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20 Abstract

A computationally inexpensive, observation-constrained parameterization for Secondary
Organic Aerosols (SOA) formation is implemented and tested in the default MOZART-
GOCART (MOZCART) chemical mechanism of the Weather Research and Forecasting model
coupled with Chemistry (WRF-Chem). The outcomes were evaluated against hourly
25  observations of SOA, Organic Aerosols (OA) and Fine particulate matter (PMa25) over Delhi
during November 2024. Sector-specific Emissions ratios (ERs) derived from in-situ Volatile
Organic Compounds (VOC) measurements in Delhi were used, with values of 77 + 5, 130 +
13, and 60 = 9 ppbv VOC/ppmv CO for transportation, biomass burning, and industry-
dominated plumes, respectively, to represent SOA formation from anthropogenic and open
30 biomass burning precursors. The modified MOZCART scheme reproduces the temporal
variability, with a monthly mean simulated concentration of 53 £ 24 pg/m® compared to an

observed mean of 83 + 43 pug/m> (RMSE = 58.2 pug/m3; MFB = —0.53). Inclusion of SOA
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parameterization substantially improves total organic aerosol (OA), increasing mean OA from
48 to 101 pg/m? and reducing normalized mean bias from —57.8% to —19.1%. PM2 s predictions
35 also improve, with mean concentrations increasing from 151 to 203 pg m™ and mean bias
reduced by ~54%, alongside better reproduction peak pollution events. Intercomparison with
other WRF-Chem mechanisms shows that MOZCART achieves SOA performance comparable
to the more complex MOZART-MOSAIC scheme (RMSE = 58.2 vs. 54.8 pg/m®) and
substantially better than RADM2-SORGAM, while being ~5.3 times faster than MOZART—
40 MOSAIC. These results demonstrate that the proposed simplified SOA parameterization
provides an effective balance between accuracy and computational efficiency and can be
effectively used in operational air quality forecasting over highly polluted urban regions like

Delhi.

45  Keywords: Secondary Organic Aerosols, WRF-Chem, Parameterization, MOZCART,
Emissions ratios

1 Introduction

50  Fine particulate matter (PM> ) in the atmosphere consists of both inorganic and carbonaceous
aerosol species. Organic aerosols (OA) in carbonaceous aerosol contribute to a major fraction
of fine particulate matter and lead to significant impacts on air quality and climate change
(Forster et al., 2007; Jacobson et al., 2000; Tsimpidi et al., 2016; Hodzic et al., 2020). OA is a
mixture of primary organic aerosols (POA), emitted directly from the source, and particulate

55  matter formed through gas-to-particle conversion, either by condensation of POA oxidation
products (Robinson et al., 2007) or through oxidation of volatile organic compounds (VOCs)
and semi-volatile VOCs, termed as secondary organic aerosols (SOA) (Ervens et al., 2011).
The emissions of POA and SOA precursor gases come from anthropogenic, biomass burning,
and biogenic sources (Gouw et al., 2008; Sasidharan et al., 2023). The distribution of OA at

60  spatial and temporal scales depends on the emission source strength, transportation and mixing
in the atmosphere, chemical transformation, and removal in the atmosphere. The representation
of formation mechanism and fate of OA in the atmosphere is highly uncertain in the
atmospheric composition model (ACMs) and poses significant challenges, particularly the

largest uncertainty sits in the mechanistic representation of SOA formation and its ageing
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65  processes (Hodzic et al., 2016; Lannuque et al., 2018). The parametrization of SOA in CTMs
is generally carried out using either the two-product schemes or the volatility basis set (VBS)
scheme. The two-product scheme lumps the formation of low vapor pressure products formed
through oxidation of organic gases by hydroxyl radical (OH'), Ozone (O3) and nitrate radical
(NO3) into two products. In this scheme, gas-to-particle conversion of low-pressure products

70  follows the absorption process in organic mass, assuming the formation of quasi-ideal solution
(Pankow, 1994). The VBS scheme is the advanced SOA parameterization scheme, which
resolves the SOA formations using multiple volatility-resolved bins of condensable compounds
(Donahue et al., 2006), and substantially improves the simulated SOA concentrations,
providing improved agreement with observations (Hodzic et al., 2010; Shrivastava et al., 2011).

75 However, VBS implementations are computationally expensive as they require tracking

organic species across multiple volatility bins and aerosol size bins.

The formation of SOA in polluted airmasses has been estimated in measurement-based aerosol
studies using the OA to effective CO (excluding background CO from total CO) ratio (de Gouw
et al., 2005; De-Carlo et al., 2010), wherein CO is considered as quasi-inert tracer because it is
80 nearly conserved against oxidation by OH at time scale of hours to days, which is relevant for
SOA formation. The enhancement in this ratio in fresh and aged air masses is attributed to the
formation of SOA due to anthropogenic and open biomass burning emissions and has been
observed in multiple studies across the globe (de Gouw and Jimenez, 2009; DeCarlo et al.,
2010; Cubison et al., 2011; Zhang et al., 2019; Oak et., 2022). Spracklen et al. (2011) and
85 Hodzic and Jimenez (2011) developed a simplified parametrization to predict the SOA
formation in the atmosphere based on these observed ratios in polluted plumes from
anthropogenic and biomass burning sources. Spracklen et al. (2011) used the Global Model of
Aerosol Processes (GLOMAP) to evaluate the simulated OA and SOA against the observed
mass of these aerosols from multiple measurement locations. Spracklen et al. (2011) simulated
90  SOA through lumped anthropogenic, lumped biomass burning, and biogenic VOCs and varied
these sources to yield the best SOA estimates. Following the methodology of Spracklen et al.
(2011), Hodzic and Jimenez (2011) developed a computationally inexpensive SOA
parametrization in the CHIMERE regional chemistry model and compared against
observations from the Mexico City metropolitan area during the Megacity Initiative: Local and
95  Global Research Observations (MILAGRO) 2006 field experiment. They found that the SOA

estimates for this parameterization were comparable to the simulated SOA from a
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computationally expensive scheme by Robinson et al. (2007), which utilizes semi-volatile and

intermediate volatility primary organic vapors for SOA predictions.

Air quality in Delhi has deteriorated markedly over recent decades, driven by rapid increases
100 in population, urban expansion, vehicular activity, industrialization, and energy consumption,
which have substantially enhanced anthropogenic emissions of particulate matter and gaseous
co-pollutants (Ghude et al., 2008; Kumar et al., 2015; Gurjar et al., 2016). Episodic pollution
during the post-monsoon and early winter period is strongly influenced by large-scale open
burning of agricultural residues in the northwestern Indo-Gangetic Plain (Kumar, et al., 2021)
105  particularly in Punjab and Haryana, which contributes significantly to regional pollutant
loading and downwind transport into Delhi (Ambulkar et al., 2025; Govardhan et al., 2023 ,
Awasthi et al., 2024). These emissions, coupled with emissions from other anthropogenic
sectors and unfavorable wintertime meteorology, further elevate the pollution loadings
(Sengupta et al., 2022; Jat et al., 2021; Ghude et al., 2025). Consequently, Delhi experiences
110  persistently high PM..s levels, with the highest population-weighted annual mean among Indian
megacities and substantial associated health and economic impacts (Pandey et al., 2021; Jat et
al., 2024). To address the need for accurate and timely air quality forecasts over Delhi,
institutions under the Ministry of Earth Sciences (MoES), including the Indian Institute of
Tropical Meteorology (IITM) and the India Meteorological Department (IMD), in partnership
115  with the U.S. National Science Foundation (NSF) National Center for Atmospheric Research
(NCAR), have developed an advanced Air Quality Warning and Integrated Decision Support
System for Emissions (AIRWISE) (Ghude et al., 2024; Jena et al., 2021; Yadav et al., 2025a).
AIRWISE is a very high-resolution (400m x 400m) operational air quality forecasting system
using the Weather Research and Forecasting model coupled with chemistry (WRF-Chem) at
120  its core and incorporates three-dimensional Variational data assimilation using the community
Gridpoint Statistical Interpolation (GSI) framework (Ghude et al., 2024; Kumar et al., 2020,
Kumar et al., 2025; Yadav et al., 2025b).

This system uses the Model for Ozone and Related Chemical Tracers (MOZART) gas-phase
chemical scheme coupled with the Georgia Tech/Goddard Global Ozone Chemistry Aerosol
125  Radiation and Transport (GOCART) aerosol scheme (Emmons et al., 2010; Chin et al., 2000;
Ginoux et al., 2001)), hereafter referred to as the MOZCART chemical mechanism.
MOZCART is a bulk aerosol scheme, which is computationally very efficient and is hence
being used in the AIRWISE system. However, this scheme doesn’t include any secondary

organic aerosol model within it and is therefore missing SOA, likely because explicit SOA
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130 formation mechanisms (two-products scheme and VBS scheme) are computationally
expensive. Therefore, in the present study, we implemented a computationally inexpensive,
simplified SOA parameterization in the MOZCART chemical mechanism of WRF-Chem using

in situ observations in Delhi and tested whether it can be used to simulate SOA reasonably.

135 2 Model Setup, Observations, and Parameterization.
2.1 Model Configurations:
The present study employs the WRF-Chem version 3.9.1 (Grell et al., 2005), with a horizontal

grid spacing of 10 km x 10 km over a domain covering the Indian subcontinent. The model
domain is divided into 420 grid points in the east—west direction and 372 grid points in the
140  south-north direction. Gas-phase and aerosol chemistry in model are represented using the
MOZCART scheme. Meteorological initial and boundary conditions are obtained from the
National Centers for Environmental Prediction (NCEP) Final Analysis (FNL) data at 0.25°
spatial and 6-hour temporal resolution. Anthropogenic emissions of trace gases and aerosols
are taken from the Emissions Database for Global Atmospheric Research—Hemispheric
145  Transport of Air Pollution (EDGAR-HTAP v2.2) inventory (Janssens-Maenhout et al., 2015)
at a resolution of 0.1° x 0.1° for the base year 2010 and are scaled using factors provided by
Venkataraman et al. (2018). Biomass burning emissions are obtained from the Fire INventory
from NCAR (FINN) version 2.5 (Wiedinmyer et al., 2023), while for biogenic emissions, the
Model of Emissions of Gases and Aerosols from Nature (MEGAN) (Guenther et al., 2006) is
150  used to calculate those online within the model. Initial chemical and boundary conditions are
provided by the global MOZART-4 model (Emmons et al., 2010). The simulation was
conducted from 15" October — 30" November 2024, with model spin up of two weeks, i.e., the
simulations for the period of October 15-31, 2024 are excluded from the analysis. Other Details

of model setup are provided in the table 1.

155 Table 1. Configuration of options used in model setup
Physical Parameterization Scheme used
PBL scheme Mellor—Yamada—Nakanishi—Niino 2.5
(MYNN2.5) (Nakanishi and Niino (2006))
Microphysics scheme Morrison double-moment (Morrison et al.
(2009))
Longwave radiation scheme Rapid Radiative Transfer Model for general
circulation models (Iacono et al. 2008)
Shortwave radiation scheme Rapid Radiative Transfer Model for general
circulation models (Iacono et al. 2008)




https://doi.org/10.5194/egusphere-2026-1302
Preprint. Discussion started: 13 March 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Land surface scheme Noah Land Surface Model (Chen and
Dudbhia, 2001)
Surface layer scheme Monin—Obukhov (Janjic Eta) scheme
(Janji¢ 2001)
Cumulus parameterization scheme Grell-Freitas cumulus scheme (Grell and
Freitas 2014)

2.2 Observational data and evaluation protocols:

Surface PM2.s data over Delhi used in this study were obtained from the air quality monitoring
network of the Central Pollution Control Board (CPCB), India, for November 2024. A total of
160 39 monitoring stations were operational across Delhi during the study period, representing
traffic, airport, urban, and suburban areas. The quality assurance and quality control (QA/QC)
procedures followed by CPCB for these air quality monitoring stations are described at

https://cpcb.nic.in/quality-assurance-quality-control/. Concentrations of secondary organic

aerosol (SOA) in Delhi during November 2024 at the India Meteorological Department (IMD)
165  site were estimated from organic aerosol (OA) mass spectra measurements of non-refractory
fine particulate matter (NR-PMazs). The OA mass spectra were measured using a high-
resolution time-of-flight aerosol mass spectrometer (HR-ToF-AMS), a state-of-the-art
instrument for real-time, for characterization of non-refractory aerosol composition (DeCarlo
et al., 2006; Canagaratna et al., 2007; Vispute et al., 2025). The instrument provides size-
170  resolved chemical composition of aerosol species in NR-PM3 5. Positive Matrix Factorization
(PMF) analysis was applied to the OA mass spectra to apportion sources and to estimate SOA
concentrations. In AMS applications, PMF-derived SOA represents an inferred oxygenated
organic aerosol component rather than a direct independent instrumental measurement, and
therefore carries uncertainty related to factor selection, rotational ambiguity, and possible
175  mixing between primary and secondary organic aerosol components (Ulbrich et al., 2009;
Crippa et al., 2014; Drosatou et al., 2019). AMS/ACSM studies show that such uncertainty is
not fixed, but generally lies around ~10—40% for well-resolved major OOA factors, increasing
to a factor of 2-3 when factor contributions are small (<10% of OA) or poorly separated
(Drosatou et al., 2019; Frohlich et al., 2015; Canonaco et al., 2021). Thus, the PMF-derived

180  SOA used here should be regarded as an observationally constrained estimate.

The measurement of VOCs, used in estimating VOC/CO emission ratios, were taken during
year 2022 at the Indian Meteorological Department site, located in central Delhi. The VOCs
were measured using a new high sensitivity and high-mass resolution proton transfer reaction

time-of-flight mass spectrometer (PTR-TOF-MS 10k). A total of 1126 peaks were detected
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185  from the ambient air mass spectra, out of which 111 VOC compounds were confirmed and
reported following the QA/QC procedures. More details about the measurements can be
referred from Mishra et al. (2024). Model performance was evaluated by comparing hourly
model predictions of SOA, OA and PM: 5 with corresponding observations (SOA and OA from
AMS observations, and PM2 s from CPCB monitoring network) using time-series analysis and

190  standard statistical metrics, including Root Mean Square Error (RMSE), Mean Fractional Bias
(MFB), Normalized Mean Bias (NMB), Mean Fractional Error (MFE), Mean Bias (MB), and
Mean Absolute Error (MAE).

195 2.3 SOA Parameterization:

The default MOZCART chemistry is a bulk aerosol scheme with five major tropospheric
aerosol species: black carbon, organic carbon, sulfate, dust, and sea salt (Chin et al., 2000;
Ginoux et al., 2001). Owing to its relatively low computational cost, this scheme is widely used
in operational air quality forecasting systems (Ghude et al., 2024). However, the default
200 MOZCART configuration does not include secondary organic aerosol (SOA) formation
processes, which are implemented in more detailed aerosol schemes (e.g., MOSAIC; Zaveri et
al., 2008) within WRF-Chem. MOSAIC based schemes are computationally expensive. Here
we present a computationally efficient first order SOA parametrization within MOZCART

chemical mechanism of WRF-Chem.

205 At urban and regional scales, where anthropogenic and biomass burning emissions dominate,
SOA formation via OH oxidation of VOCs occurs at the time scale of several hours to few
days. At this time scale, carbon monoxide (CO) remains approximately conserved with respect
to OH oxidation (DeCarlo et al., 2010). Consequently, CO can be treated as an approximately
conserved tracer, and SOA can be estimated using the ratio of organic aerosol to excess CO

210  (after subtraction of background CO), where an increase in this ratio is attributed to SOA
formation (Hodzic and Jimenez, 2011). The SOA to excess CO ratio is therefore assumed to be
approximately equal to the VOC to CO emission ratio (ER) in the aged polluted airmass.
Following the basics of approaches used in previous studies (DeCatlo et al., 2010; Hodzic and
Jimenez, 2011; Spracklen et al., 2011), SOA formation from anthropogenic and biomass

215  burning precursors is parameterized in MOZCART chemical mechanism in the present study

using VOC/CO emission ratios (ERs) derived from in-situ measurements in Delhi. The gas-
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phase chemistry of conversion of semi-volatile or intermediate volatile organic products to
SOA through oxidation is accounted and lumped together in this approach. The emissions of
VOC from anthropogenic sources and open biomass burning are estimated first which undergo
220  oxidation to form SOA attributed to these sources. The emissions of anthropogenic and biomass
burning VOCs are estimated using the VOC to CO emissions ratio (ERs) based upon the in-
situ VOC measurements in Delhi conducted in the same months in 2022. Nearly 111 VOCs
were measured during the post-monsoon period in Delhi (Mishra et al., 2024). Through the
source apportionment (Awasthi et al., 2024) and multiple axis regression analysis, the VOC/CO
225  ERs were estimated for different plumes dominated by particular emissions sectors (Figure 1).
For the plumes dominated by the transportation sectors, the ERs was 77+5 ppbv VOC/ppmv
CO. The plumes with more than 60 % of VOC burden from transportation sectors were
considered here, while other sources contribute less than 20 %. Likewise, the ERs for open
biomass burning dominated VOC plumes is estimated to be 130+13 ppbv VOC/ppmv CO ,
230  with more than 60 % VOC loading from the biomass burning sector, and the rest of the sectors
were contributing not more than 20 %. For the industry sources, the ERs were 60+9 ppbv
VOC/ppmv CO, where more than 40 % VOC plumes were from industry-dominated areas. We
considered ERs of 60+£9 ppbv VOC/ppmv CO for other emissions sectors. The emitted
surrogate VOC from anthropogenic sources (Industrial (VOCmp), Transportation (VOCtra),
235  Other Sectors (VOCorur)) and open Biomass Burning (VOCgg) are added to total VOC
emissions (VOCags) which undergo photochemical oxidation with hydroxyl radical (OH") to
form SOAAaBs in aerosol phase with 100 % mass yield. Following reactions, with reaction rates
are utilized and added into MOZCART chemistry. This approach was followed by Hodzic and

Jimenez, 2011 and implemented these reactions in the CHIMERE chemical transport model.

240

3

-1 _ -11 cm
VOCypp + OH™" = SOAspp (r =1.25x10 molecules — seconds) (M
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Figure 1: RMA analysis of VOC measurement for the sector dominated pollution plumes for

245 estimating VOC/CO Emissions Ratios (ER).

Further, to understand the contributions from different source sectors to the simulated SOA Aps
yield, we have added four tagged tracers SOA species representing contributions from
Industrial (SOAmp), Transportation (SOATra), Biomass burning (SOAgs) and Other sector
250  (SOAorhr). Like the regular SOA species, these tracer species undergo all physical and
chemical processes, including emissions, transport, transformation, and deposition, except that
they do not provide any direct or indirect feedback to the model, as such feedbacks are
accounted for by the regular SOAagg species. The following parameterization equation is used

for the tagged tracer species to estimate their contributions to SOAass.

255

VOCpracer + OH™Y = SOAiracer + OH™ (r = 1.25 x 10-11 cm’
(2)

molecules — seconds)

2.4 SOA sensitivity:

260 The simulated SOA based on the newly developed parameterization in the MOZCART
chemistry scheme is also compared with results from more complex gas—aerosol chemical
mechanisms available in the WRF-Chem model, which are generally not suitable for
operational forecasting due to their high computational cost. Two chemical mechanisms were
selected for comparison: (i) the Second Generation Regional Acid Deposition Model gas-phase

265 mechanism coupled with the Modal Aerosol Dynamics Model for Europe and Secondary
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Organic Aerosol Model (RADM2-MADE/SORGAM) (Stockwell et al., 1990; Ackermann et
al., 1998; Schell et al., 2001), and (ii) the Model for Ozone and Related Chemical Tracers gas-
phase mechanism coupled with the Model for Simulating Aerosol Interactions and Chemistry
(MOZART-MOSAIC). These mechanisms adopt different approaches for SOA

270  parameterization.

The MOZART-MOSAIC mechanism uses a sectional approach to represent particle size
distributions across different size bins. In this study, a 4-bin configuration is employed. SOA
formation in MOZART-MOSAIC is parameterized using the volatility basis set (VBS)
framework described by Knote et al. (2015), which considers five volatility bins with effective
275  saturation concentrations of 10, 1, 10, 100, and 1000 pug/m3. The extent of SOA formation
varies across low and high NOx regimes during oxidation of precursors by hydroxyl radicals
(OH). The RADM2-MADE/SORGAM mechanism employs a modal aerosol scheme that
represents aerosol size distributions using lognormal modes (Aitken, accumulation, and coarse
modes). The SORGAM module parameterizes SOA formation using a two-product approach.
280 The VOCs get oxidized first through photochemical oxidation into low-volatility organic
products, which interact and condense into practical phase. The gas to particle partitioning of
these compounds is simulated as an absorption process into the organic mass on the aerosol

particle, assuming the formation of a quasi-ideal solution (Schell et al., 2001).

Two simulations were conducted, one using MOZART-MOSAIC and the other using
285 RADM2-MADE/SORGAM. Both simulations were performed for the period 1-30 November
2024, preceded by a two-week spin-up period from 15 to 31 October 2024. The simulated SOA
from the updated MOZCART, MOZART-MOSAIC, and RADM2-MADE/SORGAM is

compared with measured SOA concentrations over Delhi.

290

3. Results and discussion
3.1 Performance evaluation of SOA parametrization:

The model-predicted hourly SOA concentrations were compared with hourly observed SOA in
non-refractory PMa s (NR-PMa s; particulate matter with aerodynamic diameter <2.5 um) over
295  Delhi during November 2024, as shown in figure 2. The temporal evolution indicates that the

SOA parameterization reasonably captures the observed variability. During 9—-12 November,

10
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peaks in observed SOA are well synchronized with those in the simulated SOA. For example,
on 11" November, observed SOA increased from 65 pg/m? to 97 ug/m?, while simulated SOA
increased from 78 pg/m?> to 94 ug/m>. During this period, the model reproduces SOA well, with
300 amean simulated concentration of 84 pug/m> compared to a mean observed concentration of 80
pg/m3. Daytime and nighttime periods are indicated by white and grey shading, respectively,
in figure 2a. The model also reproduces the photochemical production of SOA during late
morning to early afternoon hours (~09:00—13:00 IST), as shown in figure 2b. However, the
pattern of diurnal SOA does not match well between observation and simulation, which could
305  be attributed to uncertainties in simulating the diurnal evolution of boundary layer height, in
the diurnal variation of emissions, and in emission inventory, as well as the assumption that
SOA production occurs only through oxidation by OH radicals. It should also be noted that
aged biomass-burning emissions can contribute substantially to oxygenated OA factors in
AMS-PMF analysis; therefore, part of the PMF-derived SOA enhancement during 9-12
310 November may reflect biomass-burning-influenced secondary OA, rather than exclusively

secondary OA from non-biomass-burning sources (Aiken et al., 2010; Cubison et al., 2011).

During 13%-19"™ November, observed SOA concentrations were substantially higher, with a
mean value of approximately 133 pg/m’ and peak concentrations reaching up to 223 pg/m?.
During this period, SOA levels were significantly underestimated by the parameterization, with
315  amean simulated SOA of approximately 47 pg/m?>. To investigate the cause of this discrepancy,
biomass burning-related organic aerosol (OA) concentrations from observations were analyzed
(Figure 3). The observed biomass burning OA exhibited very high concentrations, exceeding
300 pg/m?, and closely followed the temporal pattern of elevated observed SOA during this
period. This indicates that the enhanced SOA loading over Delhi during 13—19 November was
320  primarily driven by emissions from open biomass burning in northwestern India. Furthermore,
dense fog and haze conditions prevailed over northwestern India during this period, which
limited the satellite detection of active fires, particularly over Punjab and Haryana (Figure S2).
As a result, fire counts and associated biomass burning emissions were underestimated in the
model, leading to significantly lower simulated SOA concentrations. This underestimation is
325 also evident in the SOA time series showing contributions from the open biomass burning

sector.

As discussed in the previous section, SOA parameterization has been implemented separately
for different source sectors according to dominated pollution plume analysis. To further

examine the evolution of SOA in the model, the contributions from individual source sectors

11
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330 to the simulated total SOA were also analyzed (Figure 2a). The mean sectoral contributions
during November 2024 from the transportation, industrial, biomass burning, and other sectors
were 11 pg/m’, 7 pg/m?®, 15 pg/m®, and 20 pg/m®, respectively (Figure S1). The temporal
variations and peak values of biomass burning—derived SOA show reasonable agreement with
the observed SOA trends. During peak SOA episodes, biomass burning was the dominant

335  contributor among all sectors, with contributions reaching up to 42 pg/m?, thereby reproducing
the timing of observed SOA peaks, although with lower magnitudes due to underestimated fire
emissions during the peak biomass burning period. The statistical evaluation (Table 2) indicates
that the mean simulated and observed SOA concentrations during November 2024 were 53

pg/m® and 83 pg/m?, respectively, corresponding to a mean fractional bias (MFB) of —0.53.

12
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Figure 2: (a) The Comparison of simulated hourly SOA concentrations from modified MOZCART
chemistry against the observed SOA in Delhi during November 2024. Contributions from different
source sectors to total simulated SOA are also presented. (b) mean diurnal variation in simulated and
Observed SOA in Delhi.
345

As SOA is added in MOZCART chemical mechanism, we further analyzed changes in the

simulated total organic aerosol (OA) by comparing model predictions with observed OA
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concentrations over Delhi (Figure 3). For this purpose, two modeled OA time series—one
without SOA and one with SOA parameterization—were compared against observed OA to
350 assess the impact of the added SOA scheme. The default model configuration without SOA
shows substantial underestimation of observed OA, with a mean simulated OA concentration
of 48 pg/m* compared to an observed mean of 117 pg/m? during the study period. In contrast,
inclusion of SOA parameterization leads to a significant improvement in OA predictions, with
the simulated hourly variability more closely following observations and a mean OA
355  concentration of 101 pg/m®. However, during the peak pollution episode from 13-18
November 2024, OA remains substantially underestimated, primarily due to the underestimated
fire counts in satellite observations, as discussed earlier. For example, during this period, the
mean simulated OA was 90 pg/m’, whereas the observed mean was 197 pg/m?, indicating an
underestimation of nearly 50%. Model performance statistics are summarized in Table 2. The
360 metrics indicate that inclusion of SOA in the MOZCART chemistry scheme results in
substantial reductions in bias. For instance, the NMB (MFB) improve from —57.8% (—0.63) to
—19.1% (—0.04). Similarly, the RMSE (MAE) decrease to 90 pg/m> (55.9 pg/m?), representing
improvements of 19 pg/m3(15.9 pg/m?) compared to the simulation without SOA.
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365 Figure 3: The Comparison of simulated OA concentrations from modified MOZCART chemistry and
default MOZCART chemistry against the observed OA in Delhi during November 2024. OA from
biomass burning in observations is also presented.
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To assess the impact of SOA parameterization in the MOZCART chemical mechanism on
370 predicted PMa2s, model performance was evaluated for two cases: with and without SOA
parameterization. Hourly comparisons of predicted PM2 s for both cases against observed PMa.s
over Delhi are shown in figure 4. The hourly time series indicates that the underestimation in
the default configuration is reduced when SOA parameterization is included, and the gap
between observed and simulated PM s is considerably narrowed. Most of the observed PMa s
375  peaks are well captured by the model when SOA is included. Performance statistics are
summarized in Table 2. The mean simulated PM2s concentration during the study period
increases from 151 pug/m? to 203 pg/m? with SOA parameterization, reducing MB and NMB
by 54% (from -98.2 to -45.5 pg/m?) and 53% (from -39.4% to -18.3%), respectively. Metrics
that account for both systematic and random errors also indicate overall improvement. For
380 example, the RMSE and MFE decrease from 163 pg/m® and 0.5 to 144 ug/m® and 0.4,
respectively. At the mean diurnal scale (Figure 4b), the magnitude of the PM; 5 diurnal variation
is improved in the simulation with SOA parameterization, except for an overestimation during
the evening hours (17-20 hrs. IST), and biases during both daytime and nighttime are reduced.
Overall, inclusion of SOA parameterization improves PM3 s predictions; however, uncertainties
385 remain due to uncertainties in emissions, meteorological fields, atmospheric processes, and

numerical approximations.
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Figure 4: (a) The Comparison of simulated hourly PM, s concentrations from modified MOZCART
390 chemistry and default MOZCART chemistry against the observed SOA in Delhi during November
2024. (b) Mean diurnal variation in simulated and Observed PM s in Delhi.
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395

Table 2: Statistical analysis of SOA and PM2.5 predictions during November 2024.

November 2024

Predicted Observed | RMSE NMB MB MAE

(ug/m’) (ugm®) | (ug/m’) |MFB | (%) | MFE | (ugm’) | (ug/m’)
SOA 53+24 83 + 43 58.2 -0.53 | -458 | 06 38 41.5
(ug/m3)
PM2.5
(ng/m3) 151 £ 47 163 -042 | -394 | 05 -98.2 1134
(Without
SOA) 249 + 120
PM2.5
(ng/m3) 203 + 55 144 -0.13 | -183 | 0.4 455 96
(With SOA)
OA (ng/m3)
(Without 48 £ 17 109 -0.63 | -57.8 | 0.7 -67.5 71.8
SOA) 117 £ 83
OA (ug/m3) | 19143 90 0.04 | -19.1 | 05 | -222 55.9
(With SOA)

3.2 Spatial Distribution of SOA:

400 The spatial distribution of mean SOA during November 2024 is shown in figure 5. SOA
concentrations over the Indo-Gangetic Plain (IGP) range from 50 to 85 pg/m®, with higher
concentrations over the downwind regions of the IGP under the prevailing northwesterly winds.
Over central India, SOA concentrations are lower, in the range of approximately 40-50 pug/m>.
The photochemical production of SOA in the emission plume and its regional transport is

405  reproduced well in the model and nearly ~10-30 pg/m> SOA concentrations were simulated
over the oceanic regions. To examine the contributions of different source sectors to total
simulated SOA, spatial distributions of sectoral SOA contributions are also shown (Figure 5b—
e). Contributions from the transportation and industrial sectors are approximately 10-15 pg/m?
over the IGP. SOA contributions from other sectors (energy and residential) range from ~25 to

410 40 pg/m® over the IGP, with higher values over Uttar Pradesh and Bihar, where clustering of
power plants (Jat et al., 2024) are prevalent. Contributions from the biomass burning sector are
dominant over Punjab and Haryana states, with mean SOA concentrations of about 25-30
pg/m® over these regions. As noted earlier in the discussion of temporal SOA variations over
Delhi during November 2024, satellite-based fire detections were substantially underestimated

415  during mid-November due to dense fog conditions. Consequently, fire counts and associated
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biomass burning emissions were underestimated in the model, leading to lower simulated SOA
formation from open biomass burning over northwestern India. As a result, the modeled mean
SOA over Punjab and Haryana is approximately 50 pug/m?. To further investigate this issue, we
analyzed fire-related CO emissions for November 2023 and November 2024 and found that
420  CO emissions over Punjab in November 2024 were 40—-70% lower than those in November
2023, providing clear evidence of underestimation in detected fire activity due to foggy

conditions in mid-November 2024 (Figure S3).
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Figure 5: The Spatial distribution of mean SOA (ug/m?) (a) and contribution to SOA from Biomass
425 burning (b), Transportation (c), Industrial (d) and other sectors (e) during November 2024.
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3.3 Comparison of SOA formation in MOZCART with different chemical schemes:

The simulated SOA over Delhi obtained using the newly developed parameterization in the
430 MOZCART chemistry scheme is also compared with SOA simulated using other chemical
mechanisms in WRF-Chem that include built-in SOA parameterizations (Figure 6 and Table
3). The mean simulated SOA concentration over Delhi from MOZCART is 53 pug/m?, which is
comparable to that from MOZART-MOSAIC (62 pg/m?®), whereas RADM2-SORGAM
produces substantially lower SOA (27 pg/m®). Statistical evaluation against observed SOA
435 (Table 3) indicates that the performances of MOZCART and MOZART-MOSAIC are
comparable, while the RADM2-SORGAM mechanism shows poorer performance. For
example, the RMSE (NMB) values for MOZCART and MOZART-MOSAIC are 58.2 pg/m?
(—45.8%) and 54.8 pg/m3 (—33%), respectively, whereas RADM2-SORGAM yields an RMSE
of 70 pg/m* and an NMB of —65.5%. These results suggest that the simplified SOA
440  parameterization implemented in MOZCART reproduces SOA reasonably well, outperforming
RADM2-SORGAM and approaching the performance of the more complex MOZART—
MOSAIC scheme. The good performance of MOZART-MOSAIC is expected, as it employs a
volatility basis set (VBS) approach that accounts for SOA formation under both high- and low-
NOx regimes, includes five volatility bins with different saturation concentrations, and
445  represents functionalization (ageing) of organic aerosols through OH oxidation. These detailed
treatments enable more realistic SOA representation but at a substantially higher computational
cost as MOZART-MOSAIC keeps track of the organic and aerosol species in 5 volatility bins
and 4 particle size bins. To assess computational efficiency, the runtime of each chemistry
scheme was analyzed for the study period. MOZCART was approximately 5.3 times faster than
450 MOZART-MOSAIC and about 2.3 times faster than RADM2-SORGAM, corresponding to
runtime reductions of approximately 81% and 57%, respectively. Although MOZART-
MOSAIC provides the most detailed and accurate SOA representation, its high computational
cost limits its applicability for operational air quality forecasting. In contrast, MOZCART, with
the simplified SOA parameterization, achieves comparable statistical performance while being
455  computationally efficient, making it more suitable for operational forecasting applications

while still reproducing SOA reasonably well.
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Figure 6: Comparison of simulated SOA from parameterization in MOZCART chemical mechanisms
with the other chemical mechanisms in WRF-Chem.
465
Table 3: Statistical analysis of simulated SOA (ug/m®) by different chemical mechanisms in
Delhi during November 2024.
Chemical . RMSE NMB MB MAE
Mechanisms Predicted | Observed (ug/m3) MFB (%) MFE (ug/m3) | (ng/m3)
MOZCART 53+£24 58.2 -0.53 -45.8 0.6 -38 41.5
MOZART-
MOSAIC 62 +27 83 + 43 54.8 -0.36 -33 0.5 -27.4 37.7
RADM2-
SORGAM 27+15 70 -0.93 -65.5 0.9 -54.4 54.8
470

4. Future outlook and limitations of present study

The simplified SOA parameterization implemented in the present study in MOZCART
chemistry assumes 100 % SOA production by oxidation with OH radicals only. It is noted that
the mean diurnal variation in SOA was not reproduced well with observation peak lagging by
475 3 hours behind the modelled peak. This mismatch may partially be improved by considering
other oxidant like ozone which would then attribute the part of SOA production by oxidation
with ozone, keeping partitioning of yields between OH and ozone with in the experimentally
observed range. Chamber studies demonstrated substantial contributions to SOA yield by

ozonolysis of alkenes, isoprene and monoterpenes (Harvey and Petrucci, 2015). Under high-
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480  NOx conditions, SOA yields from OH oxidation (20-40%) are generally comparable to those
from other oxidants (Ng et al., 2007; Hildebrandt et al., 2009). Similarly, SOA aging upon
addition of nitrate radicals through night time chemistry (Ramasamy et al., 2019), also
highlight the need of adding some simple proxy of adding nitrate in the MOZCART chemistry.
To add the nitrate aerosols, future studies are required on developing a computationally faster

485  parametrization of nitrate chemistry in MOZCART, which is currently unavailable in the
default MOZCART chemistry in WRF-Chem. In addition to preceding improvements SOA
parameterization, biases may partially be improved constraining the uncertainty in emissions.
Open waste burning primary emissions were missing in the emission inventory used here, and
arecent study reported that it accounts for nearly a quarter of the total PM2.5 emissions (~1000

490  Gg/year) in the year 2021 in India, which can contribute additional VOCs to biomass burning
(Chaudhary et al., 2021). Likewise, VOC emissions estimates from the transportation sector
in India in year 2015, based upon India-based measured emission factors, shows over
estimation of VOCs in EDGARv4.3.2 and REASv.2.1 (Hakkim et al., 2021). Overall, further
studies by incorporating emissions from missing sectors alongside improved SOA

495  parametrization with additional oxidants and nitrate chemistry is expected to reduce biases in

both the mean diurnal cycle and absolute magnitude of simulated SOA and PM> s.

5. Conclusions

500 In this study, a simplified and computationally efficient SOA parameterization based on VOC-
to-CO emission ratios (ERs) derived from in-situ VOC observations in Delhi was implemented
in the MOZART-GOCART (MOZCART) chemistry scheme within WRF-Chem. The
simulated SOA from this parameterization and its impact on simulated OA and PMa2s
concentration were evaluated over Delhi by comparison with observations. In addition, SOA

505 simulated using this new parameterization was intercompared with other chemical schemes in
WRF-Chem having different built in SOA models within their framework. The evaluation was
conducted for November 2024, a period strongly influenced by open biomass burning in
northwestern India. Sector-specific ERs derived from VOC measurements conducted during
November 2022 at the IMD supersite in Delhi were 130+£13 ppbv VOC/ppmv CO for biomass

510  burning dominated plumes, 609 ppbv VOC/ppmv CO for industry dominated plumes, and
ppbv VOC/ppmv CO for transportation dominated plumes.
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The implemented simplified SOA parameterization in MOZCART successfully captures the
temporal evolution of PMF-derived observed SOA over Delhi, with monthly mean
concentrations of 53 24 ng/m® compared to observed 83 + 43 pg/m?, an RMSE of 58.2 ug/m®,
515 and a MFB of —0.53. Biomass burning emerges as the dominant contributor to high SOA
episodes, with modeled peak timings consistent with observations, although magnitudes are
underestimated likely due to uncertainties in fire emission estimates. The strong
underprediction was noted during 13%-19" November which was primarily attributed to
underestimation of biomass burning emissions caused by limited satellite fire detection under
520 persistent fogy conditions. Despite these limitations, parameterization provides a
computationally efficient approach that reasonably captures SOA variability and is suitable for
inclusion in operational air quality forecasting systems. Incorporation of the SOA
parameterization in MOZCART leads to substantial improvements of simulated OA and PM> s
concentrations. For instance, incorporating SOA reduces NMB from —57.8% to —19.1% and
525 RMSE by ~19 ug/m® in OA compared to the default configuration without SOA. Likewise,
PMz s prediction also improved with increasing mean concentrations by ~35% and reducing
mean bias by ~54%, with RMSE decreasing from 163 pg/m® to 144 pg/m? and mean fractional
error from 0.5 to 0.4. Intercomparison with other WRF-Chem chemistry mechanisms indicates
that MOZCART with the simplified SOA parameterization achieves SOA prediction accuracy
530 comparable to the more complex MOZART-MOSAIC scheme and substantially better than
RADM2-SORGAM, with RMSE and NMB values of 58.2 pg/m3 and —45.8%, respectively.
At the same time, MOZCART is approximately 5.3 times faster than MOZART-MOSAIC and
2.3 times faster than RADM2-SORGAM, corresponding to runtime reductions of about 81%
and 57%, respectively. Although MOZART-MOSAIC provides the most detailed
535  representation of SOA through a volatility basis set (VBS) framework, the simplified
MOZCART approach offers an optimal balance between accuracy and computational
efficiency for regional operational applications. Overall, these findings demonstrate that
emission-ratio based SOA parameterizations constrained by local observations provide an
effective and practical pathway for improving aerosol predictions in operational air quality

540  forecasting systems over highly polluted urban regions.
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Code and data availability: The model code, post-processing codes, and data used in this study

are available at https://doi.org/10.5281/zenodo.18937872 (Jat et al., 2026). The model output

545 is archived on the IITM high-performance computing facility and may be obtained upon

request from the corresponding authors.
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