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ABSTRACT 
 
Ambient air pollution is responsible for 4-9 million premature deaths worldwide each year. 

Routine ground-based monitoring of air quality in cities is sparse and expensive and only 

includes a handful of pollutants. Most health risk assessment models are derived with limited 

health outcomes and cover a narrow range (2.4-35 µg m-3) of fine particulate (PM2.5) 

concentrations. Satellites provide daily global coverage of a dynamic range of pollutants for 

more than a decade and there are updated health risk assessment models that account for the 

increasing number of health outcomes that have been associated with air pollution and that 

cover a wider exposure range than previous models. In this work, the skill of satellite 

observations at reproducing variability in surface air quality in the UK and Indian cities was 

assessed. Temporal consistency (R>0.5) occurred between space-based and surface 

observations of nitrogen dioxide (NO2) and ammonia (NH3), whereas measurements of aerosol 

optical depth (AOD) have weak month-to-month variability (R<0.4) with surface PM2.5, but do 

replicate long-term trends in PM2.5. This provided the confidence to use satellite observations 

to determine recent (2000s-2010s) long-term trends in NO2, NH3, formaldehyde (HCHO) as a 

marker for reactive non-methane volatile organic compounds (NMVOCs), and AOD as a 

marker for PM2.5 in London and Birmingham in the UK, and Delhi and Kanpur in India. Trends 

in most pollutants declined in UK cities because of successful control on vehicular emissions 

but increased in Indian cities despite recent pollution control measures. These validated satellite 

observations were then used to quantify long-term trends in air quality over 46 tropical cities 

which are growing at an unprecedented pace (1-10 % a-1) and that lack routine, reliable and 

accessible ground-based air quality measurements. Most pollutants in almost all tropical cities 

increased, driven almost exclusively by increase in anthropogenic activity rather than 

traditional biomass burning. Population exposure to hazardous pollutants PM2.5 and NO2 
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increased by up to 23 % a-1 for NO2 and 18 % a-1 for PM2.5 due to the combined increase in 

emerging anthropogenic air pollution and population. This suggests an impending health crisis 

that demands further analysis to determine the increase in health burden from increased 

exposure to these hazardous pollutants. This was followed by examining the health burden from 

exposure to PM2.5 produced exclusively from fossil fuel combustion, a dominant and 

controllable anthropogenic source of PM2.5. The health burden was estimated using the 

chemical transport model GEOS-Chem, validated with satellite and surface observations, and 

a recent meta-analysis that accounted for a wider exposure range than previous approaches. 

10.2 million adult premature deaths were estimated to be from fossil fuel related PM2.5 in 2012 

with 62 % of these in China and India. These estimates are more than double than those obtained 

from the Global Burden of Disease and other studies because of the updated health risk 

assessment model and a finer spatial resolution chemical transport model. These estimates 

decline to 8.7 million in 2018 due to substantial decline in fossil fuel emissions in China, 

demonstrating the efficacy of air quality policies that target fossil fuel sources. Fossil fuel 

combustion can be more readily controlled than other primary and secondary sources of PM2.5 

and transitioning towards cleaner sources of energy can mitigate these premature deaths. These 

results highlight the immediate health crisis due to ongoing reliance on fossil fuels to 

complement the longer term and potentially more severe effects these will have on climate. The 

thesis demonstrates the application of satellite observations, ground-based measurements, 

chemical transport models, emission inventories and health risk assessment models and 

statistical techniques to determine trends and drivers of these trends in air quality in cities and 

estimate the health burden at different spatial scales. This is crucial information that 

policymakers and stakeholders require to make informed decisions and develop prescient 

policies. 
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THESIS OVERVIEW 
 

This thesis uses ground-based measurements and Earth observations of atmospheric 

composition, emission inventories, chemical transport models and health risk assessment 

models to examine trends in air pollution and impact on human health at different spatial scales.  

 

Chapter 1 provides an introduction to the thesis. It describes the challenges of developing air 

quality policies, and the existing and future air pollution monitoring capabilities.  

 

Chapter 2 assesses the ability of satellite observations to reproduce variability in surface air 

pollution and quantify long-term trends in air quality in major cities in the UK (London and 

Birmingham) and India (Delhi and Kanpur). The work described in this chapter is published as: 

 
K. Vohra, E. A. Marais, S. Suckra, L. Kramer, W. J. Bloss, R. Sahu, A. Gaur, S. N. Tripathi, M. 

Van Damme, L. Clarisse, P.-F. Coheur, Long-term trends in air quality in major cities in the 

UK and India: A view from space, Atmos. Chem. Phys., 21, 6275–6296, doi:10.5194/acp-21-

6275-2021. 

 

Chapter 3 extends the methodology developed in Chapter 2 to quantify long-term trends in 

fastest growing cities in the tropics, assesses the relative contribution of anthropogenic activity 

and biomass burning to these trends and examines the combined effect of increase in population 

and air pollutants hazardous to human health. The findings of this chapter are in preparation for 

submission to peer-reviewed journal as: 

 
K. Vohra, E. A. Marais, W. J. Bloss, M. Van Damme, L. Clarisse, P.-F. Coheur, Large and 

significant increases in exposure to air pollution detrimental to health in tropical future 

megacities. 
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Chapter 4 investigates global premature mortality burden from fossil fuel related PM2.5 using 

the state-of-the-art chemical transport model GEOS-Chem. The findings from this chapter have 

been published as: 

 
K. Vohra, A. Vodonos, J. Schwartz, E. A. Marais, M. P. Sulprizio, L. J. Mickley, Global 

mortality from outdoor fine particle pollution generated by fossil fuel combustion: Results from 

GEOS-Chem, Environ. Res., 195, 110754, doi:10.1016/j.envres.2021.110754. 

 

Chapter 5 summarises the key research findings and states some opportunities for future 

research.  
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1.1 Challenges of developing air quality policies 

Air pollution adversely affects human health and the environment. Long-term exposure to air 

pollutants is linked to a range of adverse health outcomes, such as respiratory and 

cardiovascular diseases, dementia, loss of fertility and eyesight (Cacciottolo et al., 2017; WHO, 

2018; Schraufnagel et al., 2019b, 2019a; Chua et al., 2021; Li et al., 2021). More than 90 % of 

the world’s population resides in areas where air quality levels exceed World Health 

Organization (WHO) recommended guidelines (WHO, 2018). Air quality policy decisions 

depend on multiple factors that influence air pollution. These include but are not limited to 

natural and anthropogenic emission sources, meteorology, chemical and physical processing of 

pollutants and precursors in the atmosphere, and adoption of mitigation measures. Under 

current legislation in the UK and many other countries, local emission sources such as power 

plants are relatively easier to control than transboundary pollution such as widespread areal 

sources that cross political boundaries like open burning of biomass (Andreae, 1991) and 

persistent pollutants such as mercury and microplastics that can be transported long distances 

(Hung et al., 2021; Zhang et al., 2021). Countries typically target large point sources to address 

air pollution before moving to mobile and areal and diffuse sources. 

 

Each year 4-9 million premature deaths are attributed to ambient air pollution (Burnett et al., 

2014; 2018; Cohen et al., 2018; WHO, 2018; Lelieveld et al., 2019; 2020; McDuffie et al., 

2021). Policies and mitigation measures such as adoption of emission control technologies and 

increasing energy efficiency can be effective at reducing air pollution and adverse health 

outcomes. Due to policy measures in the US and Europe, premature deaths decreased by 29.8 

% in the US and 36.3 % in Europe in 2009 compared to 1990 (Pope et al., 2009; Correia et al., 

2013; Butt et al., 2017; Cohen et al., 2018; Stanaway et al., 2018). The greatest premature 
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mortality burden occurs in developing countries which are densely populated and lack effective 

air quality policies. These include China, India, Pakistan and Bangladesh in Asia and Nigeria 

in Africa (Cohen et al., 2018; Stanaway et al., 2018; McDuffie et al., 2021). Alarming statistics 

on premature mortality attributable to exposure to air pollution have attracted the attention of 

policy makers and has led to the creation of action plans to improve air quality in China and 

India (Chinese State Council, 2013; Ganguly et al., 2020).   

 

 

Figure 1.1 Schematic diagram showing the pathways from precursor emissions to hazardous 
pollutants. 
 
In addition to the health impacts of air pollution, variable emission sources, atmospheric 

chemistry, and the spatiotemporal variability of air pollutants also influence the decisions of 

policymakers and stakeholders. The emission sources can be biogenic, anthropogenic or 

pyrogenic and can vary with the extent of urbanization. Transportation is a dominant pollution 

source in urban areas (Badami, 2005) and agriculture in rural areas (Defra, 2019). These sources 

also vary geographically and with economic development. Fossil fuels are a dominant energy 

source in Asia (Hanif, 2018) compared to solid fuels such as charcoal in Africa (Bockarie et 
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al., 2020). Bottom-up emission inventories are used to identify the dominant sources of air 

pollution but these emission inventories are costly to maintain and keep up-to-date, and are 

prone to large errors in regions where activity data and emission factors are lacking, unreliable 

or only available at coarse spatial resolutions (Marais and Wiedinmyer, 2016; Elguindi et al., 

2020).  

   

Figure 1.1 shows common air pollutants such as nitrogen oxides (NOx = NO + NO2) mostly 

emitted as nitric oxide (NO), sulfur dioxide (SO2), carbon monoxide (CO), volatile organic 

compounds (VOCs), ammonia (NH3) and primary particulate matter (PM2.5). Primary particles 

include black carbon and organic aerosols. Gaseous emissions can undergo chemical reactions 

to form secondary pollutants such as ozone (O3) and secondary inorganic and organic PM2.5. 

Secondary inorganic PM2.5 consists of nitrate from uptake of nitric acid formed from oxidation 

of NOx, sulfate from oxidation of SO2 and ammonium from uptake of the acid buffer NH3. 

Secondary organic PM2.5 originates from partitioning of semi-volatile organic compounds or 

reactive uptake of oxidation products of non-methane VOCs (Behera and Sharma, 2010; Li et 

al., 2017; Weagle et al., 2018).  

 

Figure 1.2 Methane oxidation mechanism to show ozone production in the presence of NOx 
and sunlight. 
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Figure 1.3 Ozone isopleth plot showing the dependence of ozone concentration (contours with 
maximum daily ozone concentration in ppmv) on NOx and VOCs concentrations. Source: 
Melkonyan and Kuttler (2012) 

 
Ozone is formed from chemical reactions of precursor emissions of NOx and VOCs in the 

presence of sunlight (Jacob et al., 1993; Loughlin et al., 2000). Figure 1.2 shows the chemistry 

forming ozone from oxidation of methane in the presence of NOx and sunlight (Wang et al., 

2017; Fitzky et al., 2019). Methane is oxidised by the hydroxyl radical (OH) to form the methyl 

radical (CH3) which reacts with O2 to form the methyl peroxy radical (CH3O2). CH3O2 reacts 

with NO and O2 to form the hydroperoxy radical (HO2) and NO2. HO2 reacts with NO recycling 

the OH radical and forming NO2 (Wang et al., 2017; Fitzky et al., 2019). The NO2 formed is 

then photolysed in the presence of O2 to form ozone. CH3O2 also reacts with the HO2 radical to 

form methyl hydroperoxide (CH3OOH), the loss pathways of which can terminate the methane 

oxidation chain. Oxidation of the CH3O2 radical also forms formaldehyde (HCHO) and CO 

which contribute to ozone formation following the same processes shown in Figure 1.2. This 

chemistry is non-linear and depends on the relative abundance of NOx and VOCs as in Figure 

1.3 (Martin et al., 2004; Duncan et al., 2010). Ozone formation decreases when NOx emissions 

decrease in a NOx-limited (VOC-saturated) regime and remains relatively stable when NOx 

emissions decrease in a VOC-limited (NOx-saturated) regime (Martin et al., 2004; Duncan et 
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al., 2010). Ozone formation is equally sensitive to emissions of both NOx and VOCs at the 

ozone ridgeline separating the NOx-limited and VOC-limited regimes (Melkonyan and Kuttler, 

2012). This makes it challenging to regulate ozone pollution, as measurements of ozone alone 

are insufficient and knowledge of the ozone formation regime is needed to identify which 

sources to target to develop policies (Loughlin et al., 2000). 

 

Figure 1.4 shows the atmospheric lifetimes of common air pollutants ranging from a few 

seconds for NO to months for CO to years for methane (CH4), and so these pollutants can be 

found near the emission sources such as NO from vehicles (Gentner and Xiong, 2017) or be 

transported long distances such as CO from incomplete combustion of traditional solid fuels 

(Ludwig et al., 2003). The major sink for PM2.5 is wet deposition, but other factors like particle 

growth and dry deposition contribute (Feichter and Leisner, 2009). For trace gases loss 

pathways include physical deposition to surfaces (dry deposition) as is the case for ozone, and 

chemical loss by atmospheric oxidants such as the OH radical, the nitrate radical (NO3) and 

ozone (Ng et al., 2017; Shah et al., 2020; Yang et al., 2020). The OH radical is formed from the 

photolysis of ozone in the presence of water vapour and thus is the key oxidant during daytime. 

The OH radical controls lifetime of trace gases by forming long-term reservoir species like 

nitric acid for NOx or from conversion of formaldehyde to CO and the HO2 radical (Shah et al., 

2020; Yang et al., 2020). At night, in the absence of photolysis, the oxidation is driven by the 

NO3 radical formed from the reaction of NO2 with ozone (Ng et al., 2017; Shah et al., 2020; 

Yang et al., 2020). The NO3 radical reacts with NO2 to form dinitrogen pentoxide (N2O5) and 

with unsaturated VOCs such as isoprene to form the peroxy radical (Ng et al., 2017; Iyer et al., 

2018; Yang et al., 2020). Convective transport of these pollutants from the boundary layer (the 

layer where pollutants are well-mixed and extends from the Earth’s surface to 1-2 km altitude) 
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is particularly efficient in tropical countries and alters the atmospheric composition in the free 

troposphere (extends beyond the boundary layer to the tropopause at around 12-18 km altitude) 

and lower stratosphere (extends to about 10 km above the tropopause) by transporting air 

containing relatively depleted ozone or precursors of pollutants that are efficient at forming 

ozone in the upper troposphere (Thompson et al., 1997; Fueglistaler et al., 2009). These 

pollutants not only vary in space but can also vary with season and time of day in response to 

seasonality and diurnal variability of emission sources, atmospheric chemistry and 

meteorological factors (Guttikunda and Gurjar, 2012; Gil-Alana et al., 2020; Shah et al., 2020). 

This adds another layer of complexity for policymakers to decide if the policies targeting these 

pollutants should vary seasonally and temporally. 

 

Figure 1.4 The range in atmospheric lifetimes of dominant air pollutants. 
 

A major challenge is in assessing the efficacy of policies, as this requires appropriate tools and 

resources to assess compliance with regional or national emissions targets and air quality 

standards. For example, in the UK compliance assessment is with monitoring (Defra, 2020) and 

dispersion modelling (Carslaw et al., 2013) despite poor agreement between modelled and 

roadside NO2 measurements (Barnes et al., 2018). Results derived from models versus from 
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measurements can also lead to inconsistent outcomes that suggest either compliance or non-

compliance (Barnes et al., 2018).  

1.2 Existing and future air pollution monitoring capabilities 

The regional, national and local authorities have deployed reference grade sensors for decades 

to provide us with valuable information about the temporal variability of air pollutants and 

assess compliance against air quality standards (AQEG, 2015). Reference grade sensors often 

provide continuous air quality measurements of criteria pollutants that are typically NOx, SO2, 

O3, CO, PM2.5 and a range of VOCs (often mostly hydrocarbons) throughout the day at high 

temporal resolution such as every 15 minutes or 1 hour (AQEG, 2015). In the UK, 

comprehensive surface measurement networks are established and operated by national 

authorities such as the Department for Environment, Food and Rural Affairs (Defra), local 

authorities such as Birmingham City Council (BCC), and more recently, include research 

institutions such as the Natural Environment Research Council (NERC) funded fixed air quality 

supersites of comprehensive measurements of air pollution and environmental variables that 

influence air pollution. These are in Birmingham, London and Manchester. An innovative 

upcoming development to monitor air quality in the UK is establishment of two mobile 

supersites to make measurements of roadside and urban atmospheric composition (UoB, 2021). 

Intensive ground-based and aircraft field campaigns led by agencies such as NASA also allow 

us to investigate the complexities of air pollution throughout the troposphere (Wolfe et al., 

2019). Reference monitors are typically expensive to purchase, establish and maintain, and so 

are non-existent or sparse in many developing countries and thus have limited spatial coverage 

worldwide. There are well established networks deploying reference grade sensors in the US, 

Western Europe, China and India, but still there are data gaps. Surface monitoring equipment 

can be sparse and periodic (Zhu et al., 2020), and are often relocated due to shifts in policy 
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priorities, or simply because the infrastructure housing it is no longer available for use (Walker 

et al., 2019). This makes it challenging to monitor long-term trends in city-wide air quality to 

determine whether mitigation measures have a net positive effect on the urban airshed. For 

example, Figure 1.5 shows the trends in surface NO2 from reference grade sensors operational 

in Birmingham during 2005-2017. The sites are sparsely distributed and operate for different 

time periods. Only 1 of the 7 sites provides air quality data for all 13 years and this single 

location may not be representative of city-wide air quality (Zhu et al., 2020).  

 

Figure 1.5 Locations of reference grade sensors operational between 2005 and 2017 in 
Birmingham. The colour shows the trends in monthly mean surface NO2 for the time period in 
the callouts. 
 
Low-cost sensors are another innovation in monitoring air quality. These are easy-to-use and 

portable, and networks of these are being established at a fast pace to address monitoring gaps 

from existing surface monitors, most notably in Africa, Asia and Latin America where reference 

monitors are exceedingly sparse (Snyder et al., 2013; Sahu et al., 2021). However, there are 

issues with data quality, as these measurements can stray from the truth under different 

atmospheric conditions. This requires regular field calibration with reference grade monitors or 

corrections to the data using machine learning techniques (Castell et al., 2017; Williams, 2019).  
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Figure 1.6 Length of record available from sensors measuring trace gases and particles from 
completed and on-going LEO instruments.  

 

Low-Earth orbit (LEO) satellites have been in space for decades and provide terabytes of 

atmospheric composition data each day (Streets et al., 2013; Duncan et al., 2014). LEO satellites 

are 750 km above the Earth’s surface and sensors aboard these satellites provide measurements 

of numerous trace gases and particle abundances and properties (Streets et al., 2013; Duncan et 

al., 2014). Figure 1.6 shows the length of the satellite data record from space-based instruments 

onboard completed and on-going LEO satellite missions. The long record of consistent 

observations from these have been extensively used to determine long-term trends in air 

pollutants (De Smedt et al., 2010; Alpert et al., 2012; Hilboll et al., 2013; Geddes et al., 2016; 

Van Damme et al., 2020). These offer the opportunity to assess the impact of economic 

development as observed from the increasing trends in pollutants that are effective markers of 

development, such as NO2 as a proxy for adoption of fossil fuels for energy generation, in 

rapidly developing countries. Other applications are demonstrating the effectiveness of air 

quality related policies, as seen from decreasing NO2 trends in cities in the US (Russell et al., 

2012; Lamsal et al., 2015), NO2 trend reversal from positive (unabated development) to 

negative (policy adoption) in China (Liu et al., 2017) and individual cities (Lelieveld et al., 

2015; Georgoulias et al., 2019). These long-term trends aid in predicting future air quality 
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trends in case no action plans are setup. Ratios of Earth observations (EO) of HCHO and NO2 

are also used to assess sensitivity of ozone formation to precursor emissions of VOCs (using 

HCHO as a proxy) and NOx (using NO2 as a proxy) (Martin et al., 2004; Duncan et al., 2010; 

Jin et al., 2020).  

 

Figure 1.7 Multiyear mean tropospheric column NO2 from OMI for 2005-2018 for the UK 
(left) and India (right). 
 

EO from LEO satellites provide complete global coverage. Figure 1.7 shows mean tropospheric 

column NO2 from the Ozone Monitoring Instrument (OMI) for the UK and India in 2005-2018. 

This figure demonstrates the ability of EO to provide extensive coverage of air quality 

measurements notably in regions with limited surface monitoring capabilities. Also evident are 

the hotspots of NO2 pollution in these two countries such as major cities London and Delhi, and 

coal-mining industries in east India. The extensive coverage of EO can guide policymakers to 

assess which regions need to be targeted for air quality improvements.  
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Figure 1.8 Evolution of nadir spatial resolution (across-track × along-track) of UV-visible LEO 
satellite sensors measuring trace gases. Background map is Greater London and surrounding 
area. Nadir spatial resolution for TROPOMI is from August 2019. 

 
Figure 1.8 shows the spatial resolution achieved over Greater London at nadir (the portion of 

the Earth directly below the satellite at the centre of the swath or cross-track extent covered on 

the Earth’s surface as in Figure 1.9a) from different UV-visible LEO satellite sensors that 

measure trace gases such as NO2, SO2, O3 and HCHO. Figure 1.9a illustrates the finer spatial 

resolution at nadir and its degradation towards the edges of the swath (off-nadir) due to viewing 

geometry and instrument configuration. The spatial resolution of individual pixels has 

improved with time from hundreds of km for Global Ozone Monitoring Experiment (GOME) 

and Scanning Imaging Absorption Spectrometer for Atmospheric Cartography 

(SCIAMACHY) to tens of km for OMI and Tropospheric Monitoring Instrument (TROPOMI). 

This has led to the transition from one piece of broad regional information for a few counties 

from GOME to individual London boroughs from TROPOMI. Even though the spatial 
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resolution is still relatively coarse for satellite observations, these are more consistent with the 

spatial resolution of the models used to inform policy than are point measurements from 

reference grade instruments and so can be used to assess these models and in combination with 

these models to derive additional information about surface air quality and precursor emissions, 

as is now standard (Duncan et al., 2016).  

 

Figure 1.9 LEO swath and slant column configurations. Panels are degradation of spatial 
resolution from centre towards edge of swath (a), and schematic representation of slant column 
path from the incoming solar radiation and backscattered radiation from the Earth’s surface, 
clouds and aerosols, and vertical column for UV-visible instruments (b). 

 
Sun-synchronous LEO satellites have nighttime and daytime overpasses and provide 

measurements of atmospheric composition during the daytime for UV-visible instruments that 

rely on the sun as the light source such as OMI and during the daytime and nighttime for infrared 

instruments such as Infrared Atmospheric Sounder Interferometer (IASI) that rely on the 

temperature difference between the Earth’s surface and overlying atmosphere. For example, 

OMI provides NO2 measurements during daytime at the satellite overpass time of 13h30 local 

solar time (LST) and IASI provides NH3 measurements in the morning (09h30 LST) and night 

(21h30 LST), though there are concerns that the daytime and night-time measurements from 

IASI are not consistent and most of the validation of application of IASI NH3 measurements 

uses daytime retrievals (Van Damme et al., 2015). 
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UV-visible space-based instruments measure solar backscattered radiation that has traversed 

the whole atmospheric column, as shown in Figure 1.9b. Most of the air pollutants and 

precursors measured by LEO instruments, with the exception of ozone, typically have peak 

concentrations near the Earth’s surface, so the variability in the column is sensitive to changes 

in surface air pollution. NO2 exists in large amounts in the stratosphere and the retrieval 

algorithms remove this stratospheric contribution to isolate tropospheric column NO2. There 

are some exceptional events, such as volcanic ash (Sandrini et al., 2014) or large dust events 

from the Sahara Desert (Heft-Neal et al., 2020) or deep pyrogenic uplift of biomass burning 

plumes (Kablick III et al., 2020) that can enhance concentrations of aerosols in the free 

troposphere, but often these events can be easily identified and removed for research that 

focuses on constraining surface sources.  

 

The retrieval algorithms vary with the atmospheric component and the satellite sensor. For 

example, OMI observations of column densities of NO2 (number of molecules of trace gas per 

unit area along a line of sight) are retrieved within the spectral range of 405-465 nm and those 

for HCHO are obtained at 328.5-359.0 nm (De Smedt et al., 2018; Lamsal et al., 2021). The 

retrieval algorithm converts these spectral signatures to a slant column density (SCD) which is 

the number of molecules in the entire viewing path from the sun to the Earth’s surface and 

reflected back up to the satellite (Figure 1.9b) (Krotkov et al., 2017; Lamsal et al., 2021). This 

SCD is converted to a vertical column density (VCD), the number of molecules in the vertical 

atmospheric column (Figure 1.9b), using an air mass factor (AMF). The AMF accounts for the 

viewing geometry of the instrument, surface reflectivity, atmospheric scattering and absorption 

by clouds, gases and aerosols, and the vertical profile of the species of interest. The AMF is 



15 
 

calculated using a radiative transfer model and typically uses information about clouds from 

the same or a nearby sensor, and the vertical profile of the species of interest and abundances 

of other relevant aerosols and trace gases from a chemical transport model (CTM) (Palmer et 

al., 2001; Bucsela et al., 2006). The VCD throughout the atmosphere is derived after dividing 

the SCD by the AMF and, for NO2, this follows subtraction of the stratospheric component 

from the total column SCD to isolate the tropospheric SCD (Bucsela et al., 2013; Krotkov et 

al., 2017; Lamsal et al., 2021).  

 

The IASI is an infrared spectrometer which measures total column NH3 in the spectral range 

812–1126 cm−1 (Van Damme et al., 2014; 2020). The product that is mostly widely used and 

validated involves conversion of the spectral signature into a hyperspectral range index (HRI) 

which is a measure of the strength of the NH3 spectral signal and depends on the abundance of 

NH3 and the thermal contrast between the Earth’s surface and the boundary layer (Van Damme 

et al., 2014; Whitburn et al., 2016). This HRI is converted to total column NH3 using a neural 

network that is trained with information about the vertical profile of NH3 derived using a 

Gaussian function with three input parameters representative of NH3 near emission sources and 

transported from nearby or distant sources, surface emissivity, satellite viewing angles and 

meteorological parameters such as temperature, pressure and humidity (Whitburn et al., 2016; 

Van Damme et al., 2017).  

 

The MODerate-resolution Imaging Spectroradiometer (MODIS) has multiple bands in the 

visible and infrared wavelength regions. Outgoing radiances in these bands are used to retrieve 

the amount of light attenuated by aerosols in the atmosphere, the aerosol optical depth (AOD) 

(Levy et al., 2013; Munchak et al., 2013). This is done by matching the top-of-atmosphere 
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spectral reflectance from the quality assured pixels to values of spectral reflectance in a look-

up table (LUT). The quality assured pixels are those not impacted by clouds or that do not occur 

over surfaces unsuitable for aerosol retrieval (such as ice and snow). The LUT includes values 

of AOD for a representative range of aerosol types and properties under different environmental 

conditions (Levy et al., 2013; Remer et al., 2013). There are separate algorithms to retrieve 

AOD over dark surfaces such as tropical forests known as the Dark Target (DT) algorithm and 

over bright surfaces such as deserts known as Deep-Blue (DB) algorithm (Levy et al., 2013; 

Munchak et al., 2013; Remer et al., 2013). The DT algorithm uses surface reflectance at 670 

nm, but the surface reflectance at this wavelength is high over bright areas, making it difficult 

to distinguish the bright surface from the aerosols above (Levy et al., 2013; Sayer et al., 2014). 

To address this, a separate DB algorithm is used. This uses surface reflectances on the deep 

blue end of the spectrum at 412 nm where the surface reflectance over the bright surface is 

darker and can be distinguished from the aerosols above (Hsu et al., 2004; Sayer et al., 2014).  

 

 

Figure 1.10 Schematic diagram showing the spatial resolution at nadir from different satellite 
sensors relative to size of the cities London and Delhi. 

EO provide consistent and continuous long-term global measurements of multiple atmospheric 

constituents simultaneously. Column measurements can often be easily related to the 
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underlying emissions and so are used to provide near real-time information about emissions 

(Lamsal et al., 2011; Streets et al., 2013). However, it is important to understand the limitations 

and uncertainties in EO to appropriately use these. EO provide measurements throughout the 

troposphere or atmosphere, often with just one piece of information about the vertical 

distribution. The retrieval of trace gases may also be affected by the presence of aerosols and 

clouds which contribute to uncertainties in the AMF depending on the altitude at which these 

occur (Palmer et al., 2001; Vasilkov et al., 2021). For example, clouds or thick aerosol layers 

prevent light from reaching the trace gases below and also leads to spurious retrieval of AOD 

(Wei et al., 2020; Vasilkov et al., 2021). For this reason, AOD is only retrieved for cloud-free 

scenes, leading to substantial data loss over the tropics and in locations with intense monsoon 

seasons like India and West Africa (Levy et al., 2013; Remer et al., 2013; Sogacheva et al., 

2017). EO represent the column measurements around the satellite overpass time only and do 

not capture the diurnal variability of the target pollutant. The spatial resolution of the LEO 

observations has improved since the 1990s and is a few kms now (Figure 1.8), but it is still too 

coarse to resolve very local fine-scale emission sources such as individual road networks or 

shipping lanes beyond major shipping routes or capture sub-city variability for small cities (< 

100 km2). Figure 1.10 illustrates the nadir spatial resolution of OMI, IASI and MODIS with 

respect to the size of large cities such as London and Delhi. The nadir spatial resolution of OMI 

and IASI limits our ability to use these observations at sub-city-scale. MODIS has finer spatial 

resolution than both OMI and IASI (Figure 1.10), but fewer observations are retrieved due to 

stricter cloud filtering.  

 

Surface observations from reference grade and low-cost sensors and EO from space-based 

satellites that provide measurements of atmospheric composition require a CTM to augment 
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their use in policy. CTMs are numerical models which include detailed formation about the loss 

pathways for gases and particles. These solve mass balance equations to simulate pollutant 

concentrations. CTMs represent our best understanding of atmospheric chemistry and transport, 

and can aid in determining the implication of rapid development and policy decisions on the 

environment and human health. CTMs such as Goddard Earth Observing System (GEOS)-

Chem are extensively used for global (Sherwen et al., 2016; Jo et al., 2019) and regional (Marais 

et al., 2019; Bockarie et al., 2020; Potts et al., 2021) studies. CTMs, following extensive 

validation against ground- and space-based observations, can be used with health risk 

assessment models to determine the contribution of individual emission sources and sectors 

such as fossil fuels to total PM2.5 and the consequent impact on health (Marais et al., 2012; 

Vinken et al., 2014; Weagle et al., 2018; Bockarie et al., 2020) for targeted policy. Health risk 

assessment models are statistical relationships between premature mortality and long-term 

exposure to hazardous pollutants such as PM2.5. These are derived using epidemiological data 

from cohort studies for a range of exposures, health outcomes, age ranges and geographical 

locations. The models most widely used to estimate the premature mortality burden from long-

term pollutant exposure at global, regional and national scales (Cohen et al., 2017; Stanaway et 

al., 2018; Lelieveld et al., 2020) are the Integrated Exposure-Response (IER) model (Burnett et 

al., 2014) and the Global Exposure Mortality Model (GEMM) (Burnett et al., 2018; Lelieveld 

et al., 2019). Development of these models is challenging and requires assumptions to fill data 

gaps because of limited cohort studies covering the wide range of health endpoints, age groups, 

and exposures. These assumptions include but are not limited to active and second-hand 

smoking data as proxy for high PM2.5 (>50 µg m-3) concentrations and cohort studies from a 

few countries (typically in North America and Europe) used to represent the world (Burnett et 
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al., 2014; 2018). This can lead to large uncertainties in the health risk assessment models that 

then propagate to the premature mortality estimates. 

 

1.3 Research gaps 

The following are key research gaps that this thesis seeks to address. 

 

1. Previous studies have focused only on application of EO of one or two pollutants with 

the underlying assumption that EO and surface observations of atmospheric 

composition have consistent month-to-month variability. A focus on multiple pollutants 

simultaneously to understand long-term changes in air quality in cities with EO requires 

systematic assessment of the skill of EO datasets at replicating temporal variability in 

city-wide surface air pollution before using EO to assess the efficacy of policies and the 

deleterious effects of rapid unabated development on city-wide air quality (Chapter 2).  

2. Following validation of EO as a constraint on long-term trends in air quality, it is crucial 

to estimate long-term air quality trends using EO in tropical cities. The tropics 

represents an increasingly larger proportion of the global population and there are few 

to no ground monitors. These trends can then be used to determine the threat of rapid 

growth to air quality and develop timely regulatory measures (Chapter 3).  

3. Health impact assessments typically estimate premature mortality burden related to 

PM2.5 from all sources, including those that can (anthropogenic) and cannot (natural) be 

regulated. Estimation of premature mortality from air pollution resulting from fossil-

fuel combustion is critical for guiding policymakers and motivating political leaders to 

take immediate action against sources that have an immediate effect of health and long-

term impact on climate (Chapter 4).  
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Abstract 

Air quality networks in cities can be costly, inconsistent, and typically monitor a few pollutants. 

Space-based instruments provide global coverage spanning more than a decade to determine 

trends in air quality, augmenting surface networks. Here we target cities in the UK (London 

and Birmingham) and India (Delhi and Kanpur) and use observations of nitrogen dioxide (NO2) 

from the Ozone Monitoring Instrument (OMI), ammonia (NH3) from the Infrared Atmospheric 

Sounding Interferometer (IASI), formaldehyde (HCHO) from OMI as a proxy for non-methane 

volatile organic compounds (NMVOCs), and aerosol optical depth (AOD) from the Moderate 

Resolution Imaging Spectroradiometer (MODIS) for PM2.5. We assess the skill of these 

products at reproducing monthly variability in surface concentrations of air pollutants where 

available. We find temporal consistency between column and surface NO2 in cities in the UK 

and India (R = 0.5-0.7) and NH3 at two of three rural sites in the UK (R = 0.5-0.7), but not 

between AOD and surface PM2.5 (R < 0.4). MODIS AOD is consistent with AERONET at sites 

in the UK and India (R ³ 0.8) and reproduces significant decline in surface PM2.5 in London 

(2.7 % a-1) and Birmingham (3.7 % a-1) since 2009. We derive long-term trends in the four cities 

for 2005-2018 from OMI and MODIS and for 2008-2018 from IASI. Trends of all pollutants 

are positive in Delhi, suggesting no air quality improvements there, despite rollout of controls 

on industrial and transport sectors. Kanpur, identified by the WHO as the most polluted city in 

the world in 2018, experiences a significant and substantial (3.1 % a-1) increase in PM2.5. NO2, 

NH3 and PM2.5 decline in London and Birmingham are likely due in large part to emissions 

controls on vehicles. Trends are significant only for NO2 and PM2.5. Reactive NMVOCs decline 

in Birmingham, but the trend is not significant. There is a recent (2012-2018) steep (> 9 % a-1) 

increase in reactive NMVOCs in London. The cause for this rapid increase is uncertain, but 

may reflect increased contribution of oxygenated VOCs from household products, the food and 
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beverage industry, and domestic wood burning, with implications for formation of ozone in a 

VOC-limited city.   

Introduction 

More than 55 % of people live in urban areas and this is projected to increase to 68 % by 2050 

(UN, 2019). Air pollution in cities routinely exceeds levels safe for human health (Landrigan 

et al., 2018). Regulatory air quality monitoring networks, such as those employed in cities in 

the UK and India, provide detailed data concerning individual species and specific locations, 

but are labour intensive to operate and maintain, with potential gaps in spatial coverage and 

discontinuities hindering longer-term trend discovery.  Here we assess the ability to use the 

long record of satellite observations of atmospheric composition to monitor long-term trends in 

surface air quality in cities in the UK (London, Birmingham) and India (Delhi, Kanpur) of 

variable size, at a range of development stages, and with air pollutant concentrations that pose 

greater risk to health than previously thought (Vodonos et al., 2018). 
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Our study focuses on two large cities in the UK (London and Birmingham) and two in India 

(Delhi and Kanpur). Each is at a different stage of development: London is well developed, 

Birmingham is undergoing urban renewal, Delhi is experiencing rapid development (Singh and 

Grover, 2015), and Kanpur is a rapidly industrialising city (World Bank, 2014). Air quality 

policy is well established in the UK and the rapid decline in regulated air pollutants and their 

precursors has been monitored since 1970. According to the National Atmospheric Emission 

Inventory (NAEI), precursor emissions of fine particles with aerodynamic diameter < 2.5 µm 

(PM2.5) decreased in 1970-2017 by 1.5 % a-1 for nitrogen oxides (NOx º NO + NO2), 2.0 % a-1 

for sulfur dioxide (SO2), and 1.4 % a-1 for non-methane volatile organic compounds 

(NMVOCs). Primary PM2.5 emissions decreased by 1.6 % a-1 over the same time period 

compared to a decline of just 0.2 % a-1 for ammonia (NH3) emissions during 1980-2017 (Defra, 

2019a). In UK cities, vehicles make a large contribution to air pollution year-round, with 

seasonal contributions from residential fuelwood burning, agricultural activity, and 

construction, and sporadic contributions from long-range transport of Saharan dust (Fuller et 

al., 2014; Crilley et al., 2015; 2017; Harrison et al., 2018; Ots et al., 2018; Carnell et al., 2019). 

Despite the decline in emissions, many areas in the UK still exceed the legal annual mean limit 

of NO2 of 40 µg m-3 (Barnes et al., 2018), a threshold that may not adequately protect against 

health effects of long-term exposure to NO2 (Lyons et al., 2020). Many areas will also exceed 

the annual mean PM2.5 standard, if updated from 25 to 10 µg m-3, the WHO guideline (Defra, 

2019b). Reported annual mean PM2.5 in 2016, obtained as the surface monitoring network 

average, is 12 µg m-3 for London and 10 µg m-3 for Birmingham (WHO, 2018). There is 

increasing concern over emissions of the important PM2.5 precursor, NH3, as there are no direct 

controls on the agricultural sector, the dominant NH3 source (Carnell et al., 2019). There has 
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even been a recent increase in NH3 emissions of 1.9 % a-1 in 2013-2017 (Defra, 2019a), 

attributed to agriculture (Carnell et al., 2019).  

 

Air quality policy in India is in its infancy compared to the UK. The first air pollution act was 

passed in 1981; 30 years after the equivalent in the UK. There has been a steady rollout of 

European-style (Euro VI) vehicle emission standards, starting with Delhi in 2018 and scaling 

up to the whole country by 2020 (Govt. of India, 2016). Strict controls on coal-fired power 

plants have been in place since December 2015, but most power plants are non-compliant 

(Sugathan et al., 2018). National PM2.5 concentration targets have been set at 20-30 % 

reductions by 2024 relative to 2017 levels (Govt. of India, 2019), but in 2016 measured annual 

mean PM2.5 in Delhi and Kanpur exceeded the national standard (40 µg m-3) by about a factor 

of 4: 143 µg m-3 for Delhi; 173 µg m-3 for Kanpur (WHO, 2018). In Delhi and Kanpur year-

round emissions are dominated by vehicles, construction and household biofuel use in the city 

and industrial activity and coal combustion nearby (Guttikunda and Jawahar, 2014; 

Venkataraman et al., 2018). Seasonal enhancements come from intense agricultural fires along 

the Indo-Gangetic Plain (IGP) north of Delhi, frequent firework festivals, and dust storms 

originating from the Thar Desert and Arabian Peninsula (Ghosh et al., 2014; Parkhi et al., 2016; 

Yadav et al., 2017; Cusworth et al., 2018; Liu et al., 2018). Like the UK, the agricultural sector 

is not directly regulated and intense agricultural activity in the IGP contributes to the largest 

global NH3 hotspot (Warner et al., 2017; Van Damme et al., 2018; Wang et al., 2019).     
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Figure 2.1 Spatial extent of surface NO2 monitoring stations in London, Birmingham, Delhi, 
and Kanpur. The left panel shows the location of the target cities (red) and UK sites that are 
part of the European Monitoring and Evaluation Programme (EMEP) (blue). The centre and 
right panels show the locations of local authority regulatory NO2 monitoring stations within the 
administrative boundaries of each city, coloured by mean midday NO2 for 2005-2018, and 
separated into sites used (triangles) and not used (circles) to assess satellite observations of NO2 
(see text for details). The surface area of each city is indicated. Country and city boundaries are 
from GADM version 3.6 (GADM, 2018) and DataMeet (DataMeet, 2018). 

Surface monitoring networks in cities in the UK and India needed to evaluate city-wide trends 

in air pollutant concentrations and precursor emissions can be exceedingly sparse and are often 

short term. To illustrate this, we show in Figure 2.1 the coverage of surface sites in the four 

cities that continuously monitor NO2, the most widely monitored air pollutant in both countries. 

There are also diffusion tubes and emerging technologies that measure NO2 at low cost, but 

these are susceptible to biases (Heal et al., 1999; Castell et al., 2017) and so are excluded. The 
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points in Figure 2.1 show sites established and maintained by national agencies, local city 

councils, and academic institutions. These are coloured by multi-year mean NO2 around the 

satellite midday overpass (12h00-15h00 local time or LT) for our period of interest (2005-

2018). London has the most extensive surface coverage. There can be more than 100 sites 

operating simultaneously, but many of these are short-term. Most long-term sites are in central 

London, and southeast London is devoid of stations. Birmingham has eight monitoring stations, 

but only two operated for the majority of 2005-2018. There are recently established 

comprehensive air quality monitoring sites in London and Birmingham, but these started 

operating in late 2018. More than 40 % of the NO2 monitoring stations in Delhi were established 

in 2018 and there are concerns over data access and quality (Cusworth et al., 2018). Fewer 

stations in the four cities monitor PM2.5 than NO2 and measurements of NMVOCs are limited 

to a few short-term intensive campaigns and long-term sites that only measure light (short-

chain) non-methane hydrocarbons. Long-term continuous monitoring of NH3 in the UK is 

limited to hourly measurements at rural European Monitoring and Evaluation Programme 

(EMEP) sites (Figure 2.1) and monthly measurements at UK Eutrophying and Acidifying 

Pollutants (UKEAP) Network sites. 

 

Satellite observations of atmospheric composition (Earth observations) provide consistent, long 

records (> 10 years) and global coverage of multiple air pollutants, complementing surface 

monitoring networks with limited spatial coverage and temporal records (Streets et al., 2013; 

Duncan et al., 2014). These have been used extensively as constraints on temporal changes in 

surface concentrations of air pollutants and precursor emissions (Kim et al., 2006; Lamsal et 

al., 2011; Zhu et al., 2014), but typically just targeting 1-2 pollutants. In this work, we consider 

Earth observations of NO2, formaldehyde (HCHO), NH3, and aerosol optical depth (AOD). 
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HCHO is a prompt, high-yield, ubiquitous oxidation product of NMVOCs used as a constraint 

on NMVOCs emissions (Miller et al., 2008; De Smedt et al., 2010; Marais et al., 2012; 2014b; 

2014a). AOD has been used to derive surface concentrations of PM2.5 for global assessment of 

the impact of air pollution on health (van Donkelaar et al., 2006; 2010; Brauer et al., 2016; 

Anenberg et al., 2019).  

Here we conduct a systematic evaluation of the ability of satellite observations of NO2, NH3, 

HCHO and AOD to reproduce temporal variability of surface air pollution in the UK and India 

before going on to apply these satellite observations to estimate long-term changes in air 

pollution to assess the efficacy of air quality policies in the four cities of interest.  

Space-Based and Surface Air Quality Observations 

Earth observations of NO2 and HCHO are from the Ozone Monitoring Instrument (OMI), NH3 

from the Infrared Atmospheric Sounding Interferometer (IASI), and AOD from the Moderate 

Resolution Imaging Spectroradiometer (MODIS). There are also observations of SO2 and the 

secondary pollutant ozone from OMI, but SO2 is below or close to the detection limit year-

round for all cities, except in some months in Delhi, and UV measurements of tropospheric 

column ozone have limited sensitivity to ozone in the boundary layer (Zoogman et al., 2011). 

TROPOspheric Monitoring Instrument (TROPOMI) sensitivity to SO2 is 4-fold better than 

OMI, but the observation record is short (October 2017 launch) (Theys et al., 2019). We use 

hourly observations of NO2 and PM2.5 from the network of surface sites in the four target cities 

and NH3 from the rural EMEP sites in the UK, to assess whether satellite observations of NO2, 

AOD, and NH3 reproduce temporal variability of surface air quality. There are no direct reliable 

measurements of HCHO in the UK and measurements of NMVOCs are limited to a few sites 

that only measure light (£ C9) hydrocarbons.  
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Figure 2.1 shows locations of EMEP sites in Harwell, England, south of Oxford (51.57° N, 

1.32° W), Chilbolton Observatory, England, 40 miles south of Harwell (51.15° N, 1.44° W) 

and Auchencorth Moss, Scotland, south of Edinburgh (55.79° N, 3.24° W) (Malley et al., 2015; 

2016; Walker et al., 2019). Instruments at the Harwell site were relocated to Chilbolton 

Observatory in 2016, providing the opportunity to assess the satellite data at sites with distinct 

agricultural activity and anthropogenic influence (Walker et al., 2019). There are also passive 

NH3 samplers in the UK, but these have coarse temporal (monthly) resolution (Tang et al., 

2018) and no temporal correlation (R < 0.1) with a previous version of the IASI NH3 product 

(Van Damme et al., 2015).  

2.2.1 Surface Monitoring Networks in the UK and India 

Surface sites in the UK with continuous (hourly) observations of air pollutants typically use 

chemiluminescence instruments for NO2, ion chromatography instruments for NH3 (Stieger et 

al., 2018), and a range of reference instruments for PM10 and PM2.5. Sites used here in London 

and Birmingham are from the national Department for Environment, Food and Rural Affairs 

(Defra) Automatic Urban and Rural Network (AURN) (https://uk-

air.defra.gov.uk/data/data_selector; last accessed 28 January 2020) with additional sites in 

London from the King’s College London Air Quality Network (LAQN) 

(https://www.londonair.org.uk/london/asp/datadownload.asp; last accessed 9 March 2019), and 

in Birmingham from Ricardo Energy & Environment 

(https://www.airqualityengland.co.uk/local-authority/data?la_id=407; last accessed 24 January 

2020) and Birmingham City Council. Observations at the UK EMEP sites are from the EMEP 

Chemical Coordinating Centre (http://ebas.nilu.no/; last accessed 9 March 2019). 
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Measurements in India are limited to NO2, PM10 and PM2.5 monitoring sites maintained in Delhi 

by the Central Pollution Control Board (CPCB), India Meteorological Department (IMD) and 

Delhi Pollution Control Committee (DPCC), and in Kanpur by the Uttar Pradesh Pollution 

Control Board (UPPCB) and the Indian Institute of Technology (IIT) Kanpur (Gaur et al., 

2014). PM2.5 measurements at IIT Kanpur form part of the international Surface Particulate 

Matter Network (SPARTAN) (Snider et al., 2015; Weagle et al., 2018). Data from CPCB, IMD, 

DPCC, and UPPCB were downloaded from the CPCB site 

(https://app.cpcbccr.com/ccr/#/caaqm-dashboard/caaqm-landing; last accessed 5 February 

2020). NASA AErosol RObotic NETwork (AERONET) sun photometer AOD measurements 

(version 3.0, Level 2.0; https://aeronet.gsfc.nasa.gov/; last accessed 5 February 2020) are used 

to validate MODIS AOD at Chilbolton (UK) and Kanpur (India) (Holben et al., 1998; Giles et 

al., 2019).  

2.2.2 Earth Observations of Air Pollution 

OMI onboard the NASA Aura satellite, launched in October 2004, has a nadir spatial resolution 

of 13 km ´ 24 km, a swath width of 2600 km, and passes overhead twice each day. OMI is a 

UV-visible spectrometer and so only provides daytime observations (13h30 LT). Global 

coverage was daily in 2005-2009 and is every 2 days thereafter due to the row anomaly 

(http://projects.knmi.nl/omi/research/product/rowanomaly-background.php). We use the 

operational NASA OMI Level 2 product of tropospheric column NO2 for 2005-2018 (version 

3.0; doi:10.5067/Aura/OMI/DATA2017; last accessed 29 February 2020) (Krotkov et al., 

2017). Total columns of HCHO are from the Quality Assurance for Essential Climate Variables 

(QA4ECV) OMI Level 2 product for 2005-2018 (version 1.1; 

http://doi.org/10.18758/71021031; last accessed 15 February 2020) (De Smedt et al., 2018). 

We remove OMI NO2 scenes with cloud radiance fraction ³ 50 %, terrain reflectivity ³ 30 % 
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and solar zenith angle (SZA) ³ 85° (Lamsal et al., 2010) and OMI HCHO scenes with 

processing errors and processing quality flags not equal to zero (De Smedt et al., 2017). This 

removes scenes with cloud radiance fraction > 60 % and SZA > 80°. We apply additional 

filtering to remove scenes with cloud radiance fraction ³ 50 % to be consistent with the 

threshold applied to OMI NO2. This additional filtering removes 16 % of the data for London, 

19 % for Birmingham, 7 % for Delhi, and 8 % for Kanpur. 

IASI on the polar sun-synchronous Metop-A satellite, launched in October 2006 is an infrared 

instrument with a morning (09h30 LT) and nighttime (21h30 LT) overpass. It provides global 

coverage twice a day with circular 12 km diameter pixels at nadir and a swath width of 2200 

km. We use observations for the morning only, when the thermal contrast and sensitivity to the 

boundary layer is greatest (Clarisse et al., 2010; Van Damme et al., 2014). We use the Level 2 

reanalysis product of total column NH3 (version 3R) obtained with consistent meteorology 

(ERA5) for clear-sky conditions (cloud fraction < 10 %) (Van Damme et al., 2020). The earlier 

IASI NH3 product version (version 2R) was shown to be consistent with ground-based 

measurements of total column NH3 at 9 global sites (Dammers et al., 2016). 

The MODIS sensor onboard NASA’s Aqua satellite, launched in May 2002, has a swath width 

of 2330 km, crosses the Equator at 13h30 LT and provides near-daily global coverage. We use 

the Level 2 Collection 6.1 Dark Target daily AOD product at 550 nm and 3 km resolution 

(Remer et al., 2013; Wei et al., 2019) (https://ladsweb.modaps.eosdis.nasa.gov/; last accessed 

29 February 2020). We use only the highest quality AOD data (quality assurance flag of 3) 

(Munchak et al., 2013; Remer et al., 2013; Gupta et al., 2018). 
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 Consistency between Earth Observations and Surface Air Pollution 

Earth observation products retrieve column densities of pollutants throughout the atmospheric 

column (total for HCHO, AOD and NH3; troposphere for NO2), and are compared in what 

follows to surface concentrations from the surface monitoring network sites. This is to evaluate 

whether monthly variability in the column reproduces variability in surface concentrations 

before going on to use the satellite observations to quantify long-term trends in air pollution in 

the four cities. The majority of the enhancement in the column, with the exception of events 

like long-range transport, is near the surface (Fishman et al., 2008; Duncan et al., 2014). Sources 

of errors in retrieval of HCHO and NO2 column densities include uncertainties in simulated 

vertical profiles, and presence of clouds and aerosols (Boersma et al., 2004; Lin et al., 2015; 

Zhu et al., 2016; Silvern et al., 2018). Retrieval of NH3 column densities from IASI relies on 

thermal contrast between the Earth’s surface and atmosphere and a sufficiently large training 

dataset (Whitburn et al., 2016; Van Damme et al., 2017). Errors in retrieval of AOD include 

uncertainties in aerosol properties and atmospheric conditions in matching simulated and 

observed top-of-atmosphere radiances from single viewing angle instruments like MODIS 

(Remer et al., 2005; Levy et al., 2007; 2013). To the extent that errors are random, these are 

reduced with temporal and spatial averaging.  

In what follows, city-average OMI NO2 and MODIS AOD are compared to representative city-

average surface concentrations of NO2 in all four cities, and PM2.5 in London and Birmingham. 

IASI NH3 is compared to coincident surface observations of NH3 at UK EMEP sites (Figure 

2.1).  
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2.3.1 Assessment of OMI NO2 

Data for NO2 in the UK include 152 monitoring sites in London, 8 in Birmingham, 37 in Delhi, 

and 2 in Kanpur (Figure 2.1). The data we use for London and Birmingham have been 

independently ratified, but we still find and remove spurious NO2 observations. These include 

persistent (> 24 hours) low (< 1 µg m-3) values that do not exhibit diurnal variability. This 

occurs at fewer than 10 % of the sites and accounts for at most 1 % of the data at these sites. 

We identified that NO2 data from DPCC and CPCB (Delhi) and from UPPCB (Kanpur) 

networks are inconsistently reported in either ppbv or µg m-3. As information on the units of 

the individual data are not provided, we determine whether NO2 is reported in ppbv or µg m-3 

by regressing total NOx (reported throughout in ppbv, following the CPCB protocol (CPCB, 

2015)) against the sum of the reported NO and NO2. We identify that NO2 reported in ppbv (29 

% of DPCC, 10 % of CPCB and 74 % of UPPCB data) populates along the 1:1 line and so we 

convert these to µg m-3 using 1.88 µg m-3 ppbv-1. The same unit inconsistency does not exist 

for the IMD NO2 data. These are reported throughout in ppbv and so are converted to µg m-3.   

We only consider surface observations coincident with the OMI record (2005-2018), around 

the satellite overpass (12h00-15h00 LT). We find that NO2 declines at most sites in London 

(ranging from -0.8 to -3.6 % a-1) and Birmingham (-1.1 to -3.8 % a-1), with the exception of a 

few sites influenced by local sources. These include Marylebone Road in central London and 

Moor Street in Birmingham City Centre. Both are impacted by dense traffic and development 

projects (Carslaw et al., 2016; Harrison and Beddows, 2017). We find that NO2 increases in 

Moor Street by 6.8 % a-1 from 2013 to 2017. There are too few long-term sites in Delhi and 

Kanpur to determine trends at individual sites. We do not filter out sites based on site 

classification, as this information is not readily available for sites in India. Instead, we remove 
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sites influenced by local effects and not consistent with month-to-month variability 

representative of the city. This we do by detrending surface NO2 at each site, cross-correlating 

the detrended data for each site, and selecting sites with consistent month-to-month variability 

(R > 0.5) in the detrended data. The original surface NO2 (including the trend) at the selected 

sites are then used to obtain city-average monthly mean NO2 for comparison to OMI NO2.  

 

The selected sites are shown as triangles in Figure 2.1. Filtering for spurious data and selection 

of consistent sites leads to 14 years of data at 46 sites in London, 5.5 years of data at 6 sites in 

Birmingham, and 8 years of data at 5 sites in Delhi. There are only 2 sites in Kanpur, but these 

are not consistent for the brief period of overlap (R < 0.5 for 2011-2012), so we choose the site 

with the longest record (2011-2018). For the period of overlap for London and Birmingham 

(2011-2016), mean city-average midday NO2 is 42.8 µg m-3 for London and 26.5 µg m-3 for 

Birmingham. For Delhi and Kanpur (2011-2018 overlap), mean city-average midday NO2 is 

91.9 µg m-3 for Delhi and 48.4 µg m-3 for Kanpur.  

 

We sample satellite observations within the administrative boundaries of the four cities (Figure 

2.1) to capture the domain that policymakers would target and assess. This is extended a few 

km beyond the administrative boundary for Birmingham, as otherwise there are too few 

observations due to frequent clouds and small city size (~300 km2). Error-weighted OMI NO2 

monthly means are estimated for individual pixels centred within the administrative boundaries 

(including 6.5 km beyond for Birmingham). Months with < 5 observations are removed. The 

number of months retained is 77 % for Birmingham, > 90 % for London, and > 95 % for Delhi 

and Kanpur. 
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Figure 2.2 Assessment of OMI NO2 with ground-based NO2. Points are monthly means of city-
average NO2 from OMI and the surface networks for London (top and centre left), Birmingham 
(top and centre right), Delhi (bottom left), and Kanpur (bottom right). UK cities include panels 
with all months except December-February (DJF) (top) and DJF only (centre). Data for all 
months are given for cities in India. The red line is the standard major axis (SMA) regression. 
Values inset are Pearson’s correlation coefficients and regression statistics. Relative errors on 
the slopes and intercepts are the 95 % confidence intervals (CI). 

Figure 2.2 compares OMI and surface NO2. The comparison for London and Birmingham is 

divided into months excluding winter (December-February) and winter months only. Factors 

that contribute to seasonality in the relationship between tropospheric column and surface NO2 

in locations with large seasonal shifts in temperature and solar insolation include reduced 

photolysis rates leading to longer NOx lifetime in winter than summer (Boersma et al., 2009; 

Kenagy et al., 2018; Shah et al., 2020) and a lower mixed layer height in winter than summer 
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contributing to accumulation of pollution. Maximum mixed layer height for London is 900 m 

in winter compared to 1500 m in summer (Kotthaus and Grimmond, 2018). The slope for 

Birmingham in winter (0.43 × 1015 molecules cm-2 (µg m-3)-1) is steeper than that for non-winter 

months (0.27 × 1015 molecules cm-2 (µg m-3)-1), but the difference is not significant. The surface 

NO2 measurements are also susceptible to interferences (positive biases) from thermal 

decomposition of NOx reservoir compounds such as peroxyacetyl nitrates in 

chemiluminescence instruments that use heated molybdenum catalysts (Dunlea et al., 2007; 

Reed et al., 2016). The effect is worse in winter than summer in London and Birmingham due 

to abundance of NOx reservoir compounds in winter (Lamsal et al., 2010). OMI and surface 

NO2 monthly variability is consistent (R = 0.51-0.71), except for London in winter (R = 0.33). 

The correlation degrades (R = 0.40 for London, R = 0.54 for Birmingham) if all months are 

considered. The seasonal dependence of the relationship between satellite and surface NO2 

affects the ability to use OMI NO2 to infer seasonality in the underlying NOx emissions. The 

same consistency in monthly mean OMI and surface NO2 in non-winter months (R ³ 0.6) has 

also been found over the UK city Leicester (surface area 73 km2) (Kramer et al., 2008). Data 

for all months are used for Delhi and Kanpur, as there is less variability in mixed layer height 

in India than the UK. Seasonal mean maximum planetary boundary layer height in Delhi varies 

from 1200 m in winter to 1400 m during monsoon months (Nakoudi et al., 2019). Month-to-

month variability in tropospheric column and surface NO2 (Figure 2.2) is consistent in Delhi 

(R = 0.55) and Kanpur (R = 0.52). OMI NO2 exhibits much greater variability for an increment 

change in surface NO2 in the UK than in India, resulting in order-of-magnitude lower slopes 

for Delhi and Kanpur (0.033 and 0.039 × 1015 molecules cm-2 (µg m-3)-1) than for London and 

Birmingham (0.35 and 0.27 × 1015 molecules cm-2 (µg m-3)-1) (Figure 2.2). This difference is 

likely due to a combination of representativeness of surface sites and systematic biases in the 
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OMI NO2 retrieval. In Delhi, the proportion of sites used in Figure 2.2 that measure the 

relatively lower concentration range of NO2 (annual mean NO2 < 50 µg m-3) is just 20 % 

compared to 74 % for London, leading to a positive bias in city-average surface NO2 in Delhi. 

In Kanpur, we use only one site located 600 m from a national highway. Aerosols are not 

explicitly accounted for in the OMI NO2 retrieval (Krotkov et al., 2017). For very polluted cities 

like Delhi and Kanpur, this can lead to ~20% underestimate in OMI NO2 (Choi et al., 2020; 

Vasilkov et al., 2020).  

2.3.2 Assessment of IASI NH3 

Figure 2.3 compares monthly mean IASI and surface NH3 at the three UK EMEP sites. IASI is 

sampled up to 20 km around the surface site following the approach of Dammers et al. (2016) 

and surface observations are sampled around the IASI morning overpass (08h00-11h00 LT) on 

days with coincident IASI observations. As with NO2, only months with more than 5 

observations are used. 38 % of months are retained for Auchencorth Moss, 62 % for Harwell 

and 61 % for Chilbolton Observatory. For the months retained, average NH3 is 1.6 µg nitrogen 

(N) m-3 for Auchencorth Moss, 2.5 µg N m-3 for Harwell and 6.1 µg N m-3 for Chilbolton

Observatory. Chilbolton is southwest of mixed farmland, contributing to levels of NH3 about 3 

times higher than at Harwell (Walker et al., 2019). Harwell has more dynamic range in NH3 

and stronger correlation (R = 0.69) than the other two sites (R = 0.37 for Auchencorth Moss; R 

= 0.50 for Chilbolton Observatory). Weak correlation at Auchencorth Moss may be because 

surface NH3 concentrations are near the instrument detection limit (monthly mean NH3 < 2.0 

µg N m-3) and also because of low thermal contrast between the surface and overlying 

atmosphere (Van Damme et al., 2015; Dammers et al., 2016). The slope for Auchencorth Moss 

(4.02 × 1015 molecules cm-2 (µg N m-3)-1) is steeper than the slopes observed at sites with greater 

surface concentrations of NH3 (Harwell = 2.23 × 1015 molecules cm-2 (µg N m-3)-1 and 
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Chilbolton = 2.07 × 1015 molecules cm-2 (µg N m-3)-1). Steeper slopes for sites with relatively 

low NH3 concentrations is consistent with assessment of earlier IASI NH3 product versions 

(Van Damme et al., 2015; Dammers et al., 2016).    

Figure 2.3 Assessment of IASI NH3 with ground-based NH3 at UK EMEP sites. Points are 
monthly means from IASI and the surface sites Auchencorth Moss (left), Harwell (middle) and 
Chilbolton Observatory (right). The red line is the SMA regression. Values inset are Pearson’s 
correlation coefficients and regression statistics. Relative errors on the slope and intercept are 
the 95 % CI. Locations of UK EMEP sites are indicated in Figure 2.1. 

2.3.3 Assessment of MODIS AOD 

Figure 2.4 compares city-average monthly means of MODIS AOD and PM2.5 for London in 

2009-2018 and for Birmingham in 2009-2017. We use PM2.5 data from 24 sites in London and 

8 sites in Birmingham. We add 2 more Birmingham sites by deriving PM2.5 from PM10 at 2 sites 

with only PM10 measurements. We use a conversion factor of 0.85 (PM2.5 = 0.85 ´ PM10) that 

we obtain from the slope of SMA regression of hourly PM2.5 and PM10 at 6 sites in Birmingham 

with both measurements. We use a similar approach as applied to NO2 to assess AOD. Only 

surface observations around the satellite overpass (12h00-15h00 LT) and with consistent 

detrended month-to-month variability (R > 0.5) are retained to obtain city-wide monthly mean 

PM2.5. This results in 20 sites in London for 2009-2018 and 5 sites in Birmingham for 2009-

2017. Mean midday city-average PM2.5 for the period of overlap (2009-2017) is 13.7 µg m-3 in 

London and 11.3 µg m-3 in Birmingham. MODIS AOD monthly means are estimated for 
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London by averaging the pixels centred within its administrative boundary and for Birmingham 

within and 6.5 km beyond the administrative boundary, as with OMI NO2 (Section 3.1). We 

remove months with < 160 observations; equivalent in spatial coverage to 5 OMI pixels at nadir 

(the threshold used for OMI). After filtering, 53 % of months are removed for London and 72 

% for Birmingham, mostly in winter. Fewer months than OMI are retained, as MODIS uses 

stricter cloud filtering. The correlations in Figure 2.4 are weak (R = 0.34 for London, R = 0.23 

for Birmingham) and do not improve if we apply a less strict threshold for the number of 

observations required to calculate monthly means. The poor correlation may be due to 

environmental factors that complicate the relationship between AOD and surface PM2.5, such 

as variability in meteorological conditions, aerosol composition, enhancements in aerosols 

above the boundary layer, and the aerosol radiative properties (Schaap et al., 2009; van 

Donkelaar et al., 2016; Shaddick et al., 2018; Sathe et al., 2019). We find that the same 

assessment is not feasible for Delhi or Kanpur as the record of surface PM2.5 and PM10 in these 

cities is too short. 

Figure 2.4 Assessment of MODIS AOD with surface PM2.5 in London and Birmingham. Points 
are monthly means of city-average AOD from MODIS and PM2.5 from surface networks for 
London (left) and Birmingham (right). The red line is the SMA regression. Values inset are 
Pearson’s correlation coefficients and regression statistics. Relative errors on the slopes and 
intercepts are the 95 % CI. 
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Figure 2.5 compares time series of monthly mean city-average MODIS AOD and surface PM2.5 

in London (2009-2018) and Birmingham (2009-2017) to assess whether the weak correlation 

in Figure 2.4 affects agreement in trends of the two quantities. PM2.5 is longer lived than NO2, 

so trends in PM2.5 (lifetime order weeks) for the limited number of sites mostly located in central 

London should be more representative of variability across the city than the surface sites of 

NO2 (lifetime order hours against conversion to temporary reservoirs). The steeper decline in 

surface PM2.5 in Birmingham (3.7 % a-1) than in London (2.7 % a-1) is reproduced in the AOD 

record (3.7 % a-1 in Birmingham; 2.5 % a-1 in London), although the AOD trends are not 

significant. In the two UK cities, surface PM2.5 peaks in spring, whereas AOD peaks in the 

summer, determined from multiyear monthly means (not shown). There are too few PM2.5 

measurements in Delhi and Kanpur to compare long-term trends.  

We compare the MODIS AOD product against ground-truth AOD from AERONET at long-

term sites in Kanpur and Chilbolton to assess whether errors in satellite retrieval of AOD 

contribute to the weak temporal correlation between MODIS AOD and surface PM2.5. Daily 

AERONET AOD at 550 nm is estimated by interpolation using the second-order polynomial 

relationship between the logarithmic AOD and logarithmic wavelengths at 440, 500, 675 and 

870 nm (Kaufman, 1993; Eck et al., 1999; Levy et al., 2010; Li et al., 2012; Georgoulias et al., 

2016). AERONET is sampled 30 minutes around the MODIS overpass and MODIS is sampled 

27.5 km around the AERONET site (Levy et al., 2010; Petrenko et al., 2012; Georgoulias et al., 

2016; McPhetres and Aggarwal, 2018). Months with fewer than 160 MODIS observations are 

removed.  
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Figure 2.5 Time series of surface PM2.5 and MODIS AOD in 2009-2018 for London (left) and 
2009-2017 for Birmingham (right). Points are city-average monthly means of PM2.5 from the 
surface network (top) and AOD from MODIS (bottom). Black lines are trends obtained with 
the Theil-Sen single median estimator. Values inset are annual trends and p-values. Absolute 
errors on the trends are 95 % CI. Trends are considered significant at the 95 % CI (p-value < 
0.05). 

Figure 2.6 compares coincident AOD monthly means from MODIS and AERONET for Kanpur 

and Chilbolton. Monthly variability in MODIS and AERONET AOD is consistent at both sites 

(R ³ 0.8). MODIS exhibits no appreciable bias at Kanpur. There is positive variance (slope = 

1.4) at Chilbolton that may result from sensitivity to errors in surface reflectivity at low AOD 

(Remer et al., 2013; Bilal et al., 2018) and residual cloud contamination (Wei et al., 2018; 

2020). Mhawish et al. (2017) obtained similarly strong correlation (R = 0.8), but positive bias 

(26 %), of MODIS AOD at Kanpur from an earlier 3 km MODIS AOD product (Collection 6). 
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Figure 2.6 Validation of MODIS AOD with AERONET AOD in Kanpur and Chilbolton. 
Points are monthly means of MODIS and AERONET AOD for Kanpur (left) and Chilbolton 
(right). The red line is the SMA regression. Values inset are Pearson’s correlation coefficients 
and regression statistics. Relative errors on the slopes and intercepts are the 95 % CI. 

 Air Quality Trends in London, Birmingham, Delhi, and Kanpur 

The consistency we find between satellite and ground-based monthly mean city-average NO2 

(Figure 2.2) and rural NH3 (Figure 2.3), and trends in city-average PM2.5 (Figure 2.5) supports 

the use of the satellite record to constraint surface air quality. Variability in NO2, HCHO, and 

NH3 columns can also be related to precursor emissions of NOx, NMVOCs, and NH3 (Martin 

et al., 2003; Lamsal et al., 2011; Marais et al., 2012; Zhu et al., 2014; Dammers et al., 2019), 

as their lifetimes against conversion to temporary or permanent sinks are relatively short, 

varying from 1-12 hours depending on photochemical activity, abundance of pre-existing acidic 

aerosols, and proximity to large sources (Jones et al., 2009; Richter, 2009; Paulot et al., 2017; 

Van Damme et al., 2018). We adopt the same sampling approach as used to evaluate OMI NO2. 

That is, we sample the satellite observations within the city administrative boundaries for 
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London, Delhi and Kanpur, and extend the sampling domain for Birmingham beyond the 

administrative boundary by 6.5 km for OMI and MODIS and 10 km for IASI.  

We apply the Theil-Sen single median estimator to the time series and also test the effect of 

fitting a non-linear function (Weatherhead et al., 1998; van der A et al., 2006; Pope et al., 2018) 

to account explicitly for seasonality: 

𝑌! = 𝐴 + 	𝐵𝑋! + 𝐶 sin(𝜔𝑋! + ∅)	     (2-1) 

𝑌! is city-average satellite observations for month 𝑚, 𝑋! is the number of months from the 

start month (January 2005 for OMI and MODIS, and January 2008 for IASI), and 𝐴, 𝐵, 𝐶	and 

∅ are fit parameters. 𝐴 is the city-average satellite observations in the start month, 𝐵 is the 

linear trend, and [𝐶 sin(𝜔𝑋! + ∅)] is the seasonal component that includes the amplitude 𝐶, 

frequency 𝜔 (fixed to 12 months) and phase shift ∅. We only show the fit in Equation 2.1 if the 

trend B is different to that obtained with the Theil-Sen approach. The confidence intervals (CIs) 

for the Theil-Sen trends are estimated using bootstrap resampling and trends are considered 

significant for p-value < 0.05, that is, if the 95 % CI range does not intersect zero.  

Figure 2.7 shows the time series of monthly means of city-average OMI NO2 in the four cities 

for 2005-2018. Decline in OMI NO2 in both London and Birmingham is 2.5 % a-1 and is 

significant. In Delhi, the OMI NO2 increase is 2.0 % a-1 and is significant (p-value = 0.003), 

whereas the increase in Kanpur of 0.9 % a-1 is not (p-value = 0.06). The relationship between 

tropospheric column and surface NO2 in London and Birmingham exhibits seasonality (Figure 

2.2). This is in part due to seasonality in mixing depth. We find that excluding the winter months 
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in the time series has only a small effect on the trend. NO2 should exhibit seasonality in all 

cities due to seasonal variability in its lifetime and sources (van der A et al., 2008). The fit in 

Equation 2.1 yields significant seasonality for all cities (p-value < 0.05 for the amplitude of the 

seasonality, 𝐶), but the linear trends are similar to those in Figure 2.7: -2.4 % a-1 for London 

and Birmingham; unchanged for Delhi and Kanpur. 

Figure 2.7 Time series of OMI NO2 in 2005-2018 for London, Birmingham, Delhi and Kanpur. 
Points are city-average monthly means. Black lines are trends obtained with the Theil-Sen 
single median estimator. Values inset are annual trends and p-values. Absolute errors on the 
trends are 95 % CI. 

Comparison of the OMI NO2 trends in Figure 2.7 to surface observations is only possible for 

London, where there are 46 sites with consistent month-to-month variability representative of 

the city that operated continuously from 2005 to 2018. The trend obtained for OMI NO2 in 

London (-2.5 % a-1) is steeper than we estimate with the surface monitoring sites shown as 

triangles in Figure 2.1 (1.8 % a-1 for 2005-2018). Most sites are in central London, and NO2 

trends in outer London are 1.6 times steeper than in central London (Carslaw et al., 2011). The 
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decline in NO2 in the two UK cities is less than the rate of decline in national NOx emissions 

(3.8 % a-1) for 2005-2017 from the national bottom-up emission inventory (Defra, 2019a). This 

may reflect a combination of factors. There is less steep decline in NOx emissions in London 

compared to the national total that may in part be due to discrepancies between real-world and 

reported diesel NOx emissions (Fontaras et al., 2014), sustained heavy traffic in central London, 

and an increase in NO2-to-NOx emission ratios dampening decline in NO2 (Grange et al., 2017). 

There is also weakened sensitivity of the tropospheric column to changes in surface NO2 due 

to a gradual increase in the relative contribution of the free tropospheric background to the 

tropospheric column (Silvern et al., 2019). This weakening of the trend in the tropospheric 

column will likely be less in London than in Birmingham, due to greater local surface emissions 

in large cities such as London (Zara et al., 2021). The positive trends in Delhi and Kanpur likely 

reflect a 2-fold increase in vehicle ownership in Delhi (Govt. of Delhi, 2019), rapid 

industrialisation in Kanpur (Nagar et al., 2019), and limited effect of air quality policies on 

pollution sources. This is corroborated by NOx emissions compliance failures at more than 50 

% of coal-fired power plants in Delhi and the surrounding area (Pathania et al., 2018). The lack 

of trend reversal in Delhi, despite implementation of air quality policies, is consistent with the 

lack of trend reversal reported by Georgoulias et al. (2019). They used a 21-year record (1996-

2017) of multiple space-based sensors to estimate a significant and sustained increase in NO2 

of 3.1 % a-1 in Delhi. By the end of 2018, tropospheric column NO2 is similar in London and 

Delhi (5.7 × 1015 molecules cm-2; Figure 2.7) but OMI NO2 over India may be biased low, due 

to the presence of optically thick aerosols (AOD > 0.4; Figure 2.6) that are not explicitly 

accounted for in the retrieval (Section 3.1). 
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The direction of the trends for all four cities is consistent with other trend studies, with 

differences in the absolute size of the trend due to differences in instruments, time periods, and 

sampling domains. Pope et al. (2018) observed declines in OMI NO2 for 2005-2015 of 2.3 ± 

0.5 × 1014 molecules cm−2 a−1 for London and 1.1 ± 0.5 × 1014 molecules cm−2 a−1 for 

Birmingham. We obtain a similar trend for Birmingham but a steeper decline for London of 2.6 

× 1014 molecules cm−2 a−1 using our sampling domain for 2005-2015, though the difference is 

not significant. Schneider et al. (2015) obtained less steep and non-significant changes in NO2 

in London (-1.7 ± 1.2 % a-1) and Delhi (1.4 ± 1.2 % a-1) from the SCanning Imaging Absorption 

spectroMeter for Atmospheric CHartographY (SCIAMACHY) for 2002-2013. Trends in OMI 

NO2 for 2005-2014 from ul-Haq et al. (2015) are similar to ours for Delhi (2.0 % a-1) but lower 

for Kanpur (0.2 % a-1). Studies have also combined multiple instruments to derive trends since 

the mid-1990s. These find decreases in NO2 over London of 0.7 % a-1 for 1996-2006 (van der 

A et al., 2008) and 1.7 % a-1 for a longer observing period (1996-2011) (Hilboll et al., 2013), 

and a consistent increase for Delhi of 7.4 % a-1 in 1996-2006 (van der A et al., 2008) and 1996-

2011 (Hilboll et al., 2013); much steeper than ours in Figure 2.7. 

   

Figure 2.8 shows time series of monthly means of city-average IASI NH3 in the four cities for 

2008-2018. Mean IASI NH3 is 15-20 times more in Delhi and Kanpur than in London and 

Birmingham due to larger emissions of NH3 in the IGP, higher ambient temperatures promoting 

volatilization of NH3, and greater sensitivity of IASI to NH3 due to greater thermal contrast 

between the surface and the atmosphere over India (Van Damme et al., 2015; Dammers et al., 

2016; Wang et al., 2019). IASI NH3 decreases by 0.1 % a-1 in Kanpur, 0.6 % a-1 in Birmingham 

and 2.4 % a-1 in London, and increases by 0.5 % a-1 in Delhi. None of the trends are significant. 

Measurements of surface NH3 from continuous monitors deployed in Delhi in April 2010 to 
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July 2011 exhibit the same seasonality as IASI NH3, peaking in the monsoon season (July-

September) (Singh and Kulshrestha, 2012). We investigated the effect of NH3 seasonality on 

the trend using Equation 2.1 (grey solid lines in Figure 2.8). Similar to NO2, all four cities show 

significant seasonality (p-value < 0.05 for the amplitude of the seasonality, 𝐶). The linear trends 

(grey dashed lines in Figure 2.8) are more positive than those obtained with Theil-Sen for all 

four cities, but are still not significant. This leads to a trend reversal in Kanpur (+1.0 % a-1) and 

Birmingham (+2.1 % a-1), steeper increase in Delhi (+3.7 % a-1), and a less negative trend in 

London (-0.6 % a-1).   

Relating trends in NH3 columns to trends in NH3 emissions is complicated by partitioning of 

NH3 to aerosols to form ammonium and dependence of this process on pre-existing aerosols 

that have declined in abundance across the UK due largely to controls on precursor emissions 

of SO2 (Vieno et al., 2014). Harwell and Auchencorth Moss include measurements of gas-phase 

NH3 and aerosol-phase ammonium in PM2.5. These exhibit large and distinct seasonality, so we 

use Equation 2.1 to estimate changes of -0.096 µg N m-3 a-1 for ammonium and +0.031 µg N 

m-3 a-1 for NH3 at Auchencorth Moss in 2008-2012 and similar changes at Harwell in 2012-

2015 of -0.10 µg N m-3 a-1 for ammonium and +0.035 µg N m-3 a-1 for NH3. Only the decline 

in ammonium at Auchencorth Moss is significant. This suggests the increase in rural NH3 

includes contributions from unregulated agricultural emissions and reduced partitioning of NH3 

to pre-existing aerosols. The opposite trend (decline) in NH3 in London obtained with Theil-

Sen and Equation 2.1 (Figure 2.8) may be because decline in local vehicular emissions of NH3 

with a shift in catalytic converter technology (Richmond et al., 2020) outweighs the increase in 

NH3 from waste and domestic combustion (Defra, 2019a), and nearby agriculture (Vieno et al., 

2016) and offsets reduced partitioning of NH3 to acidic aerosols with decline in sulfate. The 
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opposite effect would be expected in Delhi due to nation-wide increases in SO2 emissions and 

sulfate abundance (Klimont et al., 2013; Aas et al., 2019). That is, the increase in NH3 emissions 

may be steeper than the increase in NH3 columns in Figure 2.8 due to a corresponding increase 

in partitioning of NH3 to pre-existing aerosols as these become more abundant.  

Figure 2.8 Time series of IASI NH3 in 2008-2018 for London, Birmingham, Delhi and Kanpur. 
Points are city-average monthly means. Black lines are trends obtained with the Theil-Sen 
single median estimator. The grey lines are the fit (solid) and trend component (B) (dashed) 
obtained with Equation 2.1. Values inset are annual trends and p-values for the Theil-Sen fit (in 
black) and annual trends obtained with Equation 2.1 (grey). Trend errors (not shown) exceed 
±150 % in all cities.  
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Figure 2.9 Time series of OMI HCHO for London, Birmingham, Delhi and Kanpur. Points are 
city-average monthly means of OMI HCHO after removing the background contribution (see 
text for details). Solid black lines are trends for 2005-2018 obtained with the Theil-Sen single 
median estimator. Values inset are annual trends and p-values. Absolute errors on the trends are 
95 % CI. Dashed red lines show trend lines for London in 2005-2011 and 2012-2018 and red 
text are corresponding annual trends. 

Figure 2.9 shows the time series of city-average monthly mean OMI HCHO for the four cities 

for 2005-2018 after removing the background contribution from oxidation of methane and other 

long-lived VOCs to isolate variability in the column due to reactive NMVOCs (Zhu et al., 

2016). A representative background is obtained as monthly mean OMI HCHO over the remote 

Atlantic Ocean (25-35° N, 35-45° W) for the UK and the remote Indian Ocean (10-20° S, 70-

80° E) for India. The non-linear function in Equation 2.1 is fit to these background HCHO 

values and used to subtract the background contribution, as in Marais et al. (2012), from the 

city-average monthly means. OMI HCHO columns from oxidation of reactive NMVOCs in 

Delhi and Kanpur are almost twice those in London and Birmingham due to a combination of 

unregulated sources (Venkataraman et al., 2018) and high temperatures enhancing emissions 

of isoprene, a dominant HCHO precursor in India (Surl et al., 2018; Chalilyakunnel et al., 
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2019). The trends suggest reactive NMVOCs emissions have decreased in Birmingham (1.6 % 

a-1) and increased in London (0.5 % a-1), Delhi (1.9 % a-1) and Kanpur (1.0 % a-1). Only Delhi

has a significant trend. The spread in values increases for Delhi and Kanpur from 19-24 % 

relative to the trend line in 2005 to 31-40 % in 2018. The change in the spread of values does 

not appear to be due to loss of data resulting from the row anomaly, as the change in the spread 

of HCHO over time is similar if we remove all pixels affected by the row anomaly for the entire 

data record (2005-2018). OMI HCHO slant columns (HCHO along the instrument viewing 

path) remain relatively stable throughout the OMI record (Zara et al., 2018), so the increase in 

variability may reflect more extreme emissions from seasonal sources like open fires in the IGP 

(Jethva et al., 2019). The trends from satellite observations of HCHO in megacities obtained by 

De Smedt et al. (2010) using multiple instruments for 1997-2009 are consistent with ours for 

Delhi (1.6 ± 0.7 % a-1), but opposite for London (-0.4 ± 2.1 % a-1). There is a shift in the 

magnitude of the HCHO trend for London around 2011 (Figure 2.9) from an increase of 0.3 % 

a-1 (p-value = 0.9) in 2005-2011 to a rapid increase of 9.3 % a-1 (95% CI: 0-26% a-1) in 2012-

2018. Visually the data suggest a decline in OMI HCHO in 2005-2011, as in De Smedt et al. 

(2010), but our trend estimate for 2005-2011 is affected by a limited analysis period and large 

interannual variability.  

According to the UK bottom-up emission inventory, national NMVOCs emissions decreased 

by 2.4 % a-1 from 2005 to 2017 (Defra, 2019a). This is supported by decline in short-chain 

hydrocarbons measured at Harwell from 2-3 µg m-3 in 2008 to 0.8-0.9 µg m-3 in 2015. These 

include hydrocarbons from vegetation (isoprene and monoterpenes) and vehicles (light alkanes 

and aromatics), but exclude oxygenated VOCs (OVOCs) that in the UK include increasing 

contributions from domestic combustion, the food and beverage industry, and household 
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products (Defra, 2019a). OVOCs have relatively high HCHO yields (Millet et al., 2006) and 

VOC concentrations measured during field campaigns in London and cities in India, including 

Delhi, are dominated by OVOCs (> 60 % in London) (Valach et al., 2014; Sahu et al., 2016; 

Wang et al., 2020). In London, OVOCs also dominate inferred fluxes of VOCs (Langford et 

al., 2010) and reactivity of VOCs with the main atmospheric oxidant, OH (Whalley et al., 2016). 

The rapid increase in HCHO also has implications for ozone air pollution and the radical budget 

in London, as ozone formation is VOC-limited and HCHO photolysis is the second largest 

source of hydrogen oxide radicals (HOx º OH + HO2) in London (Whalley et al., 2018). 

Figure 2.10 shows the time series of city-average MODIS AOD monthly means in the four 

cities for 2005-2018. Trends in AOD are significant in all four cities and range from a decline 

of 4.2 % a-1 in Birmingham to an increase of 3.1 % a-1 in Kanpur. Mean AOD in Delhi and 

Kanpur is on average 5-6 times more than in London and Birmingham, due to large local 

anthropogenic emissions, nearby agricultural emissions of PM2.5 and its precursors in the IGP, 

and long-range transport of desert dust (David et al., 2018). Our results, as absolute AOD trends 

for London (-0.004 a-1) and Birmingham (-0.007 a-1) for 2005-2018, are similar to trends 

obtained by Pope et al. (2018) for 2005-2015 (-0.006 a-1 for London; -0.005 a-1 for 

Birmingham). Our trends for both cities in India are less steep than the increase for Delhi (4.9 

% a-1) obtained for 2000-2010 with the MODIS 10 km AOD product (Ramachandran et al., 

2012) and for Kanpur (10.3 % a-1) obtained for 2001-2010 with AERONET AOD at the Kanpur 

AERONET site (Kaskaoutis et al., 2012). This may reflect a recent dampening of the trend or 

differences in data products and sampling domain/period. Sulfate from coal-fired power plants 

in India makes a large contribution to PM2.5 (Weagle et al., 2018) and emissions from these 

nearly doubled from 2004 to 2015 (Fioletov et al., 2016).  
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Figure 2.10 Time series of MODIS AOD for London, Birmingham, Delhi and Kanpur. Points 
are city-average monthly means. Black lines are trends obtained with the Theil-Sen single 
median estimator. Values inset are annual trends and p-values. Absolute errors on the trends are 
95 % CI. 

Conclusions 

Satellite observations of atmospheric composition provide long-term and consistent global 

coverage of air pollutants. We assessed the ability of satellite observations of nitrogen dioxide 

(NO2) and formaldehyde (HCHO) from OMI for 2005-2018, ammonia (NH3) from IASI for 

2008-2018, and aerosol optical depth (AOD) from MODIS for 2005-2018 to provide constraints 

on long-term changes in city-average NO2, reactive NMVOCs, NH3, and PM2.5, respectively in 

four cities: 2 in the UK (London and Birmingham) and 2 in India (Delhi and Kanpur). 

Assessment of satellite observations against ground-based measurements followed careful 

screening of the in-situ measurements for poor quality data, correcting NO2 data reported in 

inconsistent units at monitoring sites in Delhi and Kanpur, and removing sites influenced by 

local sources. OMI NO2 reproduces monthly variability in surface concentrations of NO2 in 
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cities, whereas satellite AOD reproduces trends, but not monthly variability, in PM2.5 in cities. 

MODIS and AERONET AOD are consistent at long-term monitoring sites in Kanpur and a UK 

EMEP site in southern England. IASI NH3 is consistent with monthly variability in surface NH3 

concentrations at two of three rural UK EMEP sites. There were no appropriate measurements 

of reactive NMVOCs to compare to OMI HCHO.  

 

According to the long-term record from Earth observations, NO2, PM2.5, and NMVOCs 

increased in Delhi and Kanpur. There is no reversal in the increase in NO2 or PM2.5 in Delhi or 

Kanpur, as would be expected from successful implementation of air pollution mitigation 

measures. In all four cities, the magnitude and direction of trends in NH3 is sensitive to 

treatment of NH3 seasonality and none of the NH3 trends are significant. In London and 

Birmingham, NO2 and PM2.5 decrease, and HCHO, a proxy for reactive NMVOCs emissions, 

decreases in Birmingham, but exhibits a recent (2012-2018) sharp (> 9 % a-1) increase in 

London. This may reflect increased emissions of oxygenated VOCs and long-chain 

hydrocarbons from household products, the food and beverage industry, and residential 

fuelwood burning. This would have implications for formation of secondary organic aerosols 

(SOA) contributing to PM2.5, the radical (HOx) budget that includes large contribution from 

HCHO photolysis, and formation of surface ozone that is VOC-limited in London. 
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CHAPTER 3 

LARGE AND SIGNIFICANT INCREASES IN 

EXPOSURE TO AIR POLLUTION 

DETRIMENTAL TO HEALTH IN TROPICAL 

FUTURE MEGACITIES 
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Abstract 

Tropical cities are experiencing unprecedented population growth in the absence of effective 

environmental regulation. This has the potential to drastically increase exposure to air pollutants 

detrimental to health. Here we conduct targeted sampling of atmospheric composition over 46 

future and current megacities in the tropics to determine recent (2000s-2010s) changes in air 

pollution and population exposure leading to adverse health outcomes. We use satellite 

observations to estimate trends in nitrogen dioxide (NO2), ammonia, volatile organic 

compounds, fine particles (PM2.5), and ozone formation dependence on precursor emissions. 

We find that upward trends in air pollutants are overwhelmingly influenced by anthropogenic 

activity. In tropical cities in Asia and Southern Africa increases in urban air pollutants are 2-3 

times steeper than reported regional trends, and opposite in Northern Africa to the reported 

decline in regional air pollution attributed to recedence in biomass burning. Most striking is 

annual increases in population exposure to PM2.5 and NO2 of up to 23 % due in large part to 

urbanization rates of 2-10 % a-1 in Africa and 1-8 % a-1 in Southeast Asia. Steep, significant 

increases in NO2 also pose a challenge for mitigating already severe ozone pollution, as ozone 

formation in some cities should transition from strongly NOx-sensitive to the difficult to 

regulate VOC-sensitive regime as early as 2025. The COVID-19 pandemic has demonstrated 

that healthcare systems in tropical countries are vulnerable to the looming health crisis 

supported by our exposure trends. We also now have advanced technology to develop without 

environmental destruction, but urgent action is needed. 
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Introduction 

More than 40 % of the global population resides in the tropics (UN, 2018). Of those, less than 

half are in urban areas, though this is expected to exceed 50 % by 2050 due to steep rates of 

urbanization and unprecedented population growth (UN, 2018). By 2100, 51 of the 70 global 

megacities are projected to be in the tropics, mostly in Africa and Asia (Hoornweg and Pope, 

2017). This has the potential for severe impacts on air quality and climate, as megacities 

represent an overwhelming contribution to carbon and air pollutant emissions (Duren and 

Miller, 2012; Krzyzanowski et al., 2014). Many countries in tropical Asia and Africa are yet to 

implement robust policies and necessary infrastructure to monitor and mitigate air pollution 

(Fang et al., 2020). Even where policies exist, such as in large cities in India, there is limited 

evidence of remediation (Vohra et al., 2021a). Knowledge of recent trends in precursors, 

abundance, and population exposure to air pollution in these rapidly growing cities is crucial 

for demonstrating the scale of air quality degradation to hasten adoption of sustainable 

mitigation measures and avoid repeating past air pollution health crises.  

Ambient air pollution in much of the tropics is dominated by widespread, intense seasonal open 

burning of biomass (Aghedo et al., 2007; Yin et al., 2019). The contribution from anthropogenic 

activity varies regionally and is greatest in Asia, predominantly from residential combustion 

and industrial activity (Reddington et al., 2019; Yin et al., 2019). Air pollution in Africa is also 

influenced by natural sources (desert dust and biogenic emissions) and residential and 

commercial production and use of solid fuels (Marais and Wiedinmyer, 2016; Bauer et al., 

2019; Bockarie et al., 2020). Combined rapid growth in anthropogenic activity and tropical 
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deep convective injection of pollutants and precursors to the free troposphere also has the 

potential to greatly influence global chemistry and climate (Thompson et al., 1997).  

Exposure to ambient fine particulate pollution (PM2.5) is already a leading environmental health 

risk in many countries in the tropics (Stanaway et al., 2018; Fang et al., 2020). More than 30 % 

of premature deaths in Asia are attributable to exposure to PM2.5 from fossil fuel combustion 

alone (Vohra et al., 2021b) and 170,000 global premature infant deaths, mostly in South Asia 

and sub-Saharan Africa, have been attributed to exposure to ambient PM2.5 (HEI, 2020). Annual 

mean population-weighted PM2.5 for the tropics is almost 3 times the WHO guideline (World 

Bank, 2019), though this was determined with very few measurements; < 1 monitor per million 

people in many tropical countries (Martin et al., 2019). The density of monitors has improved 

with deployment of low-cost sensors and additional reference-grade instruments (Brauer et al., 

2019; Sahu et al., 2021), but large data gaps and data quality and access issues persist. India, 

for example, has an extensive network of monitors operated and maintained by local and 

national authorities and research institutions, but use of these for informing policies is hindered 

by data quality issues for the national network (Brauer et al., 2019; Vohra et al., 2021a) and 

restricted access to data collected by research institutions.  

Satellite observations provide long-term, consistent global observations of a range of chemical 

components of the atmosphere. These can be used to estimate long-term changes in abundance 

of surface air pollutants, in precursor emissions of short-lived pollutants (Duncan et al., 2016; 

Van Damme et al., 2020), and in sensitivity of ozone formation to source types for informing 

policy measures to regulate already severe ozone pollution in the tropics (Aghedo et al., 2007). 
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As we also demonstrate in this work, these can be directly combined with population data to 

determine trends in city population exposure to PM2.5 and nitrogen dioxide (NO2) that are both 

detrimental to health.  

The 46 cities in tropical Africa, the Middle East and Asia that are projected to be megacities 

(population of at least 10 million) by 2100 are shown in Figure 3.1. Only 12 are megacities 

now, mostly in India. Forecast population growth rates from 2020 to 2100 range from 3-31 % 

a-1 in Africa, 1 % a-1 for Riyadh and 8 % a-1 for Sana’a in the Middle East, 0.8-3 % a-1 in South

Asia, and 0.5-7 % a-1 in Southeast Asia. The largest cities, forecast to surpass 50 million 

inhabitants by 2100, include Lagos (80 million) in Nigeria, Dar es Salaam (62 million) in 

Tanzania, Kinshasa (60 million) in the Democratic Republic of the Congo, and Mumbai (58 

million) in India. There are also 5 cities in Central and South America that are already 

megacities, but our focus is on the cluster of cities in Asia, Africa and the Middle East due to 

their much faster projected growth (Hoornweg and Pope, 2017). 

Figure 3.1 Projected population growth for cities in the tropics (25°S-25°N) anticipated to be 
megacities (population ³ 10 million) by 2100. Circle sizes indicate 2100 population and colors 
2100-to-2020 population ratios. Data for 2100 are from Hoornweg and Pope (2) and for 2020 
from the UN (1). Boxes discern cities in South Asia (red) and Southeast Asia (green). 
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Here we use more than a decade of satellite observations of atmospheric composition to 

determine recent (2000s-2010s) trends in air pollution abundances and precursor emissions, 

and urban population exposure to PM2.5 and NO2 in fast-growing tropical cities in Africa, Asia 

and the Middle East to signal an emerging health and environmental crisis that demands urgent 

action.  

Materials and Methods 

3.2.1 Satellite Datasets, City Sampling and Trend Estimates 

We use Earth observations of tropospheric column nitrogen dioxide (NO2) and total column 

formaldehyde (HCHO) from the Ozone Monitoring Instrument (OMI), attenuation of light by 

aerosols throughout the atmospheric column or aerosol optical depth (AOD) from the Moderate 

Resolution Imaging Spectroradiometer (MODIS), and total column NH3 from the Infrared 

Atmospheric Sounding Interferometer (IASI) to determine trends in air quality, precursor 

emissions, and population exposures over the rapidly growing tropical cities identified in Figure 

3.1. The record of observations we use is for 2005-2018 from OMI and MODIS, and for 2008-

2018 from IASI. Table 3.1 provides additional details of the instrument features, satellite data 

products, and data quality flags used to process the data. In our previous work, we demonstrated 

that space-based observations of tropospheric column NO2 and total column NH3 reproduce 

month-to-month variability in surface concentrations of these and that satellite observations of 

AOD reproduce long-term trends in surface observations of PM2.5 (Vohra et al., 2021a). The 

same assessment of the skill of satellite observations of HCHO at reproducing changes in 

surface concentrations of reactive non-methane volatile organic compounds (NMVOCs) was 
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not possible, as measurements of reactive NMVOCs are sparse in space and time and routine 

measurements are limited to hydrocarbons.  
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Table 3.1 Satellite data products used to determine trends in NO2, reactive NMVOCs, NH3 and PM2.5 for fast-growing cities in the tropics 

Instrument Launch platform Launch date Swath width Measurement Data product name Pixel resolutiona Overpass timeb Global coveragec Data retained 

OMId Aura October 2004 2600 km NO2 NASA SP v4.0e 13 km × 24 km 13h30 LST Every 2 daysf cloud fraction < 50 % 

terrain reflectivity < 30 % 

solar zenith angle < 85° 

HCHO QA4ECV v1.3g processing error flag = 0 

processing quality flag = 0 

cloud fraction < 50 % 

IASIh Metop-A October 2006 2130 km NH3 v3Ri 12 kmj 09h30 LST Daily cloud fraction < 10 % 

MODISk Aqua May 2002 2230 km AOD Merged SDS C6.1l 10 km × 10 km 13h30 LST Near-daily quality assurance flag = 3 

a At nadir, b Local solar time (LST), c for relevant satellite overpass time, d Ozone Monitoring Instrument, e NASA Standard Product version 4.0 (https://doi.org/10.5067/Aura/OMI/DATA2017; 
last access 18 March 2021), f Global coverage degraded from daily in 2005-2009 to every 2 days thereafter due to the row anomaly, g Quality Assurance for Essential Climate Variables version 
1.3 (https://doi.org/10.18758/71021031; last access 18 March 2021), h Infrared Atmospheric Sounding Interferometer, i Reanalysed IASI version 3.0.0 (https://iasi.aeris-data.fr/NH3R-
ERA5_IASI_A_data/; last access 20 March 2021), j Circular pixels at nadir, k Moderate Resolution Imaging Spectroradiometer, l Merged Scientific Data Set Collection 6.1 
(https://doi.org/10.5067/MODIS/MYD04_L2.061; last access 18 March 2021).
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We calculate city-wide monthly means by sampling satellite pixel centers that fall within the 

city boundaries using shapefiles mostly from the Database of Global Administrative Areas 

(GADM) version 3.6 (https://gadm.org/; last accessed 12 March 2021). Satellite data coverage 

can be low for smaller cities, exacerbated by persistent clouds in the tropics. We address this 

by extending the sampling domain beyond the city boundaries relative to the instrument pixel 

size (6.5 km for OMI and MODIS, 10 km for IASI), as in Vohra et al. (2021a), for the 22 

smallest tropical cities (indicated in Table S3.1). In our analysis, we only retain months with at 

least 5 pixels, as in Vohra et al. (2021a).  

We isolate the contribution of local HCHO sources (direct emissions and oxidation by reactive 

NMVOCs) to total column HCHO by subtracting the background column component due to 

oxidation of methane and other long-lived VOCs (Marais et al., 2012; Vohra et al., 2021a). We 

do this by calculating monthly mean background columns over remote ocean domains closest 

to the cities of interest that extend over the same latitudinal range as the selected cities (Figure 

S3.1), where feasible. This ensures consistent seasonality between the background column and 

columns over the target cities. We then apply the non-linear fit described in van der A et al. 

(2006) that accounts for seasonality in the time series to the monthly mean background HCHO 

and subtract the fitted values from the city-wide monthly means, as in Marais et al. (2012) and 

Vohra et al. (2021a).  

All atmospheric components of interest in this work exhibit a distinct seasonality in the tropics 

due to seasonality in photochemistry, planetary boundary layer dynamics, synoptic 



meteorological events such as monsoons, and sources such as biomass burning (Shah et al., 

2020; Van Damme et al., 2020; Vohra et al., 2021a). To account for this in the trend analysis, 

we fit the non-linear function from van der A et al. (2006) to the time series of city-wide 

monthly means. This is only applied to cities with > 30 % temporal coverage (> 50 months for 

OMI and MODIS, > 40 months for IASI). Trends are considered significant at the 95 % 

confidence interval (CI) (p-value < 0.05) if the CI range does not intersect zero.   

3.2.2 Trends in Biomass Burning and Anthropogenic Activity 

Intense regional open burning of biomass contributes to large seasonal enhancements in air 

pollution in the tropics. So, to determine whether biomass burning or anthropogenic activity 

influences trends in NO2, NH3 and reactive NMVOCs (Figure 3.2), we separate city-wide 

monthly means into months above and below the 75th percentile in each year. We find that 

months above 75th percentile values coincide with months known to be influenced by biomass 

burning in 22 of the cities in Figure 3.1 (indicated in Figure S3.2). These are December-March 

in Northern Africa and July-November in Southern Africa (Barbosa et al., 1999), and January-

April in South Asia and Southeast Asia north of the Equator and August-October in Southeast 

Asia south of the Equator (Vadrevu et al., 2015; Bhardwaj et al., 2016). We remove from these 

biomass burning months the contribution of anthropogenic sources determined as the annual 

means of the monthly data that fall below the 75th percentile for the corresponding year. We 

refer to the resultant values as biomass burning months and the values below the 75th percentiles 

as non-biomass burning or anthropogenic activity months. We also assess consistency in trend 

directions between biomass burning months obtained with our statistical approach and biomass 

burning activity as indicated by satellite-derived burned fraction. The burned fraction product 
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we use is Global Fire Emissions Database (GFED) version 4.1 that includes improved detection 

of small fires (v4.1s, https://globalfiredata.org/pages/data/; last accessed 22 April 2021) (Giglio 

et al., 2013). This is provided at 0.25° × 0.25° for 2005-2016. We calculate annual burned 

fraction over the 22 target cities by sampling GFEDv4.1s grids that overlap with the same 

sampling extent as the satellite observations and apply the linear Theil-Sen median estimator 

(Theil, 1950; Sen, 1968) to biomass burning months, non-biomass burning (anthropogenic 

activity) months, and annual burned fraction to calculate trends in these. 

3.2.3 Trends in Bottom-up Estimates of Anthropogenic Emissions 

Satellite observations of the relatively short-lived pollutants NO2 (lifetime of ~6 h against 

conversion to reservoir compounds), HCHO (lifetime of 2-3 h), and NH3 (lifetime of 2-15 h) 

provide constraints on precursor emissions of NOx, reactive NMVOCs and NH3 (Marais et al., 

2012; Duncan et al., 2016; Van Damme et al., 2018; Shah et al., 2020). We assess representation 

of these in bottom-up estimates of anthropogenic emissions and characterize possible 

anthropogenic sources contributing to the observed trends using the CEDSGBD-MAPS inventory 

(https://doi.org/10.5281/zenodo.3754964; last accessed 20 March 2021) developed for the US 

Health Effects Institute (HEI) Global Burden of Disease – Major Air Pollution Sources (GBD-

MAPS) project. It extends the record of emissions of the original Community Emissions Data 

System (CEDS) inventory (Hoesly et al., 2018) from 1970-2014 to 1970-2017 and improves 

representation of regional emissions by updating activity data and emission factors with data 

from other global, regional and national inventories (McDuffie et al., 2020). Anthropogenic 

emissions in CEDSGBD-MAPS are provided as monthly gridded (0.5° × 0.5°) values for 11 broad 

source sectors (McDuffie et al., 2020). We sum 16 of the 23 NMVOCs classes with atmospheric 

 88 



89 

lifetimes < 2 days to represent reactive NMVOCs emissions. We isolate annual total city 

emissions from CEDSGBD-MAPS by sampling grids in the same way as we do GFEDv4.1s burned 

fraction and calculate trends using the same Theil-Sen median estimator (Theil, 1950; Sen, 

1968). Emissions of NOx and reactive NMVOCs are compared to trends in OMI NO2 and the 

reactive NMVOCs component of OMI HCHO, respectively, for 2005-2017 and emissions of 

NH3 are compared to trends from IASI NH3 for 2008-2017. 

3.2.4 Trends in Population Exposure to Toxic Air Pollutants 

We determine trends in city population exposure to PM2.5 and NO2 by calculating annual city 

population pseudo-exposures to total column AOD and tropospheric column NO2 using the 

standard population exposure (Epop) formula:  

!!"! =#$
#

$%&
	(3-1). 

N is total population from the UN (UN, 2018) for the tropical cities in Figure 3.1 and C is the 

annual mean of the non-linear fit used to estimate trends in total column AOD as proxy for 

surface PM2.5 (Figure S3.3a) and in tropospheric column NO2 as proxy for surface NO2 (Figure 

3.2a). We calculate Epop at the record start (2005) and end (2018) to estimate relative trends in 

exposure. This approach draws on our previous findings that trends in satellite observations of 

column values are consistent with trends in surface concentrations (AOD for surface PM2.5, 

tropospheric column NO2 for surface NO2), even for cities where seasonality in AOD and PM2.5 

are decoupled (Vohra et al., 2021a).  
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 Results and Discussion 

3.3.1 Trends in Air Quality in Fast-Growing Tropical Cities 

Figure 3.2 shows recent trends in the short-lived pollutants NO2, ammonia (NH3) and reactive 

NMVOCs over these cities obtained from a long-term, consistent record of satellite 

observations (Table 3.1, Section 3.2.1). NO2 increases in almost all (41) cities, by 0.1-14.1 % 

a-1, and the trends are significant for 34 of these 41 cities (Figure 3.2a). NO2 triples over 

Chittagong (Bangladesh) and more than doubles over Antananarivo (Madagascar), Hanoi 

(Vietnam), Luanda (Angola) and Dhaka (Bangladesh). NO2 declines in 5 cities, though the 

downward trend is only appreciable and significant for Jakarta (-2.0 % a-1). This decline has 

already been identified using an earlier record of observations from the same satellite 

instrument (Lalitaporn et al., 2013; Duncan et al., 2016) and likely reflects emission controls 

imposed on vehicles since 2005 (Duncan et al., 2016; Kusumaningtyas et al., 2018). The record 

of NO2 for cities in Africa starts at ~60 % lower values than Asian cities, due to prevalence 

across Africa of inefficient combustion sources with relatively low NOx emissions (Marais and 

Wiedinmyer, 2016). In general, upward trends in NO2 cover a similar range in Africa (0.3-8.2 

% a-1) and Asia (0.8-7.7 % a-1, excluding 14.1 % a-1 for Chittagong). The directions of our NO2 

trends are consistent with previous studies that have focused on large cities around the world 

(Hilboll et al., 2013; Lelieveld et al., 2015; Schneider et al., 2015; Duncan et al., 2016; 

Georgoulias et al., 2019). This consistency includes trend reversals from positive to negative 

over Jakarta and Riyadh in 2011 and from negative to positive over Manila in 2009 (Lelieveld 

et al., 2015; Georgoulias et al., 2019). The significant increases in NO2 in Northwest African 

cities, ranging from 0.3 % a-1 over Conakry to 4.4 % a-1 over Niamey and Lagos, are opposite 

to the large regional decline in NO2 of 4.5 % a-1 reported by Hickman et al. (2021) for the same 
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instrument used here. They focused on the dry season (November-February) when there is 

intense and widespread open burning of biomass. 

As with NO2, NH3 increases in almost all cities in Africa, the Middle East, and Southeast Asia 

(Figure 3.2b). Known dominant sources include agricultural activity, vehicles, and burning of 

waste and biomass in all regions, and large-scale industrial fertilizer production in Asia (Van 

Damme et al., 2018; Clarisse et al., 2019). The increase in NH3 over Jakarta while NO2 declines 

could reflect absence of air quality policies targeting agriculture and biomass burning (Van 

Damme et al., 2020). Decline in NH3 in almost all South Asian cities coincides with increases 

in precursor (SO2) emissions of acidic sulfate aerosols that promote partitioning of NH3 to 

acidic aerosols to form PM2.5 and contribute to significant increases in PM2.5 of 2.5-7.8 % a-1 

(Figure S3.3a). In India, SO2 emissions, mostly from industry and coal-fired power plants, are 

estimated to have increased by 50 % from 2007 to 2016 (Li et al., 2017a). Aerosol partitioning 

of NH3 would also be promoted by an increase in abundance of acidic nitrate aerosol due to an 

increase in precursor emissions of NOx, supported by our positive trends in NO2 (Figure 3.2a). 

An increase in abundance of chlorine from plastic waste fires would also promote aerosol 

uptake of NH3 (Gunthe et al., 2021), but there are no routine measurements to quantify trends 

in chlorine abundance. Increases in waste generation and absence of effective waste 

management support an increase in chlorine emissions from this source (Hoornweg et al., 

2013). Karachi is the lone city in South Asia with an increase in NH3 of 2.9 % a-1, due to an 

increase in fertilizer use (Xu et al., 2018; Van Damme et al., 2020). The positive trend for 

Karachi is consistent with a regional increase in NH3 across the Indo-Gangetic Plain (IGP) 

caused by agricultural fires (Van Damme et al., 2020) and with reported increases in NH3 over 

Indian cities also located in the IGP (Vohra et al., 2021a). NH3 column densities at the start of 
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the record are similar for Asia and Africa, due to a combination of similar sources (Van Damme 

et al., 2018; Xu et al., 2018; Clarisse et al., 2019). Our positive city trends are generally 1.5-2.5 

times steeper than the trends at regional and national scales reported by Van Damme et al. 

(2020). The steeper trends in cities could be due to greater abundance of urban sources of NH3 

(Clarisse et al., 2019; Sharma et al., 2020) and enhanced NH3 volatilization due to the urban 

heat island effect (Kuttippurath et al., 2020).  

Trends in reactive NMVOCs are estimated with the portion of the total formaldehyde (HCHO) 

column attributable to reactive NMVOCs (Section 3.2.1). The trends in these are not as 

homogenous or significant as trends in NO2 and NH3, apart from Jakarta and cities in South 

Asia. Significant decline in reactive NMVOCs in Jakarta of 1.7 % a-1 is similar to that for NO2 

(Figure 3.2a). This could be due to a decrease in vehicle exhaust emissions of unburned reactive 

hydrocarbons from enhanced efficiency of diesel vehicles due to greater use of biodiesel 

(Damanik et al., 2018). Biodiesel usage in Indonesia has increased 16-fold from 2010 to 2019 

(Statista, 2021). Our upward trends in reactive NMVOCs for Lagos (1.5 % a-1), Mumbai (1.7 

% a-1) and Kinshasa (2.0 % a-1) support sustained increases in reactive NMVOCs identified for 

1997-2009 using an earlier record of satellite observations (De Smedt et al., 2010). The greatest 

increase in reactive NMVOCs occurs over Sana’a (>10 % a-1), though the HCHO column 

densities are close to instrument detection and very small (<1 ´ 1015 molecules cm-2) at the 

beginning of the record, after removing the background contribution (Section 3.2.1). The 

population in Sana’a has increased by 4.7 % a-1, but the country has also been embroiled in 

conflict and political instability and the other pollutants only increase by 0.07-1.15 % a-1 (Table 

S3.1). 
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Figure 3.2 Trends in NO2, NH3 and reactive NMVOCs in rapidly growing cities in the tropics. 
Circle colors are relative trends and sizes are values at the start of the record (baseline). Outlines 
identify significant trends at the 95 % confidence interval (CI). Warm colors indicate positive 
trends, cool colors negative trends. Grey circles identify cities with low temporal coverage. 
Trend values are in Table S3.1. 

Decline in reactive NMVOCs at the same time as NO2 increases in 9 African cities (Conakry, 

Niamey, N’Djamena, Addis Ababa, Nairobi, Kampala, Khartoum, Lubumbashi and Lusaka) is 

consistent with a shift to more efficient combustion sources in these cities, as is suggested by 



regional anthropogenic emission inventories (Marais and Wiedinmyer, 2016; Bockarie et al., 

2020). Rates of increase in reactive NMVOCs in cities in South Asia of 0.6-4.3 % a-1 are less 

steep than trends in NO2 (0.8-14.1 % a-1). These differences in rates and directions of trends in 

NO2 (and thus NOx) and reactive NMVOCs has implications for surface ozone formed from 

photochemical oxidation of NMVOCs in the presence of NOx. In much of the tropics, surface 

ozone is close to the WHO guideline (Sicard et al., 2017) and, at these levels, is harmful to 

staple crops prevalent in the tropics (Hayes et al., 2020). Ratios of total column HCHO 

(background + reactive NMVOCs) to tropospheric column NO2 (HCHO/NO2; Figure S3.3b) in 

2005 exceed values of 2 in almost all cities (reaching 23 in Conakry and Nairobi), indicative of 

sensitivity of ozone formation to NOx sources. During the record used here (2005-2018), most 

of these cities are transitioning to a regime in which ozone production is sensitive to NMVOCs 

sources, synonymous with many megacities in the US, Europe, and China. If the future mimics 

the past, the transition to sensitivity to NMVOCs that are very challenging to monitor and 

regulate (McDonald et al., 2018; Vohra et al., 2021a) could occur as soon as 2025 in Chittagong 

and Dhaka and 2030 in Addis Ababa, Hanoi and Luanda.  

3.3.2 Factors Influencing Trends in Air Quality 

To assess whether conventional biomass burning or emerging anthropogenic sources dominate 

tropical city trends in air quality, we compare trends in Figure 3.2 to those for biomass burning 

and non-biomass burning (anthropogenic activity) months in Figure 3.3. This analysis focuses 

on the 22 tropical cities we identify to be substantially influenced by biomass burning (Section 

3.2.2). In general, there are fewer significant air pollutant trends in biomass burning months 

(Figure 3.3a-c) than there are in anthropogenic activity months (Figure 3.3d-f). The Figure 3.2 
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trends in reactive NMVOCs appear to be predominantly influenced by anthropogenic activity, 

supported by either the same or steeper trends in the anthropogenic activity months compared 

to all months (Figure 3.3f) and lack of consistency in trends for all but 1 city in the biomass 

burning months comparison (Figure 3.3c). The same conclusion can be drawn for NO2 for most 

cities, though there are some cities that have similar positive trends in biomass burning and all 

months (shapes along the 1:1 line in Figure 3.3a). This suggests that for these cities, both 

biomass burning and anthropogenic activity influence trends in NO2. Six African cities exhibit 

steep increases in anthropogenic activity NO2 (points above the grey shading in Figure 3.3d). 

Three of these, all in West Africa (Abuja, Ibadan, Conakry), lie below the grey shading in 

Figure 3.3a, suggesting that increases in anthropogenic sources are ameliorated by negative or 

muted trends in biomass burning. This is consistent with findings from the regional study by 

Hickman et al. (2021) and supported by a decline in burned fraction for the 2 cities in Nigeria 

(Abuja and Ibadan; Figure S3.2). Regional bottom-up inventories also suggest that 

anthropogenic emissions of VOCs and other pollutants already or will soon rival those from 

biomass burning (Marais and Wiedinmyer, 2016; Bockarie et al., 2020).  

 

The NH3 trends (Figures 3.3b and 3.3e) exhibit a consistent compensating effect in many cities. 

Three cities (Lagos, Kaduna, Abidjan) with steep increases in biomass burning have much 

shallower trends in anthropogenic activity, and 6 cities with steep increases in anthropogenic 

activity of 1.0-31.6 % a-1 have negative trends in biomass burning. The 3 West African cities 

with very steep increases in biomass burning also exhibit positive trends in burned fraction, but 

the same steep increase is not apparent for trends in biomass burning NO2 (Figure 3.3a) or 

reactive NMVOCs (Figure 3.3c). This may be due to a shift in the type of vegetation burned 

(Dwomoh and Wimberly, 2017), a transition to more anoxic fires favoring NH3 over NOx and 
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longer-lived hydrocarbons over reactive oxygenated VOCs, or due to greater prevalence in the 

dry season of anthropogenic NH3 sources like waste burning. Evidence of these shifts requires 

further investigation. 

 

Figure 3.3 Constraints on factors influencing trends in short-lived air pollutants in rapidly 
growing cities in the tropics. Panels compare trends in all data (Figure 3.2) to trends in biomass 
burning (a-c) and anthropogenic activity (d-f) for 22 cities influenced by biomass burning 
(Figure S3.2; Section 3.2.2), and in bottom-up anthropogenic emissions (g-i) for all 46 cities. 
Shape colors distinguish regions and shape types in (a-c) indicate if burned fraction trend 
directions (Figure S3.2) are the same as (triangles) or opposite to (squares) those for biomass 
burning. Outlines identify significant trends at the 95 % CI for biomass burning (a-c), 
anthropogenic activity (d-f), and all data (g-i). Trends are significant for Lusaka and Hanoi in 
(e). Grey shading is the ±50 % spread around the black 1:1 line. Dotted lines discern positive 
and negative trends. 

 

We also assess the skill of a contemporary anthropogenic emission inventory at reproducing 

trends in Figure 3.2 for all 46 cities (Figures 3.3g-i), as satellite observations provide constraints 
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on precursor emissions of short-lived pollutants (Marais et al., 2012; Duncan et al., 2016; Van 

Damme et al., 2018). We find that anthropogenic activity dominates trends in air quality in 

tropical cities. We employ the global CEDSGBD-MAPS inventory (Section 3.2.3) that has been 

used to estimate the global burden of disease due to exposure to air pollution from evolving 

anthropogenic source sectors (McDuffie et al., 2021). CEDSGBD-MAPS NOx emission trends 

reproduce the direction of trends in satellite NO2 for most cities (Figure 3.3g), though for many 

the discrepancy exceeds 50 %. CEDSGBD-MAPS does not capture the policy-driven decline in 

emissions in Jakarta (+4.7 % a-1 in CEDSGBD-MAPS, -2.0 % a-1 in the observations) or the 

marginal, though non-significant, increase in NOx in Sana’a (-3.8 % a-1 in CEDSGBD-MAPS, +0.07 

% a-1 in the observations). According to CEDSGBD-MAPS, the steepest increases in NOx emissions 

in African cities are from non-residential energy generation (4.6 % a-1) and industry (4.2 % a-

1). These sources together account for 65-70 % of CEDSGBD-MAPS NOx in Indian cities, but the 

steepest increases are for off-road transport (8.6 % a-1) and a mix of non-traditional combustion 

sources (2.8 % a-1). In Asian cities, excluding India, the largest growth in CEDSGBD-MAPS NOx 

is from the dominant sectors energy generation (4.2 % a-1), industry (5.3 % a-1) and off-road 

transport (6.3 % a-1).  

 

Trends in CEDSGBD-MAPS NH3 emissions are positive for all cities, but 2-5 times less than the 

trends in the observations (Figure 3.3h). Underestimates in CEDSGBD-MAPS are greatest for all 

but 2 of the cities that we identified to be strongly influenced by steep increases in 

anthropogenic sources (Figure 3.3e). Similarly large underestimates in emission inventory 

trends compared to those from satellite observations have been reported at the regional and 

national scale (Van Damme et al., 2020). Inventories may underestimate rapid changes in 

agricultural activity, such as increases in livestock numbers and use of synthetic nitrogen 
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fertilizers (Jayne and Sanchez, 2021; Zhang et al., 2021). Growth in agricultural productivity 

in general in sub-Saharan Africa is almost double the global average (Jayne and Sanchez, 2021). 

Waste burning emissions of NH3 are also likely to increase rapidly. Across the tropics waste 

generation is projected to increase by 2-6 % a-1 and much of this will be burned in many 

countries in the tropics that lack effective waste management (Kaza et al., 2018). Divergence 

of NH3 trends in Indian cities and nearby Asian cities is due to the increase in acidic aerosols 

already discussed. According to CEDSGBD-MAPS, NH3 emissions in Indian cities grew at a rate 

of 1 % a-1, mostly due to a 2 % a-1 increase in agricultural emissions. Discrepancies in observed 

and CEDSGBD-MAPS NH3 emissions in Riyadh and Sana’a are large, but emissions for these cities 

are small (3-10 kt a-1 during 2005-2017) compared to the other tropical cities (30-80 kt a-1 for 

the same time period) and mainly come from waste processing.  

 

Trends in bottom-up and top-down reactive NMVOCs are generally similar for cities with 

significant increases in these and are dominated by increases in residential energy combustion 

in CEDSGBD-MAPS. Trends diverge for Sana’a (-1.1 % a-1 for CEDSGBD-MAPS, +10.6 % a-1 for the 

observations), but observed values are small and may be prone to error. As with NO2, CEDSGBD-

MAPS trends in reactive NMVOCs in Jakarta (+2.6 % a-1) are opposite to the observations (-1.7 

% a-1). Significant decline in reactive NMVOCs over Mombasa in the observations (-2.7 % a-

1), and not in the inventory (+1.8 % a-1), may be due to a shift toward combustion efficient 

sources due to substantial development of the Mombasa seaport to meet increasing demand for 

imported goods (Reuters, 2015), though this is not supported by the non-significant decline in 

NO2 (0.3 % a-1; Figure 3.2a).  
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3.3.3 Trends in Exposure to Air Pollutants Hazardous to Health 

Urban population in the tropical cities in Figure 3.1 increased on average by 2-10 % a-1 in 

Africa, 4-5 % a-1 in the Middle East, 1-7 % a-1 in South Asia, and 1-8 % a-1 in Southeast Asia 

from 2005 to 2018. Rapid population growth combined with steep and significant increases in 

NO2 in most of cities (Figure 3.2a) and in PM2.5 in all cities in South Asia and many in Africa 

(Figure S3.3b), will substantially increase population exposure to hazardous pollutants. The 

effects of long-term exposure to ambient air pollution includes well-established health 

outcomes like respiratory and cardiovascular diseases (Burnett et al., 2018; Stieb et al., 2021) 

and recently identified health endpoints such as dementia, impaired cognition, and loss of 

fertility and eyesight (Cacciottolo et al., 2017; Zhang et al., 2018; Schraufnagel et al., 2019; 

Chua et al., 2021; Li et al., 2021). Premature mortality due to exposure to ambient PM2.5 from 

anthropogenic sources is already substantial in Asia, but is relatively low in Africa, in particular 

in comparison to communicable diseases and exposure to indoor air pollution and ambient 

pollution from natural sources (Burnett et al., 2018; HEI, 2020; McDuffie et al., 2021; Vohra 

et al., 2021b). Hickman et al. (2021) suggest, using the same NO2 observations as us, that 

regional air quality in Africa has improved due to decline in biomass burning activity. Their 

analysis focused on the burning season and did not account for rapid growth in urban population 
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leading to enhanced exposure to air pollution. 

Figure 3.4 Trends in exposure to air pollutants hazardous to health in rapidly growing tropical 
cities. Circle colors are trends in exposure to PM2.5 (a) and NO2 (b). Circle sizes are annual 
average increases in urban population from 2005 to 2018. Outlines identify cities with 
significant trends in PM2.5 (Figure S3.3a) and NO2 (Figure 3.2a) at the 95 % CI. Cities with low 
temporal coverage in PM2.5 are grey.  

The trends in exposure to PM2.5 and NO2 that we obtain for the 46 tropical cities (Section 3.2.4) 

are shown in Figure 3.4. Population exposure to PM2.5 increases in all cities except Manila (-

0.8 % a-1), as a 2.0 % a-1 decline in PM2.5 (Figure S3.3a) counters an equivalent increase in 



 

 

 

 

101 

population. Exposure to NO2 increases in all cities except Jakarta (-1.2 % a-1), though the health 

gains due to decline in exposure to NO2 in Jakarta will be more than offset by a 1.8 % a-1 

increase in exposure to PM2.5 due to a 1.3 % a-1 increase in population and a small, though not 

significant, increase in PM2.5 (0.5 % a-1; Figure S3.3a). In general, upward trends in exposure 

are 1.5-3 times steeper than the positive trends in PM2.5 (Figure S3.3a) and NO2 (Figure 3.2a) 

alone. Increases in population exposure to PM2.5 are 3.1-17.9 % a-1 in South Asian cities and 

>10 % a-1 in Addis Ababa (10.6 % a-1), Abuja (10.7 % a-1), Antananarivo (13.0 % a-1), Luanda 

(11.7 % a-1) and Dar es Salam (14.8 % a-1) in Africa. These same African cities also experience 

the steepest increases in NO2 exposure of >12 % a-1. Across Africa, the increase in exposure to 

NO2 ranges from 2.0 % a-1 in Blantyre to 21.3 % a-1 in Luanda and 23.0 % a-1 in Antananarivo. 

Reliable surface observations are urgently needed in tropical cities to relate our dramatic 

relative increases in exposure to absolute values and quantify past and impending disease 

burdens to further compel action. 

 

With our targeted sampling of satellite observations over densely populated fast-growing 

tropical cities, we find distressingly large increases in population exposure to air pollution. 

These will almost certainly be sustained in the future due to projected population growth 

(Figure 3.1) and absent effective air quality policies, as we find that degradation in air quality 

is mostly influenced by anthropogenic activity. The population forecasts we use predate the 

COVID-19 pandemic, but unemployment, inequitable healthcare access, and reduced fertility 

resulting from the pandemic (Aassve et al., 2020; Ullah et al., 2020) are only likely to delay 

rather than prevent the deleterious effects of exposure to air pollution that our findings suggest. 
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Supplementary Information 

The following is supporting text for estimating trends in aerosol optical depth (AOD) from the 

Moderate Resolution Imaging Spectroradiometer (MODIS) and ratios of formaldehyde 

(HCHO) to nitrogen dioxide (NO2) (HCHO/NO2) from the Ozone Monitoring Instrument 

(OMI) in 46 future megacities in the tropics, as well as trends in burned fraction from the Global 

Fire Emissions Database version 4.1s (GFEDv4.1s) for a subset of these cities. 

Trends in PM2.5 Abundance and Ozone Production Regimes 

Figure S3.3a shows trends in AOD that we interpret as trends in surface fine particles (PM2.5) 

(Vohra et al., 2021a). The relationship between AOD and PM2.5 is complicated by PM2.5 

composition, vertical distribution of aerosols, relative humidity, cloud cover, and seasonality in 

planetary boundary layer dynamics and synoptic-scale meteorology (Gupta et al., 2006; van 

Donkelaar et al., 2015; 2016; Shaddick et al., 2018). This causes inconsistencies in month-to-

month variability in AOD and surface concentrations of PM2.5, but not in the long-term trends 

(Vohra et al., 2021a). AOD at the start of the record is > 0.25 over cities in West Africa, the 

Middle East, South Asia and Southeast Asia due to a mix of large aerosol sources such as 

biomass burning in all these regions, desert dust in West Africa, the Middle East and South 

Asia, and additional contributions from anthropogenic emissions in Asia (Farahat, 2019; 

Hammer et al., 2020; Hu et al., 2021). PM2.5 trends in South Asian cities are steep (2.3-7.8 % 

a-1) and significant. PM2.5 more than doubles in Bangalore (7.8 % a-1) and Hyderabad (7.3 % a-

1). Earlier studies have reported similar positive trends for these cities (Alpert et al., 2012; 

Provencal et al., 2017), so our contemporary record supports sustained rapid growth in PM2.5. 

The substantial increase in PM2.5 in South Asia is due to increased formation of secondary 

inorganic aerosols due to increases in SO2 emissions forming sulfate (Li et al., 2017b; Provencal 

et al., 2017), NOx emissions forming nitrate (Figures 3.2a and 3.3g), and partitioning of 
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ammonia (NH3) to these acidic aerosols that also leads to decline in NH3 abundance (Figure 

3.2b). The increase in reactive non-methane volatile organic compounds (NMVOCs) (Figure 

3.2c) that should include precursors of secondary organic aerosol likely also contributes to the 

increase in PM2.5. Trends in cities in other regions are not as consistent as for South Asia. In 

Southeast Asia there is only a significant decline in Manila (-2.0 % a-1), and in Africa a 

significant increase in Luanda (2.3 % a-1), Addis Ababa (3.3 % a-1) and Dar es Salaam (3.3 % 

a-1). PM2.5 increases in Jakarta despite a significant decrease in precursor emissions of NOx 

(Figure 3.2a) and reactive NMVOCs (Figure 3.2c). This may be due to an increase in sulfate in 

Jakarta from high sulfur fuel combustion and regional adoption of coal-fired power generation 

(Koplitz et al., 2017; Santoso et al., 2020) as well as lack of policies targeting biomass burning 

and agricultural sources. Our positive trends in PM2.5 for most West African cities are opposite 

to a reported weak regional decline in AOD of 0.1 % a-1 (Buchholz et al., 2021).  

 

Satellite observations of tropospheric column ozone have limited sensitivity to surface 

concentrations of ozone (Zoogman et al., 2011), but ratios of HCHO-to-NO2 (HCHO/NO2) can 

be used to diagnose sensitivity of surface ozone formation to precursor emissions of NOx and 

NMVOCs (Martin et al., 2004; Duncan et al., 2010). The trends in these are in Figure S3.3b. 

The HCHO used is the total column without removal of the background to relate HCHO/NO2 

we obtain to values reported in the literature. Typically, HCHO/NO2 > ~2 indicates that policies 

to mitigate ozone pollution should target NOx sources, whereas HCHO/NO2 < 1 supports 

targeting VOCs sources (Martin et al., 2004). The transition between these regimes occurs for 

HCHO/NO2 of 1-2 (Duncan et al., 2010; Jin et al., 2017; Souri et al., 2017). The actual threshold 

value for the NOx-sensitive regime varies geographically, due to dependence on the local 

oxidation regime (Duncan et al., 2010; Schroeder et al., 2017; Souri et al., 2020). Of the tropical 
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cities in Figure 3.1, only Riyadh is in a NOx-saturated regime (HCHO/NO2 = 0.9) at the 

beginning and throughout the record, as values of NO2 are large (~6 × 1015 molecules cm-2) and 

decline in NO2 is slow and not significant (0.05 % a-1; Figure 3.2a). All other cities are in a 

NOx-sensitive regime throughout the record. HCHO/NO2 increases in Jakarta and Sana’a by 

1.5 % a-1 due a steep decline in NO2 in Jakarta (Figure 3.2a) and a steep increase in HCHO in 

Sana’a (Figure 3.2c), so ozone formation in both cities remains NOx-sensitive.  

Figure S3.1 Domains over remote oceans selected to calculate background OMI HCHO. Box 
colors indicate ocean domains used to determine background total column HCHO for cities 
with the same color (circles). 

Figure S3.2 Spatial distribution and trends in burned fraction in rapidly growing cities in the 
tropics. Background map is the multiyear (2005-2016) mean GFEDv4.1s burned fraction at 
0.25° × 0.25° for 2005-2016. The logarithmic scale distinguishes grids with low (<10-7.5), 
medium (10-7.5-10-2.5), and high (>10-2.5) burned fraction. Grey circles are cities with no 
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discernible influence from biomass burning in our statistical analysis of the satellite 
observations (Section 3.2.2). 

Figure S3.3 Trends in PM2.5 abundance and ozone production regimes in rapidly growing 
cities in the tropics. Circle colors are relative trends in AOD (a) and HCHO/NO2 (b) and sizes 
are values at the start of the record (baseline). Outlines identify significant trends at the 95 % 
CI. Warm colors indicate positive trends, cool colors negative trends. Cities with poor 
temporal coverage are grey. PM2.5 trend values are in Table S3.1.
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Table S3.1 Trends in air quality in the 51 fastest growing cities in the tropics. 

Citya 
Long-term trends [% a-1]b 

NO2 NH3 Reactive 
NMVOCs PM2.5 

Africa 
Abidjan§ 2.96 [1.3,5.1] 5.07 [1.2,11.2] 2.14 [0.8,3.7] 4.35 [-1.2,33.1] 

Abuja 1.61[-0.1,3.9] 3.72 [0.6,8.6] 0.39 [-0.6,1.6] 0.63 [-1.3,3.5] 
Addis Ababa§ 6.35 [3.3,10.7] 1.22 [-0.5,3.3] -0.96 [-3.5,3.6] 3.27 [1.3,5.9] 
Antananarivo§ 8.18 [4,3,14.1] 1.08 [-2.8,8.8] — 2.95 [-0.7,9.6] 

Bamako§ 4.10 [2.1, 6.7] 5.08 [1.8,10.0] 2.51 [-0.9,8.0] 1.39 [-0.1,3.4] 
Blantyre§ -0.86 [-3.2, 3.0] -0.42 [-2.7,2.8] 0.25 [-2.1,4.0] -1.06 [-3.2,2.4]

Conakry§ 0.33 [-1.3,2.6] 1.27 [-0.9,4.3] -0.68 [-1.8,0.7] -0.09 [-1.0,0.9]

Dakar§ 3.64 [2.1,5.6] 6.09 [1.4,14.4] 0.88 [-2.3,6.8] 0.61 [-1.3,4.1] 
Dar es Salaam 3.93 [1.6,7.1] -0.94 [-3.9,4.1] 1.42 [-0.5,4.1] 3.26 [0.9,6.6] 

Ibadan 3.02 [0.7,6.4] 7.17 [2.6,14.9] 0.67 [-0.3,1.8] 0.91 [-2.3,7.5] 
Kaduna§ 3.09 [1.4,5.2] 2.65 [-0.5,7.7] 0.36 [-2.5,4.6] 1.37 [-0.7,4.4] 
Kampala§ 1.95 [0.2,4.3] 2.79 [0.9,5.2] -0.17 [-1.6,1.6] 1.19 [-0.6,3.6] 

Kano§ 2.98 [1.9,4.3] 1.44 [-0.8,4.5] 3.60 [0.8,8.0] 0.92 [-1.6,6.1] 
Khartoum§ 1.77 [1.0,2.6] 3.11 [0.4,6.8] -0.83 [-3.9,4.8] — 

Kigali§ 2.73 [-0.01,6.9] 5.29 [2.0,10.1] 1.56 [-0.5,4.4] -0.07 [-1.8,2.3]

Kinshasa§ 2.51 [0.4,5.4] 1.89 [-2.2,9.6] 2.03 [0.7,3.6] 0.36 [-1.0,2.1] 
Lagos§ 4.37 [2.3,7.2] 8.31 [3.5,16.6] 1.52 [0.5,2.8] 1.15 [-1.0,4.5] 

Lilongwe§ -0.16 [-2.2,3.0] 3.43 [0.7,7.3] 3.63 [0.6,8.3] -2.12 [-4.2,1.3]

Luanda 7.36 [4.8,10.7] 12.26 [2.8,40.8] 3.90 [2.3,5.9] 2.34 [0.6,4.6] 
Lubumbashi 1.36 [-1.3,5.5] 5.06 [0.6,13.0] -0.28 [-1.6,1.4] 0.14 [-1.8,3.0] 

Lusaka 0.74 [-1.1,3.4] 3.46 [-0.1,9.2] -0.34 [-1.8,1.5] 0.80 [-1.4,4.1] 
Mombasa§ -0.30 [-2.0,2.0] 2.95 [-1.7,12.2] -2.74 [-4.5,-0.1] 2.44 [-0.9,8.4] 

N’Djamena§ 2.02 [0.9,3.4] 1.88 [-0.6,5.3] -2.20 [-3.8,0.1] 1.12 [-0.5,4.3] 
Nairobi 1.81 [0.8,3.0] 2.57 [1.0,4.5] -0.71 [-1.7,0.4] 0.78 [-1.2,3.6] 
Niamey§ 4.37 [2.8,6.3] 3.34 [-0.1,9.0] -1.64 [-4.6,3.8] — 

Ouagadougou 3.28 [2.0,4.8] 4.76 [1.7,9.0] 2.34 [0.3,5.2] 0.01 [-1.4,1.9] 

South Asia 
Ahmedabad 1.48 [0.7,2.3] -1.27 [-3.0,1.0] 1.75 [0.1,3.9] 2.25 [-0.1,5.6] 
Bangalore 3.80 [2.6,5.2] -1.32 [-3.1,1.0] 0.61 [-1.1,2.9] 7.77 [4.2,13.4] 
Chennai 2.33 [1.5,3.3] -2.61 [-4.3,-0.4] 1.62 [0.02,3.7] 3.32 [1.8,5.2] 

Chittagong§ 14.07 [9.7,20.5] -2.06 [-4.6,2.2] 0.59 [-2.0,4.6] 2.72 [1.3,4.5] 
Dhaka 7.30 [5.1,10.2] -0.62 [-3.0,2.9] 1.05 [-0.2,2.6] 2.69 [1.4,4.3] 

Hyderabad 5.04 [3.5,7.0] -0.76 [-2.4,1.3] 2.67 [1.1,4.7] 7.28 [5.1,10.1] 
Karachi 1.35 [0.7,2.1] 2.90 [-0.9,9.4] 4.34 [0.4,11.9] — 
Kolkata 1.12 [0.3,2.0] -3.75 [-5.2,-1.8] 1.31 [-0.001,2.9] 2.49 [1.3,3.9] 
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Citya 
Long-term trends [% a-1]b 

NO2 NH3 Reactive 
NMVOCs PM2.5 

Mumbai 1.92 [1.1,2.9] -1.32 [-2.8,0.5] 1.74 [-0.03,4.1] 3.86 [2.5,5.5] 
Pune 3.90 [2.6,5.5] 0.33 [-1.8,3.2] 1.90 [-0.01,4.5] 4.57 [2.4,7.5] 
Surat 0.80 [0.05,1.6] -2.00 [-3.6,0.1] 2.88 [1.2,5.0] 3.73 [1.9,6.0] 

Southeast Asia 
Bangkok 1.44 [0.4,2.7] 3.34 [1.0,6.5] -0.67 [-1.3,0.1] -0.75 [-1.6,0.2] 

Hanoi 7.73 [3.9,13.9] 11.82 [5.0,25.4] 1.02 [-0.2,2.5] -1.33 [-2.5,0.1] 
Ho Chi Minh City 4.35 [2.9,6.1] 7.10 [4.4,10.6] 1.74 [0.8,2.9] -0.08 [-1.1,1.2] 

Jakarta§ -2.04 [-2.9,-1.1] 3.87 [0.9,8.1] -1.68 [-2.4,-0.8] 0.49 [-0.7,2.0] 
Manila§ 1.42 [0.2,2.9] 2.64 [0.1,6.2] 1.23 [-0.9,4.4] -2.04 [-3.4.-0.3] 

Phnom Penh§ 1.21 [-0.2,3.0] 3.61 [-0.2,10.0] 1.43 [0.05,3.2] 0.52 [-1.1,2.7] 
Yangon 4.64 [2.7,7.1] -0.22 [-2.5,3.0] 3.25 [1.1,6.1] 0.38 [-0.9,2.0] 

Middle East 
Riyadh -0.05 [-0.6,0.6] 11.21 [1.6,44.4] -0.81 [-4.1,6.6] — 
Sana’a 0.07 [-0.6,0.8] 1.15 [-3.0,9.3] 10.62 [2.2,42.0] 0.19 [-1.1,1.7] 

Central and South America 
Bogotá§ — 7.28 [2.9,14.3] 2.92 [-2.3,19.8] -0.32 [-3.1,5.4] 

Lima 4.44 [3.4,5.7] 6.57 [4.5,9.2] 1.35 [0.3,2.6] — 
Mexico City 0.43 [-0.4,1.3] 2.00 [0.8,3.4] -1.39 [-2.1,-0.5] 0.28 [-0.9,1.8] 

Rio De Janeiro 1.26 [0.6,2.0] 0.28 [-1.9,3.4] 1.03 [-0.6,3.2] 0.02 [-1.6,2.2] 
São Paulo 0.61 [-0.2,1.5] 4.42 [1.0,9.6] 1.09 [-0.8,3.7] -0.54 [-2.0,1.4] 

a Current (2020) megacities are in bold. Small cities for which the satellite sampling domain is extended beyond 
the city boundary (Section 3.2.1) are marked with §; b Trends in NO2, reactive NMVOCs (HCHO) and PM2.5 
(AOD) are for 2005-2018 and trends in NH3 are for 2008-2018. Trend values significant at the 95 % CI (given in 
square brackets) are in bold. Missing trends denoted with “—” are due to too few monthly means (Section 3.2.1). 
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CHAPTER 4 

GLOBAL MORTALITY FROM OUTDOOR FINE 
PARTICLE POLLUTION GENERATED BY 

FOSSIL FUEL COMBUSTION:  

RESULTS FROM GEOS-CHEM 
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Abstract 

The burning of fossil fuels – especially coal, petrol, and diesel – is a major source of airborne 

fine particulate matter (PM2.5), and a key contributor to the global burden of mortality and 

disease. Previous risk assessments have examined the health response to total PM2.5, not just 

PM2.5 from fossil fuel combustion, and have used a concentration-response function with 

limited support from the literature and data at both high and low concentrations. This 

assessment examines mortality associated with PM2.5 from only fossil fuel combustion, making 

use of a recent meta-analysis of newer studies with a wider range of exposure. We also 

estimated mortality due to lower respiratory infections (LRI) among children under the age of 

five in the Americas and Europe, regions for which we have reliable data on the relative risk of 

this health outcome from PM2.5 exposure.  We used the chemical transport model GEOS-Chem 

to estimate global exposure levels to fossil-fuel related PM2.5 in 2012. Relative risks of mortality 

were modeled using functions that link long-term exposure to PM2.5 and mortality, 

incorporating nonlinearity in the concentration response. We estimate a global total of 10.2 (95 

% CI: -47.1 to 17.0) million premature deaths annually attributable to the fossil-fuel component 

of PM2.5. The greatest mortality impact is estimated over regions with substantial fossil fuel 

related PM2.5, notably China (3.9 million), India (2.5 million) and parts of eastern US, Europe 

and Southeast Asia. The estimate for China predates substantial decline in fossil fuel emissions 

and decreases to 2.4 million premature deaths due to 43.7 % reduction in fossil fuel PM2.5 from 

2012 to 2018 bringing the global total to 8.7 (95 % CI: -1.8 to 14.0) million premature deaths. 

We also estimated excess annual deaths due to LRI in children (0-4 years old) of 876 in North 

America, 747 in South America, and 605 in Europe. This study demonstrates that the fossil fuel 

component of PM2.5 contributes a large mortality burden. The steeper concentration-response 

function slope at lower concentrations leads to larger estimates than previously found in Europe 
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and North America, and the slower drop-off in slope at higher concentrations results in larger 

estimates in Asia. Fossil fuel combustion can be more readily controlled than other sources and 

precursors of PM2.5 such as dust or wildfire smoke, so this is a clear message to policymakers 

and stakeholders to further incentivize a shift to clean sources of energy.  

4.1. Introduction 

The burning of fossil fuels – especially coal, petrol, and diesel – is a major source of airborne 

particulate matter (PM) and ground-level ozone, which have both been implicated as key 

contributors to the global burden of mortality and disease (Lim et al., 2013; Dedoussi and 

Barrett, 2014; Apte et al., 2015). A series of studies have reported an association between 

exposure to air pollution and adverse health outcomes (Brook et al., 2010), even at low exposure 

levels (< 10 µg m-3, the current World Health Organization, WHO, guideline) (Di et al., 2017). 

The Global Burden of Diseases, Injuries, and Risk Factors Study 2015 (GBD 2015) identified 

ambient air pollution as a leading cause of the global disease burden, especially in low-income 

and middle-income countries (Forouzanfar et al., 2016).  Recent estimates of the global burden 

of disease suggest that exposure to PM2.5 (particulate matter with an aerodynamic diameter < 

2.5 µm) causes 4.2 million deaths and 103.1 million disability-adjusted life-years (DALYs) in 

2015, representing 7.6 % of total global deaths and 4.2 % of global DALYs, with 59 % of these 

in east and south Asia (Cohen et al., 2017).   

A series of newer studies conducted at lower concentrations and at higher concentrations have 

reported higher slopes than incorporated into the GBD using the integrated exposure–response 

(IER)  curve (Burnett et al., 2014). These studies examined mortality due to exposure to PM2.5 

at concentrations below 10 µg m-3 in North America (Pinault et al., 2016; Di et al., 2017) and 
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above 40 µg m-3 in Asia (Katanoda et al., 2011; Ueda et al., 2012; Tseng et al., 2015; Wong et 

al., 2015; 2016; Yin et al., 2017). Here we have used a concentration-response curve from a 

recently published meta-analysis of long-term PM2.5 mortality association among adult 

populations which incorporates those new findings at high and low PM2.5 concentrations 

(Vodonos et al., 2018). We also focus our study on the health impacts of fossil-fuel derived 

PM2.5. In contrast, GBD reports only the health impacts of total PM2.5 and does not distinguish 

mortality from fossil-fuel derived PM2.5 and that from other kinds of PM2.5, including dust, 

wildfire smoke, and biogenically-sourced particles. We focus only on PM2.5 since recent studies 

have provided mixed results on the link between ozone and mortality (Atkinson et al., 2016) 

and there does not exist a global coherent concentration-response function (CRF) for ozone. 

 

The developing fetus and children younger than 5 years of age are more biologically and 

neurologically susceptible to the many adverse effects of air pollutants from fossil-fuel 

combustion than adults. This differential susceptibility to air pollution is due to their rapid 

growth, developing brain, and immature respiratory, detoxification, immune, and 

thermoregulatory systems (Bateson and Schwartz, 2008; Perera, 2018). Children also breathe 

more air per kilogram of body weight than adults, and are therefore more exposed to pollutants 

in air (WHO, 2006; Xu et al., 2012).  The WHO estimated that in 2012, 169,000 global deaths 

among children under the age of 5 were attributable to ambient air pollution (WHO, 2016). 

Further estimation of the burden of mortality due to PM2.5 (particularly from anthropogenic 

sources) among the young population would highlight the need for intervention aimed at 

reducing children's exposure.  
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Using the chemical transport model GEOS-Chem, we quantified the number of premature 

deaths attributable to ambient air pollution from fossil fuel combustion. Improved knowledge 

of this very immediate and direct consequence of fossil fuel use provides evidence of the 

benefits to current efforts to cut greenhouse gas emissions and invest in alternative sources of 

energy. It also helps quantify the magnitude of the health impacts of a category of PM2.5 that 

can be more readily controlled than other kinds of PM2.5 such as dust or wildfire smoke. 

4.2. Materials and Methods 

4.2.1.  Calculation of Surface PM2.5 Concentrations 

Previous studies examining the global burden of disease from outdoor air pollution have 

combined satellite and surface observations with models to obtain improved estimates of global 

annual mean concentrations of PM2.5 (Shaddick et al., 2018). However, the goal of such studies 

was to quantify the health response to PM2.5 from all sources, both natural and anthropogenic 

(Brauer et al., 2016; Cohen et al., 2017). Here the focus of our study is on surface ambient PM2.5 

generated by fossil fuel combustion, and for that we rely solely on the chemical transport model 

GEOS-Chem since current satellite and surface measurements cannot readily distinguish 

between the sources of PM2.5. Results from GEOS-Chem have been extensively validated 

against surface, aircraft, and space-based observations around the world, including simulation 

of surface pollution over the United States (Drury et al., 2010; Heald et al., 2012; Leibensperger 

et al., 2012; Zhang et al., 2012; Ford and Heald, 2013; Marais et al., 2016), Asia (Lin et al., 

2014; Koplitz et al., 2016),  Europe (Veefkind et al., 2011; Protonotariou et al., 2013), and 

Africa (Marais et al., 2014a; 2014b; 2016; Lacey et al., 2017; 2019). The model has also been 

applied to previous studies quantifying the global burden of disease from particulate matter 

from all sources (Brauer et al., 2016; Cohen et al., 2017).  
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In this analysis we used GEOS-Chem with fossil fuel emissions from multiple sectors (power 

generation, industry, ships, aircraft, ground transportation, backup generators, kerosene, oil/gas 

extraction), detailed oxidant-aerosol chemistry, and reanalysis meteorology from the NASA 

Global Modeling and Assimilation Office. Fossil fuel emissions are from regional inventories 

where these are available for the US, Europe, Asia, and Africa, and from global inventories 

everywhere else (such as Mexico, Australia, South America and Canada). More details of the 

specific fossil fuel inventories used in GEOS-Chem are in Table S4.1. Global-scale simulations 

in GEOS-Chem were carried out on a coarse spatial grid (2° ´ 2.5°, about 200 km ´ 250 km). 

Four regional simulations were also performed at fine spatial scale (0.5° ´ 0.67°, about 50 km 

´ 60 km) for North America, Europe, Asia, and Africa using boundary conditions from the 

global model. The regional simulations allow for a better match with the spatial distribution of 

population, thus enhancing the accuracy of the estimates of health impacts. All simulations 

were set up to replicate 2012 pollution conditions. As described in the Supplemental Material, 

we find that globally, GEOS-Chem captures observed annual mean PM2.5 concentrations with 

a spatial correlation of 0.70 and mean absolute error of 3.4 µg m-3, values which compare well 

with those from other models (Xing et al., 2015; Shindell et al., 2018). We performed two sets 

of simulations: one set with fossil fuel emissions turned on and the other with such emissions 

turned off.  We then assumed that the difference between the two sets of simulations represents 

the contribution of fossil fuel combustion to surface PM2.5. More information on our choice of 

GEOS-Chem, the model setup, details of relevant anthropogenic emissions, and model 

validation is described in the Supplemental material. 
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4.2.2.  Population and Health Data 

We used population data from the Center for International Earth Science Information Network 

(CIESIN) (CIESIN, 2018). The Gridded Population of the World, Version 4 Revision 11 

(GPWv4.11) is gridded with an output resolution of 30 arc-seconds (approximately 1 km at the 

equator). Since the population data are provided only at five-year intervals, we applied 2015 

population statistics to the results of our 2012 GEOS-Chem simulation.  CIESIN population 

data was then aggregated to the spatial scale of the model for the exposure estimates. 

Country/region level data on baseline mortality rates were from GBD data for 2015 (based on 

the 2017 iteration) (IHME, 2017). USA state-specific mortality rates were obtained from the 

CDC Wide-ranging Online Data for Epidemiologic Research (WONDER) compressed 

mortality files (WONDER). Canada death estimates by province were obtained from Statistics 

Canada, CANSIM (Canada, 2018).  

4.2.3.  PM2.5 Mortality Concentration–Response Model 

The risk of air pollution to health in a population is usually estimated by applying a 

concentration–response function (CRF), which is typically based on Relative Risk (RR) 

estimates derived from epidemiological studies. CRFs are necessary elements for the 

quantification of health impacts due to air pollution and require regular evaluation and update 

to incorporate new developments in the literature. 

Global assessments of air pollution risk often use the Integrated Exposure-Response model 

(IER) (Burnett et al., 2014), which combined information on PM2.5–mortality associations from 

non-outdoor PM2.5 sources, including secondhand smoke, household air pollution from use of 

solid fuels, and active smoking. The IER used data from active smoking and passive smoking 
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to address the limited number of outdoor PM2.5 epidemiologic studies at PM2.5 > 40 µg m-3 

available at the time. The IER formed the basis of the estimates of disease burden attributable 

to PM2.5 (e.g., 4 million deaths in 2015 in GBD 2015). This function was then updated in 2018 

using the Global Exposure Mortality Model (GEMM). In GEMM, data from 41 

epidemiological cohort studies were applied (Burnett et al., 2018). Independently conducted 

analyses were conducted on 15 of these cohorts to characterize the shapes of PM2.5–mortality 

associations in each cohort, using a specified functional form of the CRF. For the remaining 26 

cohorts, the concentration-response was examined with a linear concentration hazard ratio 

model. A recent meta-analysis of the association between long-term PM2.5 and mortality 

(Vodonos et al., 2018) applied techniques involving flexible penalized spline CRF in a 

multivariate random effects and meta-regression model. This approach allows the data to 

specify the shape of the CRF. The meta-regression pooled 135 estimates from 53 studies 

examining long-term PM2.5 and mortality of cohorts aged 15 years and older. The estimate of 

the confidence intervals about the CRF includes a random variance component. This meta-

analysis provided evidence of a nonlinear association between PM2.5 exposure and mortality in 

which the exposure-mortality slopes decreases at higher concentrations (Figure S4.5 in 

Supplemental Material). We have chosen to use the dose-response function from the meta-

analysis rather than the GEMM function as the meta-regression approach is more flexible and 

does not constrain the CRF to a specific functional form, it incorporates a random variance 

component in estimating the uncertainty around that curve, it is derived with more studies than 

previous approaches, and its estimates at high and low exposures are closer to the estimates in 

cohorts restricted to only very high and very low exposures. To ensure consistency with the 

concentration-response curve, premature mortality rates for the portion of the population >14 
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years of age were determined using the population and baseline mortality rates for different age 

groups from GBD data for 2015.  

4.2.4.  Health Impact Calculations 

We estimated the number of premature deaths attributable to fossil fuel PM2.5 using: (1) GEOS-

Chem PM2.5 estimated with all emission sources and GEOS-Chem PM2.5 estimated without 

fossil fuel emissions, as a comparison against the first simulation, (2) total population above 

the age of 14 gridded to the GEOS-Chem grid resolution, (3) baseline all-cause mortality rates 

for population above the age of 14 (per country or per state in the US and province in Canada), 

and (4) the meta-analysis CRF (Vodonos et al., 2018). All health impacts were calculated on a 

per-grid basis at the spatial resolution of the model. We applied the following health impact 

function to estimate premature mortality related to exposure to fossil fuel PM2.5 in each GEOS-

Chem grid cell: 

∑∆# = y! ∗ p ∗ AF      (4.1) 

AF	 = 	 "#$
("#∗∆&	)%&

"#$("#∗∆&	)      (4.2) 

β,(PM'.))=∫ β(PM'.))*+).+		,--	"/0110!21
*+).+		2!	3!110-	34"-	       (4.3) 

where ∆y	is the change in the number of premature deaths due to exposure to fossil fuel PM2.5, 

y! is the country/state/province specific baseline (all-cause) mortality rate, p is to the total 

population above the age of 14, AF is the attributable fraction of deaths (the fraction of total 

deaths attributable to PM2.5 exposure), β% is the mean estimate for long-term PM2.5 mortality 
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concentration-response over a range of concentrations from the penalized spline model in the 

recent meta-analysis, and ∆&	is the change in PM2.5 concentration, calculated as the difference 

between GEOS-Chem PM2.5 with all emissions and GEOS-Chem PM2.5 without fossil fuel 

emissions. 

 

For each country, we summed the change in premature deaths (∆y) in each grid cell over all 

grid cells in that country. To estimate the change in deaths between the two scenarios (with and 

without fossil fuel combustion), we computed the change in deaths in each grid cell, based on 

its population, baseline rate, and exposure under the two scenarios (Equation 4.1). The 

attributable fraction (AF), or proportion of deaths estimated as due to long-term exposure to 

PM2.5 fossil fuel air pollution, was calculated using the concentration-response estimate, 

following the form shown in Equation 4.2 (Figure S4.5 in Supplemental material). Because 

these estimates of mortality concentration response (β) are a nonlinear function of 

concentration, we used the penalized spline model predictions from this meta-analysis to 

integrate the concentration-specific β in each grid cell from the low PM2.5 scenario (without 

fossil fuel emissions) to the high PM2.5 scenario (with all emissions, including fossil fuel). In 

this way, we could calculate a mean value of β for each grid cell. There exist insufficient 

epidemiological data to calculate a robust health response function specific to fossil-fuel PM2.5. 

GEOS-Chem is a deterministic model. Therefore, our 95 % confidence intervals (CI) for our 

estimates reflect only the 95 % CI for the concentration response function. 
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4.2.5.  Secondary Analysis Among Children <5 years old 

Lower respiratory infections (LRI), including pneumonia and bronchiolitis of bacterial and viral 

origin, are the largest single cause of mortality among young children worldwide and thus 

account for a significant global burden of disease worldwide (Nair et al., 2010).  As mentioned 

previously, young children are more susceptible to the adverse effects of particulate air 

pollution than adults. Mehta et al. (2013) estimated the overall impact of PM2.5 concentration 

with Relative Risk (RR) of 1.12 for LRI mortality per 10 µg m-3 increase in annual average 

PM2.5 concentration, as compared to RR of 1.04 for respiratory mortality among adults 

(Vodonos et al., 2018). We estimated the number of premature deaths attributable to PM2.5 

among children under the age of 5 years due to a range of LRI classifications (ICD-10, 

International Classification of Diseases codes: A48.1, A70, J09-J15.8, J16-J16.9, J20-J21.9, 

P23.0-P23.4). Baseline numbers of deaths due to LRI were obtained from the GBD for 2015 

(IHME, 2017). We used the Relative Risk (RR) of 1.12 (1.03-1.30) for LRI occurrence per 10 

µg m-3 increase in annual average PM2.5 concentration (Mehta et al., 2013). Studies of longer-

term exposure of PM2.5 and LRI in that meta-analysis were conducted in only a few developed 

countries with relatively low levels of annual mean PM2.5 (< 25 µg m-3), specifically the 

Netherlands, Czech Republic, Germany, Canada and USA. We therefore calculated the number 

of premature LRI deaths attributable to PM2.5 only in North America, South America, and 

Europe.  

4.3. Results 

4.3.1.  Impact of Fossil Fuel Use on PM2.5 

Figure 4.1 shows the difference between global GEOS-Chem PM2.5 with and without fossil fuel 

emissions, plotted as the annual mean for 2012.  Results show large contributions of 50-100 µg 
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m-3 in PM2.5 over China and India, with smaller increments of 10-50 µg m-3 over large swaths

of the United States and Europe, industrialized countries in Africa (South Africa and Nigeria), 

and along the North African coastline due to European pollution. 

Figure 4.1 Contribution of fossil fuel combustion to surface PM2.5, as calculated by the 
chemical transport model GEOS-Chem. The plot shows the difference in surface PM2.5 
concentrations from GEOS-Chem with and without fossil fuel emissions. 

4.3.2.  Global Assessment of Mortality Attributable to PM2.5 

Based on the annual PM2.5 simulation with and without global fossil fuel emissions, we 

estimated the excess deaths and attributable fraction (AF %) for the population above 14 years 

old. Figure 4.2 shows the simulated annual global premature mortality due to exposure to 

ambient PM2.5 from fossil fuel emissions. Greatest mortality is simulated over regions with 

substantial influence of fossil-fuel related PM2.5, notably parts of Eastern North America, 

western Europe, and South-East Asia. 
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Figure 4.2 Estimated annual excess deaths due to exposure to ambient PM2.5 generated by 
fossil fuel combustion.  

We estimated a total global annual burden premature mortality due to fossil fuel combustion in 

2012 of 10.2 million (95 % CI: -47.1 to 17.0 million). Table 4.1 reports the baseline number of 

deaths for people >14 years old, the annual PM2.5 simulation with and without global fossil fuel 

emissions, the estimated excess deaths, and the attributable fraction for the populated 

continents. As shown in Table 4.1, we calculated 483,000 premature deaths in North America 

(95 % CI: 284,000-670,000), 187,000 deaths in South America (95 % CI: 107,000-263,000), 

1,447,000 deaths in Europe (95 % CI: 896,000-1,952,000), 7,916,000 deaths in Asia (95 % CI: 

-48,106,000 to 13,622,000), and 194,000 deaths in Africa (95 % CI: -237,000 to 457,000). The

wide confidence intervals in Asia and Africa are due to the lack of data for areas where the 

exposure remains outside the range of the concentration response curve (PM2.5 > 50 µg m-3; 

Figure S4.5). The population-weighted pollution concentrations presented in Table 4.1 are 

higher than the average PM2.5 concentrations for each country, since fossil-fuel PM2.5 is mainly 

emitted in populous areas. The two countries with the highest premature mortality are China 
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with 3.91 million and India with 2.46 million. Supplemental Table S4.2 provides extended data 

of the health impact calculations for each country. For comparison, Table 4.1 also reports the 

number of premature deaths attributable to fossil fuel PM2.5 when the GEMM function is 

applied to the GEOS-Chem output. For most regions, the number of premature deaths 

calculated with GEMM is significantly lower than that calculated with the new function from 

Vodonos et al. (2018). Globally, the GEMM function yields 6.7 million deaths in 2012 due to 

fossil fuel combustion.  
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Table 4.1 Number of deaths attributable to exposure to fine particulate matter (PM2.5) generated by fossil fuel combustion for the 

population >14 years old 

GEOS-Chem 
spatial grid 
resolutiona Regionb 

Total 
deaths 

>14 years
old, in 

thousands 

Population-weighted annual mean PM2.5 
concentration, μg m-3

Mean 
attributable 
fraction of 

deaths, % (95% 
CI)d

Deaths attributable to 
fossil-fuel related 

PM2.5, in thousands 
(95% CI)c 

GEMM function 
deaths attributable 
to fossil-fuel related 
PM2.5, in thousands 

(95% CI)e 

PM2.5 from 
all emission 

sources 

PM2.5 without 
fossil fuel 

Estimated PM2.5 
from fossil fuel, 

% 

Fine 
North 

America 

Central America 
& the Caribbean 1,148 10.06 3.03 7.03 (69.9) 8.2 (4.5-11.6) 94 (52-133) 80 (62-98) 

USA 2,705 11.81 2.15 9.66 (81.8) 13.1 (7.8-18.1) 355 (212-490) 305 (233-375) 

Canada 250 12.01 1.76 10.25 (85.4) 13.6 (8.0-18.7) 34 (20-47) 28 (22-35) 

Coarse South America 2,389 8.66 3.02 5.65 (65.2) 7.8 (4.5-11.0) 187 (107-263) 159 (121-195) 

Fine Europe 8,626 19.22 4.68 14.54 (75.7) 16.8 (10.4-22.6) 1,447 (896-1,952) 1,033 (798-1,254) 

Fine 
Asia 

Eastern Asia 25,468 51.72 8.68 43.05 (83.2) 30.7 (-189.1-52.9) 7,821 (-48,150-13,478) 4,945 (3,943-5,826) 

Coarse Western Asia & 
the Middle East 1,456 26.95 20.73 6.22 (23.1) 6.5 (3.0-9.9) 95 (44-144) 54 (43-65) 

Fine Africa 5,274 32.98 28.98 4.00 (12.1) 3.7 (-4.5-8.7) 194 (-237-457) 102 (81-121) 

Coarse Australia & Oceania 189 4.17 2.19 1.98 (47.4) 3.2 (1.6-4.8) 6.0 (2.9-9.0) 6.4 (4.8-7.9) 

Global 47,506 38.01 11.14 26.87 (70.7) 21.5 (-99.0-35.7) 10,235 (-47,054-16,972) 6,713 (5,308-7,976) 
a Fine spatial scale is 0.5° ´ 0.67°, or about 50 km ´ 60 km. Coarse spatial scale is 2° ´ 2.5°, or about 200 km ´ 250 km 

b List of countries for each region and subregion is provided in supplemental Table S4.2  

c Annual number of deaths attributable to long-term exposure to PM2.5 derived from fossil fuel combustion. CI is the confidence interval. 

d Mean proportion of all deaths which can be attributed to long-term exposure to PM2.5 generated by fossil fuel combustion, averaged over the country or region. CI; 
confidence interval.  

e Attributable deaths calculated with the Global Exposure Mortality Model (GEMM) concentration-response function. 
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Table 4.2 Number of deaths due to lower respiratory infection (LRI) attributable to exposure to fine particulate matter (PM2.5) from fossil 

fuel combustion for the population <5 years old 

Region 
Total deaths for 

children <5 years 
old due to LRI 

LRI deaths 
attributable to 

fossil-fuel PM2.5 
(95% CI) a 

Mean attributable 
fraction of deaths, % 

(95% CI) b 

North America 13,230 876 (-26-1,657) 6.6 (-0.2-12.5) 

Central America & the Caribbean 12,507 802 (-23-1,516) 

6.4 (-0.2-12.1) 

USA 672 69 (-2-131) 
10.2 (-0.3-19.5) 

Canada 50 5 (0-10) 
10.8 (-0.3-20.5) 

South America 13,231 747 (-21-1,443) 5.7 (-0.2-10.9) 
Europe 4,446 605 (-18-1,126) 13.6 (-0.4-25.3) 

a Annual number of deaths attributed to long-term exposure to PM2.5 derived from fossil fuel combustion. 

b Mean proportion of deaths due to long-term exposure to PM2.5 generated by fossil fuel combustion. CI is the confidence interval. 
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4.3.3.  Assessment of Children (under the age of 5) LRI Mortality Attributable to PM2.5 

We estimated the number of premature deaths attributable to PM2.5 among children under the 

age of 5 due to LRI only for those countries or regions with levels of annual PM2.5 

concentrations below 25 µg m-3. These include North America, South America, and Europe. 

Based on the annual PM2.5 simulation with and without fossil fuel emissions, we calculated 876 

excess deaths due to LRI in North and Central America, 747 in South America, and 605 in 

Europe (Table 4.2). Using the GBD estimate of total deaths due to LRI (Institute for Health 

Metrics and Evaluation), we estimate that PM2.5 from fossil fuel combustion accounted on 

average for 7.2 % of LRI mortality among children under the age of 5 in these regions, with the 

largest proportion of 13.6 % in Europe (95 % CI -0.4 to 25.3 %) .  

4.4. Discussion 

We used the chemical transport model GEOS-Chem to quantify the global mortality attributed 

to PM2.5 air pollution from fossil fuel combustion. Using the updated concentration response 

relationship between relative mortality and airborne PM2.5, we estimated global premature 

mortality in 2012 of 10.2 million per year from fossil fuel combustion alone. China has the 

highest burden of 3.91 million per year, followed by India with 2.46 million per year. These 

estimates carry large uncertainty (e.g., 95 % CI of  -47.1 to 17.0 million for the global estimate) 

from the concentration-response curve, as it is an improved function that provides a more 

realistic picture of the health consequences of PM2.5 compared to previous studies.  

Our estimate is for the year when fossil fuel emissions in China peaked and so predates large 

and dramatic reductions in fossil fuel emissions due to strict mitigation measures. These 

reductions led to a 30-50 % decline in annual mean PM2.5 across the country from 2013 to 2018 
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(Zhai et al., 2019). If we apply a 43.7 % reduction in GEOS-Chem PM2.5 concentrations from 

the simulation with all emission sources, premature mortality in China decreases from 3.91 

million to 2.36 million. India has recently imposed controls on pollution sources, but there is 

not yet evidence of air quality improvements in densely populated cities like Delhi (Vohra et 

al., 2021). Consideration of the 2012-2018 decrease in PM2.5 exposure in China reduces the 

total global premature mortality due to fossil fuel PM2.5 from 10.2 million premature deaths 

each year to 8.7 (95 % CI: -1.8 to 14.0) million. 

In 2012, the population-weighted PM2.5 is 72.8 µg m-3 for China and 52.0 µg m-3 for India from 

all sources and 9.9 µg m-3 for China and 9.0 µg m-3 for India without fossil fuel emissions. The 

low value of non-fossil fuel PM2.5 is reasonable for southern India (Dey et al., 2012) but may 

be an underestimate in the Indo-Gangetic Plain where crop residue burning contributes to high 

levels of PM2.5 (100-200 µg m-3) during the post-monsoon season (Ojha et al., 2020). An 

increase in the concentration of non-fossil-fuel PM2.5 would decrease our estimate of the 

number of premature deaths due to fossil fuel PM2.5 in India and China, as this would decrease 

the risk of premature mortality with a unit change in PM2.5 (Figure S4.5).  

4.4.1.  Comparison with Previous Estimates of Global Mortality Attributable to Outdoor 

PM2.5 

Previous estimates of the GBD for 2015 suggest that exposure to total PM2.5 causes 4.2 million 

deaths (Cohen et al., 2017), whereas here we estimate more than double (10.2 million) the 

number of premature deaths from fossil fuel combustion alone in 2012. Differences between 

the current study and the 2015 GBD lower estimates are related mainly to the choice of the 
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shape of the concentration-response function and the relative risk estimate. First, to provide 

information about exposure response at higher concentrations, the 2015 GBD study used the 

integrated exposure–response (IER) model in which active and second-hand smoking 

exposures were converted to estimated annual PM2.5 exposure equivalents using inhaled doses 

of particle mass (Burnett et al., 2014). Recent cohort studies from Asia indicate that this 

substantially underestimates the CRF at high concentrations. In contrast, in the current study 

we applied a CRF that was directly estimated from PM2.5 studies alone, as described in a recent 

meta-analysis that included estimates from studies in countries like China with higher PM2.5 

concentrations than our included in previous derivations of CRFs (Vodonos et al., 2018). The 

CRF from this recent meta-analysis flattens out at higher concentrations, as does the IER curve. 

However, this flattening is not as great as in the IER, as Asian cohort studies at high PM2.5 

concentrations report larger effects than would be expected from the IER. Hence estimates of 

the global attributable fraction of deaths due to air pollution using the function from the recent 

meta-analysis are higher than the estimates using the IER function.  In addition, at much lower 

concentrations (< 10 µg m-3), we applied higher slopes than assumed in the IER function. 

Recent studies at very low concentrations similarly show that the IER underestimated effects 

in this range (Pinault et al., 2016). Since GEOS-Chem estimated quite low concentrations in 

developed countries in Europe and North America, the number of premature deaths from PM2.5 

in these countries is greater than previous estimates. 

Following an approach similar to the recent meta-analysis (Vodonos et al., 2018), Burnett et al. 

(2018) modeled the shape of the association between PM2.5 and non-accidental mortality using 

data from 41 cohorts from 16 countries with GEMM. In that study, the uncertainty in a subset 

(15 cohorts) was characterized in the shape of the concentration-response parameter by 
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calculating the Shape-Constrained Health Impact Function, a prespecified functional form. 

These estimated shapes varied across the cohorts included in the function. GEMM predicted 

8.9 million (95 % CI: 7.5–10.3) deaths in 2015 attributable to long-term exposure to PM2.5 from 

all sources; 120 % higher excess deaths than previous estimates, but still lower than our estimate 

of mortality from exposure to fossil-fuel derived PM2.5 for 2012. Lelieveld et al. (2019) 

estimated the global and regional mortality burden of fossil fuel attributable PM2.5 by applying 

the GEMM CRF to a global chemistry-climate model that is overall coarser (~1.9° latitude and 

longitude) than the model used in this work. The authors reported 3.61 million deaths per year 

attributable to pollution from fossil fuel combustion and 5.55 million deaths per year due to 

pollution from all anthropogenic sources.  The estimated deaths from fossil fuel combustion are 

much lower than those in the current study for several reasons. First, the meta-analysis function 

used in our work includes 135 coefficients of all-cause mortality for adults aged 14-64 years 

old, together with cause-specific mortality and all-cause mortality among adults aged 65 and 

older, thus incorporating many more studies in a meta-regression framework than the 41 cohorts 

and coefficients in the GEMM function. Second, the approach used to estimate the CRF in 

Vodonos et al. (2018) allows for additional flexibility in the shape of the function because of 

its use of penalized splines.  In contrast, the GEMM pooled CRF integrates a set of 26 log-

linear functions and 15 functions characterized by three parameters governing the shape of the 

function. Third, while Cohen et al. (2017), Lelieveld et al. (2019) and Burnett et al. (2018) 

accounted for mortality from five specific causes (ischemic heart disease, stroke, chronic 

obstructive pulmonary disease, lung cancer and acute respiratory infections), in the current 

analysis we estimated changes in deaths from all causes. Fourth, some of the difference in the 

mortality estimates may come from differences in the age range. Our approach considers a 

wider population age range of over 14 years old (Vodonos et al., 2018) compared to the other 
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studies, which considered a population age range of over 25 years (Cohen et al., 2017; Burnett 

et al., 2018; Lelieveld et al., 2019). Our approach has wider age range since the age range for 

the studies in the meta-analysis (Vodonos et al., 2018) included people younger than 25 years 

old (Hart et al., 2011; Pinault et al., 2016) . Finally, the finer spatial resolution that GEOS-

Chem utilizes over much of the globe improves co-location of PM hotspots and population 

centers, yielding higher estimates of excess mortality compared to Lelieveld et al. (2019). 
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4.4.2.  Limitations 

There are a number of limitations that must be acknowledged. First, vulnerability to PM2.5

exposure may vary by population characteristics such as ethnicity, socio-economic status 

(SES), risk behaviors such as smoking and underlying comorbidities (Krewski et al., 2000; 

Pope et al., 2004; Wang et al., 2017) and by different exposure characteristics. We were limited 

in our ability to undertake a comprehensive analysis of factors influencing the association 

between PM2.5 and mortality since the global mortality data were not available by detailed age, 

ethnicity, SES, lifestyle, and underlying disease strata. In addition, the 95 % CI of our estimates 

reflect the lower and upper bound of the CRF, which flattens out at higher concentrations. 

Regions with very high concentrations (>50 µg m-3) are beyond the data range in the meta-

analysis; thus, the lower limit of the CI for those regions (China, West and North Africa; Table 

4.1) are much less than zero.  Second, for LRI in children, we have restricted our analysis to 

developed countries with annual PM2.5 < 25 µg m-3, in accordance with the geographical 

locations of the studies included in the meta-analysis by Mehta et al. (2013). Developing 

countries have much higher LRI mortality rates, and this restriction doubtless results in an 

underestimate. Finally, GEOS-Chem estimates of PM2.5 concentrations almost certainly 

contains errors in estimates of emissions of pollution precursors, meteorological effects on air 

quality, and representation of the complex physical and chemical formation pathways. In the 

absence of systematic bias, such model error may not produce large aggregate errors in the 

mortality burden of PM2.5, but bias may be present as well. In any event, it is challenging to 

estimate the true size of this error.  
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4.5. Conclusions 

The effects of CO2-driven climate change on human health and welfare are complex, ranging 

from greater incidence of extreme weather events, more frequent storm-surge flooding, and 

increased risk of crop failure (Duffy et al., 2019). One consequence of increasing reliance on 

fossil fuel as an energy source that has thus far received comparatively little attention is the 

potential health impact of the pollutants co-emitted with the greenhouse gas CO2.  Such 

pollutants include PM2.5 and the gas-phase precursors of PM2.5. This study demonstrates that 

the fossil fuel component of PM2.5 contributes a large global mortality burden. By quantifying 

this sometimes overlooked health consequence of fossil fuel combustion, a clear message is 

sent to policymakers and stakeholders of the co-benefits of a transition to alternative energy 

sources.  
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Supplementary Information 

Description of GEOS-Chem 

GEOS-Chem is a three-dimensional chemical transport model that includes detailed oxidant-

aerosol chemistry in the troposphere and is used by more than 80 groups worldwide (www.geos-

chem.org). The model is widely cited in the peer-reviewed literature – e.g., more than 4000 

times in the year 2017 alone (http://acmg.seas.harvard.edu/geos/geos_pub.html).  The model 

has been frequently applied to interpret observed PM2.5 in regions dominated by anthropogenic 

sources – e.g., China (Aunan et al., 2018),  Korea (Lee et al., 2017),  India (Venkataraman et 

al., 2018),  and the US (Di et al., 2016; Silvern et al., 2017); and validation has been performed 

for specific source sectors – e.g., transportation (Travis et al., 2016), biogenic sources (Marais 

et al., 2017), and power plants (Wang et al., 2012). Here we use GEOS-Chem v10-01, driven 

by 2012 GEOS-5 meteorology (gmao.gsfc.nasa.gov/GEOS_systems/). The GEOS-5 data are 

produced at 0.5°×0.667° horizontal resolution and are re-gridded here to 2°×2.5° for the global 

simulation. We also perform four regional simulations – for Europe, North America, Africa, 

and Asia – and for these simulations we keep the native grid resolution. Boundary conditions 

at 2°×2.5° from the global simulation are applied to these regional simulations. Most fine-scale, 

regional models, such as the Community Multiscale Air Quality Model, rely on chemical 

boundary conditions from global models with different chemical schemes, but our approach 

permits application of a consistent scheme across the globe.  The 0.5°×0.667° horizontal 

resolution in GEOS-Chem over key regions is, however, relatively coarse compared to that in 

some other regional models.  Li et al. (2016) show that application of coarse resolution leads to 

an underestimate of health impacts of 8 %, implying that our mortality estimates are 

conservative. Our choice of 2012 as the simulation year is discussed below. 
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GEOS-Chem simulates the mass concentrations of key particle types including sulfate, nitrate, 

and ammonium (Park et al., 2004; Zhang et al., 2012), organic carbon (Heald et al., 2006; 2011) 

black carbon (Wang et al., 2014), dust (Fairlie et al., 2007), and sea salt (Jaegle et al., 2011).  

Particle chemistry is coupled to gas-phase chemistry as described by (Mao et al., 2013). 

Gas/particle partitioning of sulfate, nitrate and ammonium (SNA) particles is computed with 

the ISORROPIA II thermodynamic module (Fountoukis and Nenes, 2007; Pye et al., 2009). 

Wet and dry deposition of particles follow Liu et al. (2001) and Zhang et al. (2001), 

respectively. 

Emissions in GEOS-Chem are computed by the Harvard-NASA Emission Component 

(HEMCO) (Keller et al., 2014), which combines and regrids ensembles of user-selected 

emission inventories. We apply global anthropogenic emissions but supersede these with 

regional emissions where the latter are more reliable (Table S4.1). Fossil fuel emissions in 

Africa include (1) industry and power plants from the global inventories and (2) diffuse and 

inefficient combustion sources (diesel and petrol generators, ad-hoc oil refining, gas flares, 

kerosene use, cars, and motorcycles) from the DICE-Africa inventory (Marais and Wiedinmyer, 

2016). We scale all anthropogenic inventories to 2012, as described by van Donkelaar et al. 

(2008). Biogenic emissions are from MEGAN v2.1 for volatile organic compounds (Guenther 

et al., 2012) and from Hudman et al. (2012) for soil nitrogen oxides. Lightning emissions of 

nitrogen oxides are computed as a function of cloud top height as described by Murray et al. 

(2012).  Dust entrainment and deposition follow the DEAD scheme of Zender et al. (2003) as 

implemented in GEOS-Chem by Fairlie et al. (2007). Biomass burning emissions are from the 

Global Fire Emissions Database version 4 (GFED4) (Giglio et al., 2013). 
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For this study, we first calculate the surface fine particle mass concentrations (PM2.5), with all 

emissions sources turned on. For consistency with the PM2.5 measurement protocol set by the 

U.S. Environmental Protection Agency, we assume 35 % relative humidity everywhere (except 

for Europe) and standard ambient conditions, with temperature of 298.15 K and surface 

pressure of 1013.25 hPa. In Europe, we assume 50 % relative humidity, as is the protocol there. 

We then perform the identical simulation with emissions arising from fossil fuel combustion 

turned off.  The same meteorological fields are applied for both simulations – i.e., the simulation 

does not allow feedbacks from particles onto meteorology. In the no-fossil-fuel case, all fossil 

fuel sources are turned off in both the nested simulations and in the global simulation providing 

boundary conditions. The difference between the two simulations (with and without fossil fuel) 

represents the contribution of fossil-fuel combustion to surface PM2.5. This approach assumes 

a linear response of surface PM2.5 to changes in emissions.   

Our choice of 2012 as the simulation year requires explanation. Air quality is influenced not 

just by emissions but also by meteorological variables such as surface temperature and wind 

speed, which can vary greatly on inter-annual timescales. Ideally, our analysis would involve 

multi-year simulations on both the coarse- and fine-scale grids, but such effort would be 

computationally expensive. We choose instead to do a one-year simulation for a year not 

influenced by El Niño conditions, which can worsen or ameliorate air pollution, depending on 

the region (e.g., Chang et al. (2016), Shen and Mickley (2017)).  To gauge the error implied by 

our choice to simulate just one year rather than a span of years, we examine the inter-annual 

variation in total PM2.5 concentrations at the surface estimated from the Dalhousie University 

archive (van Donkelaar et al., 2016). The PM2.5 values in the Dalhousie archive are calculated 

by first combining satellite observations with GEOS-Chem estimates, and then calibrating the 
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resulting concentrations with available ground-based observations (mostly Europe, the US, 

India and China). We find that the global mean average of the relative standard deviation of 

total PM2.5 in the Dalhousie archive over 2008 to 2016 is just 7 %. Averaged over large regions 

on the continental scale, the relative standard deviation ranges from 4 % over Australia to 11 

% over the Asia nested grid domain (Figure S4.1). Inter-annual variability in this metric is 

greatest (> 60 %) for smaller regions influenced by wildfires or biomass burning – e.g., 

Indonesia and remote areas at high northern latitudes where few people live.  To test our choice 

of 2012 as a representative year, we calculate the 2012 anomaly in the Dalhousie PM2.5 time 

series (Figure S4.2). Again on a continental scale, we find that 2012 concentrations range from 

0.7 µg m-3 less to 0.4 µg m-3 greater than the 2008-2016 average (Figure S4.2). Given the 

relatively small inter-annual variability in surface PM2.5 in the Dalhousie archive over most 

populated regions, as well as the small anomalies in PM2.5 in 2012 relative to the long-term 

mean, we conclude that the 2012 GEOS-Chem simulation provides a representative snapshot 

of global air quality. 

To validate the 2012 PM2.5 results from GEOS-Chem, we rely on archived PM2.5 concentrations 

from the World Health Organization database (WHO). We find that GEOS-Chem captures the 

observed annual mean PM2.5 concentrations with a correlation of 0.70, mean absolute error of 

3.4 µg m-3, and normalized mean bias of 27 % (Figure S4.3). Our high bias in the US (where 

most North American WHO data are located) is opposite to the low bias estimated by Ford and 

Heald (2016) in urban (-25 %) and rural (-6 %) areas; such biases may be due to differences in 

US emission inventories for both gas-phase aerosol precursors and primary particles (Xing et 

al., 2015). A caveat in our comparison is that most observations (95 %) in the WHO database 
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with at least 75 % temporal coverage in 2012 are in North America and Europe. We add to 

Figure S4.3 the 2012 observations from the US embassy in Shanghai (those for Beijing are 

already in the WHO dataset), and national monitoring sites embassies in Delhi (Cusworth et 

al., 2018), and the Highveld region in South Africa (South African Air Quality Information 

System; data obtained by request from the South African Weather Service in July 2018). Over 

the European domain in Figure S4.1, we find that GEOS-Chem yields a correlation of 0.60, 

mean absolute error of 5.2 µg m-3 and a normalized mean bias of 33 % in surface PM2.5; over 

the North American domain in Figure S4.1, these values are 0.52, 1.8 µg m-3 and 20 % (Figure 

S4.4). Taken together, these validation statistics are similar to those reported by other studies 

examining surface PM2.5 in global models (e.g., Shindell et al. (2018)) and regional models 

(e.g., Xing et al. (2015)) . 
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Table S4.1 GEOS-Chem anthropogenic emissions. All emissions are scaled to 2012 
conditions. 

Region Inventory name Species Reference 

Global EDGAR v4.2a,c NO, CO, SO2, 
sulfate, ammonia 

Olivier and Berdowski (2001) 

Global RETROa,c Non-methane 
VOCs 

Schultz et al. (2007) 

Global --- Ethane Xiao et al. (2008) 

Global GEIA Biofuel ammonia www.geiacenter.org 

Global BONDa,c Carbonaceous 
particles 

Bond et al. (2007) 

Global AEIC v2.0 
aircraft 

NO, CO, etc. Stettler et al. (2011) 

Global ARTCAS ship SO2 Eyring et al. (2005) 

Global ICOADS ship CO Wang et al. (2008) 

Global PARANOX ship NO Vinken et al. (2011) 

United States NEI 2011a,b,c Many species US EPA,  
www3.epa.gov/airtrends 

Europe EMEPb,c Many species www.emep.int 

Asia MIXc Many species Li et al. (2017), Venkataraman et al. 
(2018), Li et al. (2018)  

Africa DICEc,d Many species Marais and Wiedinmyer (2016) 

Africa --- Open waste 
burning species 

Wiedinmyer et al. (2014) 

a Includes biofuel sources 

b Includes ship emissions 

c Includes land-based transport emissions 

d Includes only diffuse and inefficient sources of anthropogenic emissions – residential fuelwood, diesel and petrol 
generators, ad-hoc oil refining, gas flares, kerosene use, charcoal production and use, road transport (including 
motorcycles). For emissions from formal industry and powerplants, we use the global inventories.  
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Figure S4.1 Uncertainty in 2012 PM2.5 due to interannual variability. Interannual variability is 
estimated as the relative standard deviation of the Dalhousie satellite-derived PM2.5 product 
(van Donkelaar et al., 2016) for 2008-2016 at 0.1°´0.1°. Values inset are the domain mean 
relative standard deviations for North America, South America, Western Europe (including 
portions of North Africa and the Middle East), Africa (including a portion of the Middle East), 
Southeast Asia, and Australia. 
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Figure S4.2 Representativeness of PM2.5 in 2012, calculated as the absolute difference in 
2012 and 2008-2016 mean PM2.5 from Dalhousie (van Donkelaar et al., 2016) at 0.1°´0.1°. 
Values inset are domain mean anomalies for North America, South America, Western 
Europe (including portions of North Africa and the Middle East), Africa (including a 
portion of the Middle East), Southeast Asia, and Australia.   
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Figure S4.3 Evaluation of GEOS-Chem PM2.5. Points are annual mean PM2.5 for coincident 
0.5° ´ 0.667° grid squares with at least 75 % temporal coverage in the observations. GEOS-
Chem PM2.5 is estimated at 50 % relative humidity (RH) in Europe and 35 % RH everywhere 
else, following standard protocols in measurements of PM2.5. Reduced major axis (RMA) 
regression line (solid black line) and statistics, and the Pearson’s correlation coefficient for all 
coincident grid squares are given inset. Points in red are in Europe and in blue are in North 
America. Only 7 out of 957 points exceed the range shown. 
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Figure S4.4 Comparison of the spatial distribution of observed and modeled PM2.5 in Europe 
and North America. Data are on a uniform 0.5° ´ 0.667° grid. Only observations with at least 
75 % temporal coverage are used. PM2.5 are obtained at 50 % RH in Europe and 35 % RH in 
North America. Data for the two domains are plotted on different scales. Mean PM2.5 for 
coincident grid squares is given inset. 
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PM2.5 Mortality Concentration–Response Model 

We estimated the number of premature deaths attributable to fossil-fuel related PM2.5 using a 

health impact function. To estimate the excess number of deaths associated with PM2.5 exposure 

one requires estimates of exposure, the size of the population exposed, the mortality rate for 

that population, and the fraction of total deaths attributable to that exposure (AF %).  

Recent meta-analysis of the association between long-term PM2.5 and mortality (Vodonos et al., 

2018) applied a multivariate linear random effects meta-analysis and meta-regression models 

that polled 135 hazard ratio estimates derived from 53 studies examined long-term PM2.5 and 

mortality. This meta-analysis provided an evidence of a nonlinear association where the 

exposure-mortality slopes decreased at higher concentrations (Figure S4.5). For example, each 

1 µg m-3 increase in PM2.5 was associated with a 1.29 % increase in all-age all-cause mortality 

(95 % CI 1.09-1.50) at a mean exposure of 10 µg m-3, which decreased to 0.94 % (95 % CI 

0.76-1.12) at a mean exposure of 20 µg m-3, to 0.81 % (95 % CI 0.52-1.12) at 30 µg m-3 and to 

0.79 % (95 % CI 0.40-1.13) at 40 µg/m3.

Hence, for examining a reduction of PM2.5 levels from 15 to 10 µg/m3, we calculated the mean 

slope as area under the curve between 0.014 and 0.011= 0.0125. A reduction of PM2.5 levels 

from 30 to 20 µg/m3, the mean slope was calculated as area under the curve between 0.009 and 

0.008 = 0.00814. Mean value of estimates of mortality (β") for each grid cell was calculated as 

area under the curve for the concentration-specific β in each grid cell from the low PM2.5 

scenario (without fossil fuel emissions) to the high PM2.5 scenario (with all emissions, including 

fossil fuel) following the form shown in Equation S4.1. 
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β"(PM!.#)=∫ β(PM!.#)$%!.#		&''	)*+,,+-.,
$%!.#		.-	/-,,+'	/0)'	        (S4.1) 

Figure S4.5 Estimates for long-term PM2.5 mortality dose-response, drawn from the meta-
analysis of long-term association between PM2.5 and mortality (Vodonos et al., 2018).  
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Table S4.2 Global regions, number of deaths, attributable fraction (%) for the population above 14 years old attributable to fine particulate 

matter (PM2.5) exposure in 2012  

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 

North America 
Bermuda 488 3 1.9 1.1 9               1.8 
Greenland 472 1.2 0.9 0.3 3               0.6 

Central America & the Caribbean 
Antigua and Barbuda 538 4.4 4.1 0.3 2               0.4 
Bahamas 2,347 4.1 2.8 1.4 53               2.3 
Barbados 2,523 4.9 4.7 0.2 7               0.3 
Belize 1,530 5 4 1.1 26               1.7 
Costa Rica 38,094 5.4 2.9 2.6 1,557               4.1 
Cuba 95,635 5.3 3.8 1.5 2,334               2.4 
Dominica 668 4.9 4.7 0.2 2               0.3 
Dominican Republic 60,949 11.2 5.3 6 4,925               8.1 
El Salvador 44,036 9.7 3.4 6.3 4,029               9.1 
Grenada 983 4.6 4.3 0.4 6               0.6 
Guatemala 67,426 9.7 3.2 6.5 6,205               9.2 
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Haiti 70,013 8.2 4.9 3.3 3,409               4.9  

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Honduras 40,564 7.9 3.5 4.4 2,620               6.5  
Jamaica 18,511 9.1 4.7 4.4 1,183               6.4  
Mexico 615,874 11.8 2.4 9.5 65,871             10.7  
Nicaragua 20,467 5.4 3.5 1.9 614               3.0  
Panama 16,364 4.7 2.5 2.2 594               3.6  
Puerto Rico 28,717 5.5 4.6 0.9 409               1.4  
Saint Lucia 1,191 5 4.8 0.2 4               0.3  
Saint Vincent and the Grenadines 913 4.7 4.5 0.2 3               0.3  
Trinidad and Tobago 19,561 5.4 4.5 0.9 277               1.4  
United States Virgin Islands 1,202 4.6 4.2 0.4 7               0.6  
       
South America  
Argentina 306,979 7.9 3.4 4.5 20,385               6.6  
Bolivia 50,854 5.7 4.4 1.3 1,095               2.2  
Brazil 1,161,922 8.9 2.9 6.1 94,216               8.1  
Chile 108,995 10 2.4 7.6 11,202             10.3  
Colombia 247,981 8.2 2.7 5.5 20,045               8.1  
Ecuador 74,588 6.7 2.1 4.6 5,357               7.2  
Guyana 4,830 8 6.6 1.4 96               2.0  
Paraguay 29,665 9.2 6 3.2 1,374               4.6  
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Peru 120,778 7.3 1.8 5.5 10,209               8.5  
Suriname 3,667 6.9 6.2 0.7 36               1.0  

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Uruguay 30,980 6.5 2.4 4.1 1,967               6.3  
Venezuela 247,407 10.6 4.3 6.2 21,185               8.6  
       
Europe  
Albania 20,072 19.8 8.6 11.2 2,458             12.2  
Andorra 654 13.4 5.8 7.6 65               9.9  
Austria 79,627 21.4 4.3 17.1 15,018             18.9  
Belarus 115,131 20.6 2.9 17.8 23,397             20.3  
Belgium 108,113 25.5 2.8 22.7 25,633             23.7  
Bosnia and Herzegovina 36,427 21 6.8 14.2 5,628             15.5  
Bulgaria 106,938 20.2 7.2 13 15,346             14.4  
Croatia 52,156 20.2 5.6 14.6 8,454             16.2  
Cyprus 7,171 15.4 9.2 6.3 543               7.6  
Czech Republic 109,205 26.2 3.4 22.8 25,467             23.3  
Denmark 51,600 16.3 2.1 14.2 9,202             17.8  
Estonia 14,761 12.6 1.6 11 2,227             15.1  
Finland 50,553 8.6 1.3 7.3 5,506             10.9  
France 562,481 18.1 3.4 14.7 97,242             17.3  
Georgia 51,550 23.3 10.2 13.1 6,670             12.9  
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Germany 896,319 23.9 3.2 20.7 198,569             22.2  
Greece 116,757 15.6 8.1 7.5 10,616               9.1  
Hungary 128,981 24.7 4.7 20 26,863             20.8  

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Iceland 1,891 2.6 1.6 1 31               1.6  
Ireland 30,421 8.3 2 6.4 2,902               9.5  
Italy 622,080 18.8 6 12.8 89,412             14.4  
Kazakhstan 126,168 17.1 9.2 7.9 11,343               9.0  
Latvia 31,672 16.2 2 14.3 5,719             18.1  
Lithuania 40,380 21.4 2.3 19.1 8,729             21.6  
Malta 3,593 16 11.4 4.6 193               5.4  
Moldova 43,245 25.4 5.2 20.2 8,922             20.6  
Montenegro 6,223 18 7.9 10.1 724             11.6  
Netherlands 143,387 24.2 2.7 21.5 32,972             23.0  
Norway 29,299 5.9 1.4 4.5 2,065               7.0  
Poland 393,724 26.5 3.1 23.4 93,842             23.8  
Portugal 104,738 8.9 3.7 5.2 8,032               7.7  
Romania 269,933 23.9 6.2 17.7 49,583             18.4  
Russia 1,833,839 19 4.9 14.1 289,922             15.8  
Serbia 100,172 24.8 6.9 17.9 18,076             18.0  
Slovakia 53,258 24.9 4.1 20.8 11,522             21.6  
Slovenia 19,680 21.7 5.3 16.3 3,528             17.9  
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Spain 418,063 12.9 4.8 8.1 44,603             10.7 
Sweden 88,058 10 1.6 8.5 10,548             12.0 
Switzerland 62,993 20.3 4.6 15.8 11,196             17.8 
Turkey 361,723 18.2 8.1 10.1 41,811             11.6 

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Ukraine 731,672 19.4 5.1 14.3 120,217             16.4 
United Kingdom 579,747 15.4 2 13.5 99,069             17.1 

 Africa 
Algeria 142,304 31.4 20.5 10.9 13,295               9.3 
Angola 100,845 15.4 14.1 1.3 1,537               1.5 
Benin 42,616 40.4 36.2 4.2 1,450               3.4 
Botswana 12,721 8.2 6 2.1 397               3.1 
Burkina Faso 84,040 55.9 54.6 1.3 855               1.0 
Burundi 44,973 16.2 15.4 0.8 419               0.9 
Cameroon 118,759 39.7 38.2 1.5 1,520               1.3 
Cape Verde 2,545 66.9 66 0.9 18               0.7 
Central African Republic 41,111 30.7 30.1 0.6 178               0.4 
Chad 56,523 59.8 58.7 1 460               0.8 
Comoros 3,878 1.6 1.4 0.1 9               0.2 
Congo 21,705 20.6 19.3 1.3 287               1.3 
Cote d'Ivoire 111,211 29.3 28.2 1.1 1,065               1.0 
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Democratic Republic of the Congo 419,021 21.3 20.7 0.6 2,261               0.5  
Djibouti 4,509 21.2 17.5 3.8 164               3.6  
Egypt 392,226 56.7 40.2 16.5 46,783             11.9  
Equatorial Guinea 4,679 10 9.5 0.5 32               0.7  
Eritrea 20,386 31.3 28.5 2.8 444               2.2  

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Ethiopia 287,855 17 15.2 1.8 5,657               2.0  
Gabon 13,783 11 10.5 0.5 90               0.7  
Gambia 9,610 58 56 2 151               1.6  
Ghana 149,177 31.5 28.9 2.6 3,361               2.3  
Guinea 63,691 49.7 48.8 1 467               0.7  
Guinea-Bissau 9,223 51.9 50.6 1.3 89               1.0  
Kenya 219,806 8.3 6.4 2 6,035               2.7  
Lesotho 25,223 12.6 7.5 5.1 1,689               6.7  
Liberia 19,482 25.3 24.7 0.7 113               0.6  
Libya 26,745 42.3 34.3 8 1,565               5.9  
Madagascar 97,088 3.7 3.3 0.4 641               0.7  
Malawi 83,919 9.9 9.4 0.6 681               0.8  
Mali 69,737 60.3 59.3 1 555               0.8  
Mauritania 13,520 98.7 97.4 1.3 159               1.2  
Mauritius 9,564 1.6 1.3 0.3 43               0.4  
Morocco 186,609 23.8 16.9 6.9 12,436               6.7  
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Mozambique 163,474 6.8 6.3 0.5 1,309               0.8  
Namibia 12,923 11.1 10.2 0.9 159               1.2  
Niger 63,052 73.3 71.6 1.7 844               1.3  
Nigeria 689,902 59.7 54.9 4.8 25,282               3.7  
Rwanda 43,547 16.4 15.2 1.2 557               1.3  
Sao Tome and Principe 821 5.5 5.4 0.1 2               0.2  

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Senegal 61,877 71.2 69.3 1.8 916               1.5  
Seychelles 702 1.5 1.2 0.3 4               0.6  
Sierra Leone 33,549 42 41 0.9 230               0.7  
Somalia 47,288 9.5 8.3 1.3 789               1.7  
South Africa 487,500 21.9 11.7 10.2 45,134               9.3  
Sudanc 165,624 35.3 33.6 1.7 2,197               1.3  
Swaziland 9,954 10.6 6.7 3.9 534               5.4  
Tanzania 202,713 6.9 6.4 0.5 1,660               0.8  
Togo 34,797 36.6 34.4 2.1 617               1.8  
Tunisia 59,521 25.5 17.1 8.3 4,711               7.9  
Uganda 127,825 13.1 11.8 1.3 2,018               1.6  
Zambia 71,697 12.7 12.2 0.6 511               0.7  
Zimbabwe 88,229 10.5 9 1.6 1,797               2.0  
       
Western Asia & the Middle East  
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Afghanistan 148,817 20.9 13.9 7 11,153               7.5 
Armenia 25,420 22.6 11.9 10.7 2,721             10.7 
Azerbaijan 85,764 29.8 17.6 12.2 8,733             10.2 
Bahrain 3,315 33.1 30.2 2.9 73               2.2 
Iran 330,324 28.5 23.8 4.7 13,168               4.0 
Iraq 95,874 30.1 26.4 3.7 2,942               3.1 
Israel 40,291 21.2 14.4 6.9 2,776               6.9 

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Jordan 13,031 22.9 16.6 6.2 766               5.9 
Kuwait 5,120 37.4 34.4 3 110               2.1 
Kyrgyzstan 29,441 17.3 8.4 8.9 3,041             10.3 
Lebanon 27,756 18 11.7 6.3 1,931               7.0 
Oman 7,482 46.5 40.6 5.8 321               4.3 
Palestine 12,562 22.7 15.6 7.1 853               6.8 
Qatar 4,252 35.2 31.7 3.5 109               2.6 
Saudi Arabia 82,403 32.6 29.6 3 1,893               2.3 
Syria 140,751 19.4 12.7 6.7 10,159               7.2 
Tajikistan 38,948 21.7 9.6 12.1 4,914             12.6 
Turkmenistan 51,096 31.7 26.4 5.3 2,124               4.2 
United Arab Emirates 16,636 54 45.8 8.1 1,000               6.0 
Uzbekistan 205,829 24.8 12.8 12 23,912             11.6 
Yemen 90,616 23 19.9 3.1 2,520               2.8 
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Eastern Asia  
Bangladesh 692,081 58.9 6.7 52.3 252,927             36.5  
Bhutan 2,909 23.6 5.7 17.9 516             17.7  
Brunei 1,684 6.1 3.3 2.8 72               4.3  
Cambodia 85,803 20.9 11.6 9.2 8,445               9.8  
China 9,720,397 72.8 9.9 62.9 3,910,916             40.2  
China (2018)d 9,720,397 41 9.7 31.2 2,355,579             24.2  

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
India 8,009,357 52 9 42.9 2,458,384             30.7  
Indonesia 1,495,066 20.9 5.7 15.3 230,097             15.4  
Japan 1,284,769 22.6 4.6 18 242,561             18.9  
Laos 33,822 19.6 8 11.6 4,404             13.0  
Malaysia 154,090 18.9 5.3 13.6 22,228             14.4  
Maldives 865 5.9 2.3 3.7 50               5.8  
Mongolia 12,013 8.4 4.8 3.5 628               5.2  
Myanmar 340,623 16.4 7.4 9 36,978             10.9  
Nepal 168,690 38.8 9.5 29.3 39,066             23.2  
North Korea 201,841 35.8 5.3 30.5 52,942             26.2  
Pakistan 1,115,784 36.7 15.1 21.7 188,406             16.9  
Papua New Guinea 63,224 3.1 2.9 0.2 168               0.3  
Philippines 559,792 8.7 2.1 6.7 51,203               9.1  
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Singapore 14,100 21.9 4.9 16.9 2,616             18.6 
South Korea 265,641 44 5.3 38.8 80,962             30.5 
Sri Lanka 116,032 13.4 3.5 9.9 14,998             12.9 
Taiwan 164,488 14.5 3.2 11.3 23,711             14.4 
Thailand 418,824 20.6 4.7 15.9 71,184             17.0 
Timor-Leste 5,381 6.4 5 1.4 115               2.1 
Vietnam 541,064 31.7 4.4 27.4 127,614             23.6 

Country name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Australia & Oceania 
American Samoa 301 0.7 0.7 0 0                0.0   
Australia 142,935 4.9 2.4 2.5 5,686               4.0 
Federated States of Micronesia 679 0.7 0.7 0 1               0.1 
Fiji 5,538 1.3 1.2 0.1 9               0.2 
Guam 1,112 1.2 1 0.2 4               0.4 
Kiribati 852 0.8 0.8 0 0                0.0   
Marshall Islands 336 1.1 1.1 0 0                0.0   
New Zealand 29,923 2.2 1.5 0.6 320               1.1 
Northern Mariana Islands 249 1.3 1.1 0.3 1               0.4 
Samoa 960 0.7 0.7 0 0                0.0   
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Solomon Islands 3,286 1.2 1.2 0 2               0.1  
Tonga 657 1.2 1.1 0.1 1               0.2  
Vanuatu 1,791 2.2 2.2 0.1 2               0.1  
       
       
       
       
       
       
       
       
       
USA 

State name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Alabama 50,411 9.4 2.6 6.9 5,067             10.1  
Alaska 3,384 2.2 1.4 0.9 51               1.5  
Arizona 56,565 7.9 4 3.9 3,263               5.8  
Arkansas 26,345 10.3 2.6 7.6 2,887             11.0  
California 259,363 12.2 2.4 9.8 34,081             13.1  
Colorado 36,885 6.8 3 3.8 2,140               5.8  
Connecticut 32,639 12.1 1.7 10.5 4,749             14.6  
Delaware 4,436 13.2 1.7 11.5 694             15.6  
Florida 191,646 6.6 2.4 4.2 12,483               6.5  
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Georgia 75,518 11.3 2.5 8.8 9,290             12.3  
Hawaii 11,032 2.6 2.1 0.4 83               0.8  
Idaho 13,006 6.2 3.3 2.8 581               4.5  
Illinois 102,593 16.6 1.9 14.7 18,952             18.5  
Indiana 66,979 17 1.9 15.1 12,637             18.9  
Iowa 33,378 11.9 2.1 9.8 4,562             13.7  
Kansas 33,671 10.4 1.9 8.5 4,094             12.2  
Kentucky 52,325 14.3 2 12.4 8,500             16.2  
Louisiana 42,176 10.4 2.8 7.5 4,505             10.7  
Maine 14,555 7.7 1.6 6.1 1,350               9.3  
Maryland 40,784 15.8 1.8 14.1 7,336             18.0  

State name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Massachusetts 53,851 11.8 1.6 10.2 7,654             14.2  
Michigan 93,585 16.7 1.8 14.9 17,438             18.6  
Minnesota 39,674 13.3 2.2 11.1 5,877             14.8  
Mississippi 40,360 10 2.6 7.3 4,263             10.6  
Missouri 48,205 11.2 2.1 9.1 6,161             12.8  
Montana 9,520 5.1 3.4 1.7 266               2.8  
Nebraska 13,881 9 2.1 7 1,432             10.3  
Nevada 23,541 6.7 3.4 3.3 1,192               5.1  
New Hampshire 12,314 10 1.6 8.3 1,495             12.1  
New Jersey 97,747 15.7 1.6 14.1 17,646             18.1  
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New Mexico 21,308 4.9 2.2 2.7 938               4.4  
New York 129,489 14.6 1.6 13 21,931             16.9  
North Carolina 95,239 12.5 2.2 10.3 13,357             14.0  
North Dakota 4,070 6.9 2 4.9 309               7.6  
Ohio 115,955 16.8 1.7 15 21,818             18.8  
Oklahoma 40,908 8.7 1.9 6.8 4,190             10.2  
Oregon 38,128 8.1 2.4 5.6 3,152               8.3  
Pennsylvania 133,771 17.1 1.7 15.4 25,382             19.0  
Rhode Island 4,910 10 1.6 8.3 597             12.2  
South Carolina 51,014 10.9 2.5 8.4 6,048             11.9  
South Dakota 7,036 7.4 2.1 5.4 574               8.2  
Tennessee 67,804 11.4 2.1 9.3 8,844             13.0  

State name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Texas 183,885 8.4 1.9 6.4 17,663               9.6  
Utah 16,534 6.5 2.7 3.8 981               5.9  
Vermont 6,415 9.8 1.6 8.2 770             12.0  
Virginia 71,555 13.9 2 11.9 11,206             15.7  
Washington 50,955 7.7 2.3 5.4 4,138               8.1  
West Virginia 22,500 11 1.9 9.1 2,900             12.9  
Wisconsin 59,470 14.7 2 12.7 9,842             16.5  
Wyoming 3,642 4.7 2.8 1.9 114               3.1  
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Canada 

Province name Total Deaths >14 
years old 

Mean population weighted annual 
PM2.5 (μg m-3) Attributable 

deathsa 

Mean 
attributable 

fraction (%)b 
With all 
emission 
sources 

Without 
fossil 
fuel 

Estimated 
fossil fuel 

PM2.5 
Alberta 21,535 8 2 6 1,958               9.1 
British Columbia 33,403 8.7 1.9 6.8 3,237               9.7 
Manitoba 9,868 7.9 2.7 5.2 778               7.9 
New Brunswick 7,095 4.8 1.5 3.4 391               5.5 
Newfoundland & Labrador 1,588 2.4 1.4 1 27               1.7 
Northwest Territories 172 3.2 2.8 0.4 1               0.6 
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Nova Scotia 9,158 4.9 1.6 3.3 497               5.4 
Nunavut 129 1.2 0.8 0.4 1               0.8 
Ontario 90,996 15 1.6 13.4 15,728             17.3 
Prince Edward Island 1,269 4.3 1.4 2.9 61               4.8 
Quebec 66,494 13.9 1.6 12.3 10,645             16.0 
Saskatchewan 8,515 7.5 2.4 5.2 678               8.0 
Yukon Territory 193 1.1 0.9 0.3 1               0.5 

a Annual number of deaths attributed to long term exposure to PM2.5 generated by fossil fuel combustion. 
b Mean proportion of deaths attributed to long term exposure to fossil-fuel related PM2.5.   
c Includes South Sudan 

d Estimates derived after applying a 43.7 % reduction to PM2.5 from all sources for China 
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CHAPTER 5 

SYNTHESIS 
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5.1 Summary and Conclusions 

The main research objective of this thesis was the application of a dynamic range of tools and 

datasets such as Earth observations (EO), ground-based measurements and chemical transport 

models (1) to determine long-term changes in air quality that provide insight into the impact of 

rapid economic and population development on air pollution and the efficacy of air quality 

policies, and (2) to estimate the health burden at different scales ranging from cities to the globe 

and identify the areas of greatest health burden that can aid policymakers and stakeholders in 

making informed decisions.  

This thesis focused on three research areas, addressing critical research gaps identified in 

Chapter 1:  

• The evaluation of EO of atmospheric composition to assess the skill of these at

reproducing temporal variability in surface air pollution for the development of a

methodology to determine long-term trends in air quality in cities

• Quantifying long-term trends of the abundance of air pollutants and precursor emissions

of short-lived pollutants in emerging megacities in the tropics, statistical determination

of the relative contribution of open burning of biomass and anthropogenic activity to

these trends, and examining the combined effect of population increase and air pollution

on the trends in urban population exposure to these hazardous pollutants

• The application of a chemical transport model and an updated health risk assessment

model to determine global premature mortality as a result of exposure to fine particle

air pollution from fossil fuel combustion
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This thesis uses wide-ranging datasets from in-situ measurements, EO, emission inventories, a 

chemical transport model, and health risk assessment models. Here, the key research findings 

in each chapter are summarised along with opportunities for future research. 

 

Chapter 2 evaluated the skill of EO of atmospheric composition in reproducing the monthly 

variability in surface air pollution in major cities in the UK (London and Birmingham) and 

India (Delhi and Kanpur). Monthly means of quality assured EO of nitrogen dioxide (NO2), 

ammonia (NH3), formaldehyde (HCHO), and aerosol optical depth (AOD) were sampled for 

each target city and validated against available reliable surface observations in the UK and 

India, following careful screening of the surface observations for spurious values. Temporal 

consistency (R ≥ 0.5) between tropospheric column and surface NO2 occurred for all 4 cities 

and between total column and surface NH3 occurred at 2 out of 3 rural sites in the UK. 

Measurements of AOD have poor temporal correlation (R < 0.4) with surface fine particulate 

matter (PM2.5), but reproduce the long-term trends in surface PM2.5 in both London and 

Birmingham. This provided the confidence to use satellite observations to determine recent 

long-term trends in NO2, NH3, HCHO as a marker for reactive non-methane volatile organic 

compounds (NMVOCs) and AOD for PM2.5 for the four target cities. Trends in all pollutants 

(except NH3 in Kanpur) are positive in the Indian cities suggesting no improvements in air 

quality despite recent pollution control measures. Trends in all pollutants (with the exception 

of reactive NMVOCs in London) declined in cities in the UK likely due to successful control 

on vehicular emissions. Reactive NMVOCs increased by more than 65 % in London during 

2012-2018 possibly due to increases in oxygenated VOCs from household products, the food 

and beverage industry and residential combustion. This is likely to have implications for surface 

ozone formation which is sensitive to emissions of VOCs in NOx-saturated London. 
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This work has demonstrated that EO provide constraints on long-term trends in variability of 

surface air pollution to determine the efficacy of air quality policies or the effects of rapid 

unabated development on air quality across an entire city that can’t be achieved with the surface 

monitoring network alone. Our validation results have also been used to interpret the weak 

temporal consistency between space-based and surface NO2 in the UK cities during winter 

(Potts et al., 2021) and our trend results for AOD have been used to interpret the increase in 

aerosol layer height in India and decrease in Europe (Brakhasi et al., 2021).  

Chapter 2 demonstrated the use of EO in regions with extensive surface monitoring networks 

and in regions with limited surface monitoring capabilities, so that in Chapter 3 these validated 

EO were used to determine long-term trends in air quality in fast-growing cities in the tropics 

which are projected to be megacities by 2100 that are in countries yet to implement regulations 

and setup necessary infrastructure to mitigate air pollution. As in Chapter 2, EO observations 

of NO2, NH3, HCHO and AOD were sampled over the 46 fastest growing cities in the tropics. 

Most pollutants in almost all tropical cities increase at rates 2-3 times faster than or opposite in 

direction to reported national and regional trends (Van Damme et al., 2020; Buchholz et al., 

2021; Hickman et al., 2021). Crucially, this work identified that emerging anthropogenic 

sources rather than traditional biomass burning are the cause for the long-term trends. This 

involved innovative application of statistical techniques to city-wide monthly means for each 

city and findings were supported by trends in fire activity from a widely used satellite-derived 

burned area data product. The city-wide trends in emissions of NOx, NH3 and reactive 

NMVOCs are then used to evaluate a contemporary anthropogenic emission inventory 

(McDuffie et al., 2020). Our results show that trends in emissions from the emission inventory 
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are generally within 50 % of the satellite observation trends for NOx, but substantially 

underestimate observed NH3 trends by a factor of 2-5. The ozone formation regime in the 

emerging megacities is also determined, using the standard method of ratios of EO of HCHO 

and NO2, to be on a trajectory to transition from being NOx-sensitive to NOx-saturated, making 

it even more difficult to mitigate surface ozone pollution. This is caused by the steep increase 

in NOx emissions and muted increase in reactive NMVOCs emissions. The combined effect of 

rapid increase in population and anthropogenic air pollution is estimated using population data, 

and annual mean AOD and NO2 derived using our trends for each city in 2005 and 2018. 

Increases in absolute population exposure to PM2.5 and NO2 for these cities of up to 23 % a-1 

for NO2 and 18 % a-1 for PM2.5 were obtained and attributed to the combined increase in 

anthropogenic air pollution and population, suggesting an impending health crisis.  

Chapter 4 examined the global mortality associated with PM2.5 arising from fossil-fuel 

combustion using PM2.5 simulated with the state-of-the-art chemical transport model GEOS-

Chem and the relationship between exposure and premature mortality from a recent meta-

analysis of cohort studies (Vodonos et al., 2018). This meta-analysis includes more cohort 

studies from Asia compared to previous studies, covers a wider range in exposure and age-

group, and accounts for more health endpoints than previous studies (Burnett et al., 2014; 

2018). This recent meta-analysis estimates higher relative risks than previous models at both 

very high and very low PM2.5 exposures (Vodonos et al., 2018). The meta-analysis was used to 

calculate the fraction of all-cause premature deaths (population > 14 years old) attributable to 

PM2.5 exposure using the GEOS-Chem PM2.5 for 2012. The number of adult premature deaths 

was estimated using this attributable fraction, country-level age-specific baseline mortality 

rates and population in each country older than 14 years old, and world population data gridded 
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at the GEOS-Chem resolution. Fossil-fuel related PM2.5 pollution was responsible for 10.2 

million adult premature deaths in 2012 with more than 60 % of these deaths in China and India. 

Substantial reduction in fossil fuel use in China from 2012 to 2018 led to a 38 % decline in 

premature deaths from 3.9 million in 2012 to 2.4 million in 2018. Our premature mortality 

estimates are higher than previous studies (Cohen et al., 2017; Burnett et al., 2018; Lelieveld et 

al., 2019) because we use an updated health risk assessment model and a finer spatial resolution 

chemical transport model.  Relative risk from a previous study (Mehta et al., 2013) was used to 

estimate that more than 2000 children were affected by lower respiratory infections as a result 

of exposure to PM2.5 from combustion of fossil fuels. This analysis was restricted to North 

America, South America and Europe, as health risk data was limited to regions with PM2.5 < 

25 µg m-3.  The results showed that PM2.5 from fossil-fuel combustion contributes significantly 

to the premature mortality burden. PM2.5 from fossil-fuel combustion can be readily controlled 

compared to other sources of PM2.5 such as dust or wildfire smoke, as evidenced by the 

substantial decline in deaths in China. 

This work has shown that the greatest premature mortality burden is in areas with substantial 

fossil fuel related PM2.5 and successful pollution control measures can be effective in mitigating 

these premature deaths. Our premature mortality estimates are more than double those from the 

Global Burden of Disease (Cohen et al., 2017) emphasizing the urgency to shift to cleaner 

sources of energy and the need to reliably account for the range of air pollution concentrations 

and the growing list of health outcomes attributable to air pollution. This work has been used 

to evidence the global mortality burden related to combustion of fossil fuels (Mendoza et al., 

2021; Schmitz et al., 2021) and to stress the health benefits that can be achieved from 

successful policies (Fears et al., 2021).  
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5.2 Opportunities for Future Research 

The TROPOspheric Monitoring Instrument (TROPOMI) was launched in October 2017 

and has much higher spatial resolution than its predecessors providing at least 12-20 times 

more data than the Ozone Monitoring Instrument (OMI). Methods like the oversampling 

technique (Zhu et al., 2014; 2017) can be used to further enhance the spatial resolution, 

though with loss in temporal variability, to determine intra-city variability and obtain 

data for small cities without extending the sampling domain beyond the administrative 

boundary, as was required in Chapters 2 and 3.  

Figure 5.1 Timeline of proposed launch dates of LEO and GEO instruments which will 
measure trace gases and particles in the future. GEMS launched in 2020. 

Figure 5.1 shows the proposed launch dates of upcoming satellite instruments. Future EO 

missions will sustain the record of low-Earth orbiting (LEO) satellites with operational missions 
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like Sentinel-5 at relatively fine spatial resolution of 7 km × 7 km (Guhne et al., 2017).  This 

thesis focused on EO from LEO satellites but there will also be observations from satellites in 

geostationary orbit (GEO). These will monitor a limited domain, but will be able to provide 

much more temporal information than LEO satellites about the variability of surface air 

pollution within that domain (Kim et al., 2020). The Geostationary Environment Monitoring 

Spectrometer (GEMS) was launched in February 2020 and provides observations over East 

Asia (Kim et al., 2020). GEMS offers data up to every hour during sunlight hours as shown by 

the wider sampling period of GEMS in Figure 5.2 than the instruments OMI and TROPOMI 

that pass overhead in the middle of the day only. Future GEO missions include Sentinel-4 over 

Europe (Courreges-Lacoste et al., 2017) and Tropospheric Emissions: Monitoring of Pollution 

(TEMPO) over North America (Zoogman et al., 2017) which present an excellent opportunity 

to extend this assessment of variability in air pollutants, though limited to the northern 

hemisphere.  

Figure 5.2 Diurnal profile (solid blue line) of NO2 near Earth’s surface and shaded regions 
denote sampling periods of GEMS (orange) and overpass time of OMI and TROPOMI (blue). 
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There are also uncertainties inherent in the other EO products used as additional constraints. 

The burned area product we use in Chapter 3, for example, underestimates the contribution 

from small fires. The underestimate for Africa is a factor of 8-9 (Ramo et al., 2021). This is 

likely to affect the size of trend in burned area but not the direction. This is because the trend 

in burned area is in general consistent with trends in atmospheric composition during the 

months of biomass burning (Hickman et al., 2021). Currently this new burned area product that 

better captures the contribution from small fires (Ramo et al., 2021) is only available for 2016 

and is limited by the launch date (June 2015) of the high-resolution sensor and so can only 

provide us with recent short-term variability in burned area. 

 

The meta-analysis used to provide a relationship between long-term exposure to PM2.5 and 

premature mortality in Chapter 4 highlights the dearth of cohort studies at high PM2.5 

concentrations (>50 µg m-3). More cohort studies at such high concentrations of PM2.5 would 

reduce the uncertainty in the meta-analysis and also the premature mortality estimates. It would 

also be helpful to have more cohort studies for young children suffering from lower respiratory 

infections (LRIs) in developing countries, though there are clear logistical and ethical 

challenges in conducting these studies. This can then be used to obtain a global estimate of LRI 

cases in young children from combustion of fossil-fuels. The approach to estimate PM2.5 

concentrations from fossil-fuel combustion and its health impact can also be extended to 

determine the relative contribution of the individual source sectors that use fossil fuel, such as 

transport, energy generation and industrial processes. Also relevant is the upstream and 

downstream processing of fossil fuels prior to combustion.  
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Future research on improving bottom-up emission inventories using the top-down emission 

estimates from EO are crucial for better representing these in regions where changes are 

dramatic due to rapid development or strict regulations. This also has the substantial benefit of 

improving the emissions in chemical transport models used to better understand atmospheric 

chemistry and inform policies. 
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Abstract. Air quality networks in cities can be costly and
inconsistent and typically monitor a few pollutants. Space-
based instruments provide global coverage spanning more
than a decade to determine trends in air quality, augmenting
surface networks. Here we target cities in the UK (London
and Birmingham) and India (Delhi and Kanpur) and use ob-
servations of nitrogen dioxide (NO2) from the Ozone Moni-
toring Instrument (OMI), ammonia (NH3) from the Infrared
Atmospheric Sounding Interferometer (IASI), formaldehyde
(HCHO) from OMI as a proxy for non-methane volatile
organic compounds (NMVOCs), and aerosol optical depth
(AOD) from the Moderate Resolution Imaging Spectrora-
diometer (MODIS) for PM2.5. We assess the skill of these
products at reproducing monthly variability in surface con-
centrations of air pollutants where available. We find tem-
poral consistency between column and surface NO2 in cities
in the UK and India (R= 0.5–0.7) and NH3 at two of three
rural sites in the UK (R= 0.5–0.7) but not between AOD
and surface PM2.5 (R < 0.4). MODIS AOD is consistent with
AERONET at sites in the UK and India (R≥ 0.8) and re-
produces a significant decline in surface PM2.5 in London
(2.7 % a−1) and Birmingham (3.7 % a−1) since 2009. We de-
rive long-term trends in the four cities for 2005–2018 from
OMI and MODIS and for 2008–2018 from IASI. Trends of
all pollutants are positive in Delhi, suggesting no air quality

improvements there, despite the roll-out of controls on indus-
trial and transport sectors. Kanpur, identified by the WHO
as the most polluted city in the world in 2018, experiences
a significant and substantial (3.1 % a−1) increase in PM2.5.
The decline of NO2, NH3, and PM2.5 in London and Birm-
ingham is likely due in large part to emissions controls on
vehicles. Trends are significant only for NO2 and PM2.5. Re-
active NMVOCs decline in Birmingham, but the trend is not
significant. There is a recent (2012–2018) steep (> 9 % a−1)
increase in reactive NMVOCs in London. The cause for this
rapid increase is uncertain but may reflect the increased con-
tribution of oxygenated volatile organic compounds (VOCs)
from household products, the food and beverage industry,
and domestic wood burning, with implications for the for-
mation of ozone in a VOC-limited city.

1 Introduction

More than 55 % of people live in urban areas, and this is pro-
jected to increase to 68 % by 2050 (UN, 2019). Air pollution
in cities routinely exceeds levels safe for human health (Lan-
drigan et al., 2018). Regulatory air quality monitoring net-
works, such as those employed in cities in the UK and India,
provide detailed data concerning individual species and spe-
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cific locations but are labour-intensive to operate and main-
tain, with potential gaps in spatial coverage and discontinu-
ities hindering longer term trend discovery. Here we assess
the ability to use the long record of satellite observations
of atmospheric composition to monitor long-term trends in
surface air quality in cities in the UK (London, Birming-
ham) and India (Delhi, Kanpur) of variable size, at a range
of development stages, and with air pollutant concentrations
that pose a greater risk to health than previously thought
(Vodonos et al., 2018; Vohra et al., 2021).

Our study focuses on two large cities in the UK (London
and Birmingham) and two in India (Delhi and Kanpur). Each
is at a different stage of development: London is well devel-
oped, Birmingham is undergoing urban renewal, Delhi is ex-
periencing rapid development (Singh and Grover, 2015), and
Kanpur is a rapidly industrialising city (World Bank, 2014).
Air quality policy is well established in the UK, and the
rapid decline in regulated air pollutants and their precursors
has been monitored since 1970. According to the National
Atmospheric Emission Inventory (NAEI), precursor emis-
sions of fine particles with aerodynamic diameter < 2.5 µm
(PM2.5) decreased in 1970–2017 by 1.5 % a−1 for nitrogen
oxides (NOx ≡ NO + NO2), 2.0 % a−1 for sulfur dioxide
(SO2), and 1.4 % a−1 for non-methane volatile organic com-
pounds (NMVOCs). Primary PM2.5 emissions decreased by
1.6 % a−1 over the same time period compared to a decline
of just 0.2 % a−1 for ammonia (NH3) emissions during 1980–
2017 (Defra, 2019a). In UK cities, vehicles make a large con-
tribution to air pollution year-round, with seasonal contribu-
tions from residential fuelwood burning, agricultural activity,
and construction and sporadic contributions from the long-
range transport of Saharan dust (Fuller et al., 2014; Crilley et
al., 2015; 2017; Harrison et al., 2018; Ots et al., 2018; Car-
nell et al., 2019). Despite the decline in emissions, many ar-
eas in the UK still exceed the legal annual mean limit of NO2
of 40 µg m−3 (Barnes et al., 2018), a threshold that may not
adequately protect against the health effects of long-term ex-
posure to NO2 (Lyons et al., 2020). Many areas will also ex-
ceed the annual mean PM2.5 standard, if updated from 25 to
10 µgm−3, according to the WHO guideline (Defra, 2019b).
Reported annual mean PM2.5 in 2016, obtained as the surface
monitoring network average, is 12 µg m−3 for London and
10 µgm−3 for Birmingham (WHO, 2018). There is increas-
ing concern over emissions of the important PM2.5 precursor,
NH3, as there are no direct controls on the agricultural sec-
tor, the dominant NH3 source (Carnell et al., 2019). There has
even been a recent increase in NH3 emissions of 1.9 % a−1 in
2013–2017 (Defra, 2019a), attributed to agriculture (Carnell
et al., 2019).

Air quality policy in India is in its infancy compared to
the UK. The first air pollution act was passed in 1981, 30
years after the equivalent in the UK. There has been a steady
roll-out of European-style (Euro VI) vehicle emission stan-
dards, starting with Delhi in 2018 and scaling up to the whole
country by 2020 (Govt. of India, 2016). Strict controls on

coal-fired power plants have been in place since December
2015, but most power plants are non-compliant (Sugathan et
al., 2018). National PM2.5 concentration targets have been
set at 20 %–30 % reductions by 2024 relative to 2017 levels
(Govt. of India, 2019), but in 2016, measured annual mean
PM2.5 in Delhi and Kanpur exceeded the national standard
(40 µgm−3) by about a factor of 4 : 143 µg m−3 for Delhi and
173 µgm−3 for Kanpur (WHO, 2018). In Delhi and Kanpur,
year-round emissions are dominated by vehicles, construc-
tion, and household biofuel use in the city and industrial ac-
tivity and coal combustion nearby (Guttikunda and Jawahar,
2014; Venkataraman et al., 2018). Seasonal enhancements
come from intense agricultural fires along the Indo-Gangetic
Plain (IGP) north of Delhi, frequent firework festivals, and
dust storms originating from the Thar Desert and Arabian
Peninsula (Ghosh et al., 2014; Parkhi et al., 2016; Yadav et
al., 2017; Cusworth et al., 2018; Liu et al., 2018). Like the
UK, the agricultural sector is not directly regulated, and in-
tense agricultural activity in the IGP contributes to the largest
global NH3 hotspot (Warner et al., 2017; Van Damme et al.,
2018; T. Wang et al., 2020).

Surface monitoring networks in cities in the UK and India
needed to evaluate citywide trends in air pollutant concentra-
tions and precursor emissions can be exceedingly sparse and
are often short-term. To illustrate this, we show in Fig. 1 the
coverage of surface sites in the four cities that continuously
monitor NO2, the most widely monitored air pollutant in both
countries. There are also diffusion tubes and emerging tech-
nologies that measure NO2 at low cost, but these are suscep-
tible to biases (Heal et al., 1999; Castell et al., 2017) and so
are excluded. The points in Fig. 1 show sites established and
maintained by national agencies, local city councils, and aca-
demic institutions. These are coloured by multi-year mean
NO2 around the satellite midday overpass (12:00–15:00 local
time or LT) for our period of interest (2005–2018). London
has the most extensive surface coverage. There can be more
than 100 sites operating simultaneously, but many of these
are short-term. Most long-term sites are in central London,
and southeast London is devoid of stations. Birmingham has
eight monitoring stations, but only two operated for the ma-
jority of 2005–2018. There are recently established compre-
hensive air quality monitoring sites in London and Birming-
ham, but these started operating in late 2018. More than 40 %
of the NO2 monitoring stations in Delhi were established in
2018, and there are concerns over data access and quality
(Cusworth et al., 2018). Fewer stations in the four cities mon-
itor PM2.5 than NO2, and measurements of NMVOCs are
limited to a few short-term intensive campaigns and long-
term sites that only measure light (short-chain) non-methane
hydrocarbons. Long-term continuous monitoring of NH3 in
the UK is limited to hourly measurements at rural European
Monitoring and Evaluation Programme (EMEP) sites (Fig. 1)
and monthly measurements at UK Eutrophying and Acidify-
ing Pollutants (UKEAP) network sites.
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Figure 1. Spatial extent of surface NO2 monitoring stations in London (b), Birmingham (c), Delhi (e), and Kanpur (f). Panels (a) and (d)
show the location of the target cities (red) and UK sites that are part of the European Monitoring and Evaluation Programme (EMEP) (blue).
Panels (b), (c), (e), and (f) show the locations of local authority regulatory NO2 monitoring stations within the administrative boundaries of
each city, coloured by mean midday NO2 for 2005–2018 and separated into sites used (triangles) and not used (circles) to assess satellite
observations of NO2 (see text for details). The surface area of each city is indicated. Country and city boundaries are from GADM version
3.6 (GADM, 2018) and DataMeet (DataMeet, 2018).

Satellite observations of atmospheric composition (Earth
observations) provide consistent, long records (> 10 years)
and global coverage of multiple air pollutants, complement-
ing surface monitoring networks with limited spatial cover-
age and temporal records (Streets et al., 2013; Duncan et al.,
2014). These have been used extensively as constraints on
temporal changes in surface concentrations of air pollutants
and precursor emissions (Kim et al., 2006; Lamsal et al.,
2011; Zhu et al., 2014) but typically just targeting one–two
pollutants. In this work, we consider Earth observations of
NO2, formaldehyde (HCHO), NH3, and aerosol optical depth
(AOD). HCHO is a prompt, high-yield, ubiquitous oxidation
product of NMVOCs used as a constraint on NMVOCs emis-
sions (Miller et al., 2008; De Smedt et al., 2010; Marais et al.,
2012, 2014a, b). AOD has been used to derive surface con-
centrations of PM2.5 for the global assessment of the impact
of air pollution on health (van Donkelaar et al., 2006, 2010,
Brauer et al., 2016; Anenberg et al., 2019).

Here we conduct a systematic evaluation of the ability of
satellite observations of NO2, NH3, HCHO, and AOD to re-

produce the temporal variability of surface air pollution in
the UK and India before going on to apply these satellite ob-
servations to estimate long-term changes in air pollution to
assess the efficacy of air quality policies in the four cities of
interest.

2 Space-based and surface air quality observations

Earth observations of NO2 and HCHO are from the Ozone
Monitoring Instrument (OMI), NH3 from the Infrared Atmo-
spheric Sounding Interferometer (IASI), and AOD from the
Moderate Resolution Imaging Spectroradiometer (MODIS).
There are also observations of SO2 and the secondary pol-
lutant ozone from OMI, but SO2 is below or close to the
detection limit year-round for all cities, except in some
months in Delhi, and UV measurements of tropospheric col-
umn ozone have limited sensitivity to ozone in the bound-
ary layer (Zoogman et al., 2011). TROPOspheric Monitor-
ing Instrument (TROPOMI) sensitivity to SO2 is 4-fold bet-
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ter than OMI, but the observation record is short (October
2017 launch) (Theys et al., 2019). We use hourly observa-
tions of NO2 and PM2.5 from the network of surface sites
in the four target cities and NH3 from the rural EMEP sites
in the UK, to assess whether satellite observations of NO2,
AOD, and NH3 reproduce temporal variability of surface air
quality. There are no direct reliable measurements of HCHO
in the UK, and measurements of NMVOCs are limited to a
few sites that only measure light (≤C9) hydrocarbons.

Figure 1 shows locations of EMEP sites in Harwell,
England, south of Oxford (51.57◦ N, 1.32◦W), Chilbolton
Observatory, England, 65 km south of Harwell (51.15◦N,
1.44◦W), and Auchencorth Moss, Scotland, south of Edin-
burgh (55.79◦ N, 3.24◦W) (Malley et al., 2015, 2016; Walker
et al., 2019). Instruments at the Harwell site were relocated
to Chilbolton Observatory in 2016, providing the opportunity
to assess the satellite data at sites with distinct agricultural
activity and anthropogenic influence (Walker et al., 2019).
There are also passive NH3 samplers in the UK, but these
have coarse temporal (monthly) resolution (Tang et al., 2018)
and no temporal correlation (R < 0.1) with a previous ver-
sion of the IASI NH3 product (Van Damme et al., 2015).

2.1 Surface monitoring networks in the UK and India

Surface sites in the UK with continuous (hourly) obser-
vations of air pollutants typically use chemiluminescence
instruments for NO2, ion chromatography instruments for
NH3 (Stieger et al., 2018), and a range of reference in-
struments for PM10 and PM2.5. Sites used here in London
and Birmingham are from the national Department for En-
vironment, Food and Rural Affairs (Defra) Automatic Ur-
ban and Rural Network (AURN) (https://uk-air.defra.gov.
uk/data/data_selector; last access: 28 January 2020) with
additional sites in London from the King’s College Lon-
don Air Quality Network (LAQN) (https://www.londonair.
org.uk/london/asp/datadownload.asp; last access: 9 March
2019) and in Birmingham from Ricardo Energy & Environ-
ment (https://www.airqualityengland.co.uk/local-authority/
data?la_id=407; last access: 24 January 2020) and Birm-
ingham City Council. Observations at the UK EMEP sites
are from the EMEP Chemical Coordinating Centre (http:
//ebas.nilu.no/; last access: 9 March 2019). Measurements
in India are limited to NO2, PM10, and PM2.5 monitoring
sites maintained in Delhi by the Central Pollution Control
Board (CPCB), India Meteorological Department (IMD),
and Delhi Pollution Control Committee (DPCC) and in Kan-
pur by the Uttar Pradesh Pollution Control Board (UP-
PCB) and the Indian Institute of Technology (IIT) Kan-
pur (Gaur et al., 2014). PM2.5 measurements at IIT Kan-
pur form part of the international Surface Particulate Mat-
ter Network (SPARTAN) (Snider et al., 2015; Weagle et al.,
2018). Data from CPCB, IMD, DPCC, and UPPCB were
downloaded from the CPCB site (https://app.cpcbccr.com/
ccr/#/caaqm-dashboard/caaqm-landing; last access: 5 Febru-

ary 2020). NASA AErosol RObotic NETwork (AERONET)
sun photometer AOD measurements (version 3.0, Level 2.0;
https://aeronet.gsfc.nasa.gov/; last access: 5 February 2020)
are used to validate MODIS AOD at Chilbolton (UK) and
Kanpur (India) (Holben et al., 1998; Giles et al., 2019).

2.2 Earth observations of air pollution

OMI on board the NASA Aura satellite, launched in Octo-
ber 2004, has a nadir spatial resolution of 13 km× 24 km
and a swath width of 2600 km and passes overhead twice
each day. OMI is a UV–visible spectrometer and so only
provides daytime observations (13:30 LT). Global coverage
was daily in 2005–2009 and is every 2 d thereafter due to the
row anomaly (http://omi.fmi.fi/anomaly.html, last access: 8
March 2020). We use the operational NASA OMI Level 2
product of tropospheric column NO2 for 2005–2018 (version
3.0; https://doi.org/10.5067/Aura/OMI/DATA2017; last ac-
cess: 29 February 2020) (Krotkov et al., 2017). Total columns
of HCHO are from the Quality Assurance for Essential Cli-
mate Variables (QA4ECV) OMI Level 2 product for 2005–
2018 (version 1.1; https://doi.org/10.18758/71021031; last
access: 15 February 2020) (De Smedt et al., 2018). We re-
move OMI NO2 scenes with cloud radiance fraction ≥ 50 %,
terrain reflectivity ≥ 30 %, and solar zenith angle (SZA) ≥
85◦ (Lamsal et al., 2010) and OMI HCHO scenes with pro-
cessing errors and processing quality flags not equal to zero
(De Smedt et al., 2017). This removes scenes with cloud
radiance fraction > 60 % and SZA > 80◦. We apply addi-
tional filtering to remove scenes with cloud radiance fraction
≥ 50 % to be consistent with the threshold applied to OMI
NO2. This additional filtering removes 16 % of the data for
London, 19 % for Birmingham, 7 % for Delhi, and 8 % for
Kanpur.

IASI on the polar sun-synchronous Metop-A satellite,
launched in October 2006, is an infrared instrument with
a morning (09:30 LT) and nighttime (21:30 LT) overpass. It
provides global coverage twice a day with circular 12 km di-
ameter pixels at nadir and a swath width of 2200 km. We use
observations for the morning only, when the thermal contrast
and sensitivity to the boundary layer are greatest (Clarisse et
al., 2010; Van Damme et al., 2014). We use the Level 2 re-
analysis product of total column NH3 (version 3R) obtained
with consistent meteorology (ERA5) for clear-sky conditions
(cloud fraction < 10 %) (Van Damme et al., 2020). The ear-
lier IASI NH3 product version (version 2R) was shown to be
consistent with ground-based measurements of total column
NH3 at nine global sites (Dammers et al., 2016).

The MODIS sensor on board NASA’s Aqua satellite,
launched in May 2002, has a swath width of 2330 km, crosses
the Equator at 13:30 LT, and provides near-daily global cov-
erage. We use the Level 2 Collection 6.1 Dark Target daily
AOD product at 550 nm and 3 km resolution (Remer et al.,
2013; Wei et al., 2019) (https://ladsweb.modaps.eosdis.nasa.
gov/; last access: 29 February 2020). We use only the highest
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quality AOD data (quality assurance flag of 3) (Munchak et
al., 2013; Remer et al., 2013; Gupta et al., 2018).

3 Consistency between Earth observations and surface
air pollution

Earth observation products retrieve column densities of pol-
lutants throughout the atmospheric column (total for HCHO,
AOD and NH3; troposphere for NO2) and are compared in
what follows to surface concentrations from the surface mon-
itoring network sites. This is to evaluate whether monthly
variability in the column reproduces variability in surface
concentrations before going on to use the satellite observa-
tions to quantify long-term trends in air pollution in the four
cities. The majority of the enhancement in the column, with
the exception of events like long-range transport, is near the
surface (Fishman et al., 2008; Duncan et al., 2014). Sources
of errors in retrieval of HCHO and NO2 column densities
include uncertainties in simulated vertical profiles and the
presence of clouds and aerosols (Boersma et al., 2004; Lin
et al., 2015; Zhu et al., 2016; Silvern et al., 2018). Retrieval
of NH3 column densities from IASI relies on thermal con-
trast between the Earth’s surface and atmosphere and a suf-
ficiently large training dataset (Whitburn et al., 2016; Van
Damme et al., 2017). Errors in retrieval of AOD include un-
certainties in aerosol properties and atmospheric conditions
in matching simulated and observed top-of-atmosphere ra-
diances from single viewing angle instruments like MODIS
(Remer et al., 2005; Levy et al., 2007, 2013). To the extent
that errors are random, these are reduced with temporal and
spatial averaging.

In what follows, city-average OMI NO2 and MODIS AOD
are compared to representative city-average surface concen-
trations of NO2 in all four cities and PM2.5 in London and
Birmingham. IASI NH3 is compared to coincident surface
observations of NH3 at UK EMEP sites (Fig. 1).

3.1 Assessment of OMI NO2

Data for NO2 in the UK include 152 monitoring sites in Lon-
don, 8 in Birmingham, 37 in Delhi, and 2 in Kanpur (Fig. 1).
The data we use for London and Birmingham have been
independently ratified, but we still find and remove spuri-
ous NO2 observations. These include persistent (> 24 h) low
(< 1 µgm−3) values that do not exhibit diurnal variability.
This occurs at fewer than 10 % of the sites and accounts
for at most 1 % of the data at these sites. We identified that
NO2 data from DPCC and CPCB (Delhi) and from UPPCB
(Kanpur) networks are inconsistently reported in either parts
per billion by volume (ppbv) or micrograms per cubic metre
(µgm−3). As information on the units of the individual data
is not provided, we determine whether NO2 is reported in
ppbv or µg m−3 by regressing total NOx (reported throughout
in ppbv, following the CPCB protocol; CPCB, 2015) against

the sum of the reported NO and NO2. We identify that NO2
reported in ppbv (29 % of DPCC, 10 % of CPCB and 74 %
of UPPCB data) populates along the 1:1 line, and so we
convert these data to µg m−3 using 1.88 µgm−3 ppbv−1. The
same unit inconsistency does not exist for the IMD NO2 data.
These are reported throughout in ppbv and so are converted
to µgm−3.

We only consider surface observations coincident with
the OMI record (2005–2018), around the satellite overpass
(12:00–15:00 LT). We find that NO2 declines at most sites in
London (ranging from−0.8 % a−1 to−3.6 % a−1) and Birm-
ingham (−1.1 % a−1 to −3.8 % a−1), with the exception of a
few sites influenced by local sources. These include Maryle-
bone Road in central London and Moor Street in Birming-
ham city centre. Both are impacted by dense traffic and de-
velopment projects (Carslaw et al., 2016; Harrison and Bed-
dows, 2017). We find that NO2 increases in Moor Street by
6.8 % a−1 from 2013 to 2017. There are too few long-term
sites in Delhi and Kanpur to determine trends at individ-
ual sites. We do not filter out sites based on site classifica-
tion, as this information is not readily available for sites in
India. Instead, we remove sites influenced by local effects
and not consistent with month-to-month variability represen-
tative of the city. This we do by detrending surface NO2 at
each site, cross-correlating the detrended data for each site
and selecting sites with consistent month-to-month variabil-
ity (R > 0.5) in the detrended data. The original surface NO2
(including the trend) at the selected sites is then used to ob-
tain city-average monthly mean NO2 for comparison to OMI
NO2.

The selected sites are shown as triangles in Fig. 1. Filter-
ing for spurious data and selection of consistent sites leads
to 14 years of data at 46 sites in London, 5.5 years of data
at 6 sites in Birmingham, and 8 years of data at 5 sites in
Delhi. There are only 2 sites in Kanpur, but these are not
consistent for the brief period of overlap (R < 0.5 for 2011–
2012), so we choose the site with the longest record (2011–
2018). For the period of overlap for London and Birmingham
(2011–2016), mean city-average midday NO2 is 42.8 µgm−3

for London and 26.5 µgm−3 for Birmingham. For Delhi
and Kanpur (2011–2018 overlap), mean city-average midday
NO2 is 91.9 µgm−3 for Delhi and 48.4 µgm−3 for Kanpur.

We sample satellite observations within the administra-
tive boundaries of the four cities (Fig. 1) to capture the do-
main that policymakers would target and assess. This is ex-
tended a few kilometres beyond the administrative bound-
ary for Birmingham, as otherwise there are too few observa-
tions due to frequent clouds and small city size (∼ 300 km2).
Error-weighted OMI NO2 monthly means are estimated for
individual pixels centred within the administrative bound-
aries (including 6.5 km beyond for Birmingham). Months
with < five observations are removed. The number of months
retained is 77 % for Birmingham, > 90 % for London, and
> 95 % for Delhi and Kanpur.
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Figure 2 compares OMI and surface NO2. The compar-
ison for London and Birmingham is divided into months
excluding winter (December–February) and winter months
only. Factors that contribute to seasonality in the relation-
ship between tropospheric column and surface NO2 in loca-
tions with large seasonal shifts in temperature and solar in-
solation include reduced photolysis rates, leading to longer
NOx lifetime in winter than summer (Boersma et al., 2009;
Kenagy et al., 2018; Shah et al., 2020) and a lower mixed
layer height in winter than summer contributing to accumu-
lation of pollution. Maximum mixed layer height for London
is 900 m in winter compared to 1500 m in summer (Kotthaus
and Grimmond, 2018). The slope for Birmingham in win-
ter (0.43× 1015 molecules cm−2 (µgm−3)−1) is steeper than
that for non-winter months (0.27× 1015 molecules cm−2

(µgm−3)−1), but the difference is not significant. The sur-
face NO2 measurements are also susceptible to interferences
(positive biases) from thermal decomposition of NOx reser-
voir compounds, such as peroxyacetyl nitrates in chemilumi-
nescence instruments that use heated molybdenum catalysts
(Dunlea et al., 2007; Reed et al., 2016). The effect is worse
in winter than summer in London and Birmingham due to
the abundance of NOx reservoir compounds in winter (Lam-
sal et al., 2010). OMI and surface NO2 monthly variability
is consistent (R= 0.51–0.71), except for London in winter
(R= 0.33). The correlation degrades (R= 0.40 for London,
R= 0.54 for Birmingham) if all months are considered. The
seasonal dependence of the relationship between satellite and
surface NO2 affects the ability to use OMI NO2 to infer sea-
sonality in the underlying NOx emissions. The same consis-
tency in monthly mean OMI and surface NO2 in non-winter
months (R≥ 0.6) has also been found over the UK city of Le-
icester (surface area 73 km2) (Kramer et al., 2008). Data for
all months are used for Delhi and Kanpur, as there is less vari-
ability in mixed layer height in India than the UK. Seasonal
mean maximum planetary boundary layer height in Delhi
varies from 1200 m in winter to 1400 m during monsoon
months (Nakoudi et al., 2019). Month-to-month variability
in tropospheric column and surface NO2 (Fig. 2) is consis-
tent in Delhi (R= 0.55) and Kanpur (R= 0.52). OMI NO2
exhibits much greater variability for an increment change
in surface NO2 in the UK than in India, resulting in order-
of-magnitude lower slopes for Delhi and Kanpur (0.033
and 0.039× 1015 molecules cm−2 (µgm−3)−1) than for Lon-
don and Birmingham (0.35 and 0.27× 1015 molecules cm−2

(µgm−3)−1) (Fig. 2). This difference is likely due to a com-
bination of representativeness of surface sites and systematic
biases in the OMI NO2 retrieval. In Delhi, the proportion of
sites used in Fig. 2 that measure the relatively lower con-
centration range of NO2 (annual mean NO2 < 50 µgm−3) is
just 20 % compared to 74 % for London, leading to a posi-
tive bias in city-average surface NO2 in Delhi. In Kanpur, we
use only one site located 600 m from a national motorway.
Aerosols are not explicitly accounted for in the OMI NO2
retrieval (Krotkov et al., 2017). For very polluted cities like

Delhi and Kanpur, this can lead to an ∼ 20 % underestimate
in OMI NO2 (Choi et al., 2020; Vasilkov et al., 2020).

3.2 Assessment of IASI NH3

Figure 3 compares monthly mean IASI and surface NH3
at the three UK EMEP sites. IASI is sampled up to
20 km around the surface site following the approach of
Dammers et al. (2016), and surface observations are sam-
pled around the IASI morning overpass (08:00–11:00 LT)
on days with coincident IASI observations. As with NO2,
only months with more than five observations are used.
A total of 38 % of months are retained for Auchen-
corth Moss, 62 % for Harwell, and 61 % for Chilbolton
Observatory. For the months retained, average NH3 is
1.6 µgnitrogen (N)m−3 for Auchencorth Moss, 2.5 µg N m−3

for Harwell and 6.1 µg N m−3 for Chilbolton Observatory.
Chilbolton is southwest of mixed farmland, contributing to
levels of NH3 about 3 times higher than at Harwell (Walker
et al., 2019). Harwell has a more dynamic range in NH3
and stronger correlation (R= 0.69) than the other two sites
(R= 0.37 for Auchencorth Moss; R= 0.50 for Chilbolton
Observatory). Weak correlation at Auchencorth Moss may
be because surface NH3 concentrations are near the instru-
ment detection limit (monthly mean NH3 < 2.0 µg N m−3)
and also because of low thermal contrast between the sur-
face and overlying atmosphere (Van Damme et al., 2015;
Dammers et al., 2016). The slope for Auchencorth Moss
(4.02× 1015 molecules cm−2 (µg N m−3)−1) is steeper than
the slopes observed at sites with greater surface concen-
trations of NH3 (Harwell= 2.23× 1015 molecules cm−2

(µg N m−3)−1 and Chilbolton= 2.07× 1015 molecules cm−2

(µg N m−3)−1). Steeper slopes for sites with relatively low
NH3 concentrations are consistent with the assessment of
earlier IASI NH3 product versions (Van Damme et al., 2015;
Dammers et al., 2016).

3.3 Assessment of MODIS AOD

Figure 4 compares city-average monthly means of MODIS
AOD and PM2.5 for London in 2009–2018 and for Birm-
ingham in 2009–2017. We use PM2.5 data from 24 sites in
London and 8 sites in Birmingham. We add 2 more Birm-
ingham sites by deriving PM2.5 from PM10 at 2 sites with
only PM10 measurements. We use a conversion factor of
0.85 (PM2.5 = 0.85× PM10) that we obtain from the slope of
SMA regression of hourly PM2.5 and PM10 at 6 sites in Birm-
ingham with both measurements. We use a similar approach
as applied to NO2 to assess AOD. Only surface observations
around the satellite overpass (12:00–15:00 LT) and with con-
sistent detrended month-to-month variability (R > 0.5) are
retained to obtain citywide monthly mean PM2.5. This results
in 20 sites in London for 2009–2018 and 5 sites in Birming-
ham for 2009–2017. Mean midday city-average PM2.5 for
the period of overlap (2009–2017) is 13.7 µgm−3 in Lon-
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Figure 2. Assessment of OMI NO2 with ground-based NO2. Points are monthly means of city-average NO2 from OMI and the surface
networks for London (a, c), Birmingham (b, d), Delhi (e), and Kanpur (f). UK cities include panels with all months except December–
February (DJF) (a, b) and DJF only (c, d). Data for all months are given for cities in India. The red line is the standard major axis (SMA)
regression. Values inset are Pearson’s correlation coefficients and regression statistics. Relative errors on the slopes and intercepts are the
95 % confidence interval (CI).

Figure 3. Assessment of IASI NH3 with ground-based NH3 at UK EMEP sites. Points are monthly means from IASI and the surface
sites Auchencorth Moss (a), Harwell (b), and Chilbolton Observatory (c). The red line is the SMA regression. Values inset are Pearson’s
correlation coefficients and regression statistics. Relative errors on the slope and intercept are the 95 % CI. Locations of UK EMEP sites are
indicated in Fig. 1.
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don and 11.3 µgm−3 in Birmingham. MODIS AOD monthly
means are estimated for London by averaging the pixels cen-
tred within its administrative boundary and for Birmingham
within and 6.5 km beyond the administrative boundary, as
with OMI NO2 (Sect. 3.1). We remove months with < 160
observations, equivalent in spatial coverage to 5 OMI pix-
els at nadir (the threshold used for OMI). After filtering,
53 % of months are removed for London and 72 % for Birm-
ingham, mostly in winter. Fewer months than OMI are re-
tained, as MODIS uses stricter cloud filtering. The correla-
tions in Fig. 4 are weak (R= 0.34 for London, R= 0.23 for
Birmingham) and do not improve if we apply a less strict
threshold for the number of observations required to calcu-
late monthly means. The poor correlation may be due to
environmental factors that complicate the relationship be-
tween AOD and surface PM2.5, such as variability in mete-
orological conditions, aerosol composition, enhancements in
aerosols above the boundary layer, and the aerosol radiative
properties (Schaap et al., 2009; van Donkelaar et al., 2016;
Shaddick et al., 2018; Sathe et al., 2019). We find that the
same assessment is not feasible for Delhi or Kanpur as the
record of surface PM2.5 and PM10 in these cities is too short.

Figure 5 compares time series of monthly mean city-
average MODIS AOD and surface PM2.5 in London (2009–
2018) and Birmingham (2009–2017) to assess whether the
weak correlation in Fig. 4 affects agreement in trends of the
two quantities. PM2.5 is longer lived than NO2, so trends in
PM2.5 (lifetime order weeks) for the limited number of sites
mostly located in central London should be more represen-
tative of variability across the city than the surface sites of
NO2 (lifetime order hours against conversion to temporary
reservoirs). The steeper decline in surface PM2.5 in Birming-
ham (3.7 % a−1) than in London (2.7 % a−1) is reproduced
in the AOD record (3.7 % a−1 in Birmingham; 2.5 % a−1 in
London), although the AOD trends are not significant. In the
two UK cities, surface PM2.5 peaks in spring, whereas AOD
peaks in the summer, determined from multi-year monthly
means (not shown). There are too few PM2.5 measurements
in Delhi and Kanpur to compare long-term trends.

We compare the MODIS AOD product against ground-
truth AOD from AERONET at long-term sites in Kanpur and
Chilbolton to assess whether errors in satellite retrieval of
AOD contribute to the weak temporal correlation between
MODIS AOD and surface PM2.5. Daily AERONET AOD
at 550 nm is estimated by interpolation using the second-
order polynomial relationship between the logarithmic AOD
and logarithmic wavelengths at 440, 500, 675, and 870 nm
(Kaufman, 1993; Eck et al., 1999; Levy et al., 2010; Li et
al., 2012; Georgoulias et al., 2016). AERONET is sampled
30 min around the MODIS overpass, and MODIS is sampled
27.5 km around the AERONET site (Levy et al., 2010; Pe-
trenko et al., 2012; Georgoulias et al., 2016; McPhetres and
Aggarwal, 2018). Months with fewer than 160 MODIS ob-
servations are removed.

Figure 6 compares coincident AOD monthly means
from MODIS and AERONET for Kanpur and Chilbolton.
Monthly variability in MODIS and AERONET AOD is con-
sistent at both sites (R≥ 0.8). MODIS exhibits no apprecia-
ble bias at Kanpur. There is positive variance (slope= 1.4) at
Chilbolton that may result from sensitivity to errors in sur-
face reflectivity at low AOD (Remer et al., 2013; Bilal et al.,
2018) and residual cloud contamination (Wei et al., 2018,
2020). Mhawish et al. (2017) obtained similarly strong cor-
relation (R= 0.8), but positive bias (26 %), of MODIS AOD
at Kanpur from an earlier 3 km MODIS AOD product (Col-
lection 6).

4 Air quality trends in London, Birmingham, Delhi,
and Kanpur

The consistency we find between satellite and ground-based
monthly mean city-average NO2 (Fig. 2) and rural NH3
(Fig. 3) and trends in city-average PM2.5 (Fig. 5) supports
the use of the satellite record to constrain surface air quality.
Variability in NO2, HCHO, and NH3 columns can also be
related to precursor emissions of NOx , NMVOCs, and NH3
(Martin et al., 2003; Lamsal et al., 2011; Marais et al., 2012;
Zhu et al., 2014; Dammers et al., 2019), as their lifetimes
against conversion to temporary or permanent sinks are rela-
tively short, varying from 1–12 h depending on photochem-
ical activity, abundance of pre-existing acidic aerosols, and
proximity to large sources (Jones et al., 2009; Richter, 2009;
Paulot et al., 2017; Van Damme et al., 2018). We adopt the
same sampling approach as used to evaluate OMI NO2. That
is, we sample the satellite observations within the city ad-
ministrative boundaries for London, Delhi, and Kanpur and
extend the sampling domain for Birmingham beyond the ad-
ministrative boundary by 6.5 km for OMI and MODIS and
10 km for IASI.

We apply the Theil–Sen single median estimator to the
time series and also test the effect of fitting a non-linear func-
tion (Weatherhead et al., 1998; van der A et al., 2006; Pope
et al., 2018) to account explicitly for seasonality:

Ym = A+ BXm+C sin(ωXm+∅) . (1)

Ym is city-average satellite observations for month m, Xm is
the number of months from the start month (January 2005 for
OMI and MODIS, and January 2008 for IASI), and A, B, C ,
and ∅ are fit parameters. A is the city-average satellite ob-
servations in the start month, B is the linear trend, and
[C sin(ωXm+∅)] is the seasonal component that includes
the amplitude C, frequency ω (fixed to 12 months), and phase
shift ∅. We only show the fit in Eq. (1) if the trend B is differ-
ent to that obtained with the Theil–Sen approach. The confi-
dence intervals (CIs) for the Theil–Sen trends are estimated
using bootstrap resampling, and trends are considered signif-
icant for p value < 0.05, that is, if the 95 % CI range does
not intersect zero.
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Figure 4. Assessment of MODIS AOD with surface PM2.5 in London (a) and Birmingham (b). Points are monthly means of city-average
AOD from MODIS and PM2.5 from surface networks for London and Birmingham. The red line is the SMA regression. Values inset are
Pearson’s correlation coefficients and regression statistics. Relative errors on the slopes and intercepts are the 95 % CI.

Figure 5. Time series of surface PM2.5 and MODIS AOD in 2009–2018 for London (a, c) and 2009–2017 for Birmingham (b, d). Points are
city-average monthly means of PM2.5 from the surface network (a, b) and AOD from MODIS (c, d). Black lines are trends obtained with
the Theil–Sen single median estimator. Values inset are annual trends and p values. Absolute errors on the trends are the 95 % CI. Trends are
considered significant at the 95 % CI (p value < 0.05).

Figure 7 shows the time series of monthly means of
city-average OMI NO2 in the four cities for 2005–2018.
Decline in OMI NO2 in both London and Birmingham is
2.5 % a−1 and is significant. In Delhi, the OMI NO2 increase
is 2.0 % a−1 and is significant (p value= 0.003), whereas the
increase in Kanpur of 0.9 % a−1 is not (p value = 0.06). The
relationship between tropospheric column and surface NO2
in London and Birmingham exhibits seasonality (Fig. 2).
This is in part due to seasonality in mixing depth. We find
that excluding the winter months in the time series has only
a small effect on the trend. NO2 should exhibit seasonality in
all cities due to seasonal variability in its lifetime and sources
(van der A et al., 2008). The fit in Eq. (1) yields significant

seasonality for all cities (p value < 0.05 for the amplitude of
the seasonality, C), but the linear trends are similar to those in
Fig. 7: −2.4 % a−1 for London and Birmingham; unchanged
for Delhi and Kanpur.

Comparison of the OMI NO2 trends in Fig. 7 to surface
observations is only possible for London, where there are 46
sites with consistent month-to-month variability representa-
tive of the city that operated continuously from 2005 to 2018.
The trend obtained for OMI NO2 in London (−2.5 % a−1)
is steeper than we estimate with the surface monitoring sites
shown as triangles in Fig. 1 (1.8 % a−1 for 2005–2018). Most
sites are in central London, and NO2 trends in outer London
are 1.6 times steeper than in central London (Carslaw et al.,
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Figure 6. Validation of MODIS AOD with AERONET AOD in Kanpur and Chilbolton. Points are monthly means of MODIS and AERONET
AOD for Kanpur (a) and Chilbolton (b). The red line is the SMA regression. Values inset are Pearson’s correlation coefficients and regression
statistics. Relative errors on the slopes and intercepts are the 95 % CI.

Figure 7. Time series of OMI NO2 in 2005–2018 for London, Birmingham, Delhi, and Kanpur. Points are city-average monthly means.
Black lines are trends obtained with the Theil–Sen single median estimator. Values inset are annual trends and p values. Absolute errors on
the trends are the 95 % CI.

2011). The decline in NO2 in the two UK cities is less than
the rate of decline in national NOx emissions (3.8 % a−1)
for 2005–2017 from the national bottom-up emission inven-
tory (Defra, 2019a). This may reflect a combination of fac-
tors. There is less steep decline in NOx emissions in Lon-
don compared to the national total that may in part be due to
discrepancies between real-world and reported diesel NOx

emissions (Fontaras et al., 2014), sustained heavy traffic in
central London, and an increase in NO2-to-NOx emission ra-
tios dampening decline in NO2 (Grange et al., 2017). There

is also weakened sensitivity of the tropospheric column to
changes in surface NO2 due to a gradual increase in the rel-
ative contribution of the free tropospheric background to the
tropospheric column (Silvern et al., 2019). This weakening
of the trend in the tropospheric column will likely be less
in London than in Birmingham, due to greater local surface
emissions in large cities such as London (Zara et al., 2021).
The positive trends in Delhi and Kanpur likely reflect a 2-
fold increase in vehicle ownership in Delhi (Govt. of Delhi,
2019), rapid industrialisation in Kanpur (Nagar et al., 2019),
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and the limited effect of air quality policies on pollution
sources. This is corroborated by NOx emissions compliance
failures at more than 50 % of coal-fired power plants in Delhi
and the surrounding area (Pathania et al., 2018). The lack of
trend reversal in Delhi, despite implementation of air quality
policies, is consistent with the lack of trend reversal reported
by Georgoulias et al. (2019). They used a 21-year record
(1996–2017) of multiple space-based sensors to estimate a
significant and sustained increase in NO2 of 3.1 % a−1 in
Delhi. By the end of 2018, tropospheric column NO2 is simi-
lar in London and Delhi (5.7× 1015 molecules cm−2; Fig. 7),
but OMI NO2 over India may be biased low, due to the pres-
ence of optically thick aerosols (AOD > 0.4; Fig. 6) that are
not explicitly accounted for in the retrieval (Sect. 3.1).

The direction of the trends for all four cities is con-
sistent with other trend studies, with differences in the
absolute size of the trend due to differences in instru-
ments, time periods, and sampling domains. Pope et
al. (2018) observed declines in OMI NO2 for 2005–2015 of
2.3± 0.5× 1014 molecules cm−2 a−1 for London and 1.1±
0.5× 1014 molecules cm−2 a−1 for Birmingham. We obtain a
similar trend for Birmingham but a steeper decline for Lon-
don of 2.6× 1014 molecules cm−2 a−1 using our sampling
domain for 2005–2015, though the difference is not signif-
icant. Schneider et al. (2015) obtained less steep and non-
significant changes in NO2 in London (−1.7± 1.2 % a−1)
and Delhi (1.4± 1.2 % a−1) from the SCanning Imaging
Absorption spectroMeter for Atmospheric CHartographY
(SCIAMACHY) for 2002–2013. Trends in OMI NO2 for
2005–2014 from ul-Haq et al. (2015) are similar to ours for
Delhi (2.0 % a−1) but lower for Kanpur (0.2 % a−1). Stud-
ies have also combined multiple instruments to derive trends
since the mid-1990s. These find decreases in NO2 over Lon-
don of 0.7 % a−1 for 1996–2006 (van der A et al., 2008)
and 1.7 % a−1 for a longer observing period (1996–2011)
(Hilboll et al., 2013) and a consistent increase for Delhi of
7.4 % a−1 in 1996–2006 (van der A et al., 2008) and 1996–
2011 (Hilboll et al., 2013), much steeper than ours in Fig. 7.

Figure 8 shows time series of monthly means of city-
average IASI NH3 in the four cities for 2008–2018. Mean
IASI NH3 is 15–20 times more in Delhi and Kanpur than
in London and Birmingham due to larger emissions of NH3
in the IGP, higher ambient temperatures promoting volatil-
isation of NH3, and greater sensitivity of IASI to NH3 due
to greater thermal contrast between the surface and the at-
mosphere over India (Van Damme et al., 2015; Dammers
et al., 2016; T. Wang et al., 2020). IASI NH3 decreases
by 0.1 % a−1 in Kanpur, 0.6 % a−1 in Birmingham, and
2.4 % a−1 in London and increases by 0.5 % a−1 in Delhi.
None of the trends are significant. Measurements of surface
NH3 from continuous monitors deployed in Delhi in April
2010 to July 2011 exhibit the same seasonality as IASI NH3,
peaking in the monsoon season (July–September) (Singh and
Kulshrestha, 2012). We investigated the effect of NH3 sea-
sonality on the trend using Eq. (1) (solid grey lines in Fig. 8).

Similar to NO2, all four cities show significant seasonality
(p value < 0.05 for the amplitude of the seasonality, C). The
linear trends (dashed grey lines in Fig. 8) are more positive
than those obtained with Theil–Sen for all four cities but are
still not significant. This leads to a trend reversal in Kan-
pur (+1.0 % a−1) and Birmingham (+2.1 % a−1), steeper in-
crease in Delhi (+3.7 % a−1), and a less negative trend in
London (−0.6 % a−1).

Relating trends in NH3 columns to trends in NH3
emissions is complicated by partitioning of NH3 to
aerosols to form ammonium and dependence of this pro-
cess on pre-existing aerosols that have declined in abun-
dance across the UK due largely to controls on pre-
cursor emissions of SO2 (Vieno et al., 2014). Harwell
and Auchencorth Moss include measurements of gas-phase
NH3 and aerosol-phase ammonium in PM2.5. These ex-
hibit large and distinct seasonality, so we use Eq. (1)
to estimate changes of −0.096 µg N m−3 a−1 for ammo-
nium and +0.031 µg N m−3 a−1 for NH3 at Auchencorth
Moss in 2008–2012 and similar changes at Harwell in
2012–2015 of −0.10 µg N m−3 a−1 for ammonium and
+0.035 µg N m−3 a−1 for NH3. Only the decline in ammo-
nium at Auchencorth Moss is significant. This suggests the
increase in rural NH3 includes contributions from unregu-
lated agricultural emissions and reduced partitioning of NH3
to pre-existing aerosols. The opposite trend (decline) in NH3
in London obtained with Theil–Sen and Eq. (1) (Fig. 8) may
be because decline in local vehicular emissions of NH3 with
a shift in catalytic converter technology (Richmond et al.,
2020) outweighs the increase in NH3 from waste and domes-
tic combustion (Defra, 2019a), and nearby agriculture (Vieno
et al., 2016) and offsets reduced partitioning of NH3 to acidic
aerosols with decline in sulfate. The opposite effect would be
expected in Delhi due to nationwide increases in SO2 emis-
sions and sulfate abundance (Klimont et al., 2013; Aas et
al., 2019). That is, the increase in NH3 emissions may be
steeper than the increase in NH3 columns in Fig. 8 due to a
corresponding increase in partitioning of NH3 to pre-existing
aerosols as these become more abundant.

Figure 9 shows the time series of city-average monthly
mean OMI HCHO for the four cities for 2005–2018 af-
ter removing the background contribution from oxidation of
methane and other long-lived volatile organic compounds
(VOCs) to isolate variability in the column due to reac-
tive NMVOCs (Zhu et al., 2016). A representative back-
ground is obtained as monthly mean OMI HCHO over the
remote Atlantic Ocean (25–35◦N, 35–45◦W) for the UK
and the remote Indian Ocean (10–20◦ S, 70–80◦ E) for In-
dia. The non-linear function in Eq. (1) is fit to these back-
ground HCHO values and used to subtract the background
contribution, as in Marais et al. (2012), from the city-average
monthly means. OMI HCHO columns from oxidation of re-
active NMVOCs in Delhi and Kanpur are almost twice those
in London and Birmingham due to a combination of unreg-
ulated sources (Venkataraman et al., 2018) and high temper-
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Figure 8. Time series of IASI NH3 in 2008–2018 for London, Birmingham, Delhi, and Kanpur. Points are city-average monthly means. Black
lines are trends obtained with the Theil–Sen single median estimator. The grey lines are the fit (solid) and trend component (B) (dashed)
obtained with Eq. (1). Values inset are annual trends and p values for the Theil–Sen fit (in black) and annual trends obtained with Eq. (1)
(grey). Trend errors (not shown) exceed±150 % in all cities.

atures enhancing emissions of isoprene, a dominant HCHO
precursor in India (Surl et al., 2018; Chalilyakunnel et al.,
2019). The trends suggest reactive NMVOCs emissions have
decreased in Birmingham (1.6 % a−1) and increased in Lon-
don (0.5 % a−1), Delhi (1.9 % a−1), and Kanpur (1.0 % a−1).
Only Delhi has a significant trend. The spread in values in-
creases for Delhi and Kanpur from 19 %–24 % relative to the
trend line in 2005 to 31 %–40 % in 2018. The change in the
spread of values does not appear to be due to loss of data re-
sulting from the row anomaly, as the change in the spread of
HCHO over time is similar if we remove all pixels affected
by the row anomaly for the entire data record (2005–2018).
OMI HCHO slant columns (HCHO along the instrument
viewing path) remain relatively stable throughout the OMI
record (Zara et al., 2018), so the increase in variability may
reflect more extreme emissions from seasonal sources like
open fires in the IGP (Jethva et al., 2019). The trends from
satellite observations of HCHO in megacities obtained by De
Smedt et al. (2010) using multiple instruments for 1997–
2009 are consistent with ours for Delhi (1.6± 0.7 % a−1)
but opposite for London (−0.4± 2.1 % a−1). There is a shift
in the magnitude of the HCHO trend for London around
2011 (Fig. 9) from an increase of 0.3 % a−1 (p value= 0.9)
in 2005–2011 to a rapid increase of 9.3 % a−1 (95 % CI:
0 % a−1–26 % a−1) in 2012–2018. Visually the data suggest
a decline in OMI HCHO in 2005–2011, as in De Smedt et
al. (2010), but our trend estimate for 2005–2011 is affected
by a limited analysis period and large interannual variability.

According to the UK bottom-up emission inventory, na-
tional NMVOCs emissions decreased by 2.4 % a−1 from
2005 to 2017 (Defra, 2019a). This is supported by decline
in short-chain hydrocarbons measured at Harwell from 2–
3 µgm−3 in 2008 to 0.8–0.9 µgm−3 in 2015. These include
hydrocarbons from vegetation (isoprene and monoterpenes)
and vehicles (light alkanes and aromatics) but exclude oxy-
genated VOCs (OVOCs) that in the UK include increas-
ing contributions from domestic combustion, the food and
beverage industry, and household products (Defra, 2019a).
OVOCs have relatively high HCHO yields (Millet et al.,
2006), and VOC concentrations measured during field cam-
paigns in London and cities in India, including Delhi, are
dominated by OVOCs (> 60 % in London) (Valach et al.,
2014; Sahu et al., 2016; L. Wang et al., 2020). In London,
OVOCs also dominate inferred fluxes of VOCs (Langford
et al., 2010) and reactivity of VOCs with the main atmo-
spheric oxidant, OH (Whalley et al., 2016). The rapid in-
crease in HCHO also has implications for ozone air pollu-
tion and the radical budget in London, as ozone formation
is VOC-limited, and HCHO photolysis is the second largest
source of hydrogen oxide radicals (HOx ≡ OH + HO2) in
London (Whalley et al., 2018).

Figure 10 shows the time series of city-average MODIS
AOD monthly means in the four cities for 2005–2018. Trends
in AOD are significant in all four cities and range from a de-
cline of 4.2 % a−1 in Birmingham to an increase of 3.1 % a−1

in Kanpur. Mean AOD in Delhi and Kanpur is on average 5–
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Figure 9. Time series of OMI HCHO for London, Birmingham, Delhi, and Kanpur. Points are city-average monthly means of OMI HCHO
after removing the background contribution (see text for details). Solid black lines are trends for 2005–2018 obtained with the Theil–Sen
single median estimator. Values inset are annual trends and p values. Absolute errors on the trends are the 95 % CI. Dashed red lines show
trend lines for London in 2005–2011 and 2012–2018, and red text shows corresponding annual trends.

6 times more than in London and Birmingham, due to large
local anthropogenic emissions, nearby agricultural emissions
of PM2.5 and its precursors in the IGP, and long-range trans-
port of desert dust (David et al., 2018). Our results, as abso-
lute AOD trends for London (−0.004 a−1) and Birmingham
(−0.007 a−1) for 2005–2018, are similar to trends obtained
by Pope et al. (2018) for 2005–2015 (−0.006 a−1 for Lon-
don; −0.005 a−1 for Birmingham). Our trends for both cities
in India are less steep than the increase for Delhi (4.9 % a−1)
obtained for 2000–2010 with the MODIS 10 km AOD prod-
uct (Ramachandran et al., 2012) and for Kanpur (10.3 % a−1)
obtained for 2001–2010 with AERONET AOD at the Kanpur
AERONET site (Kaskaoutis et al., 2012). This may reflect a
recent dampening of the trend or differences in data products
and sampling domain/period. Sulfate from coal-fired power
plants in India makes a large contribution to PM2.5 (Weagle
et al., 2018), and emissions from these nearly doubled from
2004 to 2015 (Fioletov et al., 2016).

5 Conclusions

Satellite observations of atmospheric composition provide
long-term and consistent global coverage of air pollutants.
We assessed the ability of satellite observations of nitrogen
dioxide (NO2) and formaldehyde (HCHO) from OMI for
2005–2018, ammonia (NH3) from IASI for 2008–2018, and
aerosol optical depth (AOD) from MODIS for 2005–2018
to provide constraints on long-term changes in city-average
NO2, reactive NMVOCs, NH3, and PM2.5, respectively in

four cities: two in the UK (London and Birmingham) and
two in India (Delhi and Kanpur).

Assessment of satellite observations against ground-based
measurements followed careful screening of the in situ mea-
surements for poor-quality data, correcting NO2 data re-
ported in inconsistent units at monitoring sites in Delhi and
Kanpur and removing sites influenced by local sources. OMI
NO2 reproduces monthly variability in surface concentra-
tions of NO2 in cities, whereas satellite AOD reproduces
trends, but not monthly variability, in PM2.5 in cities. MODIS
and AERONET AOD are consistent at long-term monitor-
ing sites in Kanpur and a UK EMEP site in southern Eng-
land. IASI NH3 is consistent with monthly variability in sur-
face NH3 concentrations at two of three rural UK EMEP
sites. There were no appropriate measurements of reactive
NMVOCs to compare to OMI HCHO.

According to the long-term record from Earth observa-
tions, NO2, PM2.5, and NMVOCs increased in Delhi and
Kanpur. There is no reversal in the increase in NO2 or PM2.5
in Delhi or Kanpur, as would be expected from successful
implementation of air pollution mitigation measures. In all
four cities, the magnitude and direction of trends in NH3
are sensitive to treatment of NH3 seasonality, and none of
the NH3 trends are significant. In London and Birmingham,
NO2 and PM2.5 decrease, and HCHO, a proxy for reactive
NMVOCs emissions, decreases in Birmingham but exhibits
a recent (2012–2018) sharp (> 9 % a−1) increase in London.
This may reflect increased emissions of oxygenated VOCs
and long-chain hydrocarbons from household products, the
food and beverage industry, and residential fuelwood burn-
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Figure 10. Time series of MODIS AOD for London, Birmingham, Delhi, and Kanpur. Points are city-average monthly means. Black lines
are trends obtained with the Theil–Sen single median estimator. Values inset are annual trends and p values. Absolute errors on the trends
are the 95 % CI.

ing. This would have implications for formation of secondary
organic aerosols (SOAs) contributing to PM2.5, the radical
(HOx) budget that includes a large contribution from HCHO
photolysis, and formation of surface ozone that is VOC-
limited in London.

Data availability. Corrected hourly NO2 data for Delhi and Kanpur
are available at https://github.com/karnvoh/India-NO2-data (last
access: 6 April 2020) and https://doi.org/10.5281/zenodo.4696252
(Vohra, 2021). Data from IIT Kanpur can be obtained by contact-
ing Sachchida N. Tripathi (snt@iitk.ac.in). Data for Birmingham
not publicly available can be obtained by request from the Birm-
ingham City Council. IASI NH3 data were provided by Martin Van
Damme, Lieven Clarisse, and Pierre-F. Coheur and are now avail-
able at https://iasi.aeris-data.fr/nh3/ (ULB, 2021).
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A B S T R A C T   

The burning of fossil fuels – especially coal, petrol, and diesel – is a major source of airborne fine particulate 
matter (PM2.5), and a key contributor to the global burden of mortality and disease. Previous risk assessments 
have examined the health response to total PM2.5, not just PM2.5 from fossil fuel combustion, and have used a 
concentration-response function with limited support from the literature and data at both high and low con
centrations. This assessment examines mortality associated with PM2.5 from only fossil fuel combustion, making 
use of a recent meta-analysis of newer studies with a wider range of exposure. We also estimated mortality due to 
lower respiratory infections (LRI) among children under the age of five in the Americas and Europe, regions for 
which we have reliable data on the relative risk of this health outcome from PM2.5 exposure. We used the 
chemical transport model GEOS-Chem to estimate global exposure levels to fossil-fuel related PM2.5 in 2012. 
Relative risks of mortality were modeled using functions that link long-term exposure to PM2.5 and mortality, 
incorporating nonlinearity in the concentration response. We estimate a global total of 10.2 (95% CI: − 47.1 to 
17.0) million premature deaths annually attributable to the fossil-fuel component of PM2.5. The greatest mor
tality impact is estimated over regions with substantial fossil fuel related PM2.5, notably China (3.9 million), 
India (2.5 million) and parts of eastern US, Europe and Southeast Asia. The estimate for China predates sub
stantial decline in fossil fuel emissions and decreases to 2.4 million premature deaths due to 43.7% reduction in 
fossil fuel PM2.5 from 2012 to 2018 bringing the global total to 8.7 (95% CI: − 1.8 to 14.0) million premature 
deaths. We also estimated excess annual deaths due to LRI in children (0–4 years old) of 876 in North America, 
747 in South America, and 605 in Europe. This study demonstrates that the fossil fuel component of PM2.5 
contributes a large mortality burden. The steeper concentration-response function slope at lower concentrations 
leads to larger estimates than previously found in Europe and North America, and the slower drop-off in slope at 
higher concentrations results in larger estimates in Asia. Fossil fuel combustion can be more readily controlled 
than other sources and precursors of PM2.5 such as dust or wildfire smoke, so this is a clear message to poli
cymakers and stakeholders to further incentivize a shift to clean sources of energy.   

1. Introduction 

The burning of fossil fuels – especially coal, petrol, and diesel – is a 
major source of airborne particulate matter (PM) and ground-level 
ozone, which have both been implicated as key contributors to the 
global burden of mortality and disease (Apte et al., 2015; Dedoussi and 
Barrett, 2014; Lim et al., 2012). A series of studies have reported an 

association between exposure to air pollution and adverse health out
comes (Brook et al., 2010), even at low exposure levels (<10 μg m− 3, the 
current World Health Organization, WHO, guideline) (Di et al., 2017). 
The Global Burden of Diseases, Injuries, and Risk Factors Study 2015 
(GBD, 2015) identified ambient air pollution as a leading cause of the 
global disease burden, especially in low-income and middle-income 
countries (Forouzanfar et al., 2016). Recent estimates of the global 
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burden of disease suggest that exposure to PM2.5 (particulate matter 
with an aerodynamic diameter < 2.5 μm) causes 4.2 million deaths and 
103.1 million disability-adjusted life-years (DALYs) in 2015, repre
senting 7.6% of total global deaths and 4.2% of global DALYs, with 59% 
of these in east and south Asia Cohen et al. (2017). 

A series of newer studies conducted at lower concentrations and at 
higher concentrations have reported higher slopes than incorporated 
into the GBD using the integrated exposure–response (IER) curve (Bur
nett et al., 2014). These studies examined mortality due to exposure to 
PM2.5 at concentrations below 10 μg m− 3 in North America (Di et al., 
2017; Pinault et al., 2016) and above 40 μg m− 3 in Asia (Katanoda et al., 
2011; Tseng et al., 2015; Ueda et al., 2012; Wong et al., 2015, 2016; Yin 
et al., 2017). Here we have used a concentration-response curve from a 
recently published meta-analysis of long-term PM2.5 mortality associa
tion among adult populations which incorporates those new findings at 
high and low PM2.5 concentrations (Vodonos et al., 2018). We also focus 
our study on the health impacts of fossil-fuel derived PM2.5. In contrast, 
GBD reports only the health impacts of total PM2.5 and does not 
distinguish mortality from fossil-fuel derived PM2.5 and that from other 
kinds of PM2.5, including dust, wildfire smoke, and biogenically-sourced 
particles. We focus only on PM2.5 since recent studies have provided 
mixed results on the link between ozone and mortality (Atkinson et al., 
2016) and there does not exist a global coherent concentration-response 
function (CRF) for ozone. 

The developing fetus and children younger than 5 years of age are 
more biologically and neurologically susceptible to the many adverse 
effects of air pollutants from fossil-fuel combustion than adults. This 
differential susceptibility to air pollution is due to their rapid growth, 
developing brain, and immature respiratory, detoxification, immune, 
and thermoregulatory systems (Bateson and Schwartz, 2008; Perera, 
2018). Children also breathe more air per kilogram of body weight than 
adults, and are therefore more exposed to pollutants in air (WHO, 2006; 
Xu et al., 2012). The WHO estimated that in 2012, 169,000 global deaths 
among children under the age of 5 were attributable to ambient air 
pollution (WHO, 2016). Further estimation of the burden of mortality 
due to PM2.5 (particularly from anthropogenic sources) among the 
young population would highlight the need for intervention aimed at 
reducing children’s exposure. 

Using the chemical transport model GEOS-Chem, we quantified the 
number of premature deaths attributable to ambient air pollution from 
fossil fuel combustion. Improved knowledge of this very immediate and 
direct consequence of fossil fuel use provides evidence of the benefits to 
current efforts to cut greenhouse gas emissions and invest in alternative 
sources of energy. It also helps quantify the magnitude of the health 
impacts of a category of PM2.5 that can be more readily controlled than 
other kinds of PM2.5 such as dust or wildfire smoke. 

2. Materials and methods 

2.1. Calculation of surface PM2.5 concentrations 

Previous studies examining the global burden of disease from out
door air pollution have combined satellite and surface observations with 
models to obtain improved estimates of global annual mean concen
trations of PM2.5 (Shaddick et al., 2018). However, the goal of such 
studies was to quantify the health response to PM2.5 from all sources, 
both natural and anthropogenic (Brauer et al., 2016; Cohen et al., 2017). 
Here the focus of our study is on surface ambient PM2.5 generated by 
fossil fuel combustion, and for that we rely solely on the chemical 
transport model GEOS-Chem since current satellite and surface mea
surements cannot readily distinguish between the sources of PM2.5. 
Results from GEOS-Chem have been extensively validated against sur
face, aircraft, and space-based observations around the world, including 
simulation of surface pollution over the United States (Drury et al., 
2010; Ford and Heald, 2013; Heald et al., 2012; Leibensperger et al., 
2012; Marais et al., 2016; Zhang et al., 2012), Asia (Koplitz et al., 2016; 

Lin et al., 2014), Europe (Protonotariou et al., 2013; Veefkind et al., 
2011), and Africa (Lacey et al., 2017; Marais et al., 2014a, 2014b, 2019; 
Marais and Wiedinmyer, 2016). The model has also been applied to 
previous studies quantifying the global burden of disease from particu
late matter from all sources (Brauer et al., 2016; Cohen et al., 2017). 

In this analysis we used GEOS-Chem with fossil fuel emissions from 
multiple sectors (power generation, industry, ships, aircraft, ground 
transportation, backup generators, kerosene, oil/gas extraction), 
detailed oxidant-aerosol chemistry, and reanalysis meteorology from 
the NASA Global Modeling and Assimilation Office. Fossil fuel emissions 
are from regional inventories where these are available for the US, 
Europe, Asia, and Africa, and from global inventories everywhere else 
(such as Mexico, Australia, South America and Canada). More details of 
the specific fossil fuel inventories used in GEOS-Chem are in Table S1. 
Global-scale simulations in GEOS-Chem were carried out on a coarse 
spatial grid (2 ◦ × 2.5 ◦, about 200 km × 250 km). Four regional sim
ulations were also performed at fine spatial scale (0.5 ◦ × 0.67 ◦, about 
50 km × 60 km) for North America, Europe, Asia, and Africa using 
boundary conditions from the global model. The regional simulations 
allow for a better match with the spatial distribution of population, thus 
enhancing the accuracy of the estimates of health impacts. All simula
tions were set up to replicate 2012 pollution conditions. As described in 
the Supplemental Material, we find that globally, GEOS-Chem captures 
observed annual mean PM2.5 concentrations with a spatial correlation of 
0.70 and mean absolute error of 3.4 μg m− 3

, values which compare well 
with those from other models (Shindell et al., 2018; Xing et al., 2015). 
We performed two sets of simulations: one set with fossil fuel emissions 
turned on and the other with such emissions turned off. We then 
assumed that the difference between the two sets of simulations repre
sents the contribution of fossil fuel combustion to surface PM2.5. More 
information on our choice of GEOS-Chem, the model setup, details of 
relevant anthropogenic emissions, and model validation is described in 
the Supplemental material. 

2.2. Population and health data 

We used population data from the Center for International Earth 
Science Information Network (CIESIN) (CIESIN, 2018). The Gridded 
Population of the World, Version 4 Revision 11 (GPWv4.11) is gridded 
with an output resolution of 30 arc-seconds (approximately 1 km at the 
equator). Since the population data are provided only at five-year in
tervals, we applied 2015 population statistics to the results of our 2012 
GEOS-Chem simulation. CIESIN population data was then aggregated to 
the spatial scale of the model for the exposure estimates. Country/region 
level data on baseline mortality rates were from GBD data for 2015 
(based on the 2017 iteration) (IHME, 2017). USA state-specific mortality 
rates were obtained from the CDC Wide-ranging Online Data for 
Epidemiologic Research (WONDER) compressed mortality files (CDC, 
2016). Canada death estimates by province were obtained from Statis
tics Canada, CANSIM (Canada, 2018). 

2.3. PM2.5 mortality concentration –response model 

The risk of air pollution to health in a population is usually estimated 
by applying a concentration–response function (CRF), which is typically 
based on Relative Risk (RR) estimates derived from epidemiological 
studies. CRFs are necessary elements for the quantification of health 
impacts due to air pollution and require regular evaluation and update 
to incorporate new developments in the literature. 

Global assessments of air pollution risk often use the Integrated 
Exposure-Response model (IER) (Burnett et al., 2014), which combined 
information on PM2.5–mortality associations from non-outdoor PM2.5 
sources, including secondhand smoke, household air pollution from use 
of solid fuels, and active smoking. The IER used data from active 
smoking and passive smoking to address the limited number of outdoor 
PM2.5 epidemiologic studies at PM2.5 > 40 μg m− 3 available at the time. 
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The IER formed the basis of the estimates of disease burden attributable 
to PM2.5 (e.g., 4 million deaths in 2015 in GBD, 2015). This function was 
then updated in 2018 using the Global Exposure Mortality Model 
(GEMM). In GEMM, data from 41 epidemiological cohort studies were 
applied (Burnett et al., 2018). Independently conducted analyses were 
conducted on 15 of these cohorts to characterize the shapes of 
PM2.5–mortality associations in each cohort, using a specified functional 
form of the CRF. For the remaining 26 cohorts, the 
concentration-response was examined with a linear concentration haz
ard ratio model. A recent meta-analysis of the association between 
long-term PM2.5 and mortality (Vodonos et al., 2018) applied techniques 
involving flexible penalized spline CRF in a multivariate random effects 
and meta-regression model. This approach allows the data to specify the 
shape of the CRF. The meta-regression pooled 135 estimates from 53 
studies examining long-term PM2.5 and mortality of cohorts aged 15 
years and older. The estimate of the confidence intervals about the CRF 
includes a random variance component. This meta-analysis provided 
evidence of a nonlinear association between PM2.5 exposure and mor
tality in which the exposure-mortality slopes decreases at higher con
centrations (Figure S5 in Supplemental Material). We have chosen to use 
the dose-response function from the meta-analysis rather than the 
GEMM function as the meta-regression approach is more flexible and 
does not constrain the CRF to a specific functional form, it incorporates a 
random variance component in estimating the uncertainty around that 
curve, it is derived with more studies than previous approaches, and its 
estimates at high and low exposures are closer to the estimates in cohorts 
restricted to only very high and very low exposures. To ensure consis
tency with the concentration-response curve, premature mortality rates 
for the portion of the population >14 years of age were determined 
using the population and baseline mortality rates for different age 
groups from GBD data for 2015. 

2.4. Health impact calculations 

We estimated the number of premature deaths attributable to fossil 
fuel PM2.5 using: (1) GEOS-Chem PM2.5 estimated with all emission 
sources and GEOS-Chem PM2.5 estimated without fossil fuel emissions, 
as a comparison against the first simulation, (2) total population above 
the age of 14 gridded to the GEOS-Chem grid resolution, (3) baseline all- 
cause mortality rates for population above the age of 14 (per country or 
per state in the US and province in Canada), and (4) the meta-analysis 
CRF (Vodonos et al., 2018). All health impacts were calculated on a 
per-grid basis at the spatial resolution of the model. We applied the 
following health impact function to estimate premature mortality 
related to exposure to fossil fuel PM2.5 in each GEOS-Chem grid cell: 
∑

Δy = yo∗p ∗ AF (1)  

AF ​ =
exp(β∗Δx) − 1

exp(β∗Δx)
(2)  

β(PM2.5)=

∫PM2.5all ​ emissions

PM2.5no ​ fossil ​ fuel

β(PM2.5) (3)  

where Δy is the change in the number of premature deaths due to 
exposure to fossil fuel PM2.5, yo is the country/state/province specific 
baseline (all-cause) mortality rate, p is the total population above the 
age of 14, AF is the attributable fraction of deaths (the fraction of total 
deaths attributable to PM2.5 exposure), β is the mean estimate for long- 
term PM2.5 mortality concentration-response over a range of concen
trations from the penalized spline model in the recent meta-analysis, and 
Δx is the change in PM2.5 concentration, calculated as the difference 
between GEOS-Chem PM2.5 with all emissions and GEOS-Chem PM2.5 
without fossil fuel emissions. 

For each country, we summed the change in premature deaths (Δy) 

in each grid cell over all grid cells in that country. To estimate the 
change in deaths between the two scenarios (with and without fossil fuel 
combustion), we computed the change in deaths in each grid cell, based 
on its population, baseline rate, and exposure under the two scenarios 
(Equation (1)). The attributable fraction (AF), or proportion of deaths 
estimated as due to long-term exposure to PM2.5 fossil fuel air pollution, 
was calculated using the concentration-response estimate, following the 
form shown in Equation (2) (Figure S5 in Supplemental material). 
Because these estimates of mortality concentration response (β) are a 
nonlinear function of concentration, we used the penalized spline model 
predictions from this meta-analysis to integrate the concentration- 
specific β in each grid cell from the low PM2.5 scenario (without fossil 
fuel emissions) to the high PM2.5 scenario (with all emissions, including 
fossil fuel). In this way, we could calculate a mean value of β for each 
grid cell. There exist insufficient epidemiological data to calculate a 
robust health response function specific to fossil-fuel PM2.5. GEOS-Chem 
is a deterministic model. Therefore, our 95% confidence intervals (CI) 
for our estimates reflect only the 95% CI for the concentration response 
function. 

2.5. Secondary analysis among children <5 years old 

Lower respiratory infections (LRI), including pneumonia and bron
chiolitis of bacterial and viral origin, are the largest single cause of 
mortality among young children worldwide and thus account for a 
significant global burden of disease worldwide (Nair et al., 2010). As 
mentioned previously, young children are more susceptible to the 
adverse effects of particulate air pollution than adults. Mehta et al. 
(2013) estimated the overall impact of PM2.5 concentration with Rela
tive Risk (RR) of 1.12 for LRI mortality per 10 μg m− 3 increase in annual 
average PM2.5 concentration, as compared to RR of 1.04 for respiratory 
mortality among adults (Vodonos et al., 2018). We estimated the num
ber of premature deaths attributable to PM2.5 among children under the 
age of 5 years due to a range of LRI classifications (ICD-10, International 
Classification of Diseases codes: A48.1, A70, J09-J15.8, J16-J16.9, 
J20-J21.9, P23.0-P23.4). Baseline numbers of deaths due to LRI were 
obtained from the GBD for 2015 (IHME, 2017). We used the Relative 
Risk (RR) of 1.12 (1.03–1.30) for LRI occurrence per 10 μg m− 3 increase 
in annual average PM2.5 concentration (Mehta et al., 2013). Studies of 
longer-term exposure of PM2.5 and LRI in that meta-analysis were con
ducted in only a few developed countries with relatively low levels of 
annual mean PM2.5 (<25 μg m− 3), specifically the Netherlands, Czech 
Republic, Germany, Canada and USA. We therefore calculated the 
number of premature LRI deaths attributable to PM2.5 only in North 
America, South America, and Europe. 

3. Results 

3.1. Impact of fossil fuel use on PM2.5 

Fig. 1 shows the difference between global GEOS-Chem PM2.5 with 
and without fossil fuel emissions, plotted as the annual mean for 2012. 
Results show large contributions of 50–100 μg m− 3 in PM2.5 over China 
and India, with smaller increments of 10–50 μg m− 3 over large swaths of 
the United States and Europe, industrialized countries in Africa (South 
Africa and Nigeria), and along the North African coastline due to Eu
ropean pollution. 

3.2. Global assessment of mortality attributable to PM2.5 

Based on the annual PM2.5 simulation with and without global fossil 
fuel emissions, we estimated the excess deaths and attributable fraction 
(AF %) for the population above 14 years old. Fig. 2 shows the simulated 
annual global premature mortality due to exposure to ambient PM2.5 
from fossil fuel emissions. Greatest mortality is simulated over regions 
with substantial influence of fossil-fuel related PM2.5, notably parts of 
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Eastern North America, western Europe, and South-East Asia. 
We estimated a total global annual burden premature mortality due 

to fossil fuel combustion in 2012 of 10.2 million (95% CI: − 47.1 to 17.0 
million). Table 1 reports the baseline number of deaths for people >14 
years old, the annual PM2.5 simulation with and without global fossil 
fuel emissions, the estimated excess deaths, and the attributable fraction 
for the populated continents. As shown in Table 1, we calculated 
483,000 premature deaths in North America (95% CI: 
284,000–670,000), 187,000 deaths in South America (95% CI: 
107,000–263,000), 1,447,000 deaths in Europe (95% CI: 
896,000–1,952,000), 7,916,000 deaths in Asia (95% CI: − 48,106,000 to 
13,622,000), and 194,000 deaths in Africa (95% CI: − 237,000 to 
457,000). The wide confidence intervals in Asia and Africa are due to the 
lack of data for areas where the exposure remains outside the range of 
the concentration response curve (PM2.5 > 50 μg m− 3; Figure S5). The 
population-weighted pollution concentrations presented in Table 1 are 

higher than the average PM2.5 concentrations for each country, since 
fossil-fuel PM2.5 is mainly emitted in populous areas. The two countries 
with the highest premature mortality are China with 3.91 million and 
India with 2.46 million. Supplemental Table S2 provides extended data 
of the health impact calculations for each country. For comparison, 
Table 1 also reports the number of premature deaths attributable to 
fossil fuel PM2.5 when the GEMM function is applied to the GEOS-Chem 
output. For most regions, the number of premature deaths calculated 
with GEMM is significantly lower than that calculated with the new 
function from Vodonos et al. (2018). Globally, the GEMM function 
yields 6.7 million deaths in 2012 due to fossil fuel combustion. 

3.3. Assessment of children (under the age of 5) LRI mortality 
attributable to PM2.5 

We estimated the number of premature deaths attributable to PM2.5 

Fig. 1. Contribution of fossil fuel combustion to surface PM2.5, as calculated by the chemical transport model GEOS-Chem. The plot shows the difference in surface 
PM2.5 concentrations from GEOS-Chem with and without fossil fuel emissions. 

Fig. 2. Estimated annual excess deaths due to exposure to ambient PM2.5 generated by fossil fuel combustion.  
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among children under the age of 5 due to LRI only for those countries or 
regions with levels of annual PM2.5 concentrations below 25 μg m− 3. 
These include North America, South America, and Europe. Based on the 
annual PM2.5 simulation with and without fossil fuel emissions, we 
calculated 876 excess deaths due to LRI in North and Central America, 
747 in South America, and 605 in Europe (Table 2). Using the GBD es
timate of total deaths due to LRI (Institute for Health Metrics and 
Evaluation), we estimate that PM2.5 from fossil fuel combustion 
accounted on average for 7.2% of LRI mortality among children under 
the age of 5 in these regions, with the largest proportion of 13.6% in 
Europe (95% CI -0.4 to 25.3%). 

4. Discussion 

We used the chemical transport model GEOS-Chem to quantify the 
global mortality attributed to PM2.5 air pollution from fossil fuel com
bustion. Using the updated concentration response relationship between 
relative mortality and airborne PM2.5, we estimated global premature 
mortality in 2012 of 10.2 million per year from fossil fuel combustion 
alone. China has the highest burden of 3.91 million per year, followed by 
India with 2.46 million per year. These estimates carry large uncertainty 
(e.g., 95% CI of − 47.1 to 17.0 million for the global estimate) from the 
concentration-response curve, as it is an improved function that pro
vides a more realistic picture of the health consequences of PM2.5 
compared to previous studies. 

Our estimate is for the year when fossil fuel emissions in China 
peaked and so predates large and dramatic reductions in fossil fuel 
emissions due to strict mitigation measures. These reductions led to a 
30–50% decline in annual mean PM2.5 across the country from 2013 to 
2018 (Zhai et al., 2019). If we apply a 43.7% reduction in GEOS-Chem 
PM2.5 concentrations from the simulation with all emission sources, 
premature mortality in China decreases from 3.91 million to 2.36 
million. India has recently imposed controls on pollution sources, but 
there is not yet evidence of air quality improvements in densely popu
lated cities like Delhi (Vohra et al., 2020). Consideration of the 
2012–2018 decrease in PM2.5 exposure in China reduces the total global 
premature mortality due to fossil fuel PM2.5 from 10.2 million premature 
deaths each year to 8.7 (95% CI: − 1.8 to 14.0) million. 

In 2012, the population-weighted PM2.5 is 72.8 μg m− 3 for China and 
52.0 μg m− 3 for India from all sources and 9.9 μg m− 3 for China and 9.0 
μg m− 3 for India without fossil fuel emissions. The low value of non- 
fossil fuel PM2.5 is reasonable for southern India (Dey et al., 2012) but 
may be an underestimate in the Indo-Gangetic Plain where crop residue 
burning contributes to high levels of PM2.5 (100–200 μg m− 3) during the 
post-monsoon season (Ojha et al., 2020). An increase in the concentra
tion of non-fossil-fuel PM2.5 would decrease our estimate of the number 
of premature deaths due to fossil fuel PM2.5 in India and China, as this 
would decrease the risk of premature mortality with a unit change in 

Table 1 
Number of deaths attributable to exposure to fine particulate matter (PM2.5) generated by fossil fuel combustion for the population >14 years old.  

GEOS-Chem 
spatial grid 
resolutiona 

Regionb Total 
deaths 
>14 years 
old, in 
thousands 

Population-weighted annual mean PM2.5 

concentration, μg m− 3 
Mean 
attributable 
fraction of 
deaths, % (95% 
CI)d 

Deaths attributable to 
fossil-fuel related PM2.5, 
in thousands (95% CI)c 

GEMM function 
deaths attributable 
to fossil-fuel related 
PM2.5, in thousands 
(95% CI)e 

PM2.5 from 
all emission 
sources 

PM2.5 

without 
fossil fuel 

Estimated 
PM2.5 from 
fossil fuel, % 

Fine North 
America 

Central 
America & 
the 
Caribbean 

1148 10.06 3.03 7.03 (69.9) 8.2 (4.5–11.6) 94 (52–133) 80 (62–98) 

USA 2705 11.81 2.15 9.66 (81.8) 13.1 (7.8–18.1) 355 (212–490) 305 (233–375) 
Canada 250 12.01 1.76 10.25 (85.4) 13.6 (8.0–18.7) 34 (20–47) 28 (22–35) 

Coarse South America 2389 8.66 3.02 5.65 (65.2) 7.8 (4.5–11.0) 187 (107–263) 159 (121–195) 
Fine Europe 8626 19.22 4.68 14.54 (75.7) 16.8 

(10.4–22.6) 
1447 (896–1952) 1033 (798–1254) 

Fine Asia Eastern Asia 25,468 51.72 8.68 43.05 (83.2) 30.7 (− 189.1- 
52.9) 

7821 (− 48,150–13,478) 4945 (3943–5826) 

Coarse Western 
Asia & the 
Middle East 

1456 26.95 20.73 6.22 (23.1) 6.5 (3.0–9.9) 95 (44–144) 54 (43–65) 

Fine Africa 5274 32.98 28.98 4.00 (12.1) 3.7 (− 4.5-8.7) 194 (-237-457) 102 (81–121) 
Coarse Australia & Oceania 189 4.17 2.19 1.98 (47.4) 3.2 (1.6–4.8) 6.0 (2.9–9.0) 6.4 (4.8–7.9)  

Global 47,506 38.01 11.14 26.87 (70.7) 21.5 (− 99.0- 
35.7) 

10,235 
(− 47,054–16,972) 

6713 (5308–7976)  

a Fine spatial scale is 0.5 ◦ × 0.67 ◦, or about 50 km × 60 km. Coarse spatial scale is 2 ◦ × 2.5 ◦, or about 200 km × 250 km. 
b List of countries for each region and subregion is provided in supplemental Table S2. 
c Annual number of deaths attributable to long-term exposure to PM2.5 derived from fossil fuel combustion. CI is the confidence interval. 
d Mean proportion of all deaths which can be attributed to long-term exposure to PM2.5 generated by fossil fuel combustion, averaged over the country or region. CI; 

confidence interval. 
e Attributable deaths calculated with the Global Exposure Mortality Model (GEMM) concentration-response function.44. 

Table 2 
Number of deaths due to lower respiratory infection (LRI) attributable to 
exposure to fine particulate matter (PM2.5) from fossil fuel combustion for the 
population <5 years old.  

Region Total deaths for 
children <5 
years old due to 
LRI 

LRI deaths 
attributable to 
fossil-fuel PM2.5 

(95% CI)a 

Mean attributable 
fraction of deaths, 
% (95% CI)b 

North 
America 

13,230 876 (-26-1657) 6.6 (¡0.2-12.5) 

Central 
America & 
the 
Caribbean 

12,507 802 (-23-1516) 6.4 (− 0.2-12.1) 

USA 672 69 (-2-131) 10.2 (− 0.3-19.5) 
Canada 50 5 (0–10) 10.8 (− 0.3-20.5) 

South 
America 

13,231 747 (-21–1443) 5.7 (-0.2–10.9) 

Europe 4446 605 (-18–1126) 13.6 (-0.4–25.3)  

a Annual number of deaths attributed to long-term exposure to PM2.5 derived 
from fossil fuel combustion. 

b Mean proportion of deaths due to long-term exposure to PM2.5 generated by 
fossil fuel combustion. CI is the confidence interval. 
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PM2.5 (Figure S5). 

4.1. Comparison with previous estimates of global mortality attributable 
to outdoor PM2.5 

Previous estimates of the GBD for 2015 suggest that exposure to total 
PM2.5 causes 4.2 million deaths (Cohen et al., 2017), whereas here we 
estimate more than double (10.2 million) the number of premature 
deaths from fossil fuel combustion alone in 2012. Differences between 
the current study and the 2015 GBD lower estimates are related mainly 
to the choice of the shape of the concentration-response function and the 
relative risk estimate. First, to provide information about exposure 
response at higher concentrations, the 2015 GBD study used the inte
grated exposure–response (IER) model in which active and second-hand 
smoking exposures were converted to estimated annual PM2.5 exposure 
equivalents using inhaled doses of particle mass (Burnett et al., 2014). 
Recent cohort studies from Asia indicate that this substantially un
derestimates the CRF at high concentrations. In contrast, in the current 
study we applied a CRF that was directly estimated from PM2.5 studies 
alone, as described in a recent meta-analysis that included estimates 
from studies in countries like China with higher PM2.5 concentrations 
than are included in previous derivations of CRFs (Vodonos et al., 2018). 
The CRF from this recent meta-analysis flattens out at higher concen
trations, as does the IER curve. However, this flattening is not as great as 
in the IER, as Asian cohort studies at high PM2.5 concentrations report 
larger effects than would be expected from the IER. Hence estimates of 
the global attributable fraction of deaths due to air pollution using the 
function from the recent meta-analysis are higher than the estimates 
using the IER function. In addition, at much lower concentrations (<10 
μg m− 3), we applied higher slopes than assumed in the IER function. 
Recent studies at very low concentrations similarly show that the IER 
underestimated effects in this range (Pinault et al., 2016). Since 
GEOS-Chem estimated quite low concentrations in developed countries 
in Europe and North America, the number of premature deaths from 
PM2.5 in these countries is greater than previous estimates. 

Following an approach similar to the recent meta-analysis (Vodonos 
et al., 2018), Burnett et al. (2018) modeled the shape of the association 
between PM2.5 and non-accidental mortality using data from 41 cohorts 
from 16 countries with GEMM. In that study, the uncertainty in a subset 
(15 cohorts) was characterized in the shape of the 
concentration-response parameter by calculating the Shape-Constrained 
Health Impact Function, a prespecified functional form. These estimated 
shapes varied across the cohorts included in the function. GEMM pre
dicted 8.9 million (95% CI: 7.5–10.3) deaths in 2015 attributable to 
long-term exposure to PM2.5 from all sources; 120% higher excess deaths 
than previous estimates, but still lower than our estimate of mortality 
from exposure to fossil-fuel derived PM2.5 for 2012. Lelieveld et al. 
(2019) estimated the global and regional mortality burden of fossil fuel 
attributable PM2.5 by applying the GEMM CRF to a global 
chemistry-climate model that is overall coarser (~1.9◦ latitude and 
longitude) than the model used in this work. The authors reported 3.61 
million deaths per year attributable to pollution from fossil fuel com
bustion and 5.55 million deaths per year due to pollution from all 
anthropogenic sources. The estimated deaths from fossil fuel combus
tion are much lower than those in the current study for several reasons. 
First, the meta-analysis function used in our work includes 135 co
efficients of all-cause mortality for adults aged 14–64 years old, together 
with cause-specific mortality and all-cause mortality among adults aged 
65 and older, thus incorporating many more studies in a meta-regression 
framework than the 41 cohorts and coefficients in the GEMM function. 
Second, the approach used to estimate the CRF in Vodonos et al. (2018) 
allows for additional flexibility in the shape of the function because of its 
use of penalized splines. In contrast, the GEMM pooled CRF integrates a 
set of 26 log-linear functions and 15 functions characterized by three 
parameters governing the shape of the function. Third, while Cohen 
et al. (2017), Lelieveld et al. (2019) and Burnett et al. (2018) accounted 

for mortality from five specific causes (ischemic heart disease, stroke, 
chronic obstructive pulmonary disease, lung cancer and acute respira
tory infections), in the current analysis we estimated changes in deaths 
from all causes. Fourth, some of the difference in the mortality estimates 
may come from differences in the age range. Our approach considers a 
wider population age range of over 14 years old (Vodonos et al., 2018) 
compared to the other studies, which considered a population age range 
of over 25 years (Burnett et al., 2018; Cohen et al., 2017; Lelieveld et al., 
2019). Our approach has wider age range since the age range for the 
studies in the meta-analysis (Vodonos et al., 2018) included people 
younger than 25 years old (Hart et al., 2011; Pinault et al., 2016). 
Finally, the finer spatial resolution that GEOS-Chem utilizes over much 
of the globe improves co-location of PM hotspots and population cen
ters, yielding higher estimates of excess mortality compared to Lelieveld 
et al. (2019). 

4.2. Limitations 

There are a number of limitations that must be acknowledged. First, 
vulnerability to PM2.5 exposure may vary by population characteristics 
such as ethnicity, socio-economic status (SES), risk behaviors such as 
smoking and underlying comorbidities (Krewski et al., 2000; Pope et al., 
2004; Wang et al., 2017) and by different exposure characteristics. We 
were limited in our ability to undertake a comprehensive analysis of 
factors influencing the association between PM2.5 and mortality since 
the global mortality data were not available by detailed age, ethnicity, 
SES, lifestyle, and underlying disease strata. In addition, the 95% CI of 
our estimates reflect the lower and upper bound of the CRF, which 
flattens out at higher concentrations. Regions with very high concen
trations (>50 μg m− 3) are beyond the data range in the meta-analysis; 
thus, the lower limit of the CI for those regions (China, West and 
North Africa; Table 1) are much less than zero. Second, for LRI in chil
dren, we have restricted our analysis to developed countries with annual 
PM2.5 < 25 μg m− 3, in accordance with the geographical locations of the 
studies included in the meta-analysis by Mehta et al. (2013). Developing 
countries have much higher LRI mortality rates, and this restriction 
doubtless results in an underestimate. Finally, GEOS-Chem estimates of 
PM2.5 concentrations almost certainly contains errors in estimates of 
emissions of pollution precursors, meteorological effects on air quality, 
and representation of the complex physical and chemical formation 
pathways. In the absence of systematic bias, such model error may not 
produce large aggregate errors in the mortality burden of PM2.5, but bias 
may be present as well. In any event, it is challenging to estimate the true 
size of this error. 

5. Conclusions 

The effects of CO2-driven climate change on human health and 
welfare are complex, ranging from greater incidence of extreme weather 
events, more frequent storm-surge flooding, and increased risk of crop 
failure (Duffy et al., 2019). One consequence of increasing reliance on 
fossil fuel as an energy source that has thus far received comparatively 
little attention is the potential health impact of the pollutants co-emitted 
with the greenhouse gas CO2. Such pollutants include PM2.5 and the 
gas-phase precursors of PM2.5. This study demonstrates that the fossil 
fuel component of PM2.5 contributes a large global mortality burden. By 
quantifying this sometimes overlooked health consequence of fossil fuel 
combustion, a clear message is sent to policymakers and stakeholders of 
the co-benefits of a transition to alternative energy sources. 
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