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The fast industrialization and urbanization in India lead to serious air quality problems. Using the long record of
the satellite observations of NO2 from the Ozone Monitoring Instrument, we have derived monthly NOx emissions
over India from 2007 to 2018 by applying an inversion algorithm to the QA4ECV NO2 retrieval product. Our
results show that NOx emissions steadily increased by more than 50% from 2007 until 2016. From 2017 onwards,
NOx emissions have become stable or are slowly decreasing. Furthermore, our results also reveal a strong sea
sonal cycle in the emission with the peak in summer, partially caused by biogenic/soil NOx emissions that is one
of the main NOx sources in India. The validation of our derived NOx emissions with HTAP, Global power plants
database and in-situ observations show that the spatial distribution and quantity of NOx emissions are well
captured. The long-term record of NOx emissions captures the trend over India well and illustrates the impact of
air quality measures on air pollution in India.

1. Introduction

quantification of major sources. An up-to-date emission inventory pro
vides policy makers with guidance to set up air quality regulations to
reduce source contributions. In addition, emission inventories are
important input for air quality models to simulate the atmospheric
chemical and physical processes and providing air quality forecasts.
Several global and regional bottom-up emission inventories have been
developed that include emission estimates over India: for example the
TRACE-P (Streets et al., 2003), INTEX-B (Zhang et al., 2009), REAS
(Kurokawa et al., 2013; Kurokawa and Ohara, 2020) and MIX (Li et al.,
2017), which is one of the latest Asian emission inventories. The
comprehensive global inventory HTAP v2 uses a mosaic method
combining different national and regional inventories including MIX for
Asian region (Janssens-Maenhout et al., 2015). Indian national emission
inventories have also been developed by Sadavarte and Venkataraman
(2014) and (Pandey et al., 2014). Eri et al. (2017) assessed the un
certainties in eight bottom-up emission inventories and found large
differences of up to 58% in total NOx emissions in India. The large
disagreement is due to different treatments of emission activities and
technology (Pandey et al., 2014).
The ambient concentration of nitrogen oxides (NOx = NO + NO2) is
one of the crucial indicators for air quality. At the same time, it plays an
important role in the formation of tropospheric ozone and secondary

India is one of the developing countries facing severe air pollution
problems. It was reported that 22 of the top 30 polluted cities worldwide
are located in India according to the air quality index indicator (Britton,
2019). The increasing air pollution has strong impact on premature
mortality in India (Maji et al., 2018; Meng et al., 2021). The increasing
emissions of air pollutants are associated with industrialization and
urbanization along with fast economic development. From 1996 to
2015, the fossil fuel consumption in industry and transport became two
times higher with an annual increasing rate of about 6.6% (Sadavarte
and Venkataraman, 2014). If no more governmental attempts to
improve air quality are made, anthropogenic emissions are expected to
keep increasing, worsening air pollution in the main region of India in
the future (Pommier et al., 2018). The Indian government aims to reduce
the ambient air pollution by the recent launch of the National Clean Air
Programme. To support and evaluate the achievement in improving air
quality, they have expanded the network of air pollutant measurement
sites, by the time of November 2018, there were 700 manual stations
and 117 continuous stations measuring air pollutants (Brauer et al.,
2019).
Setting up air quality regulations requires the identification and
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nitrate aerosols which affects climate change (Shindell et al., 2009). The
increasing NO2 pollution in India is strongly related to Indian economic
growth (Hilboll et al., 2017). Krotkov et al. (2016) analysed OMI (Ozone
Monitoring instrument) satellite observations of NO2 columns from
2005 to 2015 and showed that NO2 have increased dramatically in India,
especially over the industrial regions. Unlike in-situ measurements with
a sparse spatial distribution and temporal discontinuity in India (Brauer
et al., 2019), NO2 satellite observations provide full coverage on a daily
basis. Using satellite observations is becoming an important approach
independent of reported emissions to monitor the trends of air pollutant
concentrations, especially over areas with limited up-to-date emission
information like India. Lu and Streets (2012) analysed the NOx emissions
from thermal power plants using a method based on the power plant
generation unit and they concluded that NOx emissions from Indian
power plants have increased with at least 70% during the period of
1996–2010, which is in good agreement with satellite observations from
multiple satellite instruments in this period.
Real-time bottom-up inventories are often difficult to develop due to
the time lag in the publication of basic statistics which are essential to
estimate emissions (Kurokawa and Ohara, 2020). Satellite-derived
emissions obtained with advanced inversion techniques based on data
assimilation methods have similar accuracy as emissions from
bottom-up inventories (Miyazaki et al., 2017; Liu et al., 2018; Ding et al.,
2017a; Ghude et al., 2008). The significant advantage of the
satellite-derived approach is that it can provide up-to-date emissions
shortly after the satellite observations are available. The inversion
method DECSO (Daily Emission estimates Constrained by Satellite Ob
servations) has been applied to calculate daily emissions for several
regions, including over East Asia (Mijling and van der A, 2012; Mijling
et al., 2013). The monthly averaged emission data has been validated to
have an accuracy of 20% (Ding et al., 2017b, 2018). van der A et al.
(2017) analysed the trend of NOx emissions estimated from DECSO in
China and found strong correlations between NOx emissions and air
quality regulations implemented by the government on both national
and provincial scale.
In this study, we apply DECSO over the Indian domain to estimate
NOx emissions for a long time period from 2007 to 2019 using the latest
version of the NO2 satellite data to study the change of NOx emissions in
this region. In earlier studies, DECSO has been applied to the OMI
(Ozone Monitoring Instrument) satellite observations using the retrieval
product DOMINO v2 (Boersma et al., 2011). However, Ding et al.
(2017a) showed that DECSO underestimated NOx emissions over high
latitude regions due to negative biases in DOMINO v2. The Quality
Assurance for Essential Climate Variables (QA4ECV) project have
improved the NO2 retrieval algorithm and the validation of OMI
QA4ECV NO2 columns over a polluted city Tai’an in China showed
better agreement with MAX-DOAS NO2 columns than NO2 columns of
DOMINO v2 (Boersma et al., 2018).
In this study, we apply DECSO to QA4ECV NO2 retrievals from OMI
to estimate NOx emissions. The NOx emissions over India of yearly
change and seasonality are analysed from anthropogenic and biogenic
sectors. To validate the NOx emissions in India, we compare them to the
NOx emissions from the Hemispheric Transport of Air Pollution (HTAP)
bottom-up emission inventory. The locations and power generation of
power plant are used to validate the spatial distribution and quantifi
cation of NOx point sources. We use ground measurements from the
Continuous Ambient Air Quality Monitoring (CAAQM) stations in India
to validate the modelled NO2 concentrations from the CHIMERE
chemical transport model (CTM) driven by DECSO NOx emissions or
driven by the bottom-up HTAP emission inventory.

www.qa4ecv.eu) project developed an improved community algorithm
and uncertainty assessment for tropospheric NO2 satellite retrievals
from UV/VIS satellite sensors (Boersma et al., 2018). The QA4ECV re
trievals have used an enhanced spectral fitting method for NO2, the data
assimilation scheme from TM5-MP with 1◦ × 1◦ horizontal resolution to
estimate the stratospheric background and improve air mass factor
calculations (Lorente et al., 2017). The amount of negative tropospheric
NO2 columns at extreme viewing geometries are reduced due to im
provements of stratospheric correction (Zara et al., 2018).
To estimate long-term NOx emission trends in India, we use the
QA4ECV NO2 tropospheric columns from OMI, which is a Dutch-Finnish
instrument aboard NASA’s EOS-Aura satellite with an overpass time of
around 13:30 local time at the equator (Levelt et al., 2006). The pixel
size is 24 km × 13 km at nadir and increases to about 150 km × 28 km at
the edge of the swath. To ensure good quality of the data, we selected
observations following the criteria recommended in the data user
manual of the product (Boersma et al., 2017): 1. The processing error
flag = 0 for valid retrievals; 2. solar zenith angle <80◦ to avoid low
quality measurements in winter time; 3. the snow ice flag <10 or snow
ice flag = 255 to get the data over snow free land and ice free water; 4.
The ratio of tropospheric AMF/geometric AMF <0.2 to filter out the
retrieval based on very low tropospheric AMF and avoid extreme col
umn values over polluted area; 5. Cloud radiance fraction ≤0.5 to get
pixels at cloud free situations. Furthermore, we filter out the eight pixels
at each outer side of the swath and the pixels affected by the row
anomaly.
Compernolle et al. (2020) validated the QA4ECV OMI NO2 retrievals
with ground-based DOAS networks and concluded that QA4ECV OMI
tropospheric NO2 columns are negatively biased compared to the
MAX-DOAS data, which is common between satellite observations and
MAX-DOAS measurements. Zara et al. (2018) showed that the NO2 slant
columns of QA4ECV dataset have been improved comparing to DOMINO
v2 data.
The presence of aerosol in the atmosphere influences the light scat
tering and absorption and therefore affects the retrieval. The QA4ECV
retrieval approach (Boersma et al., 2018) uses the effective cloud frac
tion and effective cloud pressure derived from the O2–O2 absorption
feature in the OMI spectra, which accounts for clouds but also for the
impact of aerosols on the radiation field and on the NO2 retrievals to first
order (Boersma et al., 2004). Castellanos et al. (2015) indicates that the
implicit approach works reasonably for scattering aerosols, but in some
cases has limitations for e.g., biomass burning aerosols. Thus, the indi
rect impact of aerosol trends on the NO2 trends is therefore implicitly
corrected for in the retrieval product for most types of aerosols. Alter
native retrieval approaches with explicit aerosol corrections using
aerosol model forecasts have also been developed (Liu et al., 2019) but
the modelled aerosol distributions and composition have large un
certainties as well and therefore it is unclear if these approaches work
better than the implicit approach.
2.2. NOx emission estimates
DECSO is an inverse modelling method first developed by Mijling
and van der A (2012) to update daily emissions of short-lived gases
based on an extend Kalman filter for satellite observations. The DECSO
algorithm has been applied to NO2 observations from OMI. NOx emis
sions are constrained by combining simulated NO2 column concentra
tions of the regional CTM CHIMERE v2013 (Menut et al., 2013) with
satellite observations. The NOx emissions are derived on a grid with a
horizontal resolution of 0.25◦ × 0.25◦ . The essential part in the inversion
calculation is to derive the sensitivity of NO2 concentrations to NOx
emissions, which involves a simplified isobaric surface 2-D trajectory
analysis to account for the transport of NO2 from the source. To use the
QA4ECV data, we update the error covariance (R) associated with the
observation operator (describing the sensitivity of NO2 column con
centrations on gridded NOx emissions). The R matrix combines the

2. Method and data
2.1. QA4ECV OMI NO2 data
The QA4ECV (Quality Assurance for Essential Climate Variables,
2
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observation uncertainties of the tropospheric NO2 columns, the inac
curacy of the CTM and the representation error introduced by the pro
jection of the CTM grid cells onto the measured NO2 column on the
satellite footprints. We calculated R from statistics of observation minus
forecast (OmF) of the NO2 columns. The OmF variance consists of two
parts: the variance of the R matrix (σ2R) and the variance of the emissions
estimates propagated into the simulated column concentrations. A linear
relation between σR and NO2 columns has been found when using
DOMINO v2 data. Using QA4ECV, the slope has decreased from 0.55 to
0.47. The detailed explanation of the R matrix can be found in Ding et al.
(2017b). In the supporting information, a detailed comparison of the
NOx emissions from QA4ECV and from DOMINO v2 is analysed over the
domain of China, where the results from DECSO have been well analysed
and validated in the previous study of Ding et al. (2017a).
The Indian domain we choose in the study is from 4 ◦ N to 34 ◦ N and
67 ◦ E to 92 ◦ E. The vertical levels of CHIMERE v2013 run from surface
up to 500 hPa. We extend the modelled vertical profiles from 500 hPa to
the tropopause by adding a climatological partial column. This leads to
problems for the model simulations over very high mountain areas: the
Himalaya in the selected domain. To avoid this problem, we set the
surface pressure to 550 hPa in the model if the surface pressure in a grid
cell is lower than 500 hPa. As consequence the NOx emission estimates
are not realistic over high mountain areas. For the emission analysis, we
filter out emission results for heights above 550 hPa. The detailed
description of the DECSO algorithm and other CTM settings are pre
sented in Ding et al. (2017b). The DECSO version used in this study with
QA4ECV data is referred to as DECSO v5.1qa. The NOx emissions for
India derived with version 5.1qa can be found on the website of the ESA
GlobEmission project (www.globemission.eu).

available from the website. We collected the 30-min data from the
website for two years and converted them to hourly data. Unfortunately,
a strict quality control of the network is missing, resulting in lack of
continuity of the observations in most stations. The information of the
measurement techniques is not reported. In order to use the long-term
record of data, we set up the following criteria to select the data with
relatively good quality:

2.3. HTAP inventory

3. NOx emissions in India

The monthly anthropogenic NOx emissions for the year 2010 from
the Hemispheric Transport Atmospheric Pollution (HTAP) emissions
inventory version 2.2 (Janssens-Maenhout et al., 2015) is used to
compare with the NOx emissions derived from DECSO in India. HTAP
v2.2 is a bottom-up emission inventory constructed using the latest
available data from various regional emission maps. For Asia including
India, HTAP v2.2 uses the Model Intercomparison Study for Asia
(MICS-Asia III) (Itahashi et al., 2020) with a horizontal resolution of
0.25◦ × 0.25◦ , which is converted to 0.1◦ × 0.1◦ . Emissions are esti
mated from seven main categories of human activities: power, industry,
residential, agriculture, ground transport, aviation and shipping.

NOx emissions from 2007 to 2018 are derived from QA4ECV OMI
satellite observations over the Indian domain. The average yearly
satellite-derived NOx emissions of this period are presented in Fig. 2 (a).
The spatial distribution of satellite-derived NOx emissions shows strong
isolated emission spots, emissions over the Indo-Gangetic Plain, and also
a shipping lane over the Indian Ocean along Sri Lanka. Some emission
spots are consistent with the location of isolated large power plants. A
detailed comparison with power plants will be presented in Section 4.2.
From the time series of yearly emissions, we see that since 2007 NOx
emissions steadily increase to more than 50% until 2016. While from
2017 onwards, NOx emissions become stable or are slowly decreasing.
This is consistent with the result from Hilboll et al. (2017) showing that
the increase in NOx emissions coincides with the strong growth in Indian
economy, which has a growing demand for electricity generated from
coal power plants. In addition, they mentioned that serious regulations
on air quality in India became effective in 2017. Kurokawa and Ohara
(2020) compared the time series of NOx emissions from the latest
version of REAS (REAS v3) with 16 other inventories and showed a
consistent increase of NOx emissions for the period from 1995 to 2015.
The increase rate from 2007 to 2018 is comparable with that of DECSO
and of REAS v3.
We analyse the averaged monthly satellite-derived NOx emissions of
2007–2018 together with the normalized seasonal cycles of average
monthly temperature and precipitation (Fig. 3(a)). The total NOx surface
emissions have a strong seasonal cycle with higher emissions in summer.
The peak month of NOx emissions is the same as the precipitation. The
strong seasonality is probably due to soil emissions in India, where the
biogenic source of NO is also regarded as one of the main sources in this
region (Vinken et al., 2014). To further study the NOx seasonality from
different sources, we have selected the grid cells containing thermal
power plants based on the Global Power Plant database. Assuming NOx
emissions from those grid cells are mainly from power plants, Fig. 3(b)
shows the satellite-derived NOx daily emissions per month from the
thermal power plants. We see the NOx emissions from the energy sector

1. Filter out data points that are constant over time;
2. Filter out the observation time series with a repeating pattern
different from the diurnal cycle
3. Spikes (defined as 10 times higher than the standard deviation of the
measurements from the surrounding 24 h) are filtered.
4. All negative values are removed.
5. Data series of fewer than 180 days in one year are not used.
After the filtering, only 45 stations remain in 2018 and they are
distributed in 22 grid cells of our study domain. The majority of the 22
grid cells include only a single station. By checking the location of each
station, we see that the locations of most observation sites are close to a
highway, urban area or next to an industrial area, while the largest part
of the grid cell is rural area. This means that the location of the obser
vation site is not representative for the grid cell. To further select the
stations, we check the land-use data. If the urban area in the grid cell is
more than 10% based on the GlobCover Land Cover dataset imple
mented in the CTM by Ding et al. (2015), we assume that the in-situ site
can represent the grid cell. In the end, 36 stations located in 14 grids are
selected for the validation. Most valid in-situ stations are in the region of
Delhi (see Fig. 1).

2.4. Global power plant database
We use the Indian power plants information from the Global Power
Plant Database version 1.2.0 which including information on the plant
location, capacity, generation, ownership, and fuel type (Observatory
et al., 2018). The Global Power Plant Database is a comprehensive, open
source database of worldwide power plants, which covers approxi
mately 30,000 power plants from 164 countries and includes thermal
plants (e.g. coal, gas, oil, nuclear, biomass, waste, geothermal) and re
newables (e.g. hydro, wind, solar). We use the capacity information of
Indian coal power plants as a proxy for the NOx emissions.
2.5. In-situ observation
We have collected NO2 in-situ observations for the year 2017 and
2018 in India from the website of Continuous Ambient Air Quality
Monitoring Stations (https://app.cpcbccr.com/ccr/#/caaqm-dashboar
d-all/caaqm-landing), which is an air quality monitoring network set
up by the Indian Central Pollution Control Board. The network provides
surface concentrations of several pollutants including NO2, SO2, NH3,
O3, PM etc. We noticed that the number of available stations on the
website strongly increased at the end of 2017. There are in total 191 sites
3
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Fig. 1. Locations of the 36 selected in-situ stations. The zoom-in map shows the in-situ stations in Delhi (Map data ©2019 Google).

Fig. 2. (a)Averaged yearly NOx emissions (Gg N/grid cell/year) from 2007 to 2018 in the Indian domain. (b) Time series of yearly NOx emissions over land of the
study domain.

are almost constant through a year. Based on the GlobCover Land Cover
dataset, we selected the grid cells which are covered with more than
99% vegetation to separate the soil emissions from anthropogenic
emissions. In Fig. 3(c) we see a strong seasonal cycle of these total
biogenic emissions. Note that the biogenic emissions we estimated can
also include other emissions sources (e.g. traffic) which cannot be
filtered out based on land-use information. The NOx emissions in sum
mer are almost double of those in winter time. In Fig. 3(c) the NOx
emissions in July are about 2.8 Gg N/day, while in January they are less

than 1.5 Gg N/day The biogenic source in India plays a significant role in
NOx emissions. The NOx emissions over land in the selected domain are
2.7 Tg N year-1 in 2018, and the biogenic emissions are about 0.8 Tg N
year-1. Weng et al. (2020) indicated that highest soil emissions occurred
over regions with intensive agricultural activities including India. Their
results show that the ratio of NO soil emissions between July to January
is about a factor 2.5. Their soil emissions over our Indian domain in 2017
is about 1.3 Tg N year-1, which is higher than our result. Because our
biogenic emissions are calculated only from the grid cells with more
4
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Fig. 3. Averaged monthly NOx emissions from 2007 to 2018 in India. (a) total NOx emissions. (b) NOx emissions from thermal power plants. (c) NOx emissions from
rural areas where biogenic emissions are the main source.

99% vegetation, the other grid cells having biogenic emissions are not
included.

4.1. Global power plant database comparison
NOx emissions from power plants are one of the main sources in
India. The Global Power Plant Dataset from the World Resources Insti
tute (WRI) provides coordinates, fuel type and capacity information of
power plants, which are a good proxy for emissions to validate the
spatial distribution of NOx emissions from point sources. Fig. 4 shows
the locations of thermal power plants and the NOx emission maps of
DECSO and HTAP in 2010. In Indian, the NOx control devices are
installed for some power plants but most of them have very limited
impact (Wiatros-Motyka, 2018). So the capacity of power plant can be a
good indicator for NOx emissions. To validate the relative magnitude of
emission spot in each inventory, we calculate the correlation coefficient
(R) between NOx emissions from the grid cells containing power plants
and the capacity of these power plants. If several power plants are in the
same grid cell, we calculate the total of their capacities to compare with
NOx emissions. We have chosen the capacity of the year 2016 because
the information in this year is the most comprehensive in the dataset for
India. The R is only 0.48 for HTAP (derived for 2010), while for the same
year 2010, DECSO has a better R (0.61). For NOx emissions from DECSO

4. Validation
To validate NOx emissions derived with DECSO, we compare them to
NOx emissions from HTAP in 2010. We see from Fig. 4 that the point
sources from DECSO are more localised than HTAP. Even though the
resolution provided by HTAP is 0.1◦ , the original information of their
NOx emissions is provided on a much coarser scale (regional). The HTAP
map shows that the NOx distribution has clear state borders, which is
probably caused by the downscaling of total emissions per state to the
high resolution grid. In the Kerala state, we see strong NOx emissions
near the coast in HTAP but those high emission spots are not visible from
NO2 satellite observations. Therefore, satellite-derived emissions are
lower in Kerala. The total emissions derived from DECSO for India are
about 30% lower than HTAP. To further compare NOx emissions be
tween DECSO and HTAP, we compare them to the Global Power Plant
database. The in-situ measurements will be used for comparison to the
model simulations driven by DECSO and HTAP emissions.
5
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Fig. 4. The location of thermal power plants (left) and yearly NOx emissions from DECSO (middle) and HTAP (right) in 2010.

in 2016, the reporting year of the power plant capacity, DECSO has a R
value of 0.74. The DECSO emissions show more emission spots as well as
a better correlation between the emission spots and power plant loca
tions than HTAP.

compared with the selected in-situ observations in 2018. The simulation
with DECSO NOx emissions has a much lower bias, especially in grid
cells including more than two stations. When more observation sites are
located in a grid cell, the average of the sites become more representa
tive for the grid cell. The four grid cells including more than 2 in-situ
stations are next to each other and covering the area of Delhi. We see
that the simulation using DECSO NOx emissions has a much smaller bias
and better agreement with in-situ observations, while the simulation
using HTAP NOx emissions strongly overestimates the surface NO2
concentrations in the Delhi region.

4.2. Ground observations
To validate the DECSO NOx emissions with the in-situ observations,
we set up two CHIMERE runs for the year 2018: one run using the
combination of DECSO NOx emissions of 2018 and emissions of other
species from the HTAP inventory of 2010, and another run using the full
HTAP inventory of 2010. We compare the two simulated NO2 surface
concentrations with the selected in-situ observations. Despite not having
many in-situ stations suitable for validation, it still gives valuable in
formation. The locations of these in-situ measurements are all next to
emissions sources, for example next to a highway or near the city center.
The size of the model grid cell from the simulations is much larger than
the representativeness of the in-situ observation. If there is only one insitu site in a grid cell, the measurements cannot represent the average
situation of the grid cell because of the proximity to large emitters and
are therefore usually higher than the average concentration of a larger
area. Fig. 5 shows the average daily bias of the two simulations

5. Conclusion
In this study, we have applied DECSO to OMI NO2 retrievals based on
the improved algorithm QA4ECV. The evaluation of the NOx emissions
derived from QA4ECV shows better and generally higher NOx emissions
comparing to the NOx emissions from DOMINO v2. The negative bias of
NOx emissions over areas at high latitudes has been reduced and more
low emission sources are detected. By selecting only retrievals with an
effective cloud fraction of less than 20% we avoid lightning NO2 (above
clouds) in our analysis and we avoid effects from aerosols, which are
observed as part the effective cloud fraction. We have applied DECSO to
Fig. 5. The averaged daily bias of surface NO2 con
centrations from model simulations compared to the
selected in situ observations (model simulations
minus in-situ observation). The blue bar is the simu
lation driven by the year 2018 using DECSO NOx
emissions in 2018 (blue) and the orange bar is the
simulation driven by the HTAP NOx emissions in
2010 The location of the stations is shown in Table S1
and Fig. 1. (For interpretation of the references to
colour in this figure legend, the reader is referred to
the Web version of this article.)
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QA4ECV retrievals to estimate long term NOx emissions at a resolution
of 0.25◦ × 0.25◦ from 2007 to 2018 in India. Our satellite-derived NOx
emissions shows that in India NOx emissions steadily increase until 2016
with a total increase of 50% compared to 2007. This increase of NOx
emissions corresponds to the strong growth of the Indian economy.
Since 2017, NOx emissions become stable or slowly decrease due to
implementation of air quality regulations in India. Any uncertainty in
the CTM performance (e.g. effect of cloudiness) is taken into account in
the covariance matrix R of the observation operator. The parametriza
tion of this covariance is derived from OmF statistics of a one-year
assimilation run. Any biases in the model or observations will result in
corresponding biases in the emissions, but this will hardly affect the
trend. The monthly averaged emissions show a strong seasonal cycle.
The biogenic source in India plays a significant role in NOx emissions,
which may lead to high NOx emissions in summer. The total NOx
emissions over land in the Indian region are about 2.7 Tg N year-1 in
2018, of which 0.8 Tg N year-1 from biogenic sources.
The comparison with Globe Power Plants database shows that
DECSO has better spatial correlation between the emissions spots and
power plant locations and better correlation between NOx emissions and
the electricity capacity of power plants than HTAP. DECSO also shows
more emissions spots. The total emissions derived from DECSO for India
are about 30% lower than HTAP. Also De Foy and Schauer (2022) re
ported lower satellite-derived emissions in New Delhi compared to the
bottom-up inventories REAS and EDGAR. Even though the valid in-situ
observations are very limited, the comparison of the model simulation
using DECSO and HTAP NOx with in-situ data give a useful indication of
emission inventories. The model simulation using HTAP NOx emissions
strongly overestimated the surface NO2 concentrations compared to
in-situ observations. The simulation using NOx emissions of DECSO has a
small bias of less than 5 μg/m3 with in-situ observations in New Delhi.
Satellite-derived NOx emissions over the long-term capture well the
spatial distribution and temporal changes of NOx emissions. This is very
valuable especially over the areas where important emission informa
tion (emission activities, emission factors etc.) are missing in the
bottom-up approach. Satellite observations may suffer from systematic
biases as for instance shown by Lamsal et al. (2021), over polluted re
gions systematic biases can be up to 50% linked to surface albedo and
cloud retrieval aspects. One additional aspect relevant for background
levels of NO2 is the stratosphere-troposphere separation and biases in
the free tropospheric column, which may impact more diffuse sources
like soil emissions. However, the use of the averaging-kernel removes
possible biases related to the retrieval a-priori. Furthermore, more
validation work is required for both satellite-derived and bottom-up
emissions. Comparing model simulations driven by different emission
inventories with in-situ observations is a useful tool to validate emis
sions, but long record data over more locations and more detailed in
formation about the type of ground instruments and their surrounding
environments is required.
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