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Abstract

Particulate Matter (PM) is understood to harm human health, but little research has
assessed its impact on crop yields. Emerging evidence suggests PM may have a sizeable
effect on crops. PM reduces yields through indirect and direct mechanisms. In the indirect
mechanism, airborne PM intercepts incoming photosynthetically active radiation (PAR)
through absorption or scattering. In the direct mechanism, PM deposition on crop surfaces

directly blocks PAR transmission.

Using the JULES-crop model, this thesis finds PM reduces maize yield by 3.5% on
the North China Plains (NCP) via the indirect mechanism. PM deposition is responsible for a
further 2.4% maize yield loss in the same area, with rice and wheat crops less affected at
2.0% and 0.3% average yield losses, respectively. India is also particularly affected by PM
deposition, with average maize, rice, and wheat losses of 1.2, 0.7, and 0.3%. Specific
locations suffer losses as high as 8%, attributable to a combination of meteorological factors,
the black carbon content of bulk PM, and crop-specific factors. Despite these high local

impacts, average global cereal crop yield losses to PM deposition circa 1%.

The timing of PM perturbations within the crop development cycle also affects yield
outcomes. The combined effects of the direct and indirect mechanisms are additive, and
most negatively affect crop yields during the early reproductive stage for maize and wheat,
and the early vegetative stage for rice. Uncontrolled future PM emissions are found to have
particularly substantial effects on crop yields in India, with expected losses of up to 20% on
the Indo-Gangetic Plain. The thesis also explores the effects of PM timing in relation to crop
development stage, and how this may predict future crop yield losses attributable to PM

pollution.

Overall, this work highlights the role of airborne PM in limiting PAR availability for
photosynthesis, particularly in highly polluted areas of China and India. The effects of PM
deposition on cereal crop yields are quantified here for the first time, and are noted as
potentially limiting future food supply in India. Identifying the potential impacts of PM
highlights the urgency of PM emission reductions for policy makers. The thesis contributes to
our understanding of the impacts of PM pollution on food supply, and highlights the need for
further experimental studies to better comprehend the scale of threat that this pollution may

pose in the future.
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Chapter 1: Introduction

1.1 Global Food Security

Ten percent of the world’s population are undernourished, with over 149 million
children below the age of 5 suffering from acute malnutrition (UNICEF, 2021). Global food
supply continues to be threatened by an interlinked series of crises, including climate
change, soil degradation, and flooding - putting the lives and livelihoods of millions at serious
risk. Over 98% of those suffering under- and malnutrition reside in lower- and middle-income
countries. Being largely located at mid and low latitudes, these same countries are set to be
the most severely impacted by climate driven extreme weather events (IPCC, 2022). They
are also the countries in most pressing need of further economic development and often rely
on fossil fuel-driven economic growth to achieve this. These countries are at increasing risk
of crop failures due to both rising global temperatures and increasing local air pollutant
concentrations (IPCC, 2022).

Developing a better understanding of the global threats to food supply is a
prerequisite to countering them. Particulate matter (PM) is a key air pollutant which has
recently been identified as hazardous to crops, and therefore a potential threat to food
supply. Airborne PM affects the light available for crops to use in photosynthesis, potentially
reducing crop yields by 5-10% (Greenwald et al., 2006; Zhou et al., 2018). Deposited PM on
crop surfaces may further exacerbate yield reductions, causing a further ~5% loss (Mina et
al., 2018). Deposited PM also intensifies climate impacts. By coating upper leaf surfaces,
leaves are insulated, and stomata are blocked. This traps heat within the leaf whilst reducing
transpiration rates, causing the plant to be more susceptible to the effects of heat stress at
lower temperatures (Mina et al., 2013). The limited research in this area indicates serious
risks to food security in heat stressed areas with large PM concentrations, such as China
and India. However, further research is needed to determine the global threat posed by this

group of pollutants.

This thesis shows that PM pollution is a potentially significant contributor to crop yield
reductions across many parts of the world. Given the increasing trend in PM concentrations
for many developing and middle-income countries such as India, this could come to present
a substantial threat to regional food security over the coming decades. This thesis aims to
highlight the risks posed by PM in highly polluted croplands, and to provide evidence for

consideration in mitigation action.
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In this work, the indirect and direct effects of particles on crops are explored. The
remainder of Chapter 1 describes PM in detail, outlining how PM of differing composition
affects crops, and identifying knowledge gaps concerning the effects of PM pollution on
global food production and food security. The published paper that forms Chapter 2 of this
thesis explores and clarifies the role of airborne PM in reducing crop yields. Chapter 3
presents the first global simulations of the effects of PM deposition on food security.
Identifying India and China as the worst affected countries, detailed regional analyses
describe the total current effects of PM deposition on yields in these locations, and highlight
the deleterious effects of uncontrolled future PM emissions in India. The work within
Chapters 2 and 3 identifies the crop development stage during which a crop is exposed to
PM pollution-related stressors as a key determinant of their eventual impact on food
production. Chapter 4 explores the impact of predicted 2050 levels of PM pollution,
alongside a number of other coincident stressors on food production in India, and assesses
the importance of development stage dependence for predicted future food supply. Chapter
5 summarises the findings of this thesis, and outlines further work required to better
understand the current, and potential future, impacts of PM and other air pollutants on food

supply.

1.2 Particulate Matter Composition

Particulate matter (PM) is the term commonly used in atmospheric and air pollution
sciences to refer to a highly heterogeneous mixture of aerosolised particles. This work
primarily focuses on the total impacts of all PM, the bulk of which is composed of black
carbon (BC), organic carbon (OC), sulphates, secondary organic aerosol (SOA), sea salt,
and mineral dust - the PM components typically considered in modelling studies. Nitrates are
also an important PM component, but are absent from the majority of simulated and

measured global PM.

Atmospheric particles are (unequally) distributed across a wide size range (e.g.,
Khan et al., 2021), but are broadly categorised as PM1, PM2.5 and PM10; that is PM
particles with aerodynamic diameters of 1 pm, 2.5 um or 10 um respectively (where
aerodynamic diameter describes the diameter of an idealised sphere with the density of
water, 1g cm3, that settles in still air at the same velocity as a given PM particle).
Anthropogenically generated components are generally relatively fine (PM2.5 and smaller;
Klimont et al., 2017); those which have previously been found to be most influential on crop

losses are described below in Table 1.1.
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Pollutant Primary sources Physical and optical properties Impacts on environment and crops

Black Carbon (BC) e Fossil fuel combustion, e Aerosolised BC is typically o Heats atmosphere by absorbing light and re-emitting as
forestry, and unreactive. infrared.
transportation e Consists of graphite like o Directly reduces available PAR for crop photosynthesis.
infrastructure?. chains of elemental carbon. o BC is responsible for a majority of PM light
e Forms large, agglomerated absorption”®,

particles with other aerosol
species?®.

e Highly thermally stable.

e Highly light absorbing at
visible wavelengths, including
PAR*,

e BC, including soot, remains

airborne for 4-12 days®*®.
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Organic Carbon
(GC)

Fossil fuel combustion,
forestry, transportation,
and industry.

Main contributor to
production of secondary
organic aerosol (SOA).
Predominates over
primary organic aerosol
(POA) in all

environments®.

. OC species are mainly
composed of carbon, but also
contain other chemical elements.

. ~80% of OC species are semi-
volatile®®.

. Rarely found as primary
particles, due to volatility and
reactivity.

o Resident in atmosphere for 1
day in urban environments and 5-10

days in sub-urban environment?t,

OC molecules are generally light scattering.

By scattering incoming solar radiation, OC increases
the fraction of diffuse light at the surface. This
increases photosynthesis rates in some plant
species.

14




Sulphates

Reactive sulphate ions
are created by burning
fossil fuels.

These react with other
chemical species to
form secondary

sulphate pollution.

o SOy is the primary source of
sulphate ions in the atmosphere,
which can react with water to form
sulphuric acid (leading to acid
rain®), or with ammonia ions to
generate ammonium sulphate
particles.

. These chemical species have
high albedo and are therefore highly
light scattering.

. The residency time for
tropospheric sulphates lies in the
range of 3-9 days!*, long enough to
reach regions distant from their

source.

Generally light scattering particles, that reduce the
levels of PAR at the earth’s surface, both directly>1¢
and indirectly (through cloud seeding)*’.

This reduces the direct PAR available for
photosynthesis in crops, but increases the proportion

of diffuse radiation at the surface.
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Nitrates

o Reactive nitrogen
oxides (NO,) are generated
through burning of fossil
fuels',

o These react with other
chemical species to form

secondary nitrate pollution.

. Highly light scattering PM
species that directly scatter solar
radiation.

. Most reflective under high
relative humidity?°.

o Critical for formation of
secondary organic aerosol (SOA).
o The reaction of nitrate ions with
water vapour creates an acid (nitric
acid, HNO3) producing acid rain.

. Nitrates reside in the
atmosphere for 3-9 days, similar to

sulphates?®.

o Highly light scattering, reducing total PAR at the
surface for crop photosynthesis, but increasing the
proportion of diffuse light.

o Few major atmospheric aerosol models include
nitrogenous compounds due to difficulties in simulating the
behaviour of these compounds.

e  This is a major source of uncertainty in the total effects

of PM on a global scale.
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Secondary Organic| e Formed when reactive . An extremely diverse set of e SOA species are typically light reflecting and

Aerosol (SOA) oxygen species (ROS) oxidise | particles. scattering, contributing to reduced PAR, but
organic molecules. . Most SOA particles have a increased diffuse fraction, at the Earth’s surface.
. Primary organic PM is high albedo™.

one source of organic
precursor, but a vast majority
of organic precursor comes
from the release of biogenic
volatile organic chemicals
(BVOC:s, at least 2.4Pg per
year").
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1.3 Mechanisms for PM Impacts on Crops

Photosynthetically active radiation (PAR) is a subset of shortwave (SW) radiation
with a wavelength of 400-700nm, and is used for photosynthesis by plants and
photosynthetic bacteria. In land plants, PAR is intercepted by the chloroplasts in leaves,

where its energy is used to fix carbon into a bioavailable form.

When a photon of PAR travels through the atmosphere, it can be intercepted by
many particles (e.g., atmospheric gas particles, water droplets, aerosolised dust, etc).
Upon interception, these photons are either absorbed or scattered. Because PM is a
heterogeneous mixture of particles, the effects of bulk PM on incoming PAR vary spatio-
temporally as they depend on a wide range of factors. These include PM composition,
concentration, size distribution, and the prevailing meteorology. The net effect of
airborne PM on photosynthesis is strongly debated, and is discussed in depth in section
1.3.1.

By contrast, there is a smaller pool of evidence for the effects of deposited PM
on plant photosynthesis, but the direction of this effect is clearer. The adherence of
deposited aerosol on a plant canopy directly reduces light absorption by coated leaves,
reducing photosynthesis rates. Furthermore, it blocks stomata, reducing transpiration,

and increasing leaf temperature. This is discussed in detail in section 1.3.2.

1.3.1 Indirect Mechanism

Airborne PM reduces incoming photosynthetically active radiation and diffuses
direct light. As discussed in section 1.2.1 and 1.2.2, PM is a highly heterogeneous
mixture, with individual components of PM interacting with incoming solar radiation
differently. The mass absorption and scattering efficiencies (MAE and MSE respectively)
of particles are optical properties that describe the propensity of a particle to absorb or
scatter incoming radiation. Beta is the aerosol light upscatter fraction, describing the
proportion of radiation impacting a particle which is backscattered rather than scattered
forward. These characteristics vary amongst all components of PM. For example, black
carbon has a large MAE but negligible MSE, whilst the inverse is true for sulphate
particles. These optical properties change with particle water content, shape, size, and

chemical composition, and so the optical properties of bulk PM vary spatio-temporally.
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This changes the direction and scale of PM impacts on incoming PAR, and thereby
indirectly modifies crop yields by changing photosynthesis rates.

Airborne PM further reduces light at the surface through the Twomey effect,
where PM alters the albedo of clouds. Airborne PM can act as additional cloud
condensation nuclei, thus increasing the size of cloud droplets and increasing the
amount of light which is scattered by clouds. The reduced light transmission to the
Earth’s surface will also reduce photosynthesis rates for plants in affected areas
(Lohmann, U., & Feichter, J., 2005).

1.3.1.1 Reductions in total PAR

All PM components reduce the concentration of PAR at the surface,
predominantly through absorption of PAR and re-emission as infra-red radiation
(Mahowald 2011). Some components, however, have a greater MAE - i.e., they are
more efficient absorbers of PAR. As highlighted in section 1.2.1, BC is the most
abundant and important light absorbing PM component. Though BC accounts for less
than 10% of all aerosol pollution globally (Klimont et al, 2017), in some locations it can
account for more than 80% of light absorption at the wavelength of PAR (400-700nm)

(Lépez-Caravaca et al. 2022).

Organic carbon also plays a role in reducing PAR at the surface through haze
generation. During atmospheric inversion events, aerosols concentrate at a low altitude
rather than dissipating (Yin et al., 2015). When this pollution is trapped, organic
molecules often act as nucleation centres generating larger PM patrticles. As this
process accelerates, particle density and concentration increase rapidly, with primary
emissions over the affected area being added to these growing particles (Guo et al.
2014). As this low-lying PM accumulates, it scatters increasing levels of light away from
the Earth’s surface over a localised area. Such haze events can cut incoming PAR to
the earth’s surface by as much as 45% (Aziz et al., 2017). Given the linear relationship

between total PAR absorption and crop photosynthesis (Sun, Dongbao, and Qingsuo
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Wang. 2018), light absorbing PM exerts a large downward pressure on potential crop
yield.

1.3.1.2 Diffuse Radiation

Non-carbonaceous components of PM are less light absorbing and more
scattering. By scattering incoming PAR, these PM particles cause solar rays to become
less concentrated, spreading ground level irradiance over a greater area. In forest
environments, a number of observational (Alton et al., 2007; Gu et al., 2002; Niyogi et
al., 2004; Strada et al., 2015) and modelling (Mercado et al., 2009; Rap et al., 2015;
Roderick et al., 2001; Xie et al., 2020) studies suggest that such PM pollution may
actually increase canopy gross primary production (GPP), i.e., the total carbon fixation
undertaken by plants within the canopy. This is attributed to a greater distribution of
irradiance throughout the tree canopy, with lower concentrations of PAR at the upper,
light-saturated leaf canopy, and higher concentrations at light-poor, lower canopy layers
(illustrated in Figure 1.1 below). Changing the geometry of the incoming light in such a
way increases total plant GPP, and is called the “diffuse light fertilisation effect”
(Kanniah et al., 2012, Williams et al., 2014).
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a) b)

Figure 1.1. lllustration of PAR interception by PM, where a) no PM intercepts incoming
PAR, and b) where PAR is backscattered by PM, absorbed by airborne PM, or
transmitted through the PM cloud as diffuse radiation which is intercepted at lower

canopy layers. Different coloured circles represent different sizes and species of PM.

Although the diffuse light fertilisation effect has been demonstrated in forests
(Mercado et al., 2009, Rap et al 2018, Gui et al., 2021), the magnitude of the effect is
much less certain over grassland and cropland. Whilst there is a paucity of in vitro
experimentation, some in silico studies have attempted to address this uncertainty.
Unfortunately, these studies are thus far inconclusive, with some finding a strong
correlation between GPP and diffuse light (Nguy-Robertson et al., 2015), but others
finding it to play an insignificant role in crop GPP (Niyogi et al., 2004).

These differences are attributed to the varied canopy architecture between
forest, cropland, and grassland pasture. Dense forests with extensive lower canopies
benefit greatly from the redistribution of PAR across these canopies, enabling foliage in
the lower canopy to access higher levels of PAR and preventing the uppermost layers

from over-saturating and “wasting” PAR. This more efficient light use can compensate,
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or even overcompensate, for reductions in total irradiance due to PM-scattering of
incoming PAR. This effect is much more notable in C3 plants (e.g., trees), as they are
more readily light saturated under high levels of direct sunlight. C4 plants, including a
large number of grasses and crops (e.g., maize), do not as easily become light-
saturated, and are thus more sensitive to reductions in the total level of direct PAR.
Research in crop plants specifically is, however, limited and conflicting. Some studies
suggest that PM-enhanced diffuse light improves crop productivity (Roderick et al.,
2001, Hemming et al., 2008, Cheng et al., 2015, Li and Yang, 2015) and others suggest
that the balance of radiation changes reduces yields (Greenwald et al., 2006, Alton et
al., 2008, Strada et al., 2015).

1.3.1.3 Total effects

The few published observational studies on the total effects of PM on crop yields
suggest that significant crop yield reductions may occur in highly polluted regions. For
example, it has been estimated that black carbon and sulphate pollution is responsible
for circa 6% vyield losses for Indo-Gangetic-Plain wheat over a 30-year period
(Auffhammer et al., 2006; Burney and Ramanathan, 2014). If such yield losses are
mimicked across the entire of India, that would be equal to 6 Mt of wheat in 2021. This
equates to approximately 28 million people’s annual caloric intake at 2000 kcal per day
(USDA, accessed 01-2023). Given the existing burdens on food security of global
heating, soil erosion, and extreme and unpredictable weather, these losses could

compound to cause serious food supply issues in the future.
1.3.2 Direct Mechanism

Particulate matter (PM) is not airborne for its entire lifecycle. Eventually it is
deposited to the earth’s surface, whereupon it may readily adhere to vegetated

surfaces. Once adhered, PM reduces the total light reaching the plant surface, blocks
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stomata (reducing gas exchange) and increases leaf temperature (Burney &
Ramanathan, 2014; Zhou, Chen, & Tian, 2018; Mina et al., 2018; Rai, 2016). The
mechanisms (Section 1.3.2.1) and impacts (Section 1.3.2.2) of this are discussed below.

1.3.2.1 Dry deposition and adherence to plant surfaces

Non-gaseous air pollution takes the form of particles or aggregates. Smaller
particles in the size range 1-2.5 um tend to reside in the atmosphere for a period of days
to weeks (Gugamsetty et al., 2012, Winiger et al., 2016) and are primarily deposited by
impaction (where a particle is unable to follow the streamline of airflow because of an
interposed surface). Larger particles, in the range 2.5-10 um instead reside within the
atmosphere for hours-days and are largely deposited by gravitational settling
(Gugamsetty et al., 2012). When an atmospheric particle is intercepted by a plant
surface, its propensity to adhere depends on key aspects of leaf morphology. Broadleaf
tree species, for example, are less efficient at capturing PM than needle leaf trees due
to a comparatively lower surface area (Chen et al., 2017). In addition, needle leaf trees
tend to have higher wax content in the epidermis which increases PM retention
Steinparzer M., et al., 2023). The orientation of leaves, the number of micron-scale
ridges, and the wax content of the leaf cuticle, also dramatically affect adhesion
(Weerakkody et al., 2018). Rice and wheat are examples of crop plants with large
numbers of micron-scale ridges. Such features likely increase PM retention time, and
reduce particle removal (Yang et al., 2021) by providing a greater surface area for
adhesion and by mechanical trapping of larger agglomerates. Furthermore, such ridges

increase leaf hydrophobicity, reducing PM removal by rainfall.

Deposited PM is removed from the adaxial surface by wind and rainfall. The
intensity of rain or wind required to remove PM can vary dramatically between plant
species and sub-species (2-3x difference depending on type and density of leaf surface
substructures; Wang et al., 2015). Studies regarding this phenomenon mostly focus on
urban trees, used to accumulate PM particles in urban environments, thus removing
them from the atmosphere (e.g., Xu et al., 2019). The large surface area of tree leaves

and their complex, rough surfaces readily retain deposited PM (Han et al 2020). Rainfall
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readily reduces the accumulation of water-soluble particles accumulated on tree leaves
of all species, with rainfall above 15 mm hr * observed to remove virtually all PM
particles from a range of tree species (Xu et al., 2017). Zhou et al., (2020) found that
rainfall above 15 mm hr - removed roughly 80% of accumulated PM in three different
species of wetland grass. However, here the optimum removal intensity was found to be
rainfall of 30 mm hr 1. Interestingly, each of the three studied wetland grasses retained
a different size distribution of PM. This is believed to be due to the microstructure of the
leaf surfaces, with similar results seen in other studies where surface roughness is

closely correlated to particle retention (e.g., Weerakkody et al., 2018).

Wind further reduces PM accumulation. Dust accumulation on the flat surface of

a solar panel is greatly reduced with exposure to wind with a shear velocity greater than
10 m s* (Jiang et al., 2018), with all particles above 1 um in diameter re-suspended in
the atmosphere. Similarly, at windspeeds of 10m s, PM is readily removed from leaf
surfaces (Zheng and Li, 2019). However, at low wind speed, subsurface structures such
as micron-sized surface grooves and leaf hairs, alongside increased stomatal density,
are negatively correlated with particle removal rates (illustrated in Figure 1.2 below). The
overall effects of PM deposition on crop yield, accounting for PM removal by wind or
rain, are highly uncertain. In Chapter 3, a model is created to simulate these effects and

present the first analysis of this phenomenon at regional and global scale.
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Figure 1.2. lllustration of the removal of PM from a leaf surface. A) A leaf with few
adaxial microstructural features does not retain PM when wind blows across its surface
as the adhesion forces are weak. B) A leaf of the same area with more adaxial
microstructural features retains more PM under the same wind. This is due to greater

adhesive forces between deposited PM and the leaf surface.

1.3.2.2 How does PM deposition affect crops?

One patrticularly insightful piece of work on this phenomenon is found in Mina et
al, 2018. This work describes a set of pot trials carried out at the Indian Agricultural
Research Institute (IARI), where two rice varieties were exposed to ambient, reduced,
and enhanced PM concentrations over their growth cycles, and the effects of this
exposure quantified. These pot trials found that continual accumulation from
atmospheric PM (average PM2.5 concentrations of 187 ug m= and PM10
concentrations of 388.5 ug m=) caused significant reductions in yield of two rice strains:
with an average 4% loss of Pusa Basmati and a 7.8% loss of Pusa Sugandh. When
removal of PM by rainfall and wind was limited, these losses increased to 7.5% and
14% respectively. This study conducted detailed analysis of the affected crops,
identifying the main factors contributing to yield loss as PAR blocking, reduced gas
exchange, and leaf temperature increases. The contribution of these effects is also
noted as varying substantially between the two studied rice varieties, with differences in
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leaf surface features altering how readily PM is removed or retained. Leaf hairs and
overall surface area are noted as the main features explaining the volume of PM flux to
and from these surfaces. Similarly, the relative leaf sizes and canopy densities are
noted as affecting micrometeorology surrounding the crops. This influences the velocity

of PM deposition to individual plants.

Crop yield losses occurred because deposited PM physically blocks the
interception of PAR by the adaxis. Similar to the PM indirect effect, deposited aerosol
absorbs and scatters PAR before it can be intercepted by photoreceptors, reducing the
energy available for photosynthesis and carbon fixing. The reduction in photosynthesis
was compounded by the blockage of adaxial stomata - reducing gas exchange and
further slowing photosynthesis. Finally, the deposited layer of PM acts as an insulator,
increasing leaf temperature. Increasing leaf temperature above a crop variety’s
photosynthetic maximum, will slow or halt photosynthesis (Teixeira et al., 2013). In
countries such as India, many crops (for example wheat) are grown at close to the
maximum temperature threshold for existing cultivars of a given species. Thus, Indian
wheat yields are expected to drop by up to 18.1% from 2020 levels by 2050 due to heat
stress (Dubey et al., 2020).

The observations in Mina et al., 2018 are consistent with those made in other
plant species (Naidoo et al 2010 and Saxena et al, 2017) and are illustrated below in

Figure 1.3.
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Figure 1.3. a) Incoming PAR is reflected or absorbed by PM on the adaxis, thus
reducing the amount of PAR available for photosynthesis by the affected plant. b) i)
Under normal circumstances, the plant leaf undergoes gas exchange, with water vapour
evaporating from stomata and carbon dioxide taken into the leaf interior for
photosynthesis. However, ii) if the stomata are blocked this cannot occur, reducing

photosynthesis rates and trapping heat within the leaf interior.

The portion of yield reduction attributable to light interception, stomatal blockage,
and leaf temperature increases varies by location, growing conditions, crop
management practices, and cultivar, as well as by PM composition and size. The
interaction of these variables remains poorly studied. Despite few studies exploring the
intricacies of PM impacts on crop yields, extant literature does demonstrate a sizeable
negative impact from dust deposition, highlighting PAR interception in particular as
contributing to yield losses. As a further example, Hatami et al. (2017; 2018) explored
the impact of desert dust on the yields of cowpea (Vigna unguiculata L.) and wheat
(Triticum aestivum L.), finding reductions in grain yield of up to 13.8% and 35.5%
respectively. These findings are in line with earlier analyses of the impacts of cement
dust on crop yields (Singh et al., 1981; Mishra et al., 1986); where lower yields for
affected crops were reported, and reductions in intercepted light for photosynthesis
posited as the prime cause. Similarly, Naidoo G. and Chirkoot D. (2004) found that coal
dust had a sizeable effect on Mangrove trees (Avicennia marina), with up to a 39%

reduction in net primary production (NPP) for coal dust-coated leaves. The size
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distribution of particles and their composition and optical properties, alongside the
characteristics of the affected plant leaves (e.g., stomatal density, wax content, leaf hair
coverage etc.) are extremely important to the magnitude of the direct effect, and a better
understanding of each of these variables is important to project future impacts from PM
deposition. A thorough exploration of parameter space through computer simulations
could facilitate this. In a global model, all parameterisations of PM effects will, by
necessity, be approximations of the truth at ground-level. However, as long as we are
clear about the limitations of large scale modelling studies, they can play an important
role in illustrating areas for further inquiry and exploration, and allow the various factors
affecting crop yield to be studied in isolation. This dissection promotes greater

understanding, and can highlight areas in need of further in vivo analysis.

One existing modelling study of particular importance for this thesis was
conducted in Bergin et al (2001). This study provides insight into the impacts of the
direct effect in an agriculturally important region of China, the Yangtze River Delta.
Though a simplistic model (using fixed values for leaf area of simulated crops, a fixed
rate of dry deposition from a constant concentration of PM, and ignoring PM removal by
wind or rain), this work provides a mathematical framework for describing the effects of
deposited PM on PAR transmittance to affected plants. This work estimates a reduction
in PAR availability of ~35% for plants in the Yangtze River Delta using a subset of key
aerosol parameters. Despite its limitations, and lack of verification in vivo, the
mathematical underpinnings of this model have been used to calculate reductions in
transmitted PAR attributable to deposited PM in a number of publications (Bergin et al.,
2017, Li et al., 2020), and provide a mathematical framework on which further study of
PM deposition effects can be based.

Possibly the most important effect absent from the Bergin et al. model is PM
removal. In Mina et al. (2018), experiments were conducted with either ambient rainfall,
enhanced PM removal through leaf washing, or the physical blocking of PM removal.
When rain was excluded, yield loss more than doubled from 7% to 15%. Conversely,

enhanced rainfall meant losses could be as low as 4%. In Chapter 3, Bergin’s model is
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adapted to work in a multi-layer crop canopy model with the inclusion of PM removal by
wind and rain. This model is then used to recreate the PM deposition associated yield
losses seen in Mina et al (2018), providing a first estimate of global yield losses
attributable to existing PM deposition for rice, maize, and wheat. Regional studies are
then conducted for China and India to further elaborate present, and potential future,

food supply disruption owing to PM deposition.
1.4 Examples of PM sources and distribution in China and India

Northern China and Central India are particularly important areas for studying
the effects of PM pollution on agricultural activity. Each of these regions contain vital
agricultural centres (the North China Plain (NCP), and Indo-Gangetic Plain (IGP),
respectively), and have amongst the highest average PM concentrations in the world
(average of 108 ug m for Beijing city region (Zhai et al., 2019), average of 66 pg m= on
the IGP (Das, Manob, et al., 2021)). Even greater PM levels are seen at specific sites
within these regions. For example, annual average PM2.5 concentrations of 135 pug m
were observed in Delhi in 2020 (Singh et al., 2021). By comparison, the average PM
concentration in New York was only 12.3 ug m for the period 2005-2016 (Peltier et al.,
2011)). The crop growing areas of China and India are some of the most polluted crop-
growing areas in the world, with substantially higher PM pollution than those in Europe
or North America (e.g., Nebraska, USA has an average PM2.5 concentrations circa 43
ug m3 (Statista, 2023)).

PM on the NCP and IGP is generated from a wide array of large point and area
sources, particularly transportation infrastructure, energy production, and fertiliser usage
(Turpin and Huntzicker, 1991; Yu et al., 2004). Transportation and fossil fuel-based
energy production generate large quantities of SOx and NOx which are converted to
secondary sulphate and nitrate aerosols, as well as primary PM (predominantly black

carbon (BC) and organic carbon (OC)).

The airborne concentration of these pollutants, whilst important, only partially

explain the impacts of PM on crop yields. As discussed above, the direct effect relies
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upon the flux of these particulates to the surface, i.e., the rate at which the particles are
deposited. This is illustrated in Fig. 1.4 below, which shows the flux rate for these
particles in mg m2hfor bulk PM across the NCP (panel a) and IGP (panel b)
(discussed below in 1.4.1 and 1.4.2).
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Figure 1.4. lllustrations of the (a) Chinese and (b) Indian model domains used
throughout this thesis, with cropped area highlighted in green, and average pm flux to
the surface for crop growing seasons between 2015-2020 (mg m? h'*) shown as orange

contours.
1.4.1 China

China, particularly the North China Plain (NCP) area, is illustrative of the key
contributors to regional PM emissions. PM on the NCP is concentrated along a corridor
from Beijing and Shanghai (Turpin and Huntzicker, 1991; Yu et al., 2004). Coal power
plants have proliferated in this region, producing large quantities of PM (Riuli W. et al.,
2019), and acting as major air pollution point sources (Li et al., 2021). These are still
relied upon for a majority of Chinese power production, with coal contributing over
57.7% of total energy generation in 2019 (China Statistical Yearbook, 2020), and
producing over 23% of all PM (Hua et al., 2016). China’s 14th Five Year Plan, unveiled
in 2021, included a plan to build and operate at least 100 additional coal plants in the
2020s. Whilst legislation adopted in 2014 has meant that PM emissions from coal plants

reduced by 72% between 2014 and 2019 (Tang et al., 2019), adding substantial
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numbers of new coal plants will offset these improvements to air quality and worsen

regional air pollution.

The PM produced by coal plants is highly heterogeneous in size, varying from
large composite particles above 10 um in diameter, to small soot particles less than 1
pm in diameter (Zhao et al., 2008; Lu, Zhang & Streets, 2011). The chemical makeup
however is more homogeneous, with BC (Yang and Chen, 2017) and organic carbon
particles making up the bulk of the emitted PM. BC, as stated in Section 1.2.1, is highly
light absorbing. Whilst organic carbon is generally more reflective and less light
absorbing, organic carbon emitted from coal plants contains a large proportion of brown
carbon which is highly light absorbing (Government of the Republic of China, Ministry of
Energy, 2012; Yuan et al., 2018). Coal plants are thus a primary source of PAR-
absorbing PM patrticles.

Industrial emissions are also major polluters in the NCP region (Rohde and
Muller, 2015), owing to the large regional population and consequent economic activity.
Whilst developing technologies have reduced the PM emissions from cement production
over recent years (50% reductions in PM2.5 produced per kilo of cement between 2010
and 2015 (Liu et al. 2021)) this pollution still contributes significantly to the total
atmospheric load of PM across China. In China, cement production is a particularly
important industrial source of PM, being responsible for 14% of all PM2.5 emissions
across the country in 2010 (Zhang et al., 2016; Zhu et al., 2018). One recent study
found that cement dust constituted nearly 10% of all PM pollution during springtime in
southwestern China (Shi et al., 2021). Together with reducing PAR reaching the surface
(Hueglin et al., 2005; Din, Yahya, and Abdullah, 2013), cement dust also contains heavy
metals such as lead and cadmium (Penner 1994). Whilst less important in terms of PAR
interception, these are extremely detrimental to health outcomes in the immediate
vicinity of their production (Wang et al., 2018). Such pollution has previously been

shown to dramatically reduce food quality and supply (Qin et al., 2021).
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Vehicular exhausts are a similarly significant contributor to PM pollution
throughout China (Chen et al., 2009). This is particularly relevant within the Jing-Jin-Ji
metropolitan region of the NCP, which includes the megacities of Beijing and Tianjin,
and the Hebei region. Greater urbanisation and wealth have necessitated and facilitated
increased private vehicle ownership (Yang et al., 2017). Across China, exhaust
emissions were reported to account for 12-36% of total NOy emissions, 10.7% of PM10
and 16.8% of PM2.5 in 2011 (Zhang et al., 2016; Zhu et al., 2018), a problem which
continues into the present, with the average amount of each pollutant emitted per
vehicle remaining near constant between 2011 and 2019 (Wang et al., 2019, Song et
al., 2019). The number of personal transportation vehicles and industrial goods vehicles
has continued to increase to the present day. Particularly important is the expanding
fleet of Chinese heavy duty diesel vehicles currently in use, which contribute
significantly to PM emissions, particularly in urban environments (81.92% of emissions
in Tianjin, (Song et al., 2018)).

Agricultural and rural regions also contribute to total PM, particularly through
fertiliser spraying which generates ammonium (NH4+) ions. This contributes to both
primary and secondary aerosol load in the region through reaction of ammonium with
organic carbon, driving the formation of secondary organic nitrate aerosol
(Schuhmacher, Domingo and Garreta, 2004; Gupta et al., 2012; Abril et al., 2014). The
co-location of ammonium emissions with large-scale biomass burning during crop
residue combustion further favours the formation of this type of PM. In the winter of
2015, organic carbon accounted for up to 45% of the total PM load in the Beijing-Tianjin-
Hebei region, with biomass burning contributing 25% of this total (Wang, Y., et al.,
2019). Given that biomass burning is carried out largely in the autumn (Kecorius et al.,
2017), this burning has little effect on crops grown early in the season. However, crops
like winter wheat, which are sown at this stage, may be affected by this nitrogenous PM

pollution.

The final key source of PM in China with an anthropogenic component is mineral

dust (Zhang et al., 2010). In East and Northeast China, this is the largest individual
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component of PM larger than 2.5 um (Shen, et al., 2011). Though dust pollution would
occur without human intervention, a proportion of mineral dust arises from land use
change which drives desertification, increasing opportunities for mineral dust
aerosolisation. This dust is predominantly 10 um in diameter or larger (Meng et al.,
2018), rapidly deposited, and has high albedo. Whilst the high albedo leads to a
sizeable light scattering effect, this is highly localised given the rapid deposition of such
large PM patrticles (Yao et al., 2016; Li et al., 2019).

Taken together, we see a substantial baseline atmospheric PM load with
seasonal variations and spikes driven both by anthropogenic and meteorological effects.
PM concentrations peak during the winter when additional energy demand necessitates
increased coal plant usage, and are lowest during the summer months when heating
based energy demands are the lowest (Xu, J., et al., 2019). Interestingly, however,
aerosol optical depth (AOD — a measure of solar beam extinction by dust and haze) is
the highest during summer months. This is attributed to the strong hygroscopic growth
of aerosol molecules in high humidity — whereby particles agglomerate into larger
molecules with higher water content that are more reflective and backscatter light more
effectively. This means that AOD generally peaks during the peak development
windows for local maize, rice, and spring wheat crops (see Chapter 4, Figure 4.3). The
reduction in light availability may substantially impact on crop growth during this period.
Conversely, the hygroscopic growth of PM particles during the summer months can be
primarily attributed to seasonal monsoon weather patterns. The increased rainfall during
these months may also trigger the removal of deposited PM (as discussed above in
1.3.2), and thereby reduce the overall impact of PM. The studies within this thesis seek
to further elucidate the relationship between the indirect and direct effects of PM on

crops, and how these change under different environmental conditions.

To conclude, over China we see a complex set of interacting PM sources, with
BC and brown carbon from fossil fuel combustion being the greatest contributors to
reduced surface radiation. Conversely, anthropogenic organic carbon, SOA, nitrates,
and sulphates act to form scattering aerosols that increase the proportion of diffuse light.
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Understanding the balance of these emissions and effects is therefore critical to
estimating the total effect of PM on PAR availability for photosynthesis in this critical
growing region. This is studied in further depth in Chapter 2.

1.4.2 India

The Indo Gangetic Plain (IGP) produces 60% of all of India’s grainstuff (Indian
Council of Agricultural Research). This highly significant region also boasts the highest
PM pollution in the Indian Subcontinent, with average PM concentrations in IGP cities
greater than 65 pug m=in early 2020, just prior to the Covid-19 pandemic (Das, Manob et
al 2021). Fossil fuel usage in India is rapidly increasing, and over recent years has
become more tightly coupled to the country’s economic growth (Chandran Govindaraju
and Tang, 2013; Steckel, Edenhofer and Jakob, 2015). As increasing numbers of power
plants are constructed, the lack of restrictions on coal burning on the IGP proximal to the
Indian capital of Delhi (Sreenivas and Bhosale, 2013) has contributed to increasing PM

concentrations in and around the city.

The pollutant plume across the IGP is generated primarily by the cities within it,
and pollution is particularly severe during the winter months, when winter wheat is
grown locally, due to the increased heating demand for residential and commercial
buildings (Deshmukh, Deb & Mkoma, 2013). Local industrial and energy sectors (10-
60% of total PM) alongside local transportation networks (40-50% of total plume) (Jat
and Gurjar et al., 2021) contribute the bulk of PM pollution. In Delhi, a majority of
vehicular emissions are attributable to heavy-duty goods and trade vehicles (Nagpure et
al., 2016), with 57% of vehicular PM attributable to these large vehicles (Jain et al.,
2016). The Delhi pollutant plume is particularly important, contributing 40-150 ug m of
total local PM (Jat and Gurjar 2021).

Since 2001, the proportion of PM10 generated directly by vehicular exhaust

emissions has decreased to 14-34%. In parallel, the proportion of vehicular emissions
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generated by non-exhaust emissions such as road dust and brake and tyre wear has
increased, and now accounts for up to 86% of all PM10 emitted by vehicular activity.
This PM likely impacts PAR intensity over the IGP crop growing region, and deposition
to crops will likely dramatically limit photosynthesis rates (Hatami et al., 2017). Changes
to PM particle source and species over this period may alter the magnitude of this
impact — for example, reductions in BC may reduce the amount of PAR absorbed by

deposited PM particles.

Agricultural emissions, particularly biomass burning, also contribute to regional
PM pollution. These are intermittent events rather than a continuous source of
emissions throughout the year, but can create a vast quantity of pollution. For example,
a study in Punjab found that biomass burning more than doubled PM concentrations in
the area during the autumn months (Singh et al., 2021). These emissions can contribute
up to 55% of total PM across the wider IGP during crop residue burning seasons (Ojha
et al. 2020). This season primarily takes place across the months of September and
October, with winter wheat typically the first grain harvested (lizumi et al. 2019). This
likely means that biomass burning occurs during the reproductive phase of rice and

maize, with associated PM pollution potentially affecting their yields.

It should also be noted, however, that crop burning predominantly occurs
immediately post-monsoon (Sembhi, H., et al., 2020). This annual meteorological
feature greatly reduces airborne PM concentrations, acting as one of the prime drivers
of intra-annual variation in PM concentration (Sen et al. 2017). The monsoon primarily
affects the concentrations of PM10, where ambient PM10 concentrations drop by ~68
ug m3. Conversely, changes to PM2.5 concentration are negligible (Mehmood et al.,
2020). Conversely, increased fuel burning during the winter, when atmospheric
conditions are stagnant and the planetary boundary layer is lower, result in a roughly
doubled ratio of PM2.5 to PM10 compared to summer months (Sen et al. 2017, Mogno
et al., 2021), and overall, substantially higher PM concentrations (~143 pug m=).
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Previous research has suggested that environmental perturbations may have the
most impact on crop yields during their early reproductive stage, i.e., during some of the
highest pollution periods on the IGP. The same magnitude of water stress, for example,
was found to be significantly more impactful on rice and wheat yields during flowering
than during the crop’s vegetative development stage (Farooq et al., 2014; Pinto et al.,
2020). Extreme heat is also found to be more impactful during flowering in the early
reproductive phase, with wheat yields reduced by up to 45% after exposure, whilst
losses were reported to be negligible if the same perturbation was applied later during
the reproductive phase (Wollenweber et al., 2003). One pot trial found that combined
heat and drought stress during the early wheat reproductive phase was found to reduce
yields by 62% more than the same perturbation applied 21 days later (during the late
reproductive phase) (Pradhan et al., 2012). The timing of PM associated light
perturbations relative to crop development state are discussed throughout this thesis,
with model simulation presented here in Chapter 2 (Wolffe et al., 2021) suggesting a
greater impact from PM stress on crop yields if it occurs in the early reproductive phase.
Chapter 3 examine this same phenomenon for PM deposition, and the work in Chapter
4 is dedicated to establishing the extent and causes of this effect through a range of

crop modelling simulations.

1.5 Crop modelling

Crop modelling simulates a crop growth cycle in silica, and facilitates a range of
experiments, in scale and type, that can be challenging to replicate in the real world.
These can then be used to broaden our understanding of a field of study and inform in

Vivo experimentation.

The Joint UK Environment Simulator (JULES) is a standalone land surface
model that forms part of the UK Earth System Modelling Project (UKESM). In

standalone mode, it simulates processes at the surface when given meteorological
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input. Since 2015, JULES has included a dedicated crop model, viz. JULES-crop
(Osborne et al., 2015). This model includes four cereal crops (wheat, soya, maize, and
rice), the mathematical descriptions of which have each been developed over the

intervening years to various degrees (Williams et al., 2017, Mathison et al., 2021).

To be able to calculate crop carbon content in each carbon pool, the model
requires a range of meteorological inputs - the most important of these are temperature,
short wave radiation, the diffuse fraction of short-wave radiation, and precipitation.

Short wave radiation, combined with soil moisture (a function of precipitation and
retained soil moisture from previous prescribed levels or precipitation events) is the
main driver of crop size. For global simulations, both values are most often derived from
reanalysis datasets — generated from a combination of observational data and infilling
with machine learning and simulated data. Whilst this provides the necessary scale of
data to generate global projections, it does contain a range of uncertainties that should
caution against overinterpretation of results. Data from reanalysis models is only as
strong as the machine learning models and simulations which complete in-filling, and
these can show small or large deviations against observations - particularly in high
resolution work. For example, ERA-5, a well-regarded reanalysis dataset, systematically
overestimates the diffuse fraction of shortwave radiation over central China (Jiang et al.,
2020).

Shortwave radiation, diffuse fraction, and water availability are used to determine
photosynthetic rate, which drives carbon fixation. This model is coupled to a stomatal
conductance scheme that represents leaf level transpiration. It should be noted that the
canopy photosynthesis model in JULES is extrapolated from leaf level photosynthesis
dynamics, then scaled up to whole canopy level. A fixed number of canopy levels can
then be specified which interacts with sunfleck penetration (Clark et al., 2011). This is
not necessarily reflective of reality, where plant canopies are complex and dynamic
structures, but is a necessary simplification to enable large-scale simulations without

undue resource requirements.
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In JULES-crop, carbon allocation is primarily determined by crop development
state, and crop plants develop through a number of stages. These stages are defined
within the JULES model via the variable DVI, a measure of crop development, which
has a scale running from -2 to +2. A DVI of 0 corresponds to the emergence of the crop.
Between 0 and 1, a crop is in the vegetative development stage, corresponding to the
period of crop development when fixed carbon is allocated to expansion and growth of
leaf, stem, and root components. Between a DVI of 1 and 2, a crop is in its reproductive
phase when carbon stores are remobilised, and GPP is dedicated to producing the
harvestable fraction of the crop. These stages can be further subdivided into early
vegetative (DVI = 0.0-0.5), late vegetative (DVI = 0.5-1.0), early reproductive (DVI = 1.0-
1.5) and late reproductive (DVI = 1.5-2.0) phases. When a crop is parameterised, it has
a prescribed number of degree days required to move from DVI 0 to 1, and from 1 to 2.
Temperature is used to calculate degree days as the model timestep is iterated, and
therefore functions as the prime driver of crop development stage. The model captures
reality well for large-scale vegetation dynamics, enabling projections of future vegetation
responses to temperature changes (e.g., Oliver R, J., et al., 2022).

The length of time each crop resides within a given development stage is based
upon unique crop parameters first parameterised in Osborne et al., 2015, and reflects
the differing carbon allocation of the programmed species in in vivo studies. Carbon is
allocated to five carbon pools: leaf carbon, stem carbon, stem reserve carbon, root
carbon and harvestable carbon. A crops parameterisation within JULES dictates what
proportion of accumulated carbon is apportioned to each of these pools for a given DVI,
for example spring wheat will have different portions of carbon allocated to each pool at
a given DVI to simulated rice. Whilst these are parameterised based on literature values
for carbon accumulation (Osborne, et al., 2015), there is natural variation in the
response of crop varieties to these stimuli even within the same species, as was seen in
the Mina et al 2018 study discussed in 1.3.2.2. Similarly, crops within JULES are

planted with fixed planting densities and canopy distributions over vast geographical
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areas. This is not necessarily reflective of reality, and illustrates why in silico studies
should be backed by robust observational evidence.

JULES-crop has both strengths and weaknesses as a global crop model.
Osborne et al. 2015 demonstrates that whilst absolute yield is not always accurate
across all crops, interannual variability for maize and rice is well-captured. In particular,
Indian rice accurately reflects in vivo responses to interannual variations in meteorology.
Of the crops examined within this thesis, wheat captures changes in interannual
variability least accurately.

Williams et al., 2015, examined the major sources of interannual yield variability
within JULES-crop for maize, looking to characterise how simulated crops respond to
changes in different environmental stimuli. Changing temperature, precipitation and
shortwave radiation whilst leaving all other driving variables constant captures a majority
of interannual variation in the model, but precipitation and temperature alone do not.
The response of interannual variability in carbon fixation has, however, been
substantially tuned since Williams et al., 2015 was published, with recent work from
Oliver R. J., et al., 2022 demonstrating an accurate vegetative response to temperature
fluctuations which can be used to project the effects of future climate change on global

plant growth.

The relative strength of JULES-crop in predicting interannual variability facilitates
it's use in projecting yield outcomes for the changing light conditions associated with PM
pollution (see 1.3.1 above). However, at time of writing, JULES-crop has no facility for
simulating the direct effects of PM (see 1.3.2 above). As is discussed below in 1.6, all
simulations within this thesis are conducted with a custom branch of JULES-crop, and a
number of additions and developments are made to the model to simulate the direct
effects of PM.

1.6 Aims of this thesis
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This PhD aims to fill a number of knowledge gaps, identified above, surrounding
the effects of particulate matter on crops across the globe. Particular focus is paid to
China and India, where high levels of historic and current air pollution are found in these

country’s crop producing regions. The key aims for this thesis are to:

1. Establish the relative effects of PM mediated diffuse light fertilisation effect and
reduced total surface irradiance on crop yields.

2. Identify the extent to which PM deposited to crop leaves affects global crop
yields.

3. Explain how the interplay of pollutant intensity and pollutant timing within a crop

development cycle affect final crop yield.

Chapter 2 of this thesis presents a detailed model-based analysis of the changes
in maize yield on the North China Plain given the relationship between aerosol optical
depth, PAR intensity, and the proportion of diffuse light. Comparable locations in other
world regions which feature large urban agglomerations but have lower aerosol pollution
are found to have distributions of direct and diffuse light more beneficial to maize
growth, producing greater crop yields. These light profile comparisons strongly indicate
that PM over the NCP acts to reduce regional crop yields. Through this work, we work
toward aim 1 outlined above, showing that over China, the diffuse light fertilisation effect
of PM is outweighed by reductions in PAR. We also indicate that the timing of PM
emissions within the crop development cycle is important to the final outcome for yields,

contributing towards aim 3.

Chapter 3 describes what are, to the best of my knowledge, the first global
simulations of the effects of PM deposition on cereal crop yields. | simulate the extent of
crop losses attributable to PM deposition globally from 2015-2020, and explore the
potential effects of increasing PM concentrations on future yields. Detailed regional
analyses of the North China Plain and Northern India (focusing on the Indo-Gangetic
Plain) describe the uncertainties in these simulations, and demonstrate the importance

of PM composition for the scale of this effect. This work completes aim 2, identifying that
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whilst the global effects of deposited PM on cereal crop yields are small (~1% yield
losses), the regional and site level effects can be an order of magnitude greater. Again,
we find the timing of PM deposition to be associated with yield outcomes, leading

towards aim 3.

Chapter 4 builds on the novel work presented in Chapters 2 and 3, in which the
timing of PM pollution relative to crop development status was highlighted as a key
driver of yield reductions. Here the effects of a range of environmental perturbations on
crop yield across India are simulated. The time-dependence of crop response to PM
pollution is assessed and analysed to systematically address aim 3.

Chapter 5 highlights the major findings of Chapters 2 to 4, discusses the
limitations of this work, and identifies the most pressing questions remaining around the
effects of PM pollution on global food production. The future work needed to address

and reduce remaining uncertainty is then described.
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Abstract

The North China Plain (NCP) is a major agricultural region, producing 45% of
China's maize. It is also vital to the Chinese economy, encompassing the Beijing-
Tianjin-Hebei megacity region. Anthropogenic factors increasingly impact crop yields on
the NCP, and globally. Particulate matter (PM) pollution is a significant problem in this
region, where annual average PM concentrations over three times the Chinese national
air quality standard were recorded for the Beijing-Tianjin-Hebei megacity region
between 2013 and 18. PM absorbs light, reducing total shortwave radiation (SW),
thereby limiting plant productivity. However, PM also scatters incoming SW, increasing

the diffuse fraction, which has been shown to increase growth and biomass assimilation.

The Joint UK Land Environment Simulator (JULES) crop model was used to
assess the net impact of these competing changes in light on NCP maize yields. In
contrast to some previous analyses, we find that PM-associated decreases in SW
outweigh any positive impact on yield from an increasing proportion of diffuse radiation.

Furthermore, carbon allocation to different portions of the growing crop changes
during the development cycle. We find significant differences between the effect on final
yield of identical changes to diffuse fraction and total SW occurring during different
development stages. The greatest simulated yield gains from increased SW and
reduced diffuse fraction, consistent with reductions in PM, are observed during the early
reproductive stage of development (July—August), when the simulated gain of yield is as
much as 12.9% more than in other periods.

To further assess the impact of PM-linked changes in SW and diffuse fraction on
NCP crop yields, radiation profiles from different city regions were then applied across
the NCP. The changes in SW associated with these city regions could increase maize
yields across China by ~8 Mt, or 3% of total yields. This would completely offset China's

annual maize imports, increasing both national and global food security.
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2.1 Introduction

The North China Plain (NCP) is China's largest agricultural region, accounting
for 61% of the country's wheat and 45% of its maize production (National Bureau of
Statistics of China, 2008). Today China is a major importer of wheat and maize
(FAOSTAT, 2020). Increasing production in the NCP is therefore not only important for
local farm economies, but also in reducing pressures on world grain markets. Maize
production has risen twelvefold in the NCP over the last 6 decades(Li, 2009) and maize
now comprises China's most important feedstock for livestock production (Shihuang and
Kaijian, 2010).

Since the 1980s, climate change has begun to impact maize and wheat yields
due to rising average temperature, only ameliorated by adoption of new crop varieties
and better agronomic practices by producers (Liu et al., 2010, Han et al., 2018). The
NCP includes the megacity region of Beijing-Tianjin-Hebei. Air pollution resulting from
transportation, energy generation and industry in these major populations centres is
known to affect crop yields (Feng et al., 2015; Masutomi et al., 2018). One important
component of air pollution is particulate matter (PM), which persists at high
concentrations over the NCP. Annual average concentrations of PM2.5, i.e., particles
with diameter < 2.5 um, of 108 + 34 ug m- were recorded in Beijing-Tianjin-Hebei for
2013-18 (Zhai et al., 2019). This far exceeds the international and national air quality
guidelines for an average mean concentration of 10 ug/m- (WHO, 2015) and 35 ug/m-=
(China: Air Quality Standards | Transport Policy, 2013) respectively. Such high levels of
PM2.5 strongly affect both the intensity of short-wave (SW) radiation and the ratio of
diffuse to direct SW radiation reaching the Earth's surface. PM occurs at high
concentrations, not just in the NCP, but in many key crop growing regions around the
world, particularly in developing nations. For example, the Indo-Gangetic Plain produces
~50% of India's food (Dhillon et al., 2010; Timsina, 2012). However, PM pollution in this
region can reach 100 ug m- (Ojha et al., 2020), and is predicted to significantly reduce

crop yields (Mina et al., 2018). The global nature of PM pollution, and its ubiquity and
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increase in key areas of global crop production has implications for global food security,
making it critical to better quantify its impacts on crop yields.

PM is a heterogeneous mix of airborne particles, with highly variable chemical
and physical properties. The particle composition, size distribution and altitude of
aerosol govern how it interacts with SW radiation. For example, highly light absorbing
particles, such as soot and black carbon from combustion of coal for heat in the winter,
directly reduce total SW levels at the Earth's surface (Moosmdller et al., 2009; Cohan et
al., 2002).

For well managed and watered crops, there is a linear relationship between
absorbed SW radiation and crop biomass accumulation (Monteith, 1977; Dohleman and
Long, 2009); any reduction in incoming SW will therefore lower production. Reductions,
such as those caused by PM, are exacerbated in so-called haze events, where
atmospheric inversion results in an accumulation of pollutant at low altitude, strongly
reducing surface SW (Aziz et al., 2019). Such haze events are a key cause of reduced
visibility and surface SW in the North China Plains (An et al., 2019; Han et al., 2012;
Guo et al., 2014). Although most common in December and January 5-6 haze days per
month are also observed from April to September, the main period of maize production
(Chen and Wang, 2015).

Other PM aerosol components such as sulphate are more reflective
(Ramanathan et al., 2001), scattering light instead of absorbing it. Intercepted light may
be scattered in all directions by PM, both reducing SW reaching the surface and altering
its angular distribution, increasing the proportion which is diffuse (Huang et al., 2014a,
Huang et al., 2014b). Well-managed crops will typically form about a dense canopy of
5—-7 m: of leaves per m: of ground. Direct beam sunlight is therefore largely intercepted
by the uppermost leaves of crop plants, with most leaves below in shade (Wickens and
Horn, 1972). In full sunlight, upper leaves intercept more light than they can use in
photosynthesis, while photosynthesis is light-limited in the lower canopy (Ort et al.,

2015). Diffuse SW reaches the surface from all angles of the hemisphere, enabling it to
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penetrate deeper into crop canopies and allowing increased photosynthesis by the light-
limited lower leaves. This more even distribution of radiation through the canopy under
high levels of diffuse light reduces the risk of oversaturation and thus photo-inhibition in
the upper canopy. This redistribution of light to other canopy layers increases radiation
use efficiency (RUE) for the plant overall, improving the rates of carbon fixation, net
canopy photosynthesis, and hence, gross primary production (GPP) in forest
ecosystems (Roderick et al., 2001; Niyogi et al., 2004; Kanniah et al., 2012; Rap et al.,
2015) and is known as “diffuse light fertilisation” (Gu et al., 2002).

Variations in PM composition mean that changes in PM concentration do not
strictly map to changes in surface radiation. This is compounded by variations in PM
size distribution and meteorology which further affect how PM interacts with incoming
radiation. Evidence for this can be seen in the widely fluctuating PM concentration over
the year on the NCP. As PM concentration increases during the winter and declines in
the summer, one would perhaps expect a relatively simple relationship where increased
PM concentration directly maps to reduced radiation intensity at the earth's surface.
However, aerosol optical depth (AOD), a key measure of the impact of total column
aerosol on incoming radiation, peaks instead in late summer (Qu et al., 2016) due to the
prevailing meteorological conditions at that time of year. Furthermore, in winter, PM
composition becomes increasingly black and organic carbon heavy, as combustion-
based power stations increasingly burn coal to provide heating during the winter
months. This provides a marked difference in PM composition profile to the summer
months when highly reflective nitrate aerosols dominate (Qu et al., 2016), leading to
different impacts on surface SW. These factors limit the power of PM concentration

alone to explain changes in surface radiation.

Field studies have previously evidenced a positive impact from diffuse light on
forest gross primary production. For example, Strada et al., 2015, describe a 13%
increase in forest GPP and a 17% increase in cropland GPP under high AOD
conditions. Niyogi et al 2004 observed similar, although with the caveat that grassland

appeared to suffer a reduction in productivity under high aerosol loads. This has been
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replicated in other experimental (Alton et al., 2007; Gu et al., 2002; Cheng et al., 2015;
Li and Yang, 2015).) and modelling (Mercado et al., 2009; Rap et al., 2015; Roderick et
al., 2001; Xie et al., 2020) studies, providing strong evidence to support an increase in
forest productivity, through increased surface diffuse light levels. A smaller number of
studies suggest a similar result for crops ( However, the magnitude of the benefit from
enhanced diffuse light in croplands is disputed. While some studies suggest increased
diffuse fraction due to air pollution increases gross primary production of crops (Cheng
et al., 2015; Gu et al., 2002; Wang et al., 2015), others have found a reduction in yields
(Alton, 2008; Strada et al., 2015). Greenwald et al. (2006), for example, predicted that
crop yields may be reduced in a number of locations worldwide due to reductions in total
radiation offsetting gains in RUE from a higher diffuse fraction.

A range of factors may account for the varying results in the studies outlined
above, and these merit further investigation. One example is that the timing of changes
in total SW and diffuse fraction relative to crop development stage may impact yields.
Crops progress through a series of characteristic developmental stages; from sowing to
vegetative growth, to seed filling to harvest, with carbon allocated in different proportions
to different plant functions at each stage. Hence interventions to curb pollution, including

PM, may be more or less impactful at different times within the crop life cycle.

Here, the Joint UK Land Environment Simulator-crop (JULES-crop) model is
used to explore the effect of PM-mediated changes in light on maize yields across the
NCP, and the sensitivity of the crops to the timing of these changes. As discussed
above, the interaction of PM with surface radiation is complex, with concentration,
composition, and size distribution of the heterogenous mixture of PM particles all
contributing to the eventual impacts of PM on surface SW. We therefore study the
effects of changes in radiation directly, rather than considering fixed changes in PM
concentration to determine how PM-associated changes in total magnitude and

temporal variability of SW (light intensity) and diffuse fraction affect maize yields.
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Novelly, we conduct a range of sensitivity tests to explore the response of
simulated maize yield to changes in total and diffuse SW, such as could result from
policy interventions to reduce PM, at different crop development stages. This facilitates
understanding of how PM pollution affects yield differently when it occurs at different
development stages of our modelled crop. We then use time series of total SW and
diffuse fraction from other large global cities with differing PM pollution to investigate the
impacts of potential reductions in PM in the Beijing-Tianjin-Hebei region. Measurements
of aerosol optical depth (AOD) and total cloud cover are then used to demonstrate that
changes in diffuse fraction and total SW are linked to changes in PM. Furthermore,
whilst previous authors (e.g., Greenwald et al., 2006) have focused on cloud interactions
with light, we use an average climatology to remove interannual variation in cloud cover,
allowing us to focus on the influence of PM under more stable cloud conditions. We
achieve this by manipulating SW and diffuse fraction, which we have shown to be
strongly linked to aerosol optical depth and therefore PM pollution in this region.

This paper therefore aims to explore how radiation profiles associated with levels
of PM found in other city regions may affect crop yields on the NCP, and to establish
how targeted reductions in PM must take account of the crop life cycle to achieve
improvements in yield. Exploration of the developmental state dependence of crop
responses to PM linked radiation changes is key to ameliorating the impacts of PM on

crop production.
2.2 Materials and Methods
2.2.1 Model Set-up

JULES-crop has been demonstrated to accurately simulate maize yields at
several well-characterized sites in the USA (Williams et al., 2017), although it has not
previously been tested in the NCP. The study domain (31.0°N, 113.0°E to 43.0°N,
123.0°E) spans a majority of the NCP including the Beijing-Tianjin-Hebei region. The
MODIS AQUA-TERRA land cover product MCD12C1 was used to determine the
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cropped area of the NCP, which we assumed to be entirely given over to the major
summer crop of this region, maize. JULES-crop, within the Joint UK Land Environment
Simulator (JULES) model version 5.3 was used to simulate yields across the cropped
area (Best et al., 2011; Clark et al., 2011; Osborne et al., 2015). We used the JULES-
crop maize parameterization (Williams et al., 2017) with sowing dates taken from Sacks
et al. (2010). Crops were assumed to be well irrigated in all simulations. Following the
methodologies of Osborne et al. (2015), Williams et al. (2017) and Kimball et al., 2019,
we convert the carbon allocated to the harvestable portion of the simulated maize crop
to yield (dry t ha+) .

Meteorological data of SW, downward long wave radiation, 2-m air temperature,
precipitation, specific humidity, surface pressure and wind speed were taken from ERA-
5 (European Reanalysis 5th Generation) for 1981-2017 at an hourly timestep and 0.25°
spatial resolution (Copernicus Climate Change Service (C3S), 2017). Diffuse radiation
was calculated for each grid cell as the difference between the total and the direct
incoming SW radiation at the surface as given by ERA-5. Just over 45% the grid-cells in
the domain were assigned as maize using MODIS-terra land fraction products as given
by ERA-5.

2.2.2 BASE simulation

A climatological average driving dataset was obtained by calculating the mean of
each meteorological variable of the ERA-5 driving data at an hourly timestep for each
grid cell for 1981-2017. This was used to generate our baseline simulation (BASE) of
maize production across the region. This average climatology reduces interannual
variability in SW and diffuse fraction, and allows us to focus on average variations in SW
and diffuse fraction and their relationship with one another. Perturbations are thereby
compared to a more stable average baseline. Linear and multi-linear regression were
used to derive the relationships between simulated yields and meteorological variables,
and determine the relationships of diffuse fraction and total SW radiation with one

another and with simulated yield.
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To assess whether increased diffuse fraction increases maize yield across the
NCP independent of changes in SW (as seen in previous studies; Rap et al., 2015;
Roderick et al., 2001; Wickens and Horn, 1972), sensitivity tests were conducted in
which the diffuse fraction was set to a constant value throughout the year, ranging from
Oand 1, in increments of 0.1. The above sensitivity tests and baseline results were used
to generate relationships between total SW, diffuse fraction, and maize yield. These

calculated relationships (Fig. 1) greatly informed the experiments detailed below.
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Figure 2.1. i) Maize yield versus BASE average hourly SW in grid cells with saturated soil, ii) BASE average hourly diffuse fraction vs
yield in saturated soil grid cells iif) BASE SW vs diffuse fraction.
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2.2.3 Driving Factors for Changes in SW and Diffuse Radiation

PM acts on incoming radiation in numerous and complex ways. Changes in
concentration alone cannot be used as predictors of changes in radiation. Instead, the
influence of PM speciation, size distribution, hygroscopicity and altitude, as well as
meteorology must be considered both individually and in combination. Aerosol Optical
Depth (AOD) on the other hand, has been demonstrated to be strongly linked to PM
concentration (van Donkelaar et al., 2006), whilst also incorporating the interaction of
PM and meteorology, thus providing a better indicator of the net impact of PM on
surface radiation where concentration alone may lead to erroneous conclusions (Qu et
al., 2016). AOD provides a measure of total column PM and its impact upon surface
radiation (van Donkelaar et al., 2013; Just et al., 2015; Qu et al., 2016; Qin et al., 2018).
Least squares multilinear regression was applied (using the SKLearn python toolkit
version 0.23.2) to AOD and total cloud cover (TCC), taken from the C3S meteorological
datasets, to assess whether observed changes in SW and diffuse fraction on the NCP
are driven by PM, cloud, or both. The inclusion of TCC accounts for the impacts of PM
on cloud formation, important given the contribution made by PM to cloud condensation,
and thereby indirectly on incoming radiation. Our regression analysis was conducted
using growing season average grid cell values of AOD, TCC, mean hourly daytime
diffuse fraction for the growing season, mean hourly daytime downward SW radiation for

the growing season, and final yield for the years 1997-2010.
2.2.4 Sensitivity at Different Development Stages

Varying meteorology and PM composition over the course of the year alter average total
SW and diffuse fraction profiles across the NCP. The maize crop progresses through a
series of development stages, characterized by different rates of photosynthesis and
carbon allocation between roots, stems, leaves and reproductive structures. The impact
of varying profiles of SW and diffuse fraction can therefore affect crop yields differently
depending on when during the season perturbations to light occur. We conducted a
range of sensitivity tests to assess how the timing of changes to the diffuse fraction and

intensity of light relative to crop development stage affects final yield.
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Post emergence, the crop develops through the vegetative stage and
reproductive stage, each subdivided into early and late in JULES, giving four stages
overall. Increased levels of PM during each development stage were simulated by
elevating the diffuse fraction of our BASE simulation by 50% for a given stage, and
decreased levels of PM by reducing diffuse fraction by 50%. This change was used to
illustrate a large scale change to PM concentrations. The relationship shown in Fig. 1.
was then used to deduce the total SW for each timestep consistent with the altered
diffuse fraction. We refer to total SW modified in this manner as “diffuse-corrected” SW.
All other driving variables remain unchanged from BASE. The statistical significance of
yield results were determined by related t-test using the SciPy Stats module ttest_rel

function across the cropped area of the model domain.
2.2.5 Impact of City Radiation Profiles on Yields

To investigate timing effects further, and as a proxy for potential future changes
in PM concentration and composition, we studied the impacts on NCP crop yields of
light profiles from the regions surrounding four global cities (New York, Madrid, Delhi,
and Cairo), and one city in the NCP (Beijing).

These cities were chosen for their differing PM profiles and locations. Beijing
experiences higher PM2.5 pollution (108 + 34 ug m- for 2013-18, Zhai et al., 2019) than
Madrid (12.1 ug m-= for the urban background from 2004 to 2009, Karanasiou et al.,
2014) and New York (12.3 ug m- for the period 2005-2016 (Peltier et al., 2011)), but is
located at a comparable latitude (Beijing: 39.9°N; New York: 40.7°N; Madrid: 40.4°N).
Conversely, Delhi experiences seasonally higher levels of PM pollution than Beijing
(varying from a minimum concentration of 46 yg m-=to a maximum of 279 yg m- over
the year; Gorai et al., 2018) but is located at a considerably lower latitude than Beijing.
We therefore use Cairo (30.0°N) as a comparator for Delhi (28.7°N) due to its similar
latitude but lower PM pollution (51 ug m=in 2013, Boman et al., 2013). By using two
locations with a comparable latitude and maximal possible levels of downward SW flux,
we can illustrate how the meteorology and pollution profiles over Delhi city region limit
the potential surface SW in the region. Whilst the levels of PM in New York and Madrid
are substantially lower than those for Beijing and the NCP, large scale PM reductions

across the NCP are likely and possible given the downward trajectory of PM
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concentrations over the last 7 years (Statista, 2023). We therefore present this city
analysis as a way to explore how SW and diffuse fraction and therefore crop yields
could change in the near future. They should be seen as an exploration of possibility
space in terms of the outcomes of PM linked changes to SW and diffuse fraction, not an

explicit prediction for what the future will definitively look like.

Average hourly diffuse fractions (taken from the 37-year ERA-5 dataset) from
each city, were used to drive JULES-Crop over the model domain. The resulting yields
on the model domain using SW and diffuse fraction profiles from four global city regions
were compared to those obtained using the diffuse fraction for Beijing, and to our
climatological average BASE case. Note that these changes are substantially smaller
than the 50% changes described above for sensitivity analysis (see Table 2.2 for detail).
The climatological average total SW for each city region was then applied in conjunction
with the climatological average diffuse fraction time series to simulate the net effects of

these different city PM regimes on NCP maize yields.

To disentangle the opposing effects of changes in SW and diffuse fraction on
yield, we ran two further simulations for each city to demonstrate: 1) the levels of SW
that would be found to occur in each city given the diffuse fraction at that time in the
NCP, 2) the potential impacts of an altered relationship between SW and diffuse
fraction, which can be partially attributed to changing levels of PM. In the first simulation,
the mean diffuse fractions for the NCP domain were applied to each grid cell (as per
BASE), with the total SW for that grid cell, derived from the relationship between diffuse
and total SW for that city (named CITY_mod_SW simulations). In the second simulation,
mean total SW for the NCP domain was applied to each grid cell (as per BASE), and the
diffuse fraction for that grid cell was derived from the relationship between diffuse and
total SW for that city (CITY_mod_Diff simulations). These simulations superimpose the
relationship between SW and diffuse fraction in other city regions over the NCP. As this
relationship between total and diffuse SW is strongly linked to levels of cloud and
aerosol, if can be considered a proxy to describe the effects of changing profiles of SW

and diffuse fraction over the year on the NCP.
2.3 Results

2.3.1 Aerosol Optical Depth (AOD) Results
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We found the strongest correlation between changes in AOD and total cloud
cover (TCC) with diffuse fraction (R: = 0.90), whilst changes in AOD and TCC explained
just under 40% of variation in total SW. AOD alone was found to explain 80% of
changes in diffuse fraction but only 15% of changes in total SW. This suggests that of
the variability in SW resulting from changes to cloud and aerosol, an average of 38%
comes from aerosol alone (R: for aerosol alone divided by R: for aerosol + total cloud
cover). We conclude that whilst the observed changes in light intensity in the domain are
mainly driven by cloud cover, changes to AOD, linked to PM pollution, make a non-
negligible contribution to light intensity, and a large contribution to changes in diffuse
fraction. Further sensitivity tests presented here, in which we modify light intensity (SW)
and/or diffuse fraction, should therefore be seen as an exploration of potential changes

in maize yields if PM concentrations were to change across the NCP.
2.3.2 The BASE Simulation
2.3.2.1 Relationships

We found light to be the most critical meteorological variable for predicting simulated
maize yield in our baseline simulation (BASE). Yield was positively correlated with mean
hourly SW such that a 10% increase in light intensity correlated with an 8% increase in
yield (R: = 0.54, Fig. 1.i). However, we found yield to be negatively correlated with mean
hourly diffuse fraction with a 10% increase in diffuse light reducing yield by 9% (R: =
0.49, Fig. 1.ii)). While this may initially appear counterintuitive, it is driven by the strong
negative logarithmic relationship between grid cell average total SW and diffuse fraction
(R: = 0.85) for the domain during the growing season (Fig. 1.iii.), therefore reproducing
the negative impacts of reduced SW from increased PM cover reported in previous
studies (Gu, Wang, Zhuang, & Han, 2018; Zhou et al., 2018). A 10% increase in the
mean growing season diffuse fraction (i.e., from 0.49 to 0.54) on the NCP corresponds

to a reduction in average SW of 72 W m-.

The relationship between diffuse fraction and yield was non-linear for constant
total SW. Increasing diffuse fraction by 10% relative to the growing season mean
increased simulated maize yield by 0.007 t ha-, while a 10% decrease reduced yield by
0.035 t ha.These changes, associated with changing diffuse fraction, represent less

than a 0.1% change in yield, whereas a 10% increase in average total SW led to a yield
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gain of 1.05 t ha+, a change 150 times greater. We conclude therefore that the diffuse
light fertilisation effect is insignificant in comparison to the effects of reducing total SW.

2.3.2.2 Yields

The average yield predicted across the NCP was 11.9 £ 0.5t ha-, using the 37-
year climatological average driving data derived from ERA-5. In 2011, the recorded yield
for maize in China was 5.75 t ha+ (Hu and Zimmer, 2013), just under half the modelled
yield produced in our BASE simulation. Without irrigation however, the modelled
average Yield is 6.73 t ha. Furthermore, we assume here that maize is grown across all
cropped land in the model domain, whereas in reality the most favourable areas for crop
production are currently reserved for other crops. This results in a further positive skew

of average maize yield in our simulations.

To ensure that light effects are not confounded with other environmental
limitations, we continue to apply irrigation in all simulations comparing results against
the (irrigated) BASE simulation. The projected yields for all model simulations are shown
in Table 2.1. The cropped area and yields for BASE, along with the average SW and
diffuse fraction across the domain, are shown in Fig. 2. Table 2.1 provides a reference
for the wide range of potential yields that might be expected under the SW and diffuse

fraction scenarios explored in this work.
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Run # o Average Yield * Standard Percentage Difference
Deviation (kg/m2) from BASE (%)

1 BASE 11.9+0.5 N/A
2 BASE_Mod 124 +£0.7 4.9
3 BASE_Diff_0.0 10.2£0.5 -14.1
4 BASE_Diff 0.1 10.7+ 0.5 -9.8
5 BASE_Diff 0.2 11.2+0.5 -5.9
6 BASE_Diff_0.3 11.6 £0.5 -2.4
7 BASE_Diff 0.4 11.9+0.5 0.6
8 BASE_Diff 0.5 123+0.5 3.1
9 BASE_Diff_0.6 124105 53
10 BASE_Diff 0.7 128+ 0.5 7.0
11 BASE_Diff 0.8 128+ 0.5 8.4
12 BASE_Diff_0.9 123+ 0.5 9.5
13 BASE_Diff 1.0 129+0.5 101
14 BJG, Diff 11.9+0.5 1.1
15 MAD, Diff 1.4+0.5
16 NYC, Diff 11.7+0.5
17 DEL, Diff 11.7+£0.5
18 CAl, Diff 11.2+0.5
19 BJG_SW, Diff 121+04
20 MAD_SW, Diff
21 NYC_SW, Diff 126+04 5.7
22 DEL_SW, Diff 11.9+0.5 -0.1
24 BJG_Mod_Diff 11.7+0.5 -1.1
25 MAD_Mod_Diff 11.6+0.5 -3.0
26 NYC_Mod_Diff 11.7+0.5 -1.7
27 DEL_Mod_Diff 11.6+0.5 -3.2
28 CAl_Mod_Diff 11.6+0.5 -3.2
29 BJG_Mod_SW 11.9+£0.7 1.1
30 MAD_Mod_SW
31 NYC_Mod_SW
32 DEL_Mod_SW
33 CAl_Mod_SW
34 DEV1_0.5
35 DEV2_0.5
36 DEV3_0.5
37 DEV4_0.5
38 DEV1_1.5
39 DEV2_1.5
40 DEV3_1.5
41 DEV4_1.5
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Table 2.1. Summary of key model results from simulations. Average yield is colour
coded such that the average yield for BASE is the midpoint, with 0% change as the mid-
point, red for decreasing yield, and blue for increasing. The percentage difference from
base is colour coded 0% difference from BASE as white and the largest difference as

the most purple.
Key:

BASE simulations provide a climatological average for comparison of sensitivity tests to

a reasonable baseline scenario.
BASE - a simulation using the climatological average meteorological driving data.

BASE_Diff x — Uses climatological average meteorological driving data, excepting
diffuse fraction, which was set to a fixed fraction (x), e.g., BASE_Diff 0.0 is the BASE
simulation but with diffuse fraction set to O for the whole run. This baseline scenario

provides a benchmark to demonstrate the effects of diffuse fraction modification alone.
BJG, MAD, New York, DEL, CAIl — Beijing, Madrid, New York City, Delhi, Cairo.

CITY simulations are used to illustrate potential future scenarios for yield on the NCP
with changing SW radiation profiles.

CITY, Diff — As BASE, but with diffuse fraction from CITY across all grid cells for each
timestep, e.g., MAD, Diff is the BASE simulation but the diffuse fraction from the Madrid
grid cell is applied across the whole area varying with the corresponding timestep
through the year.

CITY_SW, Diff — As BASE, but with SW and diffuse fraction from CITY across all grid
cells for each timestep, e.g., MAD_SW, Diff is the BASE simulation but the SW and
diffuse fraction from the Madrid grid cell is applied across the whole area varying with

the corresponding timestep through the year.

CITY_Mod simulations are used to present the relationship between diffuse fraction and
SW found at CITY in the context of the NCP as a proxy for the differing conditions and
PM profiles found at each CITY region.
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CITY_Mod_Diff — As BASE, but with diffuse fraction derived from NCP SW using the
relationship between SW and diffuse fraction found at the CITY, e.g., MAD_Mod_Diff is
the BASE simulation, but the diffuse fraction derived from the BASE SW using the

relationship found between SW and diffuse fraction at the Madrid grid cell.

CITY_Mod_SW — As BASE, but with SW derived from NCP diffuse fraction using the
relationship between SW and diffuse fraction found at the CITY, e.g., MAD_Mod_SW is
the BASE simulation, but the SWin derived from the BASE diffuse fraction using the
relationship found between Swin and diffuse fraction at the Madrid grid cell.

DEV simulations test crop sensitivity to changes in SW and diffuse fraction during
different crop development stages.

DEV1, DEV2, DEV3, DEV4 - Early vegetative phase, late vegetative phase, early

reproductive phase, late reproductive phase.

DEVZ_ 0.5 — As BASE, but with diffuse fraction decreased by 50% for development
stage Z, with SW set to “diffuse corrected” SW, e.g., in DEV1_0.5 the BASE simulation
is used, but when the DVI for developing crop is between 0-0.5 the diffuse fraction is
halved, and SW is corrected using the relationship between SW and diffuse fraction

observed in Figure 2.1.

DEVZ 1.5 — As BASE, but with diffuse fraction increased by 50% for development stage
Z, with SW set to “diffuse corrected” SW, e.qg., in DEV1_1.5 the BASE simulation is
used, but when the DVI for developing crop is between 0-0.5 the diffuse fraction is

increased by 50%, and SW is corrected using the relationship between SW and diffuse

fraction observed in Figure 2.1.
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Figure 2.2. 1) Cropped region of the NCP in model, ii) BASE model yield output (t ha-1),
iil) Average Growing Season Day time Hourly SW (W m-3), iv) Average Growing

Season Day Time Hourly Diffuse Fraction.

Spatial variation in maize yield across the NCP in BASE was highly related to the
strong negative logarithmic relationship between SW and diffuse fraction. In the
BASE_Diff simulations, where diffuse fraction was increased without a change in total
SW, maize yield slightly increased due to the diffuse light fertilisation effect, as reported
for a variety of crops in previous modelling and observational studies (Mercado et al.,
2009; Brodersen and Vogelmann, 2010; Huang et al., 2014a; Rap et al., 2015, Rap et

al., 2018; Yue and Unger, 2017). However, as shown in Fig. 1, this relationship is not
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observed for our BASE case (Fig. 1.i.). This is due to the observed reduction of SW with
increasing diffuse fraction In Fig. 1.iii.

2.3.3 Sensitivity at Different Development Stages

The timing of the changes in SW and diffuse fraction made significant
differences to final maize yield. We found maize to be most sensitive to changes in SW
intensity and diffuse fraction during the early reproductive stage (DEV3). This stage is
when JULES-crop moves utilising carbon for steam and leaf production, and shifts this
toward the harvestable portion of the crop. It appears that increased diffuse fraction and
reduced SW (representative of an increase in PM concentrations) during this period has
the most significant effect, reducing yields by an average 37% compared to BASE
(Paired t-test, t = =5.73, p = 0.001). Conversely, reducing diffuse fraction and increasing
SW (simulating reduced PM) during DEV3 led to a 28% increase in average yield
(Paired t-test, t = -6.46, p = 0.001). Applying the same changes to light intensity (total
SW) and diffuse fraction during other development stages had a lower impact. For
example, simulating reduced PM during the early vegetative stage (DEV1) increased
yields by only 7%, less than one-fifth of the impact for DEV3 (again, the difference here
is significant, t = =5.78, p = 0.001). However, the difference between yields when diffuse
fraction is reduced in the early and late reproductive phase was not found to be
significant (t = -2.49, p = 0.139), and neither was the difference between increasing
diffuse fraction in the vegetative or early reproductive phase. This indicates that
changes in radiation during the early reproductive phase produce the most sizable
increases in maize yields, but that increasing ambient SW radiation by reducing the

level of PM during the late reproductive phase would also be beneficial.
2.3.4 Impact of City Radiation Profiles on Yields

The global city regions used to simulate crop yields if PM was to change across

the NCP, are summarised in Table 2.2 below.
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Average Average
) . ) Average | PM2.5
Location| Coordinates Hourly SW |Hourly Diffuse
| AOD |(ng m-3)
(W m-2) Fraction
31.0 N, 113.0E to 62.5—
NCP1?2 363.5 0.49 0.37
43.0 N to 123E 92.7
Beijing! |39.9°N, 116.4°E [365.6 0.51 0.28 108.0
Madrid® |40.4°N, 3.7°W  453.2 0.37 0.15 12.1
NYC#  40.7°N, 74°W 377.6 0.42 0.20 12.3
. 46.0—
Delhi® [28.7°N, 77.1°E  |408.5 0.44 0.38
279.0
Cairo® |[30.0°N, 31.2°E |547.8 0.33 0.17 51.0

Table 2.2. Indicative values for average SW, diffuse fraction and PM2.5 concentration

for NCP study region and for city regions studied.

Average hourly SW and diffuse fraction are taken from the climatology (generated from
1979 to 2017 ERA-5 meteorological data) used to drive all city runs for the growing

season of modelled maize crop.

AOD is an average value, taken from the C3S climate data store meteorological dataset
for aerosol optical depth, for the city containing grid cell, for the months April to

September (inclusive of growing season), from 1997 to 2010.

PM2.5 data is taken from a range of ground-based studies conducted during the
timeframe of this modelling study. Though the PM concentrations are not always
overlapping in time in many cases, this serves as an indicator of representative values

within the period of the climatology.

1). Yao et al., 2016 (range given for average seasonal values) 2). Zhai et al., 2019, 3).
Santurtdn et al., 2015, 4). Shmool et al., 2016, 5). Jain et al., 2005, (range given for

average seasonal values) 6). Khoder, 2009.

When values of SW and diffuse fraction taken from Beijing city were applied
across the domain, yields did not differ significantly from those obtained using SW and

diffuse fraction for the whole of the NCP domain. All other city comparison runs
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discussed in this section are compared to yields from Beijing (BJG) simulations rather
than BASE, because the different spatial distribution of SW and diffuse fraction in BASE

would make such comparison inappropriate.

The greatest change from our Beijing-based simulations was found in applying
values for Cairo to the NCP. CAI_Diff (i.e. NCP domain SW but Cairo diffuse fraction)
simulated yields 34% lower than those of BJG_Diff (Fig. 3.e.i), mostly attributable to
average diffuse fraction in Cairo being 35% lower than that in Beijing during the growing
season. Application of diffuse fractions from New York, Madrid, and Delhi to the NCP
(New_York_Diff, MAD_Diff, DEL_Diff simulations) reduced yields by an average of 1, 5
and 1% respectively due to slightly lower annual average diffuse fractions (0.42, 0.37

and 0.44, respectively) reducing diffuse light fertilisation effects.

Yield Yield % Difference

Beijing NYC Madrid Delhi Cairo
a)f b) c) d) e) | 2
¢ - 2| LP’ ‘:-.: £ :"1' |

City Diffuse Fraction & SW

Figure 2.3. (a) Yields (t ha-1) for city radiation profile simulations (i) BJG_Diff and (ii)
BJG_SW_Diff. (b-e) percentage difference between (i) <CITY>_Diff and BJG_Diff, and
(ii) <CITY_ SW_Diff and BJG_SW _Diff, for (b) New York, (c) Madrid, (d) Delhi and (e)

Cairo.

However, when both diffuse and total SW were modified to reflect the average
conditions in each city, the higher average annual SW at New York, Madrid, and Cairo
more than compensates for their relatively lower diffuse fraction, with yields increases in
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New_York_SW_Diff, MAD_SW_Diff and CAI_SW_Diff simulations by 3%, 26% and 30%
respectively (Fig. 3.c,e,ii). Although SW and diffuse fraction are substantially different at
Delhi from Beijing, DEL_Diff and DEL_SW_Diff (described in Section 2.5) show little
change in yield from BJG_Diff (-1%) and BJG_SW_Diff (—-3%) respectively.

Simulations using city-modified diffuse fractions (i.e., those generated using the
relationship between total SW and diffuse fraction at each city, Fig. 4.c-f.i.) showed a
negligible reduction in yield compared to BJG_mod_Diff (Fig. 4.c-f.ii.). Furthermore,
yields simulated using SW derived from the relationships for Madrid, Cairo, and Delhi
(Fig. 4.d-t.ii), are lower than those for BJG_mod_SW, with reductions of 35, 32 and 18%
respectively. This can be explained in each case by lower total SW in that location for
the diffuse fractions found on the NCP. In contrast to the other city regions, modified SW
from New York increased yields by an average of 5.9% (Fig. 4.c.ii). as SW in New York

is higher for a given diffuse fraction in the NCP.
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Figure 2.4. (a) (i-v) Relationships between SW and Diffuse fraction for each city, with
data points in blue and quadratic regression line in orange. (b) Yields for CITY_MOD
radiation profile simulation. BJG_Mod_SW and (ii) BJG_Mod_Diff. (c-f) percentage
difference between (i) <CITY>_Mod_Diff and BJG-Mod_Diff and (ii) < CITY>_Mod_SW
and BJG_Mod_SW, for (c) New York, (d) Madrid, (e) Delhi and (f) Cairo.

2.4 Discussion
2.4.1 PM Influences Maize Yields

The timing of changes in radiation relative to the developmental stage has the
greatest impact during the early reproductive phase. This result has key implications for
the nature and timing of emission reductions which may have greatest impact for yield
crop yields on the NCP. In line with field observations, the photosynthetic capacity and
hence carbon assimilation rate of maize in JULES-crop increases with leaf area during
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the vegetative development stage, peaking during the late vegetative stage, and
remaining high during the early reproductive stage. However, at the start of the early
reproductive phase, the maize plant has matured, and therefore carbon allocation is
diverted from stem, leaf, and root to the harvestable portion. Reduced carbon
assimilation at this point does not stunt the plant, but instead directly affects the carbon
assimilation which would normally be directed toward the harvestable portion. In our
analyses, we find that the maize crop is most sensitive to reductions in SW (linked to
elevated diffuse fraction) during the early reproductive phase (DEV3_1.5) (see Table
2.1). Similarly, the greatest predicted increase in yield results from reductions in diffuse
fraction (i.e., reduced PM) in the early reproductive phase (simulation DEV3_0.5, Table
2.1), which occurs during July in our modelled maize season. As discussed earlier, at
this time of year, PM concentration is at a minimum, but AOD reaches a maximum in the
NCP due to prevailing meteorology interacting with PM pollution to produce haze (Qu et
al., 2016). Whilst this indicates a smaller contribution from AOD to SW variability during
this period, our analyses demonstrated that aerosol still contributes 32% of the total
variability in SW during the early reproductive phase, i.e., PM still exerts an important
influence on SW during this period. The remaining variation not due to cloud and
aerosol simply originates from variations in latitude and altitude across the NCP,
alongside seasonal variation in incoming radiation. The relatively small change in the
AOD — SW relationship between seasons despite large changes in PM concentration
and composition highlights the importance of using AOD as a measure of the impact of
PM, rather than simply using PM concentration. The complex interplay of PM and
meteorology, alongside factors such as PM speciation and size distribution, it impossible
to predict how increases or decreases in bulk PM concentration will affect crop yield. PM
pollution at a given time of year can thus have a disproportionate impact relative to its
concentration. To increase crop Yields, then, policymakers should make targeted
emission reductions during the early reproductive phase of regional crops when reduced
PM concentrations may be expected to have a far greater impact on yields than at other

times of year.

PM concentration in the NCP fell by ~30% between 2013 and 2017 (Zhai et al.,
2019) following the Chinese Government's introduction of the “Action Plan on the
Prevention and Control of Air Pollution” in 2013. Despite these reductions, annual

average PM2.5 concentrations for the Beijing-Tianjin-Hebei region were still well above
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national and international annual mean guidelines of 35 yg m=and 10 ug m-
respectively (China: Air Quality Standards | Transport Policy, 2013; WHO, 2015), whilst
recurrent haze events remain a pressing issue limiting visibility and reducing total SW at
the surface (Guo et al., 2014; An et al., 2019; Zeng et a 2019). Although PM pollution is
decreasing on the NCP, our simulations suggest that the relatively high PM
concentrations still present will continue to limit potential maize yield. Several factors

contribute to the impact of PM on crops, and these are discussed below.
2.4.2 Radiation from Comparable Cities Alters Maize Yields

Average maize yield increased by as much as 29% (Fig. 3b-c, e.ii., Table 2.1)
when the climatological average total SW and diffuse fraction at Madrid, New York, or
Cairo, which have lower average PM concentrations than Beijing, are applied across the
NCP. Conversely, when light conditions from Delhi are applied, average maize yields
remain virtually unchanged. We ascribe these effects to the combination of the

magnitude and seasonality of changes in SW and diffuse fraction at each city (see Fig. 5
below).

i) — Beljing Diff

i) - Beljing SW
0501 — Madrid Diff 5501 — Madrid SW
e NYC Diff _ 5004 — NvCsw -
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Figure 2.5. (i) Average monthly diffuse fraction for Beijing, Madrid, New York, Delhi, and
Cairo. (ii) Average hourly downward SW radiation per month for Beijing, Madrid, New

York, Delhi, and Cairo.

Heavy cloud cover associated with the Indian monsoon reduces total SW in
Delhi in July and August (Fig. 5.i.). Although partially compensated by a large increase
in diffuse fraction, the net effect is still a reduction in maize yields across the NCP. The

higher SW and lower diffuse fraction seen during the rest of the year do not fully
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compensate the changes in light profile during this critical period. Whilst the changes at
Delhi are driven by seasonal increases in cloud cover, modelling studies suggest that
despite the increase in wet deposition from increased rainfall in this time period,
anthropogenic and natural aerosol do contribute to the reduction in total SW (Kuhlmann
and Quaas, 2010). This reduction during the period corresponding to the early and late
reproductive phase has a greater impact on maize yield than the higher SW during the
rest of the growing season, in line with the results from our development stage
simulations. Results presented in the wider literature suggest that reductions in light
intensity on the NCP during late summer may result from PM-linked haze events
(Chameides et al., 1999; Zhou et al., 2019). Reducing aerosol pollution at this time of
year would therefore increase light intensity for crop photosynthesis. Interventions
during less developmentally critical stages may have smaller effects than a similar
magnitude of intervention carried out during the early crop reproductive stage.

2.4.3 How PM might Change Radiation in the Future

Despite similar annual mean PM concentrations in Madrid and New York
(Karanasiou et al., 2014, Peltier et al., 2011), there are large differences in yield
between simulations driven with SW and diffuse fraction from Madrid (MAD_Diff_SW)
and New York (New_York_Diff_SW). This yield gap is the result of ~20% higher mean
SW in Madrid than New York during the growing season (Fig. 5) which is driven by
differences in meteorology, including cloud cover, between the two locations. The
meteorology of the NCP encourages formation of fog as well as haze, driven by the high
relative humidity (Quan et al., 2011; Gao et al., 2015; Yang et al., 2020). Given the
higher average ambient SW at Madrid than in the NCP throughout the entire year, it is
likely that yield increase is not solely attributable to PM, and that reduced NCP PM
concentrations would result in more modest yield gains than those seen in
MAD_SW_Diff. Given New York's more comparable SW profile during the growing
season, excepting the critical months of July and August, application of New York SW
and diffuse fraction (New_York_SW_Diff) may provide a more realistic future scenario
for the NCP if July and August AOD could be reduced through reductions in PM
concentrations. Though such increases would be relatively small, as differences in
daylength and cloud cover have more substantive effects, the 3% rise in yields seen for

New_York_SW_Diff would equate to a gain of approximately 8Mt. of maize nationwide,
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sufficient to offset the maize annually imported by China (FAOSTAT, 2020), so
increasing both national and global food security while increasing economic well-being
of NCP farmers.

Contrastingly, if PM pollution intensifies across the NCP during the late
vegetative or early reproductive phase, yields may further decline. As seen from
simulations using Delhi SW and diffuse fraction, the drop in light intensity during July
and August reduces vyields, despite a ~ 12% higher average growing season SW in
Delhi than Beijing. Although Delhi's annual decrease in light intensity during DEV3 is
mainly attributed to cloud cover, two key lessons can be learnt from the case of Delhi.
Firstly, if reductions in SW radiation, similar in magnitude to the seasonal reduction in
SW seen in Delhi, were to occur in the NCP, it would be detrimental to crop yields in the
region. Secondly, although reductions in SW radiation have most impact during DEV3,
they also reduce plant growth at other development stages, as found in simulations
DEV1 1.5 and DEV2_1.5. Itis likely that increasing PM concentrations in Delhi and its
surrounding regions have reduced crop yields in the Indo-Gangetic Plain in recent years
(Burney and Ramanathan, 2014; Mina et al., 2018). Any reversion to higher PM

emissions on the NCP would likely have a similar effect.

Furthermore, the Delhi and New York simulations demonstrate that reductions in
PM during the vegetative or late reproductive phases would likely have little impact on
yields overall. Increased SW in Delhi, and decreased SW in New York during these time
periods does not outweigh the impact of changes in SW during the early reproductive
phase. The particular timing of changes in PM then, is especially impactful. Increased
total SW during the crop vegetative stage or the late reproductive stage would not be
sufficient to significantly increase yields if PM pollution remained high during the early
reproductive phase. Similarly, we see in New York that elevated SW during the early
reproductive phase may be sufficient to compensate, or even increase, yields if PM

remained high at other times of year.
2.4.4 Comparison to Previous Studies

Our results highlight the key role of the timing of changes to PM pollution relative
to crop development stage, while adding further evidence to a growing body of research

describing the net negative impact of PM pollution upon crop yields. Whilst a number of
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modelling studies suggest there exists an optimum diffuse fraction for growth and yield,
we do not see this for the range of diffuse fractions realistic of those observed across
the NCP. We attribute this to the strength of the non-linear negative relationship

between diffuse fraction and total SW, and further link this to changes in AOD and PM.

The timing of changes in PM concentration, size distribution and composition is
an understudied aspect of PM impacts on crop yield. We find that the effect from
increased SW is greatest during the early reproductive stage, when crops allocate
carbon to seed. Our analysis of light profiles from a range of city regions further
emphasises the time dependency of PM impacts. This novel analysis stresses the need
for targeted intervention by policy makers trying to achieve higher yields by reducing
PM, and highlights the necessity of further field studies to characterise PM burden at
times of year corresponding with the early reproductive stage for crops in different world

regions.
2.4.5 Uncertainties and the Future of Maize Yields on the NCP

Factors other than light intensity and the ratio of diffuse to direct light influence
crop production. To remove water stress, a key environmental stressor, as a
confounding factor we assumed the region irrigated as reported to be the predominant
practice (Yang et al., 2015). This assumption enables us to study light effects in
isolation. Additional validation of modelled yields against reported harvests for the NCP
would enable maize in JULES-Crop to be parameterised for region-specific maize
varieties and agronomic practice, e.g., irrigation regimes and crop losses during
harvesting, increasing confidence in our model projections of actual yield. Whilst
JULES-crop includes a general parameterisation for crop response to changes in the
diffuse fraction of SW radiation, future research is required to establish the specific
response of a maize canopy. However, given the dominance of the impact of changes in
SW on crop yields over changes in diffuse fraction seen here, we would expect only

minor changes in projected crop loss as a result.

Similarly, our analysis relies upon the strength of the reanalysis data provided by
ERA-5. Whilst a significant proportion of these data are model- rather than observation-
derived, this dataset represents a significant step forward from similar reanalysis
datasets (Copernicus Climate Change Service (C3S), 2017; Urraca et al., 2018), and
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provides radiation data comparable to satellite retrievals. A recent review identifies an
underestimate of diffuse light by ERA-5 compared to some satellite retrievals (Jiang et
al., 2020) but the sparse ground measurement sites used within that study demonstrate
the need for large-scale reanalysis data to be used for modelling studies addressing a
large geographical region. Only two ground stations used by these authors lie within our
model domain. Given our use of climatologically averaged data to drive our model, we
feel confident that the ERA-5 dataset represents the most useful assessment of surface
radiation for our purposes and is suitable for use over the geographical and temporal

scales of our simulations.

A positive contribution from diffuse radiation to plant photosynthesis rates has
been well documented for tree species (Roderick et al., 2001; Niyogi et al., 2004;
Mercado et al., 2009; Kanniah et al., 2012; Rap et al., 2015), but the net impact on crop
yields of increased diffuse fraction at the expense of light intensity is less well
understood. We find that the decrease in total SW associated with increasing PM
concentrations far outweighs any possible fertilisation effect of increased diffuse
fraction. Breeding programmes have already delivered substantial increases in leaf
angles in the upper canopy of maize, increasing light penetration to the lower canopy
such that maize might be expected to benefit less from diffuse light fertilisation than tree
species (Hammer et al., 2009; Zhu et al., 2010). We find that the decrease in total SW
associated with increasing PM concentrations far outweighs any possible fertilisation
effect of increased diffuse fraction. Elevated PM during the early reproductive stage (i.e.,
flowering and pod filling) would be particularly detrimental to crop development, with a
50% increase in diffuse fraction during this period reducing yield by an average of 37%
due to the accompanying reduction in SW. Information on the average timing of this
stage could facilitate policy makers to develop air pollution limits that change throughout

the year and have a more scientific basis.

Although cloud cover plays a greater role in the attenuation of SW radiation than
PM, our analysis of AOD and total cloud cover demonstrates that aerosol contributes a
third of the observed change in SW. Our sensitivity analyses based on light intensity and
diffuse fraction over New York suggests that an increase in maize yields of up to 3.5%
may be realistic for NCP if PM concentrations were to be reduced to those of New York.

This will, however, depend on the concomitant changes in particle size and composition,
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which further affect the relationship between diffuse fraction and total SW, and which

require fuller investigation for future emission reduction scenarios.

One of the largest causes of uncertainty over future maize yields on the NCP is
the interaction of PM and ozone pollution. As PM pollution has decreased in the NCP,
ozone pollution has increased (Zeng et al., 2019), and while this principally reflects a
reduction in NO, emissions, it has also been partly attributed to increased light intensity
increasing the rate of photochemical formation of ozone (Li et al., 2019). Elevated
concentrations of ozone were estimated to have decreased maize yields across the
USA by ~10% between 1980 and 2011 (McGrath et al., 2015). Yield gains from
reductions in PM pollution in the NCP may therefore be offset or outweighed by losses
due to rising ozone concentrations, and it will be critical to determine how the two
interact. It is imperative that future emissions reduction strategies address PM and

ozone pollution together.
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Abstract

Recent field studies have found that Particulate Matter (PM) deposition can
threaten cereal crop yields, but the global impact that this has on crop yields is
unknown. In this study, we simulate the effects of PM deposition on spring wheat,
maize, and rice yields at a global scale using our newly designed and modified version

of the Joint UK Land Environment Simulator (JULES) crop model.

We find that PM deposition results in average annual global losses of ~1% for
maize and rice, and 0.2% for wheat between 2015-2020, but these losses vary
considerably between countries. Crop yields in India and northern China were found to
be particularly affected by PM deposition, with average yield losses of up to 2.4% and
1.2% respectively. Individual highly polluted locations in the most productive areas of

both countries suffered losses over 8%.

These yield losses have implications for regional food supply. We attribute
differences in losses for different species to the relative removal rates of PM from crop
leaves, relative exposure during the most sensitive crop development periods, and
exposure to particular components of PM. In China and India, we identify black carbon
(BC) as a disproportionately impactful component of PM, making up <1% of growing

season PM flux, but accounting for up to 56% of yield losses.

We find that if the levels of PM currently found in the most polluted areas of India
occurred more widely across the entire nation, then crop yield losses could reach as
high as 20%. Our work highlights the need to mitigate aerosol and aerosol precursor

emissions before they further impact crop yields in industrialising nations.
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3.1 Introduction

Increasing incidence of drought and intense heat threaten human health and
crop yields across the globe (IPCC, 2022). Both are driven by global heating, whereby
increased levels of CO, largely emitted from fossil fuel combustion, increase the
ambient temperature through the greenhouse effect. As well as driving climatic change,
fossil fuel burning causes severe surface level air pollution events. Primary particulate
matter (PM) produced from combustion processes, along with the secondary PM formed
as primary PM evolves within the atmosphere, has well-documented effects on human
health (see e.g., Kim et al., 2015). Policy makers across the world have therefore taken
action to reduce PM concentrations in urban areas. However, very little attention has
been paid to the impact of PM pollution on crop yields, despite a number of studies
implicating PM pollution in agricultural yield losses across the world (Zhou et al., 2010,
Burney et al.,2014, Wolffe et al., 2021).

Most existing research into the impacts of PM on crops has focused on the
indirect effects of airborne PM aerosols. By intercepting incoming photosynthetically
active radiation (PAR), it is likely that PM limits crop yields in affected areas (Alton,
2008; Greenwald et al., 2006; Niyogi et al., 2004; Strada et al., 2015). One recent study
estimated that airborne PM may be responsible for up to 8 Mt (3%) of maize yield losses
across China (Wolffe et al., 2021). However, this is not the only mechanism by which
PM limits PAR interception by crops. When PM is deposited out of the atmosphere, it
can accumulate directly onto leaf surfaces. This creates a physical barrier to PAR
interception, which a number of small-scale in vivo studies have found to cause yield
losses of up to 7% (Hatami et al, 2017, Mina et al., 2018, 2021). However, to the best of
our knowledge, the scale of regional and global yield losses directly attributable to PM
deposition has not yet been investigated. Evidence is therefore lacking for the sensitivity
of key crop species to PM, or what their critical exposure thresholds may be.

One landmark small-scale study into the effect was conducted by Mina et al.
(2018). This pot-based trial examined the effect of PM on rice plants on the IGP, where
~50% of all food is produced in India. Levels of PM2.5 (PM up to 2.5 yum in diameter)
across the IGP are recognised as excessive, and regularly exceed the Indian National
Ambient Air Quality Standards for human health of 60 ug m= in a 24hr period (Mina et

al., 2018; U Mina, R Singh, 2013), which is itself well above that set by WHO (5 ug m=).
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Mina et al. (2018) reported that high ambient concentrations of PM (88-311 ug m?3)
during the trial period reduced rice yield by as much as 7%. This study also observed
the amplification and reduction of these yield losses under lesser or greater levels of

rainfall, as is discussed in Chapter 1, section 1.3.

Field trials in the same area reported an even greater reduction of wheat yield
(up to 23%), due to the combined effects of airborne and deposited PM (Sharma et al.,
2021). Given India’s domestic reliance on food production from the IGP, reductions in
yield in this region threaten the national food supply, while improvements in yield could
improve food access for millions of people.

Many agricultural areas suffer similar levels of PM pollution. For example, the
NCP is one of China’s most important crop-growing regions, accounting for 75% of
China’s maize and 35% of its wheat production (Meng et al., 2012). This area includes
the three most highly populated municipalities in China (Shanghai, Beijing, Tianjin) and
suffers significant air pollution. PM concentrations are high throughout the year, with
annual averages of 108 + 34 ug m~2 recorded for Beijing city region between 2013-2017
(Zhai et al., 2019). While no experimental studies of the impacts of PM on edible crops
have been conducted in the region, cotton yields in north-western China were observed
to drop 28% due to the deposition of PM10 (PM up to 10 um in diameter; Zia-Khan et
al., 2015). This demonstrates the potential magnitude of the effect of particulate

pollution on yields of food and fodder crops.

A modelling approach to this phenomenon can explore these effects at a larger
scale. This can provide policy makers with a scale estimate for crop losses to PM
deposition, and highlight avenues of future research to the wider scientific community.
One modelling study was conducted by Bergin et al. (2001) to examine the impacts of
water insoluble PM on crop productivity in the Yangtze River Delta, finding yield
reductions of tens of percent. This work provides a useful theoretical mathematical
framework for examining this phenomenon, but requires improvements in order to
include the effects of soluble PM components, and to work with modern multi-canopy

crop models which develop over a full growing cycle.

Our paper builds on these previous studies considerably further to explore the

potential magnitude of the impact of PM deposition on crop yield at a global scale. To
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simulate these effects, we incorporated PM deposition to leaf surfaces into the Joint UK
Land Environment Simulator crop (JULES-crop) model. We applied our model at the
location of the in vivo study reported by Mina et al (2018) to demonstrate the efficacy of
our parameterisation, and assess the accuracy of our model’s simulated changes in
yield. We then conducted global scale simulations to determine the relative reductions of
photosynthesis, carbon accumulation and final yield of three globally important cereal

crops: rice, spring wheat and maize due to the deposition of PM2.5.

We further explored the simulated reductions in yields across the worst affected
areas of China and India to identify the key factors governing the impact of deposited
aerosol on crop productivity. Based on our findings, we suggest further experimental
investigations needed to better understand the mechanisms of PM deposition,

accumulation, and removal, and to quantify the resultant yield reductions.
3.2 Materials and Methods
3.2.1 Model Parameterisation

All simulations were carried out with a modified version of the Joint UK Land
Environment Simulator crop model (JULES-crop) version 5.4. JULES-crop has
previously been demonstrated to successfully reproduce maize, rice, and spring wheat
crop yields at specific sites. JULES also has skill in reproduction of interannual global
yield variability for maize and rice, comparable to the changes in radiation experienced
under different PM deposition scenarios. (Mathison et al., 2021; Osborne et al., 2015;
Williams et al., 2015, Williams, Harper, et al., 2017). The skill and limitations of JULES
in calculating interannual variability is discussed further in Chapter 1, section 1.5. The
crop parameters for spring wheat and rice were taken from Osborne et al. (2015), and

for maize from Williams et al. (2017).

All simulations were conducted on a 0.25° grid at hourly temporal resolution.
Meteorological driving data of downward short-wave radiation, downward long wave
radiation, 2 m air temperature, precipitation, specific humidity, surface pressure and
windspeed were downloaded from the European Reanalysis 5th Generation (ERA-5)
dataset for 2015-2020 at 0.25° spatial resolution and with an hourly timestep (Hersbach
et al., 2018). Land cover for all gridded simulations was taken from MODIS AQUA-
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TERRA product MCD12C1 at 0.05° resolution and regridded to 0.25°. Crop distribution,
irrigation and most likely sowing and harvest dates were taken from lizumi et al. 2019.
This was done following the methodology used in Wolffe et al. (2021) and Osborne et al.
(2015). Irrigation is turned on for all cells to remove extraneous variables when studying
the impacts of PM on these crops. By including varying soil moisture this would add
complexity to the interpretation of these results. This does make our results less

comparable to real world yields, but facilitates an easier interpretation of model output.

Unless otherwise noted, PM deposition fluxes were taken from MERRA-2
reanalysis product M2T1INXADG (GMAO 2015) by combining the dry deposition flux of
black carbon (BC), organic carbon (OC), sulphates, sea salt, and mineral dust. The sum
of these fluxes is referred to as bulk PM throughout the rest of this chapter. Bulk PM
was regridded to a 0.25° grid by bilinear interpolation. The fraction of total PM which is
BC is taken from the same MERRA-2 reanalysis product. These PM data have been
used in a range of studies, and the concentrations and fluxes of PM components
independently reviewed and found to be in good agreement with observational data (Qin
et al, 2019; Yao et al, 2020).

For this study we incorporate a new module into JULES, describing PM
deposition and accumulation to the leaf surface, and the resulting reduction in light
transmission and photosynthesis. We apply our modified version of JULES-crop to carry
out all simulations in this paper. We describe the details of our new module in Section
2.2 below. The carbon allocated to the harvestable portion of the simulated crop was
converted to yield in dry t ha™* following established methodologies (Kimball et al., 2019;
Williams, et al., 2017). Yield losses from PM deposition are evaluated by comparing
simulated yields with PM deposition to model yields from identical simulations without

PM accumulation switched on.

3.2.2 Model Description

3.2.2.1 Driving data and baseline simulation
We enhanced JULES-crop to include the deposition of PM aerosol to crop

canopies, and simulate the resulting reductions in PAR transmission to the leaf surface.
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Our methodology is based upon Bergin et al. (2001b), with modifications to account for
the accumulation of particles to the surface of crop leaves throughout a 10-layer canopy.

The total mass of aerosol per unit area, PM,, ( g m?) accumulated to each
canopy layer, i, for i = 0-10 (where layer O is the top of the canopy), is calculated at each
timestep, t, as:

PMi: = PMiw1 + ( (FTt - jzli.lFMj,t) [claii ) * (LA|t1 / LAlt) * At(Eqn 1)

where FT; is the total PM flux to the grid cell for timestep t (or, if unavailable, calculated
as the atmospheric concentration multiplied by deposition velocity), j=1i.1FM,;,:is the total
PM flux for timestep t between canopy layer i-1 and the 1st canopy layer (g m? h?), clai
is the leaf area index of canopy layer i, LAl is the total leaf area index of the crop plant
at timestep, t, and LAl;1 at the previous timestep. Accumulated PM is assumed to be
evenly distributed across all of the leaves within a canopy layer. Whilst this may not be
truly reflective of reality given the interaction between local meteorology with the crop
canopy, this assumption is required to facilitate model use on the scale required for a
global assessment of impacts. Meteorological and deposition variables are not available
at a high enough spatial resolution to model this phenomenon at a finer scale. This is
illustrated in Figure 3.1
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Figure 3.1 lllustration of PM being deposited across canopy layers. (a) bulk PM (FT)
reaches the upper canopy level (level 0). (b) PM passes through gaps in the previous
canopy layer (i-1), and accumulates to the subsequent canopy layer (I). (c) shows this
process repeating for further canopy layers until all PM is deposited or all layers are
exhausted whereupon remaining PM is presumed to have passed through the entire

canopy.

We then calculate Tpar, the fraction of PAR transmitted to the leaf through the layer of
deposited PM, based on the mass absorption and mass scattering coefficients of the
particles (Eans and Escat respectively) and the fraction of incident radiation which is up-
scattered, B. We calculate Eaps (Mm? g*) according to:

Eabs = MFt (Eqn 2)

where M is the mass absorption efficiency of black carbon (BC), here taken to be
equal to 8.6 m? g* (Bergin et al., 2001b, Xu et al., 2002), and F; the fraction of aerosol
that is BC at time t. Eass thus varies both spatially and temporally. BC is thus assumed to
embody the totality of light absorbance from deposited PM, as in Bergin et al 2001. This
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simplification is used because of the high proportion of bulk PM light absorbance
embodied by BC in a number of field studies (Costabile et al., 2013; Kirchstetter et al.,
2004, Lopez-Caravaca et al. 2022). Further discussion of the role of BC is seen above
in Chapter 1, Table 1.1. TPAR;: is then calculated as:

TPARi,t =1- PMi,t (Eabs + Escat B) (Eqn- 3)

We take Esca=4.0 m2 g and B=0.27, based on Xu et al. (2002). Canopy layer PAR
interception is then integrated by JULES-crop to the whole plant. The workflow of the
calculations above is outlined in Figure 3.2 below.
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Figure 3.2 lllustration of PM deposition workflow within JULES simulations.

It should also be understood that introducing a new driving variable in PM flux
introduces new model uncertainties. Simulation outputs are only high quality with high

quality input. The MERRA-2 data used to drive these simulations is a well-regarded and
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generally well-performing dataset, but it does not always replicate ground-based
observations of aerosol optical depth, which are derived from simulated PM
concentrations (e.g., Ansari, K., et al., 2023). Given variations between observed and
simulated PM concentrations, further validation of the PM flux in MERRA-2 may be
necessary to draw more concrete results from the interaction of simulated flux with
simulated crops. This source of uncertainty may compound with the existing model
uncertainties and simplifications outlined in Section 1.5, and render results less
generally applicable to the real world. For example, the crop canopy is assumed to be
uniform across large geographical areas and across different crop varieties, and
planting density is kept constant across the entire simulated region. This is not true in
reality, but is a necessary model simplification to facilitate large scale simulations.
Further model improvements to facilitate more detailed site- or region-specific crop
parameterisations were beyond the scope of this study, but would be essential for future
work which refined this model.

Ideally model findings would be confirmed and validated against further in vivo
experimentation before applying them to real world policy solutions, but lack of available
evidence may preclude this. These results provide an indicative understanding of the
potential scale of PM effects, and point the way towards fruitful avenues of potential

research rather than acting as a firm projection of future PM impacts.

3.2.2.2 Removal by wind and/or rain

We assume that PM continues to accumulate on leaf surfaces until it is removed
by rainfall or high wind. PM removal is here referred to as “wash off”. Few studies have
measured or characterised the removal of accumulated PM from crop leaves under
different rainfall intensity and duration, or different wind speeds. We explored a range of
wash off thresholds and included three alternative scenarios of PM removal in our

simulations.

Our “standard wash off’ assumes all deposited aerosol with an aerodynamic
diameter greater than 0.5 um is removed at rainfall intensity of 5 mm hr? or higher which
occurs for at least 20 minutes, based on studies of trees and wetland grasses (Xu et al.,
2017; Yan et al., 2018; Zhou et al., 2020). There is little extant research regarding the
removal of aerosol deposited on plant leaves by the wind. However, for flat solar panels,

PM2.5 and larger particles have been observed to be removed at wind speeds above 5
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ms™. We use a more conservative estimate, of roughly twice the force required for PM
removal from a solar panel to account for the relative “stickiness” of foliage. Our
standard wash off therefore assumes a windspeed of >10 m s (Jiang et al., 2018;
Zheng & Li, 2019).

We assessed the sensitivity of yields to the wash off thresholds using 1) no wash off and
2) an enhanced wash off. In “no wash off”, there is no removal of PM by wind or rain and
PM thus accumulates continuously. This gradually reduces PAR interception to zero for
the coated canopy layer. As our standard wash off mode likely underestimates removal
rates for less ‘sticky’ foliage, we include “enhanced wash off’, whereby PM is still only
removed by windspeeds above 10 m s, but we assume that any rainfall event removes
all deposited aerosol. Such assumptions facilitate regional and global scale “best-guess”
simulations enabling an early approximation of global crop losses from PM deposition.
Wash-off effects may vary substantially between varieties of the same species (Mina et
al., 2018), and so results using this model should be seen as indicative of the scale of

PM deposition impacts rather than a firm real-world estimate.

3.2.3 Simulations

3.2.3.2Indian Agricultural Research Institute (IARI) Point Simulations

To evaluate our modifications to JULES-crop against an in vivo trial studying the
effects of PM deposition on crop yield, we ran JULES in single-point mode for the grid
cell corresponding to the latitude and longitude (28.64°N, 77.15°E) of the Indian
Agricultural Research Institute (IARI) - the location of the study by Mina et al. (2018). No
wash off and enhanced wash off were then simulated to generate an upper and lower
bound of potential crop losses. All simulated yield losses were then evaluated against
those observed in the study reported by Mina et al. (2018). Our simulations are
conducted with the same sow and harvest dates as seen in the IARI study, but by virtue
of our meteorological data embodying a 0.25x0.25 degree grid cell instead of the point
values found at the IARI study site, some differences between simulation and reality are
expected. Similarly, our enhanced wash off is driven by a lower threshold for rainfall
intensity at which PM is removed — in the Mina et al., 2018 study, this is instead driven

by additional manual leaf washing. Lastly, our no-washoff scenario is only a proxy for
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Mina’s enhanced deposition scenario where rainfall is prevented but windblown PM
removal is still likely to occur. Our own simulation does not allow PM removal by any
means. Despite these differences, this single site simulation gives a snapshot of the
similarities and differences between our own simulated PM deposition and reality, and
allows us to baseline how closely our simulated results are likely to be to reality given

these caveats.

3.2.3.3 Global Simulations

Global simulations were conducted for an average year using a 6-year
meteorological average, defined as the hourly ERA-5 driving data averaged between
2015-2020 for each grid cell across the globe. This aimed to identify the world regions
where PM deposition is most detrimental to cereal yields under present day conditions,
highlighting areas for further study and of potential importance to policy makers. These
simulations use our standard wash off mode. All estimations of average yield for global
simulations and regional simulations below exclude grid cells where crops did not pass
emergence. As is shown below in Figure 3.6, there are long tails to the yield loss
distributions for each simulation. Maximum values for colour bars are set to exclude

these outliers.

3.2.3.4 Regional Simulations

The effects of PM on crop yields across the NCP and IGP were then explored in
greater depth through a series of sensitivity tests. These simulations estimate upper and
lower bounds for crop losses due to PM deposition, and determine the variables
contributing most to the uncertainty in our estimated yield reduction. Interannual and
spatial variations in yield for each of the three crops are assessed for 2015-2020 for

each regional simulation.

Wash Off Sensitivity

We used our three wash off modes to explore the sensitivity of our simulated
reduction in yield to our assumptions of wash off thresholds. We repeated our baseline
simulations, which applied our standard wash off using two alternatives: no wash off and

enhanced wash off as described in Section 2.2.2
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PM Speciation Effects

Black Carbon (BC) is the primary light-absorbing component of PM; and is likely
to have a disproportionately large impact on yields. To investigate the influence of the
proportion of PM that is BC on estimated crop yield reductions we conduct a global
simulation in which all aerosol is assumed BC. In this simulation, we set F to 1.0 in Eqgn.
3. Eaps is thus equal to the mass absorption efficiency of BC, 8.6. We compare the

estimated losses to those simulated in the baseline standard wash off scenario.

Alternative PM Scenarios

Substantial increases in PM concentrations are still being recorded in many parts
of India (Vohra et al., 2021), and other industrialising nations, e.g., across sub-Saharan
Africa (Aliyu et al., 2018). Further simulations were carried out to explore potential crop
losses from increased PM levels on the IGP. We apply the high levels of PM observed
at IARI (Mina et al., 2018) across the entire IGP, keeping all other driving data as

before, and applying the standard wash off mode.

Although PM concentrations have fallen in China over recent years (Zhong et al.,
2021) current ambient PM concentrations are approximately equal to those used by
Bergin et al. (2001), although current day BC concentrations are less than 1/10th that of
the early 2000s. We apply the levels of PM recorded on the Yangtze River Delta
(YRD)YRD (Bergin et al., 2001) in our simulations for NCP to demonstrate the evolution
of PM deposition related yield losses over the past 20 years. Lastly, we further explore
the role of BC in PM deposition impacts by running both our IGP and NCP alternative

PM scenarios with a BC fraction of 10%, as was assumed in Bergin et al. (2001).

3.3.3 Results
3.3.3.1Indian Agricultural Research Institute (IARI) point simulations

Percentage reductions in rice yields simulated at IARI are comparable to those
observed for this site in 2015 by Mina et al. (2018). Simulated yield losses reached
21.5% with no wash off, and nearly 20% for “standard” wash off . Mina et al. (2018)
reported reductions of 14.9% for PB-1509 rice when rain was excluded from the trial

plots, i.e., when no wash off occurred. “Enhanced” wash off, i.e., assuming any rainfall
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removed deposited PM from the leaf surfaces entirely, resulted in simulated yield
reductions of ~8.7% in line with the 0-11.7% fall recorded by Mina et al. (2018) under
their enhanced PM removal conditions. Our standard wash off simulations for IARI
appear to somewhat overestimate yield losses compared with observations, but this is
most likely attributable to the considerably lower grid-cell average rainfall conditions
found in ERA-5 simulations which were used to drive these simulations in JULES-crop
(average of 5.5mm rainfall a day), as compared to the highly localised conditions of a

small-scale pot plant trial (17mm rainfall a day) (Section 3.1).

3.3.3.2 Global Simulations

Global simulations using our meteorological average show average global yield
reductions of 0.9%, 0.8%, and 0.2% for maize, rice, and wheat respectively (see Figure
3.3 below).
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Crop Yield 2015-20 Percentage Yield Reduction
Average Driving Data under MERRA-2 PM Flux
(T Ha™) and Standard Wash Off (%)

Figure 3.3. Simulated global yields ( t ha™®) for wheat (A,i), maize (A,ii) and rice (A,iii) using average of driving data from 2015-20, and

average percentage yield reductions under MERRA-2 PM flux with standard wash off (B, i-iii)
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Although these were low, losses in China and India were projected to be much
more sizeable: over 8% for maize and rice on the IGP and NCP. This drove us to further
investigate the impact of PM deposition in these two regions. Figure 3.4 below illustrates
the action of the model at a representative site on the NCP with high levels of PM
deposition, demonstrating both PM accumulation and removal alongside the effects of
this on accumulated carbon in the harvestable portion. We see that whilst PM is on the
leaf surface, we have a growing reduction in accumulated harvestable portion carbon
compared to that seen in unaffected crops. When a wash-off event occurs, the
harvestable portion begins to recover, until further PM deposition once more reduces

carbon accumulation.
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Figure 3.4. Reductions in carbon accumulated to the harvestable portion of a rice crop
at a single point for a site in China over its development for 2015 under standard wash
off vs precipitation and PM flux. Percentage reduction in carbon accumulated to the
harvestable portion of the crop (in red) and accumulation of PM (pink) over time are

shown alongside rainfall (blue).
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3.3.3.3 Regional Simulations

Baseline Yields
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Figure 3.5. Average simulated yields ( t ha) for (a) wheat, (b) maize and (c) rice for 2015-20 in (A) China and (B) India. The first

column shows baseline yields in the absence of PM deposition while the remaining columns show average yield reductions
from this baseline for MERRA-2 PM flux and (ii) no wash off, (iii) standard wash off and (iv) enhanced wash off.
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On the NCP, our average simulated yields for wheat (2.8 t ha') are lower than the 5.7 t
hal measured by C. Lu & Fan (2013) whilst our 8.8 t ha for maize are somewhat higher
than the 5.8 t ha* reported by Hu & Zimmer (2013). Simulated rice yields (2.7 t ha?) are
considerably lower than the China average of 6.95 t ha* (Crop Explorer - World

Agricultural Production (WAP) Briefs - China and Taiwan).

In India, our simulated 2.1 t ha* of wheat is lower than the measured 3.5 t ha
(USDA, Retrieved June 16, 2022) whilst the 9.3 t ha for maize is substantially larger
than expected, with yields of 3 t ha reported (USDA, Retrieved June 16, 2022).
Simulated rice yields of 1.8 t ha are somewhat below the recorded yields of 2.7 t ha?
(India: Yield of Rice 1991-2021 | Statista).

This paper focuses on the percentage change for yields on the NCP and IGP
after a given PM deposition perturbation. The JULES-crop model has some degree of
skill in simulating global yields, , but its most important ability for this study is a strength
in simulating the interannual variation of crop yields - accurately mapping the
percentage changes expected under changing meteorological conditions (Osborne et
al., 2015). It performs this task particularly well for rice and maize, though less well for
wheat. Due to this performance, a heavier emphasis is given to the simulated outcomes
for rice and maize over the minimal changes observed for wheat. For further information

about JULES skill in modelling interannual variability, please see Chapter 1, section 1.5.

Here our average yields are within a factor of 2 of actual yields for all
simulations, with differences that vary across the model domain. Given the results from
previous studies using JULES-crop, and the above results for IARI, we believe that this
model can be used to derive a useful first estimate of the potential percentage impact of

PM deposition on regional crop yields.
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Figure 3.6 Distribution of yield reductions for (i) rice, (ii) maize and (iii) wheat on the (A)
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NCP and (B) IGP with PM deposition rates calculated from MERRA-2 PM
concentrations for each of the “no” (blue), “standard” (orange) and “enhanced” (green)
wash off regimes described in 2.1.2. Note that the mean value does not reflect the wide
variance across each region in terms of yield loss, and that the violin plots have

extensive tails highlighting the influence of more extreme local factors.

Whilst the average yield reductions shown in Figure 3.6 suggest only modest
losses, it should be noted that reductions at some sites reach as high as 6-7 (Figures
3.3A, 3.4A). This is particularly evident for wheat, where despite small yield reductions
at a majority of locations, some growing areas exhibit substantial and significant yield
reductions of up to 8%. This illustrates the potential regional and global crop yield losses
that could occur if PM emissions continue to rise in industrialising countries.
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For both China and India, average simulated yield reductions were lowest for
wheat. In China, the greatest losses in all wash off scenarios were for rice, whereas in
India the greatest losses under standard and enhanced wash off scenarios were
simulated for maize. The degree to which a particular crop is affected is attributable to a
range of factors, including spatial and temporal variations in PM deposition and wash off
events, and differences in the growing cycles of the three crops. These are discussed in
detail in Sections 4.2 and 4.3 below.

We further observe that the differences in rainfall threshold between standard
and enhanced wash off are particularly important for rice grown in China, and maize
grown in India, where they substantially alter the distribution of yield reductions. While
the differences in yield reduction between standard and no wash off, enhanced and no
wash off, and standard and enhanced wash off may not be sizeable they are statistically
significant for all crops (with p-values <<107 for two-sample Kolmogorov-Smirnov (KS)
test).

It is also important to note that the average reductions presented here mask
large spatial variations across the simulated domains. While this is mostly related to
variations in precipitation and wind speed, and hence wash off, there are a number of

other potential explanations which we explore in Section 4.3.

BC-Only Simulations

Figure 3.7 illustrates the average PM and BC deposition fluxes derived from
MERRA-2 reanalysis over an average growing season. This demonstrates the

widespread nature of PM pollution across the model domain.
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Figure 3.7. The average (i) PM and (ii) BC-only deposition fluxes over (A) China and
(B) India for the 2015-2020 growing seasons.

For the average growing season (i.e., average values between sowing date and
harvest date for 2015-2020), BC accounts for as much as a quarter of all PM-associated
yield reductions across the NCP and over half of the losses on the IGP, despite only
accounting for an average of up to 0.77% of total PM across the duration of the crop
growing cycles in both domains. The absorption of light by deposited PM substantially
outweighs the effects of less light absorbing PM. The effects of light absorbance are
hard coded within our model (see equation 3), and are not substantially smaller than the
effect of the light scattering part of the deposited PM impact. BC is here apportioned the
entire light absorbing capability of deposited PM, but zero scattering fraction. The total
effects are therefore heavily dependent on our model. The reasoning for this choice is

seen in section 3.2.2.1.

Other light absorbing compounds, such as brown carbon, may also contribute to
this fraction of yield reduction and potentially reduce this role for BC in yield reductions.
This would not, however, change the total fraction of yield reduction attributable to the

relatively small number of highly light absorbing particles found in bulk PM.
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Figure 3.8. Average simulated yields ( t ha) for 2015-20 in (A,i) China and (B,i) India
alongside (ii) average yield reductions from this baseline using MERRA-2 BC-only flux

and (iii) the percentage of total PM-induced yield reductions due to BC.

Alternative PM Scenario

To explore the potential that increasing industrialisation, i.e., higher PM
emissions in each of the IGP and NCP, would further limit crop yields in the future, we
set PM fluxes to the highest levels recorded by Mina et al. (2018) and the levels used by
Bergin et al. (2001), respectively. We kept all driving data other than the PM flux, BC

percentage and resulting mass absorption coefficient, Eabs (see 2.1.1), unchanged.

For NCP, we set PM fluxes to the historic value of 0.612 mg m2h reported for
the Yangtze River Delta by Bergin et al. (2001). These simulations, without wash off,
result in comparable yield reductions to those found in the original regional simulations
(see 3.3.1), despite the reductions in PM occurring over recent years in the NCP. If the
fraction of BC is further elevated to 10% total PM, as reported in Bergin et al. (2001),
then yield reductions are significantly higher than those seen in the present day.
When the maximum PM flux recorded at IARI (17.1 mg m? h) by Mina et al. (2018) is
applied to the entire Indian model domain, simulated yield reductions are substantially
increased when compared against the baseline figures presented in Figure 3.5. This
results in an increase from 1.2% to 11% for maize, 0.7% to 4.5% for rice and 0.3% to
7.1% for wheat (See Figure 3.9 below). Furthermore, if BC is instead set to the much
higher levels seen in Bergin et al. (2001), then yield losses for all three cereal crops

increase substantially, nearly doubling for maize, tripling for wheat, and quadrupling for
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rice. These simulations provide an interesting window to understand the importance of

future emission controls, and are further considered below.

A) Stancard Washoff Standard Washoff B) Standard Washoff

Percentage Yield Percentage Yield Percentage Yield
i ixed Reductions - Spatially

Basoling Yield Varying Black Cas

leductions - Spatially
rbon
{tha) Fraction (MERRA-2) (%)

) Redu

Ea“'"’“{‘"wld Varying Black Carbon

{tha™) Fraction (MERRA-2)
(%}

,b{-}% Li;%t:‘r
08 [ |

ii,c ‘

Figure 3.9. Average simulated yields ( t ha) for 2015-20 in (A,i) China and (B,i) India
alongside percentage yield reductions from this baseline for alternative PM scenarios
using (A) Bergin et al (2001) PM flux and (B) Mina et al (2018) PM flux, with (ii) fixed
Bergin et al (2001) BC fraction and (iii) spatially varying BC fraction set from 2015-20

average (reductions for locations with successfully completed growing cycles).

PM prevalence during crop development and reproductive phases

Yield reductions resulting from unfavourable environmental conditions depend
not only on the magnitude, but also the timing of these conditions (e.g., Pinto et al.,
2020; Wolffe et al., 2021; Wollenweber et al., 2003). Here, maize yields are most
affected by PM deposition (followed by rice and then wheat) across both domains.
However, the total mass of PM, and the percentage, which is BC, deposited to wheat
over the growing season is higher than for maize or rice for both India (an average 0.6 g
m2 compared to 0.3 g m for maize and 0.1 g m~ for rice) and China (an average 2.6 g

m2 compared to 1.5 g m? for maize and 0.6 g m~ for rice).

The effect on yield is associated with the timing of PM deposition to leaves
during the crop growing cycle. Experimental data has suggested that crop yields are
considerably more sensitive to reduced PAR during the reproductive phase, when crops

prioritise the allocation of carbon to the harvestable parts over further leaf, stem, or root
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development (Dong et al., 2017; Yang et al., 2020). A crop that accumulates less PM
during the reproductive phase is able to allocate a greater proportion of carbon to
reproduction, i.e., setting of seeds, the harvestable portion of cereal crops. Figure 3.10
(below) summarises the total mass of PM deposited to each crop over their entire

growth cycle, and the fraction of PM deposited during the reproductive phase.

As shown in Figure 3.10, PM deposition across both NCP and IGP is skewed
through the crop growing cycles, with Chinese wheat receiving 28.1% of total deposited
PM during its reproductive phase, compared to 29.1% for maize and 23.4% for rice. In
fact, in India wheat receives an average 14% less PM deposition than maize during their
respective reproductive phases. In China, more PM is deposited to wheat during its
reproductive phase, but the distribution of wheat across the model domain means that
wheat receives significantly higher rainfall in this period than rice, reducing PM

accumulation.
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Figure 3.10. Total PM deposited to each crop during their growing season in China (A,i)
and India (B,i), alongside the percentage of that PM which is deposited during the
reproductive phase (ii). The figure in each panel shows the domain average PM

deposition over the growing season
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3.4 Discussion

Particulate matter (PM) is a ubiquitous air pollutant well known to affect human
health (Kim et al., 2015). It is now increasingly understood to impact crop yields (Alton,
2008; Bergin et al., 2001a; Greenwald et al., 2006; Niyogi et al., 2004; Strada et al.,
2015). Deposited PM is responsible for direct reductions in PAR transmission to the leaf
surface, and is an important but often overlooked mechanism by which PM affects crop
yields. It is vital that we fully understand the threat posed to food supplies by this
pollutant so that such risks can be mitigated. Here we clarify the magnitude of yield
reductions attributable to PM deposition, and the areas and crops most affected. This
highlights the potential extent of the problem and points toward the most important

emission-reduction measures required to reduce crop production losses.

3.4.1 Which world regions are most affected by PM deposition?

Global average yield reductions from PM deposition are below 1% (see Fig 2),
but substantially larger impacts are observed between and across some key agricultural
regions. For example, whilst PM deposition is projected to reduce maize yields over the
United States of America by an average 0.39%, in India, average reductions for all crops
are just below 1%, and spatial variation is high, with maize yield losses over 8% in
highly polluted areas. Similarly, on the NCP average maize yields are reduced by 2.4%,
more than double the global average, with peak losses of 8% found near the highly
polluted megacities of Shanghai and Zhengzhou. Because of the significantly larger
reductions experienced in China and India than elsewhere, further analyses focused on

exploring the driving factors contributing to yield losses in these two regions.

3.4.2 Factors governing the magnitude of PM deposition crop losses

The intense economic activity in the North China Plain (NCP) region results in
high PM concentrations and, hence, deposition rates. Our simulations suggest the
decrease in light reaching the leaf surface due to PM accumulation resulted in average
yield reductions of 2.4% for maize, 2.0% for rice and 0.3% for wheat across the NCP
between 2015-2020 with these averages masking wide variation (see Figure 3.5). For

example, rice yields in some areas close to megacities are reduced by as much as
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4.5%, while losses are negligible in the northeast of the simulated area (see Panel liic of
Figure 3.5A). The scale of yield losses is equally distributed between areas with high
and low potential yield, meaning that all areas, whether they have high or low

productivity, are equally likely to be affected by PM associated yield reductions.

The IGP in Northern India is also home to large economic and population
centres, with high PM emissions from industrial hubs, transportation, and energy
infrastructure. Here we see smaller average yield reductions, of 1.2%, 0.7%, and 0.3%
for maize, rice, and wheat respectively under our standard wash off regime. However,
the spatial variance is large for all crops. Highly polluted locations close to Delhi, Jaipur
and Kanpur experiencing losses of up to 8% for rice and maize. Across both IGP and
NCP, the spatial variation in losses are attributable to a confluence of local factors

including variation in total PM, rainfall, wind speed and BC content.

The BC-only simulations outlined in Section 3.3.2 indicate that BC has a
disproportionately high impact on crop yields . However, despite its key influence on the
absorption properties of bulk PM, in our global and regional baseline simulations
(presented in Sections 3.2 and 3.3) we find that increased BC content is correlated with
smaller yield reductions for most crops. This appears to be driven by a negative
correlation between average BC content and total PM flux, with higher BC
concentrations generally occurring in locations with lower total PM concentrations. The
exception to this relationship is Indian maize, where the larger levels of BC in the north
of the study area coincide more strongly with the maize than the rice cropped areas (Fig
3.5.B.ii). BC therefore contributes more substantially to maize yield losses here than rice
yield losses (See Figs 3.4.B,ii,b and c), with greater maize than rice yield reductions
under standard and enhanced wash off regimes (see Fig 3.2.B,ii,b). If applying these
results to observed reality, the impact from BC seen here should be interpreted slightly
more broadly as representing the broader class of all light absorbing PM particles.
These components appear to contribute an outsized impact on total yield reduction in
our model, strongly implying that a heavy BC or brown carbon pollution event would limit
crop yields. This is important for policy makers to note when permitting the installation of
highly polluting industrial or energy generation facilities in close proximity to crop

producing areas.

When interpreting these results for all crops, however, the relative skill of JULES
in modelling the interannual variation attributable to changes in SW radiation is an

important consideration. This skill, or lack thereof, informs the simulated effects of PM

100



deposition in our model. The parameterisation used here has been seen to capture
interannual variation of yields skilfully for Indian rice (Osborne et al., 2015), and further
work in recent years on the JULES-crop maize parameterisation has enhanced its
performance (Williams et al., 2017). These results are likely to be closest to what would
occur in vivo. Conversely, spring wheat in particular needs further work to validate these
results, performing less well for this task in Osborne et al., 2015. This could partially
explain the relative lack of change in wheat yields following PM deposition when
compared to the other crops studied. Further experiments are required to tune the
model to fully account for the impacts of PM deposition on crop yields.

3.4.3 Why are different crops so differently affected?

The other key driver of different levels of losses between the three cereal crops
is the fundamental difference in their growth cycles. The life cycle of a crop species can
be separated into three key stages: pre-emergence, vegetative, and reproductive.
During the vegetative phase a crop devotes its carbon and energy resources primarily to
growth and expansion. By contrast the plant ceases to put energy into growth during the
reproductive phase, instead allocating resources to producing the harvestable portion of

the crop.

Previous research has suggested that yields from a range of crop plants are
most sensitive to environmental stress during the crop reproductive phase. For example,
wheat and rice yields have been found to be considerably more affected by water stress
during the reproductive phase, possibly due to higher water requirements (Farooq, M.,
et al., 2014; Pinto et al., 2020). Extreme heat during the early reproductive phase
reduces wheat yields by up to 45%, although losses were reported negligible if the same
heat event occurs later in the reproductive phase (Wollenweber et al., 2003). One pot
trial found that wheat suffered up to 62% greater yield losses when combined heat and
drought stress are applied during the early reproductive flowering stage than if these
same stresses occur 21 days later during the late reproductive phase (Pradhan et al.,
2012). Model simulations by Wolffe et al. (2021) also suggested that PM-associated
changes in radiation reaching the canopy most strongly affect maize yields across the

NCP when they occur during the reproductive phase.
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The absolute and relative lengths and timings of the growth stages vary between
rice, maize, and wheat. These, together with the sowing dates and distributions of each
crop, govern the total PM deposited to the crop canopy during each growth stage.
Figure 3.10 illustrates that rice experiences, on average, lower total PM deposition than
either maize or wheat in both NCP and IGP, but that PM deposition is concentrated
during its reproductive phase. Rice also spends the least time in the reproductive phase
(40%) of the three crops, limiting the opportunity for wash off events to alleviate the rice
crop of accumulated PM during this phase, further compounding the effect. In
agreement with the research studies highlighted above which examined a range of yield
perturbations, we find that PM deposition is most impactful during the early reproductive
stage of crop development.

3.4.5 How substantial might the losses be in the future?

The alternative PM scenarios presented in Section 3.3.3 highlight how changes
to PM composition and increasing concentration may limit future food production. Over
the last 30 years, PM levels across China have changed dramatically. From 1990 to
2013, average PM2.5 concentrations increased ~50% (Lu et al., 2020), before declining
rapidly. For example, in Beijing these peaked at102 pg m=in 2013, before declining to
32 pg m2in 2022 (Statista, 2023). As a result, the PM fluxes recorded across the YRD
in 2001 (0.085ugm2s1) are only marginally higher than those seen across the NCP from
2015-2020. If PM fluxes were on par with those seen in the Yangtze River Delta in 2001
but with present-day BC concentrations, yield losses for maize, rice and wheat would be
up to 75% smaller. However, with the BC concentration measured in YRD in 2001, yield
reductions for both wheat and maize would only be 35-62% lower than in the present.
This highlights both the work remaining in terms of reducing bulk PM concentration on
the NCP, and the extent to which PM chemical composition can change the impacts of
PM upon crop yields.

However, if PM levels were to increase across the entirety of the IGP to those
observed at IARI by Mina et al. (2018), maize yields would fall by 11%, and rice by
4.5%. As crops from the IGP feed ~40% of India’s population, i.e., ~550 million people.
the implications of losses of such magnitude would be serious indeed. Furthermore,
crop exports from India are an important part of the regional and global economy. In
summer 2023, India banned the export of rice due to climate change driven yield losses.
Compounding such losses through increased PM pollution could further destabilise the

regional food supply. Furthermore, if the BC component increased to ~10% of total PM,
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i.e., to levels observed in the YRD circa 2001, our simulations suggest cereal crop
failures would reach as much as 20.1% across the Indian subcontinent. Under the most
severe future climate scenarios (SSP3 7.0), PM concentrations across South Asia,
including India, are expected to increase by an average 13 ug m= by 2050 (Shim et al.,
2021). India in particular is expected to suffer substantial PM pollution, with estimated
increases of 67% for PM2.5 by 2050 (Pommier et al., 2018). It is vital therefore to
understand the effects of PM deposition on IGP crop yields, to anticipate potential future
losses to this increased air pollution.

3.4.6 Limitations and future work

Our simulations demonstrate that PM deposition makes a non-negligible
contribution to global crop yield losses, and highlights the risk posed by potential future
increases in PM pollution. Although such losses appear modest on a global scale,
regional impacts are more substantive with average reductions of up to 2.5% for rice
across China, and as much as 8% in specific locations in China and India.

However, these results hinge on a number of modelling limitations, and are a
simplification of the reality experienced by crops in vivo. For example, the driving data
used here is reanalysis data, derived from a combination of measurements and model
interpolation. Whilst ERA-5 is a well-respected dataset which accurately captures many
variables, a recent review identified that ERA-5 may systematically underestimate
diffuse light compared to satellite retrievals (Jiang et al., 2020). Our use of a
climatological average dataset may smooth aberrant years, and give a strong average
picture of the changes driven by PM deposition, but it likely also includes some measure
of systematic bias in absolute crop-yield that could lead to differences between actual
and simulated crop yield responses. Similar systematic error may occur within the
simulated PM flux datasets, though, again, we are more interested here in identifying
the scale of possible change in crop yields from a given deposition flux, than in the
absolute yield change found for a specific year. It is for further in vivo experiments to
determine whether the scale of yield losses projected here are found in situ for real crop

plants.

While our simulations explore the potential range of losses due to PM deposition,
we acknowledge the considerable uncertainties in our estimates due to the paucity of
measurements for key parameters. The effects of PM deposition are likely to vary also

by cultivar, as well as species and stress, as demonstrated for rice by Mina et al. (2018),
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and previously for other air pollutants, e.g., ozone (Osborne et al., 2016, Pleijel et al.,
2019). The rates of PM flux are strongly dependent on leaf morphology (e.g., wax
content, leaf hair density, stomatal density) which varies substantially between plant
species and cultivar (Dzierzanowski et al., 2011; Hirano et al., 1995; Motai et al., 2018;
Wang et al., 2015). Furthermore, the structure and density of the crop canopy affects
canopy space aerodynamics and, hence, the rate of PM deposition via gravitational
settling, and wet and dry deposition. A more granular parameterisation of variations in
leaf morphology and canopy structure for different crop varieties across time and space,
would enable better parameterisation of the accumulation and retention of PM on crop

surfaces.

Other observed and theoretical effects of deposited PM have not been included
here as they remain largely speculative. Further experimental evidence is required, for
example, of the reduction in yield due to limitations in gas exchange arising from PM
blocking, or directly damaging, stomata (Hatami et al., 2017; Mina et al., 2018; Mina,
Singh, 2013; Zia-Khan et al., 2015). Reduced evapotranspiration under warming
climates may increase leaf temperature beyond the optimal for efficient photosynthetic
processes, and thereby reduce growth. Similarly, our model makes a number of
simplifications - the model assumes that PM is evenly distributed across a given canopy
layer, and makes no account of the effects of changing PM thickness within the canopy.
This could lead to an overestimate of the average effect of PM deposition but an
underestimate of the effect at specific highly polluted sites. Similarly, we ignore the light
absorbing component of PM patrticles outside of black carbon, when brown and organic
carbon can make a substantial contribution to light attenuation. We also assume a rigid
canopy distribution and cropping density for each crop, and variations in these will have

real world impacts on how readily deposited particles can be removed by wind or rain.

Furthermore, we also ignore the effects of airborne PM on incoming PAR for this
study, choosing to focus purely on deposited PM as an underexplored perturbation of
crop yields. By excluding this phenomenon here, we do not capture the full extent of PM
associated yield reductions within this paper, only this specific aspect. One recent
modelling study estimated yield losses for maize on the NCP of ~3% from light
perturbations attributable to airborne PM (Wolffe et al, 2021). Combining these losses
with those attributable to deposition would give maize yield reductions of ~5% over the
NCP, a sizeable total impact. The interactions between the direct and indirect effects of

PM should be considered in further research.
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Lastly, interactions between PM and ozone pollution remain a major source of
uncertainty. Tropospheric ozone is a well-known phytotoxin and is highly deleterious to
crop growth and yields (e.g., McGrath et al., 2015; Mills et al., 2018). One recent study
found deposited PM to reduce ozone absorption through stomatal blockage (Sharma et
al., 2021), and airborne PM has been demonstrated to reduce ozone pollution by taking
up free radicals involved in ozone formation (lvatt, Evans, and Lewis., 2022). As PM
emissions and concentrations have declined in China post-2013, ozone levels and
associated crop losses have increased, a synergy expected to continue in the near
future. Further observational studies are therefore required to examine the relationship
between PM-induced changes in radiation intensity and quality, PM deposition, ozone
formation, and subsequent crop losses.

3.5 Conclusion

Our simulations show that PM deposition to leaf surfaces reduces PAR
transmission, and on average, causes small but significant yield losses for all crops.
More substantive localised losses for rice and maize are seen in the key crop-growing
regions of North-Eastern China and Northern India. As PM emissions increase in
developing nations, it is important to further our understanding of how this pollutant may

disrupt future food supply in these often food-insecure areas.

However, our simulations also demonstrate that further research is required to
better understand the role of ambient weather in reducing PM accumulation on crop
leaves through wash off. Ideally a range of in vivo studies would be conducted to identify
the extent to which each of the crops simulated here respond to PM deposition fluxes in
the field. These could then be utilised to tune our modelling results, and ensure greater

confidence in regional and global yield loss projections.

Furthermore, our model would then be extended, to include the effects of
deposited PM on stomatal conductance and leaf temperature, and to investigate the
interaction of ozone and deposited PM. The response of different rice, maize, and wheat
cultivars to PM must also be explored to ensure a fuller understanding of how PM may

affect global crop yields.
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Abstract

Particulate matter (PM) is a pollutant of potential concern for food production,
and crops on the Indo-Gangetic Plains of India experience uniguely high peak PM
concentrations. However, PM composition and concentration are highly seasonal on the
Indian subcontinent, subjecting crops to varying concentrations of varied PM
components across their growth cycles. The timing of an environmental perturbation
within a crop’s development cycle can significantly alter how they affect final yield, and
this work explores how the impact of PM pollution can change throughout a crop’s
development cycle. The JULES-crop model is used here to simulate the impacts of PM
on Indian wheat, maize, and rice throughout their lifecycles.

When combined, deposited and airborne PM were found to affect maize and rice
yields most substantially during their late vegetative stage. However, the sign of change
was not consistent across the simulated crop. On average, maize yields changed by
15.3% with early vegetative stage PM exposure, whilst rice yields changed by 32.6%.
However, for rice, yields increased across the entire model area, whilst maize
experienced losses in central and southern India, but yield increases in the north.
Splitting PM deposition and light effects, we find average losses of -1.2% and -0.8% for
deposition alone and average changes of 14.5% and 33.5% for light alone in maize and

maize respectively.

For wheat, exposure to PM during the early vegetative stage was substantially
more impactful. When PM deposition and light effects are combined the magnitude and
scale of change varies drastically across the simulated area, up to a maximum of
+119% and minimum of -88%. However, given the length of the wheat early vegetative
stage, the greatest impact per unit time of PM exposure comes during the late
reproductive stage.

We recommend that further in vivo research be conducted to validate model
outputs, and advise agronomists to examine how the sowing and harvest dates of

sensitive crops may coincide with high pollution events.
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4.1 Introduction

Over 50% of all human caloric intake is accounted for by wheat, rice, and maize
(OECD, 2021), making them critical for the global food supply. During their growth cycle,
these crops progress through a number of development stages between sowing and

harvest, and exhibit differing sensitivity to environmental stimuli during each stage.

During the vegetative stage, crops emerge and allocate accumulating biomass to
expanded roots, leaves and stems, and temperature sensitivity at this stage is often
higher than later in development. For example, maize is known to be particularly
susceptible to colder temperatures during this development stage (Hatfield et al., 2015).
This additional susceptibility to one environmental stimulus at a particular development
stage raises the question as to whether other stressors would also have more effect on

final yield if applied at this point.

During the later stages of development, carbon allocation shifts from leaf and
stem growth toward the reproductive organs. In this stage, crops produce flowers and,
upon pollination, the seeds, and any supporting growth structures such as husk leaves
in corn or wheat. This is referred to as the reproductive stage. Wheat and rice crops are
particularly susceptible to water stress during this stage due to increased water
demands during flowering (Wollenweber et al., 2003; Farooq et al., 2014; Pinto et al.,
2020). Similarly, extreme heat reduces wheat yields by 45% more when it occurs during
the late vegetative or early reproductive stage compared to the late reproductive stage
(Wollenweber et al., 2003). One explanation given for this phenomena is that earlier
extreme weather events stunt early crop growth, resulting in fewer flowers surviving to
maturity, and consequently fewer mature seed heads (Farooq et al., 2014). In a
changing climate, new crop varieties are needed to survive extreme weather patterns
and changing ecologies (Acevedo et al., 2020). It is necessary to better understand how
different stressors affect crop yield at different development stages to ensure maximal
crop yields in the future. In doing so, farming practice and cultivar selection can change
to facilitate planting and development of crops in ways that minimise exposure to

environmental perturbations.

The Indian subcontinent is particularly likely to suffer ill effects of climate change,
with increases in extreme weather events expected to reduce cereal crop yields by 9%

over the next 30 years (IPCC, 2022). Carbon dioxide from fossil fuel combustion is
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responsible for most of the warming, but this is not the only combustion product which

may limit regional food supply.

Particulate matter (PM) is an important air pollutant, produced from combustion
alongside a range of other processes (see Introduction, Table 1.1). PM constitutes a
mixture of different particles, with a large size and species distribution. These particles
have been studied extensively in relation to human health (see e.g., Wang et al., 2015).
In particular, PM2.5, i.e., PM patrticles which have an aerodynamic diameter smaller
than 2.5um, have been recognised as a significant public health risk, and linked to
myriad human diseases from bronchitis to Alzheimer’s disease in a range of studies
(see e.g., Kim et al., 2015). Focus on this pollutant by policy makers has led to
significant reductions in PM across Europe, America and much of China (Hammer et al.,
2020). However, PM pollution is tightly linked to industrial activity and economic
development, and concentrations are currently increasing in many developing
economies (Kaur & Pandey, 2021). This is particularly evident in India, where PM levels
are extremely high. For example, whilst the WHO recommends average annual
exposures of no more than 5 pg m* (reduced from 10 ug m= as the risks become more
evident) to minimise human health impacts, the most populous cities on the Indo
Gangetic Plain (IGP) experienced average concentrations above 65 pg m for the first
three months of 2020 (Das, Manob et al 2021) and hourly concentrations can still reach
as high as 98 pg m= in Delhi, the largest city within this region (PIB Delhi, 2023).

As well as being a vital population centre, the IGP is critical to India’s food
supply, providing food for ~40% of the country’s population (AgMIP, accessed 01-10-
2022). Some research suggests that PM is not only detrimental to human health, but
may play a role in reducing regional crop yields (Alton, 2008; Greenwald et al., 2006;
Niyogi et al., 2004; Strada et al., 2015, Mina et al., 2018, Wolffe et al., 2021 (Chapter
2)). Significant crop losses in this region would be extremely hazardous to the region’s
food supply. Further examination of the role of PM in reducing crop yields is therefore
vital, especially given the increasing PM concentrations across much of the globe
(Hammer et al., 2020).

Whilst a number of researchers have begun to investigate the role of PM in crop
health, the existing literature is somewhat conflicting. This is partly due to the
heterogeneity in distribution and properties of different PM patrticles. Some, such as
black carbon (BC), are highly light absorbing, reducing the amount of photosynthetically

active radiation (PAR) which is able to reach the planet’s surface (Lohmann, U., &
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Feichter, J., 2005). Given the strong linear relationship between PAR exposure and
photosynthesis rates (Sun, Dongbao, and Qingsuo Wang. 2018), less PAR reaching a
leaf canopy will ultimately reduce crop yields (Brocklehurst et al., 1978; Li et al., 2010;
Sridevi & Chellamuthu.2015; Tsimba et al., 2013).

However, some PM patrticles such as sulphates are more likely to scatter
incoming PAR photons than absorb them. When PAR is scattered it reaches the surface
in a more diffuse pattern than would otherwise be the case, and this diffuse light can
penetrate deeper into plant canopies than direct light (Li et al., 2015). This can increase
radiation use efficiency (RUE), with dark under-canopies increasing their photosynthesis
rate at the meagre expense of lowering light-intensity at the already light-saturated
upper canopies. A number of in vivo (Alton et al., 2007; Gu et al., 2002; Niyogi et al.,
2004, Strada et al., 2015) and in silico (Mercado et al., 2009; Rap et al., 2015; Roderick
et al., 2001; Xie et al., 2020) studies have therefore suggested a ‘diffuse light fertilisation
effect’, whereby PM-induced changes in PAR raise RUE and drive an overall increase in
photosynthetic rates and gross primary production (GPP; total carbon fixation by an
ecosystem in a given time period). However, other studies suggest that this is only the
case for forest ecosystems, whereas the more open canopy structure of crops means
that yield gains from the diffuse light fertilisation effect are smaller, and offset by
reductions in total PAR (e.g., Cheng et al., 2015, Wolffe et al., 2021).

Furthermore, the effects of airborne PM are compounded by PM deposition to
crop surfaces. Field experiments have shown that rice yields can be reduced by up to
7% (Mina et al., 2018) due to PM deposition to leaf surfaces, an effect attributed to the
synergistic effects of the direct interception of incoming PAR, and blockage of stomata
leading to increases in leaf temperature above the photosynthetic optimum (Hatami et
al., 2017, Mina U., Singh, R., 2013). The important Mina et al., 2018 study is described
in further detail in Chapter 1, section 1.3.2.2 and 1.5, and in Chapter 3, section 3.1.
However, despite a few high quality pot and field trials, the overall impacts of PM
deposition to crop surfaces has been poorly studied, with very few researchers
considering the effects of this phenomenon (Hatami et al., 2017, Mina U., Singh, R.,
2013, 2018, Zia-Khan S, et al., 2015).

Given the extent of PM pollution over the Indian subcontinent (Gorai et al., 2018;
Gupta & Kumar, 2006), its status as a centre for PM deposition impact research (e.qg.,
Shim et al., 2021; Mina & Sigh, 2013), and the likely impacts of climate change over the

subcontinent (IPCC 2022), India presents a unique location where the differential effects
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of PM on crops at different development stages may be uniquely important. This paper
uses the Indian subcontinent as a test location to examine how the timing of PM
perturbations relative to crop development stage affects regional crop yields. We apply a
modified version of the JULES-crop model (see Chapter 3, section 3.2) to understand
and assess the impacts of PM pollution at different development stages for spring
wheat, maize, and rice. This work highlights the importance of understanding the
complex interactions between crop development cycles and their environment, and

demonstrates the strengths and limitations of a model-based approach to this question.

4.2 Materials & Methods
4.2.1 Model Parameterisation

The Joint UK Land Environment Simulator (JULES) is an established tool for
studying crop yields at single sites (Williams et al., 2017; Kimball et al., 2019; Wolffe et
al., 2021), and for simulating the global scale variability in crop yields attributable to
changing meteorological conditions (Osborne et al., 2015). The modified JULES-crop vn
5.4 described in Wolffe et al. (2023; in preparation, see Chapter 3) is used for all model
simulations described in this paper utilising the “standard wash off mode”. The skill of
the JULES-crop model in evaluating the effects of changing meteorology on crop yields
is a particular strength of the model (Osborne et al., 2015, Williams et al., 2017, see
Chapter 1, section 1.5 for detailed discussion) making it suitable for the purposes of this
research. The version used here includes PM deposition to crop leaves, and a
parameterisation of the impact of deposited PM on photosynthesis and productivity. This
enable us to estimate the impacts of future PM deposition on crop yields at different

crop development stages (Wolffe et al., 2023; in preparation, see Chapter 3).

All simulations are conducted on a 0.25° x 0.25° grid for a model domain
extending from 15.0°N, 66.0°E to 36.0°N, 93.0°E. This region (shown below in Figure
4.1) captures Northern India and extends to parts of Pakistan and Nepal in order to
encompass the full extent of the IGP. Hourly average climatology for the years 2015-
2020 (including direct and diffuse shortwave radiation, long wave radiation, 2-m air
temperature, windspeed, surface pressure, specific humidity, and precipitation) is taken
from the ERA-5 reanalysis dataset (Hersbach et al., 2018). Land cover for all
simulations was taken from MODIS AQUA-TERRA product MCD12C1 at 0.05°

resolution and regridded to 0.25°.
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As in Chapter 3, PM deposition fluxes were taken from MERRA-2 reanalysis
product M2T1NXADG (GMAO 2015) by combining the dry deposition flux of black
carbon (BC), organic carbon (OC), sulphates, sea salt, and mineral dust. The sum of
PM component fluxes is what is meant by PM deposition throughout the experimental
methods section. Bulk PM was regridded to a 0.25° grid by bilinear interpolation. The
fraction of total PM which is BC is taken from the same MERRA-2 reanalysis product,
and is used to derive Eabs - see Chapter 3 Section 2. An average year for this data was
constructed in the same manner as for the meteorological driving data from ERA-5.

Crop distribution and most likely sowing and harvest dates were taken from
lizumi et al. (2019) for the years 2015-20 and average values for each timepoint
calculated for each grid cell, as described in more detail in Wolffe et al. (2021; See
Chapter 2). Yields are calculated from the total carbon allocated to the harvestable
portion of the crop at the end of the crop development cycle, which is converted to dry t
ha™ following the methodology outlined in Williams, et al. (2017). Percentage yield
changes for perturbed simulations are calculated relative to the yield of a baseline
simulation in which PM deposition is set to zero.

Ahmedabad | o vKoIkgta
o Nagpur -
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"?".
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Figure 4.1. The model domain with a number of major cities labelled to aid

interpretation of results - image created using seaborn and matplotlib.
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4.2.2 Development Stage Perturbed simulations

In addition to the baseline simulation described above, a series of perturbation
simulations are conducted in which PM concentrations vary during different
development stages. As described in Chapter 1, section 1.5, these development stages
are defined within the JULES model via the variable DVI, a measure of crop
development, using a scale running from -2 to +2. A DVI of 0 corresponds to the
emergence of the crop. Between 0 and 1, a crop is in the vegetative development stage,
corresponding to the time a crop spends allocating fixed carbon to expansion and
growth of leaf, stem, and root components. Between a DVI of 1 and 2, a crop is in its
reproductive phase when carbon stores are remobilised, and GPP is dedicated toward
producing the harvestable fraction of the crop. These stages are further subdivided here
into early vegetative (DVI = 0.0-0.5), late vegetative (DVI = 0.5-1.0), early reproductive
(DVI = 1.0-1.5) and late reproductive (DVI = 1.5-2.0).

The relative duration of each development stage varies both between crop
species, and by growing location within the model domain (due to ambient
meteorological conditions and varying sowing and harvest dates). See Figure 4.2 below
for a breakdown of the distribution of sowing and harvest dates, and 4.3 for an example
of the growth cycle for each of the three crops in a single grid cell where all three are
grown at different times of year and for different durations.
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Figure 4.2. Distribution of sowing and harvest dates for wheat, maize, and rice across

the simulated area.
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Figure 4.3. Example of the different development stage durations and timings within the

year for each crop in a single grid cell at 26.0°N, 76.0°E . The monsoon season is

marked with two black lines, with monsoon typically falling between this period.

4.2.3 Radiation and Deposition Perturbations

In perturbed scenarios, an average year is still calculated for all non-perturbed
meteorological driving variables (long-wave radiation, precipitation, windspeed, surface
pressure, 2m temperature and specific humidity) using ERA-5 driving data at a 0.25°x

0.25° grid resolution.

To obtain a value for a semi-realistic worst-case scenario for PM fluxes in
perturbed simulations, data were taken from AerChemMIP. This is a model
intercomparison project which investigates future climate and aerosol concentrations
and fluxes under climate scenarios compatible with the IPCC Shared Socioeconomic
Pathways (SSPs; IPCC 2022; Collins J, Lamarque J, Schulz et al., 2017). We use
simulated aerosol fluxes for 2050 calculated as sum of black carbon, organic carbon,
sulphate, sea salt and dry dust deposition using SSP3-7.0 (a high emissions future
simulated by the NorESM2-LM model (Norwegian Climate Centre, 2020) over the model
domain. To reduce variance over the simulated domain and remove extraneous
variables, the spatio-temporal average PM flux was used across all grid cells between

the earliest sowing date and latest harvest date (0.173 mg m= h?). This is a substantial
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level of PM deposition, in line with that used in Bergin et al. 2001, and similar to the

present day PM fluxes on the NCP.

A constant mass absorption coefficient of 0.259 was calculated following the
methodology in Chapter 3 Equation 2, using the spatio-temporal average black carbon
concentration. For each perturbation simulation, this 2050 average PM flux was applied
for the entirety of a given development stage. PM deposition for the rest of the

simulation set to zero as per the baseline simulation described in Section 2.1.

Linear regressions were then determined between PM flux and shortwave
radiation (SW; R?=0.63) and PM flux and diffuse fraction (R?=0.73) for the 2015-20
average driving dataset. These relationships were used to deduce average day time
values of SW and diffuse fraction given the 2050 level PM flux (in a similar manner to
Wolffe et al., 2021, see Chapter 2). As in Chapter 2, sections 2.4-2.5, SW (224.14 W mr
2) and diffuse fraction (0.45) are applied during daylight hours for each grid cell for each
of the development stages. This fixed SW flux is clearly a substantial reduction in total
SW which may limit the growth of some crops and overestimate the effect of airborne
PM on crop yields. However, the fixed value facilitates ready comparison across the
entire simulated region, and allows comparison of the simulated gains/losses with those
seen in Chapter 2. By removing the variation in SW across timesteps and across grid
cells, we can compare results regionally and remove extraneous variables when

attempting to determine a percentage change.

In a final set of perturbation simulations, airborne and deposited PM effects are
applied simultaneously during each development stage in turn. The resulting crop losses
demonstrate the potential total effects of PM on crop yield. Model output is used to
explore whether light and deposition effects are synergistic, and is used to assess
whether the combinatorial effect is greater at one development stage than another. The
range of perturbations used within this study are highlighted in Table 4.1 below.
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Variables

Baseline
Simulation

Development Stage
Pertubed Simulations

Total SW Radiation

Hourly average
climatology for the
years 2015-2020
from ERA-5

Hourly average climatology
for the years 2015-2020
from ERA-5then 224.14 W
m-2 during perturbed
development stage.

Diffuse Fraction of SW Radiation

Hourly average
climatology for the
years 2015-2020
from ERA-5

Hourly average climatology
for the years 2015-2020
from ERA-5,then 0.45
during perturbed
development stage.

Particulate Matter Flux

No particulate
matter flux

0.173 mg m-= h-iduring
perturbed development
stage.

Other Meteorology (Long wave
radiation, 2-m air temperature,
windspeed, surface pressure,
specific humidity, and precipitation)

Hourly average
climatology for the
years 2015-2020
from ERA-5

Hourly average climatology
for the years 2015-2020
from ERA-5

Crop Distribution and most likely
Sow Date

lizumi et al. (2019)
for the years 2015-
20 and average
values for each
timepoint
calculated for each
grid cell, as
described in more
detail in Wolffe et
al. (2021; See
Chapter 2).

lizumi et al. (2019) for the
years 2015-20 and average
values for each timepoint
calculated for each grid cell,
as described in more detail
in Wolffe et al. (2021; See
Chapter 2).

Table 4.1 Summary of the different variables used in each simulation.

4.3 Results

Simulated crop yields for an average year vary somewhat from observed results

over the simulated area. Average wheat yields of 1.3 t ha of wheat are substantially
lower than the measured 3.5 t ha* observed in 2021 (USDA, Retrieved June 16, 2022),

and simulated rice yields of 1.7 t ha* are also below the recorded yields of 3.4 t ha in

117



2021 (India: Yield of Rice 1991-2021 | Statista). These yields are closer to those
observed in 2015, the earliest timepoint used in calculating our average year, when rice
yields were 2.4 t ha! (India: Yield of Rice 1991-2021 | Statista) and wheat yields were
2.8 t ha* (India: Yield of Wheat 1991-2021 | Statista), though still not close to the
observed value. It should also be noted that annual yield figures for wheat include winter
wheat, whereas our simulations only include spring wheat. Conversely, our simulations
produce a maize yield of 8.8 t ha! which is much larger than the reported yield of 3 t ha*
in 2021 (USDA, Retrieved June 16, 2022). These results are comparable to those seen
in Osborne et al., 2015, where maize routinely overestimates yield, but rice and wheat
yield are below expected values. This is seen despite the improvements to the maize
model carried out by Williams et al., 2017, where maize yields were tuned to match
those observed in a range of Fluxnet sites in Nebraska, USA. The differences here may
originate from differences in crop variety or farming practices between areas where the
model was tuned and the simulated region, and further model tuning is needed to

generate yields that are closer to observed reality.

However, absolute yield is not the focus for this study. This work aims to study
percentage changes in yields of wheat, rice, and maize under different PM scenarios.
The most similar analogy to this is modelling interannual variation, whereby JULES-crop
is tasked with capturing how different meteorological conditions translate to a
percentage change in end-point yield. JULES-crop is more skilled in simulating this
phenomenon than simulating absolute yield, especially for rice and maize,(Osborne, et
al., 2015). Wheat is the weakest performing of the three crops for this purpose, so more
caution should be applied when interpreting results for this species. Model artefacts are

an important consideration when interpreting results.

Despite these caveats, we believe that JULES-Crop is an appropriate tool for
beginning to investigate this research question. Further in vivo experimentation and
model validation is, however, essential to consolidating our understanding of the effects
of PM on regional crop yields. Further detail of the strengths and weaknesses of JULES-

crop is included in Chapter 1, section 1.5.

4.3.1 Direct Effect of PM
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Total yield losses from exposure to PM deposition are significantly different for
each PM perturbation, with wheat crops consistently the most affected (losses of up to
28% relative to the baseline simulation). Maize and rice appear considerably less
affected (maximum yield losses of 1.2% and 0.8% respectively). There are small (~1%)
but significant (p<0.05) differences in the effects of deposited PM applied at different
stages of crop development for wheat, and significant and sizable percentage
differences in yield reductions for maize and rice (one order of magnitude difference,
see Figure. 4.4) between PM deposition occurring at different development stages.

For maize and rice, yield losses due to PM deposition during the early vegetative
stage are circa an order of magnitude greater than those seen during other development
stages. For wheat, although yield reductions are also highest for PM events during the
early vegetative stage, there is only an average 0.2% difference in impact between
simulated yields for each of the development stage perturbations.
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Figure 4.4. The baseline yields for wheat (a,i) maize (b,i) and rice (c,i) across the study
area, annotated with the domain mean yield. Below these are the percentage yield
losses with the application of PM deposition during the early vegetative stage (ii), late
vegetative stage (iii), early reproductive phase (iv) and late reproductive stage (v),

annotated with the mean yield reductions for the domain.

4.3.2 Indirect Effect of PM

PM-related light perturbations result in a yield increase in maize and rice crops
for the majority of grid cell locations within the model domain. These effects appear
counterintuitive given average SW radiation reaching the top of the crop canopy is

reduced across all grid cells. However, as shown in Wolffe et al. (2021) the increase in
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diffuse fraction (here ~80%) above the average value outweigh the effects of reduced
SW for maize and rice in a majority of simulated locations (see Figure 4.5.B and 4.5.C
below). Whilst this is an artificially high diffuse fraction for any area, this serves to
illustrate the potential for a relationship between diffuse fraction and light intensity
whereby the diffuse light fertilisation effect is highly beneficial (as observed in a number
of field studies, e.g., Niyogi et al., 2004; Strada et al., 2015). Again, the greatest effects
from PM perturbation are observed for changes in light during the early vegetative
phase. This implies that at high levels of diffuse light fertilisation, early crop growth or
stunting is more impactful for end-point yield than alterations to carbon assimilation
during the early reproductive phase when seed setting occurs.

For wheat, the changes to the light profile result in sizable yield decreases
across much of the model domain (Figure 4.5.A). The magnitude of these changes is
also in excess of the changes in maize and rice yield for all perturbations. This is
discussed in greater detail in section 4.1.2 below. Interestingly, this is considerably
different to the results seen in Chapter 3, where wheat was least affected by PM
deposition. There are a number of potential reasons for this result discussed in detail in
4.4.1 and 4.4.2, however when interpreting these results, it should be noted that the
parameterisation of this crop is the weakest of the three studied (Osborne et al., 2015).

Also note that the direction of change is different between different grid cells.
This is partially due to the artificial nature of the simulations conducted here. As SW and
diffuse fraction are set to a fixed value, this represents an increase from the average
baseline value experienced for some grid-cells, and a decrease for others. The absolute
change will vary across the region, and therefore alter the direction of effect. For
example, one grid cell may experience an increase in average diffuse fraction whilst
another experiences a decrease. This will clearly cause a change in the diffuse light
fertilisation effect between these grid cells. The purpose of these simulations and using
a fixed value is to gauge the development stage where the greatest change occurs, not

to identify the actual scale of impact in the real world.
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Figure 4.5. The baseline yields for wheat (a,i) maize (b,i) and rice (c,i) across the study
area, annotated with mean yield for the location. Below these are the percentage yield
losses experienced across the model domain with the application of PM associated
changes to SW and diffuse fraction during the early vegetative stage (ii), late vegetative
stage (iii), early reproductive phase (iv) and late reproductive stage (v), annotated with
the mean yield change (absolute change taken for simulations with positive and

negative changes).

4.3.3 Total Effect of PM

The cumulative effects of combined changes in PM deposition and radiation are
shown below in Figure 4.6, and appear approximately additive. The small yield
decreases for maize and rice due to deposition are outweighed by the yield gains arising
from an increase in diffuse fraction, and in spite of the slight decrease in average SW in

122



the simulated area. For wheat, however, we see that the combined negative impacts of
deposition and light changes are little different to the effects of light alone. This is simply
because incoming PAR has been perturbed to such an extent, that further deposited PM
is not having a substantial impact on light penetration to the crops . However, in vivo,
these combined effects may instead trigger the early onset of crop senescence,
substantially reducing yields.
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Figure 4.6. The baseline yields for wheat (a,i) maize (b,i) and rice (c,i) across the study
area, annotated with mean yield for the location. Below these are the percentage yield
changes experienced across the model domain with the application of PM associated
changes to SW and diffuse fraction during the early vegetative stage (ii), late vegetative
stage (iii), early reproductive phase (iv) and late reproductive stage (v), annotated with

the median yield reduction’s locations with yield losses over 1%.

4.3.4 Development stage dependence - Model Findings

We find that the largest changes in yield for all three crops occur when PM
deposition, or PM associated light perturbations occur during their early vegetative
stage. However, when both deposition and light perturbations are applied, the early
vegetative stage remains most affected for wheat, but the late vegetative phase is most
critical for rice and maize. This cannot solely be attributed to the length of time each
crop spends in each development stage. For example, simulated wheat spends an
average of 65% of its life cycle in the early vegetative stage, but for deposition only
simulations, the wheat crop on average only suffers 0.3% greater yield losses from early
vegetative stage perturbations than any other perturbation (27.6% vs 27.3%).
Conversely, simulated maize spends an average of only 31% of its life cycle in the early
vegetative stage, but including PM deposition during this development stage causes 17
times the yield reduction of the next greatest yield reductions, which occur during the
late vegetative stage. If the yield reduction for each perturbation is weighted by the
average length of time each crop is exposed to a PM perturbation, we see that the most
impactful development stage perturbation for wheat (as % yield change per hour of PM
deposition) is the late reproductive stage because of the much shorter period spent in
this development stage. For maize and rice, the early vegetative stage still remains most
impactful. See Table 4.2 below for a full breakdown of the percentage yield change per

hour of PM deposition at each development stage.

Development Wheat Maize Rice
Stage

Early Vegetative | 55030, -0.0051% -0.0024%
Stage

Late Vegetative -0.0565% -0.0003% -0.0003%
Stage

Early Reproductive | -0.1869% -0.0002% -0.0002%
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Stage

Late Reproductive -0.5216% -0.0002% -0.0002%
Stage

Table 4.2. Percentage yield loss per hour exposure to PM deposition by development
stage at exposure

When interpreting our yield losses, the reader should understand that all losses
are driven by a reduced carbon assimilation to the harvestable portion of the crop during
the early reproductive stage. In maize and rice, the early stunting of the crop means that
the plant is smaller during this early reproductive stage, and thus carries out less
photosynthesis. This reduces carbon assimilation during this period. Here we observe
that simulated early stunting is more impactful than any effect of PM later in the

development cycle.

Wheat appears to be much more significantly affected at all development stages
than rice or maize, although this should be couched in an understanding that JULES
likely has less skill in simulating the effects of PM on wheat than maize or rice. The
result is also partially explained by differences in the average SW reduction experienced
by each crop. For maize and rice, for any given development stage perturbation is
between 31-419%, but for wheat this is as much as 45-48%. Meanwhile, for maize and
rice, we find that the percentage increase in diffuse fraction for the early vegetative
stage is 4.4 and 7.9 times higher (respectively) than in the next highest development
stage (the late vegetative stage).This results in larger yield increases for these
simulations (seen in Figures 4.4.3.B.i and 4.4.3.C.i compared to 4.4.B.ii-iv and 4.4.C.ii-
iv). The impacts of PM throughout wheat development are then greatly amplified by the
relatively extended wheat development stages. In particular, the early vegetative stage
takes place over a substantially longer period than might be expected. This is partly
attributable to model artefacts, and should lend caution to any over-interpretation of the

wheat results.

4.4 Discussion

4.4.1 PM deposition and development stage dependence
In deposition only simulations, the effects of PM deposition during the early

vegetative stage are an order of magnitude greater for maize and rice than during any
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other development stage. However, wheat suffers substantially greater yield losses than
any other crop, and there is a less pronounced difference between the differently timed
perturbations. The differences between wheat and the other crops are driven primarily
by 1) the longer wheat development cycle, and 2) lower rainfall during wheat
development at the most highly affected locations resulting in greater accumulation of
PM to the leaf surface. The average simulated growing cycle for wheat post emergence
is 67 days, versus 37 for maize and 41 for rice. By applying a constant perturbation for
each development stage in turn, a crop spending a longer time in that development
stage experiences a larger change in yield. The low precipitation across much of the
wheat growing area then compounds the effects of PM deposition, with lower rates of
PM removal by precipitation for wheat than for either maize or rice (an average 13.4%
fewer PM removing rainfall events for wheat per affected grid cell than maize, and
11.6% fewer than rice). These areas are also likely to be those most affected by drought
or other extreme weather in the future, suggesting that the effects of PM may compound

on already reduced vyields.

The substantially higher yield reductions in wheat than rice or maize strongly
suggest that the effects of PM accumulate over time. With wheat experiencing PM
deposition stress for a greater length of time, the effect appears to increase non-linearly

with exposure period.

4.4.2 PM mediated light alterations and development stage dependence

When considering the impacts of PM-mediated changes in radiation, wheat is
affected differently by PM across each development stage when compared to wheat and
rice. Airborne PM associated perturbations reduce yields for wheat across the majority
of locations for all simulations, while rice and maize yields mostly increase in all grid
cells and perturbations. This is the result of the absolute change in average SW and

diffuse fraction for the domain for the full vegetative stage in wheat.

The timing of the spring wheat growing season in this area compared to maize
and rice means that changes to diffuse fraction changes applied (outlined in 2.2.2)
reduce the average diffuse fraction over the crop’s lifecycle instead of increasing it. The
extended length of the wheat development cycle further compounds these effects of
PM, resulting in the magnitude of change for wheat being considerably higher than that

seen for maize or rice.
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The increases in diffuse fraction for maize and rice outweigh the reductions in
total SW reaching the canopy and result in increased yields across the full model
domain. For wheat, however, there are much smaller differences between the increases
to average diffuse fraction in early vegetative stage and in the perturbation with the next
greatest influence (also the late vegetative stage). A different modelling approach that
had not used a fixed fraction of diffuse light as outlined in 4.2.3 may have provided more
useful and generalisable results for this crop. Further discussion of modelling revisions
that could generate more useful wheat results is found in section 4.4.3.

Whilst the average change in diffuse fraction is greater for each development
stage for wheat than for maize or rice, this varies dramatically across the model domain
(with an average diffuse fraction of 0.25 across all simulated locations, but with a
maximum average value of 0.39 and minimum of 0.16 for different locations across the
region). For the grid cells where yields increase ( see Fig. 2.A.i-iv), the change in diffuse
fraction is up to 10 times higher for wheat than for maize or rice grid cells during the
simulated time frame. However, where yields decrease, the increase in average diffuse
fraction is only half that of maize or rice. Combined with a greater reduction in SW for
these locations, this drives the yield losses seen in Figures 4.4.3.A and 4.4.A.

4.4.3 Implications for future pollution events

Whilst separate the effects of airborne and deposited PM are necessarily
encoded separately in a mechanistic model, the combined impact is more important for
understanding the real-world implications of future changes in PM concentrations. The
results in Figure 4.6 suggest that the combined impact is additive, and yield losses from
deposited PM can be offset by increases in yield due to the diffuse light fertilisation
effect. This compensation occurs because deposited PM accumulates predominantly on
the upper crop canopy, with lower levels shaded by upper layers. However, increases in
diffuse fraction redistribute PAR from the upper canopy to lower canopy layers of crop
plants to the benefit of both canopy sections. There does however appear to be a limit
beyond which diffuse fertilisation is insufficient to recover yield lost due to PM
deposition. For example, in the simulations described above, west Indian wheat yields,
the deleterious effects of deposited PM are not outweighed by the diffuse light

fertilisation effect.
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The different outcomes from changed perturbation timing within the development
cycle are found to be significant for all crops(p<0.05). If losses are weighted by the
relative length of the crop development cycle for which wheat is subjected to PM
pollution, then late reproductive stage perturbations are most impactful. In rice and
maize, the most impactful PM perturbations are those occurring in the early reproductive

stage (in agreement with Wolffe et al (2021), see Chapter 2).

In Wolffe et al, 2023 (In preparation, see Chapter 3), PM composition is found to
greatly change how PM deposition affects crops. The reduced levels of BC in future
simulations compared to the present day results in deposited PM that is less light
absorbing and has less impact on PAR availability for photosynthesis. If these future
composition scenarios for BC concentration are replicated in reality, then this work
implies that PM may even prove beneficial to maize and rice yields over India. This key
role for BC is seen elsewhere in the literature, where yields are greatly reduced in
environments with high levels of airborne and deposited carbonaceous aerosol (Bergin
et al., 2001; Mina et al., 2017; 2021). If BC were to remain at current day levels or
increase, for example if regulation or technological solutions are not put in place to
reduce BC emissions from combustion processes, the effects of PM may be less

positive in maize and rice, and even more negative in wheat.

4.4.4 Limitations and further work

Whilst this work presents an interesting insight into the possible development
stage dependence of PM perturbations on cereal crop yields, further work is required to
ensure that findings are robust and to supply policy makers with necessary tools to
counter the resulting threats to food supply. Most critically, the changes to PAR and
diffuse fraction here are underpinned by the relationship seen between present day PM
concentrations, light intensity, and diffuse fraction. This relationship gives a useful
average value for PM impacts on light that can be applied to simulated work, but relies
upon a range of assumptions which do not capture the complexity of real-world
processes. Particularly, PM concentrations and fluxes vary throughout a day, and
therefore their effects on light will be more specific to time and place than the fixed value
applied here. To determine a realistic effect of future PM, detailed process-based

radiation modelling is essential.

128



The results observed in this study for maize and rice are likely useful for policy
makers in visualising the extent of damage that can be done by PM pollution. Wheat
simulations, however, provide substantially aberrant results compared to these other
crops. Some of this difference is likely attributable to model artefacts — either from
driving data choice, or from the limitations of wheat in simulating the impact of
meteorological changes on end-point yield (Osborne et al., 2015). Further modelling
studies incorporating a more nuanced depiction of the effects of PM on light would
provide greater insight. For example, a radiation model that generates the available
PAR at the surface and corresponding diffuse fraction of light given a specific particulate
matter profile could be applied to generate bespoke time-varying radiation fields. These
could then be applied to our simulations to depict a more realistic radiation scenario
resulting from enhanced PM pollution.

Further modelling efforts must also be underpinned by more fundamental in vivo
research into the effects of PM on crops. PM retention is known to vary significantly
even between varieties of the same crop species (Mina et al., 2013; 2018; 2021). Leaf
microstructure varies widely between species, and even between varieties of the same
crop, with stomatal, leaf hair and micron scale ridge density all affecting PM retention.
There is also likely a difference between the cereal crop species in their propensity to
retain common PM species. Further experimental exploration of these differences would
improve modelled estimates of PM retention under rainfall. Deposited PM also reduces
leaf transpiration rates, and increases leaf temperature (Hatami et al., 2017, Mina et al.,
2018), further reducing photosynthesis rates. Incorporating and implementing these
effects within JULES or a similar model would enhance our understanding of PM
deposition impacts. By doing so, models could better predict the outcome of future PM

scenarios, and thus aid policy makers in avoiding threats to regional and global food

supply.
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Chapter 5: Conclusions

My simulations and sensitivity tests with JULES-Crop indicate that particulate
matter (PM) may negatively affects global crop yields. Through the indirect and direct
mechanisms postulated previously, airborne, and deposited PM reduce light availability
for photosynthesis, thus reducing yields by a small amount across the whole planet. in
Chapter 3, particularly substantial losses from PM deposition (up to 8%) are seen
across two globally critical agricultural regions: the North China Plain (NCP) and Indo-
Gangetic Plain (IGP). In combination with the simulated losses circa 3% attributed to
airborne PM in chapter 2, this suggests a potentially sizeable role for PM in reducing
regional crop production.

Whilst this work is underpinned by a range of generalisations and assumptions
required to model these effects, the exploratory work here is indicative of an important
phenomena that requires further research. The novel PM deposition model generated
for this thesis can be utilised with JULES-crop as this model advances to project future
impacts of PM deposition. It suggests, alongside the scant in vivo studies which have
thus far been conducted, that this mechanism is important for the future global food
supply. The discussion throughout this thesis highlights the important next steps that
should be taken to further understand and quantify this phenomenon. The conclusions
that can be drawn from this thesis, and the essential future work required to validate the

results presented here, are summarised below.
5.1 The diffuse light fertilisation effect

The term “diffuse light fertilisation” describes the increase in carbon fixation by
plants resulting from an increased diffuse fraction of PAR. In Chapters 2 and 4, the
diffuse fertilisation effect is identified as playing an important role in crop productivity,
increasing average yield substantially. However, the absolute reductions in total PAR
which also result from PM pollution can counteract and overwhelm this effect, leading to
an overall negative impact of airborne PM on crop yields. Chapter 2 estimates that NCP
maize yields between 1981-2017 are reduced by an average of ~3% owing to airborne
PM. In Chapter 4, however, we see a mixed effect of airborne PM on Indian maize
yields at the average PM concentration expected later this decade. These differences
arise from reduced levels of absorbing BC and relatively higher levels of scattering

particles, driving a greater diffuse fertilisation effect. Whilst the studies in Chapter 4 are
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more indicative of model sensitivity than directly transposable to the real world, they
highlight the important factor of PM composition for understanding the outcomes from
increased PM concentration. The compensatory nature of the diffuse light fertilisation
effect and light attenuation, alongside the heterogeneity of PM in space and time,
partially explains the somewhat conflicting literature surrounding the effects of PM on

crops.

Chapter 4 explores the effects of airborne PM on wheat and rice. This outlines
the boundaries of the diffuse light fertilisation effect, with an extreme elevation of diffuse
light fraction and corresponding reduction in downward SW radiation. Under these
conditions, rice is seen to benefit greatly under elevated PM levels during the early
vegetative stage. Conversely, wheat appears to suffer from similarly increased levels of
airborne PM, with the effects of reduced average PAR interception by the canopy
outweighing the benefits of increased diffuse fraction. These results, however, can also
be partly explained by modelling artefacts. Further studies are required to assess
whether the model output differences seen for each crop are: 1) artefacts of study
design — caused by growing season differences and sowing/harvest date; 2) functions of
differing model skill in simulating each crop (see Introduction section 1.5); or 3) actual
differences in crop susceptibility. Ideally, in vivo experimental work should be
undertaken to assess the susceptibility of each crop to reduced PAR at different
developmental stages, and to further establish whether this effect is as substantial as

this thesis suggests.
5.2 PM deposition effects on crop yield

Particulate matter deposition affects crop photosynthesis rates by directly
blocking PAR absorption. Chapter 3 presents the first global analysis of how PM
deposition affects wheat, maize, and rice yields. This thesis finds small but significant
yield reductions from PM deposition across the world (an average of ~1%), with more
sizeable losses (up to 20%) at specific locations on the NCP and IGP. These losses
were linked to the total amount of PM deposited, but also strongly determined by the
composition of PM. Black carbon (BC) content was found to be the most significant
predictor of total crop losses. BC accounted for over 50% of wheat yield losses and one

third of rice and maize losses across the simulated area between 2015 and 2020.

Chapter 3 also highlights the dangers of increasing PM emissions, with

projections of elevated PM in line with the worst levels already experienced in the
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country resulting in average yield losses of 10%. However, whilst PM emissions are
projected to rise across the region in coming decades, BC emissions are expected to
reduce over this timespan. Given the results in Chapter 3 which highlight the importance
of PM composition for yield losses, future PM composition changes may mean that
larger PM concentrations coincide with a reduced overall effect on crop yields. In
Chapter 4, much more sizeable yield losses are simulated across the IGP for wheat, but
smaller losses for maize and rice. This is, however, a more artificial analysis than the
simulations in Chapter 3, where meteorology, PM composition and PM flux vary
spatiotemporally. Here, wheat is least impacted, while maize suffers most from PM
deposition. As is noted throughout chapters 3 and 4, however, simulated wheat is least
able of these three crops to replicate the results observed in reality for varying
meteorology — the proxy measure here used to interpret model skill in simulating the
effects of PM on crop yield. Further in vivo and in silico experimentation is required to
refine these projections. This thesis suggests substantial crop losses could occur at high
PM concentrations, but the effects on different crop species should be verified by field

trials to confirm the magnitude of these yield reductions.

Furthermore, in Mina et al., 2018, different crop varieties are seen to respond
differently to deposited PM. Whilst a substantial portion of these differences was
attributable to relative PM retention rates, it may also have been partially due to
differences in how rice varieties respond to PAR reduction. This would impact the scale
of the indirect and direct effect of PM simulated here, and in vivo experimentation could

allow further model refinement to represent this variable.

5.3 How the timing of PM perturbations within a crop development cycle affects

yields

Chapters 2 and 3 demonstrated a relationship between the timing of PM
perturbations relative to crop development state, and the final impact of these
perturbations on cereal crop yield. In both studies, we find that changes in PM occurring
during the early reproductive phase of crop development appeared most impactful. This
is similar to results in a number of experimental studies investigating the effects of
drought and temperature extremes, where the greatest yield losses for wheat were
found when perturbations were applied during crop flowering (the early reproductive
phase) (Chen et al., 2010; Farooq et al., 2014; Wollenweber et al., 2003). These results
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prompted a more systematic investigation of the effect in Chapter 4, with interesting

implications for the interpretation of earlier results.

The simulations performed in Chapter 4 indicate that within JULES-crop, PAR
reductions during the early reproductive stage appear most impactful for wheat yields,
whilst the early vegetative phase is most important for maize and rice yields (see
Chapter 4, 4.1). While the timing of PAR reductions appears to have the greatest impact
for carbon fixation, and thus crop yields, the difference in magnitude of the effect
between different development stages appears to primarily be a function of the length of
that development stage. This is, however, not the case for spring wheat, with the shorter
development stages being most impactful on a per timestep basis. However, the degree
to which this simulated effect is a reality, or merely a model artefact, is unclear. Whilst
some evidence in the literature suggests this is a likely outcome (Chen et al., 2010;
Farooq et al., 2014; Tsimba et al., 2013; Yang et al., 2020), this is not a well-researched

area and requires further in vivo experimentation (see 5.4.1 below).
5.4 Future work

5.4.1 Experimental Validation

The differential sensitivity of crop yields to PM perturbations applied at different
times throughout their development cycle is a key finding of this thesis, but one which
requires further experimental work to validate. Though models are powerful scientific
tools, they rely upon a range of assumptions and generalisations to draw conclusions.
For example, ERA-5 reanalysis data is used to drive all simulations within this thesis.
Whilst this data is best-in-class, and one of the best global high resolution
meteorological datasets, it is not perfect. For example, a recent review identified
underestimates in the diffuse light fraction in ERA-5 compared to some satellite
retrievals (Jiang et al., 2020) over parts of China. There are sparse ground
measurement sites within that region to compare to, necessitating the use of substantial
infilling by ERA-5 using model data. This is the best available meteorological dataset for
studying these areas, and yet substantial errors may yet exist within it. When we
consider that a minimum of eight driving variables are obtained from ERA-5 for each
simulation presented here, we can see that systematic error may be incorporated into
these studies, and could affect their results. Furthermore, the JULES-crop model is
based upon single varieties of each crop with a prescribed development cycle —in

reality, the length of development stages can vary substantially between crop varieties.

133



Similarly, real world crops are not planted at fixed planting densities, or with fixed
canopy densities, across the entire globe. We assume a fixed proportion of the carbon
allocated to the harvestable portion is accounted for by the edible portion of the crop,
and that a given fraction is always water to determine a final yield mass, but again, this
can vary substantially within varieties of a given crop. Whilst the generalisations used in
modelling are essential to ensuring a model can run smoothly and quickly at scale, they
do embed a degree of artificiality within any results. The uncertainty generated through
these assumptions could be vastly reduced by validating results against a range of in

vivo examples.

Whilst there is some evidence to demonstrate the differential effects of
environmental perturbations within a development cycle, to the best of my knowledge,
this has never been explored in vivo for PM pollution. Furthermore, very little
experimental research has explored the influence of the diffuse light fertilisation effect in
crop canopies. To rectify this, a series of experimental studies should be conducted to
explore how PM affects crops. Laboratory or field experiments to explore the degree to
which diffuse light fertilisation can compensate for PM reductions are critical to further
this field of research. This should be done systematically to confirm or refute the
simulated findings within this thesis e.g., by directly measuring the effects of airborne
PM on the level of PAR which reaches different crop canopies, and using vertical
gradients in within-canopy PAR for different PM size distributions and compositions to
calculate radiation use efficiency and net photosynthesis at heights corresponding to
model levels. Following this model validation, a real-world dose-response relationship
could be calculated and incorporated into land surface and crop models. The range of
involved factors could then be explored to comprehensively characterise the response
of a given crop to airborne PM. This would be compared to the responses simulated in

Chapters 2 and 4, and the model further refined to improve its predictive capability.

Similar experiments should be conducted for PM deposition. By accurately
measuring the retention of PM on crop leaves following different intensities of rainfall or
wind, better understanding could be gained of accumulation to real-world surface
morphologies. Through model tuning the skill of the model could then be increased,
resulting in more accurate simulations of future pollution events and their impacts. This
could broaden the model’'s use cases, making it useful for policy makers in

understanding the impacts of pollution events on future food supply.
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Ease of model interpretation could then be further aided through model
development work. For example, enabling the output of each model variable (e.g.,
TPAR) for the crop development cycle could enable detailed comparison between

model performance per timestep with in vivo crop development state.

5.4.2 Leaf Structure

To further understand the effects of PM deposition, and how these might be
mitigated, a better understanding of leaf structure is required. In trees, it has been
observed that differing leaf surfaces have widely varying capacities to retain deposited
PM on their leaves (Lu et al., 2019). This is attributable to the differing leaf micro-
morphology, with the levels of wax and surface grooves (Dzierzanowski et al., 2011) of
such species contributing to the strength of particle adhesion. Leaves with deep grooves
are most conducive for trapping PM2.5 and PM10, whereas hairy leaves better retain
large PM>10, i.e., particles with diameters above 10 ym (Yan et al., 2022). Stomatal
density (Mina et al., 2017) plays a similar role to surface ridges, trapping and retaining
deposited PM particles. These enhance surface roughness, increasing the surface area
over which adhesive forces can apply (Li et al., 2021). Furthermore, smaller PM
particles may be absorbed into stomata and enter the leaf interior (Shahid et al., 2021).
Absorbed heavy metal particles, or other toxic PM components, may cause damage to
crops, even at low concentrations, exacerbating the detrimental effects of PM
deposition. Better understanding of the relationships between leaf surface structures
and PM accumulation and retention is therefore vital to understand the effects of future
PM on crops. Exploring the effects of leaf structures in common wheat, maize, and rice
varieties and their effects on particle capture could substantially improve model

accuracy.

5.4.3 Wet Deposition to Crop Leaves

The dry deposition of PM which is discussed throughout Chapters 3 and 4 is not
the only mechanism of PM deposition. Wet deposition occurs when pollutants are
dissolved or carried within droplets of precipitation which fall to earth. Small PM particles
dominate in wet deposition due to their role in cloud formation (Slanina, J., 2004). Fine
PM patrticles between 0.1-2 um in diameter are efficient cloud condensation nuclei
(CCN) (Deshler, T., 2003), and are deposited to the surface during precipitation events
alongside any other airborne particles. This process accounts for approximately half of

all PM deposition to the earth’s surface, depending on ambient meteorology (Slanina,

J., 2004). Including a full parameterisation of this process in JULES-Crop simulations
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would change the deposition flux experienced by different crop varieties and species,
influencing the total reduction in PAR interception which crops are projected to
experience. For example, by including wet deposition we may discover that at the end of
any given precipitation event, the PM removal is lower than would be expected as newly
wet deposited PM has replaced the PM which has been washed off. This could mean
that PM accumulates more readily and is harder to remove from leaf surfaces, meaning
that my simulations in Chapters 3 and 4 underestimate the effect of PM deposition on
crop yield. Including this effect would create a more holistic and accurate model for the
effects of PM on crop yields.

5.4.4 Particulate Matter and Ozone

PM is not the only prolific air pollutant which limits crop yields. Tropospheric
ozone (O3) is an important phytotoxin, and is predicted to increase across the globe
throughout this century (Meul et al., 2018), presenting a clear threat to global food
supply. Although the inclusion of ozone impacts was beyond the scope of this thesis, the
interaction between PM and O3 is potentially important in understanding the future

evolution of this pollutant, and its effects on crops.

Whilst airborne, PM reduces the total level of medium wavelength shortwave
radiation (including PAR) at the planet’s surface through a combination of back-
scattering and direct absorption of these wavelengths of light which is re-emitted as
infra-red (see 1.3.1). Sunlight is vital to the formation of tropospheric O3, and so,
reduced light at the surface reduces the ground-level O3 formation rate. Recent
evidence has also emerged that PM may in addition suppress Oz formation in a similar
manner to NOy. NOxis a catalyst for O3 formation, but can act non-linearly to terminate
photochemical reaction chains. NO- in particular can react reversibly with organic
radicals to generate SOA. This sequestration of the radicals involved in O3 formation
can effectively suppress Oz formation rates, with the recent global pandemic acting as a
large-scale natural experiment demonstrating this phenomena. Numerous studies found
that the NOy decreases and reduced light interception caused by lower PM
concentrations during COVID lockdowns drove increasing Os concentrations worldwide
(Sicard et al., 2020). Aerosol-inhibition of O3 formation is believed to occur in a similar
manner (lvatt, Evans, and Lewis, 2022). The uptake of HO, on particulate matter
provides an alternative destination for these radical particles, preventing Oz formation. It

is estimated that tropospheric Oz formation could be enhanced by as much as 30% over
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the NCP and IGP if aerosol-inhibition were removed. Therefore, whilst PM reductions
are critical for human and non-human animals, NOx reductions must be simultaneous to
prevent increasing tropospheric ozone pollution that could offset any and all benefits of
reduced PM.

Furthermore, only a small number of studies have investigated the combined
effects of ozone and deposited PM on crop yields. Deposited PM can block adaxial
stomata and reduce gas exchange, limiting photosynthetic rate (Rahul et al, 2014,
Moradi et al, 2017, Lee et al, 2017). However, in ozone polluted areas, this may in fact
be a net positive for yields as the deposited PM may limit the stomatal absorption of
ozone into the internal space of leaves (Sharma et al 2021), and so reduce the lifetime
damage to a crop. To further complicate this interaction, partial blockage could prevent
closure of stomata regardless of external conditions, which could instead enhance
ozone uptake. It should also be noted that the blockage of stomata effectively insulates
leaves, increasing internal leaf temperatures and potentially increasing temperatures
above the optimum for photosynthesis. In northern India, for example, wheat is currently
grown in locations where air temperatures approach the maximum viable wheat-growing
temperature (Dubey et al., 2020). The detrimental combination of reduced stomatal
conductance and increased leaf temperature may therefore outweigh the benefits of
reduced ozone damage, reducing yield, when in another cooler region this may not be
the case. Modelling studies could be used to indicate the scale of these interactions,
and further experimental studies exploring how deposited PM affects ozone uptake for
important crop species could be used to validate results. It is vital to understand how

these pollutants may affect the global food supply over the 215t Century.

5.5 Summary

Overall, | find that PM pollution could play an understudied role in contributing to
crop yield losses across the world. The scale of crop losses would vary greatly by
region, but this thesis suggests that over the NCP and IGP, current primary emissions
and secondary formation of particles likely reduce cereal yields by circa 5%, with
specific locations suffering yield losses up to 15%. PM dry deposition is found to
contribute to an average global cereal yield reduction of circa 1%, but some highly
polluted locations experience losses of up to 20%. Prior to this work, the contribution of
PM deposition to yield losses had not been quantified or explored, leaving a potentially

important gap in our understanding of how air pollution affects regional food supply.
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Whilst substantial assumptions and generalisations are necessarily included within the
modelling herein, this work does suggest that further in vivo research is essential to

clarify the scope of damage caused by this pollutant.

Existing literature explores the effects of airborne PM in more detail, but the
nature of this effect remains somewhat controversial. In line with existing literature, we
find that under certain conditions airborne PM can positively influence cereal crop yields.
If the properties of the PM do not substantially reduce total PAR whilst increasing the
diffuse fraction, this leads to the diffuse light fertilisation effect, i.e., the enhancement of
photosynthesis rates due to increased PAR penetration increased radiation use
efficiency which outweighs the effects of lower total top-of-canopy PAR. However, over
the present day NCP, | find the effects of airborne PM to be negative for maize
production, and from the work contained in Chapter 4, it is likely that these impacts are
additive with those of deposited PM.

One important factor for this effect is the black carbon (BC) content of bulk PM.
Novelly, | identify that deposited BC is likely significantly more detrimental to crop yields
than other PM components, and | have highlighted the importance of controlling this
particular PM component for future crop yields. This is especially important over India,
where BC contributes over 50% of the yield reductions attributed to bulk aerosol, and
where the current research literature suggests that PM concentrations are likely to
increase over the coming decades. If they continue to increase in an uncontrolled
manner, i.e., with BC remaining a major component, then average yield losses from PM
deposition alone could be as high as 10% for some crops, causing local economic

damage and disrupting regional food exports.

The work contained within this thesis identifies crucial areas where further
research is required, and provides novel modelling tools to conduct some of this work.
Overall, the thesis highlights the potential extent of PM impacts on crop yields, and
highlights areas for further research that would confirm or negate these conclusions.
Particularly, this thesis highlights the potential impacts of highly light absorbing BC
emissions — already known to contribute to climate change and now suggested to also
have a direct effect on our food supply. Whilst further research is required to validate
and confirm the findings of this thesis, it is hoped that the work herein highlights the

importance of this line of inquiry, and provides tools which will aid in future investigation.
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