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HIGHLIGHTS GRAPHICAL ABSTRACT

e Anthropogenic PM, 5 is simulated over
India with EDGAR-HTAP and ECLIPSE
emission Inventory.

e Anthropogenic PM, s using ECLISPE is
26% higher than that using EDGAR
inventory.

e BC:OC ratio simulated by both the in-
ventories varies in the range 3-5.

e Pollution build-up is pushed towards "
eastern part of Gangetic basin in the )
winter season.

e Diurnal amplitude in anthropogenic
PM, 5 often exceeds 15 ug/m>.
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ARTICLE INFO ABSTRACT

Keywords: Ambient PMj 5 (fine particulate matter) exposure is one of the leading health risk factors in India. The role of
EDGAR-HTAP chemical transport models (CTMs) in air quality management is well recognized today. However, effectiveness of
ECLIPSE CTM outputs critically depends on accuracy of emission inventory. Here we evaluate anthropogenic PMy s
ﬁVNII{:;Chem simulated by WRF-Chem using two major inventories - EDGAR and ECLIPSE with satellite and MERRA-2
BC reanalysis data. We found that both inventories show similar accuracy statistically (correlation coefficients, R
oc of 0.87 and 0.9 and RMSEs of 8.4 and 10.2 pg/m® for EDGAR and ECLIPSE, respectively) at national scale, but
Emission inventory with significant regional variation. The simulated anthropogenic populated PM, 5 exposure is high with ECLIPSE
Air quality emission compare to EDGAR for most of the states. In some populated states Delhi, Uttar Pradesh, Haryana,
India Bihar, Uttarakhand, Rajasthan, Punjab and few less populated states Sikkim, Tripura exposure is exceeding more

than 30% with ECLIPSE emission inventory compare to EDGAR. After the monsoon is withdrawn, pollution
builds up in the western Indo-Gangetic Basin (IGB), while it is pushed towards eastern IGB in the winter season.
Diurnal amplitude in anthropogenic PMa 5 exceeds 15 ug/m?® in large parts of India especially during the post-
monsoon to winter season suggesting that exposure modeling needs to be carried out with higher temporal
frequency for better health burden assessment.
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1. Introduction

Exposure to particulate matter with diameter less than 2.5 pm
(referred to as PMjy 5) is the largest environmental health risk factor in
India (Dandona et al., 2017). The Global Burden of Disease (GBD) study
revealed that annual population weighted mean exposure to ambient
PMy5 in India was 89.9 ug/m® (95% uncertainty interval [UI]
67.0-112.0 ug/m®) in 2017 (Balakrishnan et al., 2019). This implies that
76.8% population was exposed to ambient PMys concentrations
exceeding annual national ambient air quality standard (NAAQS). As a
result, 670,000 (550,000-790,000) premature deaths and 0.9 (0.8-1.1)
year life expectancy loss were attributed to ambient PMj 5 exposure in
India in 2017 (Balakrishnan et al., 2019). Several other studies in India
provided evidence to link air pollution exposure to various health out-
comes such as low birthweight (Balakrishnan et al., 2015), all-cause
mortality (Balakrishnan et al., 2011; Dholakia et al., 2014; Rajar-
athnam et al., 2011), children lung function (Awasthi et al., 2010),
respiratory morbidity (Kumar et al., 2007), and emergency hospital
visits (Pande et al., 2002). The economic impact of air pollution in India
was pegged at a massive USD 800 billion in 2016 (OECD, 2016).

Due to the staggering health burden attributed to air pollution, a
study conducted by an expert committee formed by the Govt. of India
(Sagar et al., 2016) has argued that the problem of air pollution needs to
be treated from a health-centred perspective, for which the first step is to
generate ambient PMs 5 exposure statistics for the entire country with
high accuracy. Unfortunately, the ground-based monitoring of PMj 5 is
not adequate in India as only 1 monitor operates per 6.8 million people
(Martin et al., 2019) and the spatial distribution is also non-uniform
across India (see www.cpcb.nic.in for the locations of continuous and
manual monitoring). This leaves a large part of India including the entire
rural area unmonitored. Satellite data have been utilized to fill this
spatial sampling gap (e.g. Dey et al., 2012; Van Donkelaar et al., 2016),
where scaling factors to convert satellite-retrieved aerosol optical depth
(AOD) to PM; 5 were generated by a chemical transport model (CTM)
(van Donkelaar et al., 2010). However, satellites have temporal gap and
therefore, complimentary information from CTMs are highly useful to
fill the spatial and temporal gap in PMs 5 monitoring.

Another critical component of air quality management is the infor-
mation about relative contributions of various sources at regional scale.
While the traditional methods of chemical analysis and receptor
modelling can provide valuable information at city level, it is difficult to
apply such methods at national scale. CTMs are also proven to be useful
in source apportionment at a regional scale when a particular source is
switched off in a simulation and the simulated PM, 5 without that source
in comparison to simulated PM, 5 with all the sources can be attributed
to the relative contribution of that particular source. Using this ‘sub-
traction method’, several studies (Chafe et al., 2015; Conibear et al.,
2018., Global Burden of, 2018; Upadhyay et al., 2018a) have confirmed
that household emissions contribute the largest share to ambient PMs 5
in India. While these studies agree broadly in terms of relative contri-
butions of individual sources, the magnitudes vary (Chowdhury et al.,
2019a) due to (a) incorporation of different emission inventory, (b)
differences in model simulated meteorology that in turn depends on the
initial and boundary conditions, and (c¢) model physics. Systematic
approach is required to understand the influences of these three factors
in model-simulated PMj 5. Inter-comparison of various CTMs using the
same emission inventory and meteorology (Rao et al., 2010) would
advance understanding of the nuances of the parameterization schemes
in the models. On the other hand, use of various inventories in a single
model would help understanding the representativeness of the in-
ventory. This is an important issue as India does not have any national
emission inventory that is periodically updated. Several regional
(Behera and Sharma, 2011; Guttikunda and Calori, 2013; Pandey et al.,
2014; Sadavarte and Venkataraman, 2014; Sharma and Dixit, 2016) and
global (Janssens-Maenhout et al., 2012; Stohl et al., 2015) emission
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inventories are available for use in air quality studies in India. It is
difficult to assess the representativeness of these inventories in
mimicking the real anthropogenic PMy 5 distribution directly due to
their methodological differences.

In this work, we simulate anthropogenic PM, 5 over India by WRF-
Chem using the two widely used global emission inventories —
EDGAR-HTAP (Emission Database for Global Atmospheric Research —
Hemispheric Transport of Air Pollution) and ECLIPSE (Evaluating the
Climate and Air Quality Impact of Short-Lived Pollutants). WRF-Chem is
chosen as the CTM as it is a community model and previously has been
used by various researchers to examine aerosol distribution over India
(Bran and Srivastava, 2017; Conibear et al., 2018; Upadhyay et al.,
2018a). We then evaluate the simulated anthropogenic PMs 5 with sat-
ellite observations and intercompare the concentrations of primary and
secondary pollutants from the two inventories in view of atmospheric
processes and sources. The present work provides a framework to
evaluate the representativeness of these inventories in the Indian
context for studying air quality and its space-time variation.

2. Methodology
2.1. Model setup

Online coupled WRF-Chem is a combination of Weather Research
Forecasting (WRF) and chemistry model, this is developed and main-
tained at National Centre for Atmospheric Research (NCAR) for simu-
lating meteorological parameters and chemical composition of
atmosphere simultaneously (Fast et al., 2006; Grell et al., 2005).
Simulation has been performed with WRF-Chem 3.6 ata 10 km x 10 km
resolution over the domain that centres around 28.6 N, 77.2 E and
covers all the land area of India (Fig. 1). The domain has horizontally
345 x 345 grid points and 30 vertical levels with the top set at 50 hPa.
Physics and chemistry schemes used in model setup for this study are
summarized in Table 1. Meteorological initial and boundary conditions
have been generated using NCEP — FNL (National Centre for Environ-
ment Protection - Final Analysis) data that includes all required mete-
orological fields at a spatial resolution of 1° x 1° for every 6 h. 24
category land-use data from United States Geographical Survey (USGS)
has been used in this study.

Two sets of WRF-Chem simulations have been performed for the
entire year 2010 using EDGAR-HTAP and ECLIPSE. Separate simulation
for each month has been performed and these monthly simulations have
been averaged to get results at annual scale. First 24-h data from each
month has been left as spin-up. Anthropogenic PM; 5 has been obtained
by removing simulated natural PM; 5 from total simulated PMy s.

2.2. Emission inventory

We use EDGAR-HTAP and ECLIPSE emission inventories for the
simulations. EDGAR project is managed by Joint Research Centre (JRC)
of European Commission. Version 2 of EDGAR-HTAP has been devel-
oped for SO,, NOy, CO, NMVOC, NH3, PM; o, PM; 5, BC and OC atreso-
lution of 1° x 1" for the year 2008 and 2010 (https://edgar.jrc.ec.eu
ropa.eu/htap_v2/). This emission inventory has been developed by
compiling regional gridded emission inventories developed in various
part of world. Emission inventory developed under project Model-Inter
Comparison Study has been used for Asian countries like China and
India (Janssens-Maenhout et al., 2015; Li et al., 2017), whereas emission
inventories from United States Environmental Protection Agency
(USEPA), Environment Canada, European Monitoring and Evaluation
Programme has been used for USA, Canada and Europe respectively.
EDGAR-HTAP has considered all major emission sectors like residential,
transportation, industry and energy sector. Each of these sectors consists
of emissions from different activities included under the sector. For
example, the residential sector includes residential cooking, heating,
lightening, solid waste treatment, whereas transport sector includes


http://www.cpcb.nic.in
https://edgar.jrc.ec.europa.eu/htap_v2/
https://edgar.jrc.ec.europa.eu/htap_v2/
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Fig. 1. Model domain with boundaries of states and the union territory (UT) of India. Indo-Gangatic Basin and Peninsular India are demarcated.

emissions from road, railway, inland water way and other ground
transport of mobile machinery. Energy sector includes emissions from
power generation units based on coal and industrial sector includes
emissions from industrial processes, small and large scale combustion in
industrial plant (Janssens-Maenhout et al., 2015).

ECLIPSE project of International Institute for Applied System Anal-
ysis (IIASA) aimed to generate gridded anthropogenic emissions in-
ventory for the entire globe for different emission scenarios. Greenhouse
gas — Air pollution Interactions and Synergies (GAINS) model has been
used to estimate emissions using source characteristics and emission
factor at a resolution of 0.5° x 0.5° (Amann et al., 2011; Klimont et al.,
2017; Stohl et al., 2015). In this work, we use year 2010 emission for
species SOy, NOy, CO, VOC, NH3, PM;o, PM3 5, BC and OC (http://www.

Table 1
List of physics and chemistry schemes along with their references used in WRF-
Chem setup for this work.

Physics and Dynamics Scheme References

Microphysics Lin Lin et al. (1983)
Short wave Dudhia Dudhia (1989)
Radiation

Mlawer et al. (1997)
Tewari et al. (2004)

Long wave Radiation =~ RRTM

Surface physics Unified NOAH Land Surface
Model

PBL scheme YSU

Cumulus Grell-Fretias

Hong et al. (2006)
Grell and Freitas
(2014)

Chemistry options
Gas phase Chemistry
Aerosol Chemistry

RADM2
GOCART

Stockwell et al. (1990)
Chin et al. (2002)

iiasa.ac.at/web/home/research/researchPrograms/air/ECLIPSEVS5.
html). Version 5 of ECLIPSE has been used in this study which has
incorporated some previously unaccounted emission sources like flaring
of associated petroleum gases (in oil and gas exploration sectors),
kerosene lamp for lighting, diesel generator sets, high emitting vehicle,
international shipping, refuse burning, and brick kiln. Emissions are
grouped in 6 major anthropogenic sources - domestic, industrial,
transportation, energy, agriculture, and waste treatment. Previously,
Current legislation emission (CLE) and SLCP (Short-Lived Climate Pol-
lutants) mitigation scenarios of ECLIPSE have been compared for future
projections of anthropogenic PMy 5 over India (Upadhyay et al., 2018b).

Spatial distributions of emissions of PMy 5, BC, OC, SO, and NOy
from EDGAR and ECLIPSE for the year 2010 and their ratios over the
Indian landmass are shown in Fig. 2. Since ECLIPSE inventory is at
coarser resolution than that of EDGAR, ECLIPSE emission inventory has
been redistributed to 0.1° x 0.1° resolution from 0.5° x 0.5° using the
spatial gradient from EDGAR. The IGB (Indo-Gangetic Basin, that spans
across north India and is bounded by Himalayan mountain in north and
central Indian mountains in south, Fig. 1) and eastern India are local
hotspots for BC and OC emission in India. BC and OC emissions are
higher over parts of south-east and central India and lower over the IGB
(Fig. 2f and i) in EDGAR compared to ECLIPSE. Emission hotspots for
SO, and NOy are distributed across India in both the inventories.
Broadly, SO, emission is higher in ECLIPSE in larger part of India
(Fig. 2j, k and 1) than in EDGAR with urban hotspots showing opposing
trend. On the contrary, NOy emission is higher at urban hotspots in
EDGAR, but at regional scale in ECLIPSE (Fig. 2m, n and o). Such
regional differences are reflected in the simulated anthropogenic PM; 5
discussed in the next section.


http://www.iiasa.ac.at/web/home/research/researchPrograms/air/ECLIPSEv5.html
http://www.iiasa.ac.at/web/home/research/researchPrograms/air/ECLIPSEv5.html
http://www.iiasa.ac.at/web/home/research/researchPrograms/air/ECLIPSEv5.html
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Fig. 3. Difference of PM; 5 emissions between EDGAR and ECLIPSE from the (a) Residential, (b) Industrial, (c) Transport and (d) Energy sector.

35°N

30°N

25°N

20°N

15°N

10°N

35°N 35°N
30°N 30°N
25°N 25°N
20°N 20°N
15°N 15°N
10°N 10°N
70I°E I 80I°E I 90I°E I 10(‘)°E 70'°E I 80I°E
[ [ ] [

90°E 100°E

—

70°E 80°E 90°E 100°E

0 20 40

60

80 100 120

Fig. 4. (a) Satellite derived PM, 5, and (b) simulated PM; 5 using EDGAR and (c) using ECLIPSE. Unit is in ug mS.

Waste treatment emission is represented as a separate sector in
ECLIPSE whereas in EDGAR-HTAP, it is included in residential sector.
Total domestic emission from ECLIPSE (4708 kt/yr) is higher than
EDGAR-HTAP (4559 kt/yr) over our study domain. Industrial emission
in ECLIPSE (1506 kt/yr) is slightly higher than EDGAR-HTAP (1439 kt/
yr) whereas emission from the transportation sector in EDGAR-HTAP
(935 kt/yr) is two times higher than that in ECLIPSE (415 kt/yr). In

ECLIPSE, agriculture waste burning emission has the smallest contri-
bution (73 kt/yr) compared to other sectors but it is not included in
EDGAR_HTAP emission. Differences in the spatial distribution of PMj 5
between EDGAR and ECLIPSE for different emission sectors are shown in
Fig. 3. It is revealed that in most of the IGB, ECLIPSE emission is higher
than EDGAR and EDGAR emission is higher than ECLIPSE in the central
and east India. Almost similar pattern is observed for the industrial
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Fig. 5. Difference between CTM simulated and satellite-derived anthropogenic PM, 5 using (a) EDGAR-HTAP and (b) ECLIPSE inventory.
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sector. Regional emission is higher in ECLIPSE for the industry and en-
ergy sectors, whereas EDGAR emissions are more restricted to local
hotspots. In the transport sector, we observe the opposite picture.

2.3. Observational data for model evaluation

In 2010, ground-based PM, s measurements were available only
from 2 sites in Delhi and that too for few days, which are not adequate
for robust comparison. The simulations could have been carried out for
later years (e.g. after 2015) when ground-based PM; 5 data are available

from multiple sites across India; however, that would have led to large
underestimation in emissions as anthropogenic emissions have been
increasing in India (GBD Maps working group, 2018). Since our objec-
tive is to understand the regional representativeness of the inventory at
national scale, we resort to satellite derived anthropogenic PM; 5 data-
base that has been generated at 0.1°x0.1° resolution for the same year
2010 (Van Donkelaar et al., 2016). This PMys datasets has been
generated using columnar aerosol optical depth (AOD) from multiple
satellite products (MISR, MODIS Dark Target, MODIS Deep Blue, and
SeaWiFS Deep blue), AERONET and a global chemical transport model
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Fig. 8. Comparison between model-simulated BC (values lower than 10 ug/m®)
and OC (values higher than 15 ug/m?) and ground-based measurements. In-situ
observations are compiled from the literature (Pachauri et al., 2013; Ram et al.,
2010; Ali et al., 2016; Kompalli et al., 2014; Joshi et al., 2016). The dotted solid
line is 1:1 line.

GEOS-Chem simulations. Satellite retrieved and simulated AOD have
been evaluated with AERONET to generate global continuous AOD field.
The existing geophysical relation between AOD and PMy 5 that varies
spatially and temporally (at daily scale) obtained through simulations
has been used to estimate surface PM5 5 concentrations. This has been
further calibrated with ground monitors by Geographically Weighted
Regression method. Natural components (dust and sea-salt) are removed

Table 2

(First value) Pearson correlation coefficient (statistically significant at 99% CI)
and (second value) Root Mean Square Difference (in ug/m®) between simulated
OC, BC and anthropogenic PM, 5 with MERRA-2 OC, BC, and satellite derived
anthropogenic PMy s.

oC BC PM, 5
EDGAR vs. ECLIPSE 0.97 0.93 0.97
1.85 0.67 7.91
EDGAR vs. MERRA-2*/Satellite” 0.75* 0.86* 0.87%
3.16% 0.47* 8.4%
ECLIPSE vs. MERRA-2*/Satellite” 0.78*% 0.91% 0.90"
3.89% 0.74* 10.2%

“ MERRA data for BC and OC,
# Satellite data for PMy g

to estimate anthropogenic PMys. More details of this database are
available in Van Donkelaar et al. (2016).

For BC and OC, we consider Modern-Era Retrospective analysis for
Research and Application, Version 2 (MERRA-2) dataset in absence of
adequate ground-based measurements. MERRA-2, a project of Global
Modeling and Assimilation Office is first such kind of long term global
reanalysis which assimilate space based observation of aerosol and in-
cludes interaction of aerosols with other physical processes in the
climate system (Modeling et al., 2017). The MERRA-2 is based on
advanced Goddard Earth Observing System (GEOS) model and Grid
point statistical Interpolation (GSI) assimilation system. It provides
surface mass concentration of BC and OC at 0.5° x 0.5° spatial resolu-
tion and hourly data of this product is available since 1980 at GES DISC.
Since there are no suitable observations for the inorganic species in India
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Table 3

Population-weighted mean (+1¢) annual ambient anthropogenic PM 5 expo-
sure (in pg/m®) for 2010 simulated by WRF-Chem for each state and UTs
(denoted by *) by EDGAR and ECLIPSE inventory and their difference.

EDGAR ECLIPSE

Andaman & Nicobar Islands* 4.0+0.8 53+ 1.0
Andhra Pradesh 35.0 + 3.8 35.4 + 3.4
Arunachal Pradesh 129 + 4.4 16.4 +£5.2
Assam 46.7 £ 7.0 544 +7.5
Bihar 70.3 + 2.6 100.1 + 3.2
Chandigarh 49.8 + 00 64.6 + 00
Chhatisgarh 40.8 £ 6.8 419 £5.2
Dadra & Nagar Haveli * 28.8 +1.3 35.3+1.6
Daman & Diu * 32.7 £ 00 38.7 £ 00
Delhi* 73.7 +£ 3.6 122.5 + 8.1
Goa 25.1 £ 0.8 26.4 £ 0.9
Gujarat 29.6 +£3.7 37.0 £ 4.3
Haryana 55.9 £ 4.0 79.9 £ 5.5
Himachal Pradesh 23.8+7.7 28.7 £ 9.5
Jammu & Kashmir 20.0 £ 5.5 24.0 + 6.1
Jharkhand 56.3 + 4.5 69.0 + 5.2
Karnataka 27.2 £ 2.0 28.4+1.7
Kerala 28.9 + 4.0 31.0 + 4.2
Lakshadweep * 148 £1.5 15.6 £1.5
Madhya Pradesh 37.4+22 45.0 +£ 2.5
Maharashtra 38.7 + 4.6 39.4 + 4.9
Manipur 221 +27 242+ 2.6
Meghalaya 30.2 + 4.0 37.2+4.2
Mizoram 153+ 1.6 19.3+1.8
Nagaland 23.6 + 3.8 26.2 + 3.8
Odisha 50.1 + 5.3 46.7 + 3.4
Pondicherry * 30.0 £ 1.0 347 +1.3
Punjab 58.1 + 3.5 77.6 + 4.2
Rajasthan 33.7+£27 45.1 + 3.7
Sikkim 229 £ 6.5 35.7£9.5
Tamil Nadu 30.7 £ 3.3 323 £33
Tripura 339+ 44 45.1 £ 6.1
Uttar Pradesh 59.0 + 2.2 89.4 + 3.5
Uttarakhand 32.3+6.4 448 £9.1
West Bengal 69.9 + 6.4 85.2+7.8
India 45.7 £ 3.7 57.6 £ 4.3

against which simulations can be compared, we have only inter-
compared the simulated concentrations using the two different
inventories.

3. Results

We first present the spatial distributions of anthropogenic PM; 5 at
annual scale over India from the two emission inventories and their
comparisons with satellite-derived estimates. Then we compare simu-
lations of carbonaceous aerosols (BC and OC) by the model with

MERRA-2 data followed by inter-comparison of inorganic species
simulated with these two inventories. Finally, we discuss the seasonal
distribution of anthropogenic PMy 5 over India and its diurnal pattern in
the context of air quality assessment.

3.1. Evaluation of simulated anthropogenic PM2 s and carbonaceous
aerosols

Anthropogenic PM; 5 is estimated by subtracting natural component
of PM3 5 (dust and sea-salt) from the simulated total PM; 5. Same model
setup is used in both set of simulations, so it is assumed that equal
amount of natural aerosols will be produced in both. Analysis of
satellite-derived anthropogenic PMj 5 reveals high annual concentra-
tions over the IGB region and comparatively low concentrations over the
Peninsular India. This north-south gradient is captured by both the in-
ventories (Fig. 4) and also previously reported in other modelling as well
as observational studies (e.g. Bran and Srivastava, 2017; Dey et al.,
2012; Upadhyay et al., 2018a). However, even if the latitudinal gradient
is broadly similar in satellite and model simulations, several key dif-
ferences can be noted. A west (>100 pg m’3) to east (60-100 pg m’s)
gradient in satellite-based PMjy 5 distribution in the IGB is somewhat
captured in EDGAR simulation, though the spatial extent of the local
hotspot around Delhi national capital region (NCR) is smaller in EDGAR
than in the satellite observations. On the contrary, ECLIPSE simulation
shows high PMa 5 (>70 pg m~>) over the entire IGB region without any
noticeable longitudinal gradient. The spatial distributions of anthropo-
genic PMy 5 over the Peninsular and central India are very similar in
EDGAR and ECLISPE simulations. The biases in model simulated PM 5
(Fig. 5) relative to the satellite observations reveal that EDGAR
under-estimates anthropogenic PM; 5 over Delhi NCR by at least 20-30
pg m~2 and over the western arid regions by 10-20 pg m™> while the
bias in ECLISPE simulated PMj 5 over Delhi NCR is positive. ECLIPSE
over-estimates anthropogenic PMj 5 by > 20 ug m ™ in the central and
eastern IGB and Punjab, which may be attributed to larger emission of
primary PM; 5 and carbonaceous aerosols than in EDGAR (Fig. 2).

Residential PMy 5 emission is higher across the IGB in ECLIPSE
relative to EDGAR (Fig. 3). As the residential sector is the biggest
contributor to ambient PM3 5 in the central to eastern IGB (Upadhyay
et al., 2018a; Chowdhury et al., 2019b), this is reflected in the simula-
tions. ECLIPSE bias is slightly higher than EDGAR bias in the central
India. Amazingly, both the emission inventories show similar biases in
the rest of the country. Another notable observation is higher anthro-
pogenic PMy 5 in both the inventories at the urban hotspots in the
Peninsular India (Fig. 5).

Not only anthropogenic PM; 5, spatial distributions of BC and OC
using both inventories match quite well with MERRA-2 BC and OC
(Fig. 6). For example, OC (>15 pug/m®) and BC (>3 pug/m?®) are very high
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Fig. 10. Mean anthropogenic PM, 5 simulated by WRF-Chem over India with EDGAR-HTAP emission in the (a) winter (Dec-Feb), (b) pre-monsoon (Mar-May), (c)

monsoon (Jun-Sep) and (d) post-monsoon (Oct-Nov) seasons.

over the entire IGB region and gradually decrease towards south. OC is
3-5 times higher than BC in India. However, the BC hotspots over Delhi
NCR and eastern India as seen in MERRA-2 are more pronounced in the
EDGAR inventory. In fact, in EDGAR inventory several urban hotspots
(e.g. Ahmedabad, Mumbai, Hyderabad, Bangalore, Kolkata, Bhuba-
neswar, Chennai) and hotspots around the coal belts in eastern India pop
out which can be visible in the difference plot (Fig. 7). BC concentration
is too high relative to MERRA-2 in the case of ECLIPSE inventory. Since
meteorology is similar in the simulations with EDGAR and ECLIPSE, the
difference (1-3 ug/m?®) can be attributed to only emission. Same infer-
ence can be drawn for OC where simulation with ECLIPSE inventory is
5-10 ug/m?® higher in the IGB compared to EDGAR and is almost double
than MERRA-2 OC. Unlike EDGAR, local hotspots are not prominent in
ECLIPSE; rather it points towards a regional hotspot. Compared to BC,
the bias in OC is higher in case of both ECLIPSE and EDGAR (Fig. 7).
Since MERRA-2 is not direct measurement, it is difficult to attribute
these biases solely to the emission inventories without evaluating the
MERRA-2 reanalysis data with actual observations.

Very few direct measurements exist for the year 2010 for compari-
son, yet we pick up these values from the published literature to get a
sense about the fidelity of the model simulations. We note that each
point in Fig. 8 is either BC and OC measurements reported in the liter-
ature at various time scales (monthly, seasonal or averaged over several
months). Though the points are few (hence statistics such as correlation
is not shown), it can be interpreted that simulation of BC (as points lie
closer to 1:1 line) is better than that of OC. In terms of statistics
(Table 2), correlations between the two emission inventories in simu-
lating BC, OC and PMj 5 are reasonably strong (R > 0.9), and root mean
square difference (RMSD) is also low compare to their average values.

Strong correlation (R > 0.85) can also be seen for simulated PM; 5 and
BC compare to satellite derived and MERRA data. Simulated OC is also
showing good correlation (R > 0.75) but comparatively less than BC and
PM, 5. RMSD is also supporting these statistics and all the values are
statistically significant (at 99% CI).

Apart from BC and OC, secondary inorganic aerosol species consti-
tute a major fraction of anthropogenic PMys and are collectively
referred to as other inorganic aerosols (OIA) in the subsequent discus-
sion. ECLIPSE OIA is higher than that from EDGAR in most parts of India
(Fig. 9) except some positive patches in the central and eastern India.
The difference in OIA remains mostly between +4 pg/m?® suggesting
similarity in the inventories in most parts of India except in the IGB and
several local hotspots in and around central and east India. Larger OIA in
ECLIPSE is observed relative to EDGAR in the IGB while the opposite
trend is observed in the central and east India. These precursor gases
(SO and NOy) once emitted into the atmosphere get converted to sec-
ondary inorganic species depending on the meteorological conditions.
As similar atmospheric conditions are considered in the simulations, the
observed differences in OIA concentrations can be attributed to the
differences in gaseous precursors (Fig. 2) in the respective inventories.
Once a substantial observation-based database of OIA is generated for
India in future, the emissions of the gaseous precursors in these (or any
other) inventories can be better evaluated.

3.2. State-level statistics of annual PM> 5 exposure, seasonal variation
and its diurnal pattern

Using Indian census data of 2011, we estimate annual anthropogenic
PM, 5 exposure at the state-level for both the inventories (Table 3) as
such data are used for air pollution epidemiology and management. At a
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Fig. 11. Spatial distributions of difference between simulated anthropogenic PMj 5 in day and night-time over India with EDGAR-HTAP emissions in the (a) winter
(Dec-Feb), (b) pre-monsoon (Mar-May), (c¢) monsoon (Jun-Sep) and (d) post-monsoon (Oct-Nov) seasons.

national scale, simulated anthropogenic PMj 5 in 2010 is estimated to be
45.7 + 3.7 yg/m3g/m° and 57.6 + 4.3 ug/m3 with EDGAR and ECLIPSE
emission inventory respectively. In general, simulated anthropogenic
PM; 5 exposure is higher for ECLIPSE inventory (relative to EDGAR) by
>40% in populated states like Delhi, Uttar Pradesh, Haryana and Bihar,
and by 30%-40% in Uttarakhand, Rajasthan and Punjab. In some lesser
populated states in North-East India like Sikkim and Tripura, anthro-
pogenic PM; 5 exposure is 55% and 33% higher with ECLIPSE emission
inventory compared to EDGAR. In the rest of the states, the exposure is
little higher with ECLIPSE emission inventory in comparison with
EDGAR, whereas for Odisha exposure is 6% higher with EDGAR
compared to ECLIPSE. Since the same model and initial and boundary
conditions are used in both the simulations, the observed difference can
be only interpreted in terms of differences in emissions of primary and
secondary pollutants.

The simulations also suggest that annual anthropogenic PMj s
exposure meets World Health Organization (WHO) air quality guideline
(10 ug/m®) in only Andaman and Nicobar Island. In the states of Aru-
nachal Pradesh and UTs (Union Territories) of Lakshadweep, it is lower
than WHO interim target - 3 (IT-3, 15 yg/m?3). In Goa, Gujarat, Himachal
Pradesh, Jammu and Kashmir, Manipur, Mizoram, Nagaland and Sikkim
it lies between WHO IT-3 and IT-2 (25 ug/m?®). In the remaining states
and UTs, the exposure exceeds WHO IT-1 (35 ug/m?).

Seasonal (Fig. 10) and diurnal (Fig. 11) patterns in anthropogenic
PM, 5 exposure are discussed with simulations using EDGAR-HTAP
emissions (as this is available at monthly temporal resolution and
0.1° x 0.1° spatial resolution). Key features of the seasonal variation of
PM, 5 are as follows. In the winter (Dec—Feb) season, pollution is pushed
back towards the eastern IGB by wind where it stagnates due to subsi-
dence (Dey and Di Girolamo, 2011). High anthropogenic PM5 5 over
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Delhi, Mumbai and several other hotspots are also visible. Rise in tem-
perature and wind increases turbulence and diffusion and results in a
decrease in anthropogenic PM5 5 in the pre-monsoon (Mar-May) season
across the country. While in most parts of the country PM; s falls below
40 ug/m®, it remains above 60 ug/m® in Delhi and eastern IGB. We note
that natural dust also contributes to total PM s loading (that is not
considered here) and an air pollution episode has been identified in
Delhi region due to dust transport during this season (Chowdhury et al.,
2019b). Precipitation during the monsoon season (Jun-Sep) results in
wet deposition and the evidence of washout of pollution is visible as
anthropogenic PMs 5 decreases below 40 ug/m® even in the IGB. After
the monsoon, wind speed reduces along with boundary layer making it
stable and as a result, anthropogenic PMj 5 starts building up in the
post-monsoon (Oct-Nov) season. This post-monsoon build-up is most
prominent in the Delhi NCR where it exceeds 150 ug/m® (Chowdhury
et al., 2019b).

Another important aspect of air quality management is information
about diurnal pattern of PMj 5 exposure. Since the satellite-based esti-
mates (Chowdhury and Dey, 2016; Dey et al., 2012) are representative
of the morning and afternoon hours depending on the overpass time of
the sun-synchronous satellites, PMj 5 during night-time (or after the
sunset) are not available for most parts of the country as the
ground-based monitoring network is not adequate. Therefore, modeling
exercise can fill this spatio-temporal data gap. Significant variation in
meteorological parameters exist between day and night, especially
temperature and planetary boundary layer height. These meteorological
variations influence stability of the atmosphere which creates difference
in day and night-time concentration of PMj 5.

Fig. 11 shows mean seasonal difference between day (represented by
concentration at 11:30 a.m. local time/06:00 UTC) and night-time
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(represented by concentration at 11:30 p.m. local time/18:00 UTC)
PM, 5 exposure in India as derived by WRF-Chem. Negative (positive)
difference implies that night-time concentration is higher (lower) than
daytime concentration. The least variation in diurnal amplitude is
observed in the monsoon season whereas high (>15 pg/m>) amplitude
in eastern part of India is observed in the other seasons. In relative terms,
highest percentage increase in night-time PM; 5 is observed in the pre-
monsoon season. Higher temperature in daytime results in high plane-
tary boundary layer and better ventilation under unstable atmospheric
condition. Such condition facilitates dispersion of pollutants during
daytime. On the contrary, a reverse pattern is observed over the western
arid region especially in the dry season. We think that calm night re-
duces PM, 5 through settling of particles reversing the trend here, but
this needs to be examined with in-situ measurements. In the monsoon
season, PM, 5 variability depends on the rainfall duration and intensity
(Chowdhury et al., 2016). Also the diurnal variation of boundary layer is
minimal and hence the diurnal amplitude of anthropogenic PM, 5 is least
in this season.

4. Summary and conclusions

In this work, we compare the two widely used emission inventory —
EDGAR and ECLISE for their representativeness in examining anthro-
pogenic PM, 5 distribution and source apportionment in India. Since the
model and meteorology used in the two simulations are exactly same,
any difference in simulated anthropogenic PM, 5 distribution can be
attributed to the differences in the emissions of primary and secondary
pollutants. We further examine the seasonal and diurnal pattern of
anthropogenic PM; 5 exposure. Key conclusions are as follows.

1. Spatial distributions of anthropogenic PM; 5 as well as of carbona-
ceous aerosols (BC and OC) from WRF-Chem match reasonably well
with satellite-derived and reanalysis products.

2 Anthropogenic PMjy 5 exposure from both the inventories are well
correlated, but all-India population-weighted exposure using
ECLIPSE is 26% higher than that using EDGAR.

3 Simulations using EDGAR demonstrate the local hotspots, while the
pollution from ECLIPSE shows more of a regional picture, especially
over a large part of the IGB.

4 Based on the statistics, none of the inventories can be considered
better than the other uniformly across India. However spatial anal-
ysis of emissions and concentrations reveals that inventory at finer
resolution can better represent the local hotspots. ECLIPSE inventory
provides emission scenarios for the future and therefore is highly
useful for policy analysis.

5 BC is better simulated than OC by both the inventories. Over India,
OC concentration is observed to be 3-5 times of BC concentration.

6 The pollution oscillates within the IGB during the dry season. It
builds up over the western IGB in the post-monsoon season and then
pushed towards the central-to-eastern IGB in the winter season.

7 Large diurnal amplitude (often exceeding 15 g/m3) in PM2.5 in the
dry season implies that satellite-derived exposure assessments would
lead to underestimation in health burden estimates.
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