
 
 

 

 

 

This thesis has been submitted in fulfilment of the requirements for a 

postgraduate degree (e. g. PhD, MPhil, DClinPsychol) at the University of 

Edinburgh. Please note the following terms and conditions of use: 

• This work is protected by copyright and other intellectual property rights, 

which are retained by the thesis author, unless otherwise stated. 

• A copy can be downloaded for personal non-commercial research or 

study, without prior permission or charge. 

• This thesis cannot be reproduced or quoted extensively from without 

first obtaining permission in writing from the author. 

• The content must not be changed in any way or sold commercially in 

any format or medium without the formal permission of the author. 

• When referring to this work, full bibliographic details including the 

author, title, awarding institution and date of the thesis must be given.



Quantifying the impact of on-road

transport on fine particulate matter

over Delhi megacity

Caterina Mogno

T
H

E

U N I V E R S

I T
Y

O
F

E
D I N B U

R
G

H

Doctor of Philosophy

THE UNIVERSITY OF EDINBURGH

2022





Copyright Notice

This thesis has been submitted in fulfilment of the requirements for a PhD degree at the

University of Edinburgh. Please note the following terms and conditions of use: This work

is protected by copyright and other intellectual property rights, which are retained by the

thesis author, unless otherwise stated. A copy can be downloaded for personal non-

commercial research or study, without prior permission or charge. This thesis cannot be

reproduced or quoted extensively from without first obtaining permission in writing from

the author. The content must not be changed in any way or sold commercially in any

format or medium without the formal permission of the author. When referring to this

work, full bibliographic details including the author, title, awarding institution and date of

the thesis must be given.

This thesis formatting has been produced using the LaTex template University of Edin-

burgh: The Latex Template for Formatting a PhD Thesis developed by George Taylor and

Mathew Topper and available under GNU General Public License v3.

ii

https://www.overleaf.com/latex/templates/university-of-edinburgh-the-latex-template-for-formatting-a-phd-thesis/xmtrczmxbtyf
https://www.overleaf.com/latex/templates/university-of-edinburgh-the-latex-template-for-formatting-a-phd-thesis/xmtrczmxbtyf


Declaration

I declare that this thesis has been composed solely by myself, and that it contains only

my work except where otherwise specified, or where the work is explicitly indicated to

have formed a jointly-authored publication. This work, either in whole or in part, has not

been submitted for any other degree or professional qualification.

Caterina Mogno

August 2022

iii



Abstract

Outdoor air pollution is an increasing public health burden. Fine particulate matter (PM2.5)

is a pollutant of major concern for human health, and it also affects the climate and

ecosystems. Understanding and quantifying emission sources and their impact on par-

ticulate air pollution is critical for improving global health and for informing climate action.

Poor air quality across the globe disproportionately affects middle- and lower-income

countries. Delhi, the capital of India, is one of the most populated and polluted megacities

in the world, where in 2017 almost 12,000 premature deaths were attributed to outdoor

air pollution.

My thesis aims to advance our understanding of outdoor air pollution in Delhi megacity,

with a focus on the impact of on-road transport emissions on surface levels of PM2.5 and

its implications for air quality policymaking. To do this, I use a combination of a state of the

art regional atmospheric chemistry transport model, recently developed local emissions

inventories, and sensitivity analysis techniques.

In the first research chapter I use the WRF-Chem atmospheric chemical transport model

to understand the regional influence on air quality over Delhi. As part of this work, I char-

acterise seasonal anthropogenic, pyrogenic, and biogenic influences on fine particulate

matter and one of its main constituents, organic aerosol (OA), over the Indo-Gangetic

Plain (IGP). My results show that anthropogenic emissions influence the magnitude and

distribution of PM2.5 and OA throughout the year, especially over cities including Delhi,

while pyrogenic emissions from crop residues burning result in localized contributions

over the central and upper parts of IGP in all non-monsoonal seasons, with the highest

impact during the post-monsoon season that correspond to the post-harvest season in
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the agricultural calendar. Biogenic emissions play an important role in the magnitude and

distribution of PM2.5 and OA during the monsoon season, particularly over the lower IGP.

In all seasons mean values of PM2.5 still exceed the recommended levels, indicating that

air pollution is a year-round problem.

In the second research chapter I develop the WRF-Chem model used in my first chapter

to include local emission inventories, in order to quantify the contribution of the on-road

transport sector to surface PM2.5 over Delhi during the highly polluted post-monsoon

season. This contribution is compared to the contributions of other local (within Delhi)

and regional (within the National Capital Region, NCR) anthropogenic sectors. My res-

ults show that emissions from the local transport sector contribute typically less than 10%

to daily mean PM2.5 values over Delhi, rising to 17% when regional transport sources

are included. The contribution from the local transport sector is largest (18%) during the

evening traffic peak. The total transport impact is dominated by contributions from two-

and three-wheelers (50%) and heavy-duty vehicles (30%). The largest individual contri-

butions to daily mean PM2.5 values are found to be from regional power and industry

(14%) and domestic (11%) sectors.

In the third research chapter I drive the WRF-Chem model with future transport emis-

sions scenarios to investigate the potential impact of electric and clean-fuel vehicles on

surface PM2.5 and ozone (O3) over Delhi for two contrasting seasons, pre-monsoon and

post-monsoon. My results show that the conversion of diesel vehicles to compressed

natural gas (CNG) brings a greater reduction in PM2.5 concentrations than the full elec-

trification of two- and three-wheelers. However, the maximum reduction of daily mean

PM2.5 concentrations for all scenarios is within 5% compared to baseline values for

both seasons. Electrification of two- and three-wheelers increases average 8-hour daily
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maximum (MDA8) ozone (1.3-3.5% in pre-monsoon 5-13% in post-monsoon) compared

to baseline values. On the other hand, conversion of all diesel vehicles to CNG reduces

MDA8 O3 in both seasons (by 2.3-5.3% in pre-monsoon and by 1-1.5% in post-monsoon)

compared to baseline values.

In conclusion, the findings of my thesis highlight different factors that can be relevant for

designing effective policies to meet PM2.5 air quality standards over Delhi megacity, with

a focus on mitigating the impact from the on-road transport sector. First, air quality over

Delhi is strongly influenced by regional and seasonal pollution sources from the IGP. As

such, effective mitigation of PM2.5 pollution over Delhi will require a range of regional

and state-level policies. In particular, cooperative mitigation strategies between the Delhi

megacity and the broader NCR is needed if PM2.5 pollution is to be reduced. Second,

two-and three-wheelers and heavy-duty vehicles dominate on-road transport impact on

PM2.5, thus emissions reductions from these vehicles should be given priority, both within

Delhi and in the NCR. Third, cleaner mobility plans of electrification of two- and three-

wheelers should be accompanied by diesel vehicles conversion to compressed natural

gas, to limit ozone pollution increase and further reduce PM2.5 concentrations. This also

highlights the importance of coordinated control of PM2.5 and other pollutants such as

O3 when considering emission control strategies for transport over Delhi.
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Lay Summary

Outdoor air pollution is a global public health emergency and has been recently defined

as a “pandemic in slow motion”. Middle- and lower-income countries are affected dispro-

portionately by poor-air quality. Delhi, the capital of India, is one of the most populated

and polluted megacities in the world, with estimated 12,000 premature deaths were at-

tributed to outdoor air pollution. My thesis aims to advance our understanding of outdoor

air pollution in Delhi megacity. I focus on the impact of emissions from on-road transport

on fine particulate matter (PM2.5), a pollutant of major concern for human health. To do

this, I use air quality modelling and local emissions datasets.

In Chapter 2 I use the WRF-Chem atmospheric chemical transport model to understand

the regional influence on air quality over Delhi. I characterise the influence of seasonal

emissions from human sources, fires and natural sources on fine particulate matter and

one of its main constituents, organic aerosol (OA), over the Indo-Gangetic Plain, where

Delhi is located. In Chapter 3, I use the WRF-Chem model together with local emissions

data to quantify the contribution of on-road transport to PM2.5 in Delhi during the highly

polluted post-monsoon season. The on-road transport contribution is compared to the

contributions from other local and regional human emissions sources. In Chapter 4 I use

the WRF-Chem model together with future transport emissions scenarios over Delhi to

investigate the impact of electric and clean-fuel vehicles on surface PM2.5 and ozone

(O3), another pollutant o concern for human health.
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The results of my thesis highlight three factors that can be relevant for designing policies

to effectively reduce PM2.5 in Delhi, with a focus on mitigating the contribution from the

on-road transport sector. First, air pollution over Delhi is strongly influenced by regional

and seasonal pollution sources from the Indo-Gangetic Plain. Thus, effective mitigation

of PM2.5 pollution over Delhi will require a range of regional and state-level policies.

Second, two-and three-wheelers and heavy-duty vehicles are the main contributor of on-

road transport PM2.5 pollution, thus emissions reductions from these vehicles should be

given priority, both within Delhi and the regional area. Third, future electrification of 2- and

3- wheelers vehicles should be accompanied by conversion of diesel heavy duty vehicles

to clean-fuel vehicles (such as compressed natural gas,CNG) to limit ozone pollution

increase and further reduce PM2.5 concentrations. This highlights also the importance of

multi-pollutant control when considering strategies for emissions reduction from vehicles

over Delhi.
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Chapter 1

Introduction

1.1 Motivation and scientific questions

Air pollution is a global public health emergency and has been recently defined as a

“pandemic in slow motion” (National Geographic, 2021). Outdoor air pollution is estim-

ated to be the sixth leading risk factor for human mortality, contributing to 11.65% of

deaths globally every year (Ritchie and Roser, 2021). The Global Burden of Disease

study (GBD) estimates that 4.5 million premature deaths worldwide were due to outdoor

air pollution in 2019 (Murray et al., 2020). The air pollution death toll estimate could

be even higher, with recent study estimating that 8.7 million deaths globally in 2018

were due to the air pollution caused by burning fossil fuels, almost one-fifth of all deaths

globally (Vohra et al., 2021). As a comparison, at the time I am writing this introduction

(June 2022) COVID-19 pandemic has on average caused ∼ 2.5 million deaths worldwide

per year since the start of the pandemic (Johns Hopkins University, 2022).

The pollutant that is responsible for most deaths linked to outdoor air pollution is partic-

ulate matter with diameter less than 2.5 microns (PM2.5). The size of particulate matter

and their composition is linked to their potential for causing human health problems (EPA,

2018). Main chemical components of PM2.5 are dust, sulfate (SO2−
4 ) nitrate (NO−

3 ) and

ammonium (NH+
4 ), black carbon (BC) and Organic Aerosol (OA). Each component is

associated with different toxicity and effects on human health (Masselot et al., 2021; Xue

et al., 2021). PM2.5 is small enough to penetrate into lung tissue and even enter in the

1



1.1. Motivation and scientific questions 2

bloodstream, causing cardiovascular and respiratory diseases that may lead to stroke,

cancer and premature death affecting both adults and children (WHO, 2021). Based on

current scientific evidence, surface pollutants of concern other than PM2.5 are nitrogen

dioxides (NOx), sulfur dioxide (SO2) and ozone (O3) (WHO, 2021).

Exposure to outdoor air pollution is an environmental health problem affecting people

worldwide, where more than 99% of the world population live in places where air pollution

is higher than recommended guidelines from WHO. However, people living in low- and

middle-income countries suffer almost the totality of the burden of outdoor air pollution:

91% of premature deaths attributable to outdoor air pollution occur in these countries

(WHO, 2021).

Most populated cities and megacities (metropolitan areas with populations over 10 mil-

lion) present a major challenge for global outdoor air pollution. This is because outdoor

air pollution in the world’s most populous cities is both more severe and it affects a con-

siderable proportion of the global population. Indeed, urban population growth together

with (often) unsustainable urban development practices, drove increase in transportation,

energy and industrial activities, thus leading to increasing levels of air pollution to which

urban dwellers are exposed (Molina, 2021). In 2018, more than half of global population

lived in urban settlements, and this is projected to reach almost 70% by 2050, with

nearly 90% of the increase concentrated in Asia and Africa (UN DESA, 2019a). Pollutant

emissions of on-road transport are of particular concern for their impact on air quality

and human health, since dense road traffic activity is located in and around urban

environments, and urban dwellers live, commute and work in proximity to traffic (Colvile

et al., 2001). Some megacities experience episodic extreme air pollution, while for other,

extreme levels of air pollution are chronic, especially in China and India (Marlier et al.,

2016). In particular, 13 of the 20 most polluted cities in the world are in India according

to the WHO (WHO, 2018).
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Given the population increase in urban areas, it is thus fundamental to better understand

the sources, trends and impacts of outdoor air pollution over cities. This can help to

inform policy makers and relevant stakeholders on suitable and effective practices to

transition to sustainable cities where clean air is available to everyone. My thesis aims to

advance our understanding of outdoor air pollution in Delhi megacity, the capital of India,

with a focus on the impact of on-road transport emissions on surface levels of PM2.5 and

its implications for air quality policymaking.

The megacity of Delhi, located in the northern part of India in the Indo-Gangetic Plain

(IGP), is one of the most populated and polluted cities in the world (WHO, 2018). Almost

28 million people live in Delhi today, and between 2018 and 2030, the population of

Delhi is projected to increase by more than 10 million inhabitants and overtake Tokyo

as the world’s largest city in the world by 2030 (UN DESA, 2019b). Delhi experiences

continuously severe levels of air pollution, with seasonal and annual PM2.5 concentration

levels far beyond WHO’s latest air quality guidelines levels (5 µg m−3) (WHO, 2021) and

Indian National Standards (40 µg m−3). In 2017, in Delhi the annual average population-

weighted mean of PM2.5 reached 209 µg m−3, and almost 12,000 premature deaths

were attributable to outdoor air pollution that year (Balakrishnan et al., 2019). A pollution

exposure assessment in the city, found that the levels of PM2.5 pollution to which on-road

commuters were exposed was at least 1.5 times compared to the average exposure

concentrations in Delhi (Apte et al., 2011). Challenges to mitigate such extreme levels of

air pollution arise from the complexity of air pollution over Delhi, which is shaped by con-

current local sources and regional sources in the IGP, and by the large scale monsoon

system, which brings strong seasonal variations in the meteorological condition over the

region. In addition, there is increasing evidence that if strategies focus exclusively on

mitigating PM2.5 concentrations, elevated levels of surface ozone (O3) could become

more of a significant health concern, because of the non-linear chemistry involved in

ozone formation (Ojha et al., 2022).
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In this context, my thesis first tries to better characterise and understand the regional

and seasonal context of PM2.5 over the IGP where Delhi is located. The main research

question addressed in Chapter 2 is the following:

1. What are the seasonal drivers of PM2.5 in the Indo-Gangetic Plain?

(i) What are the seasonal variations of total PM2.5 over the IGP?

(ii) What are the seasonal variations of PM2.5 components over the IGP, in particular

organic aerosol (OA)?

(iii) What is the sensitivity of PM2.5 and OA to anthropogenic, pyrogenic and biogenic

seasonal emissions?

After the regional context is set, I move to the local context of Delhi, and focus on the

impact of the transport sector in one of the most polluted seasons for the city, which

has been identified as the post-monsoon in Chapter 2. Chapter 3 thus addresses the

following research question:

2. What is the role of the on-road transport sector on PM2.5 over Delhi during the

post-monsoon season?

(i) What is the impact of on-road transport sector on average PM2.5 over Delhi com-

pared to other main local and regional anthropogenic sources?

(ii) How does the impact in i) changes when considering the diurnal variation of PM2.5

over Delhi?

(iii) What is the contribution of each on-road transport subsector to the total on-road

transport impact on PM2.5?

(iv) Which is the impact of PM2.5 mitigation strategies on ozone levels?

As Chapter 3 investigated the current impact of the transport sector on PM2.5, the final

research chapter looks to estimate the transport impact in the future, both for PM2.5 an

O3. Chapter 4 thus addresses the following research questions:
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3. Which will be the impact of electric and clean-fuel vehicles on future air quality

over Delhi?

(i) How will surface PM2.5 and O3 change over Delhi under future transport emission

scenarios?

(ii) How will these changes differ in contrasting (pre-monsoon and post-monsoon)

seasons?

To investigate these questions and their implications for air-quality policy-making, I use

a combination of a state of the art regional atmospheric chemistry transport model,

recently developed local emissions inventories, and sensitivity analysis techniques.

The remainder of this chapter, provides a brief introduction to tropospheric chemistry

and air pollutants (Sec. 1.2), with a focus on particulate matter (Sec. 1.3). The chapter

continues with an overview of emissions from the on-road transport sector with a focus

on India (Sec. 1.4), air quality modelling (Sec. 1.5) and a brief introduction of air pollution

over Delhi megacity (Sec. 1.6). The final section describes the thesis layout (Sec. 1.7).

1.2 Tropospheric chemistry and air pollution

The branch of atmospheric chemistry that deals with air pollution mainly focuses on

understanding, monitoring and forecasting, surface air pollutants related to human ex-

posure. Thus, mainly the factors and processes that form pollutants in the lower part

of the atmosphere, the troposphere are investigated. The troposphere extends up to

10-15km from Earth’s surface, and contains 85% of all atmospheric mass, as well as

being the recevoir for all the chemical species emitted from the surface. (Seinfeld and

Pandis, 2016). The term “air pollutant” refers to a range of diverse atmospheric species

which can have harmful effects effect for human health and the environment. Detrimental

effects on human health range from acute respiratory inflammation, to chronic respiratory
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and cardiovascular diseases and cancer. (Vallero, 2014). Understanding tropospheric

chemistry is thus key in quantifying and monitoring the levels of air pollutants to which hu-

mans and the environment are exposed. Here follows a brief description of troposphepric

constituents and processes that are relevant to atmospheric air pollution.

1.2.1 Oxidation in the troposphere

The atmosphere is a complex dynamical system, with a myriad of gaseous and partic-

ulate species continuously exchanged and produced from vegetation, ocean, land and

human activities, transformed, and eventually removed from the atmosphere. Processes

involving atmospheric gas and particle species span a wide range of spatial and temporal

scales, from seconds and metres to million of years and thousands of km. Spatial scales

relevant to urban and regional air pollution range from 100m - 1000 km, while temporal

scales range from hours to days (Seinfeld and Pandis, 2016).

During the time spent in the atmosphere, almost all gas and aerosols species will be

involved in physio-chemical reactions, transforming them to another physical (gas, liquid

or solid) and/or chemical (different species) state.

Solar radiation plays an important role in the reactions taking place in the atmosphere,

especially enabling reactions of non-radical species. The ensemble of chemical reactions

in the atmosphere enabled by sunlight is called atmospheric photochemistry. Specifically,

when a chemical compound is broken down by sunlight the reaction is called photolysis.

The main atmospheric process in which chemical species are involved is “oxidation”.

Oxidation is the process that removes electrons from a compound through a chemical

reaction. When oxidation occurs, the compound increase its oxidation state. Many trace

gases are removed from the atmosphere through oxidation reactions. The most abund-

ant oxidants on Earth’s atmosphere are O2 and O3 (Jacob, 1999).
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Radicals are chemical species with an unfilled electron orbital. Radical species are highly

reactive, because through reactions they can fill up the unpaired electron orbitals and

lower their internal energy. Conversely, a non radical species is a molecule that has all

its electrons paired up, and thus they are less reactive. (Jacob, 1999)

In the 1970s it was discovered that the hydroxyl radical (OH) is also a fundamental

oxidant in the troposphere (Levy, 1971). Because of its role in reducing the lifetime of

many pollutants, it is sometimes called “the detergent of the atmosphere” (Riedel and

Lassey, 2008).

Production of OH is enabled by sunlight (hν) in the presence of O3 and water vapour

(H2O). First, photolysis of ozone forms O(1D) (electronically excited O atoms) by ab-

sorption of a photon. Second, O(1D) reacts with H2O to produce two OH radicals (Levy,

1971):

O3 +hν −−→ O2 +O(1 D) (1.1)

O(1 D)+H2O −−→ OH+OH (1.2)

OH concentrations show strong diurnal and seasonal cycles. OH concentrations also

tend to decrease with increasing altitude (due to decreasing humidity), because of its

dependence on sunlight and water vapour respectively. Because of its high reactivity, OH

has a very short lifetime (∼ 1s) and its concentrations are usually low. OH concentrations

are estimated to be 1.1-1.2 ∼ 10−6 molecules cm3 (Li et al., 2018; Rigby et al., 2017).

Thus, OH is also very difficult to measure, leading to high uncertainties in the estimations

of its budget and therefore there are large uncertainties in its atmospheric concentrations

(Heard and Pilling, 2003).
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1.2.2 Gaseous pollutants

Gaseous pollutants that affect human health and the environment are trace gases, i.e.

gases that are present in small amounts in the atmosphere. Trace gases constitute just

<0.1 % of all atmospheric mass. Usually, concentrations of gases in the atmosphere

are expressed in terms of mixing ratio. The mixing ratio Cx of a species X is defined

as the number of moles of X for moles of air. it is given in units of mol/mol (moles per

mole) or v/v (volume of gas per volume of air), since the volume of a gas in proportional

to the number of gas molecules. Mixing ratios of trace gases, are mainly expressed

in units of parts per million by volume (ppm) (ppm= 1x10−6 mol/mol),parts per billion

by volume (ppm) (ppb=1x10−9 mol/mol), and parts per trillion by volume (ppm) (ppt =

1x10−12 mol/mol). These are the units that are typically reported by air pollution surface

measurements networks. Mixing ratios can be converted to µg m−3 through the ideal

gas law.

The most important ambient (outdoor) gaseous air pollutants are carbon monoxide (CO),

sulphur dioxide (SO2), nitrogen oxides (NOx), volatile organic compounds (VOCs), and

ozone (O3). All these pollutants are associated with negative health impacts when com-

monly emitted from anthropogenic activities in and around human settlements. These

pollutants are also “criteria pollutants”, i.e. their concentrations are monitored and bench-

marked against national and/or international air quality standards to determine whether

a city, region or nation is meeting safe concentrations for humans health.

CO Carbon monoxide is a major sink for OH, thus playing an important role in tro-

pospheric chemistry (Jacob, 1999). Main sources of CO are incomplete combustion

(fossil fuel burning, biomass burning, wildfires), and almost all the CO present in today

troposphere is of anthropogenic origin (Jacob, 1999). The main sink of CO is oxidation
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by OH. Because of OH its dependence, seasonal variability in CO is due mainly to the

role of sunlight in OH production following Equation 1.1. This results in an estimated

lifetime which varies between of 30-90 days (Novelli et al., 1992), with longer lifetime

during winter and lower during summer.

Concentrations of CO can vary from around 50 ppb in rural areas to over 300 ppb in

urban areas, and reach peaks beyond 1000 ppb at hot spots of CO, such as forest fires

(Hornbrook et al., 2011; Palmer et al., 2013). The current WHO guidelines for CO are

set to 7 µg m−3 24-hour mean (WHO, 2021).

SO2 Sulfur dioxide is a gas of both anthropogenic and biogenic sources. Anthropogenic

sources originates from fossil-fuel burning, such as in coal power-plants, and industrial

processes, while natural emissions of SO2 are almost entirely produced by volcanic

activities (Smith et al., 2001). Beyond being toxic for humans, it is a major contributor

to acid rain, through subsequent oxidation that forms sulfuric acid in the atmosphere that

are then deposited by rain, snow, fog (Bricker and Rice, 1993). SO2 has also implications

in the formation of sulfate secondary aerosols (Section 1.3.2) The lifetime of SO2 is

around 1 week against OH oxidation (Brasseur and Jacob, 2017). The current WHO

guidelines for SO2 are set to 40 µg m−3 24-hour mean (WHO, 2021).

NOx Nitrogen oxides radicals (NOx = NO + NO2) are emitted in the troposphere from

anthropogenic sources through by fossil fuel combustion, and from natural sources from

wildfires, lightning and microbial processes in the soil. Combustion is by far the major

source of NOx in the troposphere (Lee et al., 1997; Logan, 1983). During daytime a fast

cycling (timescale of ∼ a minute) between NO and NO2 take place in the troposphere

(Jacob, 1999):

NO+O3 −−→ NO2 +O2 (1.3)
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NO2 +hν
O2−−→ NO+O3 (1.4)

This is a null cycle, since it has no effect on atmospheric composition. Because of the

short time of the cycling between NO and NO2, it is more appropriate to consider them

together in the NOx family, although NOx is mainly emitted in the form of NO. During

nighttime only reaction 1.3 in the cycle takes place because of the absence of sunlight,

and NOx is present only as NO2. The principal sink of NOx is oxidation against nitric

acid (HNO3), both at daytime and nighttime resulting in a lifetime of tropospheric NOx

of up to 1 day. HNO3 is then removed from the atmosphere through wet deposition

given its high solubility in a time scale of few days, and thus cannot be considered as a

recevoir species that then recycle NOx in the atmosphere through subsequent reactions

(Jacob, 1999). Because of short lifetime of NOx and fast removal of nitric acid, NOx

distribution across the globe shows strong gradients between combustion sources and

remote regions (Brasseur and Jacob, 2017). The current WHO guidelines for NO2 are

set to 10 µg m−3 annual mean and 25 µg m−3 24-hour mean (WHO, 2021).

VOCs Volatile organic compounds are a group of species mainly found in the form

of hydrocarbons (CxHy), excluding of methane (CH4). Atmospheric oxidation of VOCs

leads to a chain of oxygenated VOCs and production of secondary particulate mat-

ter (see Section 1.3.2) that eventually ends with the highest oxidation state in CO or

CO2. VOCs are short-lived against oxidation (typically hours to few days), with OH

being the main sinks for most VOCs. VOCs chemistry is responsible for much for the

complexity of the chemistry of the troposphere (Brasseur and Jacob, 2017). Natural

sources are the dominant source of VOCs on a global scale ( 90% of all VOCs emitted)

with isoprene the most abundant. However their spatial distribution is heterogeneous

when considering geographical location. Natural emissions of VOCs are found mainly

in the tropical regions, while anthropogenic emissions of VOCs occur mainly in densely
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populated, industrialised and urbanised regions where natural emissions are relatively

low. Thus anthopogenic VOCs can have significant impacts on urban and regional air

quality chemistry despite small emissions on the global scale (Prather et al., 2001).

However, emissions from urban vegetation can also have a non-negligible impact on

urban air quality (Chameides et al., 1988). Many VOCs are also emitted by common

household and self-care products (McDonald et al., 2018; Rösch et al., 2014; Wallace

et al., 1987), thus mainly affecting indoor air quality. Guidelines levels for VOCs are

mainly set for indoor environments (Public Heath England , 2019), and for selected

VOCs mainly from solvent uses in industrial manifacturing (Dobson, 1999) and common

consumer and household products (Steinemann, 2015).

O3 About 90% of atmospheric ozone is in the stratosphere between 20-30km above

the surface, and it is important as natural filter for damaging UV light radiation (Seinfeld

and Pandis, 2016). However the remaining ozone that is found in the troposphere is

harmful to human health as well damages crop yields (McKee, 1993).

Tropospheric ozone is not emitted directly into the troposphere, but is produced by

oxidation of CO and VOCs by HOx radicals (HOx =OH+ HO2) in the presence of NOx.

The main source of ozone in the troposphere is given by a sequence of reactions. In the

simple case of CO: (Brasseur and Jacob, 2017):

CO+OH O2−−→ CO2 +HO2 (1.5)

HO2 +NO −−→ OH+NO2 (1.6)

NO2 +hν
O2−−→ NO+O3 (1.7)

Net CO+2O2 −−→ CO2 +O3 (1.8)
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NOx-LIMITED

VOC-LIMITED

Figure 1.1: Ozone isopleth diagram showing the dependence of mean ozone production
P(O3) on NOx and VOCs concentrations from a box model simulation for the city of Delhi.
VOC- and NOx limited regimes are shown. The red diamond at point (1,1) represents
modelled at observed VOC and NOx concentrations in Delhi, supporting the assignment
of Delhi being, on average, in a VOC-sensitive photochemical regime. The factor shown
on both axis is a scaling factor for VOC and NOx concentrations relative to the observed
VOC-NOx concentrations in Delhi (red diamond). Modified and adapted from Nelson
et al. (2021).

For VOCs, the chain of reaction is similar, but with organic peroxy radical RO2 reacting

with NO to form NO2, which then undergoes photolysis. In both processes, NOx and

with HOx are catalysts for the oxidation of CO and VOCs by O2. An additional minor

source of O3 is provided through transport of ozone from the stratosphere. Thus the

rate of ozone production is strongly dependent on HOx, NOx and VOCs supply in a

non-linear way, mainly controlled by cycling of HOx in competition with HOx removal

(Brasseur and Jacob, 2017). This results in two main ozone production regimes. A NOx-

limited regime, when ozone production rate increase with NOx concentrations but does

not depends on concentrations of VOCs and CO. The NOx-limited regime is typical

of location downwind of urban and suburban areas. A VOCx- limited regime, occurs

when ozone production rate increase inversely with NOx concentrations and linearly
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with VOCs and CO concentrations. The VOC-limited regime is typical of polluted urban

environments (Brasseur and Jacob, 2017). Figure 1.1 shows the calculation of a simple

chemical model for ozone isopleths production (i.e. lines with constant mixing ratio) and

its dependence on NOx and VOCs concentrations for the city of Delhi, highlighting non

-linearity in the range of transition production states between the NOx- and VOC- limited

regimes.

The major sink for tropospheric ozone is the photochemical loss in the presence of water

vapour and reactions with HOx radicals (Seinfeld and Pandis, 2016) with an additional

sink from deposition to the surface. Lifetime of ozone ranges from a few days close to

the surface to months in the upper troposphere.

The current WHO guidelines for O3 are set to 100 µg m−3, 8-hour daily maximum

average µg m−3 and 60 µg m−3 8-hour mean for peak season. WHO defines the

peak season as the average of daily maximum 8-hour mean O3 concentration in the

six consecutive months with the highest six-month running average O3 concentration.

(WHO, 2021).

1.3 Particulate matter

Aerosols particles are usually defined as a complex mixture of solid particles and liquid

droplets found in the air (EPA, 2018). In the air quality community, particulate matter

PM refers in general to the solid particles phase. Unit of measure for PM is usually

micrograms per cubic metre [µg m−3] (Brasseur and Jacob, 2017). The current WHO

guidelines for PM2.5 (PM with diameter ≤ 2.5 µm) are set to 5 µg m−3 annual mean

and to 15 µg m−3 24-hour mean. For PM10 (PM with diameter ≤ 10 µm), it is 15

µg m−3 annual mean and 45 µg m−3 24-hour mean (WHO, 2021). Here follows a brief

description of sources and sinks of PM, their composition and the role of meteorology in

shaping PM concentrations.



1.3. Particulate matter 14

Figure 1.2: Schematic representation of the processes governing PM life cycle. Modified
and adapted from Riipinen et al. (2011).

1.3.1 Sources and sinks

PM is introduced in the atmosphere both as direct emissions from sources (primary PM)

or form in the atmosphere as a result of complex physio-chemical reactions (secondary

PM) (Figure 1.2).

A first distinction in PM is done according on the particles size. PM10 refers to PM

particles with diameter ≤ 10 µm in diameter, PM2.5 those with diameter ≤ 2.5 µm,

also called fine particulate matter. Sources of primary PM10 and PM2.5 include natural

sources such as such as dust, seaspray, volcanic activity, wildfires, as well as human

(anthropogenic) activities, such as combustion of fuels, agricultural activities, construc-
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tion dust, industrial processes (Figure 1.2). Primary natural PM are mainly found in the

coarse mode, which consist of PM with a radius 1-10 µm, thus contributing more to PM10,

while anthropogenic emissions from combustion processes (soot) usually are found in

the fine mode, with radius ≤ 1 µm, and they contribute more to PM2.5 mass.

Secondary PM are mainly found as PM2.5, and form from precursors gases through gas-

to-particle transformation processes, as shown in Figure 1.2 (Brasseur and Jacob, 2017;

Jacob, 1999). They are almost exclusively found in the fine mode. Gas molecules have

usually a size between 10−4 - 10−3 of a µm. When gas molecules cluster together (nuc-

leation), they form particles with a radius between 10−3 - 10−2 of a µm, called ultrafine

aerosols. Ultrafine aerosols then grow either through more gas molecules collected on

their surface and converted to particles (condensation) or through random collisions with

other particles (coagulation). Growth beyond 1 µm is slower because both condensation

and coagulation rates are reduced by larger particle size. Thus particles formed through

condensation and coagulation tends then to accumulate in the 0.01 - 1 µm size range,

which takes then the name of accumulation mode (Jacob, 1999).

Once in the air, both PM2.5 and PM10 has an average residence time in the lower

troposphere (atmospheric lifetime) of around 1-2 weeks, before being removed from the

atmosphere to the ground (Figure 1.2). PM are removed effectively by dry deposition

and wet deposition processes. Through dry deposition, PM is directly deposited to the

Earth’s surface. Through wet deposition, PM is deposited in an aqueous form through

precipitation processes, such as rain, snow or fog. Dry and wet deposition also apply to

gaseous species, and this is important when considering removal of precursors gases of

secondary PM2.5. Dry deposition is most effective closer to the ground and for PM10. Wet

deposition is most predominant at altitudes above 100m from the surface, and is the main

removal process for PM2.5 in the ultrafine and accumulation mode, which are removed

mainly by scavenging by cloud droplets followed by rainout (Brasseur and Jacob, 2017;

Seinfeld and Pandis, 2016).
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1.3.2 Composition

PM2.5 chemical composition is classified based on dominant aerosol types found in the

PM2.5. Primary components of PM2.5 usually consist in dust from natural mechanical re-

moval of soil, sea salt from marine spray, black carbon (BC) and primary organic aerosol

(POA) which originate by incomplete combustion both from natural (e.g. wildfires) and

anthropogenic (fossil fuel burning) processes. Organic aerosol (OA) refers to particulate

matter composed of organic compounds. OA is mainly composed of organic carbon OC,

a typical complex mixture of several organic compounds (Seinfeld and Pandis, 2016).

An important secondary component of PM2.5 is secondary organic aerosol (SOA). SOA

formation is enabled through processes that change the volatility of OA, with lower volat-

ility volatility favouring SOA formation. Volatility describes the tendency of a substance

to evaporate. For practical reasons, volatility of a compound is usually expressed in term

of its saturation mass concentration C0, in units of µg m−3. The saturation concentration

is obtained from the saturation vapour pressure via the ideal gas law (Seinfeld and

Pandis, 2016). The most important atmospheric mechanism of SOA formation is the

oxidation of gas-phase volatile organic compounds (VOCs), that creates products with

lower volatility that then can condense into the particle phase forming SOA (Jimenez

et al., 2009). Oxidation process has been introduced in Section intro:oxidation. POA

also can dilute and evaporate forming vapours, which can react and recondense to

SOA (Robinson et al., 2007). Precursor VOCs that lead to SOA formation are mainly

found in the form of hydrocarbons. All VOCs species, with saturation concentration

C∗ higher than 106 ug m−3 are well known SOA precursors. However, recent studies

have pointed out that semivolatile organic compounds (SVOCs) and intermediate volatile

organic compounds (IVOCs) (volatility range 10− 106 ug m−3) can also contribute to

SOA formation (Hodzic et al., 2010; Kroll and Seinfeld, 2008; Robinson et al., 2007). Ox-

idation can be initiated by different chemical species in the atmosphere, such as OH and
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ozone ( introduced in Section 1.2.2) and nitrate radical (NO3) (Kroll and Seinfeld, 2008;

Seinfeld and Pandis, 2016). Oxidation of gas-phase VOCs have shown also an important

dependence on nitrogen oxides (NOx) concentrations. Indeed NOx levels influence the

relative proportion of OH, NO3, and O3, and the peroxy radicals RO2 fate, by controlling

the branching of subsequent reactions, i.e. the number and type of active intermediates

which are created in the reaction chain (Ng et al., 2007; Presto et al., 2005; Zhang et al.,

2006a). Processes that lead to the formation of SOA are still not completely explained

and understood, and despite significant advances in understanding SOA properties and

formation mechanisms have occurred over the past decade, understanding SOA remains

an important challenge for atmospheric science (Fuzzi et al., 2015).

Other significant secondary component are inorganic secondary aerosols, mainly sulfate

(SO2−
4 ) nitrate (NO−

3 ) and ammonium (NH+
4 ). Typically, sulfate and nitrate are coupled

with ammonium, so that one talks about the sulfate-nitrate-ammonium aerosol (SNA)

(Brasseur and Jacob, 2017). SNA forms through oxidation of precursors gases SO2,

NOx and NH3. NH3 is emitted by agricultural activities, especially through the use of

fertilisers.

Overall, the composition of PM2.5 can vary greatly from one location to another across

the globe, reflecting the peculiarity due to the geographical and physio-chemical envir-

onment and type and location of emissions sources (Figure 1.3).
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Figure 1.3: PM1 composition (non-refractory only, i.e. excluding BC) measured in urban
and urban outflow regions (units of µgm−3) at standard temperature (273 K) and
pressure (1013 hPa). ASOA= secondary organic aerosol from anthropogenic sources;
Biogenic SOA= secondary organic aerosol from biogenic sources; POA= primary
organic aerosol; SO4 = sulfate; NO3 = nitrate; NH4 = ammonium. Adapted from Nault
et al. (2021)

1.3.3 Role of meteorology

Meteorology can affect concentrations of PM2.5 and PM10 as well of gaseous pollutants,

and thus influencing the air we breathe. The fundamental meteorological variables that

affect the movements of air pollutants in the air are wind speed and direction the planet-

ary boundary layer (PBL) height. The PBL is the layer of the atmosphere that interacts

with the Earth surface on a timescale of a day or less. Both wind and PBL affect turbulent

air mixing, such that more turbulence promotes faster and more efficient pollution mixing

and dispersion.
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Figure 1.4: Diurnal evolution of the planetary boundary layer (PBL) and implications for
surface pollutants concentrations.

The stronger the wind speed and the more constant the wind direction, the more the

pollutants are effectively dispersed in the air, leading locally to lower PM2.5, PM10 and

other gaseous pollutants concentrations. PM2.5 and PM10 and can be transported by the

wind for very long distances from where they were emitted or formed to other location at

downwind distances (Figure 1.2), and this is called long-range transport. Pollution can

be transported to neighboring regions, to across borders and even across continents.

An example of long-range transport of pollutants is the travel of large plumes of dust

from the Sahara desert to Southern Europe and to Trans Atlantic regions (Sakhamuri

and Cummings, 2019; Wang et al., 2020b). Ambient PM2.5 and PM10 concentrations in

urban settlements are usually determined by a combination of local emissions and long-

range transport, while in rural or remote regions are mainly determined by long-range

transport, since local emissions are often small (Moran et al., 2014).

PBL diurnal dynamics have an important impact in determining the daily cycle of air pol-

lutant concentrations at the surface of Earth (Figure 1.4). As discussed above, mixing of

pollutant in the PBL is caused by turbulence. Turbulence can be mechanical turbulence,

generated by the friction of winds with rough surfaces, or buoyant turbulence, driven by
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buoyancy (the ability of objects to float in water or air). Figure 1.4 shows how the PBL

structure evolves over land. The evolution of PBL is mainly driven by surface heating

and cooling across the day, with solar heating promoting vertical mixing of pollutants

within the PBL. During the night hours, cooling of surface reduces the PBL to a shallow

surface of around 10-100m of height. At night the PBL layer is maintained stable and well-

mixed thanks to mechanical turbulence. Above that, there is a stable residual layer. From

sunrise onward, the surface heats up and destroys the stability of the residual layers from

above, creating an unstable mixed layer above the surface layer. The mixed layer grows

in the morning hours with the sun radiation that intensifies and reaches the maximum

height in the middle of the day ( 1-3km). After sunset, the cooling of surface shrinks

the mixed layer and the nighttime conditions return again (Brasseur and Jacob, 2017).

Driven by the PBL diurnal dynamics, air pollutant emissions during the night remains

trapped in the shallow surface layer, resulting in higher concentrations. As the mixed

layer starts to grows at morning, it helps to dilute pollutants from the surface, leading to

a decrease in pollutant concentrations (Figure 1.4).

1.4 Emissions from the transport sector

Emissions from the transport sectors impact the climate by direct emissions of GHG, and

air quality, by direct emissions of harmful pollutants and precursors gases that contribute

the formation of secondary pollutants. The transport sector as a whole, including road,

rail, shipping and aviation transport, is a significant emitter of GHG and harmful pollut-

ants. It is estimated that in 2019 the transport sector produced 8.7 GtCO2eq (carbon

dioxide equivalent) of direct GHG emissions, approximately 23% of total energy-related

CO2 emissions. Emissions from transport in middle income countries, such as India,

have increased more rapidly than North America and Europe, a trend that is likely to

continue in coming decades (IPCC, Chapter 10 - Transport, 2022). Despite the emer-
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Figure 1.5: Projections of annual on-road passenger distance travelled, 2020–2050,
based on transport systems models that contribute to the International Transport Energy
Modeling (iTEM) intercomparison exercise (https://transportenergy.org/). The
box plots show the interquartile ranges between the first and third quartile. The whiskers
are drawn to the smallest/largest non-outlier. Modified and adapted from Yeh et al.
(2022).

https://transportenergy.org/
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Figure 1.6: Schematic representation of emissions from on road vehicles. Adapted from
European Environmental Agency (2016).

gence of electric mobility, reducing global transport emissions is a challenge since the

continuing growth in passenger and freight activity, especially in lower and middle income

countries (IEA, 2021; Lamb et al., 2021). Figure 1.5 shows future projections for travel

demand across the world.

Road transport is the major source of emissions from transport, accounting for 70% of

total GHG emissions from the whole transport sector (IPCC, Chapter 10 - Transport,

2022). Emissions of road transport are also the most of concern for their impact on air

quality and human health (Colvile et al., 2001). Dense road traffic activity is located in and

around urban environments, which are home today to around half of global population,

a trend that is expected to increase in the coming decades (UN, DESA, 2018).

1.4.1 Road transport emissions

Emissions from road transport are directly emitted from the tailpipes of cars, trucks and

other on-road vehicles (exhaust emissions), brake and tyres wear (non-exhaust emis-

sions), re-entrained from materials found on the roadway (fugitive dust), and created by

secondary formation from precursor emissions (Hodan and Barnard, 2004) (Figure 1.6).
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Exhaust emissions are mainly the product of incomplete internal-combustion engines of

the vehicle. Main pollutants emitted are gaseous pollutants: NOx, CO, CO2, and VOCs

and SO2, but also account for emissions of POA and BC (soot). However, exhaust-

emissions of pollutants can vary considerably between engines (and thus fuel used), and

are dependent on many other factors like ignition timing, speed, and fuel/air ratio (Abdel-

Rahman, 1998) and driving behaviour (Suarez et al., 2022). Despite average lower

CO2 emissions through better mileage efficiency, diesel vehicles tends to emit more air

pollutants than gasoline vehicles, especially NOx, POA and BC (Abdel-Rahman, 1998;

Jacobson, 2010). Diesel fuel has been shown to produce more SOA than gasoline. This

has been linked to the different volatility distribution of the hydrocarbons mixture for diesel

and gasoline fuels. Gasoline hydrocarbons fall mostly within the VOCs range, which

corresponds to saturation mass concentration higher than 106 ug m−3 as described

previously in Section 1.3.2. On the other hand, diesel hydrocarbons are mostly in the

IVOCs range (volatility range 10−106 ug m−3) and only 30% of diesel fuel hydrocarbons

are in the VOCs range, leading to a higher SOA formation for diesel compared to gasoline

(Gentner et al., 2012; Gordon et al., 2014).

Historically, stringent emission regulations have driven the reduction of exhaust-emissions

from vehicles. In the US, landmark Clean Air Act in 1970 established the legal authority

for the Environmental Protection Agency to regulate pollutant emissions from trans-

portation. Adopting increasingly stringent standards, sparked technology development

and implementation from the automotive industry, such as the catalytic converter, fuel

injection, on-board diagnostics, and currently, electric vehicles. Europe as well started to

regulating vehicle emissions in the second half of the last century, with the introduction

of a standard framework in the early 90’s . The standards are defined in a series of

regulations with progressive increasingly stringent standards. The stages are referred

to as EURO I, EURO II, EURO III, EURO IV, E EURO V and finally EURO VI which

is currently adopted. These Standards regulates emission of the major gaseous and
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(a)

(b)

Figure 1.7: Progression of European emission standards for gasoline cars (a) and diesel
cars (b) for Nox and PM. PM here refers to PM10. Source: Wikimedia Commons, by
Rfeba - Own work, CC0, https://commons.wikimedia.org/w/index.php?curid=
113499715)

https://commons.wikimedia.org/w/index.php?curid=113499715)
https://commons.wikimedia.org/w/index.php?curid=113499715)


1.4. Emissions from the transport sector 25

particulate pollutants described in Section 1.2.2, namely NOx, VOCs, CO, and PM, and

compliance to the standards is done through a lab-based test. For each vehicle type,

different standards apply. Figure 1.7 shows the EURO standard progression for petrol

and diesel cars for NOx and PM pollutants (Hooftman et al., 2018). These regulations

has made possible in western countries to witness in the last decades decreasing trends

in total exhaust-emissions from road vehicles, despite the increase in total kilometres

driven (Frey, 2018). For example, in Europe between 1990 and 2016, emissions of NOx

from road transport shrinked by 41%, those of CO and VOCs by 85 %, SOx by 63 %,

and emissions of PM2.5 had decreased by 40 % from 2000 levels (EEA, 2018). With the

EU banning on the sale of new petrol and diesel cars from 2035, and the increasing

popularity of electric vehicles, emissions from transport have the potential to be fur-

ther reduced (Weiss and Scherer, 2023). However, there is increasing evidence that

emissions performance of vehicle during lab-base test for approval is not representative

of real driving conditions, leading to an underestimation of true emissions of vehicles

on the road. Indeed, real emissions are dependent on driver behaviour, vehicle age,

and many other factors that are not taken into account during the lab-based approval

test. The European Commission has introduced a new measurement requirement with

portable emissions measurement system (PEMS), which can test emissions in real

driving conditions to try to reduce this gap (Hooftman et al., 2018).

In contrast to the situation regarding exhaust emissions, no policies are in place to

reduce tyre wear emissions or resuspension, and usually countries do not report these

emissions, but they can be important especially for their contribution to PM10 (Denier

van der Gon et al., 2013) . Indeed, non-exhaust particles are mainly emitted through

mechanical processes and thus tends to be coarse and contributes mainly to the mass

of PM10. However, tyre and brake abrasion can emit also particles ≤ 1 µm, contributing

to the PM2.5 mass fraction (Gietl et al., 2010).
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Transport emissions can be quantified through mainly two different approaches, “top-

down” and “bottom-up” to generate an emissions inventory. These inventories can be

also used in air quality models, to estimate the impact of these emissions on a different

range of pollutants. To estimate road transport emissions with a top-down approach, total

pollutant activities for the area of interest need to be estimated (e.g. national/regional

petrol sales for road transport). This quantity is then related to the air pollutant emissions

by emissions factors, usually expressed as grams of pollutant per liter of fuel. Emis-

sions factors can be obtained by laboratory measurements of representative sample

of vehicles. Then the total pollutants amount is disaggregated spatially to obtain local

emissions, by scaling the emissions proportionally to other variables which are assumed

to correlate geographically to transport polluting activity, e.g. population density, or road

lengths per unit area (Colvile et al., 2001).

The bottom-up approach starts by estimating local geographical resolved data through

direct data collection (e.g.traffic flow at lengths of different road types). Direct measure-

ments of all traffic sources are not possible, and thus these need to be estimated through

emissions factors. (Colvile et al., 2001). All the individual contribution are then sum up

for the area of interest to obtain the total emissions for the areas as:

E = ∑
i

Ai ×EFi

where Ai is the activity ( in this case km travelled) and EFi is the emission factor (g/km)

for the vehicle source i.

Invariably, the top-down and bottom-up methods give different total emissions estimates,

as each is affected by different error sources. Significant systematic errors can be given

by the estimation of emission factors and fleet composition, especially when considering

road transport emissions with high temporal resolution which depend strongly on the day-

time, weekday and road category (Kühlwein and Friedrich, 2000). To reduce uncertainty,
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more spatially and temporally resolved traffic volume data are required. The application

of new technologies, especially remote sensing of traffic emissions, are showing to be

promising in improving the estimates of real time traffic emissions (Dallmann, 2018;

Mukherjee et al., 2021).

1.4.2 Indian road transport

India has seen a rapid population growth and economic liberalisation in the last few

decades. Today, India is home to 1.38 billion people, which is almost 20% of the total

global population, and it is estimated to be the fifth largest economy in the world by

gross domestic product (World Bank, 2022). The increase in urbanisation and volume

of economic activities resulted in an increase in mobility for transportation goods and

services and for personal mobility. The number of on-road vehicles in India has grown

steadily, with the number of motor vehicles increasing from 19 million in 1990 to over

48 million in 2000 (+155%), and they are expected to reach 200 million by 2030 (Kumar

et al., 2022; Singh et al., 2008).

In India the most popular type of motor vehicle is the two wheelers, representing 75-80%

of all vehicles sales in India, followed by 4 wheelers for passenger cars (12-15%), and

three wheelers and commercial vehicles (5% each) (MoRTH, 2021). Two wheelers are

popular because of their affordability and because, together with 3 wheelers, they are

an efficient means of transport for daily commuting and for commercial purposes, espe-

cially in urbanised areas. Main mega cities of India (Delhi, Kolkata, Mumbai, Bangalore,

Chennai, Hyderabad) have seen a shift since the end of the last century from the share

from public transport to private transport (Jalihal et al., 2005). Typically, public passenger

and cargo vehicles are fueled by diesel, while private two wheelers, cars and light motor

vehicles (passenger) are fuelled by petrol. Diesel consumption constitutes around 80% of
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total fuel consumption, primarily due to the high volume of freight and passenger traffic,

and diesel fueled passenger and freight vehicles are the biggest contributors to the total

emissions from the transport sector (Guttikunda and Mohan, 2014; Ramachandra et al.,

2009; Singh et al., 2008).

In particular in Delhi, two- and three-wheelers such as auto-rickshaws and motorized

two-wheelers represented almost 65% of the total number of registered motor vehicles

in Delhi in 2019 (MoRTH, 2021). Passenger cars accounted for 30% of the total number

of registered motor vehicles in Delhi in 2019 (MoRTH, 2021). Freight vehicles (light-

duty and heavy-duty vehicles) are a smaller fraction of the total number of registered

motor vehicles, but share a high fraction of the total on-road transport sector emissions

because they generally travel further each day into and within the city (Goel and Gut-

tikunda, 2015; Jain et al., 2016; Malik et al., 2019). The on-road transport fleet in Delhi

has grown from 7.5 million vehicles in 2012 to 11.4 million in 2019, the highest number

of registered vehicles of any state in India (Goel and Guttikunda, 2015; MoRTH, 2021).

Passenger cars and freight activity in Delhi is forecasted to more than double from 2020

to 2050 (He et al., 2021).

Growing number of vehicles in Delhi and in all India meant also a proportionate increase

in pollutant emissions from the transport sector, and their growing contribution to poor

air quality especially in cities. Increase in emissions has been due to an increase both

in the number of motor vehicles on the road and the distance these vehicles travel

(Ramachandra et al., 2009). The on-road transport sector is a major contributor to the

total emissions of NOx (50%) and VOCs (30%) in India (Li et al., 2017), with different

vehicles type contributing differently to key pollutants (Guttikunda and Mohan, 2014).

Increasing air pollution over India from O3 and secondary particulate matter (Gani et al.,
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2019; Kunchala et al., 2022), for which NOx and VOCs act as precursors, makes on-road

transport a key source to tackle. The Indian government has in the past few decades

promoted measures to curb the impact of the growing on-road transport sector on air

pollution.

1.4.3 Indian transport regulations

The main mitigation measure for air pollution from road transport adopted by the Indian

government is the imposition of stringent emission regulations on all new vehicles na-

tionwide, from Bharat Stage III (corresponding to EURO III European vehicle emission

standards) nationwide in 2010 to Bharat Stage VI (corresponding to EURO VI European

vehicle emission standards) in 2020 (Hakkim et al., 2022).

Since the beginning of the 2000s, the city of Delhi has in addition been converting public

transport vehicles, including buses, three-wheelers and taxis, to operate on compressed

natural gas (CNG) following a Supreme Court judgment in 1998 (Kathuria, 2004). Older

vehicles are also being phased out Delhi. Other cities are following this trend as well

as have experimented with substituting diesel vehicles with CNG (Hakkim et al., 2022).

Recent measures to control traffic emissions in the Indian capital also include the intro-

duction of a alternating “odd–even” licence plate pilot policy for passenger cars during the

winter and the pre-monsoon seasons. However, the odd–even strategy only marginally

reduced the PM2.5 concentrations in Delhi (Chowdhury et al., 2017; Kumar et al., 2017;

Sharma et al., 2017b). Despite these interventions, air pollution levels in Indian cities, in

particular Delhi, remain hazardous to human health. Thus there is the need for a more

systemic analysis of the traffic contribution to Indian cities pollution aiming at assessing

and improving current intervention strategies.
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These intervention strategies could also take advantage of emerging transport techno-

logies. Indeed, with the emergence in the global market of electric vehicles and their

increasing affordability, also India is investing in promoting EVs adoption. In 2015 India

launched the Faster Adoption and Manufacture of (Hybrid and) Electric Vehicles (FAME)

scheme which began in 2015, and now in its second stage. Through the FAME scheme

for example, electric two- and three-wheelers are eligible for subsidy support (MHI,

2022). Thus, electric two-wheelers and three-wheelers are driving the first wave of EVs

adoption in India. On the other hand, the shift to EVs for passenger cars and freight

vehicles is not currently affordable (Kumar and Chakrabarty, 2020). In the case of heavy

duty vehicles, there are no yet available EVs technologies and infrastructure (Cunanan

et al., 2021). Alternative fuels such as compressed natural gas (CNG) can be promoted

as an interim more sustainable solution for these vehicles. In addition, in 2017 India

joined the EV30@30 campaign, under the Electric Vehicle Initiatives (EVI) of the Clean

Energy Ministerial, aims for EVs to account for 30% of new vehicle sales by 2030 (CEM,

2017). In the coming decades, it will be key for India and Indian cities to manage to

balance the increasing transport demand in their growing economy and overall air quality.

1.5 Air quality modelling

Air quality models are a simplified representation of the complex system of the atmo-

sphere based on our knowledge of atmospheric processes (Brasseur and Jacob, 2017).

Starting from the current knowledge of the physics and the chemistry of atmospheric

processes, their formulation into equations is coded into pieces of software that can

simulate the behaviour of the atmosphere. Air quality models can be used for different

purposes. They can complement the observations of a monitoring network, which is

usually spatially limited, and provide continuous spatial coverage for air pollutants. They

can be used to improve the understanding of the sources and processes that determine
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air quality; to forecast air quality, to inform policy-makers and citizens about hazardous

conditions in advance; to support policy-makers in designing air quality management

plans for mitigating air pollution, by predict the air quality as a result of changes in

emissions for different scenarios on the relevant scale. (Daly and Zannetti, 2007; Gulia

et al., 2015; Pisoni et al., 2019; Shrivastava et al., 2011). Here follows an overview of

types of air quality models, and a more detailed description of the model used in this

thesis work, WRF-Chem.

1.5.1 Types of air quality models

There are different air quality models types, depending on the particular application. A

first distinction of air quality models can be done between mathematical models and

statistical models. Mathematical models explicitly simulate the behaviour of pollutant

species on the basis of the mathematical equations that represent physical, chemical and

dynamical processes in the atmosphere. They are complex and their numerical imple-

mentation normally requires high performance computing to run them. Statistical models

are based on empirical relationships between variables that are are established from a

large number of previous observations. Statistical models are simpler than mathematical

models, but cannot be extrapolated beyond the range of validity given by the data used

in their derivation. Thus they are mainly used to explore the relationships between input

and output variables and not usually suitable for exploring different air quality scenarios

as they have a limited predictive ability, contrary to mathematical models (Brasseur and

Jacob, 2017; Srinivas and Sarin, 2014).

Two types of mathematical models are Eulerian Models and Lagrangian Models. Eu-

lerian models describe and solve the mathematical equations of the evolution of chemical

concentrations in a geographically fixed frame of reference. The area of interest (domain)

is divided in fixed 3-D grid cells and the model solves equations to produce solutions on

a fixed grid of points representing the model domain. Lagrangian models use a frame
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of reference that moves with the atmospheric flow, i.e. calculates wind trajectories and

the transportation of air parcels along these trajectories. Eulerian models are generally

preferred in 3-D models because it guarantees a well-defined concentration field over

the whole domain, while Lagrangian models are better suited for tracking the transport

of pollution plumes, and for describing the source influence function contributing to

observations made at a particular location(Brasseur and Jacob, 2017). Types of Eulerian

models are Chemical Transport Models (CTMs), while types of Lagriangian models are

dispersion models (e.g. Gaussian Plume model).

Mathematical models can be global models, which simulate the atmosphere at a global

scale, while regional models can simulate the atmosphere features at a higher resolution

over a reduced geographic region. Because they cover a limited area, regional models

need input data for their boundary and initial conditions, which are generated from

global models. Initial conditions (ICs) describe the initial state of the atmosphere which

is provided at the start of the run. Initial conditions include meteorological variables

(like wind, temperatures, pressure, and moisture) and chemical variables (e.g. pollutants

concentrations). It is a common practice to discard the initial part of the simulation, which

amount of time depends on the application, before studying the air quality model outputs

in order to minimize the influence of the initial conditions. This practice is called model

spinup. Boundary conditions (BCs), in contrast, are meteorological and chemical fields

that are provided throughout the simulations, and constraint the model solution and fields

to prescribed values of atmospheric variables. The process of using BCs and ICs for

a regional model generated from a global model is a form of nesting. More generally,

the terms nesting refers to the process of inserting a higher resolution domain (child

or nested domain) into a coarser domain ( parent or outer domain), referred to as the

"mother" or "outer" domain. Two basic strategies exist: 1-way or 2-way nesting. In the

one-way nesting, meteorological and chemical calculations are first performed for the
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parent domain, and the results are used as BCs and ICs for the nested domain. In Two-

way nesting the interaction between the parent and the nested domain is reciprocal and

simultaneous, because not only does the parent provides BCs for the nest (as in 1-way

nesting), but feedback from the nest to the parent also exists (Lozej and Bornstein, 1999).

A further distinction for atmospheric chemistry models is if they are operating online and

offline. Models that do not generate their own meteorological environment and instead

use 3-D time-dependent data generated by an external meteorological model are called

“offline” models. Meteorological fields (temperature, wind speed and direction, humidity

and so on) are provided by pre-calculated meteorological data (reanalysis data). CTMs

are usually offline models.

Models that instead integrate the parent meteorological model so that meteorological

equations and the continuity equations for chemical species are solved together are

called online. Online models have the advantage that they fully couple chemical transport

with dynamics and able to explore interactions between meteorology and chemistry, such

as meteorology-aerosols feedback. They avoid the need for high-resolution meteorolo-

gical archives, but they are far more complex to operate, and interpret and require more

computation time than offline models. (Brasseur and Jacob, 2017).

Regardless of type of mathematical model, the part of the model that deals with calcu-

lating the production and loss (continuity equation) of chemical species considered for

each time step is called chemical scheme or chemical mechanism (Brasseur and Jacob,

2017). The chemical scheme used in a model can vary in complexity, in terms of number

of species and number and types of processes included. Since the chemistry of the

atmosphere is complex, all the reactions for individual species cannot be represented
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and resolved, and thus it is common practice in chemical mechanism to lump together

species by common traits and reactions. The chemical mechanism to be used in simula-

tion needs to be chosen on the type of scientific questions and processes that are to be

investigated.

CTMs need large amount of external input data for reproducing the atmosphere: meteor-

ological data, emissions of pollutants, and data about the characteristics of the surface

and terrain (LULC, Land Use and Land Cover). Emissions of chemical species to use

are usually provided by inventories, pre-calculated emission fields by type of source.

The main types of sources are anthropogenic, biogenic or pyrogenic (biomass burning).

To compile these inventories, either a top-down or bottom-up approach is used. Emis-

sion fluxes can be compiled with different spatial and temporal resolutions depending

on the requirements of the model and of the study. For some species (e.g. NO from

traffic exhaust) the diurnal variation of emissions is significant, and should be taken into

account in the emissions field, while for others with long term variability (e.g. CO2) a high

temporal resolution is not usually needed.

Despite the improvements of atmospheric models in the last decades, no model is perfect

in its predictions: there always be uncertainty about the understanding of how physics

and chemistry of the atmosphere actually works (i.e. not all processes are well represen-

ted by model equations), errors in the code of the software and introduced by methods

to solve the equations, errors in the data that are fed into the model as input, and by

the intrinsic chaotic nature of the atmosphere. This results in a non-perfect simulation

of the state of the atmosphere and air pollutants (Brasseur and Jacob, 2017). For air

quality models to be useful to they need to reproduce the atmosphere with a degree of

confidence that is required for the particular application. This is why it is important to

evaluate the model performance with independent observations (satellite data, ground-

based monitoring stations, output from other independent models). Evaluating a model
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for an application means to broadly assess the model results, by looking at metrics to

quantify the differences between model predictions and observations, in order to find

model strenghts and limitations and determine if it is suitable for the questions under

investigation (Brasseur and Jacob, 2017).

1.5.2 WRF-Chem model: introduction

WRF-Chem is the Weather Research and Forecasting (WRF) model coupled with Chem-

istry (Chem). WRF-Chem is a state-of-the-art online Eulerian chemistry transport model

that simulates the emission, transport, mixing, and chemical transformation of trace

gases and aerosols simultaneously with the meteorology. WRF-Chem is a fully com-

pressible model, i.e. it allows for significant changes in fluid density, and non-hydrostatic

model, i.e. it calculates the full vertical momentum equation (Skamarock et al., 2008).

Being an online model, chemical continuity equations and meteorological equations are

solved together in WRF-Chem, as discussed in the previous paragraph.

The model is used for investigation of regional air quality, field program analysis, and

interactions between meteorology and chemistry. (Grell et al., 2005; Powers et al., 2017).

The WRF-Chem model is flexible across spatial scales, serving applications from hun-

dreds of metres to study urban air quality to hundreds of kilometres, to study regional

air quality.The development of WRF-Chem is a collaborative effort among international

modeling community, with NOAA/ESRL scientists leaders and continuing caretakers of

the code (NOAA, 2020). It has been widely tested and used for investigating air pollution

of cities and megacities around the world (Im and Kanakidou, 2012; Kuik et al., 2016; Li

et al., 2011; Reátegui-Romero et al., 2018; Tie et al., 2013). In particular, its suitability

has been tested and used for air quality studies over India (Conibear et al., 2018;

Govardhan et al., 2015; Kumar et al., 2014,1; Michael et al., 2014; Ojha et al., 2020)

and also for studies focussing on Delhi (Beig et al., 2013; Gupta and Mohan, 2013,1;

Jena et al., 2021; Mohan and Bhati, 2011; Sharma and Khare, 2017). WRF-Chem
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allows users to choose among different parametrisation schemes for various physical

processes ( turbulence exchange, atmospheric radiation, cumulus cloud precipitation,

cloud microphysics, and land surface type), and chemical processes (e.g. gas-phase

chemistry, aerosol chemistry, emissions). Thus resulting in a flexible tool to be set-up

ad-hoc for the specific application. Separate modules and tools in WRF-Chem are used

to prepare LULC and meteorological input data (WPS, WRF Pre-Processing System).

Meteorological input data are needed in WRF-Chem as initial and boundary conditions,

because it is a regional model, but, as an online model, WRF-Chem generates its own

meteorological fields at each time step ( Section 1.5.1). Chemical initial and boundary

conditions and emissions within the domain for anthropogenic,pyrogenic and biogenic

sources are also prepareed using separate modules (ACOM-NCAR, 2020). In the next

section, we describe the specific set-up chosen in this thesis for addressing the scientific

question outlined in Section 1.1.

1.5.3 WRF-Chem model set-up

Across all research chapters 2, 3 and 4, we use a common WRF-Chem set-up for the

meteorological and chemical parametrisations, initial and boundary conditions, terrain

data (LULC), and biogenic and fire emissions. However, in each chapter the choice

of the anthropogenic emissions, model domain(s), period of simulations experiments

differ. These WRF-Chem set-up aspects are chosen differently to better suit the research

question addressed in each research chapter. The combination of parametrisations we

choose are based on the work of Conibear et al. who tested and used this combination

in WRF-Chem for air quality applications over India (Conibear et al., 2018).
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Version and domain settings We use v.3.9.1.1 of WRF-Chem. The vertical resolution

is of 33 vertical levels that span from the surface to 50 hPa (≃19 km). As mentioned, ho-

rizontal resolution and period of simulation differ among the research chapters according

to the research questions being addressed.

In Chapter 2, which focus on understanding seasonal factors influencing PM2.5 at a

regional scale over the Indo-Gangetic Plain (IGP), the WRF-Chem domain covers the

entire IGP at horizontal resolution of 20km, as shown in Figure 1.8. We run the model for

four distinct months each one representative of one different Indian season: 18th April to

16th May 2017 (pre-monsoon), 3rd to 31st July 2017 (monsoon), 18th October to 16th

November 2017 (post-monsoon) and 8th January to 5th February 2018 (winter). More

information on Indian seasons and their characteristics will be discussed in Sec 1.6.

In Chapters 3 and 4, where the focus is on PM2.5 at a city-level scale over Delhi,

we use a nested domains set-up (Section 1.5.1). The parent domain encompasses

north India at 12 km horizontal resolution, while the nested domain covers Delhi and

the broader National Capital Region (NCR) at 4 km horizontal resolution, as shown in

Figure 1.9. In Chapter 3 we focus on the impact of the transport sector during the post-

monsoon season, so we run the model for a short representative period in this season

(6-16 October 2019). In Chapter 4 we explore the impact of future transport emissions,

and to account their impact in different chemical environments, we run the model for

a representative period of two contrasting seasons, 1-30 April 2019 for pre-monsoon

and 1-31 October 2019 for post-monsoon. More details on the period of simulation and

simulation experiments will be given in each research chapter.
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Figure 1.8: WRF-Chem model domain used in research Chapter 2 (17◦–40◦ N and 64◦–
97◦ E) at 20km horizontal resolution.

Figure 1.9: WRF-Chem model domains used in this study: d01 refers to parent domain
described with a 12 km horizontal resolution (19◦–36◦ N, 65◦–90◦ E), and d02 refers
to the nested domain (25–31◦ N and 74–80◦ E), described with a 4 km resolution, that
covers Delhi (in pink) and the broader National Capital Region (NCR, in green).
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Meteorological Parametrisations For meteorological processes, Morrison double- mo-

ment scheme scheme describes cloud microphysics Morrison et al. (2005), the Mellor-

Yamada Nakanishi and Niino 2.5 (MYNN2) Nakanishi and Niino (2006) the planet bound-

ary layer and the Grell 3D scheme is used for cumulus parametrization Grell and Dévényi

(2002). The Rapid Radiative Transfer Model (RRTM) parametrise both short and long

wave radiation Iacono et al. (2008). Land surface is parametrised by the Noah Land

Surface Model Ek et al. (2003) coupled with a urban canopy model Kusaka and Kimura

(2004).

Chemical Parametrisations To describe gas-phase chemistry we use the Model for

OZone And Related chemical Tracers, version 4 (MOZART-4) chemical mechanism (Em-

mons et al., 2010). The standard MOZART-4 mechanism includes 85 gas-phase species,

39 photolysis and 157 gas-phase reactions and 12 bulk aerososls. The version we

use, includes also the extended treatment of some volatile organic compound (VOC)

chemistry, in particular monoterpenes and aromatics, and uses and updated isoprene

oxidation scheme (Knote et al., 2014). Photolysis rates are calculated by the Fast Tro-

pospheric Ultraviolet–Visible (FTUV) module (Tie et al., 2003). We use the Model for

Simulating Aerosol Interactions and Chemistry (MOSAIC) to simulate aerosols chemistry

(Zaveri et al., 2008), including aqueous-phase chemistry (Knote et al., 2014). MOSAIC

describes aerosols using four sectional discrete size bins: 0.039—0.156µm, 0.156—

0.625µm, 0.625—2.5µm, 2.5–10µm. The first three of these bins represent PM2.5, while

the largest one describes coarse particulate matter (PM2.5−10). MOSAIC is coupled with

the bulk aerosols species of MOZART, as well as accounts for aerosol feedbacks on

photolysis.
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Secondary Organic Aerosol scheme Since changes in OA volatility is key for the

formation of SOA 1.3.2, we take advantage of the Volatility Basis Set (VBS) model to

describe SOA in WRF-Chem (Ahmadov et al., 2012; Knote et al., 2015; Lane et al.,

2008b). The VBS helps to describe succinctly the evolving volatility of OA through oxid-

ative chemistry in the atmosphere (Chuang and Donahue, 2016; Donahue et al., 2006,1).

The VBS has been used successfully in a range of modelling studies (Ahmadov et al.,

2012; Bergström et al., 2012; Lane et al., 2008b; Zhang et al., 2013; Zhao et al., 2016).

For each of the four aerosol size bins in MOSAIC, the 1-D VBS implementation con-

siders five volatility bins for semi-volatile organic compounds (SVOCs), described by

effective saturation concentrations C∗ of 10−4, 1, 10, 100 and 103 µg m−3 at 298 K. The

log10C∗ = −4 volatility corresponds to an inert compound, and serves computationally

as a loss of particle phase organics to avoid unrealistic volatile mixtures due to con-

tinuously aging of gas-phase SVOCs. Lumped anthropogenic, pyrogenic, and biogenic

gas-phase aerosol precursors undergo continuous gas-phase oxidation and partition

between the gas and aerosol phase using pseudo-ideal partitioning theory (Pankow,

1994). For SOA formation, partitioning between the gas and aerosol phase depends on

total organic aerosol load and temperature. At thermodynamic equilibrium, for species i

with saturation mass concentration C∗
i , the fraction of the total OA amount present in the

aerosol phase, Xp,i, is given by Seinfeld and Pandis (2016):

Xp,i = (1+
C∗

i
COA

)−1 COA = ∑
i

CiXp,i (1.9)

Note that at C∗
i =COA then Xp,i = 1/2, so half of the species is in the gas phase and the

other half in the particulate phase, giving the equipartition point. Also the total amount

of COA has an important role in the partitioning. Indeed, changing the total organic

mass COA translates in a shift in the partitioning. Thus gas-particle partitioning near

the sources is very different from the one in the remote atmosphere. If COA is present in
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only small quantities, only the less volatile compound will partition in the aerosol phase,

while the rest of the compounds in the gas phase can undergo gas-phase oxidation

steps. On the contrary, if the starting levels of COA are high, almost all the semivolatile

oxidation products partition in the particle phase as soon as they are formed, removing

them from the possibility to subsequently undergo further gas-phase oxidation Seinfeld

and Pandis (2016). SOA yields are also dependent on NOx levels, so SOA yields is

calculated differently for low and high NOx conditions, through a branching ratio (Lane

et al., 2008a). The WRF-Chem model option we chose include also the SOA formation

from glyoxal (Knote et al., 2014). Loss of SVOCs is from washout via convective and

grid scale precipitation. Our chosen implementation of VBS only accounts for SVOCs,

and assumes that POA is inert so that it contributes only to the aerosol mass. We do not

include direct emissions of SVOCs or intermediate VOCs (IVOCs). This is a limitation of

our current implementation given evidence that SVOC and IVOC vapours creates a con-

siderable amount of regional SOA, and that POA emissions are semivolatile and undergo

oxidation and should be also considered in describing SOA production (Robinson et al.,

2007). To describe POA using the VBS approach we would require information about the

volatility distribution of POA, but conventional inventories typically consider POA as non-

volatile.The 1-D version of the VBS model is unable to describe some aspects of SOA

formation, including fragmentation and the increase in OA oxidation state, which are

better described by the 2-D version of the model that tracks the oxygen-to-carbon ratio

(O:C) in addition to organic mass (Donahue et al., 2012). Previous studies have shown

that the 2-D VBS model improves model-measurement agreement in SOA (e.g., Zhao

et al. (2016)) but has a significant associated computational burden when used in 3-D

chemistry transport models. Further details of this VBS implementation in WRF-Chem

are described in (Knote et al., 2015) and references therein.
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Input data and emissions For input data in the model, initial conditions and lat-

eral boundary conditions, and for nudging (Newtonian relaxation), we use meteoro-

logical reanalyses from NCEP FNL Operational Model Global Tropospheric Analyses

Data (National Centers for Environmental Prediction, National Weather Service, NOAA,

U.S. Department of Commerce, 2015) at a spatial resolution of 0.25◦×0.25◦ and at a

temporal resolution of six hours. We use the nudging approach at all levels to prevent our

calculations from deviating too far from observed meteorology. Chemical initial conditions

and lateral boundary conditions for each month are provided by six-hourly Community

Atmosphere Model with chemistry (CAM-Chem) global model data (Buchholz et al.,

2019). The description of terrain data for the domain (land use and soil categories)

we use MODIS IGPB 21-category data at 30 arc-seconds resolution (∼ 1 km) (Friedl

et al., 2010). To define our For pyrogenic emissions, hourly biomass burning emissions

are taken from the Fire Inventory from NCAR (FINNv1.5) (Wiedinmyer et al., 2011). The

FINNv1.5 inventory includes global estimates of trace gas and particle emissions from

open burning of biomass, which includes wildfire, agricultural fires, and prescribed burn-

ing. Biogenic emissions are calculated online using the Model of Emissions of Gases

and Aerosol from Nature (MEGANv2.1), Guenther et al. (2006)). Anthropogenic emis-

sions are taken from different databases. In Chapter 2, we use monthly anthropogenic

emissions from Emission Database for Global Atmospheric Research with Task Force

on Hemispheric Transport of Air Pollution (EDGAR-HTAP v2.2) for year 2010 (Janssens-

Maenhout et al., 2015) as provided by the WRF-Chem community, which provides the

total anthropogenic emissions and includes a NMVOC speciation according to the gas

and aerosol chemistry scheme we use in this thesis (MOZART-MOSAIC). In Chapter 3

and 4, for the parent domain, we use the newly released EDGARv5.0 monthly anthro-

pogenic emission inventory for 2015 at 0.1◦×0.1◦ resolution (∼11 km) (Crippa et al.,

2019a,1,1). For the nested domain which covers Delhi and the neighborhood NAtional

Capital Region (NCR) we use the local anthropogenic emission inventory from Energy
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and Resource Institute and The Automotive Research Association of India (TERI/ARAI)

that covers the NCR region (TERI & ARAI, 2018) at 4km resolution for the year 2016.

Details and discussion on the TERI/ARAI inventory will be provided in Chapter 3. Table

1.1 summarised the set-up of the WRF-Chem model used in this thesis.

Observations for model evaluation For each research chapter, we evaluate the model

performance for selected pollutants against observations from ground-based monitor-

ing stations, satellite observations, and pollutants observations from previous literature.

In Chapter 2, which investigates regional and seasonal air pollution over the IGP, we

evaluate seasonal values of the model with ground-based observations for main gas

pollutants and particulate matter from governamental monitoring stations across the

IGP, aerosol optical depth (AOD) satellite observations, and organic aerosols data from

previous literature. For chapter 3 and 4, which deal with air pollution at the urban scale of

Delhi, we evaluate the WRF-Chem model with ground-based observations from Indian

governamental data, for PM2.5 in Chapter 3 and for PM2.5 and O3 in Chapter 4. In

these two chapters, we also evaluate PM2.5 composition (Section 1.3.2) with values from

previous literature. Observations used are described in the "Data and Methods" section,

while the evaluation is presented in "Results" section in each chapter.
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Version and domain settings Value

Version v.3.9.1.1
Vertical resolution 33 layers, up to 50 hPa
Domain Chapter 2: Figure 1.8

Chapter 3 and 4: Figure 1.9
Period simulated Chapter 2: 18/04-16/05 2017 (pre-monsoon),

3-31/07 2017 (monsoon),
18/10-16/11 2017 (post-monsoon),
08/01-05/02 2018 (winter)
Chapter 3: 6-16/10 2019 (post-monsoon)
Chapter 4: 1-30/04 2019 (pre-monsoon),
1-31/10 (post-monsoon)

Process Parametrisation

Cloud microphysics Morrison double-moment scheme
Planetary boundary layer Mellor-Yamada Nakanishi and Niino 2.5 (MYNN2)
Convection Grell 3D scheme
Short and long wave radiation The Rapid Radiative Transfer Model (RRTM)
Land surface Noah Land Surface Model coupled

with a urban canopy model
Gas-phase chemistry Model for OZone And Related chemical Tracers

(MOZART)
Photolysis Fast Tropospheric Ultraviolet–Visible module

(FTUV)
Aerosol-phase chemistry Model for Simulating Aerosol Interactions and

Chemistry (MOSAIC)
Secondary Organic Aerosols 1-D Volatility Basis Set (1D-VBS)

Input data Dataset

Meteorological Initial and Boundary Conditions NCEP FNL Operational Model Global
Tropospheric Analyses

Chemical Initial and Boundary Conditions CAM-CHEM global model
Land use and soil categories MODIS IGPB 21-category
Fire emissions Fire Inventory from NCAR (FINNv1.5)
Biogenic emissions Model of Emissions of Gases and Aerosol from

Nature (MEGANv2.1) - Calculated online
Anthropogenic emissions Chapter 2: EDGAR-HTAPv2.2

Chapter 3 and 4: EDGARv5.0 (parent domain),
TERI/ARAI (nested domain)

Table 1.1: WRF-Chem set-up used in the research chapters of the thesis (Chapter 2, 3,
4). Unless specified, settings are common to all research chapters.
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Preparatory work Although used by a wide range of users the WRF-Chem model is

not easy to operate. It has several components that need to be operated in sequence,

and each set-up (choice of meteorological and chemical parametrisation, model domain,

input data etc.) is unique for the specific application for which is used. There are best

practices to run the model, but then a consistent amount of time need to be spent to

make the model work smoothly and consistently for the application chosen. For the

work in this thesis, several time has been spent to install, make compatible with the

IT infrastructure used, configure and test the WRF-chem model. Although not presented

here, this preparatory work has been fundamental to be able to fully operate the WRF-

Chem model to conduct the research presented in the research chapters.

1.6 Air pollution over Delhi megacity

As introduced in Section 1.2 and 1.3, there are many factors that can influence air

pollutant concentrations. The reality of Delhi air pollution is particularly complex, because

it is due to the concurrence of many of these different factors: geographical location and

meteorological conditions, local and regional sources and trans-boundary air pollution.

Here, we give a general overview of these factors, from the regional to the city scale, and

how they are linked to pollutants levels in the Indian capital.

1.6.1 Regional context: the Indo-Gangetic Plain

The city of Delhi, officially the National Capital Territory of Delhi (NCT), is located in the

Indo-Gangetic Plain (IGP) at 28.5◦ N latitude and 77◦ E longitude and 216 m above

mean sea level. Delhi is surrounded by hills and the Himalayas in the North and East,

central hot plains in the South and the Thar Desert in the West (Figure 1.10).
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The IGP including parts of Pakistan, India and Bangladesh (Figure 1.10), is one of the

most populous and polluted areas in the world. It is home to ∼ 700 million people

(9% of the global population Bangladesh Bureau of Statistics (2011); Indian National

Commission on Population (2020); Pakistan Bureau of Statistics (2017)) and to the

associated sources of anthropogenic air pollution, which are distributed proportionally

to population, with hotspots over cities of various sizes from megacities of more than 10

million people, e.g. Karachi, Lahore, Delhi, Kolkata, and Dhaka, to smaller cities of a few

million inhabitants, e.g. Faisalabad, Patna, Kanpur, Lucknow, and Varanasi (UN DESA,

2019a).

The importance of the IGP lies in the fertility of its soils formed from alluvium that is

deposited across the Indus and Ganges basins by the Indus and Ganges rivers. These

rivers originate in the Himalaya mountains and the Tibetan Plateau. The Indus and

Ganges basins benefit also from precipitation from the seasonal monsoon. A monsoon

system is a seasonal change in the direction of the prevailing winds of a region and

in the associated amount of rainfall. The Indian monsoon, brings prevailing winds from

the northeast during cooler months of the year, and reverses winds direction to blow

from southwest during the warmest months, bringing large amounts of rainfall during

June and July (Gadgil et al., 2003). The monsoon timing thus defines the main seasons

over the IGP (India Meteorological Department, 2020): the pre-monsoon season runs

from March to May, the monsoon season is from June to September, the post-monsoon

season is from October to December, and winter occurs in January and February. The

Indian states across the IGP (e.g. Punjab, Haryana, and Uttar Pradesh) represent the

vast majority of nationwide wheat and rice production. Rice and wheat are planted in May

and November and harvested in October-November and April-May respectively, following

the rice–wheat cropping cycle. The IGP is also an important producer of sugarcane,

cultivated mainly in the Indus Valley in Pakistan and in the Indian state of Uttar-Pradesh.

The two main seasons for planting are in September-October and February-March,
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followed by harvesting during the winter and pre-monsoon months, respectively. Crop

residues left from harvesting, e.g. husk, bran, straw, are generally burned in open fires.

Traditionally, these residues were ploughed back into the soil to maintain fertility and

stability, but the sheer scale of current production precludes these practices in time for

a second growing season (Ahmed et al., 2015; Chauhan et al., 2012). Open burning

of these residues across the IGP, particularly during the post-monsoon season, is a

large source of gaseous and particulate pollution that has implications for regional air

quality and human health (Jethva et al., 2019; Sembhi et al., 2020; Vadrevu et al., 2011).

Residential biofuel combustion also plays an important role for air quality (Agarwala and

Chandel, 2020; Conibear et al., 2020).

The high population density and intense human activity over the IGP result in anthro-

pogenic emissions being a major source of regional surface air pollution (Begum et al.,

2013; Guttikunda and Jawahar, 2014; Shahid et al., 2015; Venkataraman et al., 2018).

Residential energy consumption represents a major contribution to anthropogenic emis-

sions with a large fraction of the rural and urban population using solid fuel for cook-

ing (Conibear et al., 2018). Emissions from land transportation, particularly in cities,

also represents a significant contribution to anthropogenic emissions, as highlighted

in Section 1.4.2. (Begum et al., 2013; Guttikunda et al., 2014; Mallik and Lal, 2014).

Intense agriculture over the IGP is associated with large emissions of ammonia, an

aerosol precursor, from urea fertilizer application, as well as from post-harvest burning as

described above (Kuttippurath et al., 2020; Wang et al., 2020c). Vegetation cover over the

IGP consists mainly of croplands (Gumma et al., 2019; Stibig et al., 2007), which have

lower isoprene emissions than trees (Hardacre et al., 2013). Consequently, biogenic

emissions over the IGP are lower compared to other parts of South Asia (Guenther

et al., 2006; Stavrakou et al., 2014).
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Regional dispersion of air pollution over the IGP is dominated on a seasonal times-

cale by the monsoon system, influenced by the high mountain ranges of Hindu Kush

and Himalayas that lie to the northwest to northeast of the IGP. Agricultural planting

and harvesting (and associated burning) are determined by the timing of the monsoon

when the majority of the annual rainfall falls. The post-monsoon rice harvesting season

corresponds to post-monsoon stable conditions that favour air stagnation. Lower speed

wind from west/northwest air flow, lower boundary layer depth, cooler temperatures, high

relative humidity favours the transport of pollutants towards east from upwind regions

(Cusworth et al., 2018; Nair et al., 2007; Singh and Kaskaoutis, 2014). Stagnating atmo-

spheric conditions characterise also the winter season. In contrast, higher wind speeds

from east, start in pre-monsoon and peak in the monsoon season, where the monsoon

enables ventilation and rainwash of pollutants in the air and increase in PBL heigh, bring-

ing lower pollution concentration in these two seasons (Bisht et al., 2015; Guttikunda

and Gurjar, 2012). Thus, observed variations across the IGP of PM2.5 reflect large-scale

variations in meteorology and the seasonal variations in anthropogenic, biogenic, and

pyrogenic emissions (Jethva et al., 2005; Lelieveld et al., 2018; Schnell et al., 2018).

These regional conditions adds on top of local factors that shape air quality in Delhi.

1.6.2 Local air pollution in Delhi

As introduced in the previous section, Delhi is located in the middle of the IGP (Figure

1.10). Delhi climate is classified as sub-tropical, with large seasonal variations in tem-

peratures and precipitation shaped by the Indian monsoon (India Meteorological Depart-

ment, 2020; Peel et al., 2007). Figure 1.11 shows the monthly average temperature and

rainfall in Delhi. The yearly season distribution for Delhi includes warm and low rainfall



1.6. Air pollution over Delhi megacity 50

Figure 1.11: Monthly temperature and rainfall over Delhi based on 1991 - 2021 ECMWF
data. Source and copyright: climate-data.org.

spring (February and March) hot and almost dry summer, also known as pre-monsoon

season (April to June), the heavy rainy monsoon season (July to September), warm and

dry autumn, also known as post-monsoon season (October and November), and cold

and low rainfall winter (December and January).

Since the 1950s, Delhi has been experiencing phenomenal growth of population, ex-

panding from being Delhi NCT, to National Capital Region (NCR) (NCRPB, National

Capital Region Planning Board, 2022). Delhi NCR includes the entire NCT of Delhi and

several surrounding districts, and the states of Haryana, Uttar Pradesh and Rajasthan

(Figure 1.10), covering a total area of ∼ 54,000 km2 (Ministry of Urban Development,

Government of India, 2015). In 2011, the population of NCR Delhi was estimated at

∼46 million people, with ∼17 million residing within the NCT (Ministry of Statistics,

Government of India, 2017). In 2019 Delhi NCT population counted 28 million people

within its 11 districts. Figure 1.12 shows the spatial distribution of population in Delhi for

2019 in each city district, which are shown in Figure 1.13.
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Figure 1.12: Delhi population density in 2019 at 1kmx1km. Population data from Tatem
(2017).

Sources: Esri, HERE, Garmin, USGS, Intermap,
INCREMENT P, NRCan, Esri Japan, METI, Esri
China (Hong Kong), Esri Korea, Esri (Thailand),
NGCC, (c) OpenStreetMap contributors, and the
GIS User Community
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Figure 1.13: Map of the 11 Delhi districts (Government of Delhi NCT, 2022), and road
network across the city.
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Delhi is projected to continue growing and become the most populous city in the world

around 2028 surpassing Tokyo, with 37 million only in the NCT of Delhi (UN, DESA,

2018) The rapid population growth of Delhi and its surroundings, led to a fast urban-

isation, infrastructural development and thus to an increasing demand in energy from

domestic, transport, and industrial sectors (Government of NCT of Delhi, 2012; NASA

EO, 2018; USGS, 2016). This in turns resulted in an increase in local sources of air

pollution.

Despite almost constant emissions rates within the city throughout the year, concentra-

tions of PM2.5 can be 40−80% higher in the winter and 10−60% lower in summer when

compared to the year annual average (Guttikunda and Gurjar, 2012). Mean concentra-

tions of PM2.5 during post-monsoon season and winter are around 290 µg m−3 with

peaks at the end of October/beginning November that can reach peaks of ∼ 450 µg m−3

(Chowdhury et al., 2019), corresponding exactly with the open biomass burning season

in the IGP and post-monsoon stagnating conditions, as discussed in the previous section

1.6.1. On the other hand, pre-monsoon wheat harvest residues burning have a lower

impact on Delhi air pollution, because of the seasonal reversal of winds (southwesterly

direction) and relative increase of the boundary layer depth (Liu et al., 2018; Nair et al.,

2007) anticipating the full onset of the monsoon . Indeed, average values remains around

∼ 120 µg m−3 (Chowdhury et al., 2019). It is estimated that biomass burning from

regional crop residues and residential activities accounts for ∼ 40% of black carbon

(constituent of PM2.5) over Delhi during autumn-winter and ∼ 20% during spring-summer

seasons (Bikkina et al., 2019). However, it is difficult to keep track or detect small fires,

especially via satellite measurements (Randerson et al., 2012). Transnational transport

of soil dust and smoke can further increase PM10 loadings in Delhi region. Dust transport

from Central Pakistan (northwest) and arid terrains of Iran and Afghanistan (west) can

contribute to high PM10 levels through dust transport (Bisht et al., 2015). Moreover,
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southwest air masses from Arabian Sea carries both dust and marine aerosols, con-

tributing mainly to moderate PM2.5 concentrations in Delhi. However, the major areas

that contribute to highest PM2.5 LRT are Indian regions in the northwest IGP (Bisht et al.,

2015).

Source apportionment studies in the city indicate biomass burning, coal combustion,

vehicle emissions and road dust as predominant sources that contribute to PM2.5 over

Delhi. Chowdhury et al. (2007) quantified that fossil fuels (coal, diesel and gasoline)

contribute 25-33 % and biomass burning 7-20% of PM2.5 mass loading. Pant et al. (2015)

identified wood burning (23%), road dust (14%), traffic (19%) and other organic matter

emission sources (33%) as major PM2.5 contributors with relatively higher biomass com-

bustion contributions during winter and road dust especially during summer. Sharma and

Dikshit (2016) estimates as major PM2.5 sources biomass burning, (12-26%), vehicles

(9-25%), road dust (4-28%), coal and fly ash (5-26%) with high variability between winter

and summer.

Besides the seasonal variations, PM2.5 mass concentrations also exhibit a pronounced

diurnal variability, linked the role that the planetary boundary layer has on shaping sur-

face pollutants concentrations, as shown in Figure 1.4 and discussed in Section 1.3.3.

The PBL dynamics is combined with local human activities during day and night in Delhi.

Higher concentrations in the early morning and evening are consistent with the morning

and evening rush-hour traffic pattern and residential heating use in winter. Only during

monsoon season this pattern is smoothed significantly (Bisht et al., 2015; Guttikunda

and Gurjar, 2012; Tiwari et al., 2013).
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1.7 Thesis outline

The overarching goal of my thesis is to advance our understanding of outdoor air pollu-

tion in Delhi megacity, which complexity and challenges for mitigation have been outlined

in Section 1.6. In particular, this thesis focus on the quantification of the impact of on-

road transport emissions (Section 1.4) on surface levels of PM2.5 and its implications for

air quality policy-making in Delhi. To do this, I combine a state of the art regional atmo-

spheric chemistry transport model, WRF-Chem with recently developed local emissions

inventories (Section 1.5.3). The specific goals of my thesis, as outlined in Sec. 1.1, are

addressed in the following three research chapters. I present each research chapter in

the format of a research paper, with an introduction relevant for the chapter, methods,

results, discussion and conclusions. Finally, in Chapter 5 I summarise together the key

findings of the three research chapters, with a critical discussion of the methods and

results of this thesis and an outlook to future research work.
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Seasonal drivers of particulate matter

over the Indo-Gangetic Plain
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2.1 Introduction

As discussed in the introduction in Section 1.6, the Indo-Gangetic Plain (Figure 1.10)

is one of the most populous and polluted areas in the world. It has been estimated

that there would be a potential gain in life expectancy in the IGP of approximately 4-6

years if levels of PM2.5 were reduced to standards set by the World Health Organisation

(Greenstone et al., 2020; WHO, 2018). The unique geography of the IGP and broader

scale meteorological drivers, coupled with the regional diversity of seasonal pollutant

emission sources (Section 1.6.1) makes this region one of the most challenging places

to study the controls of its air pollution and the consequent impact on human health.

In this chapter, we use the WRF-Chem regional atmospheric chemistry model to de-

scribe the seasonal patterns of surface PM2.5 and one of its main component, organic

aerosol (Section 1.3.2) and to help disentangle the role of anthropogenic, pyrogenic and

biogenic emissions on their surface patterns across the IGP.

A growing body of regional models have been used to study the relationship between

emissions, meteorology, and PM2.5 over India (Bran and Srivastava, 2017; Kulkarni et al.,

2020; Kumar et al., 2015b; Ojha et al., 2020), and to estimate the health impacts of

outdoor exposure to PM2.5 (Conibear et al., 2018; David et al., 2019; Ghude et al.,

2016). Many studies have focused on post-monsoon biomass burning episodes and

on air pollution during the winter season over the upper-central Indian part of the IGP

(Guttikunda and Gurjar, 2012; Jethva et al., 2018; Krishna et al., 2019; Kumar et al.,

2015a; Mhawish et al., 2020; Pant et al., 2015; Ram et al., 2012; Singh et al., 2018). But

of course the IGP also includes parts of Pakistan and Bangladesh that remain poorly

studied even though they are connected via atmospheric advection. With only a few

exceptions, these studies have focused on total PM2.5 although there is evidence that

single aerosol components play a major role in PM2.5 composition over the IGP (Gani

et al. (2019) and Singh et al. (2018) and references therein). Measurements have shown
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that organic aerosol, originating from anthropogenic, pyrogenic, and biogenic emissions,

constitute a significant fraction (20-35%) of PM2.5 across the IGP especially during post-

monsoon and winter seasons (Alam et al., 2014; Behera and Sharma, 2015; Rajput

et al., 2014; Ram et al., 2008; Sharma et al., 2016).

Specifically, we use the WRF-Chem model to characterise the seasonal and spatial

distributions and composition of PM2.5 and OA in light of synoptic meteorology and

emission drivers over the IGP. For the purpose of reporting the results, we divide the IGP

in three sub-regions, including relevant parts of Pakistan and Bangladesh, as follows:

the upper IGP that includes the Pakistani states of Sindh and Punjab and the Indian

Punjab; the middle IGP that includes the Indian states of Haryana, Delhi NCT, and Uttar

Pradesh; and the lower IGP that include the Indian state of Bihar and West Bengal and

Bangladesh, excluding the states of Chittagong and Sylhet (Figure 1.10).

In section 2.2, we summarise the WRF-Chem set-up and input emissions used in this

chapter and introduce the approach used to quantify the sensitivity of PM2.5 constituent

distributions to changes in anthropogenic, pyrogenic and biogenic emissions and to

seasonal changes in the atmospheric environment. n section 2.3, we first present the

results of the model evaluation with observations, we describe model results for the

seasonal meteorology over the IGP, the seasonal distributions and composition of PM2.5

and OA and their sensitivity to different emissions sources, and finally the seasonal

distribution of SOA volatility. We present conclusions in section 2.4.
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2.2 Data and Methods

2.2.1 Model set-up and emissions

The WRF-Chem set-up used in this research chapter has been introduced and described

in Section 1.5.3 and summarised in Table 1.1. We summarise here the key elements

in the set-up that characterise this research chapter focused on the regional drivers

of PM2.5. Our study domain encompasses the IGP at a horizontal spatial resolution of

20 km (Figure 1.8). For computational expediency we have chosen a representative

period of one month for each distinct season over the IGP for the year 2017/2018

(Table 1.1). In WRF-Chem, we use a 1-D Volatility Basis Set VBS model to describe

the evolution of OA and its influence on PM2.5 (Section 1.5.3).

We use anthropogenic emissions from EDGAR-HTAP v2.2 for year 2010 (Janssens-

Maenhout et al., 2015), which consider only monthly variations in emissions based on

monthly profiles, specified for each country and for each sector. Using an anthropogenic

emission inventory for 2010 to describe atmospheric chemistry during 2017-2018 will

inevitably introduce some biases in our model PM2.5 estimates, particularly because

our study domain includes regions with rapidly growing emissions. From 2010 to 2017,

India has seen reductions in BC, OC, CO and NMVOC emissions from the residential

sector owing to policies that have enabled a switch to cleaner residential fuels and

energy sources. However India’s growing economy had led to a rapid increase of NOx

and SO2 emissions from the industrial sector(∼ +12%,∼ +10%) and energy sector

(∼ +20%, ∼ +26%), and an increase in NOx and NMVOC from on-road transportation

(∼+50%, ∼+27%). An increase in intensive agricultural practices over the Indian IGP

has increased ammonia emissions NH3 (∼+15%) (McDuffie et al., 2020). Inaccurancies

in PM precursor gaseous emissions will impact our ability to describe air pollution for

our study year, in particular for individual components of secondary inorganic aerosols
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(nitrate, sulfate and ammonium) and SOA. It remains difficult to disentangle the impact of

using outdated emission estimates from other sources of model error, e.g., meteorology,

chemistry, land-cover, and model resolution. For pyrogenic emissions, hourly biomass

burning emissions are taken from the Fire Inventory from NCAR (FINNv1.5) inventory

for year 2017/2018 (Wiedinmyer et al., 2011). Pyrogenic emissions are apportioned

between FINN and EDGAR-HTAP inventories. The FINNv1.5 inventory includes global

estimates of trace gas and particle emissions from open burning of biomass, which

includes wildfire, agricultural fires, and prescribed burning (Wiedinmyer et al., 2011).

EDGAR-HTAPv2.2 is focused on anthropogenic emissions but excludes large-scale bio-

mass burning (e.g. forest fires, peat fires), agricultural waste or field burning. Within its

residential sector, emissions include small-scale combustion, including heating, light-

ing, cooking and solid waste disposal or incineration (Janssens-Maenhout et al., 2015).

Biogenic emissions are calculated online using the Model of Emissions of Gases and

Aerosol from Nature (MEGANv2.1, Guenther et al. (2006)).

Figure 2.1 shows the seasonal distributions of total anthropogenic, pyrogenic, and bio-

genic (predominately isoprene) emissions over the IGP. Total anthropogenic emissions

have been calculated by summing the mass contribution from all the chemical species

(gas and particle) specified in the inventory once preprocessed onto the model domain

using the WRF-Chem tools for the community ACOM-NCAR (2020). We converted gas

emissions to mass units using the appropriate molar mass for each species. The same

approach has been used to calculate fire emissions, while isoprene emissions are cal-

culated online by MEGAN in the WRF-Chem model and then converted to mass units.

Anthropogenic emissions generally dominate in all seasons (Figure 2.1a,d,g,j) with daily

values ranging from 101 to 102g m−2 day−1. The two largest localised regions of anthro-

pogenic emissions are Delhi and Kolkata with emissions >100 g m−2 day−1, followed by

smaller indian cities, e.g. Patna, Varanasi, Kanpur and Lucknow (Figure 1.10). Just south

of the border of Uttar-Pradesh, the Madhya Pradesh district of Singrauli hosts several
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large power plants. The Pakistani and Bangladeshi parts of the IGP generally have

the lowest anthropogenic emissions, with the exception of Karachi in south Pakistan,

the north Pakistani Punjab (the most populated part of Pakistan where Lahore and

Faisalabad are located), and Dhaka in Bangladesh. Emissions from Karachi and Dhaka

have lower per capita emissions than Indian cities of comparable size.

Fires have a strong seasonal cycle, peaking during pre-monsoon and post-monsoon

seasons (Figure 2.1b,h), with emissions ∼ 10−1g m−2 day−1 mainly due to agricultural

stubble burning. The post-monsoon harvesting season includes fire emissions rates that

are three times higher compared to the pre-monsoon season (∼ 0.3 g m−2 day−1 and

∼ 0.9 g m−2 day−1, respectively). Post-monsoon fires are almost exclusively located in

the Indian Punjab, with the largest values at the border with Haryana state. Pre-monsoon

fires are located around the border of Pakistani and Indian Punjab and upper Haryana.

There are also some isolated fires in the eastern part of the IGP. During winter (Figure

2.1k), low fire activity is present in the Indus valley in Pakistan and mainly over Uttar-

Pradesh from post-harvesting of sugarcane crop.

Biogenic emissions peak during pre-monsoon and monsoon seasons (Figure 2.1c,f),

with values of 2×10−3g m−2 day−1 and 1.5×10−2g m−2 day−1, respectively over the

lower and upper IGP. The largest values are over Sindh in Pakistan, West Bengal, and

Bangladesh. Land cover over the IGP is dominated by croplands, but state of Sindh

includes coastal mangrove plantations, inlands riverine forests, irrigated plantations, and

rangelands (Ministry of Environment Government of Pakistan, 2009). Moreover, West

Bengal and Bangladesh emissions are mostly confined close to the coast, where forest

land is present (Reddy et al., 2016). During these two seasons there are also isoprene

emissions over Uttar Pradesh from forests in Pilibhit and Kheri, and from northeast

Pakistan.
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Season Base run Sensitivity run

pre-monsoon 18th April - 16th May 2017 1-7 May 2017
monsoon 3-31 July 2017 10-17 July 2017
post-monsoon 18th October - 16th November 2017 1-7 November 2017
winter 08th January - 5th February 2018 23-31 January 2018

Table 2.1: Summary of baseline and sensitivity simulations performed in this research
chapter.

2.2.2 Determining the Sensitivity of PM2.5 and OA to Changes in

Precursor Emissions

We use a perturbative approach to determine the importance of different source sectors

on PM2.5 and OA, which takes into account the non-linear chemical environment. Al-

ternatively, setting a particular emission source to zero would result in a significant non-

linear response that is unique to the source, consequently precluding any meaningful

comparison of the importance of a particular source to PM2.5 and OA.

First, we run a base run for each season. We then, for each season, systematically

perturb one emission source by +5% over the study domain for one week of each

season, keeping the other sources the same as the base run. Table 2.1 summarises the

simulations performed. Finally, we calculate the sensitivity Si j of species concentration

to the changes in a given source of emissions as:

Si j =
∆Ci j

∆E
=

∆Ci j

E p
tot −Eb

tot
=

∑t(C
p
i j,t −Cb

i j,t)

∑i j,t,s(E
p
i j,t,s −Eb

i j,t,s)
, (2.1)

where ∆Ci j represents the concentration change of our target species (PM2.5 and OA

in this study) at grid point i j in response to an emission change ∆E summed over the

IGP for a particular source. We perturb directly anthropogenic and fire emissions rates.

Biogenic emissions are calculated online by scaling normalized emission rates by factors

that describes changes in, for example, temperature, photosynthetic active radiation, leaf
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area index (LAI) (Guenther et al., 2006). We modify the WRF-Chem code to increment

only isoprene emissions because our calculations suggest they account for almost all of

biogenic emissions over the IGP, in agreement with other studies (Singh et al., 2011; Surl

et al., 2018). ∆Ci j is calculated by summing over time the difference in concentrations

at each grid cell ij of the perturbed run p Cp
i j,t and the base run b Cb

i j,t . The change in

concentration in each grid cell is therefore scaled by the same ∆E, allowing to consider

local and non-local emission influences equally and to avoid singularities in grid cells

where there is no net emission change. We use this scaling because it allows us to

compare the sensitivity of atmospheric concentrations to different sources types. ∆E

is calculated as the difference of total emissions within the IGP domain between the

perturbed model run and the base model run for a given source type.

Total emissions across the IGP for the perturbed run E p
tot and for the base run Eb

tot

are calculated by summing emissions from all species for the length of the simulation

and for all grid cells across the IGP. In more detail, emissions at each grid point i j

for species s between two consecutive model outputs at t and t + 1 is calculated (for

both the perturbed and base runs) by Ei j,t,s = εi j,t,s∆tAi j. εi j,t,s denotes the emission

rate of species s at location i j and output time t, Ai j denotes the area of grid point

i j, which in our calculations is constant at 400 km2, and ∆t corresponds to an interval

of model output which in our calculation is 3 hours. To take into account the different

spatial variability of emissions from different sources (Figure 2.1), we scale ∆E with the

total number of grid cells within the IGP for which the emission difference is >0.001

g m−2 day−1, corresponding approximately to cumulative emissions > 2.8 Mg for each

grid cell in one week. This threshold corresponds to a lower limit for significant emissions

rate across the area considered (Figure 2.1). We also neglect values of Si j for which the

change in the pollutant concentration Ci j <5% of mean pollutant seasonal concentration

over the IGP (4 µg m−3 and 1 µg m−3 for PM2.5 and total OA, respectively). Using

this additional threshold allows us to isolate significant changes in concentrations due
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to direct changes in emissions, and remove smaller values due to model non-linearity.

We report the sensitivity parameter Si j with units of µg m−3 Gg−1. In a policy-making

context, our sensitivity parameter provides information about how to control atmospheric

concentrations by changing different emission sources in order to obtain the highest air

quality benefits from certain emission reductions.

2.2.3 Observations for model evaluation

As introduced in Section 1.5.3, in this Chapter we evaluate the WRF-Chem model per-

formance against ground-based observations of main gaseous pollutants and PM2.5 and

PM10, OA values literature, and aerosol optical depth (AOD) from satellite observation.

Ground-based measurements We use in situ measurements corresponding of our

simulated time periods (Section 2.2.1) of PM2.5, PM10, CO, NO2, O3, and SO2 from

the Indian Central Pollution Control Board (CPCB, 2021) and PM2.5 data collected atop

the US Embassy in Pakistan and Bangladesh (US Embassy, 2020). Data from Pakistan

are only available from 2019 so we use 2019 data for the monsoon and post-monsoon

seasons and data from 2020 for the winter and pre-monsoon seasons. We accessed

these data from the OpenAQ Platform (OpenAQ, 2020).

We apply a cleaning procedure of data for each pollutant. The cleaning procedure fol-

lowed five sequential steps: 1) Exclude non valid, negative and zero values. Negative

values have been removed as representing suspicious values, rather than being indic-

ative of possible low concentrations that hover around zero, which are unlikely to occur

in a highly polluted environment such as Delhi; 2) exclude hourly data with zscore ≥ 3

respect to daily mean; 3) exclude days with fewer than 12 hourly measurements per day;

4) exclude stations with less then 15 days measurements per simulated season; and

5) exclude all stations but one if there are multiple stations in the same model grid-cell



2.2. Data and Methods 65

(for statistical independence in the comparison). From this cleaning procedure we get 31

independent stations (Table A.1, Figure A.1), with a total number of measurements (all

seasons): 63 for CO, 54 for SO2, 61 for NO2, 50 for O3, 84 for PM2.5, 20 for PM10. For

particulate matter, we compare the dry mass of PM2.5 and PM10.

Organic Aerosols Given the lack of continuous measurements of OA and its com-

ponents POA and SOA over the IGP, we compare our model OA with measurements

available from the literature which report seasonal values available for years other than

the one under study: Delhi, 2013-2016 (Jain et al., 2020), Kanpur 2008-2009 (Ram et al.,

2012), Kharagpur 2009-2010 (Srinivas and Sarin, 2014), Kolkata 2006 (Chatterjee et al.,

2012) and Lahore 2007 (Stone et al., 2010). Location of measurement sites is shown

in Figure A.1 OA are converted from organic aerosol mass to organic carbon mass

assuming OA/OC ratios 1.4 for POA and 2.0 for SOA to take into account the different

oxidation level between POA and SOA,following Knote et al. (2015). However, these

values have been derived from ambient studies in urban environments in the American

continent, and may not be fully representative of the highly polluted Indian chemical

environment, and do not take into account further aging of POA, which may lead to an

underestimation of the POA and SOA to OC ratios (Robinson et al., 2007).

Total AOD column We also evaluate the model using satellite observations of aerosol

optical depth (AOD) from the NASA Moderate Resolution Imaging Spectroradiometer

(MODIS) instrument aboard the Terra and Aqua satellites. Aerosol Optical Depth (AOD)

is derived through optical properties of aerosol. Aerosol particles interfere with the propaga-

tion of radiation through the absorption and scattering of light. This interference can be

expressed through an extinction coefficient βext , which is the sum of a scattering coeffi-

cient βscat and an absorbing coefficient βabs, which are defined based on the probability

that a photon colliding with the particle is absorbed or scattered. Scattering depends

on the particle geometry, while absorption depends on its the chemical properties. The
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optical path is defined as the physical path of light scaled by the extinction coefficient βext

(Seinfeld and Pandis, 2016). The aerosol optical depth, for a given radiation wavelength,

is defined as the optical path for the sun radiation propagating vertically from the top

of the atmosphere to the surface of the Earth. MODIS have a local equatorial overpass

time of 1030 (Terra) and 1330 (Aqua). AODs are retrieved at 550 nm, corresponding to

particle sizes of 0.1–2µm and comparable to the PM2.5 size range. In particular, we use

the MODIS Collection 6.1 Level 2 combined Dark Target and Deep Blue AOD product

available on a 10 km spatial resolution (Levy et al., 2013). We re-grid the 10 km Terra

and Aqua MODIS AOD data to the coarse WRF-Chem 20 km×20 km model grid.

2.3 Results

2.3.1 Model Evaluation

Gaseous pollutants and PM To compare the model against ground-based obser-

vations, we sample the model at the location of each monitoring station. In practice,

we identify the model gridcell closest to the measurement location (nearest-neighbours

method). For each measuring station, we calculate seasonal mean of pollutants that

we compare with corresponding modelled seasonal mean. We evaluate the model per-

formance for the seasonal mean values only because in this chapter we are interested

in the seasonal variation of pollutants over the IGP, contrary to what is investigated in

Chapter 3 and Chapter 4, where higher temporal and spatial resolution of pollutants is

taken into account. The seasonal mean is calculated for the representative time period

for each season used in this study ( Table 2.1). The resulting comparison is shown

in Figure 2.2. We evaluate the model using five metrics: the Mean Bias (MB), Root

Mean Square Error (RMSE), Normalised Mean Bias (NMB), Mean Normalised Absolute

Error (MNAE), and Pearson correlation coefficient (r), calculated using seasonal average
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Figure 2.2: Seasonal mean spatial distributions of main pollutants for model and
observations (dots) Season periods are defined as in Table 1.1. Modeled time periods:
pre-monsoon season: 18th April to 16th May 2017; monsoon season: 3rd to 31st July
2017; post monsoon season: 18th October to 16th November 2017; winter season: 8th
January to 5th February 2018.

model-observation pairs,reported in Figure 2.2. These metrics are widely used for air

quality model evaluation (Brasseur and Jacob, 2017; Conibear et al., 2018; Kumar et al.,

2012b; Zhang et al., 2006b). Table 2.2 summarises the seasonal evaluation of the model

with the metrics described.
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pollutant season NMB NMAE MB [µg m−3] RMSE [µg m−3] r

PM2.5 pre-monsoon 0.12 0.31 10 34 0.62
monsoon 0.41 0.65 19 36 0.09
post-monsoon 0.19 0.28 33 62 0.84
winter 0.004 0.28 0.7 53 0.69

PM10 pre-monsoon 0.15 0.59 32 133 0.11
monsoon -0.21 0.28 -25 46 0.69
post-monsoon -0.14 0.36 -41 122 0.66
winter -0.25 0.43 -64 131 -0.85

CO pre-monsoon. -0.64 0.64 -643 825 0.44
monsoon -0.55 0.55 -428 567 0.12
post-monsoon -0.65 0.65 -1439 2272 0.29
winter -0.52 0.61 -703 1163 -0.20

NO2 pre-monsoon 0.14 0.95 6 57 0.27
monsoon 0.46 1.00 11 32 0.08
post-monsoon 0.65 1.44 36 97 0.15
winter 0.31 0.98 17 66 0.30

O3 pre-monsoon 1.59 1.67 75 91 -0.52
monsoon 2.92 2.92 64 66 -0.12
post-monsoon 2.96 2.98 98 113 -0.75
winter 2.87 2.92 71 87 -0.55

SO2 pre-monsoon 0.25 0.85 3 13 0.04
monsoon 0.27 1.38 4 34 -0.18
post-monsoon 2.36 2.44 33 49 0.51
winter 1.85 2.15 27 43 0.04

Table 2.2: Statistical evaluation of model performance with ground based measurements
for main PM and main gas pollutants. Season periods are defined as in Table 1.1. Metrics
are calculated using seasonal average model-observation pairs,reported in Figure 2.2.

On average, the model tends to overestimate surface PM2.5 concentrations in all season

(0.004 <NMB<0.4) especially during monsoon season (NMB=0.4) where it is overes-

timated almost at each monitoring station (Figure 2.2) across the IGP. During post-

monsoon and winter, the model has a better performance, with NMB < 0.2, although

during postmonsoon the model tends to highly overestimate PM2.5 concentrations in the

lower IGP (Figure 2.2). The model has skill in reproducing observed seasonal variations

across the IGP in all seasons as shown in Figure 2.2 (r > 0.62) with the exception

of the monsoon season (r = 0.09). Poorer model performance during the monsoon
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period may be due to a number of compounding factors. In particular, it is challenging to

reproduce observed atmospheric water vapour and precipitation over the Bay of Bengal,

western coasts of India and the Himalayan foothills during summer months. Uncertainties

in the representation of topography, insufficient mixing in the boundary layer, errors in

moisture advection and simulation of surface moisture availability, soil temperature and

an excessive water vapour flux from the ocean all contribute to model error (Kumar et al.,

2012a). Previous studies have shown that monsoonal rainfall is not well described by

regional models such as MM5 or WRF (Rakesh et al., 2009; Ratnam and Kumar, 2005).

When we compare our WRF model simulation with MERRA-2 reanalysed meteorology

(Gelaro et al., 2017) we find that precipitation rates have a negative model bias of ≃80%

over the IGP, similarly to what Conibear et al. (2018) obtained with a similar model set-

up. For PM10, the model tends to underestimate the observation in all seasons (NMB up

to -0.25) except in premonsoon season (NMB=0.15) and has poorer skill in reproducing

observed PM10 variations compared to PM2.5 (r ≤ 0.69), especially during winter and

pre-monsoon season, even because of the low number of monitoring station with avail-

able measurements (Figure 2.2). We generally find poorer model agreement with gas-

phase pollutants, including a positive model bias and comparatively poor correlations

with observations of NO2, SO2 O3 and negative bias for CO across the whole IGP (Table

2.2, Figure 2.2). We attribute this to multiple sources of uncertainties. Given the coarse

spatial and temporal resolution our model (20 km×20 km spatial, 3 hour temporal), we

expect our model not to be able to capture variations in pollutants at a higher spatial

and temporal resolution, thus struggling to reproduce observations at the CPCB network

sites, often being located near to roadsides or in dense urban areas. This phenomenon

preferentially affects reactive trace gases that react on timescales with advection across

individual model grid cells. Previous studies have reported similar model limitations

(Balasubramanian et al., 2020; Fountoukis et al., 2013; Kuik et al., 2016; Paolella et al.,

2018; Sirithian and Thepanondh, 2016; Tan et al., 2015). Data for Pakistan are not
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available for our modelling study period (2017/2018) so we instead use data from 2019

for the monsoon and post-monsoon seasons and data from 2020 for the winter and pre-

monsoon seasons, which represents an additional source of error. Previous studies show

that regional modelling over south Asia tends to overestimate satellite column observa-

tions of NO2 by 10–50% over the Indo-Gangetic Plain, the bias peaking as high at 90%

during winter months (Kumar et al., 2012b), and up to +131% when compared to ground-

based observations over densely populated urban regions (Karambelas et al., 2018).

These differences have been attributed mainly to errors in NOx emission inventories over

densely populated areas, uncertainties in seasonal variations of emissions, absence of

diurnal and vertical profiles of anthropogenic emissions(Karambelas et al., 2018; Kumar

et al., 2012b), and underestimation of precipitation rate that will reduce the loss of

soluble trace gases Kumar et al. (2012a). Similarly, previous regional model studies of

IGP region have tended to over-predict concentrations of SO2, with NMB>3.5 (Conibear

et al., 2018; Kota et al., 2018). We attribute our positive model bias of SO2 (Table 2.2) to

using an outdated emission inventory that does not take into account the beginning of a

shift from coal to gas-based power plants (Sharma and Khare, 2017). Urbanisation has

been shown to affect the diurnal spatial distribution of surface ozone (Li et al. (2014) and

references therein), and also the magnitude and location of anthropogenic emissions

of NOx and VOCs that subsequently affect surface ozone photochemistry (Ghude et al.,

2013; Zhang et al., 2004). Finally, some fraction of the overestimation of surface ozone is

linked to our use of the MOZART chemical mechanism that has been previously reported

to have a positive model bias over south Asia compared to other mechanisms (Sharma

et al., 2017a). Collectively, these model limitations associated with describing reactive

trace gases will impact our ability to model particulate matter, especially secondary

components over urban areas across the IGP.
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Organic Aerosol As for gaseous and PM pollutants, to compare the model with the

observation, we sample the model at the time and location of each measurement sta-

tion. Table 2.3 shows the comparison of modeled OC with measurements studies. For

OA, the model reproduces the order-of-magnitude seasonal trends. However, complex

meteorology and interannual variability are a key factor in determining air pollution levels,

and this might drive the uncertainties in our comparison. Additional measurements are

needed to robustly assess model performance.

AOD We calculate the 550 nm AOD using WRF-Chem values at 300 nm and 1000 nm

by interpolation using the Ångström power law following Kumar et al. (2014). We sample

the model at the local overpass time of Terra (1030) and Aqua (1330) where there exists

at least one best-quality AOD retrieval. We then mean model and MODIS AOD values

over time to generate seasonal statistics across the IGP. Table 2.4 reports the main

statistical metrics for AOD evaluation together with the range of observed and modeled

AOD.

Table 2.4 shows that WRF-Chem AOD agree with spatial distributions of MODIS AODs

with r typically > 0.5 with the exception of the monsoon season (r=0.35). Poor model skill

during the monsoon season may reflect difficulties in retrieving AOD during extensive

seasonal cloud coverage. In addition, the model has specific difficulties in reproducing

atmospheric aerosol abundances during monsoon season, as highlighted earlier in this

section, that could affect the simulated total AOD column. The model tends to overes-

timate MODIS AOD during pre-monsoon (NMB=0.33, 0.26 for Terra and Aqua satellites)

and slightly underestimate AOD in the other seasons (NMB ranges from -0.06 to -0.19).
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satellite season MB NMB NMAE RMSE r range obs range model

Terra pre-monsoon 0.33 0.53 0.56 0.44. 0.53 0.06 - 1.78 0.10 - 2.29
monsoon 0.04 0.05 0.45 0.52 0.35 0.00 - 3.42 0.10 - 3.78
post-monsoon -0.05 -0.06 0.25 0.25 0.76 0.07 - 3.50 0.12 - 1.71
winter -0.11 -0.19 0.30 0.21 0.64 0.05 - 1.74 0.11 - 1.16

Aqua pre-monsoon 0.27 0.44 0.49 0.40 0.52 0.07 - 3.50 0.08 - 2.82
monsoon -0.18 -0.19 0.43 0.53. 0.35 0.04 - 2.53 0.11 - 3.17
post-monsoon -0.05 -0.06 0.25 0.23 0.74 0.06 - 2.23 0.12 - 1.47
winter -0.08 -0.14 0.33 0.22 0.47 0.09 - 1.17 0.08 - 1.2

Table 2.4: Seasonal comparison of modeled total AOD column and satellite AOD
observations for the Terra and Aqua instruments over the IGP for the simulated period
2017/2018

.

2.3.2 Seasonal Meteorological Drivers

Figure 2.3 shows model seasonal mean values for planetary boundary layer height

(PBLH, m), surface relative humidity (RH, %), surface temperature (◦C), mean daily

rainfall (mm day−1), and 10 m wind (m s−1) over the IGP. Given that PBLH and RH

show a diurnal cycle with high variance we report nighttime and daytime values for these

variables across the IGP.

During the pre-monsoon season, mean surface temperatures are higher than 30◦C.

Mean PBLH ranges from 1000 m up to 4500 m at daytime, with the highest values are

over Pakistan and central IGP, and is almost an order of magnitude smaller during night-

time (120 m up to 400 m). Seasonal mean winds are typically 3 m s−1, southward from

the northern mountain chain of Hindu Kush and the Himalayas, and stronger northward

from the coast, allowing pollutants to be advected mainly in the inland. Air is much more

humid over the lowest part of the IGP (>60%). Rainfall follows similar patterns of RH,

limited to Bangladesh with values below ∼3 mm day−1.
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During the monsoon season, the dominant feature is the monsoon itself. This manifests

most obviously in increased rainfall, which increases the washout of hydrophillic pollut-

ants, mainly in the central and lower part of the IGP, with mean daily rainfall values of

3-7 mm day−1 with localized regions of rainfall in excess of 15 mm day−1, and wind

speeds in excess of 6 m s−1 north-northeastward. Values of RH are >50% almost

everywhere over the IGP, and relatively low values for the PBLH allow a well mixed

chemical environment, with smaller day to night variation compared to pre-monsoon

(1000-3000 m day, 500-1200 m night). Mean temperatures are similar to those during

the pre-monsoon, with the most prominent increase over northern Pakistan (>35 ◦C).

The post-monsoon season is characterized by cooler temperatures than the previous

two seasons with mean values of ∼23◦C, much lower values for PBLH (below 2000 m

during day and ∼200 m during night), and weaker wind speeds (< 1 m s−1 with no

predominant direction, a combination of factors that results in pollution stagnation. With

the exception of Bangladesh and the Indian states that are adjacent to the Bay of Bengal,

rainfall is almost absent from the IGP. Nevertheless, air continues to be humid with the

distribution and values of RH similar to the monsoon season, with values of up to 80%

over the central and lower IGP, environmental conditions that favour water significantly

contributing to PM mass without washout from rain.

During winter, mean temperature further drops to ∼15◦C with cooler temperatures over

regions adjacent to the northern mountain chains. PBLH values are at their daily annual

minimum (<∼1000 m) and its night values are similar to post-monsoon (<∼200 m).

Winds speeds are typically <3.5 m s−1 with a net west-east gradient from the upper IGP

to the lower IGP, which advect pollutants towards Bihar, West Bengal and Bangladesh,

and with a north-south gradient over the Indus Basin that advects pollution from northern

Pakistan to the coast. Daily rainfall is below 3 mm day−1 anywhere across the IGP, but

as for post-monsoon, RH remains high over the central and lower IGP (>40% daytime,

70% during nighttime).
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Figure 2.4: Seasonal mean spatial distributions of PM2.5 (µg m−3) over the upper,
middle and lower IGP. The numbers inset of pre-monsoon (a–c), monsoon (d–f), post-
monsoon (g–i), and winter (l–n) seasons denote the regional mean PM2.5 value. Modeled
time periods: pre-monsoon season: 18th April to 16th May 2017; monsoon season: 3rd
to 31st July 2017; post monsoon season: 18th October to 16th November 2017; winter
season: 8th January to 5th February 2018.

2.3.3 Seasonal Distributions of Surface PM2.5

Figure 2.4 shows seasonal variations of surface PM2.5 across the upper, middle, and

lower IGP. Generally, we find the highest values of surface PM2.5, up to 350 µg m−3,

during post-monsoon and winter seasons that are associated with lower PBLH allowing

large anthropogenic emissions to accumulate in the boundary layer without ventilation

from strong winds. From this section we begin our narrative from the post-monsoon
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season and finish with the monsoon season, but retain the figure panels in chronological

order for a particular calendar year. Our seasonal distributions of PM2.5 are similar

to recent studies which are performed over the same region but for different years

than the one we investigated (Mhawish et al., 2020; Ojha et al., 2020; Shahid et al.,

2015). We report higher PM2.5 concentrations especially over the lower IGP compared

to these studies, however we acknowledge that interannual variability in meteorology

can influence air pollution levels and thus affect our comparison. In addition, our model

also takes into account water content in PM2.5 mass on top to dry PM2.5 mass through

aqueous phase chemistry. Our results shows that water content in PM2.5 is substantial,

especially over the lower IGP where water makes up to 42% of total PM2.5 mass (see

later in this section). This helps to explain our comparatively high PM2.5 estimates.

During the post-monsoon season (Figure 2.4 (g–i)), the mean values of surface PM2.5

in the upper, middle, and lower IGP are 137 µg m−3, 176 µg m−3, and 185 µg m−3,

respectively. On a local scale, Kolkata and its surroundings in the lower IGP experience

the worst air quality with mean PM2.5 values in excess of 300 µg m−3, closely followed

by Delhi NCT, the border region between Indian and Pakistani Punjab, and Singrauli at

the southern border of middle IGP (∼300 µg m−3). The best air quality is found in the

Pakistani state of Sindh with PM2.5 concentrations below 75 µg m−3. Biomass burning in

the Indian Punjab plays a key role in shaping the distribution of PM2.5 during this season.

Figure 2.5h shows that fire emissions have the largest impact on PM2.5 concentrations

across the Indian and Pakistani Punjab region, Haryana and Delhi NCT (sensitivities of

up to > 103 µg m−3 Gg−1). The impact of post-monsoon biomass burning emissions

extends to the central part of the middle IGP over Uttar-Pradesh, where sensitivity of

PM2.5 to pyrogenic emissions (up to 6×102 µg m−3 Gg−1) is higher than anthopogenic

emissions (up to 4×102 µg m−3 Gg−1). The sensitivity of PM2.5 to changes in biogenic

emissions (Figure 2.5i) have non-negligible values (< 2× 102 µg m−3 Gg−1) only over

part of West Bengal in the lower IGP in this season.
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ANTHROPOGENIC PYROGENIC BIOGENIC

Figure 2.5: Seasonal sensitivity of PM2.5 concentrations to changes in (left column)
anthropogenic, (middle column) pyrogenic, and (right column) biogenic emissions
(µ g m−3Gg−1). The calculation is described in Section 2.2.2. Regions marked as white
denote where sensitivity corresponds to PM2.5 concentrations below the set threshold
of 4 µg m−3. Modeled time periods: pre-monsoon season: 18th April to 16th May 2017;
monsoon season: 3rd to 31st July 2017; post monsoon season: 18th October to 16th
November 2017; winter season: 8th January to 5th February 2018.

During the winter season (Figure 2.4(j–l)), wind patterns advect pollutants from the

upper IGP to the lower IGP (Figure 2.3, resulting in west-east gradient in seasonal

mean PM2.5 concentrations . The mean PM2.5 value in the lower IGP is 191 µg m−3,

the highest mean seasonal value for the IGP. The highest PM2.5 concentrations are

reached in Kolkata (>300 µg m−3), and in the Bihar state, with a local peak in Patna

(>220 µg m−3) known as the ‘Bihar pollution pool’ (Kumar et al., 2018). In the middle

IGP, mean PM2.5 concentrations are 18 µg m−3 lower than post-monsoon levels, with

east Delhi and Singauli remaining the largest hotspots of the region (>220 µg m−3). The

upper IGP experiences the lowest seasonal PM2.5 concentration (86 µg m−3), lower

than half the value in the lower IGP, with concentrations decreasing from the Punjab

to the Sindth coast. Anthropogenic emissions dominate the distribution of PM2.5 during
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winter over the lower IGP (sensitivity up to 4× 102 µg m−3 Gg−1, Figure 2.5j), with

the highest sensitivities over cities Kolkata, Singrauli. The influence of biomass burning

is pronounced over the the Indus basin, stretching until Uttar Pradesh (sensitivity up

to 103 µg m−3 Gg−1, Figure 2.5k), while biogenic emissions do not show a significant

influence during this season (Figure 2.5l).

During the pre-monsoon season (Figure 2.4 a–c), air quality begins to improve due to

higher PBLHs and stronger winds (Figure 2.3) that help to disperse pollutants. Mean

PM2.5 concentrations are similar over the upper and middle IGP with values lower than

90 µg m−3. Higher concentrations remain in the lower IGP (128 µg m−3) due to the

accumulation of pollutants from the winds blowing from the Bay of Bengal to the slopes

of the Himalayas over North Bangladesh. High aerosol loading over the lower IGP during

the premonsoon season is also influenced by biomass burning from Northeast India and

Myanmar-Laos, which are partially included in our model domain. PM2.5 values over the

upper part of the middle IGP (Figure2.4 b) show some influence from biomass burning

(Figure 2.5 b). We find that anthropogenic emissions are most important over the lower

IGP and localized region in the central IGP (Figure 2.5 a). PM2.5 concentrations in Delhi

NCT are jointly influenced by biomass burning and anthropogenic sources. Biogenic

sources only have a significant impact over localized regions in the lower and middle

IGP (Figure 2.5(c)).

Generally, the onset of the monsoon results in better air quality across the IGP due

to higher rainfall rates, which increases wet deposition of aerosols, and higher PBLHs

that improve the physical dispersal of surface emissions. Mean values of PM2.5 are

≤100 µg m−3 across the IGP. The largest values of PM2.5 are over the lower IGP (up to

170 µg m−3). We find that PM2.5 is sensitive to biogenic emissions over localized regions

across the IGP, where PM2.5 can be more sensitive to changes in biogenic emissions

than changes in anthropogenic emissions (∼200-500 µg m−3) and <200 µg m−3,

respectively). Fires play only a small role in PM2.5 during this season.
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Figure 2.6: Seasonal mean PM2.5 composition from the WRF-Chem model across
the IGP: (a) upper, (b), middle, and (c) lower IGP. The constituents include sea salt
(sum of sodium (Na) and chloride (Cl)), NH+

4 , SO2−
4 , NO−

3 , the sum of the remaining
inorganic compounds (OTHER), total OA, BC, and liquid water. Modeled time periods:
pre-monsoon season: 18th April to 16th May 2017; monsoon season: 3rd to 31st July
2017; post monsoon season: 18th October to 16th November 2017; winter season: 8th
January to 5th February 2018.

Surface PM2.5 composition

Figure 2.6 shows the modelled composition of PM2.5 across the IGP. Generally, we find

more variability between seasons than across different parts of the IGP, except for the

water contribution to PM2.5 mass. The results we report for the chemical composition and

seasonal trends of PM2.5 are broadly consistent with chemical characterisation studies

over the region (Bhowmik et al., 2020; Chowdhury et al., 2007). As discussed in Section

2.3, model limitations in reproducing precursor trace gases will affect our ability to model

secondary components of particulate matter.
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Inorganic species (secondary inorganic aerosol of sulfate, nitrate and ammonium and

other inorganic aerosol) dominate the chemical composition by mass of PM2.5, repres-

enting between 30–80% of total PM2.5 for each season across the IGP (Figure 2.6). The

mean seasonal mass of total inorganics across the IGP is 54–70 µg m−3 during the pre-

monsoon season, 27–35 µg m−3 during the monsoon season,79–111 µg m−3 during

the post-monsoon season, and 51–114 µg m−3 during winter. The largest inorganic

aerosol values are found during the post-monsoon and winter seasons due to nitrate

from fossil fuel combustion and from residential and energy use. We find a similar but

relatively muted seasonal variation for black carbon with mass values between 2–11

µg m−3. Sea salt transported from the coasts during the monsoon season adds 3–5 µg

m−3 (3–9%) to PM2.5 across the IGP.

The water contribution to PM2.5 is substantial over the lower IGP during pre-monsoon,

monsoon, and post-monsoon seasons, with mass contribution of 32–44 µg m−3 (25–

42%), while during winter it accounts for 6 µg m−3 (3.5%). For the middle IGP, water is

a non-negligible fraction of PM2.5 mainly during monsoon (20 µg m−3, 24%) and winter

(12 µg m−3, 8%) seasons, while for the upper IGP the highest values of water mass are

found during only the monsoon season (4 µg m−3, 8%). The seasonal variation of water

content reflects RH distritbuions, which above values of 60–70% allows PM hydrophilic

components (e.g., nitrate, sulfate, sea salt) to uptake water via deliquescence.

The sum of primary and secondary OA contributes by mass between 17% and 31% of

PM2.5 across the IGP, with contributions from POA and SOA varying with season. During

the pre-monsoon season, OA contributes 11–21 µg m−3 to PM2.5, representing 17–22%

of the total mass. A similar mass contribution is found during the monsoon season (18–

21 µg m−3) but with higher percentage contribution to PM2.5 (20–31%). The percentage

mass contribution of OA to PM2.5 is similar during the post-monsoon (28–31%, 43–52

µg m−3) and winter (22–31%, 26–60 µg m−3), with higher mass contribution during
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post-monsoon for the middle and lower IGP and during the winter season for the lower

IGP. Our results for modeled PM2.5 composition confirm the significance of OA contribu-

tion to fine particulate matter, and we analyse in more detail OA and its components in

the next sections.

2.3.4 Seasonal Distribution of Surface OA

Figure 2.7 shows the season mean distributions of total OA with the corresponding

POA and SOA distributions shown by Figures 2.8 and 2.9. We generally find that POA

dominates seasonal values of total OA across the IGP, with the exception of the post-

monsoon season when SOA and POA have comparable values.

During the post-monsoon season (Figure 2.7g-i), the largest OA concentrations are over

the upper IGP at the border of Pakistani and Indian Punjab (> 80 µg m−3), where POA

values can exceed 50 µg m−3. Although the largest regional mean is found over the

lower IGP (52 µg m−3) due to urban anthropogenic emissions in and around Kolkata

and Patna where values are >70 µg m−3. Over the middle IGP, the mean OA value is

similar to the lower IGP (52 µg m−3) but shows a more homogeneous distribution, with

the highest OA values found at the borders between upper and lower IGP. Regional mean

POA values range 23–29 µg m−3 (Figure 2.8g-i), similar to SOA values (20–24 µg m−3,

Figure 2.9g-i). POA levels are much higher than SOA over the Punjab states in India

and Pakistan and in the Indian lower IGP ( 40–70 and 30–40 µg m−3 for POA and

SOA, respectively). Over the middle IGP, SOA is generally higher than POA (29 and 24

µg m−3 for SOA and POA, respectively), with highest concentrations of SOA found in

the lower Uttar Pradesh (up to 40 µg m−3). Over Bangladesh and the Pakistani state of

Sindth POA and SOA have comparable values (<35 µg m−3).
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Figure 2.7: Seasonal mean distributions of total OA over the upper, middle and lower
IGP. The numbers inset of pre-monsoon (a–c), monsoon (d–f), post-monsoon (g–i), and
winter (l–n) seasons denote the regional mean total OA value. Modeled time periods:
pre-monsoon season: 18th April to 16th May 2017; monsoon season: 3rd to 31st July
2017; post monsoon season: 18th October to 16th November 2017; winter season: 8th
January to 5th February 2018.
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Figure 2.8: Seasonal mean distributions of POA over the upper, middle and lower IGP.
The numbers inset of pre-monsoon (a–c), monsoon (d–f), post-monsoon g–i), and winter
(j–l) seasons denote the regional mean POA value. Modeled time periods: pre-monsoon
season: 18th April to 16th May 2017; monsoon season: 3rd to 31st July 2017; post
monsoon season: 18th October to 16th November 2017; winter season: 8th January to
5th February 2018.
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Figure 2.9: Seasonal mean distributions of SOA over the upper, middle and lower IGP.
The numbers inset of pre-monsoon (a–c), monsoon (d–f), post-monsoon g–i), and winter
(j–l) seasons denote the regional mean SOA value. Modeled time periods: pre-monsoon
season: 18th April to 16th May 2017; monsoon season: 3rd to 31st July 2017; post
monsoon season: 18th October to 16th November 2017; winter season: 8th January to
5th February 2018.
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ANTHROPOGENIC PYROGENIC BIOGENIC

Figure 2.10: Seasonal sensitivity of total OA to changes in (left column) anthropogenic,
(middle column) pyrogenic, and (right column) biogenic emissions (µ g m−3Gg−1). The
sensitivity calculation is described in Section 2.2.2. Regions marked as white shows
where sensitivity corresponds to OA concentrations below the set threshold of 1 µg m−3.
Modeled time periods: pre-monsoon season: 18th April to 16th May 2017; monsoon
season: 3rd to 31st July 2017; post monsoon season: 18th October to 16th November
2017; winter season: 8th January to 5th February 2018.

Similarly to PM2.5, we find that during the post-monsoon season, the OA distribution

across the IGP is most sensitive to changes in biomass burning emissions (Figure

2.10g-i), with higher values over the Punjab to Delhi NCT, and part of Uttar Pradesh

(up to 103 µg m−3 where fires are located over Indian Punjab). The sensitivity of OA to

changes in biomass burning are localised, with POA most influenced by fires over Punjab

and Haryana (Figure 2.11h) and corresponding impact on SOA extending over Pakistani

Punjab and towards the middle IGP (Figure 2.12h). Similarly, biogenic emissions play

only a localised role in OA and SOA concentrations where biogenic emissions are still

significant during this season (Figures 2.10i) and 2.12i).
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ANTHROPOGENIC PYROGENIC BIOGENIC

Figure 2.11: Seasonal sensitivity of POA to changes in (left column) anthropogenic,
(middle column) pyrogenic, and (right column) biogenic emissions (µ g m−3Gg−1). The
sensitivity calculation is described in Section 2.2.2. Regions marked as white shows
where sensitivity corresponds to OA concentrations below the set threshold of 1 µg m−3.
Model outputs are for the following Modeled time periods: pre-monsoon season: 18th
April to 16th May 2017; monsoon season: 3rd to 31st July 2017; post monsoon season:
18th October to 16th November 2017; winter season: 8th January to 5th February 2018.
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ANTHROPOGENIC PYROGENIC BIOGENIC

Figure 2.12: Seasonal sensitivity of SOA to changes in (left column) anthropogenic,
(middle column) pyrogenic, and (right column) biogenic emissions (µ g m−3Gg−1). The
sensitivity calculation is described in Section 2.2.2. Regions marked as white shows
where sensitivity corresponds to OA concentrations below the set threshold of 1 µg m−3.
Modeled time periods: pre-monsoon season: 18th April to 16th May 2017; monsoon
season: 3rd to 31st July 2017; post monsoon season: 18th October to 16th November
2017; winter season: 8th January to 5th February 2018.
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OA are most sensitive to anthropogenic emissions over the Indian part of the lower IGP

and in the Pakistani Punjab values (between 50-150 µg m−3). We find that OA over

the Delhi NCT megacity is as sensitive to these changes unlike other cities mentioned

previously, so that Delhi is not one of the main hotspots of OA across IGP during this

season (Figure 2.7h) unlike it is for PM2.5 (Figure 2.4h). We find that the sensitivity of

POA and SOA to changes in anthropogenic emissions are comparable across major

cities of the Punjab states (Figures 2.11g, 2.12g).

We find that the largest seasonal mean values of OA are during winter over the lower

IGP (60 µg m−3, Figure 2.7j-l) with contributing localised peaks over Kolkata and Patna

(>80 µg m−3) and at the border between Pakistan and India (ranging 40–70 µg m−3).

Seasonal mean values of POA and SOA also peak during winter over the lower IGP

(34 µg m−3 and 26 µg m−3, respectively.) During winter, the OA distribution is shaped by

anthopogenic and pyrogenic emissions (Figure 2.10j-l). POA concentrations show to be

sensitive to anthropogenic emissions in a similar way as it is for post-monsoon season

(Figure 2.11g,j). SOA is also mostly determined by anthropogenic emissions over the

lower IGP (Figure 2.12j). POA and SOA are also sensitive to pyrogenic emissions, but

during this season it is limited to fires over the Indus basin in Pakistan and central IGP

(Figures 2.11k, 2.12k). We find that biogenic emissions do not significantly influence OA

during winter.

During pre-monsoon and monsoon seasons, the OA distributions (Figure 2.7a-f) have

similar mean values over the middle and lower IGP (20–21 µg m−3) and lower mean

values over the upper IGP (11 and 18 µg m−3, respectively). The highest POA con-

centrations are found at the border on India and Pakistan and over the lower IGP (≃30

and 40 µg m−3, respectively). In both seasons, mean SOA concentrations are below

15 µg m−3) across all the IGP. During pre-monsoon and monsoon seasons, OA con-

centrations are sensitive to anthropogenic emissions across the IGP with similar spatial

distributions (Figure 2.10a,d). Pyrogenic emissions influence the OA distribution during
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the pre-monsoon season over the central IGP (Figure 2.10b), but OA less sensitive to

these emissions compared with the post-monsoon season (Figure 2.10h). During the

monsoon season, the influence of fires on OA is negligible across the IGP. The influence

of biogenic emissions on OA, determined exclusively in our model via SOA, is limited

to the lower IGP during the pre-monsoon season. During the monsoon season, these

emissions have a widespread impact on OA (Figure 2.10f) with seasonal mean peak

sensitivity of up to 2.3×102 µg m−3 Gg−1.

We found that PM2.5 and OA are more sensitive to changes in biogenic emissions than

changes in anthropogenic emissions during the monsoon period. This might be linked

to the role that anthropogenic emissions can play in the production of biogenic SOA.

Previous studies have shown that anthropogenic emissions can enhance biogenic SOA

production, with NOx concentrations playing a strong role in enhancing SOA formation

from gas-phase organic carbon emitted by vegetation (isoprene, and terpenes) due to

substantial increase in oxidants (OH and ozone) promoted by NOx emissions within the

urban environment (Spracklen et al., 2011; Shilling et al., 2013; Shrivastava et al., 2019;

Xu et al., 2020). We might observe this phenomenon only during monsoon because

is the only season where biogenic emissions occur across all the IGP (Figure 2.1). A

disadvantage of our using a single-variable perturbative method is that we can only

consider the impacts of one controlling factor in the production of OA. A study that

considers the interactions between controlling factors is outside the scope of this study.

2.3.5 Seasonal Distribution of SOA Volatility

We use aerosol volatility to describe how SOA is partitioned between the gas and particle

phase to understand when it contributes to PM2.5 mass loading. The importance of

volatility for SOA formation has been described in Section 1.3.2. Figure 2.13 shows

the seasonal mean volatility distributions for SOA across the IGP simulated using the

1-D VBS model in WRF-Chem ( Section 1.5.3). Seasonal and regional variations reflect
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Figure 2.13: Seasonal mean volatility distribution of SOA over the upper, middle, and
lower IGP as calculated within the WRF-Chem 1-D VBS scheme for (a–c) pre-monsoon,
(d–f) monsoon, (g–i) post-monsoon, and (j–l) winter seasons. Modeled time periods:
pre-monsoon season: 18th April to 16th May 2017; monsoon season: 3rd to 31st July
2017; post monsoon season: 18th October to 16th November 2017; winter season: 8th
January to 5th February 2018.

changes in the physical and chemical environment in which the SOA is formed. Broadly,

we find a gradual increase in the volatility of SOA from the pre-monsoon season to

the winter season, mainly reflecting the increase in the mean OA loading (Figure 2.7).

Higher OA loading leads to a shift in the gas-particle partitioning towards more volatile
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bins, reflected in the seasonal variation in the population of the inert bin (denoted here

as log10C∗ = −4, as described above). The contribution of this inert bin is negligible

during winter and peaks during the monsoon season, with intermediate values during

the pre-monsoon and post-monsoon transition seasons.

During the post-monsoon season, the particle phase organic mass is present at high

volatility bins up to log10C∗ = 2. The largest particle phase mass loading (10 µg m−3) is

found over the middle IGP. The upper and lower IGP show a similar volatility distribution

as the middle IGP but with lower mass loadings, with the lower IGP having the lowest

mass loadings. The smallest values over the lower IGP reflect the persistence of rainfall

over this region (Figure 2.3) that may leads to continued removal of water soluble gas-

phase and aerosol-phase organics.

Surface-level atmospheric organic mass becomes even more volatile during the winter

season, with particle phase organic matter present in all volatility bins. This can be

related to the higher aerosol loading during winter, which induce oxidation products

to partition in the particle phase as soon as they are formed, removing them from the

possibility to subsequently undergo further gas-phase oxidation, as discussed in Section

1.5.3.

The largest mass loading for SOA are found over the lower IGP (> 10 µg m−3) and

decreases westwards towards the upper IGP, reflecting the E-W gradient of the total OA

loading (Figure 2.7j–l).

SOA during the pre-monsoon (Figure 2.13 a–c) and monsoon (Figure 2.13 d–f) seasons

are characterised by a volatility ≤ log10C∗ = 1, and with aerosol masses lower than

5 µg m−3 for each volatility bin in both seasons. The higher volatility bins (log10C∗ = 2

and log10C∗ = 3) are occupied exclusively by gas-phase organic compounds. This might

be related to water-soluble SVOCs being washed out by monsoonal rainfall. The washout

of SVOCs results in gas-aerosol re-partitioning to establish thermodynamic equilibrium,
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associated with particle phase organics partitioning to the gas-phase (Section 1.5.3).

Aerosols can be removed via wet and dry deposition but previous studies find that most

of the loss of SVOCs and SOA mass is lost via the gas phase (Knote et al., 2015). This

also helps to explain the low levels of OA during the pre-monsoon and monsoon seasons

(Figure 2.7). The OA volatility distribution is similar across the IGP for the pre-monsoon

(2.13 a-c) and monsoon season (2.13 d-f), reflecting similar meteorological (Figure 2.3)

and emissions drivers (Figure 2.1) in these two seasons.

2.4 Discussion and Conclusions

We used the WRF-Chem regional atmospheric chemistry model to understand the influ-

ence of anthropogenic, pyrogenic and biogenic emissions and meteorology on seasonal

variations of the magnitude, distribution, and composition of PM2.5 and organic aerosol

across the Indo-Gangetic Plain (IGP) during 2017/2018.

We find that the model reasonably reproduces concentrations of PM2.5 in all seasons

(NMB<0.2, r>0.6) except for the monsoon season (NMB=0.4, r=0.09), a reflection that

modelling monsoonal meteorology remains challenging. However, uncertainty in our

estimates remains on the individual PM2.5 secondary components, given the limitation

we found in the modeling to reproduce precursors gases surface concentrations when

compared with observations. Availability of additional monitoring stations outside urban

areas that are more representative of the spatial scales associated with model grid cells

would help to evaluate model error, as well as use of finer-resolution and up to date

inventories for precursors gases over the rapidly changing region of IGP.

We find that the IGP experiences the highest seasonal mean levels of PM2.5 during

the post-monsoon (October—December, 166 µg m−3) and winter (January—February,

145 µg m−3) seasons with an heterogeneous distribution, in agreement with previous

studies. The magnitude and distribution of anthropogenic emissions across the IGP
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are approximately constant throughout the year. During the post-monsoon season, ag-

ricultural burning emissions of post-harvest residues influence PM2.5 mostly over the

upper and middle IGP, particularly affecting the Indian and Pakistani Punjab region.

These additional emissions are exacerbated by stagnating meteorological conditions

that reduce dispersion of surface air pollution. During the winter season, ongoing an-

thropogenic emissions, wind patterns, and a seasonally shallow boundary layer result in

a gradient in air quality from the upper to lower IGP, with the highest PM2.5 values (in

excess of 250 µg m−3 ) over Kolkata and the state of Bihar. During the pre-monsoon

(March–May) and monsoon (June–September) seasons wet scavenging of hydrophilic

gas-phase aerosol precursors and aerosols, and more rigorous vertical mixing, reduces

levels of PM2.5 ( 95-79 µg m−3 respectively).Generally, we find that PM2.5 composition

has a stronger seasonal variation than a geographical variation within each season. Total

inorganic species dominate PM2.5 composition (30-80%), with water uptake contributing

substantially to the PM2.5 mass especially over the lower IGP (up to 40%).

We find that OA represents a significant contribution to PM2.5 throughout the year.

On an annual mean basis, OA represents 17–30% of PM2.5, with higher contributions

during post-monsoon and winter seasons. Typically, POA contributes more to the OA

loading than SOA in all seasons across the IGP. Anthropogenic and pyrogenic sources

impact POA and SOA with similar patterns of PM2.5 across the IGP during all seasons.

Biogenic sources have a significant impact on SOA distribution across the IGP during

the monsoon season but are limited to the lower IGP during the pre- and post- monsoon

seasons. We find that the volatility distribution of SOA is driven mainly by the mean total

OA loading and the washout of aerosols and gas-phase aerosol precursors that result in

SOA being less volatile during the pre-monsoon and monsoon season than during the

post-monsoon and winter seasons.
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Mitigating levels of PM2.5 over the IGP will require a range of regional and state-level

policies that address the influences of intra- and inter- state anthropogenic, pyrogenic,

and biogenic emissions. The relative influence of these emissions on PM2.5 and the

broader photochemical environment will likely change in the context of a warmer climate,

e.g. biogenic emissions will increase as they are temperature dependent. It is therefore

imperative that future studies should also consider sub-regional and city spatial scales,

where individual sectors will be more important, and where there is the highest popula-

tion density that will suffer from poor air quality.



Chapter 3

Road transport impact on PM2.5

pollution in Delhi during the

post-monsoon season

Author contributions declaration

This chapter and the relative appendix have been adapted from a paper published in At-

mospheric Environment: X (DOI: https://doi.org/10.1016/j.aeaoa.2022.100200).

I conceived the study and the methodology together with my supervisor Paul Palmer

and contribution from Ying Chen and Oliver Wild. I performed all the simulations and the

analysis. Margaret Marvin contributed to adapt the EDGAR v5 inventory for use in WRF-

Chem. Sumit Sharma provided the TERI/ARAI emissions inventory and support on its

use. I wrote the article with contributions and editing from Paul Palmer. All the co-authors

provided comments on subsequent manuscript revisions.

96

https://doi.org/10.1016/j.aeaoa.2022.100200


. Road transport impact on PM2.5 pollution in Delhi during the post-monsoon season97

3.1 Introduction

As introduced in Section 1.6 and seen in Chapter 2, Delhi is one of the most density

populated megacities in the world and suffers from some of the most unhealthy air on

Earth with particulate matter (PM2.5, particles with aerodynamic diameters ≤ 2.5µm)

pollution often exceeding average 24h mean World Health Organisation (WHO) Global

Air Quality Guidelines of 15 µg m−3 and the Indian National Ambient Air Quality Standard

(NAAQS) of 60 µg m−3 (CPCB, 2020; WHO, 2021). In 2019, elevated ambient PM

pollution was responsible for an estimated 16,600 deaths in Delhi (Pandey et al., 2021).

Mitigating this human health crisis in Delhi is challenging, with PM pollution levels driven

by seasonal local and regional emissions and seasonal meteorology, exacerbated by

the geography of the Indo-Gangetic Plain as introduced in 1.6.1 and analysed more in

depth in Chapter 2. In this Chapter, we use the WRF-Chem model to explore in detail

the anthropogenic factors determining air pollution during the post-monsoon season in

Delhi when PM2.5 is particularly high ( Section 2.3.3). As seen in Chapter 2, during the

post-monsoon season, Delhi air quality is worsened by seasonal biomass burning from

post-harvest crop in the neighbouring states of Haryana and Punjab. Deteriorating air

quality due to crop residue burning has been a major focus for mitigation strategies but

these emissions occur when there are already hazardous background levels of PM2.5

(Bikkina et al., 2019; Kulkarni et al., 2020; Liu et al., 2018; Ojha et al., 2020). Thus there

is the need to investigate more in situ control of anthropogenic emissions. In this chapter

we focus in particular on on-road transport emissions, which is one of the main targets

of emission control strategies for Delhi (Section 1.4.2). As discussed in Section 1.6.2,

the main sources of air pollution in Delhi are local anthropogenic sources from within the

megacity Delhi and from nearby states within the National Capital Region (NCR). This

highlights the need for a coordinated emissions reduction strategy to mitigate Delhi PM2.5

pollution. The local on-road transport sector is a substantial source of PM2.5 pollution in
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Delhi (Section 1.6.2). Source apportionment studies based on PM2.5 measurements at

sites in Delhi found that vehicular emissions contribute seasonally between 17-30% for

PM2.5 pollution, with the highest share during the post-monsoon and winter seasons

(Jain et al., 2020; TERI & ARAI, 2018).

We have seen in Section 1.4.2 that on-road transportation fleet in India and Delhi has

been is dominated by two- and three-wheelers, which are used for personal and commer-

cial transportation, followed by passenger cars, and that freight vehicles (light-duty and

heavy-duty vehicles) are a small fraction of vehicles in the fleet, but account for a high

share of emissions, since they travel further and longer within the city. The continuous

growth of the on-road transport fleet and activity in India and Delhi has forced the Indian

government to promote measures to curb emissions from the transport sector in the past

few decades (Section 1.4.3), but air quality levels in Delhi continue to remain unsafe for

human health.

In addition, recent studies have shown that if mitigation strategies focus exclusively

on minimising PM2.5 concentrations, elevated levels of surface ozone could become

more of a significant health concern (Ojha et al., 2022; Chen et al., 2021; Nelson et

al., 2021; Tiwari et al., 2015). Because ozone forms through non-linear pathways from

its precursors in the troposphere (Section 1.2.2), reductions in some ozone precursors

emissions which are also precursors for PM2.5, may reduce PM2.5 concentrations but

enhance O3 pollution. In particular, reductions in NOx emissions, emitted mainly from the

transport sector, may lead to large increases in ozone concentrations in a VOC-limited

regime such as in Delhi if VOC emissions are not sufficiently reduced (1.2.2).

Thus there is an urgent need to better understand the traffic contribution to Delhi’s

pollution, and assessing current and possible future intervention strategies for PM2.5

with a systemic approach.
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In this Chapter we use the WRF-Chem regional atmospheric chemistry transport model

to investigate the contributions from on-road transport sectors and fleet segments (two-

and three-wheelers, cars and light duty vehicles, heavy duty vehicles and resuspended

road dust) to surface PM2.5 levels over Delhi during the post-monsoon season. We drive

WRF-Chem with local-scale emissions inventories at a spatial resolution of 4 km, and

through a series of sensitivity studies we investigate the contribution to PM2.5 of on-

road transport and its subsectors compared to other anthropogenic sectors. We con-

sider contributions from local (within Delhi) and regional (within the NCR) anthropogenic

sectors and how they impact the 24-h mean and diurnal cycle of PM2.5. We also assess

with a simple model the health impacts of possible interventions aiming to reduce PM2.5

exposure by taking into account also changes in O3 exposure.

In the next section we describe the data and methods, including a summary of the WRF-

Chem model set-up, emission inventories, methods we use to explore individual section

contributions to surface PM2.5. The results are presented in section 3, and conclusions

are discussed in section 4.

3.2 Data and Methods

3.2.1 Model setup and emissions

The WRF-Chem set-up used in this Chapter has been introduced and described in

Section 1.5.3. We summarise here the key elements in the set-up that characterise

this research chapter focused on the impact of the transport sector during the post-

monsoon season. WRF-Chem set-up for the work in this chapter has two one-way nested

domains. The parent domain encompasses north India at 12 km horizontal resolution,

while the nested domain covers the entire NCR at 4 km horizontal resolution (Figure

1.9). We run simulations for the post-monsoon season from 6th October to 16th October
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Figure 3.1: Fire counts from MODIS Terra and Aqua satellite instruments during post-
monsoon 2019 over north-west India. The data have been visualised using the Global
Fire Emissions Database (GFED) online analysis tool at http://www.globalfiredata
.org/analysis.html The red rectangle encloses the time-window chosen for the post-
monsoon simulations (1-16 October 2019).

Figure 3.2: Comparison of the hourly frequency distributions of observed (OBS, 1-
31 October 2019) and simulated (MOD, 6-16 October 2019) PM2.5 over Delhi. In the
boxplots, the median is the orange line, the mean the green triangle. Observations: mean
114 µg m−3, median 99 µg m−3. Model: mean 103 µg m−3, median 88 µg m−3. In the
observed data, the day of Diwali Festival (27 October 2019) was removed, as episodic
event driving short-term severe PM2.5 levels (>500 µg m−3).

http://www.globalfiredata.org/analysis.html
http://www.globalfiredata.org/analysis.html
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2019 (Table 1.1). Each simulation has a spin-up period of 5 days (1-5 October 2019)

to minimize the influence from the established initial conditions at the start of the model

run. This period in October is chosen to minimize the the imapct resulting from biomass

burning emissions, which peak later in October and November 2019 (Figure 3.1), and

this allows us to focus on anthropogenic emissions while maintaining the post-monsoon

meteorological and chemical characteristics and a manageable computational burden

for the simulations. We further check that the 10 days considered are representative of a

longer post-monsoon period by comparing the hourly frequency distribution of modelled

PM2.5 between 6-16 October over Delhi with hourly distribution of observations at the

sites shown in Figure B.1 listed in Table B.1 for the whole month of October (Figure 3.2).

The frequency distributions of modelled PM2.5 are similar to the observations. Even if

high concentration spikes are not fully captured by the model, the difference in the mean

PM2.5 concentrations is 10% (observations 114 µg m−3, model 103 µg m−3) and in the

median concentrations is 11% (observations 99 µg m−3, model 88 µg m−3), making the

selected period acceptable as representative for a longer post-monsoon period (Figure

3.2).

In addition, we modified the code to increase the minimum value of the vertical turbulent

diffusion coefficient within the planetary boundary layer (PBL), following (Du et al., 2020)

who previously identified that this modification was key in successfully reducing model

bias for diurnal variations of urban PM2.5, particularly during nighttime. Through sensitiv-

ity runs, we found that a lower limit for the PBL vertical turbulent diffusion coefficient

of 5 m2 s−1 led to the best comparison with ground-based observations over Delhi

(Figure 3.3). This is the same value found by Du et al. (2020) for cities in eastern China.

Additional information on our model set up can be found in Mogno et al. (2021). This

modification has not been implemented for the set-up of the WRF-Chem model used
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Figure 3.3: Sensitivity of modeled average surface PM2.5 over Delhi to different values
of the PBL lower vertical turbulent diffusion coefficient (exch_min, [m2s−1]), after
implementing code modification as in (Du et al., 2020). The values tested are exch_min=
0.1 (exch_min_base, the default in WRF-Chem), 0.5, 5, 50. The blue line represents the
average PM2.5 over Delhi observed during the simulation period (see section 3.3.1). As
in (Du et al., 2020) we found that the value of exch_min=5 is a good fit that maintains
lower bias without deteriorating the correlation with observations (as for exch_min= 50).
Modeled time period: from 6th October to 16th October 2019.

in Chapter 2, because in Chapter 2 the analysis was focusing on a temporal scale of

seasonal values, and not on the scale of the diurnal cycle of pollutants. Thus this kind of

modification wasn’t needed, and even if implemented, the improvements brought would

likely not to be as relevant after doing a seasonal mean.

We use here different anthropogenic emissions compared to Chapter 2, as outlined

in the Introduction (Section 1.5.3). For the parent domain (d01), we use the recently

released EDGARv5.0 anthropogenic emission inventory for 2015 at 0.1◦×0.1◦ resolution

(∼11 km) (Crippa et al., 2019a,1,1). As for EDGAR-HTAPv.2.2 used in Chapter 2, we

use only monthly variations in the emissions based on monthly profiles, specified for

each country and for each sector in EDGARv5.0. For the nested domain (d02) we use

the anthropogenic emission inventory from Energy and Resource Institute and The Auto-

motive Research Association of India (TERI/ARAI) that covers the NCR region (TERI &

ARAI, 2018); more details are provided below. Emissions for the fraction of the nested
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grid that lies outside the NCR are described by the EDGARv5.0 inventory. For both

inventories, we map the original speciated non-methane volatile organic compounds

(NMVOC) emissions to the MOZART chemical mechanism used by WRF-Chem. Details

of this mapping for the EDGARv5.0 inventory are summarised in Mogno and Marvin

(2022) and details of the mapping for the TERI/ARAI inventory are described in Table

B.2.

3.2.2 TERI/ARAI anthropogenic emission inventory for the NCR

The TERI/ARAI anthropogenic emission inventory (TERI & ARAI, 2018) describes emis-

sions of nitrogen oxides (NOx = NO + NO2), sulfur dioxide (SO2), carbon monoxide

(CO), particulate matter (PM10), and NMVOCs for all the main anthropogenic sectors and

subsectors for the NCR at a spatial resolution of 4×4 km for 2016. The sectors include

transport, domestic (use of biomass fuel, kerosene and LPG for cooking and heating),

power, industry, and other (including refuse burning, crematoria, landfill fires, incinerat-

ors, refinery, airport, restaurant, construction). The inventory also includes factors that

describe seasonal (monthly) and diurnal (hourly) emission variations, developed with

activity data surveys for different sectors. Figure 3.4 shows sector and on-road transport

subsector contributions to key pollutant emissions in the NCR and Delhi. Figure 3.4c

shows the corresponding annual mean distribution for on-road transport, domestic, and

industry, power and other sectors.

The on-road transport sector of the TERI/ARAI inventory includes emissions for eight

vehicles types: 1) two wheelers, 2) three wheelers, 3) passenger cars, 4) multi utility

vehicles, 5) buses, 6) light duty vehicles, 7) heavy duty vehicles, and 8) tractors. The

inventory also includes PM emission estimates from road dust resuspension due to

vehicles. Figure 3.4b shows the contribution from individual on-road transport subsectors

to total emissions by pollutant species within the NCR and Delhi. Emissions from different

vehicle types are assumed to have the same spatial distribution at 4 km and to follow the
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a)

c)

b)

Figure 3.4: Annual sector contributions and distributions of the TERI/ARAI anthropo-
genic emissions inventory for the regional NCR (areas outlined in black) and Delhi
(central area outlined in red). Panel a) shows sector contributions to total annual
emissions of nitrogen oxides (NOx), sulfur dioxide (SO2), carbon monoxide (CO),
particulate matter (PM), and non methane volatile organic compounds (NMVOCs).
Sectors include on-road transport (TRA), domestic (DOM), industry power and others
(IPO). Emissions within Delhi only and within the broader NCR but excluding Delhi are
denoted by Delhi and NCR respectively, determined by using relevant administrative
boundaries. Panel b) is the same as Panel a) but for on-road transport subsectors. Panel
c) shows the spatial distribution of CO emissions from the TRA, DOM and IPO sectors
(TERI & ARAI, 2018).
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same diurnal cycle. The seasonal change in road dust re-suspension was customized

for local conditions using the information from sampling silt loading on the roads, and the

weight of vehicular fleet (taken from traffic counts). On-road transport sector emissions

in Delhi and the NCR have been estimated using a bottom-up approach, through activity

data estimated from primary traffic count surveys in Delhi and surroundings. The invent-

ory takes into account high-emitting vehicles, which are not taken into account in the

development of standard emissions factors for representative vehicles in the fleet (TERI

& ARAI, 2018).

3.2.3 Observations for model evaluation

The model ability to reproduce observed surface PM2.5 over Delhi is evaluated using

ground based observations. As for Chapter 2, we use the Central Pollution Control Board

(CPCB) hourly observations of PM2.5, here downloaded for the period 6–16 October

2019 over Delhi. Data that have negative values, outliers, and stations with poor temporal

coverage have been discarded following the same cleaning procedure used in Section

2.2.3. The resulting 34 selected stations in Delhi are shown in Figure B.1, and listed in

Table B.1.

3.2.4 Emission reduction impact (ERI) method

We use the emission reduction impact (ERI) method to quantify the role of the on-road

transport sector and its subsectors compared to other main sectors on surface PM2.5

over Delhi. The ERI method determines the role of a given source to air pollution levels by

taking the difference of two air quality model simulations performed with the full emission

source (control) and a reduced emission source (perturbed). This method is also referred

to as the brute-force method, or a one at time sensitivity analysis (Clappier et al., 2017;

Thunis et al., 2019). The ERI method has been widely used for air quality management
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studies (Conibear et al., 2018; Huang et al., 2018; Huszar et al., 2016; TERI & ARAI,

2018), and it is usually preferred to other methods for its suitability to support air quality

interventions planning (Thunis et al., 2019). Care is taken to ensure the perturbation is

sufficiently small that the resulting change in the non-linear chemistry is approximately

linear. Formally, the impact of an emission source s on a receptor pollutant P is given by:

IP
s,α =

Ps,α −P
α

=
∆Ps,α

α
, (3.1)

where the P is the pollutant from the control model and Ps,α is the modeled pollutant from

the perturbed model for which the source s reduced by percentage α . Where α=100%

the source is completely switched off (zero-out approach). In relative values IP
[s,α]% (per-

centage of the baseline P concentration), the impacts are expressed by dividing IP
s,α by

the baseline concentration P.

To reduce the computational burden of the ERI method, we group together the main an-

thropogenic emissions sectors by source type: on-road transport, TRA (linear sources),

domestic, DOM (area sources) and industry, power and others, IPO (point sources). For

the TRA sector, we also group the emissions in four subcategories that reflect the Indian

emissions regulation categories for vehicles (Bansal and Bandivadekar, 2013): light

commercial vehicles (TRL), heavy duty vehicles (TRH), two- and three-wheelers (TRW).

We also consider resuspended dust (DST). For each source we consider both emissions

within Delhi only and emissions from NCR (excluding Delhi). Table 3.1 summarises the

anthropogenic sources parameters used for the ERI application.

The key assumption associated with using the ERI method is that emission sources are

changed by an amount that maintains linearity between emissions and concentration

changes, as mentioned above. Here, we perform a series of simulations, each for the

period 6-16 October 2019 (10 days), to establish the threshold value of αt beyond which

the perturbed chemical regime is inconsistent with the control calculation. In practice, this
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TERI/ARAI sectors ID

industry + power + others IPO
domestic DOM
on-road transport TRA
bus + trucks+ heavy duty vehicles TRH
light duty vehicles + multi utility vehicles +passenger cars TRL
2wheelers+ 3wheelers TRW
resuspended dust DST

Table 3.1: Groupings of anthropogenic emissions used in the ERI study. For each
parameter we consider both emissions within Delhi only (Delhi_) and within the National
Capital Region only, excluding Delhi (NCR_).

means identifying the value of α for which 1) there remains a linear relationship between

a change in emissions and PM2.5 concentrations and 2) the interaction terms associated

with perturbed multiple related parameters are negligible. The second criterion ensures

that the individual impacts are additive, i.e., the sum of the impacts are equal to the

impact of the sum where α ≤ αt .

This impact method approach has similarities with the perturbation method used in

Chapter 2 (Section 2.2.2). Both these methods are of the class of brute-force method, or

a one at time sensitivity analysis (Clappier et al., 2017; Thunis et al., 2019) and quantify

changes in pollutant concentrations due to changes in emissions. However, there are

differences in their formulation and aims. The perturbation method used in Chapter 2 and

defined in Equation 2.1, produces a sensitivity index which express how much a pollutant

concentrations varies due explicit changes in the quantity of direct emissions E, and has

units of a pollutant concentration over emissions total mass. In addition, also the spatial

dimension is considered (index i,j) and sensitivity spatial maps can be produced. The ERI

method described here and defined by Equation 3.1 also consider changes in pollutant

concentrations due to changes in emissions, but this is done implicitly through the scaling

factor α , and thus has units of concentration. In addition, here we do not consider spatial
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variability of the impact I. The impact method gives a more direct measure of the total

contribution of an emissions source to a pollutant compared to the sensitivity index used

in Chapter 2. Thus, it is more suitable when analysing the impact of potential mitigation

strategies, as we do in this Chapter.

3.3 Results

3.3.1 Model Evaluation

For the scope of this Chapter, to evaluate our model performance in describing surface

observations of PM2.5 over Delhi we restrict ourselves to the evaluation of the diurnal

cycle. We consider the city scale mean diurnal cycle value for PM2.5 i.e. the mean of

PM2.5 obtained from averaging observations at the 34 sites described in Section 3.2.3.

We match model gridcells to observation sites using nearest neighbour approach as

we did in Chapter 2. Figure 3.5 shows the mean observed and modelled diurnal cycle

of PM2.5 obtained averaging the observations across the 34 stations and corresponding

matching 34 gridcells. Table 3.2 summarises statistics separately for daytime (8:00-20:00

LT) and nighttime (21:00-07:00 LT). Modeled PM2.5 has a positive mean bias lower

at daytime (MB=0.13) than nighttime (MB=0.16), although there is a better overlap in

the standard deviation across the observations at sites and the model during nighttime

than during daytime. The model does not capture the observed morning peak at 0800–

0900 local time, possibly due to an inaccurate simulation of the timing between morning

emissions peak and the PBL increase. However the broader observed pattern during

daytime is well reproduced by the model (r=0.87), while it has more difficulties to repro-

duce patterns at nighttime (r=0.55). On a city-scale resolution as opposed to street level

resolution, we argue this is acceptable performance.
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Figure 3.5: Model evaluation of PM2.5 over Delhi using ground-based observations
during 6-16 October 2019. The plot shows the city-scale mean comparison of model and
observed average diurnal cycle of PM2.5, obtained averaging PM2.5 observations across
the 34 monitoring stations (section 3.2.3). The diurnal cycle is shown as function of local
time (LT). Shaded envelopes denote the standard deviation of the spatial variation of
PM2.5 across the 34 stations at each hour of observation. The grey line is the model
boundary layer height (PBLH). Modeled time period: from 6th October to 16th October
2019.

NMB NMAE MB [ug/m3] RMSE [ug/m3] r
DAY TIME

(8:00-20:00 LT)
0.13 0.18 10.69 16.08 0.87

NIGHT TIME
(21:00-07:00 LT)

0.16 0.16 17.91 18.30 0.55

Table 3.2: Model evaluation statistics for average diurnal cycle PM2.5 shown in Figure
3.5, divided between for day time (08:00-20:00 LT) and night time (21:00-07:00 LT).
Statistics are the same used in Chapter 2 evaluation: normalised mean bias (NMB),
mean bias (MB), root mean square error (RMSE), and Pearson correlation coefficient
(r).

Other sources of error may also be responsible for the overestimation of individual

PM2.5 components. The inorganic fraction (sulfate, nitrate, ammonium) of model PM2.5

represents ∼37% of the total PM2.5 mass (Figure 3.6),the organic fraction (primary

and secondary organic aerosols) represents ∼22%, and black carbon represents ∼6%.

Previous measurement studies over Delhi have reported an inorganic fraction of 23–

27%, an organic fraction (OA, usually calculated at 1.4 times organic carbon, OC) of 20–

32%, and an elemental carbon fraction (equivalent to our model black carbon) of 5–15%
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Figure 3.6: Post-monsoon average modeled PM2.5 composition across Delhi. OTHER =
dust,SO4 = sulfate, NO3 = nitrate, NH4 = ammonium, POA = primary organic aerosols,
SOA = secondary organic aerosols, BC = black carbon, SEA SALT = sodium chloride.
Numbers refers to mass concentrations (µg m−3). Modeled time period: from 6th
October to 16th October 2019.

(Bawase et al., 2021; Dumka et al., 2017; Jain et al., 2020). These observed values are

broadly consistent with our model values except for the inorganic fraction for which the

model has a bias of 10%. As we did in Section 2.3.1 when comparing OA concentrations

with previous studies, we acknowledge that comparing the composition of our 10 day

period in year 2019 to studies covering different period and years is a limitation, since

we cannot take into account interannual variability of the chemical and meteorological

environment. However, regardless of the period under investigation, studies have found

that the WRF-Chem model tends to overestimate the SO2 precursor over the Indian

region (Conibear et al., 2018; Kota et al., 2018), a result that we found as well in the

previous Chapter (Section 2.3.1). This could lead to overestimating the impact of the

IPO sector on PM2.5 through overestimation of the sulfate component, since industry

and power sectors are main emitter of SO2 in the NCR (Figure 3.4).
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sector emissions scaling

TRA_Delhi 2 1.75 1.5 1.25 0.75 0.5 0.25 0
DOM_Delhi 2 1.75 1.5 1.25 0.75 0.5 0.25 0
IPO_Delhi 2 1.75 1.5 1.25 0.75 0.5 0.25 0
TRA-_NCR 2 1.75 1.5 1.25 0.75 0.5 0.25 0
DOM_NCR 2 1.75 1.5 1.25 0.75 0.5 0.25 0
IPO_NCR 2 1.75 1.5 1.25 0.75 0.5 0.25 0

TRL_Delhi 2 1.75 1.5 1.25 0.75 0.5 0.25 0
TRH_Delhi 2 1.75 1.5 1.25 0.75 0.5 0.25 0
TRW_Delhi 2 1.75 1.5 1.25 0.75 0.5 0.25 0
DST_Delhi 2 1.75 1.5 1.25 0.75 0.5 0.25 0
TRL_NCR 2 1.75 1.5 1.25 0.75 0.5 0.25 0
TRH_NCR 2 1.75 1.5 1.25 0.75 0.5 0.25 0
TRW_NCR 2 1.75 1.5 1.25 0.75 0.5 0.25 0
DST_NCR 2 1.75 1.5 1.25 0.75 0.5 0.25 0

Table 3.3: Sensitivity runs performed for the ERI range of applicability. Each sector
emissions has been scaled one at the time from complete removal (emissions scaling
=0) to doubling (emission scaling =2) with a 0.25 scaling increment. Each sensitivity
simulation has been performed for the whole period of the baseline run, from 6th to 16th
October 2019.

3.3.2 Emission reduction impact (ERI) range of applicability

To establish the range of applicability of the emissions reduction impact method in our

study, we consider the response of emissions changes from each source in Table 3.1 to

the 24-h average PM2.5 (WHO metric) and the hourly value of PM2.5 over Delhi for the

whole period of the simulation (6-16 October 2019). We consider symmetrical emission

decreases and increases in the scaling range from 0% to 200% from the baseline, with

a 25% increment. Table 3.3 summarises all the sensitivity runs performed.

Figure 3.7a shows a near-linear relationship between changes for emissions from indi-

vidual sectors and 24-h mean PM2.5 over Delhi over our range of considered perturb-

ations. This is true also for each of the individual on-road transport subsectors (Figure

3.7b). Simultaneous changes in emissions from all the main sectors results in inter-

actions between pollutants that cannot be captured when considering one source at
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b)a)

c) d)

Figure 3.7: Linearity test for average 24-h PM2.5 response over Delhi due to fractional
emission changes from different sectors. Panel a): response to change in emissions from
individual main sectors (DOM, TRA,IPO) within Delhi (Delhi_) and the surrounding region
(NCR_). Panel b): same as panel a) but for the on-road transport subsectors. Sector
names are defined in Table 3.1. Panel c): comparison between the response obtained
by summing the responses of individual change in emissions from the main sectors and
the response obtained by changing emissions from the main sectors all simultaneously.
’ALL’ refers to the simultaneous change of emissions for all the sectors together. Panel
d): same as panel c) but for the on-road transport subsectors. Modeled time period: from
6th October to 16th October 2019.

the time. These interactions account for an additional impact that increases with larger

emission changes (Figure 3.7c). We find this nonlinearity result in additional reductions

of up to 16% in PM2.5 when all the sectors are turned off but only a reduction of 2%

when all sector emissions are doubled (200%). Moderate changes in emissions (<25%)

result in non-linearities of <5% in PM2.5. Non-linearities are smaller when considering

the on-road transport subsectors, where they account for ±5% additional impact in PM2.5
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over the whole range of emissions changes (Figure 3.7d), likely because of their total

smaller magnitude. We found similar results for hourly values of PM2.5 over Delhi, which

show an almost linear relation to changes in emissions over the range of ±75% (Figure

3.8,3.9, 3.10, 3.11). The sign and magnitude of non-linear terms vary across the range

of emission changes, especially when considering the symmetric reduction/increase in

emissions, suggesting that different chemical regimes may be reached. Based on our

analysis, we establish an upper limit for linearity as αt=75% within which non-linearities

account for maximum ∼±5% on top of the total impact on PM2.5 given by summing the

individual sectors impacts. This magnitude of non-linear impact is small in the context

of other uncertainties associated with air quality modelling, and still provides practical

information for policy makers. Other studies have also identified linearity in the response

of surface PM2.5 to changes in main sector emissions (Chen et al., 2020; Conibear

et al., 2021; Thunis et al., 2015). Non-linearities are expected to be more important

in particular for the formation of secondary pollutants at higher spatial and temporal

resolution (e.g. local pollution episodes) (Thunis et al., 2015). The contribution from all

anthropogenic sectors considered in this study, including any non-linear terms, accounts

for ∼60% of the 24-h average PM2.5 mass over Delhi. This suggests there is a large

contribution originating outside of Delhi and the broader NCR region. To check this

pollution contribution, we perform a simulation for which the boundary conditions for the

nested domain (Figure 1.9) are switched off. We acknowledge that we should be careful

in performing such large perturbation, because of potential large non-linear impacts.

However in this case we are doing a simple sanity check rather than an in depth analysis

as done for the impacts of anthropogenic sectors. When switched off, we find that the

boundary conditions account for ∼40% of changes in the 24-h average PM2.5, ignoring

the additional non-linear impacts. This highlights that long range advection of pollutants

makes a substantial contribution to surface PM2.5 in Delhi in the post-monsoon season

even before the full onset of the agricultural biomass burning.



3.3. Results 114

Figure 3.8: Linearity test for PM2.5 hourly response over Delhi due to fractional emission
changes from individual main sectors (DOM, TRA,IPO) within Delhi (Delhi_) and the
surrounding region (NCR_). Hourly values ranges from 00:00 to 23:00 local time.
Modeled time period: from 6th October to 16th October 2019.
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Figure 3.9: Linearity test for PM2.5 hourly response over Delhi due to fractional
emission changes from individual transport subsectors (TRW, TRL,TRH, DST) within
Delhi (Delhi_) and the surrounding region (NCR_). Hourly values ranges from 00:00 to
23:00 local time. Modeled time period: from 6th October to 16th October 2019.
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Figure 3.10: Linearity test for PM2.5 hourly response over Delhi to changes in emissions
from different sectors. Comparison between the response obtained by summing the
responses of individual change in emissions from main sectors (DOM, TRA,IPO) within
Delhi (Delhi_) and the surrounding region (NCR_), and the response obtained by
changing emissions from the all the main sectors simultaneously (black line). Hourly
values ranges from 00:00 to 23:00 local time. Modeled time period: from 6th October to
16th October 2019.

Figure 3.11: Linearity test for PM2.5 hourly response over Delhi to changes in emissions
from different sectors. Comparison between the response obtained by summing the
responses of individual change in emissions from transport subsectors (TRW, TRL,TRH,
DST) within Delhi (Delhi_) and the surrounding region (NCR_), and the response
obtained by changing emissions from the all the transport subsectors simultaneously
(black line). Hourly values ranges from 00:00 to 23:00 local time. Modeled time period:
from 6th October to 16th October 2019.
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c)

a) b)

Figure 3.12: Impacts of anthropogenic sectors on 24-h mean PM2.5 over Delhi. Panel
a) Impacts of the main anthropogenic sectors. Panel b) Share of subsectors to the total
on-road transport impact (Delhi_TRA+NCR_TRA). Panel c) Potential mitigation of PM2.5
levels in Delhi for individual sector impacts, compared to the WHO interim target 1 and
the Indian National Ambient Air Quality Standard (NAAQS). Modeled time period: from
6th October to 16th October 2019.

3.3.3 Impacts on 24-h average PM2.5

Figure 3.12a shows the relative impact of each anthropogenic sector on the 24-h average

PM2.5 over Delhi, calculated from equation 3.1 with α=75%. We find that NCR an-

thropogenic sources from industries and power (NCR_IPO) and domestic (NCR_DOM)

have the highest impact on Delhi PM2.5, with potential reductions from baseline PM2.5

concentrations of 14% and 11%, respectively. The same two sectors (Delhi_IPO and

Delhi_DOM) within Delhi have the lowest impacts, with potential reductions of <6%.

This contrast between the local and regional sources is broadly consistent with the

emission distribution from the domestic (DOM) and the industry and power (IPO) sectors.

Almost all power plants, industries, and other point sources are located outside Delhi
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and they account for most of the IPO sector emissions. As shown in Figure 3.4c, the

rate of emissions from the domestic sector is similar inside and outside Delhi. However,

because the area outside Delhi is much larger, domestic sector emissions from outside

Delhi make a much larger contribution to regional emission totals (see Figure 3.4a).

As seen in Figure 3.12a, the on-road transport sector within Delhi (Delhi_TRA) has the

highest impact on PM2.5 among the local sources, with a potential reduction up to 9.2%,

which is almost a third higher than the local industry and power sector and almost five

times the local domestic sector. The impact from the local on-road transport sector

is slightly higher than for regional sources (NCR_TRA, up to 7.7%). While emissions

from local on-road transport represent almost half of emissions from regional on-road

transport, traffic in Delhi remains the main hotspot for on-road transport emissions in the

region, with spatially homogeneous distribution and with higher emissions rates (Figure

3.4a and 3.4c), which might help explain its higher impact on Delhi PM2.5. Two- and

three-wheelers from local and regional traffic account for almost 50% of the impact of

the on-road transport sector on PM2.5, with an approximately equal contribution of local

(Delhi_TRW) and regional (NCR_TRW) two- and three-wheelers ( Figure 3.12 b). Local

heavy duty vehicle traffic (Delhi_TRH) accounts for an additional 18% of the total on-road

transport impact, followed by 12% from regional heavy duty vehicle traffic (NCR_TRH).

Traffic from passenger and light duty vehicles (TRL) and resuspended dust (DST) have

a relatively small impact on Delhi PM2.5, each accounting for around 10% of the total

traffic impact, equally split between local and regional sources. In summary, we find that

two- and three-wheelers and heavy duty vehicles collectively account for almost 80% of

the total traffic impact. This is consistent with these subsectors accounting for 50% of

PM and SO2, for more than 80% of NOx emisssions, and for more than 90% of NMVOCs

emissions from total on-road transport sector (Figure 3.4b).
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In terms of absolute PM2.5 concentrations, we find that no one sector alone is impactful

enough that its removal would improve air quality to meet the WHO interim target 1

(Figure 3.12c). If the emissions from local on-road transport were eliminated completely,

PM2.5 in Delhi would be reduced to 84 µg m−3 from a baseline concentration of 93

µgm−3. If we then also removed the impact from regional on-road transport, the level of

PM2.5 in Delhi would decline to 77 µg m−3, still above the Indian NAAQS (60 µg m−3)

and the WHO interim target 1 (75 µgm−3) (WHO, 2021). We find that only a multi-

sectoral, multi-scale approach targeting regional and local emissions is sufficient to

reduce mean Delhi PM2.5 values to target values. For example, if we consider the lin-

ear regime and the impacts in Figure 3.7a for each sector, reducing regional domestic

emissions by 75%, regional industry and power by 50% and local traffic by 50% would

achieve the WHO interim target 1. If also local and regional on-road transport emissions

were reduced by 75%, mean Delhi PM2.5 would reach the Indian NAAQS threshold.

3.3.4 Impacts on PM2.5 diurnal cycle

The diurnal cycle of PM2.5 is determined by the diurnal cycle of emissions, pollutant

transport, boundary layer dynamics, and atmospheric chemistry. Figure 3.13 shows the

percentage impact of local sectors (panel a) and regional sectors (panel b) on the mean

diurnal cycle of PM2.5 over Delhi, determined from equation 3.1 with α=75%.

Nighttime concentrations (00:00-06:00 local time) are impacted most strongly by re-

gional sources, with contributions of ∼15–25% from industry and power, ∼15% from the

domestic sector, and ∼10% from on-road transport. Contributions from local emission

sectors are below 10%, with the largest impacts from industry and power followed by the

on-road transport sector. The contribution from local domestic emissions is negligible,

reflecting the large reduction of emissions from this sector during nighttime. Continuous

emissions from the energy and industry sector combined with the shallow nighttime

boundary layer results in the contribution from this sector peaking during the nighttime.
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a)

c) d)

b)

Figure 3.13: Impacts of local (a), regional (b) anthropogenic sectors on the diurnal
cycle of average PM2.5 over Delhi. Panel (c) shows the impacts of on-road transport
subsectors. Panel (d) shows the relative share for total on-road transport impact
(Delhi_TRA+NCR_TRA). Modeled time period: from 6th October to 16th October 2019.

Concentrations of PM2.5 during daytime hours (06:00-18:00) are still mainly impacted by

non-local sources from the industry, power, and domestic sectors although their contri-

butions almost halve (reaching below 10%) towards late afternoon when the boundary

layer continues to expand and mixing is over longer vertical scales. The contribution

from local on-road transport increases to ∼10% during peak traffic activity at 08:00 and

then plateaus around 7% between 11:00–17:00. The contribution from non-local on-road

transport decreases during daytime, reaching an impact of <5%, comparable to local

industry and power sector. The contribution from the local domestic sector increases

during the daytime to <5%. Local on-road transport makes the highest anthropogenic

contribution to PM2.5 during evening hours (18:00–00:00), reaching up to 18% at around

20:00. This is due to the evening traffic peak combined with the collapse of the bound-

ary layer. Regional sources progressively contribute more to PM2.5 during the evening,

peaking during nighttime hours.
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The impact of local on-road transport on PM2.5 reflects typical diurnal patterns of on-

road transport emissions, with morning and evening peaks. The contribution to PM2.5

from regional on-road transport emissions shows a similar trend to local emissions but

smoothed reflecting the influence of PBL mixing and atmospheric advection timescales.

Consequently, the nighttime peak contribution from the regional on-road transport sector

impacts the morning peak of Delhi PM2.5, and the absence of nighttime regional on-road

transport, amplified by the deeper boundary layer, results in a drop in the contribution for

this sector to PM2.5 later in the day. Overall, the sum of the local and regional on-road

transport sectors contribute up to 20% to PM2.5 during nighttime hours, ∼12% during

the central hours of the day, and peaking at almost 30% during the evening traffic peak

(Figure 3.13c). Two- and three-wheelers and heavy duty vehicles dominate the impact

of the on-road transport sector on the diurnal cycle of PM2.5, accounting for 60% to 70%

of the total impact at any hour of the day (Figure 3.13). Local two- and three-wheelers

(30-40%) and local heavy duty vehicles (15-23%) have the highest share of the total on-

road transport contribution during the central hours of the day and during the evening.

Regional two- and three-wheelers (up to 30%) and regional heavy duty vehicles (up

to 20%) dominate during the nighttime hours (Figure 3.13c, 3.13d). We find minimal

contributions from passenger cars and light commercial vehicles and from resuspended

road dust, each accounting for <10% at any time during the day for the local and regional

fleets.

3.3.5 Simple model for PM2.5 and O3 health impact estimate

As noted the introduction, if mitigation strategies focus only on minimising PM2.5 expos-

ure, elevated levels of surface ozone (O3) could become more of a significant health

concern. For example, reducing nitrogen oxide emissions from the on-road transport

sector could result in an increase in surface ozone. We build a linear model to investigate

which sectors would be best to target to minimise the total health impacts in terms
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c) d)

b)a)

Figure 3.14: Linearity analysis for test for PM2.5 and O3 metrics. The PM2.5 plots are the
same as in Figure 3.7, but are reported again here for clarity. Modeled time period: from
6th October to 16th October 2019.

sector 24-h PM2.5 MDA8 O3

Delhi_DOM 1.65 -0.73
Delhi_IPO 5.27 -3.84
Delhi_TRA 8.75 -27.91
NCR_DOM 10.60 -1.06
NCR_IPO 12.17 -9.81
NCR_TRA 6.93 -21.57

Table 3.4: Rates of change in average 24-h PM2.5 and in MDA8 O3 for each main sector
([µgm−3]). These value are interpolated from Figure 3.14 in the linearity range of scaling
factors ± 50% (i.e. [0.5, 1.5]).

of mortality when considering both PM2.5 and O3 . We restrict to these two pollutants

because they are the most important outdoor air pollutants related to mortality currently
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recognised, consistently with the methodology adopted in the Global Burden of Diseases

Study (Cohen et al., 2017; Pandey et al., 2021) and the EPA analysis of the clean air

act (Agency, 2011). Ozone is associated with respiratory impacts independent of PM2.5

exposure, so we can sum their mortality effects (Jerrett et al., 2009).

We build the model starting from our linearity analysis in Section 3.3.2, which we ex-

tend also to O3, for the metric of daily maximum 8-hour concentration (MDA8). As for

average daily PM2.5, we found that also changes of MDA8 O3 over Delhi is almost linear

with changes in emissions for up to ± 50% (Figure 3.14), scaling factors of emissions

between [0.5,1.5]). However, contrary to PM2.5, decreases in emissions increase ozone

concentrations, and thus lead to negative health impacts from ozone (Figure 3.14 b,d).

Reducing on road transport emissions leads the increase in surface ozone concentra-

tions compared to reduction of emissions from other sectors, which brings similar (but

smaller) increases in surface ozone.

From the linearity assumption, we can write the changes in 24-h PM2.5 and MDA8 O3

from baseline values due to reduction of emissions for the anthropogenic sectors as:


∆PM2.5 = ∑

n
i=1 mi · (Si −1)

∆O3 = ∑
n
i=1 li · (Si −1)

(3.2)

with n=6, the total number of the sectors considered in Table 3.4. For each sector i,

mi and li are the rate of change for average 24-h PM2.5 and in MDA8 O3 respectively,

obtained from linear interpolation of data in Figure 3.14, and reported in Table 3.4. Si

is the scaling factor applied in reduction/increase of emissions for each sector within

the linearity range for the reduction of emissions [0.5,1] %. For example, SDelhiT RA =0.5

means that the emissions from the transport sector within Delhi are scaled by 50% i.e.

reduced by half.
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(a) (b)

Figure 3.15: Relative risk functions RRp for PM2.5 (a) and RRo O3 used in Equation
3.3. The mathematical expression of the two functions is the same used in Wang et al.
(2020a).

Mortality due to disease j from air pollution exposure at concentration (C) is commonly

given by:

M j(C) = p · I j · (1−
1

RR j(C)
) (3.3)

where p is population exposed, I j is the baseline adjusted mortality rate for disease j,

and RR j(C) the relative risk function calculated at concentration C (Apte et al., 2015;

Wang et al., 2020a). For simplicity in the calculation, the health impact is restricted to

mortality due to chronic obstructive pulmonary disease (j=COPD). In addition for sim-

plicity, we consider homogeneous density of population within Delhi, all the population

equally exposed, and relative risk equal among age groups, so p to be treated as a

constant and so we have just one mathematical formulation of the RR j(C).

Equation 3.3 is normally used to quantify mortality for long term exposure to air pol-

lutants. Even if our study focuses on the post-monsoon season, our estimate can be

used as a proxy of long term PM2.5 decrease and ozone increase arising when cutting

emissions. Indeed, other studies have pointed out that emissions reduction aiming solely

at reducing PM2.5 levels, especially significant reduction of NOx from on-road transport,



3.3. Results 125

can lead to an increase of ozone pollution also during pre-monsoon (Chen et al., 2020),

winter (Tiwari et al., 2018) and summer (Chen et al., 2021). For the COPD RR functions

for PM2.5 and O3, RRp and RRo respectively, we used the mathematical expressions in

Wang et al. (2020a), which are based on the Global Exposure Mortality Model (GEMM)

for PM2.5 and the Global Burden of Disease (GBD) for O3. The two RR functions used

are shown in Figure 3.15. The difference in mortality due to exposure to concentration C

and C1 is:

∆M = M(C)−M(C1) (3.4)

The effective emission reduction strategy would be given by the set of Si that maximise

the avoided mortality due the combined exposure to PM2.5 and O3:

maxSi∈[0.5,1]
{

∆M = ∆MPM2.5 +∆MO3

}
(3.5)

Explicitly, using Equation 3.3 and Equation 3.4:

maxSi∈[0.5,1]
{

∆M = p · ICOPD
( 1

RRp(PMbase
2.5 +∆PM2.5)

− 1
RRp(PMbase

2.5 )

+
1

RRo(Obase
3 +∆O3)

− 1
RRo(Obase

3 )

=
1

RRp(PMbase
2.5 +∑

n
i=1 mi · (Si −1))

− 1
RRp(PMbase

2.5 )

+
1

RRo(Obase
3 +∑

n
i=1 li · (Si −1))

− 1
RRo(Obase

3 ))}
(3.6)
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To solve this equation and find the maximum, we use a Python library (SciPy optimize),

which provides solvers for minimizing (or maximizing) non-linear functions subject to

constraints. By solving this equation, we found that the optimal combination of emission

reduction is:

S∗ = {SDelhi_DOM = 0.5,SDelhi_IPO = 0.5,SDelhi_T RA = 1,SNCR_DOM = 0.5,

SNCR_IPO = 0.5,SNCR_T RA = 1}.
(3.7)

This is a unique solution (there are no other local maxima). The solution highlights that

to reduce mortality for COPD, emissions to be prioritised for reduction are from the

industries and power (IPO) and the domestic (DOM), over the transport sector (TRA),

both within Delhi and from the broader NCR. This is because for when reducing transport

emissions, the adverse health impact arising from an increase in ozone are higher than

the benefit of reducing PM2.5, while for the IPO and DOM sectors the positive impact of

PM2.5 is greater than the negative of O3. This is because in our calculation we assume

that on-road transport emissions are reduced uniformally, i.e., all pollutants are reduced

by the same amount. Thus it might explain why we find that health impact resulting from

the increase in ozone are higher than the benefit of reducing PM2.5 for the transport

sector, but it might not be the case if individual pollutant are reduced differently (e.g.

by reducing VOCs more than NOx from transport). We highlight that the solution values

are those values at the boundary conditions, i.e. either S=0.5 (reduction by 50%) or S=1

(emissions not changed). The range [0.5,1] has been chosen for ensuring the linearity

in emission changes. We obtain values at the boundaries when solving the equation

because of the combination of the linearity assumption for the variation in concentrations

and the fact that the RR functions are monotonic. Other assumptions on the RR functions

could lead to a different solution.
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For a population of 31 million in Delhi (DESA, 2018))and a baseline adjusted mortality

for COPD 54 deaths every 100000 inhabitants (Chowdhury and Dey, 2016)) the solution

above would avoid ∼15 premature deaths for the period considered of the first two weeks

of October 2019, which is a decrease of 4% from the baseline mortality for COPD due

to PM2.5 and ozone exposure combined for the same period. This value is obtained

by doing a daily pro-rata scaling of the total avoided mortality obtained starting from

Equation 3.3, which is usually used for exposure to yearly concentrations.

This is a simple estimates, with uncertainties due to different factors: modeled concen-

trations, linearity assumption, assumptions on the distribution and age of the population

exposed, and considering COPD as the only disease. Also we note that while reduced

NOx emissions are projected to lead to increased ozone levels in VOC-limited urban

areas, the rural areas are NOx limited and likely to experience ozone decreases and

that such benefits are not captured in our first-order analysis. However, our simple

calculation illustrates the expected responses despite the uncertainties, and it highlights

the importance of weighting the health benefit of reducing PM2.5 with the drawbacks of

ozone increase. This is important in particular in VOC-limited urban environments such

as Delhi, where reduction of emissions, especially from transport sector, could increase

the adverse health impact from increased ozone levels.

3.4 Discussion and Conclusions

We studied the contribution of the on-road transport sector to surface PM2.5 over Delhi

during the post-monsoon season using the WRF-Chem model. By using the WRF-

Chem model we were able to find that the response between changes in emissions

from different emissions sectors and PM2.5 concentrations is linear at the city level scale

during post-monsoon. We defined the range of validity of the linear response, which

holds for reduction in emissions within 75%. We calculated the impacts of the transport
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sector and its subsectors compared to other local (within Delhi) and regional (within

NCR) sources on both mean 24-h and diurnal cycle of PM2.5 in Delhi, and quantified

mitigation strategies to achieve PM2.5 air quality standards in the city during the post-

monsoon season. Although a posteriori the response of PM2.5 to emissions changes

has proven to be linear, our results cannot be captured solely by the analysis of the

emissions inventory, highlighting the added value of using a chemical transport model

for emission reduction and mitigation studies.

We found that local on-road transport sectors contribute less than 10% to 24-h mean

PM2.5 values over Delhi during the post-monsoon season, and if we add the regional

contribution, the total impact of the on-road transport sector increases to 17%. The

highest impact from individual regional sectors is from power and industry (14%) and

domestic (11%), while the local power and industry and domestic sectors have minimal

impact (6% each). This is consistent with previous studies that showed that on a city-

scale regional sources from the NCR can have a significant impact on annual mean

PM2.5 values over Delhi (Amann et al., 2017) and during the pre-monsoon season (Chen

et al., 2020). Long range advection of pollutants from outside the NCR also contributes

substantially to PM2.5 over Delhi for the period considered in our simulations (∼40%),

which is comparable to the ∼30% annual average long range advection contribution

found by Amann et al. (2017). Within the on-road transport sector, we found that two- and

three-wheelers dominate the on-road transport contribution to ambient PM2.5 in Delhi,

with around 50% share of the total on-road transport impact for the joint regional and

local fleet. Heavy duty vehicles contribute 18% for the local and 12% for the regional

fleet. Light commercial vehicles, including passenger cars and light duty vehicles, and

resuspended dust from on-road transport individually contribute about 10% of the total

impact.
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We showed that targeting emissions reductions from only the on-road transport sector

would fail to bring PM2.5 down to meet relevant ambient air quality standards (namely

WHO interim target 1 or Indian NAAQS). Similar results are found for all the other indi-

vidual sectors we studied. Only regional cooperation with stringent emissions reductions

(50-75%) of the NCR industrial and energy and domestic sectors, jointly with the on-

road transport sector (local and regional) has the potential to meet ambient air quality

standards. The recent order from the Commission for Air Quality management (CAQM)

to phase out of coal from across Delhi and the NCR from January 2023 is a significant

step in this direction (CAQM, 2022).

When considering the impact of each sector on the average diurnal cycle of PM2.5 over

Delhi, we found that the industry and power sectors from NCR dominated nighttime and

almost all daytime concentrations (10-25% day/night), with significant contributions from

the NCR domestic sector (7-15% day/night). The local on-road transport sectors have

the highest absolute impact (18%) during the evening traffic peak (18:00-21:00). If the

contribution from the regional on-road transport sector is also included the total impact

from the traffic sector reaches almost 30%.

We found that within the on-road transport sector, two- and three-wheelers dominate

the on-road transport contribution to daily mean PM2.5 values, followed by heavy duty

vehicles. Two- and three-wheelers and heavy duty vehicles combined account for 60-

70% of the total on-road transport impact on PM2.5 throughout the day, with local two-

and three- wheelers accounting between 30-40% of the total on-road transport hourly

impact on PM2.5 during daytime hours. These findings suggest that prioritising reduction

of emissions from two- and three-wheelers (e.g., converting to electric vehicles), and

heavy duty vehicles (e.g., converting to cleaner fuel such as compressed natural gas),

could be an efficient way to reduce the impact of the on-road transport sector on PM2.5,

particularly during the evening traffic peak. Our results also help to explain why the even-

odd pilot mitigation strategies have yet to deliver the expected benefit on surface air
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quality. We find that the targeted on-road transport subsector of passenger cars play

only a minor role in on-road transport sector emissions during the post-monsoon season

(and this will likely hold true for other seasons). Our findings can therefore help inform

the development of more effective mitigation strategies for PM2.5 over Delhi during the

post-monsoon season.

However, if mitigation strategies focus exclusively on minimising PM2.5 exposure, it could

lead to elevated levels of surface ozone (O3), especially in VOC-limited cities such as

Delhi. We also found that reduction in emissions from the transport sector lead the

increase in surface ozone concentrations. Decreasing emissions from other sectors led

to similar (but smaller) increases in surface ozone. We built a simplified linear model to

find the optimal emission reduction strategy to minimise health impacts when considering

both PM2.5 and O3. We found that, during the post-monsoon season, emission reduc-

tions from domestic and industry and power sectors should be prioritised over reducing

emissions from the on-road transport sectors, if all pollutants are to be reduced by the

same amount. Although our estimate is a simple calculation, it highlights the importance

of the coordinated control of PM2.5 and ozone. This is important in particular in VOC-

limited urban environments such as Delhi.

Results are reported for city-scale mean, so they might not be representative of the sub-

city scale, where the different source attribution and thus potential impact reductions may

be different. Indeed, socio-economical factors also play an important role in determining

high air pollution inequalities within the city (Fecht et al., 2015; Lane et al., 2022; Nguyen

and Marshall, 2018). In addition, mean values tend to drive the responsibility towards

regional action that might be less effective in solving the pollution issue in different parts

of the city (Thunis et al., 2021).



3.4. Discussion and Conclusions 131

Future work is thus needed to characterise PM2.5 at finer spatial and temporal scales

over Delhi to establish which local controls can be effective at reducing pollution levels.

In addition, sensitivity studies within the city will need to consider the location-dependent

photochemical environment that will also help determine how the balance of emission

changes will influence surface ozone production, to inform effective and impactful emis-

sions control strategies that maximise health benefits for Delhi residents.



Chapter 4

Impact of electric and clean-fuel

vehicles on future PM2.5 and O3

pollution over Delhi

4.1 Introduction

In the previous Chapter we have seen that, as part of a multi-sector and multi-scale

approach, there is the need to considerably reduce emissions (>50%) from the transport

sector to improve air quality over Delhi during high polluted seasons.

The emergence of new transport technologies, such as electric vehicles (EVs), offers

an opportunity to scale systemic emission control interventions. The transition to EVs is

expected both to contribute toward the net-zero climate targets and improve air quality

especially in cities, where traffic is more pronounced. Recent studies showed that vehicle

fleet electrification can reduce direct pollutant emissions from the transport sector of

main gaseous pollutants (Section 1.2.2), such as CO, NOx, VOCs, and can have positive

impact on fine particulate matter (PM2.5) pollution over Europe (Gómez Vilchez et al.,

2019; Soret et al., 2014; Xu et al., 2020), the US (Babaee et al., 2014; EPRI, 2007; Pan

et al., 2019), and China (Horton et al., 2021; Li et al., 2019; Liang et al., 2019). India, is

132
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also expected to benefit from the introduction of EVs. Large scale vehicle electrification

over India between 2020-2040 could reduce direct emissions of hazardous pollutants

and PM2.5 concentrations (Hakkim et al., 2022; He et al., 2021) and lead to net air quality

and health benefits (Sen et al., 2021a,2).

As seen in Section 1.4.3, the Indian government is already promoting the shift to electric

mobility, through a series of pledges and interventions, such as incentives and subsidies

for electric two- and three-wheelers EVs in the country and the ambitious goal to reach

30% of EVs in all new vehicle sales by 2030 (EV30@30 campaign). For vehicles for

which electrification is not yet possible nor affordable, such as heavy duty vehicles (HDV)

or cars, alternative fuels already popular in India such as compressed natural gas (CNG)

can be promoted as an interim solution.

However, the impact on air quality from the adoption of EVs can vary substantially

between regions depending on existing transportation fleet, proximity to power gener-

ation, and the region’s chemical regime (Requia et al., 2018; Schnell et al., 2019). For

urban environments, which are VOC-limited like Delhi (Section 1.2.2), we have seen that

reduction in transport emissions could lead to adverse increase in O3 and potentially

hinder the health benefit from PM2.5 reduction (Chapter 3). In particular, reduction in

NOx emissions without enough reduction in VOCs emissions could lead to significant

O3 increase under a continued VOC-limited regime in Delhi (Chen et al., 2021; Nelson

et al., 2021). Consideration of the specific chemical environment at the city level scale is

thus needed to carefully assess the effects of large scale introduction of EVs and clean-

fuel vehicles on air quality. However, the impact of future vehicle electrification strategies

remain understudied for Indian cities.
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In this chapter we use the WRF-Chem model to investigate how PM2.5 and O3 sur-

face concentration in Delhi would be impacted by large-scale introduction of EVs and

cleaner fuels adoption in two contrasting season, pre-monsoon and post-monsoon. We

drive WRF-Chem with four possible transport emissions scenarios for year 2030, which

include detailed projections for each pollutant and vehicle type. We then assess the

impacts of each scenario on concentration of PM2.5 and O3 over Delhi and its district

(Figure 1.13). In the next section we describe the data and methods used, which include

a summary of the WRF-Chem model set-up and projections of future transport emissions

used. We present our results in section 4.3. Section 4.4 presents the final discussion and

conclusions.

4.2 Data and Methods

4.2.1 Model setup and emissions

The baseline WRF-Chem set-up and emissions used in this Chapter is the same one

used in the previous Chapter 3 (Section 3.2.1) at the exception of the simulation period.

We run a baseline simulation for a representative period of the pre-monsoon season

from 1st April to 30th of April 2019, and of the post-monsoon season from 1st October to

31st October 2019. Each of the two simulations include 3 days spin-up to minimize the

influence of the initial conditions at the start of the model run.

To assess the impact of future transport emissions over Delhi, 4 different future scenarios

are considered for year 2030, representing short to medium term traffic emissions inter-

ventions. We use the future transport emissions scenarios developed in Hakkim et al.

(2022) for India for 2030. Projections are developed for major air pollutants and speci-
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Scenario Description

BAU Business as Usual scenario.
Road transport emissions projected of under a SSP-5.

S1 All 2W and 3W are converted to electric vehicles for all fuel types.

S2 3W, 4W and HDV vehicles fueled by diesel are converted to CNG.

S3 S1+S2 scenario combined.

Table 4.1: Summary of future transport emissions scenarios from transport in India for
2030 developed in (Hakkim et al., 2022) and used in this study.

ated NMVOCs by vehicle type, which are based on the new Road Transport emission

inventory for India (RTEII) (Hakkim et al., 2021). The projections cover India at 10km

resolution. The four emissions scenarios are summarised in Table 4.1, and described

below:

• BAU: Business as Usual scenario. This scenario represents the projected road

transport emissions for the year 2030 under a Shared Socioeconomic Pathways

(SSPs) projection 5 (SSP-5), which seems to best capture current trends in the

Indian transport sector (Kriegler et al., 2017). The SSP-5 is usually referred to the

‘’Fossil-Fueled Development” scenario. It describes a world scenario of high fossil

fuel use, resource intensive development and high consumption patterns, resulting

in up to tripling the global energy demand and greenhouse gas emissions over the

course of the century (Kriegler et al., 2017). In the BAU scenario, no EVs are

introduced in the fleet.

• S1: All 2W and 3W are converted to electric vehicles for all fuel types. Espe-

cially in urbanised areas of India, 2W and 3W area popular means of transport,

because of their fuel efficiency and their important role for private, commercial and

commuting transportation needs. The 2W and 3W fleets have expanded rapidly,

and they are forecasted to grow further with government subsidies under the FAME

initiative.
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This scenario aims to represent the impact of large scale adoption of electric

vehicles for the popular segment in India of 2W and 3W. This scenario is relevant

for urban environment such as Delhi where exposure to road emissions is the

highest and where 2W and 3W are widespread.

• S2: 3W, 4W and HDV vehicles fueled by diesel are converted to CNG. The shift

to EVs for passenger cars and HDV are still not affordable or, in the case of HDV,

there are no yet available EVs technologies and infrastructure. Alternative fuels

such CNG can be an interim more sustainable solution for these segments com-

pared to diesel fuel, while maintaining the current vehicle fleet through retrofitting

and using the existing refuelling infrastructure. This scenario aims to represent the

impact of interim strategies in the short and medium term promoting a shift from

diesel to more sustainable fuel such as the already popular CNG in India.

• S3: S1 and S2 combined. This scenario considers the combination of the inter-

vention for electrification of all 2W and 3W and the substitution of diesel 4W and

HDV vehicles with CNG, of hence aiming to represent the maximum impact from

transport emissions reduction policy short to medium term interventions.

Table 4.2 summarises the simulation performed in this research chapter. We assume that

electric vehicle are fully electric, and we assume that all other sectors emissions remain

at the same level of the baseline scenario, in order to isolate the effect of emissions

projections for the traffic sector. In particular, for the energy sector, recent studies have

shown that the marginal increase in energy demand to charge 2W and 3W EVs is

estimated to be less than 5% in 2030 in India (Barbar et al., 2021). Thus it is not a drastic

assumption to neglect the contribution of increase in power generation emissions as

byproduct of vehicle electrification. We also assume no seasonal variations in transport

emissions, so that emissions from the transport sector are the same for each scenario

for the pre- and post-monsoon seasons. Only the diurnal cycle of transport emissions,

which is assumed the same for the two seasons, is included as we did for the set-up in
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Run Description

BASE Baseline run. premonsoon: 1-30 April 2019; post-monsoon: 1-31 October 2019

BAU
transport emissions scenario Business as Usual.
Run for the same period of baseline run for pre- and post-monsoon.

S1
transport emissions scenario with electric 2W and 3W .
Run for the same period of baseline run for pre- and post-monsoon.

S2
Transport emissions scenario with diesel vehciles converted to CNG.
Run for the same period of baseline run for pre- and post-monsoon.

S3
Transport emissions scenario combination of S1+S2.
Run for the same period of baseline run for pre- and post-monsoon.

Table 4.2: Summary table of the baseline and future scenarios simulations performed.

Chapter 3. Table For building the gridded projected emissions scenarios for Delhi, we

obtain scaling factors for the Delhi area only for each emissions scenario from Hakkim

et al. (2022). Scaling factors for each of the four future scenarios over Delhi are obtained

for each individual pollutant species, fuel and vehicle type. We then apply these scaling

factors to project our base TERI/ARAI emissions (Chapter 3), for each transport future

scenario.

Figure 4.1 report the resulting scaled transport emissions integrated over Delhi for each

scenario. Further details on the projections can be found in (Hakkim et al., 2022). For

NOx emissions, there is a ∼30% reduction in the BAU scenario compared to the BASE

scenario. The future stringent emissions regulations are projected to overcompensate

for the increase in travel demand and activity, as it happened in Europe and in the

US (Section 1.4). Electrification of 2W and 3W (S1) lead to a further 8% decrease in

NOx emissions from transport, while the conversion of vehicles to CNG (S2) drives

an increase in NOx compared to the BAU scenario (+∼20%). This is because NOx

emissions from certain vehicle types increase when converted to CNG. The S3 scenario

brings a NOx reduction compared to the S2, accounting for the reduction in emissions

from 2W and 3W electrification. All future scenarios compared to the BASE lead to a
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Figure 4.1: Yearly transport emissions in Delhi for main pollutants for each future
transport emission scenario in Table 4.1. The BASE scenario refers to transport
emissions from the baseline run (TERI/ARAI emissions, 2016). Gaseous pollutants are
colored in green, while aerosols pollutants are colored in purple.

decrease of VOCs (>∼80%), lead mainly by stringent regulations for VOCs emissions in

the BAU scenario. As for NOx, conversion to CNG diesel vehicles leads to an increase of

VOCs emissions compared to the BAU and S1 scenarios (+50%). Contrary to gaseous

pollutants, for direct aerosol emissions, the BAU and S1 shows and increase in PM and

EC compared to the BASE scenario (+50% and +120% respectively), while conversion

to CNG (S2) drives a net decrease in particulate emissions compared to the BAU (∼30%

for PM and ∼80%). This is because diesel heavy duty vehicles and passenger cars ac-

count for 60-70% of total fuel consumption and are the main contributor to PM pollutants,

so their conversion to cleaner CNG lead to a drastic reduction of direct aerosol emissions

Hakkim et al. (2021,2).
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4.2.2 Observations for model evaluation

We evaluate the model performance evaluated against ground based observations from

the central Central Pollution Control Board (CPCB), as done in Chapter 2 (Section 2.3.1)

and Chapter 3 (Section 3.2.3). Hourly observations of PM2.5 and O3 at monitoring sta-

tions in Delhi have been downloaded for the full months of April and October 2019 from

the CPCB portal (CPCB, 2021). We clean the data following the procedure described in

Section 2.3.1. The resulting selected stations are shown in Figure C.1 and their full list

and pollutant monitored can be found in Table C.1.

4.3 Results

4.3.1 Model evaluation

For the evaluation of the model performance in simulating PM2.5 and O3, we match model

gridcells to observation sites using nearest neighbour approach as we did in Chapter 2

and Chapter 3. Figure 4.2 shows the comparison of modeled surface PM2.5 and modeled

8-hour daily maximum O3 (MDA8 O3) with observations at monitoring sites for both pre-

monsoon and post-monsoon. The WRF-Chem model tends to overestimate PM2.5 con-

centrations over Eastern Delhi districts in both seasons. However, on average the model

captures well PM2.5 values in both seasons. Averages of the individual station statistics

show a positive bias to observations within 10% NMB=0.09 (NMB range across stations

from -0.28 to +0.44) for pre-monsoon, and NMB=0.03 (NMB range across stations from

-0.22 to +0.25) for post-monsoon. The model is able to capture diurnal patterns of PM2.5

at almost all sites in both seasons as shown Figure 4.3 and 4.4 with average r=0.82

across observations sites (range from r=-17 to r=0.98) during pre-monsoon and average

across observations sites r=0.93 (range from r=0.29 to r=0.97) for post-monsoon.
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Figure 4.2: Modeled and observed (dots) average surface PM2.5 and 8-hour daily
maximum O3 (MDA8 O3) evaluation for pre- and post-monsoon seasons. Modeled time
periods: pre-monsoon 1-30 April 2019, post-monsoon 01-31 October 2019.

For ozone, the model has the tendency to overestimate surface values, with higher bias

for MDA8 ozone for pre-monsoon (averages of the individual station statistics NMB=0.31,

range from -0.31 to 1.7) than post-monsoon (averages of the individual station statistics

NMB=0.17,range from -0.12 to 3). Higher biases are found at stations in the central

and east part of Delhi. This might be because these are the most densely populated

areas of the city (Figure 1.12), and the model is unable to capture at 4km resolution the

emissions sources that determine the chemical environment for local ozone formation,

such has high NOx emissions from road-traffic. However, the diurnal cycle of ozone is

captured in the majority of stations by the model in both seasons (Figure 4.5 and 4.6)

with r=0.92 averaged across observation sites (range from r=0.78 to r=0.96) during pre-

monsoon, and r=0.93 averaged across observations sites (range from r=0.56 to r=0.97)

for post-monsoon.
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Figure 4.3: Modeled and observed PM2.5 average diurnal cycle at selected stations for
the pre-monsoon season. The shaded areas represent the standard deviation on the
time dimension across stations. Modeled time period: 1-30 April 2019
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Figure 4.4: Same as Figure 4.3 but for post-monsoon season. Modeled time period: 01-
31 October 2019.



4.3. Results 143

Figure 4.5: Modeled and observed O3 average diurnal cycle at selected stations for the
pre-monsoon season. The shaded areas represent the standard deviation on the time
dimension. Modeled time period: 1-30 April 2019.
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Figure 4.6: Same as Figure 4.5 but for post-monsoon season. Modeled time period: 01-
31 October 2019.
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Figure 4.7: Pre-monsoon (left) and post-monsoon (right) average modeled PM2.5 com-
position across Delhi. OTHER = dust,SO4 = sulfate, NO3 = nitrate, NH4 = ammonium,
POA = primary organic aerosols, SOA = secondary organic aerosols, BC = black
carbon, SEA SALT = sodium chloride. Numbers refers to mass concentrations (µg m−3).
Modeled time periods: pre-monsoon 1-30 April 2019, post-monsoon 01-31 October
2019.

For PM2.5 composition we evaluate the average composition across entire Delhi, given

the lack of extensive observations of PM2.5 components across the city. The modeled

chemical PM2.5 composition for both pre-monsoon and post-monsoon is shown in Figure

4.7. The modeled inorganic fraction (sulfate, nitrate, ammonium) accounts between ∼

20-40% of the total PM2.5 mass, while the organic fraction (primary and secondary

organic aerosols) for ∼ 20-30%, black carbon for ∼ 5-10%, with higher values for the

post-monsoon season compared to the pre-monsoon season. In particular, the nitrate

component may be higher in postmonsoon compared to pre-monsoon period because

of higher fossil fuel combustion from residential and energy use. This a result we found

in Chapter 2 as well (Figure 2.6). Previous measurement studies of PM2.5 composition

over Delhi reported the elemental carbon (equivalent to black carbon in models) fraction

to be ∼ 5-15 %, the total inorganic fraction ∼ 20-30%, the organic fraction (OA, usually

calculated as 1.4 times organic carbon, OC) between ∼ 15-35% (Bawase et al., 2021;
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Figure 4.8: Modeled average PM2.5 concentrations for the BASE scenario and differ-
ences between concentrations obtained with the four future emissions scenarios and
BASE scenario for pre-monsoon (left) and post-monsoon (right) seasons. Modeled time
periods: pre-monsoon 1-30 April 2019, post-monsoon 01-31 October 2019.

Dumka et al., 2017; Jain et al., 2020). Our modeled PM2.5 composition is of the same

order of magnitude of these results, although comparing modelled composition to studies

covering different period and years doesn’t take into account interannual variability of

the chemical and meteorological environment, as already highlighted in the Chapter 3

(Section 3.3.1).

4.3.2 PM2.5 spatial distribution

Figure 4.8 shows how PM2.5 surface concentration change in each Delhi district for each

future emission scenario compared to the baseline case. Both during pre-monsoon and

post-monsoon the baseline scenario shows a west-east increasing gradient PM2.5 over

Delhi with differences up to ∼ 30 µg m−3 in both seasons, although average values are

much lower in pre-monsoon (85 µg m−3) than post-monsoon (131 µg m−3). The highest

concentrations are found in the eastern districts of Shahdara (SHA), East Delhi (ED),
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South East Delhi (SED) (Figure 1.13) experiencing concentrations of ∼ 100 µg m−3

during pre-monsoon and between 145-150 µg m−3 during post-monsoon. The lowest

concentrations are found over the districts South West Delhi (SWD), West Delhi (WD),

North West Delhi (NWD) (Figure 1.13), between 73-76 µg m−3 in pre-monsoon and

between 115-122 µg m−3 in post-monsoon. The remaining districts, Central Delhi (CD),

New Delhi (ND), South Delhi (SD), North Delhi (NOD), North East Delhi (NED) (Figure

1.13) have concentrations in the range between 74-88 µg m−3 in pre-monsooon and

between 125 and 135 µg m−3 in post-monsoon seasons.

The business as usual scenario (BAU) shows amost no changes to average PM2.5 com-

pared to the 2019 baseline scenario for all Delhi district in both seasons, with changes

within +0.1-0.8 µg m−3 during pre-monsoon and within ±0.5 µg m−3 during post-monsoon.

We find similar results for the full electrification of two- and three-wheelers scenario

(S1). For the S1 scenario PM2.5 changes will be small and homogeneous across the city

districts, but with opposite impact for the two seasons, with an average increase up to

0.6 µg m−3 during pre-monsoon, and an average reduction up to 1 µg m−3 during post-

monsoon. This difference between the two seasons are possibly linked to the different

meteorological and chemical environment of the two seasons, since transport emission

projections are the same for both seasons. However, changes in PM2.5 concentrations in

S1 remain very small for both seasons (less than 1% change compared to the baseline

values), thus it might be difficult to identify a clear driver for this change. The CNG

conversion scenario (S2), will bring higher reduction in PM2.5 for all districts, although

within 5% compared to baseline scenario in both seasons. The reduction is 2.2-3.5

µg m−3 in pre-monsoon, and 2.5-5 µg m−3 in post-monsoon. The highest reduction

will be reached over the districts of ND, WD, SED in both seasons (-3.5 µg m−3 in

pre-monsoon and -4-5 µg m−3 in post-monsoon). The smallest reductions occur in the

NED and SHA districts ( -2.1 and 2.4 µg m−3 in pre-monsoon and -2.6 µg m−3 in
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post-monsoon). The combination of electrification and CNG conversion (S3), will bring

similar improvements to the S2 in both seasons, since the main contributor to reduction is

CNG conversion while electrification in S1 shows much more smaller and homogeneous

changes across the city.

4.3.3 PM2.5 diurnal cycle

Figure 4.9 shows the average change in PM2.5 diurnal cycle compared to baseline di-

urnal cycle for each district. The absolute diurnal cycle concentrations for each scenario

is reported in Figure 4.10 averaged over Delhi and in Figure 4.11 for each Delhi district.

The average diurnal cycle change for each scenario follows a similar pattern for each

district in both seasons. The BAU and S1 scenario have similar average hourly PM2.5

concentrations. Compared to the baseline scenario, there is a small increase of PM2.5

during the morning traffic peak (08:00-10:00, up to 1.3 µg m−3 in pre-monsoon and 1.6

µg m−3 in post-monsoon). In the central hours of the day (11:00-16:00) there is a small

decrease in concentrations (-1 µg m−3) for post-monsoon, while in pre-monsoon the

concentrations remain almost unchanged compared to the baseline scenario. However

the S1 scenario brings improvements (0.5 µg m−3) during the evening traffic peak

(18:00-21:00) compared to the BAU. The CNG conversion scenario (S2) brings consist-

ent reductions of PM2.5 for all districts at any hour of the day in both seasons. The highest

reduction of PM2.5 is observed at the evening traffic peak, with average reduction of -4.6

µg m−3 in pre-monsoon (-6%) and of -6 µg m−3 in post-monsoon (-4.5%), compared

to baseline evening traffic peak values. Reduction at central hours of the day (11:00-

16:00) are around half those at the evening traffic peak in both seasons (-2.5 µg m−3

in pre-monsoon and -3.4 µg m−3 in post-monsoon). The north-western districts of NOD,

NWD, WD also exhibit a reduction of PM2.5 during the morning traffic peak during pre-

monsoon (-3.5 µg m−3, up to 4.5%) compared to the other districts, where the reduction

is not as pronounced. During post-monsoon only the eastern districts of CD, SHA, NED,
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(a)

(b)

Figure 4.9: Average diurnal differences in PM2.5 concentration between future transport
emission scenarios and the baseline scenario by district in the pre- (a) and post-
monsoon (b) seasons. See Figure 1.13 for a map of the districts. Modeled time periods:
pre-monsoon 1-30 April 2019, post-monsoon 01-31 October 2019.
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(a)

(b)

Figure 4.10: Modeled PM2.5 diurnal cycle for the BASE scenario and each future
transport emission scenario averaged over Delhi in the pre- (a) and post-monsoon (b)
seasons. Modeled time periods: pre-monsoon 1-30 April 2019, post-monsoon 01-31
October 2019.
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(a)

(b)

Figure 4.11: Modeled PM2.5 average diurnal cycle for the BASE scenario and each
future transport emission scenario in each Delhi district for the pre- (a) and post-
monsoon (b) seasons. Modeled time periods: pre-monsoon 1-30 April 2019, post-
monsoon 01-31 October 2019.



4.3. Results 152

Figure 4.12: Modeled average MDA8 O3 concentrations for the BASE scenario and
differences between concentrations obtained with the four future emissions scenarios
and BASE scenario for pre-monsoon (left) and post-monsoon (right) seasons. Modeled
time periods: pre-monsoon 1-30 April 2019, post-monsoon 01-31 October 2019.

ED show a reduction of PM2.5 during the morning traffic peak (-4 µg m−3, up to 3%).

The combined CNG and 2W and 3W electrification scenario (S3), shows almost equal

reduction to S2 in average hourly values of PM2.5. Compared to S2, S3 shows small

additional reduction in evening traffic peak PM2.5 concentrations (<1 µg m−3) in both

seasons.

4.3.4 O3 spatial distribution

Figure 4.12 shows how MDA8 O3 surface concentration changes in each Delhi district

for each future emission scenarios compared to the baseline scenario. Average MDA8

ozone concentrations over Delhi are 87 µg m−3 in pre-monsoon and 91 µg m−3 in

post-monsoon, with differences across districts of up to 15 µg m−3 for pre-monsoon

and 30 µg m−3 for post-monsoon. The highest concentrations are found in the western

and south districts of NWD, SWD, and SD with concentrations of 90-95 µg m−3 in pre-
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monsoon, and in the western and north NWD, SWD, and NOD with concentrations of

100-105 µg m−3 in post-monsoon. Lowest values are found over the districts of ED, SED

in both seasons, with concentrations of around 80 µg m−3 (pre-monsoon) 75 µg m−3

(post-monsoon) . The business as usual scenario (BAU) shows a slightly increase in

MDA8 ozone during pre-monsoon (up to 1.2 µg m−3, +1.4%) in all districts except for

the eastern districts of NED, SED, SHA, which show a small decrease in ozone (up to

-0.9 µg m−3, -1%). For post-monsoon there is a net increase in average MDA8 ozone in

all districts, with largest changes in ND, CD, NOD, ED, WD of 6.5-7.5 µg m−3 (+7-9%)

compared to baseline scenarios, while the remaining districts will experience increase

between 5-6 µg m−3 (+5-6%), and only the SWD district will have increase lower than

4 µg m−3 (+3.6%). The electrification of 2W and 2W (S1) will drive further the increase

in MDA8 O3 with similar patterns to the BAU scenario in both seasons. The increase

in pre-monsoon is between 1-3 µg m−3 (+ 1.3-3.5%), while in post-monsoon is much

higher, with increases between 6-11 µg m−3 (+ 5-13%). The difference in MDA8 ozone

changes for the BAU and S1 scenarios between the two seasons may be linked to

differences in the meteorological environment. During the post-monsoon season, the

changes in pollutant concentrations may be amplified by meteorological conditions that

are less favourable for pollutant dispersion compared to pre-monsoon (Section 2.3.2 and

Figure 2.3).

Contrary to BAU and S1, the CNG conversion (S2), will bring reduction of ozone com-

pared to the baseline scenario. Reduction is higher during pre-monsoon season (between

2-5 µg m−3, -2.3-5.3%), with an est-west gradient in the reduction, while during post-

monsoon reduction is smaller (up to -1 µg m−3) in every district except from NOD, which

experiences a small increase (+0.8 µg m−3). The combination of electrification and CNG
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conversion (S3), will bring overall small decrease in ozone during pre-monsoon between

1-3 µg m−3 (1.2-4 %) , with patterns similar to the S2 scenarios. During post-monsoon,

the S3 scenario will bring a small increase in MDA8 ozone, with similar patterns of BAU

and S1, but lower in magnitude than the S1 (< 3.3 µg m−3, 3.5%).

4.3.5 O3 diurnal cycle

Figure 4.13 shows the average changes in diurnal cycle of surface ozone compared to

baseline diurnal cycle for each district. The absolute diurnal cycle concentrations are

reported in Figure 4.14 averaged over Delhi, and in Figure 4.15 for each Delhi district.

The impact of the different emissions scenario on ozone diurnal cycle is similar across

the districts for both seasons. In all districts, there is a net increase in ozone during the

evening traffic peak, greater in magnitude for post-monsoon than pre-monsoon. During

post-monsoon the increase is up to 22 µg m−3 for the S1 scenario, followed by the BAU

scenario (up to 16 µg m−3) the S3 scenario (up to 5 µg m−3) and the S2 scenario (up to 3

µg m−3). During pre-monsoon these values are almost halved. There is a second highest

increase in the ozone during the morning traffic peak in post-monsoon, but almost halved

in magnitude compared to the evening traffic peak increase (up to +12 µg m−3 in the

S1 scenario). This morning peak increase is almost absent in all districts during pre-

monsoon. Although the magnitude of this increase is appreciable, the absolute hourly

concentrations of ozone remain below 75 µg m−3 during the evening and below the

100 µg m−3 during the morning peak in both seasons (Figure 4.15). During daytime

in pre-monsoon, The S1 scenario brings a small change in ozone of ± 0.7 µg m−3

over the western and northern districts (NWD, WD, NOD, SWD), while it brings higher

reduction over the eastern (ED,SHA), southern (SD, SED) and central districts (ND,CD),

with reduction up to -3.5 µg m−3. All the other scenarios on average bring reduction

to ozone concentrations compared to baseline values, up to -5 µg m−3 for the BAU to

scenario, to -8 µg m−3 for the S3 scenario and to -10 µg m−3 for the S2 scenario, with
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(a)

(b)

Figure 4.13: Average diurnal differences in O3 concentration between future transport
emission scenarios and the baseline scenario by district in the pre- (a) and post-
monsoon (b) seasons. See Figure 1.13 for a map of the districts. Modeled time periods:
pre-monsoon 1-30 April 2019, post-monsoon 01-31 October 2019.
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(a)

(b)

Figure 4.14: Modeled O3 average diurnal cycle for the BASE scenario and each
future transport emission scenario averaged over Delhi district for the pre- (a) and
post-monsoon (b) seasons. Modeled time periods: pre-monsoon 1-30 April 2019, post-
monsoon 01-31 October 2019.
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(a)

(b)

Figure 4.15: Modeled O3 average diurnal cycle for the BASE scenario and each future
transport emission scenario in each Delhi district for the pre- (a) and post-monsoon
(b) seasons. Modeled time periods: pre-monsoon 1-30 April 2019, post-monsoon 01-31
October 2019.
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central, southern and eastern districts experiences the highest reductions. During post-

monsoon, S2 is the only scenario where concentration of ozone decreases for all districts

d during the central time of the day compared to baseline scenario. The reduction for S2

during post-monsoon is almost one third of the one observed for pre-monsoon (up to

-3.5 µg m−3). For all the other scenarios, the increase is between almost zero (S3) and

∼ 8 µg m−3 for S1 scenario. Nighttime values increase up to 5- 10 µg m−3 for almost

all districts in both seasons, except for ED, SED during post-monsoon, where nighttime

increase is below 3.5 µg m−3.

4.4 Discussion and Conclusions

In this final research Chapter, we investigated the impact of electric and clean-fuel

vehicles on surface PM2.5 and O3 pollution over Delhi for two contrasting seasons, pre-

monsoon and post-monsoon. We drive the WRF-Chem atmospheric transport model

with four transport emissions scenarios for the year 2030: a business as usual scenario

(BAU), total electrification of two- and three-wheelers (S1), conversion to compressed

natural gas (CNG) of all diesel vehicles (S2), and the combination of the S1 and S2

interventions (S3). Our results show that the conversion of diesel vehicles to CNG brings

a greater reduction in PM2.5 concentrations (up to 5 µg m−3) than the electrification of

two- and three-wheelers (within ± 1 µg m−3) compared to the 2019 baseline values.

The greater reduction in PM2.5 from conversion to GNG (S2) compared to 2W and 3W

electrification (S1), is possibly driven by the greater reduction in primary emissions of

PM2.5 and EC for the S2 scenario than the S1 scenario (Figure 4.1). The S3 scenario

shows results similar to the S2 scenario. The S2 and S3 scenarios have reductions of

average hourly PM2.5 especially during the evening traffic peak. However, the maximum

reduction of daily average PM2.5 concentrations for all scenarios is within 5% for both

seasons.
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We find that O3 shows higher relative changes to baseline values due to changes in

transport emissions than PM2.5. Electrification of two- and three-wheelers increases

average 8-hour daily maximum (MDA8) ozone by 1-3 µg m−3 (1.3-3.5%) in the pre-

monsoon season, and by 6-11 µg m−3, (5-13%) in the post-monsoon season compared

to baseline values. Conversion of all diesel vehicles to CNG (S2) reduces MDA8 O3

by 2-5 µg m−3, (2.3-5.3%) in the pre-monsoon season and up to -1 µg m−3 for post-

monsoon season. In the S3 scenario, the increase in O3 due to two- and three-wheelers

electrification (S1) is contrasted by the decrease due to CNG conversion (S2), resulting

in a net small decrease in MDA8 O3 in pre-monsoon (< 3 µg m−3) and a small increase

during post-monsoon (< 4 µg m−3). These results for ozone may be explained by taking

into consideration the ozone production regime in Delhi, which is VOC-limited (Figure

1.1), and the changes in transport emissions brought by each future scenario (Figure

4.1). As seen in the Introduction in Section 1.2.2, under a VOC-limited ozone production

regime, ozone increases inversely with NOx concentrations, and linearly with VOCs con-

centrations. Although VOCs emissions are greater in the S2 and S3 scenarios compared

to S1 scenario (∼ +15 kt/yr, Figure 4.1), thus theoretically leading to an increase in

ozone for S2 and S3, their increase is compensated by a much greater increase in NOx

emissions. NOx emissions under the S2 and S3 scenario increase compared to the S1

scenario (∼ +30 kt/yr Figure 4.1) thus potentially leading a reduction in ozone formation

for S2 and S3 compared to S1.

Our findings show that the conversion of diesel vehicles to CNG tends to bring more air

quality benefits than electrification of 2W and 3W for both PM2.5 and ozone. However, the

small reduction in PM2.5 obtained (within 5 % to baseline values) highlights the need to

combine traffic emissions reduction with emissions reduction from other sectors regard-

less of the season to achieve substantial reduction in PM2.5 concentrations. Vehicle elec-

trification alone could bring an increase in ozone concentrations especially during post-

monsoon, while conversion to GNG brings reduction in ozone in both seasons. Thus,
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electrification of 2W and 3W should be accompanied by the diesel vehicles conversion

to CNG to limit ozone increase brought by EVs introduction. These findings highlights the

importance of coordinated control of PM2.5 and O3 when considering emission control

from traffic over Delhi. Given the positive bias in the model in reproducing absolute ozone

concentrations, uncertainties remain in establishing if the increase in ozone will bring

certain districts above the WHO recommended limit of 100 µg m−3 for MDA8 ozone.

This remains an important matter for future studies to address. Moreover, the changes

in ozone from reducing transport emissions may depend on the proportion of VOCs and

NOx emitted from the road transport relative to other anthropogenic sources (Nelson

et al., 2021). We considered these other sources as constant in this study, but in reality

they are going to be targeted in emissions reduction strategies, and thus potentially

change the chemical environment for ozone formation in Delhi. Finally, electrification of

vehicles has higher potential for reduction of GHG emissions, while conversion to CNG

might increase GHG emissions, especially methane (Andress et al., 2011; Pan et al.,

2019; Qiao et al., 2020). Thus air quality benefit should be considered along with climate

benefit in an integrated assessment of cleaner mobility strategies for the city of Delhi.



Chapter 5

Conclusions

In this chapter, I review and summarise the main aims and key findings of my thesis,

and I discuss its implications along with limitations and uncertainties. Finally, I present

possible routes of future work stemming out of this thesis.

5.1 Summary of key findings

With this thesis, I aimed at deepening our understanding of outdoor air pollution in Delhi

megacity, the capital of India, with a focus on the impact of on-road transport emissions

on surface levels of PM2.5 and its implications for air quality policymaking. This goal was

addressed by integrating high resolution atmospheric chemistry transport model, WRF-

Chem, with locally developed emission inventories for Delhi, and by applying different

sensitivity analysis techniques.

In Chapter 2 I investigated and quantified the seasonal drivers and source contributions

to PM2.5 and its components across the Indo-Gangetic Plain (IGP), where Delhi is loc-

ated. A perturbative approach was used to compare the importance of anthropogenic,

biogenic, and pyrogenic on seasonal surface distribution of PM2.5 and organic aerosols

across the IGP. In Chapter 3 I dealt with quantifying the role of the on-road transport

sector on surface PM2.5 over Delhi during the post-monsoon season, during which Delhi

experiences severe levels of air pollution. I applied the emission reduction impact method

(ERI) to quantify the contribution of on-road transport sector and its subsectors to PM2.5

161
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over Delhi. The on-road transport contribution to PM2.5 was compared to the contribution

of other main anthropogenic sectors, both from local and regional sources.

Finally, in Chapter 4 I investigated how the large scale adoption of electric and clean-

fuel vehicles could impact air quality over Delhi in the future. The WRF-Chem model

has been driven by four possible future transport emissions scenarios, and the impact

on surface PM2.5 and O3 have been quantified for each scenario and compared to the

current baseline situation across Delhi.

Below I provide a summary of the main findings of my thesis which addressed the main

three scientific questions outlined at the beginning of this work in Section 1.1.

1. What are the seasonal drivers of PM2.5 in the Indo-Gangetic Plain, where

Delhi is located?

(i) The IGP experiences the highest seasonal mean levels of PM2.5 during the

post-monsoon (October—December, 166 µg m−3) and winter (January—

February, 145µg m−3) seasons with an heterogeneous spatial distribution,

while surface PM2.5 concentrations are lower during pre-monsoon (March—

May, 95 µg m−3 ) and monsoon (June—September, 79 µg m−3 ) because

of the influence of the monsoon which brings favourable meteorological con-

ditions for pollutant dispersion. However, all seasonal mean values of PM2.5

still exceed the recommended levels, indicating that air pollution is a year-

round problem.

(ii) Anthropogenic emissions influence the magnitude and distribution of PM2.5

and organic aerosols (OA) throughout the year, especially over urban sites,

while pyrogenic emissions result in localized contributions over the central

and upper parts of IGP in all non-monsoonal seasons, with the highest impact
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during post-monsoon seasons corresponding to post-harvest reside burning

season. Biogenic emissions contribute to the magnitude and distribution of

PM2.5 and OA mainly during the monsoon season, and show a substantial

contribution to secondary organic aerosol (SOA) particularly over the lower

IGP, where evergreen forest land is present near the coast of West Bengal

and Bangladesh.

(iii) Organic aerosol represents a significant contribution to PM2.5 throughout

the year. On average, OA represents between 17–30% of PM2.5 mass, with

higher contribution during post-monsoon and winter seasons. Typically, POA

contributes more to the OA loading than SOA in all seasons across the IGP.

Anthropogenic and pyrogenic sources impact POA and SOA with similar

patterns of PM2.5 across the IGP during all seasons. Biogenic sources have

a significant impact on SOA distribution across the IGP during the monsoon

season and are limited to the lower IGP during the pre- and post-monsoon

seasons because of the presence of evergreen forests in this region.

2. What is the role of the on-road transport sector on PM2.5 over Delhi during

the post-monsoon season?

(i) By using the WRF-Chem model and a series of sensitivity runs we find

that the response between changes in emissions from different emissions

sectors and PM2.5 concentrations is linear at the city level scale during post-

monsoon. We defined the range of validity of the linear response, which holds

for reduction in emissions within 75%.
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(ii) Local on-road transport sector contributes typically less than 10% to daily

mean PM2.5 over Delhi, rising to 17% if regional on-road transport from

broader regional National Capital Region (NCR) sources are included. The

largest individual contributions to average 24-h surface PM2.5 over Delhi are

from regional power and industry (14%) and domestic (11%) sectors.

(iii) The industry and power sectors from NCR dominate nighttime and almost

all daytime concentrations of PM2.5 over Delhi (10-25% day-night), with sig-

nificant contributions from the NCR domestic sector (7-15% day-night). The

contribution from the local on-road transport sector to surface PM2.5 is largest

(18%) during the evening traffic peak, and if the contribution from the regional

on-road transport sector is also included the total impact from the traffic

sector reaches almost 30%.

(iv) Within the on-road transport sector, two- and three-wheelers dominate the

on-road transport contribution to daily mean PM2.5 values (50%), together

with heavy duty vehicles (30%). Two- and three-wheelers and heavy duty

vehicles account combined for 60-70% of the total on-road transport impact

on PM2.5 throughout the day, with local two- and three-wheelers accounting

between 30-40% of the total on- road transport hourly impact on PM2.5 during

daytime hours. The combined contribution from passenger cars and light duty

vehicles and from resuspended road dust is marginal. This is consistent with

heavy duty vehicles and two- and three-wheelers subsectors accounting for

50% of PM and SO2, for more than 80% of NOx, and for more than 90% of

NMVOCs emissions from total on-road transport sector.
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(v) We find that reduction in emissions from the transport sector lead the in-

crease in surface ozone concentrations, and this is consistent with Delhi

being a VOC-limited urban environment. Decreasing emissions from other

sectors led to similar (but smaller) increases in surface ozone. Through a

simplified health impact model for coordinated control of PM2.5 and ozone,

we find that, during the post-monsoon season, emission reductions from

domestic and industry and power sectors should be prioritised over redu-

cing emissions from the on-road transport sectors, if all pollutants are to be

reduced by the same amount.

3. Which will be the impact of electric and clean-fuel vehicles on future air

quality over Delhi?

The impact of four possible transport emissions scenarios for year 2030 is invest-

igated: business as usual scenario (BAU), total electrification of two- and three-

wheelers (S1), conversion to compressed natural gas (CNG) of all three- and

four-wheelers and heavy duty vehicles (S2), and the combination of these two

interventions (S3).

(i) Conversion of diesel vehicles to CNG brings larger reduction in PM2.5 across

Delhi districts (up to 5 µg m−3) than the full electrification of two- and three-

wheelers (within ± 1 µg m−3) compared to the 2019 baseline values. The S3

scenario leads to improvements similar to the CNG conversion only scenario.

The S2 and S3 scenarios bring reductions of average hourly PM2.5 especially
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during the evening traffic peak. However, for both seasons the maximum

reduction on average 24h PM2.5 concentrations for all the scenarios is within

5%.

(ii) Electrification of two- and three-wheelers increases 8-hours daily maximum

(MDA8) O3 by 1-3 µg m−3 (1.3-3.5%) in pre-monsoon and by 6-11 µg m−3,

(5-13%) for post-monsoon compared to 2019 baseline values. The S2 scen-

ario will bring an overall reduction of MDA8 O3 by 2-5 µg m−3 (2.3-5.3%)

for pre-monsoon and up to -1 µg m−3 for post-monsoon compared to the

baseline values. Reduction in O3 concentrations during the central hours of

the day is found for all scenarios in pre-monsoon (up to -10 µg m−3) except

for S1, while only the S2 scenario reduces O3 in post-monsoon (up to -3.5

µg m−3).

(iii) The greater reduction in PM2.5 from conversion to GNG (S2) compared to

2W and 3W electrification (S1), is possibly driven by the greater reduction in

primary emissions of PM2.5 and EC for the S2 scenario than the S1 scenario.

While for ozone, NOx emissions under the S2 and S3 scenario increase com-

pared to the S1 scenario (∼ +30 kt/yr) thus potentially leading a reduction

in ozone formation for S2 and S3 compared to S1 under the VOC-limited

environment in Delhi.

5.2 Implications

Collectively, the findings of my thesis highlight different factors that can be relevant for

designing effective policies to meet PM2.5 air quality standards over Delhi megacity, with

a focus on mitigating the impact from the on-road transport sector.
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First, targeting reduction emissions from the on-road transport sector within Delhi is

necessary, but not sufficient to bring PM2.5 levels over Delhi to meet air quality standard

levels. Air quality over Delhi is strongly influenced by regional and seasonal pollution

sources from the IGP. Thus, efficiently mitigating levels of PM2.5 will require a range

of regional and state-level policies that address the influences of intra- and inter- state

anthropogenic, pyrogenic, and biogenic emissions. In particular, cooperation for mitig-

ation strategies between the Delhi megacity and the broader NCR is needed during

period of severe air pollution such as the post-monsoon season. Stringent emission

reductions (between 50-75%) of on-road transport sector emissions within Delhi and

the NCR need to be integrated with similar cuts in emissions from the industrial and

energy and domestic sectors over the broader NCR.

Second, to mitigate the impact of the on-road transport sector on PM2.5, the focus should

be on two and three-wheelers and heavy-duty vehicles, since these are the two vehicle

categories that have the biggest contribution on PM2.5 impact. Reduction of emissions for

these vehicle categories should be prioritised both within Delhi city and for the broader

NCR. Although these results have been demonstrated for the post-monsoon season

only, they are likely to hold in other seasons as well, given the almost constant rate

of transport emissions throughout the year combined with the overall linearity of PM2.5

response to change in transport emissions.

Third, looking at possible short to medium term traffic emissions interventions to mitigate

air pollution, the conversion of diesel vehicles to compressed natural gas (CNG) has the

potential to bring more air quality benefits than vehicles electrification, both for PM2.5 and

O3. Since vehicle electrification alone could increase ozone concentrations, transition

to electric mobility should be accompanied by the diesel vehicles conversion to CNG

to limit ozone increase and further reduce PM2.5 concentrations. This highlights the

importance of coordinated control of PM2.5 and O3 when considering emission control

from traffic over Delhi. If mitigation strategies focus exclusively on minimising PM2.5
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exposure, e.g. through massive vehicle electrification, elevated levels of surface ozone

(O3) could become more of a significant health concern. This is important in VOC-

limited urban environments such as Delhi, where reduction of emissions, especially from

transport sector, could increase the adverse health impact from rising of ozone levels.

5.3 Limitations and uncertainties

My thesis has illustrated the ability of the atmospheric chemistry modelling approach

for reproducing and interpreting surface PM2.5 concentration on a regional and city scale

level over the IGP and Delhi. It also showed to be suitable and useful for investigating the

impacts of different emissions sources on PM2.5 and explore how PM2.5 concentrations

might change under future emission scenarios. However, there are uncertainties and

limitations to the methods I used in this thesis, which I discussed below.

First, there are model limitations in simulating observations, as highlighted in each re-

search chapter in the evaluation section. Accurately modelling PM2.5 and its components

is highly-complex because of the many processes and parameters involved, and their

sensitivity to factors such as meteorological conditions and emissions, as well as the

model set-up and its resolution. In particular, over South Asia, it is challenging for models

to capture the monsoon driven meteorology, in particular rainfall (Kumar et al., 2012b),

which has implication on aqueous phase aerosol chemistry, wet deposition of aerosols

and soluble trace gases. There is also increase evidence of the importance of organic

aerosols over the IGP and Delhi (Bhandari et al., 2020; Gani et al., 2019; Singh et al.,

2018), but processes that lead to the formation of organic aerosols are still not completely

explained and understood (Fuzzi et al., 2015), and there is still lack of extensive and

systematic observations for OA over this region. Thus modeling SOA over South Asia
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remains a main challenge. As highlighted in Chapter 2, it is also challenging to estimate

emission fluxes in a rapidly changing region such as South Asia and its cities, and

consequently building emissions inventories to be used in models which are up-to-date

for all the different sectors.

Second, the computational cost of running such complex model on a high-resolution

spatial and temporal scales remains high. The breadth and depth of atmospheric pro-

cesses included in the model across different scales come at a cost of the temporal and

spatial scales that can be covered in a given study. Indeed, in this thesis I managed to

focus on four representative months at 20km resolution for the regional study of IGP, but

the more detailed analysis presented in Chapter 3 and Chapter 4 for the city of Delhi at

4km resolution was constrained to a shorter periods of time.

Third, the constraint to use a spatial resolution of 4km for Delhi also makes the results

obtained reliable for a city scale only. My results might not be representative of areas

at a sub-urban scale, where the higher resolution source attribution and thus potential

impact reduction can vary from location to location. Especially over city hotsposts and

during specific times of the day, the transport sector might have a bigger impact than

reported in this thesis. In addition, socio-economical factors also play an important role

in determining high air pollution inequalities within the city (Fecht et al., 2015; Lane et al.,

2022; Nguyen and Marshall, 2018), which require a higher resolution modeling to be

captured. Finally, averaging over a broader area such as a whole city tends to drives the

responsibility towards regional action that might be less effective in solving the pollution

issue in different parts of the city (Thunis et al., 2021).
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5.4 Future research directions

My thesis focused on three main questions on air quality and on-road transport over Delhi

as discussed above. However, the results, uncertainties and limitations which emerged

from my work provide scope for future research on this area. In this section, I first identify

research directions that can be in continuity with my thesis work, and then I identify

broader areas where further research could improve our understanding of the role of

on-road transport on air quality over Delhi, in order also to better inform air pollution

mitigation strategies for the city.

In terms of future work in continuity with this thesis, I propose three main line of research:

• First, Chapter 3 briefly touched on the health impacts and benefits of emission

reduction strategies, but a more comprehensive and systematic assessment could

be performed, also for the transport-emissions scenarios in Chapter 4. Using

established health impacts estimate approaches, such as the Global Burden of

Diseases (GBD) methodology (GBD MAPS Working Group, 2018) or the Global

Exposure Mortality Model (GEMM) (Burnett et al., 2018), it would be possible to

quantify health impacts benefits of the proposed emissions reduction strategies in

this thesis. In particular, a multi-pollutants assessment (e.g. considering PM2.5, O3

and NOx) and the health impact could be performed.

• Second, although we used an advanced scheme for SOA formation (1-D VBS

model) in the WRF-Chem set-up, secondary organic aerosol modelling is still

poorely constrained over the IGP and Delhi. Improvements of the VBS scheme for

the SOA formation in the WRF-Chem model, including constraining OA:OC ratios

and extend the 1D to the 2D version of the VBS could be implemented, as already

done in other regional air quality models over regions other than India (Koo et al.,
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2014; Zhao et al., 2016). The VBS improvements could take advantage of newly

available extensive measurements campaigns for PM and OA in Delhi Arub et al.

(2020); Bryant et al. (2023); Gani et al. (2019); Patel et al. (2021); Reyes-Villegas

et al. (2020) both for implementation and for evaluation.

• Third, this thesis was looking at the air quality in Delhi in almost present years

(2017-2019), but the relative influence of different emissions sources and the

broader photochemical environment is expected to change in the context of climate

change in India. The controlling regime in ozone production in northern India

has already shifted substantially since the 1970s (Ivatt et al., 2022), and ozone

production and secondary aerosols production are expected to further change in

this century on a global scale (Lin et al., 2016; Liu et al., 2022). The WRF-Chem

model could be driven with future climate projections, e.g. using datasets from the

Climate Models Intercomparison Project (CMIP) (Meehl et al., 2000), to investigate

how air pollution over Delhi will change under climate change scenarios, in par-

ticular during extreme heatwaves events, which already are affecting India (Rohini

et al., 2016).

In terms of broader areas of research on the topic of air pollution in megacities and traffic

emission control strategies, the following could be possible directions:

• First, higher resolution modelling of air pollution is needed to characterise PM2.5 at

suburban spatial and temporal scales over Delhi and to establish which local con-

trols can be effective at reducing pollution levels, especially for traffic emissions.

In addition, sensitivity studies within the city will need to consider the location-

dependent photochemical environment that will also help determine how the bal-

ance of emission changes will influence surface ozone and secondary aerosols

production, in order to inform effective and impactful emissions control strategies

that maximise health benefits for Delhi residents. This could be achieved by using
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models that integrates chemical transport model with urban scale air pollution

models (Benavides et al., 2019; Khan et al., 2021; Kim et al., 2018; McHugh et al.,

1997). Emissions inventories at the street level would also need to be developed

to be used in these model in order to maximise precision and accuracy of results.

• Second, the air quality issue could be explored through the environmental justice

perspective, with the integration of socio-economical factors. Which demographics

groups in Delhi are affected the most from poor air pollution and where? Who will

benefit (or be damaged), from air quality management interventions, in particular

the ones regarding cleaner transportation and sustainable mobility? The health

assessment will also benefit from the higher resolution modelling and the better

characterisation of air pollution under future climate.

• Third, integrated assessment modeling and system analysis of air pollution over

Delhi is necessary to more comprehensively assess the socio-economic impacts

of air pollution in the city,in order to inform strategies to build sustainable, just and

resilient cities in line with the Paris Agreement and the UN Sustainable Develop-

ment Goals.
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Figure A.1: Location of ground based observation for PM and gases (purple) and OA
(orange). ID Number for each station correspond to ID number in table A2 and A4
respectively. The inset map shows in detail Delhi NCT.
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number ID city station name latitude longitude

1 Agra Sanjay Palace 27.20 78.01
2 Delhi Income Tax Office 28.62 77.25
3 Delhi Delhi Technological University 28.74 77.12
4 Delhi Shadipur 28.65 77.16
5 Delhi Anand Vihar 28.65 77.32
6 Delhi Punjabi Bagh 28.67 77.12
7 Delhi NSIT Dwarka 28.59 77.05
8 Delhi IHBAS 28.68 77.31
9 Delhi Mandir Marg 28.63 77.20
10 Delhi R K Puram 28.56 77.17
11 Dhaka US Diplomatic Post: Dhaka 23.80 90.42
12 Faridabad Sector16A Faridabad 28.41 77.31
13 Gaya Collectorate - Gaya - BSPCB 24.75 84.94
14 Gurgaon Vikas Sadan Gurgaon - HSPCB 28.45 77.03
15 Haldia Haldia - WBPCB 22.06 88.11
16 Islamabad US Diplomatic Post: Islamabad 33.72 73.12
17 Jaipur VK Industrial Area Jaipur - RSPCB 26.97 75.77
18 Jodhpur Collectorate Jodhpur - RSPCB 26.29 73.04
19 Kanpur Nehru Nagar 26.47 80.33
20 Karachi US Diplomatic Post: Karachi 24.84 67.01
21 Kolkata US Diplomatic Post: Kolkata 22.56 88.36
22 Kolkata Rabindra Bharati University, Kolkata - WBSPCB 22.63 88.38
23 Lahore US Diplomatic Post:Lahore 31.56 74.34
24 Lucknow Central School 26.85 81.00
25 Lucknow Lalbagh, DN Park 26.85 80.94
26 Muzaffarpur Collectorate - Muzaffarpur - BSPCB 26.08 85.41
27 Panchkula Sector 6 Panchkula - HSPCB 30.71 76.85
28 Patna IGSC Planetarium Complex - Patna - BSPCB 25.36 85.08
29 Peshawar US Diplomatic Post: Peshawar 34.01 71.54
30 Rohtak MD University, Rohtak - HSPCB 28.88 76.62
31 Varanasi Ardhali Bazar 25.35 82.98

Table A.1: List of selected ground-based stations and their measurements used for
model evaluation.
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Figure B.1: Selected ground-based stations where PM2.5 is measured for model
evaluation for th post-monsoon season (data for 1-31 October 2019). Station numbers
correspond to Table B.1.

175



B. Appendix to Chapter 3 176

ID station lat lon

0 Alipur Delhi - DPCC 28.815 77.153
1 Anand Vihar Delhi - DPCC 28.647 77.316
2 Ashok Vihar Delhi - DPCC 28.695 77.182
3 Aya Nagar Delhi - IMD 28.471 77.110
4 Bawana Delhi - DPCC 28.776 77.051
5 Burari Crossing Delhi - IMD 28.726 77.201
6 CRRI Mathura Road Delhi - IMD 28.551 77.274
7 DTU Delhi - CPCB 28.750 77.111
8 Dr. Karni Singh Shooting Range Delhi - DPCC 28.499 77.265
9 IGI Airport (T3) Delhi - IMD 28.563 77.118

10 IHBAS Dilshad Garden Delhi - CPCB 28.681 77.303
11 ITO Delhi - CPCB 28.632 77.249
12 Jahangirpuri Delhi - DPCC 28.733 77.171
13 Jawaharlal Nehru Stadium Delhi - DPCC 28.580 77.234
14 Lodhi Road Delhi - IMD 28.592 77.227
15 Major Dhyan Chand National Stadium Delhi - DPCC 28.611 77.238
16 Mandir Marg Delhi - DPCC 28.636 77.201
17 Mundka Delhi - DPCC 28.685 77.077
18 NSIT Dwarka Delhi - CPCB 28.609 77.033
19 Najafgarh Delhi - DPCC 28.570 76.934
20 Narela Delhi - DPCC 28.823 77.102
21 Nehru Nagar Delhi - DPCC 28.568 77.251
22 North Campus DU Delhi - IMD 28.657 77.159
23 Okhla Phase-2 Delhi - DPCC 28.531 77.271
24 Patparganj Delhi - DPCC 28.624 77.287
25 Punjabi Bagh Delhi - DPCC 28.674 77.131
26 Pusa Delhi - DPCC 28.640 77.146
27 R K Puram Delhi - DPCC 28.563 77.187
28 Rohini Delhi - DPCC 28.733 77.120
29 Shadipur Delhi - CPCB 28.651 77.147
30 Sirifort Delhi - CPCB 28.550 77.216
31 Sonia Vihar Delhi - DPCC 28.711 77.249
32 Sri Aurobindo Marg Delhi - DPCC 28.531 77.190
33 Vivek Vihar Delhi - DPCC 28.672 77.315

Table B.1: Observation used for the model evaluation of PM2.5 from control stations
run by the Central Pollution Control Board (CPCB), the India Meteorological Department
(IMD) and the Delhi Pollution Control Committee (DPCC). Data from these stations cover
the period 6-16 October 2019.
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MOZART CB05

CH3CHO ALD2+ALDX
C2H6 ETHA
C2H4 ETH
C2H5OH ETOH
CH2O FORM
ISOP ISOP
CH3OH MEOH
TOLUENE TOL
XYLENE XYL
C3H6 0.07165*OLE+0.07165*PAR
BIGENE 0.00653*OLE+0.0131*PAR
BIGALK 0.8371*PAR
PM2.5 PAL+PCA+PFE+PK+PMG+PMN+PMOTHR+PSI+PTI
NA PNA
CL PCL
EC PEC
OC POC
SO4 PSO4
NO3 PNO3
NH4 PNH4
PM10 PMC

Table B.2: The TERI/ARAI NMVOCs are speciated according to the CB05 chemical
mechanism (Yarwood et al., 2005). This table shows the VOCs (molar) and PM (mass)
mapping from the original CB05 mechanism to MOZART mechanism. The mapping is
based on (Hodzic and Knote, 2014). The CBO5 is a carbon-bond mechanism (lumped
structure) while MOZART uses surrogate species (lumped molecules). To get molar
conversion for lumped species of BIGENE, BIGALK, C3H6: C3H6 + BIGENE + BIGALK
= a(OLE + PAR)/2 + b(OLE + 2 PAR)/3 + c(IOLE + 2 PAR)/3 + d(5 PAR)/5 with a=
0.14,b+c = 0.02,d = 0.84.
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Figure C.1: Selected CPCB ground-based stations for PM2.5 and O3 observations for
model evaluation for pre-monsoon (data for 1-30 April 2019) and post-monsoon season
(data for 1-31 October 2019). Corresponded station to number is listed in Table C.1.
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ID station lat lon season PM2.5 O3

1 Alipur Delhi - DPCC 28.81533 77.15301 post x
pre x x

2 Anand Vihar Delhi - DPCC 28.64684 77.31603 post x x
pre x

3 Ashok Vihar Delhi - DPCC 28.69538 77.18167 post x x
pre x

4 Aya Nagar Delhi - IMD 28.47069 77.10994 post x x
pre x

5 Bawana Delhi - DPCC 28.7762 77.05107 post x x
pre x

6 Burari Crossing Delhi - IMD 28.72565 77.20116 post x x
pre

7 CRRI Mathura Road Delhi - IMD 28.5512 77.27357 post x x
pre x x

8 DTU Delhi - CPCB 28.75005 77.11126 post x x
pre x

9 Dr. Karni Singh Shooting Range Delhi - DPCC 28.49857 77.26484 pre x x
post x

10 East Arjun Nagar Delhi - CPCB 28.6556 77.28593 post
pre x

11 IGI Airport (T3) Delhi - IMD 28.56278 77.11801 post x x
pre x x

12 IHBAS Dilshad Garden Delhi - CPCB 28.68117 77.30252 post x
pre x

13 ITO Delhi - CPCB 28.63169 77.24944 post x x
pre x x

14 Jahangirpuri Delhi - DPCC 28.73282 77.17063 post x x
pre x x

15 Jawaharlal Nehru Stadium Delhi - DPCC 28.58028 77.23383 pre x
post x x

16 Lodhi Road Delhi - IMD 28.59182 77.22731 pre x x
post x x

17 Mandir Marg Delhi - DPCC 28.63643 77.20107 pre x x
post x x

18 Mundka Delhi - DPCC 28.68468 77.07657 pre x x
post x x

19 NSIT Dwarka Delhi - CPCB 28.60909 77.03254 pre x x
post x x

20 Najafgarh Delhi - DPCC 28.57017 76.93376 pre x
post x x

21 Narela Delhi - DPCC 28.82284 77.10198 pre x x
post x x

22 Nehru Nagar Delhi - DPCC 28.56789 77.25052 pre x
post x x

23 North Campus DU Delhi - IMD 28.65738 77.15854 post x x
pre x x

24 Okhla Phase-2 Delhi - DPCC 28.53079 77.27126 pre x x
post x x

25 Patparganj Delhi - DPCC 28.62375 77.28721 pre x x
post x x

26 Punjabi Bagh Delhi - DPCC 28.67405 77.13102 pre x
post x x

27 Pusa Delhi - DPCC 28.63965 77.14626 pre x x
post x x

28 R K Puram Delhi - DPCC 28.56326 77.18694 pre x x
post x

29 Rohini Delhi - DPCC 28.73253 77.11992 pre x x
post x x

30 Sirifort Delhi - CPCB 28.55042 77.21594 post x x
pre

31 Sonia Vihar Delhi - DPCC 28.71051 77.24949 pre x x
post x x

32 Sri Aurobindo Marg Delhi - DPCC 28.53135 77.19016 post x x
pre x

Table C.1: CPCB observation stations used for the model evaluation of PM2.5 and O3
for pre-monsoon (data for 1-30 April 2019) and post-monsoon season (data for 1-31
October 2019). pre = pre-monsoon , post = post-monsoon.
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