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Abstract. The MIXv2 Asian emission inventory is developed under the framework of the Model Inter-
Comparison Study for Asia (MICS-Asia) Phase IV and produced from a mosaic of up-to-date regional emission
inventories. We estimated the emissions for anthropogenic and biomass burning sources covering 23 countries
and regions in East, Southeast and South Asia and aggregated emissions to a uniform spatial and temporal
resolution for seven sectors: power, industry, residential, transportation, agriculture, open biomass burning and
shipping. Compared to MIXv1, we extended the dataset to 2010–2017, included emissions of open biomass
burning and shipping, and provided model-ready emissions of SAPRC99, SAPRC07, and CB05. A series of
unit-based point source information was incorporated covering power plants in China and India. A consistent spe-
ciation framework for non-methane volatile organic compounds (NMVOCs) was applied to develop emissions
by three chemical mechanisms. The total Asian emissions for anthropogenic/open biomass sectors in 2017 are
estimated as follows: 41.6/1.1 Tg NOx , 33.2/0.1 Tg SO2, 258.2/20.6 Tg CO, 61.8/8.2 Tg NMVOC, 28.3/0.3 Tg
NH3, 24.0/2.6 Tg PM10, 16.7/2.0 Tg PM2.5, 2.7/0.1 Tg BC (black carbon), 5.3/0.9 Tg OC (organic carbon), and
18.0/0.4 Pg CO2. The contributions of India and Southeast Asia were emerging in Asia during 2010–2017, es-
pecially for SO2, NH3 and particulate matter. Gridded emissions at a spatial resolution of 0.1° with monthly
variations are now publicly available. This updated long-term emission mosaic inventory is ready to facilitate air
quality and climate model simulations, as well as policymaking and associated analyses.
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1 Introduction

Air pollutants emitted from both anthropogenic and natu-
ral activities have caused severe impacts on human health,
ecosystems, and climate over Asia (Adam et al., 2021; Geng
et al., 2021; Takahashi et al., 2020; Wong et al., 2008; Xie
et al., 2018). Over the last 2 decades, the emerging ozone
pollution and haze events across Asia have got extensive at-
tention from the government (Anwar et al., 2021; Feng et
al., 2022; Zheng et al., 2018). Tremendous efforts have been
made since 2010 continuously to improve air quality and pro-
tect human health. The effects of these policies on emission
abatement need to be updated in inventories to address the
regional and global issues of air quality and climate change.
Therefore, a long-term emission inventory plays key roles in
historical policy assessment and future air quality and cli-
mate mitigation.

Consistent greenhouse gas emissions are crucial for
climate–air quality nexus research and policymaking (Fiore
et al., 2015). Carbon dioxide (CO2) is co-emitted with many
air pollutants, which are contributors of ozone and partic-
ulate matter, further changing climate through forcings of
Earth’s radiation budget (Fiore et al., 2015). Previous stud-
ies have emphasized the importance of air pollution mitiga-
tion and climate change (Jacob and Winner, 2009; Saari et
al., 2015), as recently summarized by the Synthesis Report
of the IPCC Sixth Assessment Report (IPCC: Intergovern-
mental Panel on Climate Change, report available at https://
www.ipcc.ch/report/sixth-assessment-report-cycle/, last ac-
cess: 20 June 2023). Given the common sources of CO2 and
air pollutants, it is important to quantify their emissions dis-
tribution in a self-consistent way to assess the co-benefits and
pathways to cleaner air and carbon neutrality (Klausbruckner
et al., 2016; Phillips, 2022; von Schneidemesser and Monks,
2013).

Emissions over Asia since 2010 are quantified in recent
studies. Kurokawa and Ohara (2020) developed an anthro-
pogenic emission inventory over Asia for 1950–2015, REAS
(the Regional Emission inventory in ASia), covering power
plants, industry, residential, transportation and agricultural
sources. Emissions of both air pollutants and CO2 are esti-
mated in REAS. Based on the Community Emissions Data
System (CEDS), McDuffie et al. (2020) developed a global
anthropogenic emission inventory covering major air pollu-
tants over 1970–2017. Global emissions for air pollutants
are estimated under the HTAPv3 (Task Force on Hemi-
spheric Transport of Air Pollution) project for 2000–2018
for air pollutants by integrating official inventories over spe-
cific areas including Asia (Crippa et al., 2023). These re-
gional and global emissions are estimated with limited up-
dates of country-specific or even localized information. Fol-
lowing a mosaic approach, the first version of MIX Asian in-
ventory (MIXv1) was developed to support the Model Inter-
Comparison Study for Asia (MICS-Asia) Phase III projects,
by incorporating five regional emission inventories for all

major anthropogenic sources over Asia, providing a gridded
emission dataset at a spatial resolution of 0.25° for 2008 and
2010. The mosaic approach has been proven to increase the
emission accuracy and model performance significantly by
including more local information (M. Li et al., 2017b). A
profile-based speciation scheme for non-methane volatile or-
ganic compounds (NMVOCs) was applied to develop model-
ready emissions by chemical mechanisms, which reduced the
uncertainties arising from inaccurate mapping between in-
ventory and model species (M. Li et al., 2014, 2019). Specif-
ically, MIXv1 advances our understanding of emissions and
spatial distributions from power plants through a mosaic of
unit-based information, and agricultural activities based on
a process-based model which parameterized the spatial and
temporal variations of emission factors for NH3.

However, it is difficult to develop consistent emissions
over Asia for a long period using the mosaic approach be-
cause of the lack of available regional inventory data. Within
the MICS-Asia community, developers of regional invento-
ries have been endeavoring to extend their emission inven-
tories to the present day since Phase IV. Through intensive
collaboration and community efforts, we now have a com-
plete list of available regional emission inventories cover-
ing major parts of Asia and are able to combine them to
produce a new version of MIX for 2010–2017. MICS-Asia
is currently in its fourth phase, MICS-Asia IV, which aims
to advance our understanding of the discrepancies and rel-
ative uncertainties present in the simulations of air quality
and climate models (Chen et al., 2019; Gao et al., 2018; Ita-
hashi et al., 2020; M. Li et al., 2017b). A critical component
of the project is ensuring that emission inventories remain
consistent across various atmospheric and climate models.
In support of MICS-Asia IV research activities and related
policymaking endeavors, we developed MIXv2, the second
version of our mosaic Asian inventory. MIXv2 combines
the best available state-of-the-art regional emission invento-
ries from across Asia using a mosaic approach. This inven-
tory is expected to enhance our capabilities to assess emis-
sion changes and their driving forces, and their impact on
air quality and climate change, thus providing valuable in-
sights for decision-makers and stakeholders. CO2 emissions
are estimated based on the same emission inventory frame-
work as the short-lived air pollutants and further integrated
into MIXv2 following the mosaic methodology.

MIXv1 has been widely applied to support scientific re-
search activities from regional to local scales (Geng et al.,
2021; Hammer et al., 2020; K. Li et al., 2019; M. Li et al.,
2017b). Compared to MIXv1, MIXv2 has the following up-
dates to better feed the needs of atmospheric modeling activ-
ities:

– it advances the horizontal resolution of the gridded
maps from 0.25 to 0.1°;

– it incorporates up-to-date regional inventories from
2010–2017;

https://www.ipcc.ch/report/sixth-assessment-report-cycle/
https://www.ipcc.ch/report/sixth-assessment-report-cycle/
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– it provides emissions of open biomass burning and ship-
ping, in addition to anthropogenic sources;

– it develops model-ready emissions of SAPRC99,
SAPRC07, and CB05.

Methods and input data are described in Sect. 2. Emissions
evolution and their driving forces, seasonality, spatial distri-
bution, NMVOC speciation and inventory limitations are an-
alyzed and discussed in Sect. 3. Section 4 compares the MIX
data with other bottom-up and top-down emission estimates.
Concluding remarks are provided in Sect. 5.

2 Methods and inputs

2.1 Overview of MIXv2

The key features of MIXv2 are summarized in Table 1.
Anthropogenic sources, including power, industry, residen-
tial, transportation, and agriculture, along with open biomass
burning and shipping, are included. Dust and aviation are not
included in the current version of MIX. Monthly emissions
between 2010–2017 are allocated to grids at 0.1× 0.1°. Open
biomass burning emissions are also available with daily reso-
lution upon request. Emissions of 10 species, including CO2
and air pollutants of NOx , SO2, CO, NMVOC, NH3 (am-
monia), PM10 (particulate matter with diameter less than or
equal to 10 µm), PM2.5 (particulate matter with diameter less
than or equal to 2.5 µm), BC (black carbon) and OC (or-
ganic carbon) are estimated. MIX can support most atmo-
spheric models compatible with gas-phase chemical mech-
anisms of SAPRC99, SAPRC07 and CB05, and these can
be mapped based on these three chemical mechanisms (e.g.,
GEOS-Chem, MOZART) (Li et al., 2014). MIXv2 stretches
from Afghanistan in the west to Japan in the east and from
Indonesia in the south to Mongolia in the north. The domain
is consistent with the REASv3 gridded emissions product.

Table 2 summarizes the subsectors for each sector in the
development of MIX, along with the corresponding source
codes used by IPCC.

2.2 Mosaic methodology

We follow a mosaic methodology similar to the development
of MIXv1 (M. Li et al., 2017b), as shown in Fig. 1. In brief,
nine regional and two global emission inventories were col-
lected and integrated into a uniform format, including REAS
version 3 for Asia (referred to as REASv3) (Kurokawa and
Ohara, 2020); the Multi-resolution Emission Inventory for
China version 2.0 (MEICv2, http://meicmodel.org.cn/, last
access: June 2022) (M. Li et al., 2017a; Zheng et al., 2021,
2018); a process-based NH3 emission inventory developed
by Peking University (referred to as PKU-NH3) (Kang et al.,
2016); an official Japan emission inventory (referred to as
JPN) (Chatani et al., 2018; Shibata and Morikawa, 2021);

Figure 1. Components of regional emission inventories in the
MIXv2 mosaic. Colors of text represent the type of sources: black
is anthropogenic, dark green represents open biomass burning, and
blue is the inland and international shipping.TS1

an Indian emission inventory for power plants from Ar-
gonne National Laboratory (referred to as ANL-India) (Lu
and Streets, 2012; Lu et al., 2011); an open biomass burning
emission inventory from Peking University (PKU-Biomass)
(Yin et al., 2019); the official emissions from Clean Air Pol-
icy Support System (CAPSS) for the Republic of Korea (Lee
et al., 2011); the fourth version of Global Fire Emissions
Database with small fires (GFEDv4s) (van der Werf et al.,
2017); and the Emissions Database for Global Atmospheric
Research (EDGAR) version 6 for the shipping emissions
(Janssens-Maenhout et al., 2019). Figure 1 shows the distri-
bution of the components of emission inventories, which are
mosaicked into the MIXv2.

We follow a similar hierarchy in MIXv2 as the previous
version in the mosaic process. We use REASv3 as the default
inventory for anthropogenic sources, and then further replace
it with official emission inventories at a finer scale. MEIC,
PKU-NH3 and ANL-India are demonstrated as the best avail-
able inventories through inter-comparisons to represent local
source distribution with advanced methodology and reliable
data sources (M. Li et al., 2017b). Thus, MEIC overrides
REAS for anthropogenic emissions over mainland China.
PKU-NH3, which was developed with a process-based model
was further applied to replace the NH3 emissions in MEIC.
In Japan, JPN provides emissions for all air pollutants. The
ratios of CO2 to NOx by sectors derived from REAS are
combined with JPN to develop CO2 gridded emissions. In
detail, we firstly calculated the total CO2 emissions of Japan
by multiplying the CO2 to NOx ratios and JPN’s NOx emis-
sion estimates by sectors, then we developed the spatial prox-
ies based on the NOx gridded emissions of JPN. Lastly, the
calculated CO2 emissions were allocated to each grid month

http://meicmodel.org.cn/
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Table 2. Sector and subsectors included in MIXv2a.

Sector Subsector IPCC codeb

Power Power plants 1A1a

Industry Industrial coal combustion 1A2, 1A1c
Industrial other fuel combustion 1A2
Chemical industry 1B2b, 2B
Oil production, distribution and refinery 1B2a
Other industrial process 2A1, 2A2, 2A7, 2C, 2
Industrial paint use 3A
Solvent use other than paint 3B, 3C

Residential Residential coal combustion 1A4b
Residential biofuel combustion 1A4bx
Residential other fuel combustion 1A4b
Waste treatment 6A, 6C
Domestic solvent use 3C

Transportation On-road gasoline 1A3b
On-road diesel 1A3b
Off-road diesel 1A3c, 1A4c

Agriculture Livestock 4B
Fertilizer use 4D

Open biomass burning Agriculture in-field burning 4F
Fires 4E, 5A, 5C, 5D

Shipping Domestic shipping 1A3d
International shipping 1C2

a Detailed source profiles assigned to sources within each subsector are summarized in Table S1. b Reference report:
https://www.ipcc.ch/report/ar6/wg3/downloads/report/IPCC_AR6_WGIII_FOD_AnnexII.pdf (last access: May 2022).

by month. We use ANL-India for SO2, NOx and CO2 for
power plants in India directly, and we complement emissions
of other species and sectors with REASv3. Regarding Hong
Kong, we use the updated REASv3 emissions.

The open biomass emissions of MIX are developed by
combining GFEDv4s and PKU-Biomass inventories. GFED
emissions over Asia are processed to the objective domain.
We re-gridded the GFED emissions from 0.25 to 0.1° based
on an area-weighted algorithm in a mass-balanced way.
Wildfires of various vegetation types (including savanna,
forest, peatland) and in-field agricultural waste burning are
aggregated into the “open biomass burning” sector. PKU-
Biomass overrides the emissions of GFED over China (in-
cluding Hong Kong and Taiwan) on both a monthly and a
daily basis.

The consistency of data is ensured in three aspects: source
aggregation, spatial distribution and NMVOC speciation.
Firstly, a consistent source definition system was applied
in source aggregation from regional emission inventories to
the final emission mosaic, as outlined in Table 2 and Ta-
ble S1 in the Supplement. Secondly, the consistency of emis-
sions spatial distribution during emissions mosaic between
different inventories are ensured carefully. In India, we in-
tegrated the ANL-India emissions for NOx , SO2 and CO2

for pointed power plants and emissions from REAS for other
species. To keep the consistency in spatial distribution, we
developed spatial proxies based on the CO2 emissions from
ANL-India and re-located REAS emissions for other species.
Thirdly, a consistent NMVOC speciation framework was ap-
plied throughout all component emission inventories for both
anthropogenic and open biomass burning sources, which is
described in detail in Sect. 2.4.

2.3 Components of regional emission inventory

2.3.1 REASv3 for Asia

We used anthropogenic emissions from REASv3.3 devel-
oped by ACAP (Asia Center for Air Pollution Research) and
NIES (National Institute for Environmental Studies) to fill
the gaps where local inventories are not available. REASv3
was developed as a long historical emission inventory for
Asia from 1950–2015 with monthly variations and relatively
high spatial resolution (0.25°). Compared to previous ver-
sions, REASv3 updated the emission factors and informa-
tion on control policies to reflect the effect of emission con-
trol measures, especially for East Asia. Large power plants
are treated as point sources and assigned with coordinates of
locations. In REASv3, power plants constructed after 2008

https://www.ipcc.ch/report/ar6/wg3/downloads/report/IPCC_AR6_WGIII_FOD_AnnexII.pdf


6 M. Li et al.: MIXv2: a long-term mosaic emission inventory for Asia (2010–2017)

with generation capacity larger than 300 MW are added as
point sources. Additionally, REASv3 updated the spatial and
temporal allocation factors for the areal sources. Emissions
of Japan, the Republic of Korea and Taiwan are originally es-
timated in the system. The REASv3 data were further devel-
oped to 2017 following the same methodology as Kurokawa
and Ohara (2020) and updated to a finer spatial resolution
of 0.1°, except for NH3 emissions from fertilizer application
where a grid allocation factor for 0.1° was prepared from that
of 0.25° for REASv3.2.1 assuming homogeneous distribu-
tion of emissions in each 0.25° grid cell. We used the REAS
estimates for Taiwan directly and replaced REAS with local
inventories as illustrated below.

2.3.2 MEICv2 for China

For China, we used the anthropogenic emissions from the
MEIC model developed and maintained by Tsinghua Univer-
sity. MEIC uses a technology-based methodology to quantify
air pollutants and CO2 from more than 700 emitting sources
since 1990 (M. Li et al., 2017a). Specifically, MEIC has de-
veloped a unit-based power plant database, a comprehensive
vehicle modeling approach and a profile-based NMVOC spe-
ciation framework. Detailed methodology and data sources
can be found in previous MEIC studies (M. Li et al., 2017a;
Liu et al., 2015; Zheng et al., 2014). In version 2.0, iron and
steel plants and cement factories are also treated as point
sources, which is important to improve industrial emissions
estimation (Zheng et al., 2021). MEIC is an online data plat-
form publicly available to the community for emissions cal-
culation, data processing and data downloading. MEIC de-
livers monthly emissions at various spatial resolutions and
chemical mechanisms as defined by the user. We downloaded
the emissions at 0.1° generated from MEIC v2.0 and aggre-
gated it to five anthropogenic sectors: power, industry, resi-
dential, transportation and agriculture. We followed the spe-
ciation framework in the MEIC model and applied it to other
regions of Asia, as described in detail in Sect. 2.4. MEIC
emissions of SAPRC99, SAPRC07 and CB05 were used di-
rectly in MIX.

2.3.3 PKU-NH3 for NH3 in China

We replaced MEIC with the high-resolution PKU-NH3 in-
ventory for NH3 emissions in China developed by Peking
University (Huang et al., 2012b; Kang et al., 2016). PKU-
NH3 uses a process-based model to compile NH3 emissions
with emission factors that vary with ambient temperature,
soil property, and the method and rate of fertilizer applica-
tion (Huang et al., 2012b). Compared to the previous version
used in MIXv1, PKU-NH3 further refined emission factors
by adding the effects of wind speed and in-field experimental
data of NH3 flux in northern China cropland. Emissions are
allocated to 1 km× 1 km grids using spatial proxies derived
from a land cover dataset, rural population, etc. (Huang et

al., 2012b). Monthly emissions over China, including Hong
Kong, Macao, and Taiwan are available from 1980 to 2017.
We aggregated the nine sub-sectors into five MIX anthro-
pogenic sectors (power, industry, residential, transportation,
agriculture) and excluded the agricultural in-field waste burn-
ing.

2.3.4 ANL-India for power plants in India

ANL-India is a continuously-updated long-term power plant
emission inventory for India developed on a unit and monthly
basis by Argonne National Laboratory (Lu and Streets, 2012;
Lu et al., 2011). Emissions are calculated for more than 1300
units in over 300 thermal power plants based on the de-
tailed information collected from various reports of the Cen-
tral Electricity Authority (CEA) in India. As much as possi-
ble, the accurate and actual operational data of power units
and plants are used in inventory development, including geo-
graphical locations, capacity, commissioning and retirement
time, actual monthly power generation, emission control ap-
plication, fuel type, source, specifications, and consumption,
etc. The detailed method can be found in Lu et al. (2011)
and Lu and Streets (2012). ANL-India is available for NOx ,
SO2 and CO2. In this work, the 2010–2017 period of ANL-
India at the monthly level is used directly in MIX. We fur-
ther merged ANL-India with REASv3 for other species to
complete the emission estimation in India. CO2 emissions of
ANL-India at 0.1°× 0.1° grids were used to develop spatial
proxies by sectors, year and month. Following this, REASv3
emissions of all other species were reallocated to grids based
on ANL-derived spatial proxies. Although ANL-India pro-
vides emissions by fuel type, the fuel heterogeneity of ther-
mal power plants is not considered in the re-gridding process
of MIX here because about 93 % of the thermal power gen-
eration in India during 2010–2017 was fueled with coal (Lu
and Streets, 2012).

2.3.5 JPN (PM2.5EI and J-STREAM) for Japan

We used the JPN inventory to override the Japan emis-
sions of REAS. JPN was jointly developed by the Ministry
of Environment, Japan (MOE-J), for mobile source emis-
sions (i.e., PM2.5EI) and by the National Institute of En-
vironmental Studies (NIES) for stationary source emissions
(J-STREAM). Major anthropogenic sources are included in
PM2.5EI, with vehicle emissions explicitly estimated in de-
tail (Shibata and Morikawa, 2021). Emission factors are as-
signed as a function of average vehicle velocity by 13 vehi-
cle types and regulation years. The hourly average vehicle
type of trunk roads and narrow roads are obtained from in
situ measurements. In addition to the running emission ex-
haust, emissions from engine starting, evaporation, tire ware,
road dust and off-road engines are also estimated. To keep
consistency with the sector definition of MIX, we excluded
the road dust aerosol emissions and mapped other sources
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to five anthropogenic sectors. For stationary sources, Japan
emissions are derived from the Japan’s Study for Reference
Air Quality Modeling (J-STREAM) model intercomparison
project (Chatani et al., 2020, 2018). Long-term emissions of
over 100 000 large stationary sources are estimated based on
energy consumption and emission factors derived from the
emission reports submitted to the government every 3 years
(Chatani et al., 2020). NMVOC emissions are speciated into
SAPRC07 and CB05 using local source profiles. Emissions
are distributed to 1 km× 1 km grids with monthly variations
based on spatial and temporal proxies. We re-sampled the
monthly JPN emissions to 0.1°× 0.1° grids and merged them
into MIXv2.

2.3.6 CAPSS for the Republic of Korea

For the Republic of Korea, we use the official emissions from
CAPSS developed by the National Institute of Environmen-
tal Research Center (Lee et al., 2011). CAPSS estimated
the annual emissions of air pollutants of CO, NOx , SOx ,
PM10, PM2.5, BC, NMVOCs and NH3 based on the statistical
data collected from 150 domestic institutions since the 1990s
(Crippa et al., 2023). There are inconsistencies in the long-
term emissions trend of CAPSS due to data and methodol-
ogy changes over the time. We used the re-analyzed data
of CAPSS during 2010–2017, which updated the emission
factors and added the missing sources. Point sources, area
sources and mobile sources were processed using source-
based spatial allocation methods (Lee et al., 2011). Monthly
variations by sectors are derived from REASv3 for the Re-
public of Korea and were further applied to CAPSS. In
MIXv2, the monthly gridded emissions allocated at 0.1°
grids for the anthropogenic sector (power, industry, residen-
tial, transportation, agriculture) of CAPSS are integrated.

2.3.7 GFEDv4s for open biomass burning for Asia

Emissions over Asia from the GFEDv4s database with small
fires were used as the default inventory for open biomass
burning sources. GFED quantified global fire emissions
patterns based on the Carnegie–Ames–Stanford approach
(CASA) biogeochemical model from 1997 onwards (van der
Werf et al., 2017). Compared to previous versions, higher-
quality input datasets from different satellite and in situ data
streams are used, and better parameterizations of fuel con-
sumption and burning processes are developed. We calcu-
lated emissions for trace gases, aerosol species and CO2
based on the burned biomass and updated emission factors
by vegetation types provided by the GFED dataset (Akagi
et al., 2011; Andreae and Merlet, 2001). Monthly and daily
emissions were re-gridded from 0.25 to 0.1° and cropped to
a unified domain as anthropogenic emissions. Open fires of
grassland, shrubland, savanna, forest and agricultural waste
burning are included. We assigned profiles for each source
category as listed in Table S1. Model-ready emissions of

SAPRC99, SAPRC07 and CB05 were lumped from individ-
ual species, as described in Sect. 2.4. GFED emissions are
further replaced by PKU-Biomass over China.

2.3.8 PKU-Biomass for biomass burning for China

China’s emissions estimated by the PKU-Biomass inventory
were used to override GFED emissions for open biomass
burning in MIXv2. PKU-Biomass is developed by Peking
University based on the MODIS fire radiative energy data for
China from 1980 to 2017 (Huang et al., 2012a; Song et al.,
2009; Yin et al., 2019). Emission factors of both air pollu-
tants and CO2 are assigned for four types of biomass burning
types including forest, grassland, shrubland fires and agri-
cultural waste burning. PKU-Biomass takes account of the
farming system and crop types in different temperate zones.
High-resolution emissions (1 km) with daily variations are
available. We re-gridded emissions to 0.1°× 0.1° and aggre-
gated the emissions to the “open biomass burning” sector.
An explicit source profile assignment approach was assigned
to each vegetation type. Emissions of three chemical mecha-
nisms were further developed for PKU-Biomass and merged
into the MIXv2 final dataset over Asia.

2.3.9 EDGARv6 for shipping for Asia

We used the shipping (domestic and international) emissions
over Asia derived from EDGARv6 in MIXv2. EDGAR is
a globally consistent emission inventory for anthropogenic
sources developed by the Joint Research Centre of the Euro-
pean Commission (Crippa et al., 2018; Janssens-Maenhout
et al., 2019). Emissions of both air pollutants and greenhouse
gases are estimated. EDGAR uses international statistics as
activity data and emission factors varying with pollutants,
sector, technology, and abatement measures for emissions
calculation for 1970–2018. Shipping route data are used as
spatial proxies to distribute emission estimates to 0.1° grids.
We downloaded the emissions data for both inland and in-
ternational shipping from 2010 to 2017, processed the data
to the MIX domain and aggregated them to the “Shipping”
sector. Monthly emissions are only available for 2018. We
applied the monthly variations of air pollutants in 2018 to
emissions of 2010–2017 accordingly.

2.4 NMVOC speciation

NMVOC speciation has substantial impacts on the model-
ready emissions accuracy and performance of chemical
transport models (Li et al., 2014). Selection of profiles turns
out to be the most important contributor to uncertainties in
emissions of individual species. To reduce the uncertainties
due to the inaccurate species mapping, Li et al. (2014) de-
veloped an explicit assignment approach based on multiple
profiles and mechanism-dependent mapping tables.
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Figure 2. NMVOC speciation scheme used in MIXv2.

We processed the gas-phase speciation for NMVOCs
following the profile-based mapping procedure, as shown
in Fig. 2. The speciation was conducted at a de-
tailed source basis. Firstly, we developed the com-
posite source profile database by combining the US
EPA’s SPECIATE database v4.5 (https://www.epa.gov/
air-emissions-modeling/speciate-2, last access: June 2019)
(Simon et al., 2010) and available local measurements (e.g.,
Akagi et al., 2011; Mo et al., 2016; Xiao et al., 2018; Yuan
et al., 2010). The complete list of source profiles used in this
work is provided in Table S1. To diminish the uncertainties
due to inappropriate sampling and analyses techniques re-
garding oxygenated volatile organic compounds (OVOCs),
we applied the OVOC correction to those incomplete pro-
files. The detailed method can be found in previous studies
(Li et al., 2014). The following sources in particular have sig-
nificant OVOC emitted that should be addressed: coal com-
bustion in residential stoves (31 %), residential wood and
crop residue fuel use (23 %–33 %), and diesel engines (28 %–
47 %). Secondly, we assigned the composite profile database
to each component inventory to develop emissions of in-
dividual species. Lastly, individual species were lumped to
three chemical mechanisms (SAPRC99, SAPRC07, CB05)
based on the conversion factors derived from mechanism-
dependent mapping tables (Carter, 2015).

For the Republic of Korea and Hong Kong, we applied the
speciation factor for SAPRC99 and CB05 by sectors devel-
oped from the SMOKE-Asia model, which have been used
for MIXv1 (Woo et al., 2012). Emissions of SAPRC07 were
further developed from SAPRC99 based on Table S2, which
applied MEIC speciated results.

2.5 Limitations and uncertainties

As a mosaic inventory, MIXv2 has several limitations when
integrating various gridded products into a unified dataset.
Firstly, inconsistencies could exist at country boundaries
where different datasets were used for the adjacent countries
(Janssens-Maenhout et al., 2015), for example, the border be-
tween China and India. But limited effects are anticipated
here given the small area affected due to the high spatial res-
olution and the low population density at the border. Sec-
ondly, extracting emissions by country from gridded maps
may introduce uncertainties, especially for power plants lo-
cated near the coast. This issue is more important because
gridded emissions are developed with higher spatial resolu-
tions than earlier versions. Using an extended country map
by assigning extra adjacent grids of “ocean” with the neigh-
boring country can reduce this bias. We also acknowledge
the general inconsistency of uncertainty levels between coun-
tries where different inventories are used following various
data sources and approaches. For air quality simulation pur-
poses, the lack of diurnal variations and vertical distribution
is another limitation when applying MIXv2 data directly. De-
velopment of Asia-specific temporal and vertical profiles is
important to improve the model simulation performance in
the future.

It is always difficult to quantify the uncertainties for a mo-
saic emission inventory such as MIXv2. The uncertainties
for each of the component inventories are discussed in detail
in corresponding studies (Kang et al., 2016; Kurokawa and
Ohara, 2020; Yin et al., 2019; Zheng et al., 2018). Here we
summarized the uncertainty estimation by Asian regions in
previous studies in Table 3. The uncertainty ranges are quan-
tified based on propagation of uncertainty (Kurokawa and
Ohara, 2020; Lei et al., 2011; Zhang et al., 2009) or thou-
sands of Monte Carlo simulations (Lu et al., 2011; Paliwal et
al., 2016; Shan et al., 2020; Shi and Yamaguchi, 2014; Sun et
al., 2018; Zhao et al., 2011, 2012, 2013; Zhou et al., 2017).

In regard to anthropogenic sectors, the precision of emis-
sion estimates for SO2, NOx and CO2 is higher than that of
other pollutants, owing to the minimal uncertainties associ-
ated with power plants and large industrial facilities. This is
particularly notable in the case of MIXv2, where uncertain-
ties are even lower due to the integration of unit-based power
plant information for both China and India. While uncertain-
ties for CO and NMVOC are comparable, they are higher
than those for SO2, NOx and CO2 because of substantial
emission contributions from biofuel combustion. Emissions
for particulate matter (especially BC and OC) tend to be more
uncertain compared to trace gases, primarily due to the low
data availability of accurate activity rates and emission fac-
tors related to residential biofuel combustion. The need for
more detailed information at the technology or facility level
in regions such as India, OSA and SEA is crucial to narrow
down the overall uncertainties in Asia in the future. For open
biomass burning, previous investigations have estimated low

https://www.epa.gov/air-emissions-modeling/speciate-2
https://www.epa.gov/air-emissions-modeling/speciate-2
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uncertainty ranges for species like CO, NMVOC and OC,
while further analyses are urgently needed. In this work,
we conducted uncertainty analyses qualitatively by compar-
ing the MIXv2 estimates with other bottom-up inventories
and those derived from satellite retrievals in Sect. 4 (Li et
al., 2018). In summary, generally consistent emission esti-
mates and trends over Asia are found based on bottom-up
and top-down comparisons in Sect. 4. Discrepancies persist,
especially in regions like South Asia and Southeast Asia and
among species like BC and NMVOC.

3 Results and discussion

3.1 Asian emissions in 2017

In 2017, MIXv2 estimated emissions of Asia as follows:
41.6 Tg NOx , 33.2 Tg SO2, 258.2 Tg CO, 61.8 Tg NMVOC,
28.3 Tg NH3, 24.0 Tg PM10, 16.7 Tg PM2.5, 2.7 Tg BC,
5.3 Tg OC and 18.0 Pg CO2 for all anthropogenic sources in-
cluding power, industry, residential, transportation and agri-
culture. Emissions are summarized by Asian regions, includ-
ing China, East Asia other than China (OEA), India, South
Asia other than India (OSA) and Southeast Asia (SEA), as
shown in Tables 4 and S3. China, India and SEA together ac-
count for > 90 % of the total Asian emissions. China domi-
nates the emissions (> 50 %) of CO2 (11.3 Pg, 63 %), NOx

(22.4 Tg, 54 %), and CO (137.0 Tg, 53 %) and contributes
more than 30 % to all other species. The contributions of
India are larger than 30 % for SO2 (13.8 Tg, 42 %), NH3
(9.8 Tg, 35 %), BC (0.86 Tg, 32 %), OC (1.7 Tg, 33 %), PM10
(7.2 Tg, 30 %) and PM2.5 (5.0 Tg, 30 %). SEA ranks third
for all species, including CO2 (1.8 Pg, 10 %), NOx (6.1 Tg,
15 %), SO2 (5.9 Tg, 18 %), NMVOC (11.9 Tg, 19 %), NH3
(4.8 Tg, 17 %) and ∼ 15 % of aerosol species. OEA’s share
varies from 1 % (aerosol species) to 8 % (CO2). Emission
proportions of OSA are around 11 % for NH3, OC and PM10
and less than 10 % for others.

Sectoral contribution varies among species in Asia accord-
ing to our estimates. Power plants contribute significantly
to SO2 (first contributor, 38 %) and CO2 (second contribu-
tor, 33 %). Industry dominates the emissions of CO2 (41 %),
NMVOC (44 %), PM2.5 (39 %) and PM10 (47 %). For NOx ,
transportation accounts for 33 % of the total emissions, fol-
lowed by industry (24 %) and inland and international ship-
ping (18 %). The residential sector contributes > 38 % of
emissions for PM2.5, BC, CO and OC. NH3 is dominated
by agriculture (81 %), followed by 13 % from residential.

Open biomass burning plays a key role in the SEA and
OEA emissions budgets, and is a minor contributor for other
regions, as shown in Table 4 and Fig. 3. Including the
open biomass burning sector increases the emissions of OC,
PM2.5, PM10, NMVOC, CO and CO2, by 69 %, 53 %, 46 %,
37 %, 34 % and 15 %, respectively for SEA. Due to the ac-
tive fire events, Southeast Asia is the largest emission con-
tributor for OC, PM10, PM2.5 and NMVOC in 2014 and

2015. Additionally, OEA has a significant emission incre-
ment for NMVOC (30 %), OC (143 %), PM10 (52 %) and
PM2.5 (81 %) when taking biomass burning into account.
Given the large contributions to ozone and climate change
from NMVOC, CO and aerosols, it is important to address
the open biomass burning contributions in designing mitiga-
tion strategies for these areas.

In a global context, Asia shares out 43 %–56 % of the
global anthropogenic emissions in 2017, including 44 % for
NOx , 43 % for SO2, 49 % for CO2, 51 % for NH3, 55 % for
CO, 50 % for NMVOC and over 50 % for all PM species.
Emissions over Asia are derived from MIXv2, and emis-
sions over the rest of the world are estimated by EDGARv6.
Figure S1 depicts the emissions trend by Asian regions, the
US and OECD-Europe from anthropogenic sources. Asia is
playing a more and more important role in global climate
change as its CO2 emission fraction has increased by 7 %
during 2010–2017. Especially with the general emission re-
ductions in the US and OECD-Europe, India and Southeast
Asia are catching up with the emissions of these two devel-
oped regions for NOx , SO2 and CO2 and already surpassed
their emissions for other species. As of now, the US and
OECD-Europe emissions are in general comparable to those
of OSA for most air pollutants.

3.2 Emissions evolution from 2010–2017

For anthropogenic sources, driven by stringent air pollution
control measures implemented over China and OEA since
2010, Asian emissions have declined rapidly by 24.3 % for
SO2, 16.6 % for CO, 17.2 % for PM10, 18.7 % for PM2.5,
14.2 % for BC and 19.8 % for OC according to our estimates.
On the contrary, CO2, NMVOC and NH3 still show emis-
sions increasing continuously, with growth rates of 16.5 %,
12.6 % and 4.4 % during 2010–2017, respectively. The emis-
sions for 2010–2017 are summarized in Table S3 and shown
in Figs. 3 and 4. As demonstrated in Fig. 4, power, industry,
residential and transportation contribute to the rapid emission
changes. In contrast to the smoothly changing patterns for
anthropogenic, open biomass burning emissions vary from
year to year, peaking in 2015 as a result of El Niño (Field et
al., 2016). Open-fire activities dominate the SEA emission
changes for CO, OC, NMVOC, PM10 and primary PM2.5
(see Fig. 3). Marked reductions are estimated for China,
with a concurrent increase over India and Southeast Asia
for all species except CO2, NMVOC and NH3 (see Fig. 5).
Consequently, air pollutants, including ozone and secondary
aerosol precursors of NOx , have shifted southward (Zhang et
al., 2016). This changing spatial pattern has been confirmed
from observations as described in previous studies (Samset et
al., 2019). We illustrate the driving forces of emissions evo-
lution for each species below. Shipping is not included in the
following analyses.

NOx . NOx emissions show a increasing–decreasing–
increasing trend for 2010–2017, with a peak in 2012. This
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Figure 3. Emission changes by countries/regions from 2010–2017. Shares of open biomass burning for each region are shown as shadowed
blocks.

trend is a combination of significant power plant emis-
sions reduction (−22 % from 2010–2017), and emissions in-
crease from industry (+4 %) and transportation (+6 %). As
estimated, China’s emissions for all anthropogenic sectors
dropped by 4.6 Tg (−17 %) from 2010–2017, along with
2.6 Tg (+38 %) emissions growth from India and 0.9 Tg
(+19 %) from SEA. As a result, China’s contribution de-
creased from 63 % to 54 %, and the Indian share grew from
16 % to 22 % (anthropogenic, Fig. 5a). In China, power plant
emissions dropped by 4.5 Tg (−51 %) because very strin-
gent emission standards are implemented for power plants
since 2003, which has continuous substantial impacts on
SO2, NOx and particulate matters (Chinese National Stan-
dards GB 13223-2003 and 3223-2011) (Zheng et al., 2018).
Furthermore, “ultra-low” emission standards were set up by
the Chinese government in 2015 to further reduce emissions
from coal-fired power plants by 60 % by 2020. OEA shows
21 % emissions decrease because of continuous control mea-

sures over industry (−16 %) and transportation (−32 %).
Due to insufficient control strategies in India, OSA and SEA,
NOx anthropogenic emissions have grown by 38 %, 18 %
and 19 %, respectively, mainly driven by power plants and
vehicle growth (see Fig. 5a). Open biomass burning has lim-
ited effect (∼ 11 %) on NOx emissions over SEA and is ne-
glectable for other regions (< 3 %).

SO2. SO2 emissions rapidly declined from 43.8 to 33.1 Tg
during 2010–2017, peaking in 2012. Significant reductions
in industrial SO2 emissions (−8.7 Tg, −39 %) lead to the
marked total emissions decrease (see Fig. 4). China’s emis-
sions dropped by 62 %, partly offset by the concurrent emis-
sions increase of India (+46 %) and Southeast Asia (+41 %).
Stringent control measures shutting down small industrial
boilers and cleaning larger ones in China are the primary
driving forces (Zheng et al., 2018). New emissions standards
were set up for coal-fired industrial boilers with tightened
SO2 limit values (Zheng et al., 2018). In addition, nationwide
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Figure 4. Emission changes by sectors in Asia from 2010–2017.

phasing out of outdated industrial capacity and small, pollut-
ing units has been carried out in China since 2013. Conse-
quently, China’s emission fraction decreased from 64 % to
32 %, ranking second in 2017. India’s proportion grew from
22 % to 41 %, and nowadays it is the largest SO2 emitter
in Asia (anthropogenic; see Fig. 5b). Relatively small emis-
sion changes are estimated for OEA (−0.2 Tg) and OSA
(+0.6 Tg). Significant emissions growth from power plants
drives the total anthropogenic increase by 44 %, and a 41 %
rise when considering additional open biomass burning for
SEA.

CO. Anthropogenic CO shows moderate emissions reduc-
tion (−16 %) since 2010, driven by the clean-air actions im-
plemented in China covering industry (−38 % changes), res-
idential (−20 %) and transportation (−22 %) sources. Based
on the index decomposition analysis, the improvements in
combustion efficiency and oxygen blast furnace gas recy-

cling in industrial boilers are the largest contributors to the
emission reductions in China (Zheng et al., 2018). Replacing
polluted fuel (biofuel, coal) with cleaner fuels (natural gas,
electricity) is the primary driving force in the residential sec-
tor. Despite the rapid vehicle growth, which would typically
yield a CO increase, pollution control measures reduced the
net CO emission factors by fleet turnover with cleaner mod-
els replacing the older, more polluted vehicles in the market.
OEA shows emission reductions in industry (−37 %), res-
idential (−22 %) and transportation (−28 %) sources. Resi-
dential fuel combustion decreases by 20 % and 11 % for SEA
and India, respectively, having a canceling effect on the to-
tal emissions growth for these two regions. Open biomass
burning accounts for 25 %–77 % of CO emissions in SEA,
which drives the total emissions reduction by 19 % in 2017
compared to 2010. Additionally, the climate anomaly due to
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Figure 5. Emission changes for anthropogenic sources (power, industry, residential and transportation) by regions and sectors from 2010–
2017 for (a) NOx , (b) SO2, (c) NMVOC and (d) PM2.5. The pie sizes are scaled with the total anthropogenic emissions in Asia. The unit for
the total emission values in the center is Tg per year. OEA denotes East Asia other than China, OSA represents South Asia other than India
and SEA is Southeast Asia.

El Niño in 2015 leads to the rapid CO emissions drop from
2015 to 2016 in SEA.

CO2. Driven by economic and population growth, anthro-
pogenic CO2 emissions show a rapid increasing trend for
China (15 %), India (32 %), OSA (32 %) and SEA (21 %).
We found slight emission decreases for OEA (−2 %). Power,
industry and transportation grew by 28 %, 12 % and 35 %, re-
spectively, driving the total emissions increase continuously.
In contrast, we estimate a 5 % CO2 emission reduction from
the residential sector, attributed to reduced fuel combustion.
Notable emissions have increased for sectors apart from res-
idential for India (increasing rates varying between 39 %–
57 %), OSA (43 %–56 %) and SEA (9 %–48 %). Fractions by
region are stable during the studied period, with 62 % contri-
bution from China, 8 % from OEA, 16 % from India, 3 %
from OSA and 11 % from SEA (see Fig. 3). Open biomass
burning curbs the total emission growth in SEA from +21 %
to +5 %.

NMVOC. Differing from the decreasing emission trend for
NOx , SO2 and CO, NMVOC increases by 13 % for anthro-

pogenic sources and 6 % for all sources with open biomass
burning. In China, the industrial sector (+5.1 Tg, +35 %) is
the major reason for the emissions growth, and industrial
solvent use (e.g., architecture paint use, wood paint use) is
the largest contributor. The share of solvent use rapidly rises
from 28 % in 2010 to 42 % in 2017. In addition, oil pro-
duction, distribution and refineries, and chemical production
lead to a corresponding emissions increase by 44 % (M. Li
et al., 2019). Due to fuel transfer in residential stoves and
the effective pollution control measures for on-road vehi-
cles, China shows 18 % and 22 % emissions decreases, re-
spectively, slowing down the increasing trend. Industry and
transportation drive the anthropogenic emissions in India and
SEA growing by 18 % and 13 %, respectively (see Fig. 5c).
In SEA, 64 % of the total emissions are contributed by open
biomass burning in 2015. Compared to 2010, 2017 total
emissions decreased by 12 % in SEA, attributed to biomass
burning. NMVOCs are speciated into three chemical mech-
anisms following the source-profile-based methodology (see
Sect. 2.4). We analyzed the speciation results in Sect. 3.5.
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Figure 6. Monthly variations of emissions in Asia by sectors for 2017. For agriculture, only NH3 emissions are estimated.

Figure 7. Monthly variations in emissions in Asian regions in 2017 for (a) CO (solid lines) and SO2 (short, dashed lines) and (b) NMVOC
(solid lines) and PM2.5 (short, dashed lines). For each month, the dominant sector is labeled by circle color. Circle area is scaled based on
the emission fraction of the dominant sector for each month. Both anthropogenic and open biomass burning are included.

NH3. As estimated by MIXv2, NH3 emissions are gener-
ally flat, with slight increases (+4 %) over Asia due to the
lack of targeted control measures. Over 80 % of the total
emissions are contributed by fertilizer application and live-
stock manure. Transportation emissions in 2017 are 2.8 times
greater than those in 2010 due to vehicle growth, which can
play a key role for urban air quality. India is the largest con-
tributor (35 %), followed by China (32 %) and SEA (17 %)
(see Fig. 3). India and OSA emissions show monotonic 7 %
and 20 % increases, respectively. According to our estimates,
China decreases by 8 %, reflecting the agricultural activity

rate changes. Limited effects are estimated from open fires
over NH3 emissions budget, peaking at 19 % of the total in
2015 for SEA.

Particulate Matter (PM). PM emissions are estimated to
have decreased in Asia: −4.9 Tg PM10 (−17 %), −3.8 Tg
PM2.5 (−19 %), −0.45 Tg BC (−14 %) and −1.3 Tg OC
(−20 %) for anthropogenic sources and −6.5 Tg PM10
(−20 %), −5.0 Tg PM2.5 (−21 %), −0.51 Tg BC (−15 %)
and−1.9 Tg OC (−23 %) after including open biomass burn-
ing. Industrial and residential sectors are the primary driv-
ing forces of the emissions reduction. In China, the strength-
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Figure 8. Spatial distribution of emissions in MIXv2 in 2017 for gaseous species.

ened particulates standard for all emission-intensive indus-
trial activities, including iron- and steel-making, cement,
brick, coke, glass, chemicals, and coal boilers have driven the
technology renewal and the phasing out of outdated, highly
polluting small facilities (Zheng et al., 2018). Pollution con-
trol measures reduced power plant emissions by ∼ 30 % for
PM10, PM2.5 and BC and counterbalanced the transportation
emissions despite vehicle ownership increasing by 270 % in
7 years. Other East Asia shows significant anthropogenic
emissions reduction for all PM species: −32 % for PM10,
−33 % for PM2.5, −27 % for BC and −31 % for OC. Flat
trends are estimated in India for all PM species (±8 %). Re-
duction in biofuel use led to the residential emission reduc-
tion of PM in India and SEA. Increasing industrial activities
led to 24 %–35 % anthropogenic emissions growth for PM10
and PM2.5 in OSA. As a result, China’s emission fractions
are shrinking, with growing contributions from India and

OSA (see Fig. 5d). Taking PM2.5 as an example, the emis-
sions shares among Asian regions have changed significantly
between 2010 and 2017: from 58 % to 46 % for China, 23 %
to 30 % for India, and 12 % to 14 % for SEA (anthropogenic,
Fig. 5d). Open biomass burning dominates the SEA emis-
sions changes between 2010–2017:−19 % for PM10,−24 %
for PM2.5, −20 % for BC and −30 % for OC.

3.3 Seasonality

Monthly variations of emissions, which are highly sector de-
pendent, are estimated in MIXv2. Within the same sector,
similar monthly emission variations are found among differ-
ent species as they are mainly driven by activity rates (see
Fig. 6) (M. Li et al., 2017b). Figures 6 and 7 illustrate the
emission fractions by sectors, and the dominant sector (clas-
sified by circle color) for each month for CO, SO2, NMVOC
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Figure 9. Spatial distribution of emissions in MIXv2 in 2017 for PM species.

and PM2.5 by regions in 2017, including both anthropogenic
and open biomass burning. Contribution of the “dominant
sector” is scaled to the circle area. Large circles represent
the significant role of the dominant sector and small ones
(near 17 %) indicate the balanced contribution from six sec-
tors. The monthly emissions patterns show large disparities
varying with regions. Notable variations are estimated for
emissions of China, OEA and SEA. The residential sector of
China is the largest contributor in winter for CO and PM2.5,
leading to the “valley” curves. Industrial emissions show rel-
atively high fractions in the second half of the year aiming
to achieve the annual production goal, which dominate the
seasonal patterns of SO2, CO, NMVOC and PM2.5 for most
of the months. The emissions peaks in summer for OEA and
March for SEA are attributed to significant in-field biomass
burning activities. Indian and OSA emissions show relatively
small monthly variations, compared to other Asian regions.
This pattern is attributed to the predominant role of the res-
idential sector in the monthly emissions for the investigated
species (as illustrated in Fig. 7). The minimal seasonal vari-
ations in surface temperature within the tropical climate of
India and OSA contribute to the overall stability in monthly
residential emission patterns. Thus, it is important to take
both anthropogenic and open biomass sectors into account
in seasonality analyses given their dominant roles varying by
months, such as model evaluations based on ground, satellite,
and aircraft measurements.

3.4 Spatial distribution

Gridded emissions at 0.1× 0.1° were developed in our in-
ventory. Power plant emissions in China and India are de-
veloped on a unit basis and assigned with exact geophysi-
cal locations. For other sources, emissions are allocated to
grids based on spatial proxies, such as road map, population
and gross domestic product (GDP). The gridded MODIS fire
product with high spatial resolution (up to 1 km) is the essen-
tial dataset for open biomass burning emission estimation.
Figures 8 and 9 depict the spatial distribution of both CO2
and air pollutants over Asia in 2017, showing the distinct
patterns of point source, roads and city clusters. Emission in-
tensities of hot spots over the Indo-Gangetic Plain, spanning
northern Pakistan, northern India and Bangladesh are com-
parable to those of northern China and Indonesia, especially
for NH3, NMVOC, BC and OC. Clear shipping routes can be
seen for NOx , SO2, CO2 and PM species.

Emission reductions in East Asia highlight the impor-
tance of air pollution control in Southern Asia. We show the
emission changes by latitude bands from 2010 to 2017 for
ozone precursors (NOx , NMVOC, CO) and primary PM2.5 in
Figs. 10 and S2 (featuring open biomass burning). Largest re-
ductions are estimated between 35–40° N for NOx (−25 %),
CO (−32 %) and PM2.5 (−35 %) because of China’s effec-
tive emission control strategies. On the other hand, NOx an-
thropogenic emissions have increased by 15 % over 10–0° S
(Southeast Asia) and +27 % over 10–20° N (driven by In-
dia). Open biomass burning enlarged the emission ampli-
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tude for 15–0° S (Southeast Asia), while it had limited ef-
fect on the trends over other latitude bands (see Fig. S2).
To conclude, NOx has shifted southward in Asia. NMVOC
emissions show a generally increasing trend over all lati-
tude bands (+5 %–+38 %, anthropogenic). Differently, CO
and primary PM2.5 show general emissions reduction since
2010 except over 15–10° S and 10–20° N. These latitudinal
shifts are of particular importance for the global tropospheric
ozone budget as ozone precursors emitted at low latitudes are
more efficient at producing ozone than if the same quantity
of emissions is released at high latitudes (Zhang et al., 2016,
2021).

3.5 Speciated NMVOC emissions

As one of the key precursors of ozone and secondary organic
aerosols (SOAs), NMVOCs gain more and more attention
because of the emission increase due to relatively loose tar-
geted control measures. As estimated in MIXv2, Asian emis-
sions have increased by 13 % for anthropogenic sources and
6 % with additional open biomass burning. We speciated the
total NMVOC to three chemical mechanisms, SARPC99,
SAPRC07 and CB05, following the profile-based approach
(Sect. 2.5). Emission changes during 2010–2017 by chemical
groups are shown in Fig. 11. Alkanes, alkenes and aromat-
ics comprise 78 % of the total emissions on a mole basis in
2017. Driven by the growing activities in industry, emissions
of alkanes and aromatics increased by∼ 20 % within 7 years,
according to our estimates. Alkenes and alkynes show a sta-
ble trend, reflecting the combined results of emission reduc-
tion in residential and growth in the industry and transporta-
tion sectors. For OVOCs, especially aldehydes, emissions de-
creased by 10 % since 2010 due to reduced residential fuel
combustion. Open biomass burning plays a role over other
OVOC (OVOCs other than aldehydes and ketones) emission
changes. India, Southeast Asia and China are the largest con-
tributors to the total Asian budget, with varying sector distri-
butions and driving forces by chemical groups.

Industry, mainly industrial solvent use, is the primary driv-
ing sector for emissions increase of alkanes (+15 %) and aro-
matics (+21 %) in China. Moderate reductions are estimated
for anthropogenic OVOCs (−33 % aldehydes, +20 % ke-
tones, −22 % other OVOCs) attributed to fuel transfer in the
residential sector. OEA emissions show generally decreasing
trends from −13 % (ketones, alkenes) to +3 % (alkynes) for
anthropogenic sectors and −10 % (ketones, aromatics, oth-
ers) to +25 % (Other OVOCs) with additional open biomass
burning. Industrial emissions have decreased over all chem-
ical groups for OEA. Similar sectoral distributions across
chemical species are found for India and OSA, dominated
by the residential and transportation sectors. More than 29 %
emissions growth is estimated for alkanes and aromatics,
driven by industry, residential and transportation sectors in
India and OSA. In SEA, ∼ 20 % increases are estimated
for emissions of alkanes and aromatics, and minor changes

Figure 10. Emissions in 2010 and 2017 (a) and anthropogenic
emission changes from 2010 to 2017 (b) by latitude bands for NOx ,
NMVOC, CO and PM2.5. The changing patterns of total emissions
by latitude (anthropogenic+ open biomass burning) are shown in
Fig. S2.

are estimated for alkenes, alkynes, aldehydes and ketones
(within 10 %) during 2010–2017. OVOCs emissions in 2017
are 25 % lower than the values in 2010, contributed by resi-
dential sources and open biomass burning.
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Figure 11. Emissions in 2010 and 2017 (right columns) and the emission changing rates from 2010–2017 (left columns) of NMVOCs by
chemical groups. For each country and region, the left column represents the emission changing rates (in %), while the right column shows
the emissions by sector in 2010 and 2017. Chemical groups are lumped from the SAPRC07 species following Table S4. Open bb denotes
open biomass burning.

4 Inter-comparisons with other bottom-up and
top-down emission estimates

To provide a potential uncertainty range of MIXv2, we
compared our estimates with both regional and global in-

ventories, as well as top-down estimates from previous
satellite-based and inverse modeling studies. Figure 12
shows the emission comparisons of MIXv2 with REASv3.2,
EDGARv6 and CEDS_GBD-MAPS (referred to as CEDS)
(McDuffie et al., 2020) for Asian regions during 2010–2017
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Figure 12. Emission comparisons for anthropogenic sources between MIXv2, REASv3.2, EDGARv6 and CEDS_GBD-MAPs for (a) NOx ,
(b) NMVOC, (c) CO2 and (d) BC during 2010–2017 for Asian regions.

for NOx , NMVOC, CO2 and BC. REAS and MIX show
the best agreement (differing within 12 %) as expected be-
cause REAS was used as default estimates over Asia. Simi-
lar trends are found between REAS and MIX for all species
except BC. The trends of NOx in EDGAR are different than

the others, which peak in 2012, indicating the need for re-
visiting the parameterization of control policies in East Asia
in the global inventory system. EDGAR estimates are within
a 20 % difference with MIXv2 for all of Asia, but they show
higher discrepancies over OEA, OSA and SEA. NMVOCs
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are 12 %–19 % lower in EDGAR, mainly for India and OSA.
Notably, the emission discrepancies have grown larger in re-
cent years, attributed to the differences in emissions trends.
EDGAR’s NMVOC emissions show a relatively flat trend, in
contrast to the continuously increasing pattern of MIX. Emis-
sions of CO2 over OEA, OSA and SEA seem to be uncer-
tain, with more than 30 % difference between EDGAR and
MIX. Similarly, the emission differences of BC in SEA need
to be considered when used in climate model simulations.
The emission trends of CEDS are consistent with those of
MIX because MEIC was applied to scale the emissions in the
CEDS system (McDuffie et al., 2020). However, compared
to MIX, CEDS emissions are generally higher across regions
and species, with large discrepancies over OEA (+65 % for
BC, +31 % for NOx in 2017), India (+34 % for BC), OSA
(+114 % for NOx , +33 % for NMVOCs) and SEA (+33 %
for NOx , +83 % for NMVOCs, +42 % for BC). These com-
parisons highlight the potential uncertainties of bottom-up
emission inventories over South Asia and Southeast Asia
where information is still limited compared to East Asia.
More validations and revisions are needed to identify the rea-
sons for the discrepancies and narrow down the gaps.

Table 5 summarizes the top-down emission annual growth
rates since 2010 as derived from satellite retrievals and in-
verse modeling studies. MIX trends show high consistency
with the top-down estimates, especially the inverse modeling
results. Decreasing trends since the peak in 2012 for NOx

emissions in China are validated from space (Georgoulias et
al., 2019; Hou et al., 2019; Itahashi et al., 2019; Krotkov
et al., 2016; Liu et al., 2016; Miyazaki et al., 2017; van
der A et al., 2017; Zhang et al., 2019). The annual growth
rates derived directly from satellite retrievals (−4.1 % yr−1

to −6.2 % yr−1) are in general larger than those from in-
verse modeling (−1.6 % yr−1 to −2.6 % yr−1) which jointly
account for the air transport and chemical nonlinearity. Sim-
ilar declining trends are found from top-down estimates of
SO2 (Elguindi et al., 2020; Koukouli et al., 2018; Krotkov et
al., 2016; C. Li et al., 2017; Qu et al., 2019; van der A et al.,
2017; Zhang et al., 2019) and CO (Jiang et al., 2017; Zheng
et al., 2019) over China. For India, emissions have been de-
tected to grow continuously from space for NOx and SO2,
with growth rates consistent with the inventory estimation. A
slightly increasing trend is detected from space for HCHO in
China, as an indicator of NMVOC emissions (Stavrakou et
al., 2017; Zhang et al., 2019). In addition, 2015 is an El Niño
year, and this climate anomaly turns out to significantly affect
the emissions trends of CO and NH3 in SEA (Van Damme et
al., 2021). More inverse modeling work by combining multi-
ple species is needed for NH3 over Asia to shed light on the
uncertainty range of inventory estimation.

5 Concluding remarks

In this work, we developed the MIXv2 emission inventory
for Asia during 2010–2017 resolved with relatively high spa-
tial resolution (0.1°) and temporal resolution (monthly) and
detailed chemical speciation (SAPRC99, SAPRC07, CB05).
MEICv2, PKU-NH3, PKU-Biomass, ANL-India, CAPSS
and JPN are used to represent the best available emission in-
ventories for China, India, the Republic of Korea and Japan,
gap-filled with REASv3 and GFEDv4. Constructing a long-
term mosaic emission inventory requires substantial interna-
tional collaborations. MIXv2 was developed based on the
state-of-the-art updated emission inputs under the framework
of MICS-Asia Phase IV and is now ready to feed the at-
mospheric chemistry models and improve chemistry-climate
models for long-term analyses. With high spatial resolution
up to 0.1°, MIXv2 is capable of supporting model activi-
ties at regional and even local scales. As far as we know,
MIXv2 is the first mosaic inventory with both anthropogenic
and open biomass burning estimated by incorporating local
emission inventories. Emissions are aggregated to seven sec-
tors in MIX: power, industry, residential, transportation, agri-
culture as anthropogenic sources, and open biomass burn-
ing and shipping. With three chemical mechanisms devel-
oped using a consistent speciation framework, MIXv2 can
be used in most of the atmospheric models even for those
configured with updates on ozone and secondary organic
aerosols formation. MIXv2 also has CO2 emissions based
on the same emissions model for nine air pollutants (NOx ,
SO2, CO, NMVOC, NH3, PM10, PM2.5, BC, OC), provid-
ing a consistent dataset for climate–air quality nexus re-
search. Gridded monthly emissions are publicly available at
https://csl.noaa.gov/groups/csl4/modeldata/data/Li2023/.

Driving forces of the emission changes during 2010–2017
are investigated based on MIXv2. Significant emission re-
ductions from anthropogenic sources are found for SO2, CO,
PM10, PM2.5, BC and OC, driven by effective clean-air ac-
tions conducted over China and Other East Asia. India, Other
South Asia, and Southeast Asia show continuously increas-
ing emissions trends since 2010, limiting the emissions re-
duction for Asia as a whole. On the contrary, NMVOC and
NH3 emissions increased or remained flat due to insuffi-
cient targeted control measures. Open biomass burning is the
largest contributor to Southeast Asia for emissions of CO,
NMVOC and OC. NOx emissions have shown clear latitudi-
nal shifts southward in Asia, which is important for global
tropospheric ozone budget. Our estimated trends are in gen-
eral consistent with those derived from satellite retrievals, es-
pecially results from inverse modeling.

Further validation is needed for MIXv2 for better un-
derstanding of the data reliability. Inverse modeling studies
on NMVOC and NH3 are still limited, partly attributed to
the lack of available measurement data over Asia. With the
launch of the Geostationary Environment Monitoring Spec-
trometer (GEMS) and the availability of hourly retrievals

https://csl.noaa.gov/groups/csl4/modeldata/data/Li2023/
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Table 5. Top-down emission trends since 2010 over Asia.

Species Estimates Region Period AGR Techniques
(% yr−1)a

NOx Krotkov et al. (2016) E China 2010–2015 −4.9 Satellite
Liu et al. (2016) E China 2010–2015 −5.1 Satellite
Miyazaki et al. (2017) China 2010–2016 −2.6 Inverse modeling
van der A et al. (2017) E China 2010–2015 −1.7 Inverse modeling
Georgoulias et al. (2019) China 2011–2018 −6.2 Satellite
Hou et al. (2019) China 2010–2017 −4.1 Satellite
Itahashi et al. (2019) China 2010–2016 −1.6 Inverse modeling
Zhang et al. (2019) China 2010–2017 −5.0 Satellite
MIXv2 China 2010–2017 −2.6 Bottom-up

Krotkov et al. (2016) India 2010–2015 3.4 Satellite
Miyazaki et al. (2017) India 2010–2016 2.5 Inverse modeling
Itahashi et al. (2019) India 2010–2016 6.0 Inverse modeling
MIXv2 India 2010–2017 4.7 Bottom-up

SO2 Tropospheric Chemistry Reanalysis (TCR-2)b China 2010–2017 −7.1 Inverse modeling
Krotkov et al. (2016) E China 2010–2015 −11.0 Satellite
van der A et al. (2017) E China 2010–2015 −8.0 Inverse modeling
C. Li et al. (2017) China 2010–2016 −18.0 Inverse modeling
Koukouli et al. (2018) China 2010–2015 −6.2 Inverse modeling
Zhang et al. (2019) China 2010–2017 −4.0 Satellite
Qu et al. (2019)c China 2010–2017 −4.0 Inverse modeling
MIXv2 China 2010–2017 −12.9 Bottom-up

TCR-2b India 2010–2017 1.2 Inverse modeling
Krotkov et al. (2016) India 2010–2015 6.0 Satellite
C. Li et al. (2017) India 2010–2016 3.4 Inverse modeling
Qu et al. (2019)c India 2010–2017 1.7 Inverse modeling
MIXv2 India 2010–2017 5.6 Bottom-up

CO Jiang et al. (2017)d China 2010–2015 −2.8 Inverse modeling
Zheng et al. (2019)e China 2010–2017 −2.1 Inverse modeling
MIX v2 China 2010–2017 −4.4 Bottom-up

Jiang et al. (2017)d India/SEA 2010–2015 2.9 Inverse modeling
Zheng et al. (2019) India 2010–2017 −1.7 Inverse modeling
MIXv2 India 2010–2017 0.4 Bottom-up

Zheng et al. (2019) SEA (an)f 2010–2017 −2.4 Inverse modeling
MIXv2 SEA (an) 2010–2017 −0.8 Bottom-up
Jiang et al. (2017) SEA (bb)g 2010–2014 [2010–2015]h 6.3 [51.6]h Inverse modeling
Zheng et al. (2019) SEA (bb) 2010–2017 [2010–2015] −11.2 [40.1] Inverse modeling
MIXv2 SEA (bb) 2010–2017 [2010–2015] −7.9 [40.1] Bottom-up

NMVOC Stavrakou et al. (2017) China 2010–2014 1.7 Inverse modelingi

Zhang et al. (2019) China 2010–2017 1.0 Satellitei

MIXv2 China 2010–2017 1.3 Bottom-up

NH3 Warner et al. (2017) China 2010–2016 2.2 Satellite
Van Damme et al. (2021) China 2010–2017 5.5 Satellite
MIXv2 China 2010–2017 −1.2 Bottom-up

Van Damme et al. (2021) India 2010–2017 0.5 Satellite
MIXv2 India 2010–2017 2.2 Bottom-up

Van Damme et al. (2021) SEA 2010–2017 [2010–2015] −2.7 [8.9] Satellite
MIXv2 SEA 2010–2017 [2010–2015] 1.7 [5.3] Bottom-up

a AGR stands for annual growth rate. b Elguindi et al. (2020). c Top-down estimates based on NASA products. d Estimates derived from MOPITT profiles. e The results of full inversion
no. 3 are summarized here. f Southeast Asia for anthropogenic sources. g Southeast Asia for open biomass burning. h The growth rates between 2010 and 2015 are listed in square
brackets because 2015 is a El Niño year. i HCHO columns are used.
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of atmospheric composition, top-down constraints on both
emissions spatial distributions and temporal variations are
now possible (Kim et al., 2020) at the continental scale for
Asia. In-situ measurements aircraft and satellite data should
be combined with inventory and model simulations to im-
prove emission estimates in the future.
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