019. During the period from 1 January to the Chinese New Year 
2020 (25 January), NOx and CO2 emissions are estimated to have 
dropped by 58 and 51%, respectively. The larger decrease in NOx emis-
sions than in CO2 is due to a much larger decline in the transport 

Fig. 1. Ten-day moving average NOx and CO2 emissions of China’s national totals from January to April in 2019 and 2020. The 2019 emission data are derived from 
the MEIC emission inventory, and the 2020 emission data are the TROPOMI-constrained emission estimate from this study. For NOx (A and C), the yellow and green curves 
are for 2020 and 2019, respectively, both of which are plotted according to the date in the x axis. The y axis in (A) and (C) represent the 10-day moving average of NOx 
emissions and the NOx emission reductions from 2019 to 2020, respectively. (B) and (D) are plotted for the CO2 emissions, which are similar to (A) and (C), respectively. 
The gray shades reflect the period of the Wuhan lockdown from 23 January 2020 to 7 April 2020.
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emissions than power and industrial emissions during the COVID-19 
lockdown as we will show in the following analysis. The daily emis-
sions of NOx and CO2 in 2020 are estimated up to be 50 and 40%, 
respectively, lower than those in 2019, and they did not return to the 
preholiday levels until 2 months later.

The divergence of China’s daily emissions between 2020 and 
2019 corresponds to the timeline of the virus control measures. The 
sharper emission declines in 2020 started on 20 January 2020, when 
the most stringent control measures were activated by the National 
Health Commission. The Wuhan lockdown began 3 days later on 
23 January 2020, which was followed by similar measures in the 
other Chinese cities within the next few days. These lockdown mea-
sures did not ease until about 1 month later when the lowest risk 
regions and cities slowly reopened some of the less exposed indus-
tries and businesses. About 2 months after the Chinese New Year 
2020, most of China’s cities had lifted the control measures including 
Wuhan that reopened on 8 April after a 76-day lockdown. During 
the Wuhan lockdown period (gray shades in Fig. 1), China’s emis-
sions were lower than the 2019 emissions by a cumulative of 892 kt 
(thousand metric tons) NOx (21.9% net reduction; green shades in 
Fig. 1) and 348 Mt (million metric tons) CO2 (16.2% net reduction; 
blue shades in Fig. 1).

The total reduction in China’s CO2 emissions over January to 
April 2020 is equivalent to a −11.5% decrease over the corresponding 
period of 2019, a bit higher than the estimate of −7.8% (−3.6 to −12.9%) 
from (6). The largest emission reductions occurred in February, while 
the emissions rapidly rebounded in March and April (table S1), and 
the CO2 emissions in April 2020 are estimated to rebound to emis-
sion levels in 2019. The emission reductions over January to March 
2020 are −15.6% compared to the same period of 2019, which is higher 
than the bottom-up estimate of −10.3% from (13). Overall, our 
TROPOMI-constrained emission estimates present larger emission 
reductions during January to April than the bottom-up estimates (6, 13).

We also used the bottom-up approach (see Methods) to estimate 
daily NOx and CO2 emissions in China’s national totals in 2020 
(dashed curves in Fig. 2, A and B), which present slightly higher 
emission reductions than (6) and (13). Our bottom-up results are 
comparable to the TROPOMI-constrained inversions but still reveal 
large discrepancies. The differences in the NOx emissions mainly 
occur over the regions dominated by the emissions from transport 
(blue curve in Fig. 2C) and industry (yellow curve in Fig. 2C), while 
the power sector also contributes to the discrepancy in the CO2 
emissions (red curve in Fig. 2D). The bottom-up inventory tends to 
overestimate industrial and transport emissions during the lock-
down period, especially at the beginning of lockdown, but tends to 
underestimate emissions for the power sector when lockdown 
was gradually lifted in March. The complete statistics of daily fuel 
combustion are not available for the bottom-up inventory (see 
Methods), which relies instead on the daily data for 12% of China’s 
power plants and some proxies such as the daily traffic congestion 
indices and monthly industrial gross domestic product (GDP) 
combined with the daily coal use in the power sector to represent 
the relative changes of daily emissions, which is inevitably associated 
with uncertainties.

Drivers of CO2 emissions drop and rebound
We decompose the difference in the 10-day moving average of China’s 
CO2 emissions between 2020 and 2019 into power, industry, trans-
port, and residential sectors (Fig. 3, A and B). The industry sector 
was the major driver of China’s CO2 emission changes. During the 
Wuhan lockdown period (gray shades in Fig. 3), the cumulative 
CO2 emissions from the industry sector declined by 24.3% com-
pared to those in 2019, accounting for 72% of the total reduction in 
CO2 emissions for that period. The transport and power sectors are 
estimated to have experienced cumulative CO2 emission reductions 
by 31.1 and 5.0%, respectively, contributing 18 and 10% to the total 

Fig. 2. Comparisons between TROPOMI-constrained and bottom-up estimated NOx and CO2 emissions of China’s national totals. The solid curves in (A) and 
(B) are the 10-day moving average of TROPOMI-constrained NOx and CO2 emissions, respectively, from January 2020 to April 2020. The dashed curves in (A) and (B) are 
the bottom-up estimates. The difference of the 10-day moving average emissions between the TROPOMI-based and bottom-up estimates is plotted for NOx in (C) and for 
CO2 in (D) for the source sectors of power (red), industry (yellow), residential (green), and transport (blue).

 on D
ecem

ber 2, 2020
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/


Zheng et al., Sci. Adv. 2020; 6 : eabd4998     2 December 2020

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

4 of 10

CO2 reduction. The emission decline in the power sector was possibly 
driven by the lower demand by industry that consumes more than 
two-thirds of the total electricity in China. Residential emissions 
increased by 1%. The population-weighted HDD in 2020 winter 
was estimated 3% lower than that in 2019 due to the high air tem-
perature; therefore, the larger residential emissions in 2020 are 
mainly due to the more energy consumed when people were forced 
to stay at home, especially at the beginning of the lockdown period. 
After the lockdown measures were lifted, the recovery of the indus-
try and transport sectors rapidly pushed CO2 emissions back to 
pre-lockdown levels at the beginning of January in 2020.

The regional decomposition (Fig. 3, C and D) also confirms a 
CO2 emission dynamics that was dominated by industry. China’s 
provinces were classified into three categories distinguished by its 
increasing share of industrial GDP in the provincial total GDP and 
the length of lockdown. The provinces dominated by the industrial 
economy were more sensitive to the lockdown measures, with both 
a deeper drop and a faster recovery in emissions. The CO2 emis-
sions declined by 8.2% in the provinces where industrial GDP con-
tributes less than 34% (median value of all the provinces) of the 
provincial total GDP (pink bars in Fig. 3, C and D). However, the 
emission decreases were more than twice higher in provinces where 
the share of industrial GDP is larger than 34%. The industrial 
provinces with a lockdown longer than 40 days (dark blue bars in 
Fig. 3, C and D) show comparable reductions of CO2 emissions 
(−20.2%) than those (−21.2%) with a shorter lockdown period (light 
blue bars in Fig. 3, C and D).

Response of provincial emissions to COVID-19
Half of China’s provinces are estimated to have reduced their cu-
mulative CO2 emissions by more than 15% from 23 January 2020 to 
7 April 2020 compared to the same period in 2019 (Fig. 4, A and B). 
Because the transportation sector has a particularly low CO2/NOx 
emission ratio and the industrial sector was the major driver of the 
CO2 emission decline, provinces with larger shares of the industrial 
economy experienced more CO2 emission reductions than others 
(Fig. 4B). The provinces of Jiangsu and Anhui that have the largest 
industrial economies both reduced their CO2 emissions by more 
than 30%. We also observe large CO2 reductions in the Hubei province 
whose capital is Wuhan and in Beijing and Shanghai, substantially 
higher than the other provinces with similar economic structures 
due to the stringent virus control measures in these provinces. Note 
that the CO2 emissions from Guangxi province located in the south-
west of China are estimated to have increased by 5% during the 
lockdown period. This is because the generation of hydroelectric 
power from January to March in 2020 was 27% lower than that in 
2019 due to the severe drought in this region, which has caused an 
increase in the generation of thermal power by 16% (http://www.
stats.gov.cn/). The drought-induced increased fossil fuel use in power 
plants offset the emission decrease due to lockdown.

With China’s industry slowly recovering from the coronavirus, 
CO2 emissions from most of China’s eastern provinces have re-
turned to their pre–COVID-19 levels in January by April 2020, 
which are higher than the emissions in the same period of 2019 
(Fig. 4, C and D). The provinces whose economy is dominated by 

Fig. 3. Decomposition of the difference in the 10-day moving average of China’s CO2 emissions between 2019 and 2020 by source sector and source region. The 
emission difference is split into power, industry, residential, and transport sectors in (A) and split into three regional categories in (C), including (i) the provinces with the 
share of industrial GDP in provincial total GDP lower than 34%, (ii) the provinces with a share of industrial GDP higher than 34% and a lockdown shorter than 40 days, and 
(iii) the provinces with the industrial GDP share higher than 34% and a lockdown longer than 40 days. The cumulative CO2 emissions during Wuhan lockdown [gray 
shades in (A) and (C)] are presented by source sector in (B) and source region in (D).
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industry restarted emissions rapidly, mirroring their larger drop 
during the lockdown. The provinces that had experienced stringent 
lockdown did not rebound their CO2 emissions substantially, such 
as Hubei, Hebei, and Tianjin, although these provinces were domi-
nated by the industrial economy. These provinces stayed at the 
highest emergency response levels against the coronavirus for more 
than 90 days. The emissions from Beijing and Shanghai were 17 and 
22%, respectively, lower than that in 2019 at this period, which ex-
hibited comparable and even larger reductions in CO2 emissions 
compared to the previous 2 months. The Guangxi province, still 
suffering from the drought in April 2020, increased CO2 emissions 
by 29% compared to those in 2019, corresponding to the 30% in-
crease in thermal power generation.

DISCUSSION
This study presents the first-ever estimates of the 10-day moving 
average CO2 emissions from satellite observations, derived from the 
near real-time and high spatial-temporal resolution NO2 retrievals 
from TROPOMI, state-of-the-art chemical transport model GEOS-
Chem, and CO2-to-NOx source emission ratios from a detailed in-

ventory of Chinese emissions, MEIC. The substantial short-term 
variability in emissions due to the COVID-19 lockdown creates an 
unmistakable signal despite known model uncertainties and satel-
lite observation errors, providing a unique opportunity to develop 
and validate satellite-based carbon emissions monitoring.

The uncertainties in our results lie in satellite observations of 
NO2 column densities, determination of the NO2 column response 
to surface NOx emission changes by the GEOS-Chem model, differ-
entiating sectoral NOx emissions from satellite-constrained esti-
mates, and CO2-to-NOx emission ratios. Using spatial-temporal 
average and the relative difference of TROPOMI data is expected to 
cancel a major part of the systematic errors in satellite observations. 
The major source of uncertainty in this study could be the assump-
tion of locality between NO2 columns and NOx emissions in each 
grid cell (0.5° × 0.625°) when estimating . This uncertainty does 
not affect total NOx emission estimates according to our sensitivity 
simulation using the coarse-resolution (2°  ×  2.5°) global GEOS-
Chem model (see Methods), but it can introduce substantial errors 
in sectoral CO2 emission constraints at the grid scale, especially if 
different source sectors dominate NOx emissions from adjacent 
grid cells. In this work, we presented sectoral CO2 emissions at an 
aggregated level (by sector and province) to reduce the uncertain-
ties at grid scale. Corrections on sectoral emissions are also tested 
through different definitions of the grid cell–dominant source sec-
tor, and the inversion results of 10-day mean CO2 emissions are 
found to be stable (fig. S13). The influence of CO2-to-NOx ratios on 
the estimates of CO2 relative reductions from the 2019 MEIC data 
to the 2020 inversions is marginal, as we use the consistent sector-
specific ratio maps with MEIC. The robustness of our estimates could 
also be demonstrated by the broad consistency of our estimates with 
previous studies (6, 13) and with independent economic and indus-
trial statistics data collected on the monthly scales (fig. S14). More 
details about the uncertainty analysis could be found in Methods.

Our findings show that although the COVID-19 lockdown 
markedly reduced China’s CO2 emissions during the first 2 months 
after the virus outbreak, the emissions rebounded quickly as lock-
down measures were lifted. In the first month after Wuhan re-
opened, which essentially marked the end of the country lockdown, 
China’s CO2 emissions again reached pre–COVID-19 levels at the 
beginning of January 2020 and exceeded the level of emissions in 
the same period of 2019. These trends in emissions were strongly 
influenced by the industry sector, which was the main driver in 
both the decline and rebound of Chinese CO2 emissions over the 
short period. It is difficult to predict the long-term effect of the pan-
demic on energy use and thus CO2 emissions. Lockdowns in some 
other regions are now being relaxed, and economic stimulus pack-
ages are now being implemented in China and other countries af-
fected by COVID-19. But our results show that the effects on energy 
and emissions depend on the strictness and duration of lockdowns 
in different regions, the economic structures and recovery stimulus 
programs of those regions, the effectiveness of such stimulus, and 
also whether and where a second wave of the virus and lockdowns 
recur. Regardless, the method we have developed and demonstrated 
here will support efforts to monitor changes in energy systems and 
emissions in near real time as we navigate into that uncertain future. 
This approach is potentially applicable to other global regions where 
anthropogenic NOx emissions are dominant and evident declines in 
NO2 columns are observed during COVID-19 lockdown, such as 
India, western Europe, and the United States (5).

Fig. 4. Relative changes in provincial CO2 emissions of mainland China from 
2019 to 2020. The relative changes in the cumulative CO2 emissions between 
23 January and 7 April are presented in (A) and (B). We only plot the provinces with 
enough TROPOMI observations used in this study (NO2 TVCDs larger than 1 × 1015 
molecules/cm2) that covered more than 80% of their anthropogenic NOx emis-
sions from January to April in 2019 and 2020. The provinces without enough 
TROPOMI observations are plotted with the gray color. The colors of other provinces 
in (A) represent the magnitude of the cumulative CO2 emission changes compar-
ing the same period between 2019 and 2020. Each dot in (B) represents a province 
in mainland China, which is plotted on the basis of the share of industrial GDP in 
provincial total GDP along the x axis and the changes in cumulative CO2 emissions 
along the y axis. The color of each dot represents the number of days when each 
province retained its public health response system to the COVID-19 emergency at 
the top level. Additional lines point to the provinces of Beijing, Tianjin, Hebei, 
Shanghai, Hubei, and Guangxi. (C) and (D) are similar to (A) and (B), respectively, 
but present results for the period from 8 April to 30 April.
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METHODS
Integrated model framework
We develop an integrated model framework combining both top-
down and bottom-up information to estimate 10-day moving aver-
age NOx and CO2 emissions in China from January to April in 2020. 
This framework includes four processing steps. First, we make a 
preliminary estimate of China’s daily NOx and CO2 emissions in 
2020 using the bottom-up emission model MEIC. Then, we develop 
an inverse modeling system to infer 10-day moving average total 
NOx emissions in 2020 from TROPOMI NO2 column retrievals. 
Next, we use the inversion estimated NOx emissions combined with 
the bottom-up estimated emission maps to constrain sectoral NOx 
emission dynamics. Last, the TROPOMI-constrained sectoral NOx 
emissions are transformed into sectoral CO2 emissions through 
sector-specific CO2/NOx emission ratio maps. The four steps are 
described in the following sections, and the methodological frame-
work is presented in fig. S1.

Bottom-up daily emission estimates in 2020
We make a preliminary estimate of China’s daily NOx and CO2 
emissions in 2020 using the MEIC model (28). The MEIC model 
is briefly described in the Supplementary Materials, and more de-
tails can be found in the cited papers within the text. We combine 
the newly developed 2019 emissions (fig. S2) in MEIC with the 
relative changes in activity data and emission factors from 2019 to 
2020 to update China’s emissions to 2020, which is similar to the 
method in (13).
Monthly emission estimates in 2020
The 2019 emissions in MEIC are updated to 2020 based on the year-
on-year change in monthly activity data and emission factor of each 
source. Scaling factors calculated between the level in a given month 
of 2020 and that in the same month of 2019 are used to extrapolate 
the 2019 emissions to 2020. NOx emission factors in MEIC slightly 
declined from the beginning to the end of 2019 due to NOx pollu-
tion control, while CO2 emission factors are assumed unchanged. 
Multiple data sources are used to predict the activity change of dif-
ferent sources as below.

Power and industry sectors. Monthly growth rates of electricity 
generation, cement production, iron production, and industrial 
GDP from 2019 to 2020 (http://www.stats.gov.cn/) are used to 
represent activity changes in power plants, cement plants, iron 
and steel plants, and the other industries, respectively. Several as-
sumptions are needed for the emission estimates in 2020. First, 
the statistics data for January and February were combined, so ac-
tivity changes in these 2 months are assumed the same. Second, 
the growth rate in the electricity generation includes coal-, oil-, 
and natural gas–fired electricity together that cannot be further 
separated. We assume that the activity data of all of the thermal 
power plants follow the same monthly changes from 2019 to 2020. 
Third, the industrial GDP is used to roughly represent the relative 
change of the industrial activities, although the economic values 
may not directly reflect the changes in the fossil fuel burned. 
These three assumptions mentioned above could cause uncertain-
ties in the estimates of monthly emissions in the power and indus-
trial sectors in 2020.

Residential sector. We calculate the population-weighted HDD 
for all of China’s cities in each month of 2019 and 2020 to represent 
the relative change of the residential energy use in each city. The 
gridded population data are exploited from Gridded Population 

of the World, Version 4 (GPWv4) (32), and the surface tempera-
ture data are derived from the ERA5 dataset produced by European 
Centre for Medium-Range Weather Forecasts (ECMWF) (33). The 
reference temperature is set to 18°C (34).

Transport sector. We use the Baidu migration data (https://
qianxi.baidu.com/2020/) within each city to represent the relative 
change in activity data of the transport sector from 2019 to 2020 in 
each city. There could be uncertainties in using Baidu migration 
data to estimate transport emissions because the Baidu location–
based services track all of the surface transport within cities in-
cluding walk, bicycles, vehicles, and subways. The way we use this 
index to predict activity changes in both the road and nonroad 
sources could involve uncertainties.
Daily emission estimates in 2020
The estimated monthly emissions in 2020 are allocated into daily 
time scales based on daily temporal profiles. The power plant emis-
sions are split into daily scales based on the daily coal consumption 
of the six major power generation groups in China (fig. S3A), which 
accounted for 12% of China’s coal consumption in the power sector 
in 2019. The industrial emissions from iron and steel plants, coke 
plants, and coal mines are split into daily scales based on the daily 
operating rates (fig. S3, B to E). All of the other industrial emissions 
are split into a daily scale based on the daily coal consumption in the 
major power generation groups (fig. S3A). The monthly emissions 
from the residential and transport sectors are split into daily emis-
sions using the daily variation of population-weighted HDD (fig. 
S4) and the Baidu index (fig. S5) in each city.

Total NOx emissions inferred from TROPOMI in 2020
We then use a nested-grid GEOS-Chem model (30) at the horizontal 
resolution of 0.5° × 0.625° to establish the spatial-temporal varied 
local relationship between the changes in surface NOx emissions and 
changes in NO2 tropospheric vertical column densities (TVCDs). 
Such a relationship is applied to changes in the satellite-observed 
NO2 TVCDs from 2019 to 2020 derived from the TROPOMI (19) to 
infer total NOx emissions in 2020 on the 10-day moving average 
scale. Changes in NO2 TVCDs due to meteorological variations have 
been accounted for and removed.
NOx emissions estimated from TROPOMI
Using TROPOMI observations over regions dominated by anthro-
pogenic sources (3), we infer China’s anthropogenic NOx emissions 
of 10-day mean in 2020 using the following equation

	​​ ​E​ t,i,TROPOMI,2020​​ = ​(​​1 + ​​ t,i​​ ​​(​​ ​ ∆  ─ 


  ​​)​​​ 
t,i,anth

​​​)​​ × ​E​ t,i,bottom−up,2019​​​​	 (1)

where i represents a model grid cell (0.5° × 0.625°), t represents a 
10-day time window, Et,i,TROPOMI,2020 is the total NOx emission in 
2020 inferred from TROPOMI NO2 TVCDs, Et,i,bottom-up,2019 is the 
total NOx emission in 2019 estimated by the MEIC emission model, 
t,i is a unitless factor that represents the local sensitivity of changes 
in NO2 TVCDs to changes in anthropogenic NOx emissions in 
each model grid cell, and (∆/)t,i,anth is the relative change in 
NO2 TVCDs from 2019 to 2020 due to anthropogenic emission 
changes.
Simulation of  based on GEOS-Chem
t,i is estimated using the method from (29) with the GEOS-Chem 
model on the basis of the assumption of collocation between NO2 
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columns and NOx emissions in each model grid cell. We use the GEOS-
Chem version 12.3.0 (https://doi.org/10.5281/zenodo.2620535) driven 
by assimilated meteorological fields from the NASA Global Modeling 
and Assimilation Office’s Modern-Era Retrospective analysis for 
Research and Applications Version 2 (MERRA-2) (35). For the simu-
lation over China, we use the nested-grid configuration over Southeast 
Asia at a spatial resolution of 0.5° × 0.625° (30), with boundary con-
ditions adopted from a 2° × 2.5° global simulation. We use the 
“tropchem” mechanism that simulates full chemistry in the tropo-
sphere. Vertical mixing in the planetary boundary layer is simulated 
using a nonlocal mixing scheme (36).

We first do a baseline simulation in 2019. Anthropogenic emis-
sions over Southeast Asia are taken from the MIX inventory (37), 
while emissions in mainland China are replaced by emissions from 
the MEIC model for the year 2019. The simulation also includes 
additional NOx emission sources such as lightning (38), soil and 
fertilizer (39), shipping, and aircraft. Figure S6 shows the com-
parison between coincidently sampled simulated and TROPOMI 
NO2 TVCDs for the baseline simulation in 2019. The spatial pat-
tern of the baseline simulation is consistent with the NO2 TVCDs 
from TROPOMI, and they agree very well with R2 = 0.89 and 
slope = 0.98. Then, we do another perturbation simulation reducing 
China’s NOx emissions by 40%. These two simulations both use 
meteorological fields in 2019. t,i is then calculated by the following 
equation

	​​ ​ t,i​​  = ​  
​∆ E​ t,i,bottom−up,2019​​

  ─  ​E​ t,i,bottom−up,2019​​  ​ ÷ ​ 
​​ t,i,perturbed,2019​​ − ​​ t,i,base,2019​​

   ───────────────  ​​ t,i,base,2019​​  ​​	 (2)

where perturbed and base represent the perturbation and baseline 
simulation, respectively. t,i,perturbed,2019 and t,i,base,2019 are GEOS-
Chem simulated NO2 TVCDs at the TROPOMI overpass time. 
∆Et,i,bottom-up,2019/Et,i,bottom-up,2019 is the 40% reduction in anthropo-
genic NOx emissions.

Figure S7 shows the spatial variation of 4-month averaged  co-
incidently sampled with the TROPOMI data.  tends to be less than 
one in polluted regions such as the North China Plain, the Yangtze 
River Delta, and the Pearl River Delta, because an increase in NOx 
emissions consumes OH and increases the NOx lifetime. While in 
clean areas where an increase in NOx emissions decreases the NOx 
lifetime,  tends to be greater than one. Figure S7B shows the 10-day 
moving average of national  over China.  is smaller in winter 
when the concentrations of OH and RO2 radicals are lower and in-
creases in spring, which reflects a longer NOx lifetime in winter 
time. We further tested the sensitivity of t,i to the grid resolution 
and the perturbation of emissions by changing the GEOS-Chem 
model resolution to 2° × 2.5° and through several sensitivity simu-
lations in the Supplementary Materials.
Estimation of NO2 TVCD changes excluding 
meteorological impacts
(∆/)t,i,anth are derived from TROPOMI NO2 TVCD changes from 
2019 to 2020 with the help of the GEOS-Chem model quantifying 
the contributions of anthropogenic emission change. We conduct a 
simulation with China’s anthropogenic emissions fixed in 2019 
driven by meteorological fields in 2020. The influences of other fac-
tors other than China’s anthropogenic emissions on NO2 TVCDs 
are quantified by comparing the anthropogenic emission fixed sim-
ulation with t,i,base,2019 driven by emissions and meteorological 
fields in 2019. Then, we get

	​​ ​(​​ ​ ∆  ─ 


  ​​)​​​ 
t,i,anth

​​  = ​  
​​ t,i,sate,2020​​

 ─ ​​ t,i,sate,2019​​ ​ − ​ 
​​ t,i,fixemis,2020​​

 ─ ​​ t,i,base,2019​​  ​​	 (3)

where sate and fixemis represent satellite observation and anthro-
pogenic emission fixed simulation, respectively. t,i,fixemis,2020 is GEOS-
Chem simulated NO2 TVCDs at the TROPOMI overpass time from 
the simulation with fixed anthropogenic emissions. t,i,sate,2019 
and t,i,sate,2020 are TROPOMI NO2 TVCDs in 2019 and 2020, 
respectively.

We use NO2 TVCDs from the official TM5-MP-DOMINO ver-
sion 1.2/1.3 offline product (http://www.temis.nl/airpollution/no2col/
data/tropomi/) (19). Only pixels with quality assurance value above 
0.5 and cloud fraction below 30% are kept to reduce the retrieval 
errors. We calculate the 10-day moving average (fig. S8) to smooth 
out daily fluctuations in NO2 TVCDs caused by random errors and 
increase the sample number and the spatial coverage. The grid cells 
dominated by natural sources [defined as NO2 TVCDs below 
1 × 1015 molecules/cm2 according to (3)], which account for more 
than half of grid cells in China (fig. S9), are excluded in our study. 
In the remaining grid cells, the average share of grid cells with more 
than five valid sample days reaches 87%, and they cover 81% of an-
thropogenic NOx emissions over China (fig. S9), indicating that the 
10-day moving average values used here are representative for NOx 
emissions over China.

Sectoral NOx emissions constrained by TROPOMI in 2020
Because the CO2-to-NOx emission ratio varies by source sector, it is 
important to know sectoral NOx emissions to transform NOx emis-
sions into CO2 emissions. Our bottom-up method provides sectoral 
emissions at the daily scales in 2020, while the imperfect daily statis-
tics data cause uncertainties in bottom-up sectoral emissions. Here, 
we use the total NOx emission inferred from TROPOMI to con-
strain bottom-up estimated NOx emission maps in 2020 by source 
sector, based on the emission differences revealed by the model grid 
cells dominated by a single source sector.

The sector-specific scaling factors to correct the preliminary 
bottom-up NOx emissions are calculated using the following equation

     ​​scalefactor​ t,s​​  =  1 + ​ 
​​ i​​(​E​t,i,TROPOMI,2020​  s  ​ − ​E​t,i,bottom−up,2020​  s  ​)

   ─────────────────────   
​​ i​​(​E​t,i,bottom−up,2020​  s  ​)

  ​​	 (4)

where ​​E​t,i,TROPOMI,2020​  s  ​​ and ​​E​t,i,bottom−up,2020​  s  ​​ are TROPOMI-constrained 
and bottom-up estimated NOx emissions on grid cell i that are 
dominated by source sector s (i.e., power, industry, residential, and 
transport) in time t, respectively. scalefactort, s is the scaling factor 
used to correct the bottom-up estimated NOx emissions from sector 
s in time t.

The dominant emission source sector in each grid cell i is de-
fined as the sector that accounts for more than 50% of NOx emissions 
in each grid. Before the COVID-19 lockdown on 23 January 2020, 
we assume that the dominant emission source sector in each model 
grid in 2020 is consistent with that at the same time of 2019, which 
is estimated on the basis of the MEIC emissions in January 2019. 
After 23 January 2020, because the COVID-19 lockdown has influenced 
the relative contribution of emission sources, we use the corrected 
bottom-up sectoral emission map on the prior day to identify the 
dominant emission source sector on each day. Figure S10 shows the 
examples of grid cells dominated by power, industry, and transport 
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sectors, where the TROPOMI observes large NO2 column enhance-
ment at the locations of point sources and road networks. In general, 
the grid cells with a dominant emission source sector contribute 20 
to 50% of NOx emissions from that sector in China’s national totals 
(fig. S11C).

Then, the relative differences between TROPOMI-constrained 
and bottom-up estimated NOx emissions over grid cells dominated 
by each sector are calculated to derive the scaling factors for each 
sector, as shown in Eq. 4. Figure S11 shows the differences in NOx 
emissions between the TROPOMI-based and bottom-up estimates 
over the grid cells dominated by different source sectors. The bot-
tom-up estimates overestimate industrial and transport emissions 
during the lockdown, especially at the beginning of lockdown, but 
slightly underestimate emissions after the end of lockdown. This is 
due to the imperfect knowledge of the daily dynamics of the trans-
port and the industrial activities, and the proxies such as the people 
migration index and the industrial GDP are not accurate enough to 
predict emissions. The power sector shows smaller uncertainties 
because we have monthly electricity generation and the daily coal 
use in the power plants that account for 12% of China’s power sec-
tor coal consumption. However, because of the uncertainties in 
these data as discussed before, the power sector emissions are still 
slightly underestimated in the bottom-up inventory.

Last, the bottom-up estimated NOx emissions are corrected by 
sector based on the following equation

	​​ E​ s,t,i,bottom−up,corrected,2020​​  = ​ E​ s,t,i,bottom−up,2020​​ × ​scalefactor​ t,s​​​	 (5)

where Es,t,i,bottom−up,corrected,2020 and Es,t,i,bottom−up,2020 represent the 
corrected and preliminary bottom-up NOx emissions from sector s 
in time t, respectively. Then, we scale the corrected bottom-up 
emissions to be consistent with the TROPOMI-based NOx emis-
sions to reduce the remaining differences. The following equation 
is used

​​E​ s,t,i,constrained,2020​​  = ​

E​ s,t,i,bottom−up,corrected,2020​​ × ​ 
​E​ t,i,TROPOMI,2020​​

  ───────────────  ​​ s​​ ​E​ s,t,i,bottom−up,corrected,2020​​ ​​	 (6)

where Es, t, i, constrained,2020 represents the sectoral NOx emissions con-
strained by TROPOMI.

Sectoral CO2 emissions constrained by TROPOMI in 2020
Sectoral CO2 emissions are estimated from the TROPOMI-constrained 
sectoral NOx emissions based on the sector-specific ratios of CO2 to 
NOx emissions using the following equation

                    ​​
​C​ s,t,i,constrained,2020​​  = ​ E​ s,t,i,constrained,2020​​ ×

​   
​ 

EFCO ​2​ s,i,bottom−up,2019​​
   ──────────────────────   EFNO ​x​ s,i,bottom−up,2019​​ × (1 − ​rNOx​ s,i​​)

 ​
 ​​      	 (7)

where Cs, t, i, constrained,2020 represents sectoral CO2 emissions from 
sector s on grid cell i in time t, EFCO2s, i, bottom − up,2019 and EFNOxs, i, 

bottom − up,2019 represent the emission factors of CO2 and NOx of sec-
tor s on grid cell i derived from the MEIC emission data averaged 
from January to April in 2019, and rNOxs,i represents the reduction 
ratio of NOx emission factor from 2019 to 2020, which is assumed 
equivalent to the reduction from the beginning to the end of 2019. 
The MEIC emission model estimates that the NOx emission factors 

of the power and cement plants have declined by 6 to 10% in 2019 
due to the pollution control.

MEIC estimates substantially varied CO2-to-NOx emission ratios 
by source due to different combustion and pollution control tech-
niques used in each source. Power, industry, residential, and trans-
port sectors have CO2-to-NOx emission ratios of 979, 623, 917, and 
141 g CO2/g NO2, on average, in 2019. The largest value for the 
power sector is due to pollution controls on NOx, which reduces 
NOx emissions substantially. The large value for the residential sector 
is because the residential stoves generate fewer NOx emissions per 
fuel burnt than the high-efficiency boilers in the power and industry 
sectors. The low CO2-to-NOx emission ratio of the transport sector 
is due to the low carbon content of petroleum fuels and the high 
emission factors of NOx from diesel vehicles and nonroad equip-
ment. The daily variability of emission contributions from different 
sectors drives the daily evolution of China’s average CO2-to-NOx 
emission ratio (fig. S12).

The CO2-to-NOx emission ratios are different in 2020 compared 
to 2019 due to the influence of COVID-19 lockdown (fig. S12). The 
largest difference is that the CO2-to-NOx emission ratio slightly 
decreased during the Spring Festival holiday in 2019 but increased 
over the same period in 2020. In normal years like 2019, the de-
crease of CO2-to-NOx emission ratio during the Spring Festival holiday 
was driven by the reduced power and industrial emissions, while 
the transport emissions changed much less. However, the transport 
emissions decreased substantially during the Spring Festival holiday 
in 2020 due to lockdown measures. The CO2-to-NOx emission ra-
tios are much lower in the transport sector than in the other sectors, 
so the average CO2-to-NOx emission ratios are estimated to have 
increased during the lockdown in 2020. After the lockdown mea-
sures eased, the average CO2-to-NOx emission ratios in 2020 returned 
to the same levels as in 2019.

Uncertainties
Our results are subject to several uncertainties and limitations, in-
cluding errors in the satellite NO2 TVCDs, uncertainties in , the 
dynamic sectoral distribution of TROPOMI-constrained NOx emis-
sions, and the CO2-to-NOx emission ratios used to convert NOx 
emissions to CO2 emissions. The uncertainty in each step of our 
analysis is discussed below.

First, the satellite retrievals of NO2 TVCDs usually suffer from 
uncertainties in the radiative transfer model and in the ancillary 
data used for calculating the stratospheric NO2 background and the 
air mass factors. For example, the TROPOMI single-pixel errors are 
typically ~40 to 60% in winter time (5). We use spatial and temporal 
averaging in our analysis to reduce random errors. The averaging 
approach also helps reduce part of the systematic errors in the air 
mass factor, i.e., those originating from a priori NO2 profiles and 
surface albedo assumptions. Meanwhile, TROPOMI NO2 is found 
to be systematically underestimated over China (40), especially over 
polluted regions. However, relative differences between 2019 and 
2020 are used to derive NOx emission changes, which is expected to 
cancel out a major part of the systematic errors.

Second, the  value simulated by the GEOS-Chem model reflects 
the feedback of NOx emissions on NOx chemistry, which could be 
affected by many factors. Particularly, the assumption of locality 
between NO2 columns and NOx emissions may introduce substantial 
uncertainties when estimating  (Eq. 2) and NOx emissions (Eq. 1) 
in winter at the model resolution (0.5° × 0.625°) because NO2 can 
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transport from neighboring grids (41). In turn, this will further affect 
the sectoral CO2 emission estimates when different sectors domi-
nate emissions in adjacent model grid cells. We estimated  and 
NOx emissions by using the 2° × 2.5° GEOS-Chem model and found 
that the resulting differences in NOx emission estimates are within 
3%, indicating that the NOx emission estimates are not largely af-
fected by model resolution. To diminish the errors in sectoral CO2 
emission estimates at the grid level, we presented and discussed sec-
toral CO2 emissions at an aggregated level (national total or by 
province) in the main text. The  value could also be affected by the 
model representation of chemical and physical processes (e.g., 
transport and deposition) and changes in emissions of other species 
involved in the NOx chemistry. We evaluate the model simulation 
against satellite data to prove the model’s ability to capture the char-
acteristics of NO2 columns. We also conduct several emission per-
turbation scenario simulations and found that the  value is not 
sensitive to the magnitude of emission perturbations (see the Sup-
plementary Materials).

Third, because the CO2-to-NOx ratio is sector specific, we need 
to capture the dynamic sectoral distribution of NOx emissions from 
January to April in 2020 for the conversion from NOx to CO2. We 
use the TROPOMI-constrained NOx emissions to correct the sec-
toral emissions from the bottom-up estimates, based on the grid 
cells dominated by one single emission source, as discussed above. 
The thresholds used for the determination of dominant source sec-
tor in each grid could be the largest source of error here. Sensitivity 
tests using threshold values from 0.5 to 0.8 obtain similar CO2 emis-
sion estimations (fig. S13), reflecting the robustness of our method.

Last, the sector-specific CO2-to-NOx ratio maps that we achieved 
from the MEIC emission model also include some uncertainties, 
which could influence the absolute magnitude of the CO2 emission 
estimates. The uncertainties in NOx emission inventories are typi-
cally higher than those in CO2 emission inventories, while the 
MEIC NOx inventory that we used in this study has revealed a good 
performance when modeling with the GEOS-Chem model and 
comparing it to the TROPOMI NO2 column observations (fig. S6). 
Besides, the influence of the potential uncertainties in the CO2-to-
NOx ratios on the estimates of CO2 emission reductions from 2019 
to 2020 is relatively marginal, because we use consistent sector-specific 
CO2-to-NOx ratio maps with the MEIC model and the comparison 
is also performed with the MEIC emissions.

We also compare the CO2 emissions estimated from the TROPOMI-
constrained NOx emissions with the economic and industrial statis-
tics data collected on the monthly scales (fig. S14). The relative 
changes in the 2020 CO2 emissions compared to those in 2019 are 
consistent with those indicators of the industry in China, which in-
dependently evaluates our estimates of the CO2 emission changes.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/6/49/eabd4998/DC1

REFERENCES AND NOTES
	 1.	 H. Tian, Y. Liu, Y. Li, C.-H. Wu, B. Chen, M. U. G. Kraemer, B. Li, J. Cai, B. Xu, Q. Yang, 

B. Wang, P. Yang, Y. Cui, Y. Song, P. Zheng, Q. Wang, O. N. Bjornstad, R. Yang, 
B. T. Grenfell, O. G. Pybus, C. Dye, An investigation of transmission control measures 
during the first 50 days of the COVID-19 epidemic in China. Science 368, 638–642 (2020).

	 2.	 IEA, Global Energy Review 2020 (IEA, 2020); https://www.iea.org/reports/global-energy-
review-2020.

	 3.	 F. Liu, A. Page, S. A. Strode, Y. Yoshida, S. Choi, B. Zheng, L. N. Lamsal, C. Li, N. A. Krotkov, 
H. Eskes, R. van der A, P. Veefkind, P. F. Levelt, O. P. Hauser, J. Joiner, Abrupt decline 
in tropospheric nitrogen dioxide over China after the outbreak of COVID-19. Sci. Adv. 6, 
eabc2992 (2020).

	 4.	 Z. S. Venter, K. Aunan, S. Chowdhury, J. Lelieveld, COVID-19 lockdowns cause global air 
pollution declines with implications for public health risk. medRxiv 2020.04.10.20060673 
(2020).

	 5.	 M. Bauwens, S. Compernolle, T. Stavrakou, J.-F. Müller, J. van Gent, H. Eskes, P. F. Levelt, 
R. van der A, J. P. Veefkind, J. Vlietinck, H. Yu, C. Zehner, Impact of coronavirus outbreak 
on NO2 pollution assessed using TROPOMI and OMI observations. Geophys. Res. Lett. 47, 
e2020GL087978 (2020).

	 6.	 C. Le Quéré, R. B. Jackson, M. W. Jones, A. J. P. Smith, S. Abernethy, R. M. Andrew, 
A. J. De-Gol, D. R. Willis, Y. Shan, J. G. Canadell, P. Friedlingstein, F. Creutzig, G. P. Peters, 
Temporary reduction in daily global CO2 emissions during the COVID-19 forced 
confinement. Nat. Clim. Chang. 10, 647–653 (2020).

	 7.	 G. Janssens-Maenhout, M. Crippa, D. Guizzardi, M. Muntean, E. Schaaf, F. Dentener, 
P. Bergamaschi, V. Pagliari, J. G. J. Olivier, J. A. H. W. Peters, J. A. van Aardenne, S. Monni, 
U. Doering, A. M. R. Petrescu, E. Solazzo, G. D. Oreggioni, EDGAR v4.3.2 Global Atlas 
of the three major greenhouse gas emissions for the period 1970–2012. Earth Syst. Sci. 
Data 11, 959–1002 (2019).

	 8.	 G. P. Peters, G. Marland, C. Le Quéré, T. Boden, J. G. Canadell, M. R. Raupach, Rapid growth 
in CO2 emissions after the 2008–2009 global financial crisis. Nat. Clim. Chang. 2, 2–4 
(2012).

	 9.	 M. McKee, D. Stuckler, If the world fails to protect the economy, COVID-19 will damage 
health not just now but also in the future. Nat. Med. 26, 640–642 (2020).

	 10.	 D. Guan, D. Wang, S. Hallegatte, S. J. Davis, J. Huo, S. Li, Y. Bai, T. Lei, Q. Xue, D. Coffman, 
D. Cheng, P. Chen, X. Liang, B. Xu, X. Lu, S. Wang, K. Hubacek, P. Gong, Global 
supply-chain effects of COVID-19 control measures. Nat. Hum. Behav. 4, 577–587 (2020).

	 11.	 P. Friedlingstein, M. W. Jones, M. O’Sullivan, R. M. Andrew, J. Hauck, G. P. Peters, W. Peters, 
J. Pongratz, S. Sitch, C. L. Quéré, D. C. E. Bakker, J. G. Canadell, P. Ciais, R. B. Jackson, 
P. Anthoni, L. Barbero, A. Bastos, V. Bastrikov, M. Becker, L. Bopp, E. Buitenhuis, 
N. Chandra, F. Chevallier, L. P. Chini, K. I. Currie, R. A. Feely, M. Gehlen, D. Gilfillan, 
T. Gkritzalis, D. S. Goll, N. Gruber, S. Gutekunst, I. Harris, V. Haverd, R. A. Houghton, 
G. Hurtt, T. Ilyina, A. K. Jain, E. Joetzjer, J. O. Kaplan, E. Kato, K. K. Goldewijk, 
J. I. Korsbakken, P. Landschützer, S. K. Lauvset, N. Lefèvre, A. Lenton, S. Lienert, 
D. Lombardozzi, G. Marland, P. C. McGuire, J. R. Melton, N. Metzl, D. R. Munro, 
J. E. M. S. Nabel, S.-I. Nakaoka, C. Neill, A. M. Omar, T. Ono, A. Peregon, D. Pierrot, 
B. Poulter, G. Rehder, L. Resplandy, E. Robertson, C. Rödenbeck, R. Séférian, J. Schwinger, 
N. Smith, P. P. Tans, H. Tian, B. Tilbrook, F. N. Tubiello, G. R. van der Werf, A. J. Wiltshire, 
S. Zaehle, Global carbon budget 2019. Earth Syst. Sci. Data 11, 1783–1838 (2019).

	 12.	 J. Tollefson, How the coronavirus pandemic slashed carbon emissions—In five graphs. 
Nature 582, 158–159 (2020).

	 13.	 Z. Liu, P. Ciais, Z. Deng, R. Lei, S. J. Davis, S. Feng, B. Zheng, D. Cui, X. Dou, P. He, B. Zhu, 
C. Lu, P. Ke, T. Sun, Y. Wang, X. Yue, Y. Wang, Y. Lei, H. Zhou, Z. Cai, Y. Wu, R. Guo, T. Han, 
J. Xue, O. Boucher, E. Boucher, F. Chevallier, Y. Wei, H. Zhong, C. Kang, N. Zhang, B. Chen, 
F. Xi, F. Marie, Q. Zhang, D. Guan, P. Gong, D. M. Kammen, K. He, H. J. Schellnhuber, 
COVID-19 causes record decline in global CO2 emissions. arXiv:2004.13614 [econ.GN]  
(28 April 2020).

	 14.	 A. Eldering, P. O. Wennberg, D. Crisp, D. S. Schimel, M. R. Gunson, A. Chatterjee, J. Liu, 
F. M. Schwandner, Y. Sun, C. W. O’Dell, C. Frankenberg, T. Taylor, B. Fisher, G. B. Osterman, 
D. Wunch, J. Hakkarainen, J. Tamminen, B. Weir, The Orbiting Carbon Observatory-2 early 
science investigations of regional carbon dioxide fluxes. Science 358, eaam5745 (2017).

	 15.	 F. M. Schwandner, M. R. Gunson, C. E. Miller, S. A. Carn, A. Eldering, T. Krings, K. R. Verhulst, 
D. S. Schimel, H. M. Nguyen, D. Crisp, C. W. O’Dell, G. B. Osterman, L. T. Iraci, J. R. Podolske, 
Spaceborne detection of localized carbon dioxide sources. Science 358, eaam5782 
(2017).

	 16.	 S. Basu, S. Guerlet, A. Butz, S. Houweling, O. Hasekamp, I. Aben, P. Krummel, P. Steele, 
R. Langenfelds, M. Torn, S. Biraud, B. Stephens, A. Andrews, D. Worthy, Global CO2 fluxes 
estimated from GOSAT retrievals of total column CO2. Atmos. Chem. Phys. 13, 8695–8717 
(2013).

	 17.	 R. Nassar, T. G. Hill, C. A. McLinden, D. Wunch, D. B. A. Jones, D. Crisp, Quantifying CO2 
emissions from individual power plants from space. Geophys. Res. Lett. 44, 10045–10053 
(2017).

	 18.	 B. Zheng, F. Chevallier, P. Ciais, G. Broquet, Y. Wang, J. Lian, Y. Zhao, Observing carbon 
dioxide emissions over China’s cities and industrial areas with the Orbiting Carbon 
Observatory-2. Atmos. Chem. Phys. 20, 8501–8510 (2020).

	 19.	 J. P. Veefkind, I. Aben, K. McMullan, H. Förster, J. de Vries, G. Otter, J. Claas, H. J. Eskes, 
J. F. de Haan, Q. Kleipool, M. van Weele, O. Hasekamp, R. Hoogeveen, J. Landgraf, R. Snel, 
P. Tol, P. Ingmann, R. Voors, B. Kruizinga, R. Vink, H. Visser, P. F. Levelt, TROPOMI 
on the ESA Sentinel-5 Precursor: A GMES mission for global observations 
of the atmospheric composition for climate, air quality and ozone layer applications. 
Remote Sens. Environ. 120, 70–83 (2012).

 on D
ecem

ber 2, 2020
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/cgi/content/full/6/49/eabd4998/DC1
http://advances.sciencemag.org/cgi/content/full/6/49/eabd4998/DC1
https://www.iea.org/reports/global-energy-review-2020
https://www.iea.org/reports/global-energy-review-2020
https://arxiv.org/abs/2004.13614
http://advances.sciencemag.org/


Zheng et al., Sci. Adv. 2020; 6 : eabd4998     2 December 2020

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

10 of 10

	 20.	 R. V. Martin, D. J. Jacob, K. Chance, T. P. Kurosu, P. I. Palmer, M. J. Evans, Global inventory 
of nitrogen oxide emissions constrained by space-based observations of NO2 columns. 
J. Geophys. Res. Atmos. 108, 4537 (2003).

	 21.	 S. Beirle, K. F. Boersma, U. Platt, M. G. Lawrence, T. Wagner, Megacity emissions 
and lifetimes of nitrogen oxides probed from space. Science 333, 1737–1739 (2011).

	 22.	 B. Mijling, R. J. van der A, Using daily satellite observations to estimate emissions 
of short-lived air pollutants on a mesoscopic scale. J. Geophys. Res. Atmos. 117,  
D17302 (2012).

	 23.	 S. Beirle, C. Borger, S. Dörner, A. Li, Z. Hu, F. Liu, Y. Wang, T. Wagner, Pinpointing nitrogen 
oxide emissions from space. Sci. Adv. 5, eaax9800 (2019).

	 24.	 E. V. Berezin, I. B. Konovalov, P. Ciais, A. Richter, S. Tao, G. Janssens-Maenhout, 
M. Beekmann, E.-D. Schulze, Multiannual changes of CO2 emissions in China: Indirect 
estimates derived from satellite measurements of tropospheric NO2 columns. Atmos. 
Chem. Phys. 13, 9415–9438 (2013).

	 25.	 I. B. Konovalov, E. V. Berezin, P. Ciais, G. Broquet, R. V. Zhuravlev, G. Janssens-Maenhout, 
Estimation of fossil-fuel CO2 emissions using satellite measurements of “proxy” species. 
Atmos. Chem. Phys. 16, 13509–13540 (2016).

	 26.	 F. Liu, B. N. Duncan, N. A. Krotkov, L. N. Lamsal, S. Beirle, D. Griffin, C. A. McLinden, 
D. L. Goldberg, Z. Lu, A methodology to constrain carbon dioxide emissions from coal-
fired power plants using satellite observations of co-emitted nitrogen dioxide. Atmos. 
Chem. Phys. 20, 99–116 (2020).

	 27.	 M. Reuter, M. Buchwitz, A. Hilboll, A. Richter, O. Schneising, M. Hilker, J. Heymann, 
H. Bovensmann, J. P. Burrows, Decreasing emissions of NOx relative to CO2 in East Asia 
inferred from satellite observations. Nat. Geosci. 7, 792–795 (2014).

	 28.	 B. Zheng, D. Tong, M. Li, F. Liu, C. Hong, G. Geng, H. Li, X. Li, L. Peng, J. Qi, L. Yan, Y. Zhang, 
H. Zhao, Y. Zheng, K. He, Q. Zhang, Trends in China’s anthropogenic emissions since 2010 
as the consequence of clean air actions. Atmos. Chem. Phys. 18, 14095–14111 (2018).

	 29.	 L. N. Lamsal, R. V. Martin, A. Padmanabhan, A. van Donkelaar, Q. Zhang, C. E. Sioris, 
K. Chance, T. P. Kurosu, M. J. Newchurch, Application of satellite observations for timely 
updates to global anthropogenic NOx emission inventories. Geophys. Res. Lett. 38, L05810 
(2011).

	 30.	 Y. X. Wang, M. B. McElroy, D. J. Jacob, R. M. Yantosca, A nested grid formulation 
for chemical transport over Asia: Applications to CO. J. Geophys. Res. Atmos. 109, D22307 
(2004).

	 31.	 P. M. Forster, H. I. Forster, M. J. Evans, M. J. Gidden, C. D. Jones, C. A. Keller, R. D. Lamboll, 
C. Le Quéré, J. Rogelj, D. Rosen, C.-F. Schleussner, T. B. Richardson, C. J. Smith, 
S. T. Turnock, Current and future global climate impacts resulting from COVID-19.  
Nat. Clim. Chang. 10, 913–919 (2020).

	 32.	 Center for International Earth Science Information Network - CIESIN - Columbia 
University. 2018. Gridded Population of the World, Version 4 (GPWv4): Population Count 
Adjusted to Match 2015 Revision of UN WPP Country Totals, Revision 11. Palisades, NY: 
NASA Socioeconomic Data and Applications Center (SEDAC). https://doi.org/10.7927/
H4PN93PB.

	 33.	 H. Hersbach, B. Bell, P. Berrisford, S. Hirahara, A. Horányi, J. Muñoz-Sabater, J. Nicolas, 
C. Peubey, R. Radu, D. Schepers, A. Simmons, C. Soci, S. Abdalla, X. Abellan, G. Balsamo, 
P. Bechtold, G. Biavati, J. Bidlot, M. Bonavita, G. De Chiara, P. Dahlgren, D. Dee, 
M. Diamantakis, R. Dragani, J. Flemming, R. Forbes, M. Fuentes, A. Geer, L. Haimberger, 
S. Healy, R. J. Hogan, E. Hólm, M. Janisková, S. Keeley, P. Laloyaux, P. Lopez, C. Lupu, 
G. Radnoti, P. de Rosnay, I. Rozum, F. Vamborg, S. Villaume, J.-N. Thépaut, The ERA5 
global reanalysis. Q. J. R. Meteorol. Soc. 146, 1999–2049 (2020).

	 34.	 M. Crippa, E. Solazzo, G. Huang, D. Guizzardi, E. Koffi, M. Muntean, C. Schieberle, 
R. Friedrich, G. Janssens-Maenhout, High resolution temporal profiles in the Emissions 
Database for Global Atmospheric Research. Sci. Data 7, 121 (2020).

	 35.	 R. Gelaro, W. McCarty, M. J. Suárez, R. Todling, A. Molod, L. Takacs, C. Randles, 
A. Darmenov, M. G. Bosilovich, R. Reichle, K. Wargan, L. Coy, R. Cullather, C. Draper, 
S. Akella, V. Buchard, A. Conaty, A. da Silva, W. Gu, G.-K. Kim, R. Koster, R. Lucchesi, 
D. Merkova, J. E. Nielsen, G. Partyka, S. Pawson, W. Putman, M. Rienecker, S. D. Schubert, 
M. Sienkiewicz, B. Zhao, The modern-era retrospective analysis for research 
and applications, version 2 (MERRA-2). J. Climate 30, 5419–5454 (2017).

	 36.	 J.-T. Lin, M. B. McElroy, Impacts of boundary layer mixing on pollutant vertical profiles 
in the lower troposphere: Implications to satellite remote sensing. Atmos. Environ. 44, 
1726–1739 (2010).

	 37.	 M. Li, Q. Zhang, J.-i. Kurokawa, J.-H. Woo, K. He, Z. Lu, T. Ohara, Y. Song, D. G. Streets, 
G. R. Carmichael, Y. Cheng, C. Hong, H. Huo, X. Jiang, S. Kang, F. Liu, H. Su, B. Zheng, MIX: 

A mosaic Asian anthropogenic emission inventory under the international collaboration 
framework of the MICS-Asia and HTAP. Atmos. Chem. Phys. 17, 935–963 (2017).

	 38.	 L. T. Murray, D. J. Jacob, J. A. Logan, R. C. Hudman, W. J. Koshak, Optimized regional 
and interannual variability of lightning in a global chemical transport model constrained 
by LIS/OTD satellite data. J. Geophys. Res. Atmos. 117, D20307 (2012).

	 39.	 R. C. Hudman, N. E. Moore, A. K. Mebust, R. V. Martin, A. R. Russell, L. C. Valin, R. C. Cohen, 
Steps towards a mechanistic model of global soil nitric oxide emissions: Implementation 
and space based-constraints. Atmos. Chem. Phys. 12, 7779–7795 (2012).

	 40.	 M. Liu, J. Lin, H. Kong, K. F. Boersma, H. Eskes, Y. Kanaya, Q. He, X. Tian, K. Qin, P. Xie, 
R. Spurr, R. Ni, Y. Yan, H. Weng, J. Wang, A new TROPOMI product for tropospheric NO2 
columns over East Asia with explicit aerosol corrections. Atmos. Meas. Tech. 13, 
4247–4259 (2020).

	 41.	 V. Shah, D. J. Jacob, K. Li, R. F. Silvern, S. Zhai, M. Liu, J. Lin, Q. Zhang, Effect of changing 
NOx lifetime on the seasonality and long-term trends of satellite-observed tropospheric 
NO2 columns over China. Atmos. Chem. Phys. 20, 1483–1495 (2020).

	 42.	 M. Li, H. Liu, G. Geng, C. Hong, F. Liu, Y. Song, D. Tong, B. Zheng, H. Cui, H. Man, Q. Zhang, 
K. He, Anthropogenic emission inventories in China: A review. Natl. Sci. Rev. 4, 834–866 
(2017).

	 43.	 F. Liu, Q. Zhang, D. Tong, B. Zheng, M. Li, H. Huo, K. B. He, High-resolution inventory 
of technologies, activities, and emissions of coal-fired power plants in China from 1990 
to 2010. Atmos. Chem. Phys. 15, 13299–13317 (2015).

	 44.	 D. Tong, Q. Zhang, F. Liu, G. Geng, Y. Zheng, T. Xue, C. Hong, R. Wu, Y. Qin, H. Zhao, L. Yan, 
K. He, Current emissions and future mitigation pathways of coal-fired power plants 
in China from 2010 to 2030. Environ. Sci. Technol. 52, 12905–12914 (2018).

	 45.	 B. Zheng, Q. Zhang, S. J. Davis, P. Ciais, C. Hong, M. Li, F. Liu, D. Tong, H. Li, K. He, 
Infrastructure shapes differences in the carbon intensities of Chinese cities. Environ. Sci. 
Technol. 52, 6032–6041 (2018).

	 46.	 B. Zheng, H. Huo, Q. Zhang, Z. L. Yao, X. T. Wang, X. F. Yang, H. Liu, K. B. He, High-
resolution mapping of vehicle emissions in China in 2008. Atmos. Chem. Phys. 14, 
9787–9805 (2014).

	 47.	 L. Peng, Q. Zhang, Z. Yao, D. L. Mauzerall, S. Kang, Z. Du, Y. Zheng, T. Xue, K. He, 
Underreported coal in statistics: A survey-based solid fuel consumption and emission 
inventory for the rural residential sector in China. Appl. Energy 235, 1169–1182 (2019).

	 48.	 B. Zheng, Q. Zhang, D. Tong, C. Chen, C. Hong, M. Li, G. Geng, Y. Lei, H. Huo, K. He, 
Resolution dependence of uncertainties in gridded emission inventories: A case study 
in Hebei, China. Atmos. Chem. Phys. 17, 921–933 (2017).

	 49.	 G. Geng, Q. Zhang, R. V. Martin, J. Lin, H. Huo, B. Zheng, S. Wang, K. He, Impact of spatial 
proxies on the representation of bottom-up emission inventories: A satellite-based 
analysis. Atmos. Chem. Phys. 17, 4131–4145 (2017).

	 50.	 M. Li, Z. Klimont, Q. Zhang, R. V. Martin, B. Zheng, C. Heyes, J. Cofala, Y. Zhang, K. He, 
Comparison and evaluation of anthropogenic emissions of SO2 and NOx over China. 
Atmos. Chem. Phys. 18, 3433–3456 (2018).

Acknowledgments: We acknowledge the free use of tropospheric NO2 column data from the 
TROPOMI sensor from www.temis.nl. Funding: This work was supported by the National 
Natural Science Foundation of China (41921005 and 41625020). F.C. acknowledges the 
support of European Union’s Horizon 2020 research and innovation programme [grant 776186 
(CHE)]. S.J.D. acknowledges the support of NASA (IDS grant 80NSSC17K0416). Author 
contributions: Conceptualization and methodology: Q.Z., B.Z., and G.G.; formal analysis and 
investigation: B.Z., G.G., and Q.Z.; writing (original draft): B.Z., G.G., and S.J.D.; writing (review 
and editing): all authors; visualization: B.Z., G.G., Q.Z., and N.W.; supervision and project 
administration: Q.Z.; funding acquisition: Q.Z. and D.G. Competing interests: The authors 
declare that they have no competing interests. Data and materials availability: All data 
needed to evaluate the conclusions in the paper are present in the paper and/or the 
Supplementary Materials. Additional data related to this paper may be requested from the 
authors.

Submitted 24 June 2020
Accepted 20 October 2020
Published 2 December 2020
10.1126/sciadv.abd4998

Citation: B. Zheng, G. Geng, P. Ciais, S. J. Davis, R. V. Martin, J. Meng, N. Wu, F. Chevallier, G. Broquet, 
F. Boersma, R. van der A, J. Lin, D. Guan, Y. Lei, K. He, Q. Zhang, Satellite-based estimates of decline 
and rebound in China’s CO₂ emissions during COVID-19 pandemic. Sci. Adv. 6, eabd4998 (2020).

 on D
ecem

ber 2, 2020
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

https://doi.org/10.7927/H4PN93PB
https://doi.org/10.7927/H4PN93PB
http://www.temis.nl
http://advances.sciencemag.org/


pandemic
 emissions during COVID-192Satellite-based estimates of decline and rebound in China's CO

Gregoire Broquet, Folkert Boersma, Ronald van der A, Jintai Lin, Dabo Guan, Yu Lei, Kebin He and Qiang Zhang
Bo Zheng, Guannan Geng, Philippe Ciais, Steven J. Davis, Randall V. Martin, Jun Meng, Nana Wu, Frederic Chevallier,

DOI: 10.1126/sciadv.abd4998
 (49), eabd4998.6Sci Adv 

ARTICLE TOOLS http://advances.sciencemag.org/content/6/49/eabd4998

MATERIALS
SUPPLEMENTARY http://advances.sciencemag.org/content/suppl/2020/11/30/6.49.eabd4998.DC1

REFERENCES

http://advances.sciencemag.org/content/6/49/eabd4998#BIBL
This article cites 46 articles, 6 of which you can access for free

PERMISSIONS http://www.sciencemag.org/help/reprints-and-permissions

Terms of ServiceUse of this article is subject to the 

 is a registered trademark of AAAS.Science AdvancesYork Avenue NW, Washington, DC 20005. The title 
(ISSN 2375-2548) is published by the American Association for the Advancement of Science, 1200 NewScience Advances 

BY).
Science. No claim to original U.S. Government Works. Distributed under a Creative Commons Attribution License 4.0 (CC 
Copyright © 2020 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of

 on D
ecem

ber 2, 2020
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/content/6/49/eabd4998
http://advances.sciencemag.org/content/suppl/2020/11/30/6.49.eabd4998.DC1
http://advances.sciencemag.org/content/6/49/eabd4998#BIBL
http://www.sciencemag.org/help/reprints-and-permissions
http://www.sciencemag.org/about/terms-service
http://advances.sciencemag.org/

