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Text S1- Comparing different anthropogenic emission inventories and their impacts on air quality findings 

We compared the emissions in three most commonly used global emission inventories that can be applied for regional air quality 

modeling over India. Specifically, we looked at the total and sectoral emissions of Hemispheric Transport of Air Pollution emission 

inventory (HTAP v2.2), Copernicus Atmosphere Monitoring Service global emission inventory version 4.2 (CAMS v4.2), and the 

modified Community Emissions Data System emission inventory (CEDS_M). 

HTAP v2.2 is a 0.1x0.1 degree gridded monthly-averaged for each sector for base year of 2010 (Janssens-Maenhout et al., 2015). 

We used the speciation provided by Emissions of atmospheric Compounds and Compilation of Ancillary Data (ECCAD) database 

for NMVOCs, which is based on ratios in the RETRO project (https://permalink.aeris-data.fr/HTAPv2, last access: 20 December 

2020). Moreover, the mapping between the both ECCAD and CEDS_M NMVOCs and model emitted species are provided in 

Table S1 (personal communications with Louisa Emmons, NCAR). CAMS v4.2 (available from ECCAD database 

(https://permalink.aeris-data.fr/CAMS-GLOB-ANT, last access: 02/23/2021) provides 0.1x0.1 degree gridded monthly-

averaged emissions for the years between 2000 and 2020. It uses Emissions Database for Global Atmospheric Research version 

4.3.2 (EDGARv4.3.2) for the years before 2012 and projects emissions between 2012 and 2020 using the CEDS emission trends 

(Granier et al., 2019). The information about the CEDS_M, which is the base emission inventory in this study, can be found in the 

main text. 

Figure S27 shows the total and spatial pattern of emissions in April based on each emission inventory. For NOx, the total emissions 

in HTAP v2.2 and CEDS_M are close together and about 10% lower than in CAMS v4.2. The spatial patterns are also similar 

between HTAP v2.2 and CEDS_M showing more spread of emissions over the IGP region. However for NMVOCs, CEDS_M and 

CAMS shows about 40% reduction in emissions compared to HTAP v2.2 although the spatial pattern remained the same. On the 

other hand, CEDS_M increased both BC and OC emissions by about 20% compared with HTAP v2.2. Another major difference 

between these two emission inventories for BC and OC is that CEDS_M allocated more emissions over the IGP region. Models 

with no data assimilation usually have troubles to capture the high PM2.5 concentrations using HTAP v2.2 over this region 

(Roozitalab et al., 2021). This increase could resolve this issue to some extents. The SO2 and NH3 emissions are also higher in 

CEDS_M by 25% and 130% ,respectively, compared with HTAP v2.2. Larger NH3 emissions are also provided by CAMS v4.2 

compared with HTAP v2.2. Although nitrates are not considered currently as a main component of PM2.5 over India (Venkataraman 

et al., 2018), this higher NH3 emissions, specifically over the IGP region, could affect the thermodynamic equilibrium of the model 

because of more anions (Vasilakos et al., 2018).  

The sectoral allocations in these emission inventories are also different.  Figure S28shows the sectoral contribution for each species 

over India and over the urban pre-defined sub region. For NOx, transport sector is dominant while it is the third ranked sector in 

CEDS_M. Energy and industry sectors emit more NOx in CEDS_M emission inventory. Energy is also the dominant sector in 

CAMS v4.2 for NOx emissions. Similarly, transport sector is dominant in HTAP v2.2 over the urban region while industry sector 

emits more NOx in CEDS_M emission inventory. For NMVOCs, residential sector is the dominant sector in all the inventories 

when looking at India. Nevertheless, the contribution of transport sector is decreased in CEDS_M and CAMS v4.2 inventories 

compared with HTAP v2.2 over India. On the other hand, the dominant sector for NMVOCs over the urban region is different. 

Specifically, transport, industry, and residential sectors are dominant sectors of NMVOCs in HTAP v2.2, CAMS v4.2, and 

CEDS_M emission inventories, respectively. Although there are some local emission inventories available throughout the country 

(Guttikunda et al., 2019;Jena et al., 2021), this comparison showed the necessity of an updated gridded national emission inventory 

for India. 

We performed an experiment using HTAP v2.2 emission inventory to see which inventory provides better air quality results over 

the domain. Table S6 shows that statistics for O3 MDA8 and daily means for NO2, and PM2.5 concentrations. It should be mentioned 

https://permalink.aeris-data.fr/HTAPv2
https://permalink.aeris-data.fr/CAMS-GLOB-ANT
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that the results in the main text are based on CEDS_0.75NOXnight_1.25NOXday_0.5BC. CEDS_M and other global inventories 

do not provide diurnal profile in the emissions (i.e. they are monthly). To account for the diurnal pattern of NOx emissions in the 

inventory, we perturbed nighttime and daytime emissions by 25%. Although we acknowledge this simplification has large 

uncertainties (e.g. not all the sectors have diurnal profile for NOx emissions), we found better representation of nighttime NO2 

concentrations. It shows that studies should apply more detailed diurnal profiles in their studies based on more detailed diurnal 

profiles (e.g. Wang et al. (2014)).  

Furthermore, the results in the main text are based on 50% lower ozone from boundary conditions (0.5BC). Therefore, we also 

provide the statistics for a scenario, where we only switched the emission inventories (columns 1 and 2 in the table). By switching 

the emission inventories, we significantly improved the NO2 and PM2.5 statistics. However, the results for ozone were slightly 

degraded (which we eventually could improve by reducing the transboundary ozone from BCs). We decreased the ozone from 

boundary condition because we found that it affects surface ozone over the domain. Figure S29 Shows the impact of 50 percent 

higher ozone only in the boundary condition data through a horizontal cross section over the domain after 60 hours; showing about 

20ppb higher ozone on the surface. On the other hand, this modification also significantly decreases ozone concentrations in upper 

levels of the atmosphere. BC ozone is certainly not high on all the layers, but either its vertical profile is not right (WRF interpolates 

it), or dynamics of the model is not accurate (PBL height measurement can clarify this), or BC ozone amounts in lower levels (in 

global models) are actually high. The focus of current study was surface ozone formation and changes due to different years but 

the impacts of transboundary ozone on surface and upper levels should be studied more carefully in future works.  
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Text S2. Using IRR data in WRF-Chem model 

IRR provides the gas-phase reaction rate for the species involved in each reaction. As a simple unit for these outputs, IRR within 

the WRF-Chem model, are in ppb and are cumulative. As a result, the hourly reaction rates (ppb/hr) can be calculated by subtracting 

the values in two consecutive hours. We use the difference between hours ñiò and ñi+1ò as the reaction rate in hour ñiò. Reporting 

this information in óppb/hrô makes the data easy-to-report and useful for all the species within the reaction. For example, in the 

reaction A+B-> C+D, a single reaction rate of RR in ppb/hr shows that RR ppb of A and B was consumed and RR ppb of C and 

D was produced in a specific hour. In our analysis, we used the IRR information averaged within the boundary layer following 

Pfister et al. (2019).   
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Text S3. Grid classification algorithm 

We classified each grid cell as urban, rural, or power-plant, when analyzing the ozone FNR analysis and making general 

conclusions, based on the list of National Clean Air Programme (NCAP) non-attainment cities and emission information. In 

particular, we used the shape file of NCAP airsheds to find the cities. It includes 94 airsheds covering 122 non-attainment cities in 

NCAP over India. However, our analysis is based on the model results and the used emission data did not showed large emissions 

in all of these airsheds. Thus, we added another filter to check the emissions. As a result, we used the following process for 

classifying each grid cell. It should be mentioned that the threshold limits have been determined based on analyzing different 

values. Furthermore, the CEDS_M emissions are used for the classification.   

For urban grid cells: 

- It should be included in the NCAP cities. 

- NOx emission flux in the transportation sector should be equal or more than 1.5 moles/km2/hr. We used 3 moles/km2/hr 

for HTAP v2.2 emissions since its emissions were larger. 

For rural grid cells: 

- NOx emission flux in the transportation sector should be less than 1.5 moles/km2/hr. 

- SO2 emission flux in the energy sector should be less than 10 moles/km2/hr. 

For power plant grid cells: 

- NOx emission flux in the transportation sector should be less than 1.5 moles/km2/hr. 

- SO2 emission flux in the energy sector should be equal or more than 10 moles/km2/hr. 

 

Figure S22 shows the grid cells classification results. 
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Figure S1 Location of the selected regions of Urban (Lower Left (LL): 28.3N, 76.7E, Upper Right (UR): 28.9N, 77.5E), Rural (LL: 25.1N, 

79E, UR: 25.6N, 79.75E), and Power (LL: 23.9N, 82.5E, UR: 24.5N, 83.3E). States of Punjab, Haryana, Uttar Pradesh, and Gujarat are 

also shown. The background map shows the 2020 population counts based on Global World Population v4 (Center for International 

Earth Science Information Network - CIESIN - Columbia University, 2018).  
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Figure S2 Comparison of FINN biomass burning emissions between 2019 and 2020 for a) total emissions and b) the ratio of daily 

emissions 

  

March April

a) Total fire emissions b) Daily emissions ratio (2020/2019)



8 

 

 

Figure S3 Timeseries of 2m temperature in model (black dots) and MERRA-2 (green line in 2019 (a) and red line in 2020 (b)) in a grid 

cell over Delhi (28.6N, 77.19 E) 

  

a) April 2019

b) April 2020
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Figure S4 Temporospatial performance of the model for 10 m wind speed in April 2019 and 2020. Timeseries (g,h) are for a location in 

Delhi (28.6N, 77.19 E) 

  

g) April 2019

h) April 2020

a) April 2019-Model b) April 2019-MERRA2

d) April 2020-Model e) April 2020-MERRA2
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Figure S5 Mean daily modeled (left column) and observed (right column) precipitation in April 2019 (top row) and 2020 (bottom row). 

Observed data are based on IMERG dataset.  

  

a) April 2019-Model b) April 2019-IMERG

c) April 2020-Model d) April 2020-IMERG
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Figure S 6 hourly scatterplots of the modeled vs. ground measurement concentrations of PM2.5 (a,b), ozone (c,d), and NO2 (e,f)in 

During April 2019 and 2020, respectively. The 1:1 line is shown in solid red and 1:2 lines are shown in dashed red lines. 

 

 

b) April 2020 - PM2.5 (ug/m3)a) April 2019 - PM2.5 (ug/m3)
)

c) April 2019 ςO3 (ppb)

e) April 2019 ςNO2 (ug/m3) f) April 2020 ςNO2 (ug/m3)

d) April 2020 ςO3 (ppb)
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Figure S7 24-hour averaged PM2.5 (top row), NO2 (middle row), and ozone (bottom row) concentrations measured over CPCB stations 

in Delhi (left column) and modeled over Urban region (right column) between 10 March and 30 April in 2019 (green colors) and 2020 

(red colors). The shaded regions show ±1STD. The observed data were extracted from the ground measurements data in Delhi, while the 

modeled data were averaged in the Urban box region. 

  

a) PM25-Obs b) PM25-Mod
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Figure S8 Averaged daily PM2.5 (top row), NO2 (middle row), and ozone (bottom row) concentration changes between 2020 and 2019, 

during 10 March and 30 April, based on the  measured data over CPCB stations in Delhi (black dashed line) and modeled data (green 

solid line) over Urban region. The observed data were extracted from the ground measurements data in Delhi, while the modeled data 

were averaged in the Urban box region.   
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Figure S9 Averaged daytime (1000-1700 LT) PM2.5 (top row), NO2 (middle row), and ozone (bottom row) concentrations measured over 

CPCB stations in Delhi (left column) and modeled over Urban region (right column) between 10 March and 30 April in 2019 (green 

colors) and 2020 (red colors). The shaded regions show ±1STD. The observed data were extracted from the ground measurements data 

in Delhi, while the modeled data were averaged in the Urban box region. 
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Figure S10 Changes in NO2 tropospheric column (top row) and FNR (bottom row) between April 2020 and 2019 observed from the 

space (TROPOMI  ï left column) and modeled in this study (Model ï right column). The modeled data are the mean values between 

12:30 and 14:30 local time to resemble the TROPOMI overpass time.  

  

a) ҟbh2 - TROPOMI bύ ҟbh2 - Model 

cύ ҟCbw - TROPOMI dύ ҟCbw - Model 
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Figure S11 Averaged daytime (1000-1700 LT) NO2 concentration changes between 2020 and 2019, during 10 March and 30 April, based 

on the  measured data over CPCB stations in Delhi (black dashed line), Base model used in the manuscript, and using HTAP 

anthropogenic emission inventory instead of CEDS_M in the base model over Urban region. The observed data were extracted from the 

ground measurements data in Delhi, while the modeled data were averaged in the Urban box region 
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Figure S12 Responses of April averaged daytime PM2.5 (first row), PA 2.5 (second row), SIA2.5 (third row), and SOA2.5 (fourth row) 

concentrations in the IGP to meteorology (left column), emission (middle column), and combined (right column) effects. The numbers in 

the parenthesis show the averaged change over the colored region between April 2020 and 2019.  

j) SOA25-Met (-19%) k) SOA25-Emi (-7%) l) SOA25-Com (-24%)

g) SIA25-Met (-10%) h) SIA25-Emi (-20%) i) SIA25-Com (-28%)

d) PA25-Met (-11%) e) PA25-Emi (-4%) f) PA25-Com (-15%)

a) PM25-Met (-12%) b) PM25-Emi (-12%) c) PM25-Com (-22%)
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Figure S13 Responses of April averaged daytime ozone (first row), NOx (second row), CO (third row), and NMVOC (fourth row) 

concentrations in the IGP to meteorology (left column), emission (middle column), and combined (right column) effects. The numbers in 

the parenthesis show the averaged change over the colored region between April 2020 and 2019.  

a) Ozone-Met (-8%)

d) NOx-Met (-12%)

g) CO-Met (-16%)

j) NMVOC-Met (-21%)

b) Ozone-Emi (-5%) c) Ozone-Com (-13%)

e) NOx-Emi (-23%) f) NOx-Com (-32%)

h) CO-Emi (-1%) i) CO-Com (-17%)

k) NMVOC-Emi (-4%) l) NMVOC-Com (-24%)
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Figure S14 PM2.5 composition concentrations averaged in April 2019 based on 2019BAU scenario 

 

  

a) PA25-2019BAU a) SIA25-2019BAU c) SOA25-2019BAU

Concentration (µg/m3)
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Figure S15 Responses of April averaged daytime a) primary  inorganics (OIN2.5), b) OC2.5, c) BC2.5, and d) 10-m wind speed (Ws10) to 

meteorology effects. 

  

a) OIN2.5-Met b) OC2.5-Met

c) BC2.5-Met d) Ws10- Met
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Figure S16 The changes between 2020 and 2019 in averaged daytime 2-m temperature (Y-axis) and 10-m wind speed (X-axis) in March 

(left column) and April (right column) in Urban (top row), Power (middle row), and Rural (bottom row). The numbers show the day of 

the month. The colors show the percentage of decrease in NOx emission in each day (negative value shows an increase in emission). The 

black (red) circle in top panel shows the day with the lowest overall changes in meteorology in March (April). X- and Y-axis are 

normalized changes.  
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Figure S17 Biogenic emission from MEGAN in 7 April 2020 (left column) and 2019 (middle column) and their corresponding changes 

(right column) for isoprene (top row), CO (middle row), and NO (bottom row) 

  

b) 7 April 2019-Ebiog_ISOP
a) 7 April 2020-Ebiog_ISOP

e) 7 April 2019-Ebiog_CO
d) 7 April 2020-Ebiog_CO

h) 7 April 2019-Ebiog_NO
g) 7 April 2020-Ebiog_NO

c) 7 April 2019-Bias Ebiog_ISOP

f) 7 April 2019- Bias Ebiog_CO

i) 7 April 2019-Bias Ebiog_NO
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Figure S18 Impact of transboundary conditions due to the COVID-19 lockdown (COVID_BoundaryCondition ï 

BAU_BoundaryCondition) over the domain on surface air pollutants concentrations 

PM2.5

PA2.5

SIA2.5

SOA2.5

O3

NOx 

CO 

NMVOC 

Absolute change [ug/m 3 (left column), ppb (right column)]




































