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Abstract

Ambient fine particulate matter (PM2.5) concentrations in India frequently exceed 100 μg/m3 during fall and winter pollution

episodes. We use the GEOS-Chem chemical transport model with the TwO-Moment Aerosol Sectional microphysics scheme with

15 size bins (TOMAS15) to assess PM2.5 composition and impacts on radiation and cloud condensation nuclei (CCN) during

pollution episodes as compared to the seasonal (October-December) average. We conduct high resolution (0.25 degree x0.3125

degree) nested-domain simulations over India for short-duration, high-PM2.5 episodes in fall 2015 and 2017. The simulations

capture the magnitude and spatial patterns of pollution episodes measured by surface monitors (r2PM2.5=0.69) although

aerosol optical depth is underestimated. During the episodes, near-surface organic matter (OM), black carbon (BC), and

secondary inorganic aerosol concentrations increase from seasonal averages by up to 36, 7, and 7 μg/m3, respectively. Episodic

aerosol increases enhance cooling by lowering the top-of-atmosphere clear-sky direct radiative effect (DRETOA) during the

2015 episode (-6 W/m2), with a smaller impact during the 2017 episode (-1 W/m2). Differences in DRETOA reflect larger

increases in scattering aerosols in the column during the 2015 episode (+17 mg/m2) than in 2017 (+13 mg/m2), while absorbing

aerosol column enhancements are smaller (+3 mg/m2) in both years. Changes in shortwave radiation at the surface (SWsfc)

are spatially similar to DRETOA and mostly negative during both episodes. CCN enhancements during these episodes occur

across the western Indo-Gangetic Plain, coincident with higher PM2.5 concentrations. Changes in DRETOA, SWsfc, and CCN

during high-PM2.5 episodes may have implications for crops, the hydrologic cycle, and surface temperature.

1



 

 1 

Investigating drivers of particulate matter pollution over India and the implications 1 

for radiative forcing with GEOS-Chem-TOMAS15 2 
 3 
Alexandra Karambelas1,*, Arlene M. Fiore1,2,^, Daniel M. Westervelt1,7, V. Faye McNeill3, Cynthia A. 4 
Randles4, Chandra Venkataraman5, Jeffrey R. Pierce6, Kelsey R. Bilsback6, George P. Milly1 5 
 6 
1 Lamont-Doherty Earth Observatory, Columbia University, Palisades, NY USA 7 
* Now at Northeast States for Coordinated Air Use Management, Boston, MA USA 8 
2 Department of Earth and Environmental Sciences, Columbia University, New York, NY USA 9 
^Now at Department of Earth, Atmospheric and Planetary Sciences, Massachusetts Institute of 10 
Technology, Cambridge, MA, USA  11 
3 Chemical and Environmental Engineering, Columbia University, New York, NY USA 12 
4 ExxonMobil Technology and Engineering Company, Annandale, NJ USA 13 
5 Department of Chemical Engineering, Indian Institute of Technology Bombay, Mumbai, India 14 
6 Department of Atmospheric Science, Colorado State University, Fort Collins, CO USA 15 
7 NASA Goddard Institute for Space Studies, New York, NY, USA 16 
 17 
Corresponding Author: Alexandra Karambelas (akarambelas@nescaum.org)  18 
 19 
Key Points: 20 
 21 

• We establish a new high-resolution India domain nested within a global chemistry model with an 22 
option for detailed aerosol microphysics  23 
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aerosols.  25 

• Increased scattering aerosols during episodes lower top-of-atmosphere direct radiative effect, 26 
enhance cooling and reduce surface shortwave 27 
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Abstract 30 
Ambient fine particulate matter (PM2.5) concentrations in India frequently exceed 100 g/m3 during fall 31 
and winter pollution episodes. We use the GEOS-Chem chemical transport model with the TwO-Moment 32 
Aerosol Sectional microphysics scheme with 15 size bins (TOMAS15) to assess PM2.5 composition and 33 
impacts on radiation and cloud condensation nuclei (CCN) during pollution episodes as compared to the 34 
seasonal (October-December) average. We conduct high resolution (0.25x0.3125) nested-domain 35 
simulations over India for short-duration, high-PM2.5 episodes in fall 2015 and 2017. The simulations 36 
capture the magnitude and spatial patterns of pollution episodes measured by surface monitors 37 
(r2

PM2.5=0.69) although aerosol optical depth is underestimated. During the episodes, near-surface organic 38 
matter (OM), black carbon (BC), and secondary inorganic aerosol concentrations increase from seasonal 39 
averages by up to 36, 7, and 7 µg/m3, respectively. Episodic aerosol increases enhance cooling by lowering 40 
the top-of-atmosphere clear-sky direct radiative effect (DRETOA) during the 2015 episode (-6 W/m2), with 41 
a smaller impact during the 2017 episode (-1 W/m2).  Differences in DRETOA reflect larger increases in 42 
scattering aerosols in the column during the 2015 episode (+17 mg/m2) than in 2017 (+13 mg/m2), while 43 
absorbing aerosol column enhancements are smaller (+3 mg/m2) in both years. Changes in shortwave 44 
radiation at the surface (SWsfc) are spatially similar to DRETOA and mostly negative during both episodes. 45 
CCN enhancements during these episodes occur across the western Indo-Gangetic Plain, coincident with 46 
higher PM2.5 concentrations. Changes in DRETOA, SWsfc, and CCN during high-PM2.5 episodes may have 47 
implications for crops, the hydrologic cycle, and surface temperature.  48 
 49 

1. Introduction 50 
In recent decades, ambient air pollution in India has grown increasingly worse alongside population 51 
growth, economic development, urbanization, and motorization with limited implementation or 52 
enforcement of regulations on air pollutant emissions. One such pollutant, fine particulate matter with 53 
diameters smaller than 2.5 micrometers (PM2.5), regularly exceeds India’s National Ambient Air Quality 54 
Standard (NAAQS) of 40 µg/m3 for annual mean PM2.5. Fifty-eight percent of districts exhibit PM2.5 55 
concentrations greater than the India NAAQS (Chowdhury et al., 2019), and up to 99.9% of the population 56 
lives in areas exceeding the World Health Organization (WHO) annual mean guideline of 10 µg/m3. 57 
Anthropogenic source sectors contribute approximately 60% of India’s annual average population-58 
weighted PM2.5 concentrations (Venkataraman et al., 2018).  59 
In addition to its role in air pollution, PM (also referred to as aerosols) affects climate by altering the 60 
energy balance of the planet through its interactions with radiation and clouds. In this way, aerosols exert 61 
a radiative forcing (IPCC, 2013) on climate, which can lead to disruptions in the monsoon (Dave et al., 62 
2017; Westervelt et al., 2020) and agriculture (Burney & Ramanathan, 2014; Gupta et al., 2017). The 63 
climate impacts from PM depend on composition, size (diameter), and mass, and are thus expected to vary 64 
in space and time as the balance of PM sources, and their overall magnitude, change. For example, strong 65 
seasonal variations in concentrations and composition will affect bulk optical properties as the mix of 66 
black carbon (BC; strongly absorbing) and sulfate (strongly scattering) varies (Bellouin et al., 2016). 67 
Aerosols can affect or modify the direct radiative effect (DRE)—the difference in instantaneous net 68 
(downward - upward) radiative flux at the top of the atmosphere (TOA) induced by the presence of aerosol. 69 
For instance, TOA direct radiative effects of aerosols from the waste combustion sector alone range from 70 
-0.3 to -0.05 W/m2 over India (Kodros et al., 2016). Aerosols also impact regional and global climate 71 
indirectly through cloud processes (Albrecht, 1989; Twomey, 1977; Rosenfeld et al., 2008), also known 72 
as aerosol indirect effects, which are among the biggest uncertainties in projecting future climate change 73 
(Myhre et al., 2013).   74 
 75 
Major anthropogenic sources of PM in India include residential biomass (Conibear et al., 2018; 76 
Venkataraman et al., 2018), coal-fired power plants (Guttikunda & Jawahar, 2014), waste burning (Kodros 77 
et al., 2016), and anthropogenic dust (Philip et al., 2017), each of which produces a different chemical mix 78 
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of both particulate, or primary PM, and gaseous emissions leading to secondary PM. For instance, satellite 79 
instruments have detected a 50% increase of sulfur dioxide, a byproduct of coal-fired power plants and 80 
precursor gas to sulfate aerosol, between 2007 and 2017 (C. Li et al., 2017). Particulate pollution in India 81 
exhibits an annual cycle, with highest surface concentrations in winter associated with a shallow planetary 82 
boundary layer and less precipitation and lowest during the monsoon season because of rainout. PM2.5 83 
concentrations during fall and wintertime pollution episodes have been recorded in the several hundreds 84 
and even approaching 1000 µg/m3. Episodic contributors to local and regional PM2.5 pollution include 85 
sources such as seasonal agricultural burning (Liu et al., 2018), the national Diwali holiday (Gautam et 86 
al., 2018), and natural sources like windblown dust. Venkataraman and co-authors (2018) find the biggest 87 
contributions from agricultural burning (approximately 18%) are in the states where the emissions occur—88 
Punjab and Haryana—and also directly downwind in Delhi.  Additionally, enhanced aerosol may be 89 
present at different times throughout the year, for instance windblown dust from nearby deserts in March 90 
through May or persistent Indian outflow over the Bay of Bengal year-round (David et al., 2018). With 91 
PM2.5 concentrations projected to increase in the future due to higher emissions of organic matter and 92 
secondary inorganic aerosols, and enhanced windblown dust under climate change (Pommier et al., 2017; 93 
Venkataraman et al., 2018), it is increasingly important to understand the current PM composition of 94 
scattering and absorbing aerosols for quantifying future changes and their resulting climate implications. 95 
 96 
Although sectoral impacts to air quality at present and under future scenarios have been investigated in 97 
India (Chowdhury et al., 2018; Schnell et al., 2018; Venkataraman et al., 2018), less attention has been 98 
given to episodic pollution events in India, with almost no focus on a compositional analysis, or the 99 
implications for climate. For example, although wintertime haze events in urban China are largely 100 
composed of secondary aerosols (Huang et al., 2015), including elevated concentrations during the 101 
COVID-19 related shutdowns across China (Huang et al., 2020; Shi & Brasseur, 2020), the extent to which 102 
these findings are transferable to urban India is unclear. 103 
 104 
Using the GEOS-Chem global model with a nested high-resolution regional simulation over India, we 105 
examine changes in PM2.5 aerosol microphysics and the associated direct radiative effect (DRE) during 5-106 
day peak pollution episodes in fall 2015 and 2017 compared to the annual average (2015) and seasonal 107 
average environment (2015 and 2017); an additional episode from 2016 is included in the Supplemental 108 
Information. We use a high-resolution (0.25° x 0.3125°) nested grid over India with the TwO-Moment 109 
Aerosol Sectional (TOMAS) aerosol microphysics package (Adams & Seinfeld, 2002; Kodros & Pierce, 110 
2017; Ramnarine et al., 2019) to simulate PM mass and number size distributions, and chemical 111 
composition. We identify variations in PM composition during peak pollution episodes relative to seasonal 112 
and annual mean values. We compare the baseline model simulations with the limited available in situ 113 
observations and satellite aerosol optical depth. Finally, with an offline radiative transfer code that 114 
prescribes optical properties based on the PM composition and size bins for TOMAS as simulated in 115 
GEOS-Chem, we assess the aerosol DRE at TOA during seasonal average and episodic pollution levels. 116 
We also evaluate changes in aerosol number and cloud condensation nuclei (CCN) as a proxy for the 117 
impacts of PM on clouds, an indirect climate impact of aerosols. Our findings suggest peak PM pollution 118 
episodes alter local DRE at TOA by up to -6 W/m2 and enhance CCN by up to 280%. 119 
 120 

2. Model description and simulation methodology 121 
2.1 Air Quality Modeling  122 

We use the GEOS-Chem chemical transport model version 12.0.2 123 
(https://doi.org/10.5281/zenodo.1455215) with standard tropospheric chemistry (Bey et al., 2001), with 124 
and without TOMAS aerosol microphysics. We run simulations both at a global 2° x 2.5° domain and 125 
using a newly developed nested domain over India from 0-40 °N and 60-100 °E at 0.25° x 0.3125° (161 126 
by 162 grid cells). This domain also includes Afghanistan, Bangladesh, Bhutan, Nepal, Pakistan, and parts 127 
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of neighboring countries. This domain was loosely based on prior work at a 0. 5° x 0.667° resolution with 128 
MERRA-2 meteorological fields from Chaliyakunnel et al. (2019). Stratospheric ozone chemistry is 129 
calculated via the Linoz module (McLinden et al., 2000). We use the baseline tropospheric chemistry 130 
(NOX-OX-HC-aerosol-Br) with the simple secondary organic aerosol scheme (Pai et al., 2020). We use 131 
the global ECLIPSE anthropogenic emission inventory  for year 2015 (Stohl et al., 2015) processed 132 
through the Harvard-NASA Emissions Component (HEMCO) (Keller et al., 2014). Landscape fire 133 
emissions, including agricultural fires, for 2015, 2016, and 2017 are from the Global Fire Emissions 134 
Database (GFED, https://www.globalfiredata.org) with small fires and seasonal fire count and emissions 135 
updates in the states of Punjab and Haryana (Liu et al., 2019). During the simulation, GFED emissions 136 
are updated at a 3-hourly timescale, and ECLIPSE emissions are scaled monthly from annual total 137 
emissions. Meteorology is from GEOS-FP for 2015-2017 (Lucchesi, 2013). We processed global GEOS-138 
FP fields from the 0.25° x 0.3125° global dataset for the nested domain.  139 
 140 
TOMAS15 simulates prognostic aerosol number and mass size distributions for 7 chemical species 141 
(sulfate, sea salt, dust, hydrophilic and hydrophobic elemental and organic carbon, and aerosol water), 142 
with 15 sections spanning 3 nm to 10 µm in diameter. Particulate pollutant contributions to total PM2.5 are 143 
simulated by GEOS-Chem with TOMAS15, hereafter GC-TOMAS15, for sulfate, sea salt, BC, organic 144 
matter (OM), and dust, while nitrate and ammonium are from the standard GEOS-Chem “Tropchem,” 145 
hereafter GC-Tropchem. Sulfate concentrations in the bulk scheme will not necessarily match those in the 146 
TOMAS scheme, particularly as aerosol plumes are transported away from sources as the representations 147 
of dry and wet deposition differ in the size-resolved and bulk aerosol schemes. Our use of bulk ammonium 148 
and nitrate distributed across TOMAS size sections may not be consistent with thermodynamic 149 
equilibrium calculations. However, this technique is a compromise between completely neglecting nitrate 150 
in TOMAS versus including a computationally intensive online treatment of size-dependent ammonium 151 
nitrate partitioning. Average contributions from sea salt and dust during episodes are typically very low 152 
in the model across India (< 3%), which is expected considering these episodes fall outside peak 153 
windblown dust seasons, thus we do not include sea salt and dust in our analysis. We quantify modeled 154 
aerosol component contributions at the surface and in the total column to seasonal and episodic mean 155 
concentrations. We calculate seasonal and episodic CCN using aerosol number concentration from GC-156 
TOMAS15 and Kappa-Kohler theory (Petters & Kreidenweis, 2007). We note that clouds are not directly 157 
modified by aerosols in our simulations as they are prescribed in the model from the GEOS-FP analysis. 158 
An advantage that TOMAS15 provides over the GEOS-Chem bulk aerosol model is the more physically 159 
realistic size-dependent calculation of AOD and related aerosol optical properties. One disadvantage is 160 
that anthropogenic fugitive dust is not included, which may be a large seasonal contributor to PM2.5 in 161 
India; this dataset is included in the standard GC-Tropchem model simulations (Philip et al., 2017), but to 162 
our knowledge the size distribution has not been evaluated, so fugitive dust is not included in the size-163 
resolved TOMAS simulations.  164 
 165 
We conduct one baseline standard tropospheric chemistry simulation without TOMAS15 (i.e. using 166 
Tropchem) globally at coarse horizontal resolution (2° x 2.5°) for the years 2014-2017 to establish 167 
boundary conditions, where 2014 is solely for initialization purposes. We additionally conduct a full year 168 
baseline Tropchem simulation for 2015 with the regional model (0.25° x 0.3125° horizontal resolution) 169 
over India. Due to the computational cost of enabling GC-TOMAS15, we simulate 2014-2015 globally at 170 
coarse resolution (2° x 2.5°)—again discarding 2014 as initialization—with subsequent global simulations 171 
restricted to August-December for 2016 and 2017 when PM episodes are highest over India, where August 172 
and September are for initialization only. The 2016 and 2017 GC-TOMAS runs are initialized with August 173 
2015 restart files to reduce spin-up time. We rely on these coarse resolution global simulations for our 174 
assessment of climate impacts quantified with the radiative transfer model as we evaluate changes during 175 
episodic enhancements relative to seasonal means.  176 
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 177 
With the GC-TOMAS15 high-resolution regional model, we conduct a series of 5-day simulations (plus 178 
a 5-day initialization period from the coarse resolution output) corresponding to peak episodes in PM2.5 179 
observed at the U.S. Embassy in Delhi: December 5-9 2015, November 1-5 2016, and November 6-10 180 
2017 (Supplemental Figure 1). These episodes are purposely selected to be outside of the Diwali holiday 181 
each year, which occurs annually between mid-October and mid-November, as those emissions are not 182 
included in the emissions inventory, though the event contributes to air pollution (e.g. Mukherjee et al., 183 
2020). Daily-average anthropogenic organic carbon (OC) emissions are similar between the 2015 184 
October-December average, 2015 episode, and 2017 episode; biomass burning emissions are nearly 185 
double the 2015 seasonal average during the 2017 episode but are roughly half during the 2015 episode 186 
(Supplemental Figure 2). Because the 2016 and 2017 episodes are similar in aerosol distribution and 187 
climate impacts, we compare the December 2015 and November 2017 episodes in the main text and 188 
provide a similar analysis of 2016 in the Supplemental Information. Episodes are compared to the October-189 
December seasonal average from their respective year. We evaluate spatial changes in air pollutant 190 
abundances, PM2.5 composition, and metrics for local climate impacts across the Indo-Gangetic Plain as 191 
well as the entire sub-continent during the peak pollution events in Delhi compared to seasonal averages.  192 
 193 
Model aerosol optical depth (AOD) is calculated offline using GC-TOMAS output and the radiative 194 
transfer code described below following Kodros et al., (2016), and includes black and organic carbon, 195 
sulfate, nitrate, ammonium, dust, aerosol water, and sea salt. For AOD observations, we use the Dark 196 
Target Level 3 (L3 collection 6) atmosphere daily product retrieved from the Moderate Resolution 197 
Imaging Spectroradiometer (MODIS) instrument aboard the Terra and Aqua satellites. This 1 x 1 198 
gridded product is obtained via NASA’s Giovanni data portal. The Dark Target MODIS retrieval 199 
compares better than Deep Blue versus both the ground-based AERONET AOD over South Asia and the 200 
higher-resolution MAIAC retrieval (see Figure 8 of Mhawish et al., 2019).  201 
 202 

2.2 Radiative transfer model  203 
We use the Rapid Radiative Transfer Model for Global Climate Models (RRTMG) offline and adapted 204 
for use with GEOS-Chem TOMAS by Colorado State University (Bilsback et al., 2020a; Bilsback et al., 205 
2020b). Briefly, we use RRTMG to estimate the DRE, or the instantaneous radiative impact at TOA due 206 
to episodic aerosol enhancement under clear sky conditions relative to the seasonal average during the 207 
selected PM2.5 pollution episodes, using our 2° x 2.5° GC-TOMAS15 simulations (as we only have the 5-208 
day episodes available from the high-resolution GC-TOMAS15 simulations). We use November solar 209 
parameters and three-year GEOS-FP modeled meteorological conditions seasonal averages for the 2015-210 
2017 October-December time frame. We only change the aerosol fields ingested by RRTMG, which 211 
include hydrophilic and hydrophobic BC, organic carbon, sulfate, nitrate, ammonium, dust, sea salt, and 212 
aerosol water during the specified time period (i.e., episode or seasonal). Note that aerosol water was 213 
calculated in all GEOS-Chem simulations according to time-varying relative humidity in the GEOS-FP 214 
input meteorology. We also evaluate the change in solar radiation reaching the surface, which has 215 
implications for crop growth and the hydrologic cycle.  216 
 217 
In calculating DRE, we consider two limiting aerosol mixing states: either fully external or core-shell 218 
internal. If external, organic carbon and BC form separate spherical particles. If internal, a BC core is 219 
surrounded by other species in a homogenously mixed shell (Jacobson, 2001). Our DRE estimates thus 220 
provides bounds, where core-shell internal mixing serves as a warmer (more positive) forcing and the 221 
external mixture a cooler (more negative) forcing. Aerosol number concentration and size distributions 222 
are equal across both mixing states. We calculate the change in DRE during the episode from the seasonal 223 
mean as: 224 
 225 
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DRETOA = (SWTOA down–SWTOA up)episode – (SWTOA down–SWTOA up)seasonal mean  (1) 226 
 227 
such that DRETOA is a negative quantity for both episode and seasonal mean. Since SWTOA down does not 228 
change between episode and seasonal mean in RRTMG, this equation in effect translates to the change in 229 
SW reflected upwards, such that a decrease in DRETOA indicates an increase in SW reflected upwards 230 
during the episode (i.e. a relative radiative cooling impact). For calculating the change in SW at the 231 
surface, the parallel equation is:    232 
 233 
 SWsfc =  (SWsfc down–SWsfc up)episode – (SWsfc down–SWsfc up)seasonal mean (2) 234 
 235 

3. Evaluating modeled PM2.5 concentrations  236 
We evaluate the baseline simulations with annual and episodic average in situ observations of total PM2.5 237 
from the Central Pollution Control Board (CPCB) in India as well as satellite observations of aerosol 238 
optical depth (AOD) in the visible wavelength (~550 nm). Observations of PM2.5 are sparse in India, and 239 
for the December 5-9, 2015 episode, we find 18 sites with hourly observations available for model 240 
evaluation located in northern and central India. Data were collected via the CPCB web portal 241 
(https://app.cpcbccr.com/ccr/#/caaqm-dashboard-all/caaqm-landing/data). The average high-resolution 242 
modeled PM2.5 concentrations for the December 5-9, 2015 episode from the baseline nested India 243 
Tropchem (Figure 1a) simulation are on average 28% lower than from GC-TOMAS15 (Figure 1b).  244 
Distributions between GC-Tropchem and GC-TOMAS are not expected to be identical for inorganic 245 
aerosol, BC, and OM even if emissions were all the same because of size-dependent atmospheric 246 
chemistry, wet removal, and dry deposition relative to the bulk aerosol scheme (Supplemental Figure 3). 247 
Spatial correlations between episode average simulated and all available observed concentrations are 248 
strong (Table 1; r2

Tropchem high-res=0.69 and r2
TOMAS15 high-res=0.67), suggesting that both model configurations 249 

capture spatial PM2.5 concentration gradients across India. At all available monitoring locations, average 250 
observed PM2.5 concentrations during the pollution episode are 142 µg/m3; high-resolution GC-251 
TOMAS15 episode average concentrations are 125 µg/m3 and GC-Tropchem concentrations are lower at 252 
95 µg/m3. At measurement sites that exhibited elevated PM2.5 during the time period (e.g. change in 253 
episodic PM2.5 from seasonal average > 0), the average observed concentration was 190 µg/m3 or 34% 254 
higher than the nationwide observed average. Average modeled concentrations are lower than observed 255 
during this time period, and neither GC-TOMAS (excess average at monitors 84 µg/m3 or +4% higher 256 
than episodic average) nor GC-Tropchem (67 µg/m3 or +5%) at the coarse resolution can fully replicate 257 
these excess concentrations.  Chemical transport models are known to underestimate peak fine PM2.5 258 
events in Asia (e.g. Wang et al., 2014), and both coarse resolution model configurations are biased low 259 
against annual average observations (at monitor locations by up to 62 µg/m3, Supplemental Figure 4 and 260 
Supplemental Table 1). All evaluation metrics (spatial correlations, temporal correlations, and biases 261 
against observations) improve during periods of pollution episodes like in December 2015 at both coarse- 262 
and high- resolution simulations (Table 1; Supplemental Table 1). As expected, higher resolution 263 
simulations produce a wider range in concentrations, as well as larger enhancements in PM2.5 during the 264 
episode relative to the seasonal average (Supplemental Figure 5). Although each model configuration has 265 
its own set of strengths and weaknesses as discussed above, we find that overall the high-resolution 266 
simulations with TOMAS fall closest to the observations during the high-pollution episodes on which we 267 
focus our study. 268 
 269 
Retrievals of AOD from MODIS suggest the nested GC-TOMAS15 underestimates total column AOD 270 
during the pollution events when modeled concentrations are highest (Figure 2; MODIS measurements 271 
aboard Aqua are similar to those from Terra and are shown along with comparisons for the November 272 
2016 episode in Supplemental Figure 6). Modeled AOD, sampled at satellite overpass time, is biased low 273 
for both episodes, during which the model simulates only about 60% of the MODIS AOD, reflecting an 274 

https://app.cpcbccr.com/ccr/#/caaqm-dashboard-all/caaqm-landing/data
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unknown combination of underestimated column burdens (including aerosol water uptake) and/or poorly 275 
represented optical properties. Model AOD shows some skill over east India and Bangladesh compared 276 
to satellite retrievals during the 2015 episode, which may be related to aerosol composition during this 277 
particular episode as discussed below. 278 
  279 
While the simulated AOD here is significantly lower than the MODIS Dark Target product, David et al. 280 
(2018) have previously shown that during the months in which our episodes occur, their modeled AOD 281 
falls between the much lower MISR product and the L2 Collection 6 MODIS product which uses the Deep 282 
Blue retrieval over land and the Dark Target retrieval over oceans. Mhawish et al. (2019), however, show 283 
that the Deep Blue retrieval underestimates the AOD retrieved from AERONET and from the higher 284 
resolution MAIAC product retrieved from MODIS over South Asia. Hence, there is uncertainty in the 285 
observed AOD as well as in the model. Finally, some of our low model bias may be attributable to the 286 
lack of emissions of anthropogenic fugitive dust (Philip et al., 2017) or domestic waste burning including 287 
trash (Wiedinmyer et al., 2014) in GC-TOMAS15, which contribute considerably to annual total PM 288 
emissions, although the extent to which these sectors contribute to pollution episodes is unknown. The 289 
AOD (and surface PM2.5) could be further improved in TOMAS15 by the incorporation of size-resolved 290 
sources of anthropogenic fugitive dust (Philip et al., 2017; Xia et al., 2022) and domestic trash (and other 291 
waste) burning (Wiedinmyer et al., 2014), though an overestimate in wet removal resulting from excessive 292 
light rain (Wang et al. 2021) could explain the common underestimate in both GEOS-Chem configurations 293 
that we use here. Mindful of these model biases, we turn next to examine the influence of episodic 294 
enhancements on aerosol concentration and composition and direct and indirect climate impacts.  295 
 296 

4. Surface PM2.5 and compositional changes during peak pollution episodes 297 
During the December 5-9 2015 episode, PM2.5 concentrations in the high-resolution domain average 36 298 
µg/m3 nationwide but exceed 190 µg/m3 in Delhi and in the eastern states of Bihar and West Bengal 299 
(Figure 3a). By subtracting episodic total PM2.5 or component contributions from the seasonal average 300 
using the global coarse resolution configuration with which we simulate the seasonal average, it is possible 301 
to quantify the “excess” PM2.5 during the pollution episodes. Regions of positive PM2.5 enhancement are 302 
separated from negative changes by the green contours in Figures 3, 4, 6, and 7. Excess PM2.5 in the 303 
December 2015 episode is centered over the eastern IGP where concentration enhancements compared to 304 
the 2015 October-to-December mean exceed 50 µg/m3 (Figure 3b). For comparison, the episodic average 305 
concentration from the coarse GC-TOMAS simulation is also shown (Figure 3c). Episodic concentrations 306 
increase by 15% on average in India, with increases up to 30% in eastern India. Some decreases of 4-6 307 
µg/m3 occur over western India. Episodic contributions of BC, OM, and the combined sulfate, nitrate, and 308 
ammonium (hereafter referred to as secondary inorganics) follow a similar spatial distribution as the total 309 
concentration enhancement from the seasonal average, with elevated concentrations over Northwest India, 310 
Delhi, and across the eastern IGP. During the 2015 episode, OM is the component with the largest absolute 311 
enhancements, with large swaths of 10-15 µg/m3 excess OM across the IGP (Figure 3e). Enhancements 312 
are smaller for BC (<4 µg/m3 Figure 3d). Secondary inorganics increase by 5-7 µg/m3, but these 313 
enhancements are more localized to eastern India (Figure 3f) than for the carbonaceous aerosols.  314 
 315 
During the November 6-10 2017 episode, PM2.5 concentrations average 32 µg/m3 nationwide but reach 316 
171 µg/m3 in Delhi, with elevated concentrations stretching across the IGP (Figure 4a), similar to the 2015 317 
episode. PM2.5 concentration enhancements during the 2017 episode from the October-December 2017 318 
seasonal average, however, are largest in northwest India over Punjab, Delhi, and into western Uttar 319 
Pradesh (Figure 4b), with enhancements generally between 10 and 30 µg/m3 and a maximum enhancement 320 
of 52 µg/m3. Decreases of 5-20 µg/m3 relative to the seasonal average occur over eastern and central India 321 
during the 2017 episode, in contrast to the 2015 episode (compare Figures 3b and 4b). During the 2017 322 
episode, changes in BC concentrations relative to the October to December average are small, between -323 
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2 µg/m3 and +6 µg/m3 (Figure 4d). Changes in OM are larger, with decreases in the eastern IGP of 9 324 
µg/m3 and increases in the western IGP up to 36 µg/m3 (Figure 4e). Secondary inorganic aerosol broadly 325 
decreases by 4-6 µg/m3 from the seasonal average across much of eastern India during the episode, but 326 
increases over western Uttar Pradesh, Delhi, Punjab, and Haryana by up to 6 µg/m3 (Figure 4f). The 327 
November 1-5 2016 episode shows similar spatial distributions in episodic average total PM2.5 and 328 
enhancement of PM2.5 and components as the 2017 episode (Supplemental Figure 7).  329 
 330 
Our model analysis indicates that these three pollution episodes in India are driven by increases in BC, 331 
OM, and secondary inorganic aerosols, with OM contributing the largest changes (Figures 3 and 4, 332 
Supplemental Figure 7). In regions of positive PM2.5 enhancements from the October to December 333 
seasonal mean, the episodic changes in these three PM2.5 components relative to the seasonal mean vary. 334 
At the surface during the 2015 episode, OM, BC, and secondary inorganic aerosols increase on average 335 
by 4.7 µg/m3, 1.2 µg/m3, and 1.1 µg/m3, respectively. The average magnitude increases in these 336 
components during the 2017 episode are similar (+6.0 µg/m3 for OM, +1.4 µg/m3 for BC, +0.8 µg/m3 for 337 
secondary inorganic aerosols).  338 
 339 

5. Implications of pollution episodes for local energy balances 340 
Aloft, there are major differences between the 2015 and 2017 episode, especially above the boundary 341 
layer (Figure 5). During the 2015 episode, BC, OM, and secondary inorganic concentrations increase 342 
above the boundary layer by 200-300% from the seasonal average, while during the 2017 episode there 343 
are more moderate increases of 50-100% in the mid-troposphere and a corresponding increase in 344 
secondary inorganic aerosols by up to 60% in the lower troposphere (Figure 5). The vertical profile of 345 
aerosols in the 2016 episode shows a lower overall enhancement and similar distribution to the 2017 346 
episode (Supplemental Figure 8).  347 
 348 
Total column enhancements from the October to December seasonal average for BC, OM, and secondary 349 
inorganic aerosol show spatial similarities to the surface PM2.5 enhancements for the 2015 episode 350 
(compare Figure 6a-c with Figure 3). Strong, isolated column increases of BC (Figure 6a), OM (Figure 351 
6b), and secondary inorganic aerosols (Figure 6c) occur over eastern India and Bangladesh, while the OM 352 
enhancements are larger in magnitude (> 30 mg/m2) and relatively more widespread. Using aerosol fields 353 
archived from GC-TOMAS15, we calculate the change in clear-sky DRE for both external (Figures 6d; 354 
7d) and core-shell (Supplemental Figure 9) mixing assumptions with the offline RRTMG model and find 355 
little quantitative difference in DRE or surface shortwave (<1 W/m2) between these two bounding 356 
assumptions. During the December 5-9 2015 episode, enhanced aerosol scattering leads to a 6 W/m2 357 
decrease in DRETOA over the eastern states of Bihar, Jharkhand, and West Bengal, and over Bangladesh 358 
(Figure 6d). A negative sign in DRE at TOA indicates a relative cooling tendency and more shortwave 359 
radiation reflected out of the atmosphere by aerosols during the episode as compared to seasonal mean 360 
conditions. Similarly, there is a widespread reduction in the amount of shortwave (SW) radiation (up to 361 
15 W/m2) reaching the surface (Figure 6e). 362 
 363 
During the November 6-10, 2017 episode, aerosol column burden enhancements occur over northwestern 364 
India including the states of Punjab and Haryana, Delhi, and western Uttar Pradesh (Figure 7a-c). Over 365 
this region, the OM aerosol burden enhancement compared to seasonal average is between 20 and 30 366 
mg/m2 (Figure 7b), while BC (Figure 7a) and secondary inorganic aerosol (Figure 7c) enhancements are 367 
less than 10 mg/m2. Despite increased aerosol concentrations over northwest India, DRETOA decreases by 368 
only 0.5-1.5 W/m2 on average in this region (Figure 7d). During the 2017 episode, DRETOA increases up 369 
to 2 W/m2 over southern and eastern India compared to the October to December average, indicating a 370 
decrease in backscattered radiation that aligns spatially with the decrease in scattering aerosol (OM and 371 
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secondary inorganic). Surface SW exhibits broad decreases of up to 9 W/m2 over much of northwestern 372 
India and strong increases of over 4 W/m2 where there is decreased aerosol at the surface (Figure 7e). 373 
 374 
Changes in the contributions of each component to the column aerosol enhancement vary spatially by 375 
episode and by altitude. Despite similar surface-level magnitude enhancements in regions where peak 376 
levels of aerosols occur during the two episodes, the changes in DRETOA differ, reflecting different column 377 
burden changes and vertical distributions (Figure 5). We investigate the cause of this difference by 378 
comparing the enhancements in scattering (the sum of secondary inorganics and OM) and absorbing (BC) 379 
aerosols over the regions where the column aerosol burden is enhanced (Figures 6a-c and 7a-c). During 380 
both episodes, BC column burdens increases on average by about +3 mg m-2, but scattering aerosols 381 
increase more during the 2015 episode (+17 mg m-2) than in 2017 (+13 mg m-2), with notable differences 382 
in the vertical distribution of the changes between the two episodes shown in Figure 5. More scattering 383 
aerosol mass in the 2015 episode reflects more SW than in the 2017 episode, leading to a larger change in 384 
DRETOA in 2015 than 2017. The scattering aerosol column burden enhancement is even smaller during 385 
2016 (+9 mg m-2) than in either 2015 or 2017, leading to small changes in DRETOA relative to the seasonal 386 
average (Supplemental Figure 10, up to +2 W/m2). Aerosol mass changes of OM and BC in the regions 387 
where they change are approximately the same between the 2015 and 2017 episodes, suggesting that the 388 
differences in DRETOA between the two episodes may be due to the different magnitude and directional 389 
changes in sulfate. 390 
 391 
Finally, we examine changes in cloud condensation nuclei (CCN) concentrations to gauge cloud changes 392 
due to aerosol-cloud interactions. Enhancement in episode average CCN (0.2% supersaturation) is most 393 
concentrated over the states of Punjab and Haryana and into Delhi and western Uttar Pradesh, with a 394 
column episodic enhancement of over 800 CCN cm-2 compared to the October to December average, with 395 
a slightly lower yet still elevated CCN concentration across the IGP for all three pollution episodes 396 
(Figures 6f; 7f; Supplemental 10f). The CCN enhancements are co-located with elevated surface PM2.5 397 
during episodes (compare Figures 6f, 7f with Figures 3b, 4b) and total aerosol particle number 398 
(Supplemental Figure 11). Although not an exact match, enhanced CCN column burdens often coincide 399 
spatially with increases in surface aerosol concentration more than with column burdens. In regions of 400 
PM2.5 enhancement from the respective year seasonal average, India-total aerosol mass increases of fine 401 
mode (less than 1m) OM, BC, and secondary inorganic aerosols are +15%, +24%, and +9% for the 2015 402 
episode and +17%, +22%, and -3% for the 2017 episode. Total (including supermicron sizes) OM, BC, 403 
and secondary inorganic aerosol mass increases from respective seasonal averages are +19%, +27%, and 404 
+12%, respectively, for the 2015 episode and +19%, +24%, and -2% for the 2017 episode.  Increases in 405 
aerosol number and CCN over the western IGP during both episodes may be related to stagnant conditions 406 
conducive to pollution accumulation. Changes in meteorology from the 2015 seasonal mean during the 407 
pollution episodes include shallower planetary boundary layers coincident with regions of excess PM2.5 408 
during the episodes (Supplemental Figure 12), which could reflect local feedbacks between aerosols and 409 
atmospheric stability (Z. Li et al., 2017; Slater et al., 2022; Wilcox et al., 2016). Cloud cover increases 410 
during the 2015 episode, although decreases occur during the 2016 and 2017 episodes (Supplemental 411 
Figure 12). Wind speeds do not vary significantly between seasonal average and episode, and there is no 412 
clear pattern in relative humidity (not shown). 413 
 414 

6. Summary and Discussion  415 
In this study, we use two regional and two global configurations of the GEOS-Chem model to determine 416 
changes in total PM2.5 mass and composition and the response of climate-relevant metrics (direct radiative 417 
effect, CCN, surface shortwave radiation) during peak pollution episodes relative to the overall October 418 
to December pollution season over India. Our newly established regional configuration simulates a high 419 
resolution (0.25° x 0.3125°) domain over India with boundary conditions from the global coarse resolution 420 
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(2° x 2.5°) GEOS-Chem model. A major advance for evaluating climate metrics such as aerosol-radiation 421 
and aerosol-cloud interactions is the use of the TOMAS aerosol microphysics scheme, which enables an 422 
evaluation of aerosol mass and size distributed across 15 size bins. We simulate air quality using the 423 
standard tropospheric chemistry GEOS-Chem platform (Tropchem) as well as the TOMAS 15-bin aerosol 424 
microphysics scheme (GC-TOMAS15) for the first time with the high-resolution nested India domain for 425 
5-day long enhanced PM2.5 episodes in December 2015 and November 2017 that were identified using 426 
observations at the U.S. Embassy in Delhi (November 2016 episode in the Supplemental Information). 427 
We find that episodic PM2.5 mass concentrations are on average 15% greater than seasonal average 428 
concentrations across the IGP in India, with localized maximum concentration changes upwards of 100% 429 
compared to seasonal average, and reflect combined enhancements in BC, OM, and secondary inorganics. 430 
The absolute changes in OM are larger than the changes in BC and secondary inorganic aerosols, with 431 
little to no contributions from dust and sea salt.  432 
 433 
We use an offline radiative transfer model (RRTMG) to calculate changes in clear-sky DRETOA and SWsfc 434 
during two pollution episodes relative to seasonal mean conditions (October to December). Where 435 
aerosols increase during a pollution episode, clear-sky DRETOA is generally negative, implying an overall 436 
cooling influence from the aerosol enhancements. In the December 5-9, 2015 episode, reductions (more 437 
negative) in DRETOA (up to -6 W/m2) and in SWsfc (up to -15 W/m2) radiation coincide spatially with 438 
enhancements in scattering aerosols (secondary inorganics and OM) and absorbing aerosols (BC) both at 439 
the surface and in the column. Conversely, during the November 6-10, 2017 episode, changes to DRETOA 440 
are only minimally negative, coincident with increased aerosols (up to -1 W/m2) compared to the seasonal 441 
average, yet there are substantial reductions in SWsfc (up to -7 W/m2). We find that the change in clear-442 
sky DRETOA from the October to December average depends on the relative change in scattering versus 443 
absorbing aerosol components. Here we find that there is a larger relative increase in scattering aerosol 444 
column burden during the 2015 episode leading to a stronger negative DRETOA, while scattering aerosols 445 
decline slightly in the 2017 episode and lead to virtually no change in DRETOA. Our findings suggest that 446 
aerosol and local climate influences are likely to vary with the particular characteristics of a pollution 447 
episode. As expressed in Xia et al. (2022) we expect feedbacks on local meteorology such as suppressed 448 
planetary boundary layer height, which would continue to exacerbate pollution. We also expect the 449 
simulated pollution events to worsen with the addition of missing inventories such as anthropogenic 450 
fugitive dust and trash burning. Additionally, we use aerosol number concentration from TOMAS and 451 
Kappa-Kohler theory to estimate changes in CCN, an indicator of aerosol indirect effect, as a proxy for 452 
episodic impacts on clouds. CCN enhancements are highly concentrated over Delhi during both episodes 453 
and coincident with enhanced inorganic aerosol concentrations during the 2015 episode. Regions of high 454 
CCN resulting from pollution episodes may subsequently influence radiative forcing and cloud cover, 455 
suppressing precipitation (smaller cloud droplets; reduced surface evaporation) and vertical mixing (less 456 
surface shortwave reduces buoyancy), however we did not directly model these feedbacks. 457 
 458 
From the modeled surface concentrations and contributions, we infer that increased concentrations at the 459 
U.S. embassy in Delhi may signal a broader geographical pollution episode, affecting the length of the 460 
IGP. The pan-Indian pollution problem has been documented previously using air quality models 461 
(Karambelas et al., 2018) and satellite products (Ravishankara et al., 2020). Modeled concentrations in 462 
PM2.5 pollution “hot spots” top 100 µg/m3, although the regions of greatest relative enhancements differ 463 
between episodes, likely reflecting different causes of the pollution episodes. For example, the 2015 464 
wintertime episode may have been triggered by synoptic meteorology favorable for the stagnation of 465 
anthropogenic pollution, while the 2016 and 2017 episodes may be more strongly influenced by seasonal 466 
agricultural fires (e.g. Roozitalab et al., 2020). Aerosol composition is critical to revealing climate 467 
impacts, and the GC-TOMAS15 platform aims to support this understanding. Limitations of this work 468 
include comparing episodes to seasonal average at coarse resolution due to computational constraints, and 469 
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neglecting brown carbon in the offline radiative transfer code. Further work is needed to understand source 470 
contributions to BC, OM, and secondary organics and the extent to which our findings may generalize 471 
more broadly to other pollution episodes over northern India.  472 
 473 
Data Availability Statement 474 
Data and code including GEOS-Chem model output, HEMCO diagnostic output, and RRTMG output 475 
calculated by this project and presented in figures and tables are hosted on the Columbia University 476 
Academic Commons at (URL TBD) (Karambelas et al., 2022).  477 
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Figure Captions 485 
Figure 1 Average PM2.5 concentrations during the December 5-9 2015 episode simulated with the 486 
regionally nested high-resolution GEOS-Chem model over India for a) Tropchem and b) GC-TOMAS15 487 
overlaid with observations from the CPCB. The values in the lower left indicate the model area average 488 
(in µg/m3) and full range within India 489 
 490 
Table 1 Model evaluation of PM2.5 with all available CPCB observations in India averaged over the 491 
October-November-December season or during the December 5-9 2015 pollution episode as shown in 492 
parentheses. Correlations are spatial.  493 
 494 
Figure 2. AOD from MODIS Aqua (left column; Dark Target retrieval algorithm) compared with GC-495 
TOMAS15 1:30 PM local time averaged for each pollution episode (right column) during December 5-9 496 
2015 (top row) and November 6-10 2017 (bottom row).  497 
 498 
Figure 3 a) Average December 5-9 2015 episode PM2.5 concentration (0.25 x 0.3125 GC-TOMAS15); 499 
and concentration enhancements during the episode relative to seasonal average for (all 2 x 2.5) b) PM2.5 500 
c) average December 5-9 2015 episode PM2.5 concentrations in the 2 x 2x.5 simulation d) black carbon 501 
(BC) e) organic matter (OM); f) the sum of inorganic aerosols (sulfate, nitrate, and ammonium). A single 502 
contour denoting zero change in total PM2.5 is superimposed in green.   503 
 504 
Figure 4 Same as Figure 3 except for the November 6-10 2017 episode. 505 
 506 
Figure 5 Average concentration differences in the column above regions where the surface PM2.5 507 
episodic enhancement is positive, for (a) black carbon, (b) organic matter, and (c) secondary inorganic 508 
aerosol. The red lines are for the relative (% ) change of the 2017 episode from the 2017 October to 509 
December average and blue shows the relative (%) change of the 2015 episode from the 2015 October to 510 
December average.  511 
 512 
Figure 6 Changes in the column burdens of a) black carbon b) organic matter c) secondary inorganics 513 
during the December 5-9, 2015 pollution episode from seasonal average (October-December) in the GC-514 
TOMAS15 coarse horizontal resolution (global) simulations (seasonal fields are only available at coarse 515 
resolution). Also shown are changes during the episode from the seasonal mean of d) direct radiative effect 516 
(DRE) at the top of the atmosphere (TOA); e) net surface shortwave (SW) radiation; f) total column cloud 517 
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condensation nuclei (0.2% supersaturation). The singular contour for zero change is shown in green.   518 
Negative DRE and SW are indicative of cooling. 519 
 520 
Figure 7 Same as Figure 6 except for the November 6-10, 2017 episode. 521 
  522 
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Figures and Tables  

 

 
Figure 1 Average PM2.5 concentrations during the December 5-9 2015 episode simulated with the regionally nested high-

resolution GEOS-Chem model over India for a) Tropchem and b) GC-TOMAS15 overlaid with observations from the 

CPCB. The values in the lower left indicate the model area average (in µg/m3) and full range within India 

 

 
 Model 

Average 

(µg/m3) 

Observed 

Average 

µg/m3) 

# Points Mean 

Fractional 

Bias 

Normalized 

Mean Bias 

Normalized 

Mean 

Error 

r2 

Tropchem 2x2.5 

(December episode) 

47 

(64) 

144 

(142) 

22 (18) -95% 

(-63%) 

-67% 

(-55%) 

67% 

(56%) 

0.60 

(0.40) 

GC-TOMAS15 2x2.5 

(December episode) 

58 

(80) 

144 

(142) 

22 (18) -79% 

(-45%) 

-59% 

(-44%) 

60% 

(47%) 

0.59 

(0.36) 

Tropchem 0.25x0.3125 

(December episode) 

69 (95) 144 (142) 22 (18) -71%  

(-40%) 

-52% 

(-33%) 

52% 

(36%) 

0.49 

(0.69) 

GC-TOMAS15 

0.25x0.3125 (December 

episode only) 

(125) (142) (18) (-16%) (-12%) (34%) (0.67) 

Table 1 Model evaluation of PM2.5 with all available CPCB observations in India averaged over the October-November-

December season or during the December 5-9 2015 pollution episode as shown in parentheses. Correlations are spatial.  

 

 

 

 

 

  



 

Figure 2. AOD from MODIS Aqua (left column; Dark Target retrieval algorithm) compared with GC-TOMAS15 1:30 

PM local time averaged for each pollution episode (right column) during December 5-9 2015 (top row) and November 6-

10 2017 (bottom row).  

 



 
Figure 3 a) Average December 5-9 2015 episode PM2.5 concentration (0.25 x 0.3125 GC-TOMAS15); and concentration enhancements 

during the episode relative to seasonal average for (all 2 x 2.5) b) PM2.5 c) average December 5-9 2015 episode PM2.5 concentrations in 

the 2 x 2x.5 simulation d) black carbon (BC) e) organic matter (OM); f) the sum of inorganic aerosols (sulfate, nitrate, and ammonium). 

A single contour denoting zero change in total PM2.5 is superimposed in green.   

 
Figure 4 Same as Figure 3 except for the November 6-10 2017 episode. 



 
Figure 5 Average concentration differences in the column above regions where the surface PM2.5 episodic enhancement is positive, 

for (a) black carbon, (b) organic matter, and (c) secondary inorganic aerosol. The red lines are for the relative (% ) change of the 2017 

episode from the 2017 October to December average and blue shows the relative (%) change of the 2015 episode from the 2015 

October to December average.  

 

 
Figure 6 Changes in the column burdens of a) black carbon b) organic matter c) secondary inorganics during the December 5-9, 2015 

pollution episode from seasonal average (October-December) in the GC-TOMAS15 coarse horizontal resolution (global) simulations 

(seasonal fields are only available at coarse resolution). Also shown are changes during the episode from the seasonal mean of d) direct 

radiative effect (DRE) at the top of the atmosphere (TOA); e) net surface shortwave (SW) radiation; f) total column cloud condensation 

nuclei (0.2% supersaturation). The singular contour for zero change is shown in green.   Negative DRE and SW are indicative of cooling. 
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Figure 7 Same as Figure 6 except for the November 6-10, 2017 episode. 
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 2 

Detailed information on GEOS-Chem 

We use GEOS-Chem v12.0.2 for all global and nested India simulations. Emissions mostly follow 

standard GEOS-Chem simulations that use HEMCO (Keller et al., 2014). A summary is included below, 

but more details on the emissions and HEMCO including additional references are available at 

http://wiki.seas.harvard.edu/geos-chem/index.php/The_HEMCO_User%27s_Guide#References. 

 

Anthropogenic emissions for GC-Tropchem and GC-TOMAS15 simulation include ECLIPSE v5a global 

emissions inventory. We apply the following emissions overlays in the global simulation: hourly NEI 

2011 emissions for the U.S., BRAVO emissions for Mexico, APEI emissions for Canada, EMEP 

emissions for Europe, and DICE emissions for Africa (Marais and Wiedinmyer, 2016). Supplemental 

inventories include AEIC aircraft emissions (Stettler et al., 2011), POET ethanol (EOH) emissions, Liang 

bromocarbon emission (Liang et al., 2012), iodocarbon emissions from Ordonez (Sherwen et al., 2016 

and references therein), emissions from decaying plants, global ship emissions from ARCTAS, ICOADS, 

and EMAP, and volcanic eruption and degassing emissions as relevant, and ethane (C2H6) overwritten 

according to Tzompa-Sosa et al., (2017) for biofuel and anthropogenic sources. We also include the 

following extensions: SeaFlux, ship emissions (ParaNOx; Vinken et al., 2011), lightning NOX from global 

lightning flash distributions (LightNOx; Murray et al., 2012), Dust Entrainment and Deposition (DEAD) 

scheme allocated to TOMAS15 size bins (Jaeglé et al., 2011), SeaSalt, online MEGAN emissions 

(Guenther et al., 2012). Biomass burning emissions were from the Global Fire Emissions Database v4 

(GFED4) (Van Der Werf et al., 2010) with updated seasonal fire counts following Liu et al., (2019). Trash 

burning (Wiedinmyer et al. 2014) and anthropogenic fugitive dust (Philip et al., 2017) were only included 

in the Tropchem runs.  

 

For nested India simulations, the regional emissions inventories for the U.S., Mexico, Canada, Europe, 

and Africa are not necessary as these regions fall outside the nested domain.  

  

http://wiki.seas.harvard.edu/geos-chem/index.php/The_HEMCO_User%27s_Guide#References
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Supplemental Figure 1 Concentrations from the U.S. Embassy in Delhi during December 2015 and 

November 2016 and 2017. Days in red boxes were chosen to correspond with increases in concentration 

relative to nearby days.  

 

 
Supplemental Figure 2 Daily average OC emissions for anthropogenic sources (top row) and biomass 

burning (bottom row) for October to December 2015 (first column), the December 2015 episode (middle 

column), and the November 2017 episode (right column).  
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Supplemental Figure 3 Episodic average concentration distribution (minimum, 25th percentile, median, 

75th percentile, maximum) for India from the GC-Tropchem (TR) and GC-TOMAS15 (TO) simulations 

for inorganics (inorg), black carbon (BC), organic matter (OM), and dust. The y-axis is units in µg/m3. 

Largest differences occur in dust because the fugitive dust size distribution has not yet been evaluated in 

TOMAS.   
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Supplemental Figure 4 Both Tropchem and TOMAS15 global simulations at 2x2.5 horizontal 

resolution underestimate observed PM2.5 concentrations by at least 70 ug/m3 in the coarse resolution 

model, yet spatial correlations remain high across the 24 monitor locations (r2
Tropchem=0.81 and 

r2
TOMAS15=0.80). The TOMAS15 coarse resolution simulation is systematically lower than Tropchem.   
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Temporal (e.g. daily average) model evaluation for October-December (Annual) 2015 
 Model 

Average 

(µg/m3) 

Observed 

Average 

µg/m3) 

# Points Mean 

Fractional 

Bias 

Normalized 

Mean Bias 

Normalized 

Mean 

Error 

r2 

GC tropchem 2x2.5 

(Annual) 

48 (36) 139 (98) 1626 

(4774) 

-76%  

(-63%) 

-66% 

(-63%) 

66% 

(66%) 

0.14 

(0.07) 

GC TOMAS 2x2.5 

(Annual) 

59 (38) 139 (98) 1626 

(4774) 

-60% 

(-66%) 

-58% 

(-61%) 

60% 

(65%) 

0.13 

(0.06) 

GC tropchem 

0.25x0.3125 

(Annual) 

70 (50) 139 (98) 1626 

(4774) 

-55% 

(-45%) 

-50% 

(-49%) 

55% 

(58%) 

0.11 

(0.06) 

Supplemental Table 1 Model evaluation for the October-December daily average across the October to 

December season with annual comparisons in parenthesis. Correlations are temporal. “Model average” 

refers to the comparable model average concentration at observation locations.  

 

 
Supplemental Figure 5 Difference plots of the coarse and high resolution simulations using Tropchem 

for the 2015 pollution episode. Maximum (average) seasonal average concentrations for India are 85.4 

µg/m3 (32.3 µg/m3) for the coarse resolution and 149.4 µg/m3 (27.4 µg/m3) for the high resolution, and 

maximum (average) episodic average concentrations are 133.2 µg/m3 (38.9 µg/m3) for the coarse 

resolution and 171.7 µg/m3 (32.5 µg/m3) for the high resolution simulation.   
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(a) 

 

(b) 

 
 

 

Supplemental Figure 6: MODIS AOD comparison for the (a) November 1-5 2016 pollution episode 

with MODIS Aqua (see Figure 2 in main text for the other two pollution episodes and (b) for all 

pollution episodes with MODIS Terra.  
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Supplemental Figure 7:  Average November 1-5, 2016  episode PM2.5 concentration (0.25 x 0.3125 

GC-TOMAS15); and concentration enhancements during the episode relative to seasonal average for 

(all 2 x 2.5) b) PM2.5 c) average November 1-5 2016 episode PM2.5 concentrations in the 2 x 2x.5 

simulation d) black carbon (BC) e) organic matter (OM); f) the sum of inorganic aerosols (sulfate, 

nitrate, and ammonium). A single contour denoting zero change is superimposed in green.   
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Supplemental Figure 8 Same as Figure 5 except for the November 1-5 2016 episode. Vertical gray bars 

at 0% indicate no change from seasonal average. Note x-axes ranges indicate smaller changes than for 

the 2015 and 2017 episodes. 
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Supplemental Figure 9 RRTMG DRE core-shell between episodes and annual average for (a) 2015 and 

(b) 2016, and (c) 2017.  Negative DRE and SW are indicative of local cooling.  
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Supplemental Figure 10 Changes in the column burdens of a) black carbon b) organic matter c) 

secondary inorganics during the November 1-5, 2016 pollution episode from seasonal average (October-

December) in the GC-TOMAS15 coarse horizontal resolution (global) simulations (seasonal fields are 

only available at coarse resolution). Also shown are changes during the episode from the seasonal mean 

of d) direct radiative effect (DRE) at the top of the atmosphere (TOA); e) net surface shortwave (SW) 

radiation; f) total column cloud condensation nuclei (0.2% supersaturation). Singular green contour 

show the line of zero change. Negative DRE and SW are indicative of cooling.  
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Supplemental Figure 11 Aerosol number concentration for the 2015 biomass burning season (October, 

November, and December) average, and the change in 2015 episode, 2016 episode, and 2017 episode 

from respective seasonal average. Distributions during pollution episodes are similar. The total aerosol 

number concentrations in India increases by approximately 8% (bottom left of each plot), from the 

biomass burning seasonal average. 

 

a) b)

c) d)
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Supplemental Figure 12 Changes in meteorological variables during each episode. Differences 

between episode and biomass burning seasonal averages (October, November and December) for 

planetary boundary layer (PBL) height (left column) and cloud fraction (right column).   
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