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Abstract

Geoengineering is the intentional, large-scale manipulation of Earth’s cli-

mate. It has been suggested that this could be done to counteract or

ameliorate the effects of anthropogenic climate change, to reduce its neg-

ative impacts or buy time for global greenhouse gas emissions to be re-

duced. Stratospheric aerosol injection, where aerosols in the stratosphere

are used to reflect sunlight and so cool climate, has been widely stud-

ied. Altering the altitude, latitude, or timing of aerosol injections could

result in different radiative forcing patterns, which suggests there may

be potential to “optimise” stratospheric aerosol injection geoengineering

to achieve particular climate goals. The extent to which geoengineering

could be optimised, beyond idealised studies that counteract the global

mean temperature increase of greenhouse gases, has only relatively re-

cently begun to be explored.

Chapter 1 discusses the background of geoengineering as a concept and

includes a literature review and discussion of robust results that have

emerged from modelling studies of geoengineering. Chapter 2 uses a com-

bination of analytical techniques and the simple climate model, FaIR, to

examine different scenarios for “peak-shaving” – temporarily using geo-

engineering to hold global mean temperatures below a certain threshold –

and examines trade-offs between the amount of warming avoided and the

implied duration of commitment to geoengineering.

Chapters 3-5 analyse simulations from the HadCM3 climate model, simu-

lated using climateprediction.net, which uses thousands of volunteer com-

puters to generate large ensembles of simulations with differing distri-

butions of stratospheric aerosol optical depth counteracting an abrupt

quadrupling of carbon dioxide to represent different attempts at tailoring



geoengineering. Chapter 3 details initial calibration and characterisation

of the response to simple patterns of radiative forcing, and establishes

that the temperature response to different patterns of forcing is, to a good

approximation, linear and additive. Chapter 4 expands on this and dis-

cusses various methods for optimising for temperature and precipitation,

including analysis of trade-offs for attempting to optimise temperature in

different regions, and analysis of whether there are a limited number of

fundamental modes of response in the HadCM3 climate model to a range

of imposed radiative forcing patterns. Chapter 5 examines the impact

of geoengineering on climate and weather extremes, using metrics that

represent heatwaves, flooding, and dry periods, and analysing any dif-

ferences in the distribution of extreme events between simulations of the

preindustrial and geoengineered climates. In the final chapter, results and

conclusions are summarised, and possible future work is outlined.
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Chapter 1

Introduction and Literature

Review

1.1 An introduction to geoengineering

Earth’s climate is changing due to anthropogenic activity, predominantly the burning

of fossil fuels and land use change. These activities have resulted in the emission

of greenhouse gases into the atmosphere, which reduce the Earth’s ability to radiate

away heat, and thus cause the global mean temperature to rise. As of the IPCC’s

Sixth Assessment Report in 2023, it was estimated that global surface temperatures

had reached 1.1 °C above 1850-1900 levels by 2011-20, and that this was unequivocally

due to unsustainable energy use, land use, and land use change. [1]. The same report

said that widespread adverse impacts and related losses and damages to nature and

people were due to the widespread and rapid changes in the atmosphere, ocean,

cryosphere and biosphere that were caused by anthropogenic climate change.

The Paris Agreement, an international treaty on climate change adopted in 2015,

set out a long-term temperature goal to limit global warming to well below 2 °C

and preferably limit the increase to 1.5 °C. It said that this should be achieved by

rapid, near-term emissions reductions, with global greenhouse gas emissions reaching

net zero by the second half of this century. [2] It has been estimated that to keep

global warming to below 1.5 °C, emissons would need to be cut by 43% relative to
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2019 levels by 2030. [1] Mitigation of climate change has proved difficult, despite

international agreements and the stated intentions of policymakers. The UN Envi-

ronment Programme reported in 2023 that global emissions hit a record high in 2022,

and estimated that the world was on track for 3 °C of warming if current policies

were continued. [3] The first Conference of Parties meeting of the United Nations

Framework Convention on Climate Change was held in March 1995, a month before

this author was born: since then, global CO2 emissions have increased by more than

50%. [4]

As efforts to mitigate climate change continue, and emissions continue to rise, geo-

engineering - intentional, large-scale action to modify the climate system - has been

suggested as a potential intervention [5], or tool to aid in mitigation [6]. The Earth

is in radiative equilibrium because incoming, shortwave, solar radiation is balanced

out by outgoing longwave radiation which the Earth radiates back into space. An-

thropogenic climate change (to first order) occurs because greenhouse gases make the

atmosphere more opaque to longwave radiation, meaning the Earth is less efficient

at radiating energy into space. As the longwave energy the Earth radiates increases

with temperature, the Earth heats up as a result to maintain radiative equilibrium.

Solar radiation management (SRM) attempts to balance anthropogenic green-

house gases and reduce anthopogenic global warming by modifying the Earth’s ra-

diative budget. This includes techniques to increase Earth’s albedo such as marine

cloud brightening, stratospheric aerosol injection (SAI), and land albedo modifica-

tion - reflecting additional shortwave radiation back into space and thus cooling the

climate. Carbon dioxide removal (CDR) seeks to increase the amount of CO2 stored

in sinks. [7] It has been argued that, by contrast to mitigation which requires signifi-

cant investment and time to replace fossil-fuel infrastructure, geoengineering could be

deployed rapidly and at a much lower cost to stabilise the Earth’s climate or reduce

global temperatures. [8] [9]

Although no large-scale field trials of geoengineering have been conducted, strato-

spheric aerosol injection has a natural analogue in volcanic eruptions, as discussed

below, which suggests that it is not implausible and could lead to cooling. It has been

suggested that modified military aeroplanes could accomplish stratospheric aerosol in-

jection at scale, on the order of teragrams of sulphate aerosols, for a cost of a few

6



billion dollars annually. [10] This has raised the possibility that individual nations

could attempt to undertake geoengineering unilaterally, and we explore some of the

tensions between regions that may arise as a result of this in Chapter 3.

Shepherd’s napkin diagram, reproduced as Figure 1.1 illustrates the concept be-

hind a temporary deployment of SRM to “shave the peak” of warming while large-

scale carbon dioxide removal can reduce the temperature to below a given threshold.

The intention is that this would minimise negative climate impacts while buying time

for the world to reduce global greenhouse gas emissions by deploying renewable en-

ergy and low-carbon solutions for heating and transport. We explore some of the

scenario space for idealised “peak-shaving” geoengineering interventions in Chapter

2. Reducing the planet’s temperature through geoengineering could prevent harm-

ful “tipping points” which may occur in the climate system due to sustained global

warming, such as the destabilisation of Antarctic ice sheets, some of which may be

very difficult to reverse even with emissions reductions. [11]

Figure 1.1: Shepherd’s ‘napkin diagram’, first published in Long and Shep-
herd (2014).
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When Paul Crutzen “broke the taboo” about geoengineering in his 2006 paper [5],

he noted that there are currently significant tropospheric anthropogenic emissions of

sulphate aerosols which act to cool the climate. These tropospheric aerosols cause

significant harm to human health, and so there is a policy imperative to reduce

these emissions. However, this would inevitably result in further global warming.

He therefore framed geoengineering as a possible option to resolve the dilemma of

simultaneously cleaning up air pollution while keeping global warming under control.

[12] Given recent results around the impact of tighter standards on sulphur emissions

in the shipping industry, which have been shown to have a warming effect, this framing

has been subject to increased discussion. [13]

1.2 Stratospheric aerosol injection

I focus on SAI, first proposed by Budyko (1974, 1977) [14]. SRM studies have mostly

focused on SAI, or analogously reducing the solar constant [15]. It has a clear natural

analogue: evidence from historical volcanic eruptions, summarised by Robock (2000)

[16] and exemplified by the Pinatubo eruption (1992), has demonstrated that aerosols

injected into the stratosphere reflect incoming solar radiation and temporarily cool

the climate. This effect can be comparable in magnitude to the radiative forcing

and temperature changes under anthropogenic climate change. For example, after

Pinatubo, radiative forcing of −2.7 ± 1.0Wm−2 was observed in the global mean,

rising to −6Wm−2 in some regions, along with a global mean cooling peaking at

0.5K, and a peak in aerosol optical depth of 0.35 [17] [18].

Volcanic injections can be substantial, injecting on the order of 10Tg of sul-

phates. [19] Geoengineering modelling experiments that explicitly include injection

rates use similar orders of magnitude. Modelling studies suggest SRM can return

global mean temperature to preindustrial levels, but the effectiveness of SRM at re-

turning individual regions to preindustrial conditions varies, as does the magnitude

and nature of the response to SRM. [20] This, combined with geopolitical concerns

over deployment and the risk of a “termination shock” [21] if geoengineering is rapidly

halted, are major concerns with any deployment. Models consistently indicate that,

when geoengineering is terminated, temperature rapidly rebounds (within a few years)

8



Figure 1.2: Timeseries of zonal mean stratospheric aerosol optical depth at 550nm,
reproduced from Sato et al. (1993)

to the level it would have reached without geoengineering; this rapid climate change

is referred to as the termination shock. [22]

Stratospheric aerosols affect global precipitation and the hydrological cycle. Geo-

engineering seeks to offset the effects of decreasing outgoing longwave radiation, due

to greenhouse gases, by reflecting incoming solar radiation. As Trenberth and Dai

(2007) [23] noted, “In between the incoming solar radiation and the outgoing long-

wave radiation is the entire weather and climate system and the hydrological cycle.”

They identified a substantial (6%, 3.17 standard deviations) decrease in precipitation

over land in the year after Pinatubo. This is in accordance with Allen and Ingram
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(2002) [24]. The forced response of precipitation depends on the energy balance of

the troposophere and its ability to radiate away latent heat: radiative forcing that

affects the shortwave flux to the surface, like that from stratospheric aerosols, reduces

precipitation by affecting this energy balance.

Injections of SO2 and H2S into the stratosphere result in the formation of sulphuric

acid droplets, which cool the troposphere by reflecting incoming shortwave radiation.

The stratosphere is heated as the aerosols absorb longwave radiation, which alters

the atmospheric circulation. In the case of Pinatubo, Stenchikov et al. (1998) [18]

noted stratospheric heating was approximately zonal, and greater in the tropics: the

resulting changes in circulation led to a warmer Northern hemisphere winter.

The distribution of aerosol after an eruption depends on stratospheric winds, hence

the latitude and timing of the eruption. Strong zonal winds in the stratosphere

maintain strong meridional concentration gradients: to first order, AOD varies with

latitude. The Brewer-Dobson meridional circulation of the stratosphere results in

aerosol being lofted upwards in the tropics, advecting polewards, before precipitating

back into the troposphere at higher latitudes after a 1-2 year residence time in the

stratosphere, depending on particle size. High-latitude volcanoes tend to produce

clouds predominantly in their hemisphere, which recent research suggests may lead

to a disproportionate cooling effect from extratropical volcanoes [25]. (Figure 1.2)

However, the distribution that results from mid-latitude injections is less certain,

as demonstrated by the differences in the AOD from the Pinatubo and El Chichon

eruptions [26]. (Figure 1.3)

1.3 Tailoring of geoengineering and motivations

for the project

The impacts of stratospheric aerosol injection can be altered by changing the latitude,

altitude, season [27], amount, or particle type [28] of the aerosol injected. Models have

suggested that a ‘tailored’ approach can achieve specific climate objectives, such as

maintaining the Arctic sea ice extent [29], but that hemispherically asymmetric SRM

10



Figure 1.3: Effective radius of stratospheric aerosols after major volcanic eruptions
from Krakatoa (6S), Santa Maria (14N), Agung (8S), El Chichon (17N), and Pinatubo
(15N). Reproduced from Sato et al. (1993)

can disrupt monsoons and cause drought in the Sahel [30]. Some studies suggest

counterbalancing, Antarctic injections can reverse the shift to the ITCZ [31], but the

impact of latitudinal variations in AOD on large-scale circulation and precipitation

has only just begun to be investigated.

Recent work at Oxford [32] has shown that higher CO2 levels alone influence ex-

tremes in tropical precipitation and wet bulb temperature, suggesting that the direct,

local radiative forcing effect of CO2 is important in its own right. In geoengineered

climates, the imperfect compensation between increased reflected shortwave radiation

due to aerosols and reduced outgoing longwave radiation due to the greenhouse effect

will result in distinct patterns of local radiative forcing that differ from preindustrial

conditions, even if temperature is similar. The longwave forcing effect of CO2 on the

troposphere is still in effect under stratospheric aerosol injection, partially compen-

sated by a reduction in incoming shortwave radiation and cooling at the surface, but

added to by more longwave absorption by the aerosols in the stratosphere, resulting

in a vertical temperature profile that would differ from that in the preindustrial case

even if surface temperature is the same. Evaluating and quantifying the effect of these

radiative forcing and heating patterns on climate and weather extremes is therefore

crucial to understanding whether geoengineering can be optimised effectively. Some

of the effects of geoengineering on weather and climate extremes, including 3-day

temperature and maximum precipitation, are examined in Chapter 5.

The climate impacts of removing CO2 also need to be investigated. One such

modelling study [33] noted that, when CO2 is instantaneously returned to preindus-
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trial levels from 510ppm, surface warming only decreased by half within the first few

years: residual warming remained for centuries. Outgassing of CO2 from the ocean

and land sinks require additional CO2 to be drawn down and imply a long-term com-

mitment in a range of negative-emissions scenarios [34] [35] [36] [37]. In all cases,

reducing CO2 concentrations cooled the land faster than the oceans, and there was a

lag in the climate response due to ocean heat content.

This could affect the interaction between SRM and CDR if used together. For

example, in a scenario where a limited deployment of SRM halts temperature rise,

while CDR then allows SRM to be ramped down over time. Questions arising from

this notion of “peak-shaving” include:

� How long would SRM need to be deployed? How much depends on the emissions

pathway, rate of negative emissions available, climate sensitivity, and ocean heat

uptake?

� How does a climate stabilised using SRM compare to one where the temperature

target is attained by stringent or adaptive mitigation, or the high-emissions

alternative: do the benefits outweigh the risks?

� Does limited geoengineering have a smaller impact on the hydrological cycle

than attempting to return temperature to preindustrial conditions, as recent

work [38] suggests? For example, in a 1.5K peak-shaving scenario, does the

warmer world compensate for the reduced shortwave radiation at the surface,

resulting in smaller precipitation anomalies?

Answering these questions requires a greater understanding of the climate system’s

response to SRM, the potential to control that response with latitudinal tailoring

of AOD, and the dependence on that response on the state of the climate system

when SRM is applied: all of which we can explore with the uniquely large ensembles

provided by CPDN.

Advocates of SRM argue that, unlike mitigation or CDR, it could take effect

quickly: but the effects likely depend on when it is deployed. Many geoengineering

studies [39] ramp up SRM over time to compensate for increasing radiative forcing in

climate-change scenarios, or deploy SRM simultaneously with increased greenhouse
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gas concentrations. This is true of the Geoengineering Model Intercomparison Project

(GeoMIP) [15] experiments, which expand on CMIP experiments and compare model

responses to geoengineering. Comparing these simulations to experiments where geo-

engineering is first deployed later on in a high-emissions trajectory would give insight

into the effect of ocean heat uptake on the reversibility of climate change. It is likely

to result in a world with greater land-sea temperature contrasts, which are important

drivers of, for example, Asian monsoons [40]. I discuss this further in the Conclusions

chapter.

1.4 The distribution of aerosols in the stratosphere:

stratospheric dynamics and aerosol microphysics

Models disagree about the size and spatial distribution of aerosols resulting from

a particular injection strategy, and hence the amount and distribution of radiative

forcing that might result from identical injection strategies. [41] Differences in strato-

spheric dynamics and aerosol microphysics, such as differing coagulation rates, merid-

ional transport barriers, or stratospheric responses to injection, are behind this. [42]

Sustained injection and stratospheric heating alters the stratospheric circulation,

which feeds back on the distribution of aerosols, changing the magnitude and pat-

tern of radiative forcing achieved. Models disagree over the magnitude and nature of

dynamical shifts in the stratosphere under geoengineering. The combination of strato-

spheric heating with tropospheric cooling is likely to weaken the Brewer-Dobson circu-

lation in the stratosphere. Stronger meridional temperature gradients under SRM can

produce a stronger wintertime westerly stratospheric vortex, and reduce wave-driven

mixing of air at high latitudes, slowing the Brewer-Dobson circulation. These changes

can result in strengthening of the polar vortex [43] and changes to the quasi-biennial

oscillation (QBO) [44] [45] [46]. Strengthening of polar vortices can cool the polar

stratosphere and reduce the frequency of sudden stratospheric warming events [47],

but this may depend on aerosol particle properties [48].

As injection rates increase, so can coagulation of the aerosols into coarse mode.

Larger aerosol particles reflect light less efficiently and have a shorter stratospheric
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lifetime, while absorbing more longwave radiation. Niemeier and Timmreck (2015)

[49] found that radiative forcing declined exponentially with injection rate, but that a

radiative forcing of 8.5Wm-2 - comparable to the high-end of climate-change scenarios

- was attainable with an injection rate of 5-7 Pinatubos per year. The efficacy for

aerosol injection to produce radiative forcing depended on the timing, meridional

extent, and altitude of injections. However, Kleinschmitt et al. (2018) [50], using a

different model found that 2Wm-2 was the maximum attainable radiative forcing - at

higher injection rates, stratospheric heating resulted in a greater meridional transport

barrier and a strengthened QBO, which increased coagulation, and decreased radiative

forcing.

The wide intermodel spread of radiative forcing in the G4sulfur experiment in

GeoMIP [51] reflects the range of responses in stratospheric models. It deploys a

constant injection rate of 5 Tg SO2 per year at a single point on the equator, but

across models, mean RF varies from −3.6Wm−2 to −1.6Wm−2. Variations arise

from different aerosol microphysics and stratospheric dynamics across models, but also

from feedbacks and rapid adjustments in water vapour and clouds. [52] In Chapter 2, I

explore the range of distributions of AOD that can result from intra-model differences

in G4, and their effects on climate.

The effects of geoengineering on the stratosphere are not decoupled from those

on the troposphere; for example, Bednarz et al. (2023) [53] found that different

injection strategies could achieve the same global mean surface temperature, but

owing to differences in the location and timing of aerosol injections, the effects on

lower stratospheric warming and stratospheric circulation differed and this in turn

drove climate impacts at the surface.

When attempting to understand the effects of a particular injection strategy, there

are two major sources of uncertainty. The first surrounds the aerosol distribution that

results from a given injection strategy, which depends on the aerosol microphysics and

the stratospheric dynamics, including feedbacks on the stratosphere. The second sur-

rounds the response of the tropospheric climate to a different aerosol distributions

and imposed forcings: including extreme weather events, regional climate, and pat-

terns of temperature and precipitation change. Existing multimodel comparisons of

particular injection strategies, such as the G4 experiment, sample both sources of
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uncertainty simultaneously, as they result in different patterns of radiative forcing

which are them imposed on climate models which have different responses to that

forcing. I show that these different patterns of aerosol optical depth from the G4

experiment can result in different regional climate outcomes when used to drive the

same model in Chapter 3.

The nature of climate modelling at present means that different tools are appro-

priate to investigate each of these uncertanties. The aim of my research is to use the

uniquely large ensembles of HadCM3 provided by climateprediction.net (CPDN) to

examine uncertainty of the second kind. HadCM3 does not have the ability to ex-

plicitly simulate injections of aerosols into the stratosphere, but we can use CPDN’s

large ensembles to investigate the climate response to a range of different imposed

forcings.

Running a fully-coupled, high-resolution stratosphere alongside a state-of-the-art

Earth System Model is too computationally expensive at present to provide enough

model years to fully characterise the effects of latitudinal variations in AOD, or the

effects of SRM on the extreme weather events that are the costliest consequences

of climate change. Additionally, the fact that these high-resolution stratospheric

models disagree about the AOD distribution that arises from a given injection strategy

merely underlines our need to understand how sensitive the climate is to variations

in the aerosol distribution and local radiative forcing, such that potential negative

consequences of geoengineering can be better anticipated, and research efforts focused.

1.5 Global climate response to geoengineering in

idealised studies

Idealised geoengineering experiments since Govindasamy and Caldeira (2000) [54]

have consistently shown that global mean temperature increase can be reversed by

uniform solar constant reduction or idealised stratospheric aerosol implementations,

with undercooling of the poles and overcooling of the tropics, alongside a decrease in

precipitation compared to a control scenario.
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The GeoMIP project was first described in Kravitz et al. (2011) [15] and expanded

in Kravitz et al. (2015) [55] with an experiment, G6, designed to examine differences

between solar constant reduction and stratospheric aerosols. A schematic detailing

the scenarios is reproduced in Figure 1.4.

The level of geoengineering required to cancel the radiative forcing increase due

to quadrupled CO2 varies from 3.8-5% solar constant reduction across the range of

models used, due to cloud and thermodynamic feedbacks [56], with HadCM3 requiring

a 4.1% reduction in the solar constant to cancel this forcing. [57] Residual warming

is typically small compared to baseline scenarios. Kravitz et al. (2013) [58] found

an average residual warming of around 1K in polar regions compared to 10K under

quadrupled CO2. The average overcooling of the tropics was around 0.3K.

Models robustly simulate an overall reduction in precipitation under SRM, be-

yond that attributable to the cooler climate. [57] In a multimodel comparison of the

G1 experiment, SRM aimed to restore preindustrial temperature reduced global mean

precipitation to an average of 4.5% below preindustrial levels. When radiative forcing

is imposed, the model’s response can be decomposed into a fast response - directly

due to changes in radiative forcing - and a slow response, incorporating feedbacks as

temperature changes. For example, in experiments where CO2 is abruptly increased,

the fast response is an initial strong decrease in precipitation, which is due to the

heating of the upper troposphere when carbon dioxide absorbs outgoing longwave

radiation. The surface heats more slowly, which results in a weaker temperature gra-

dient across the troposphere, which in turn reduces circulation in the atmosphere and

reduces precipitation. The slow response, by contrast, is an increase in precipitation

as surface temperature rises, as the atmosphere is able to hold more moisture in ac-

cordance with the Clausius-Clapeyron equation [59]. This is explored much further

in Chapter 4, where we analyse the separate patterns of fast and slow response and

whether there is any mechanism by which the“slow response” of gradual warming can

compensate for the “fast response” under 4xCO2 and SRM.

In the G1 experiment, changes to the surface and tropospheric energy budgets

due to the initial reduction in solar radiation and abrupt quadrupling of CO2 results

in a “fast response” precipitation decrease. However, as temperature remains roughly

constant, there is no slow feedback. Decomposing the response into a fast feedback
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Figure 1.4: Scenarios G1-G6 of the GeoMIP, reproduced from Kravitz et al. (2011)
and (2015)
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and a slow feedback suggests that geoengineering applied to a warmer world would

have different impacts on precipitation [60], before we take into account the hysteresis

inherent in other subcomponents of the earth system, such as ice sheets or forest cover.

Niemeier et al. (2013) [61] noted that increased longwave absorption by aerosols

means the shortwave flux to Earth must be reduced by a greater amount to bal-

ance top-of-atmosphere radiative forcing. This resulted, in their model, in doubled

precipitation reduction compared to solar-constant reduction implementations of geo-

engineering. Physically, changes to downward shortwave flux have a stronger effect

on precipitation, which is controlled by the radiative budget in the troposphere, than

temperature: precipitation is therefore more sensitive to solar and volcanic forcing

than that from greenhouse gases. [24] This then raises further questions we can start

to explore: given that using different types of aerosol with different optical properties

raises the possibility of changing the ratio of longwave to shortwave forcing impacts

for SRM, is it possible to reduce the negative climate impacts and side-effects of

SRM? This potential is discussed further in the Conclusions chapter.

Some precipitation change may be attributed to CO2 concentration changes, which

in turn feed back on plant evapotranspiration over land, [57] especially over densely

vegetated regions like the Amazon. [62]. Precipitation - evaporation (P-E) changes

are arguably more relevant in assessing changing water availability for agriculture

and society, and because evaporation is also reduced by the reduction in shortwave

radiation reaching the surface under SRM, these changes are often less significant

than changes to precipitation, as there is a reduction in the overall intensity of the

hydrological cycle which reduces both precipitation and evaporation. Kravitz et al.

(2013) [58] found that the changes in P - E due to geoengineering were within 2

standard deviations of natural variability for 91% of the land surface. The largest

differences in P - E over land were in the tropics, especially in the East of China and

the Amazon basin. More analysis of the effects of SAI on the monsoons, droughts,

water availability - but also the effects of CO2 and diffuse solar radiation - is necessary.

Models suggest SAI could mitigate [63] or even reverse [64] some sea level rise,

especially the thermosteric component (directly caused by temperature increases ex-

panding the volume of water, rather than ice sheet melt), but the ice sheet response
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is less certain [65]: surface melting is reduced by SAI, but ocean-driven melt is less af-

fected [66] and hysteresis in non-linear ice sheet collapse makes conclusions dependent

on deployment time. [67]

1.6 Impacts of geoengineering on climate and weather

extremes

Investigation of the idealised G1 experiment suggests that geoengineering may be

less effective at restoring preindustrial climate extremes than overall means. [68]

Modelling studies suggested SAI was generally as effective at reducing temperature

extremes as solar dimming, except in the Arctic, but has a greater impact on precip-

itation extremes [69]. The coldest night warms by 0.74K in G1 compared to 6.65K

in abrupt4xCO2, while 5-day maximum precipitation decreases over the tropics, es-

pecially over the oceans.

Given that SRM studies generally target reducing global mean temperatures to

the preindustrial baseline when applied on a global warming scenario, it is perhaps un-

surprising that modelling results tend to show that they are more effective at reducing

temperature extremes - especially warm temperature extremes - than precipitation

extremes. Similarly, as described in the previous subsection, as geoengineering entails

a reduction in the overall hydrological cycle relative to a case without geoengineer-

ing, it is not surprising that it can also be effective at reducing flooding and extreme

rainfall events. Idealised studies have indicated that SRM would decrease heatwave

frequency and duration in almost all regions [70], although changes to soil moisture,

associated feedbacks, and undercooling of the poles lead to increases in heatwaves in

Russia. Wei et al. (2018) [71] found that SAI could decrease flood risk in most regions,

especially Southeast Asia, but the pattern of streamflow response was complicated

and flooding may increase in Australia, Mexico, and the US Southwest.

Jones et al. (2018) [62] analysed the regional climate impacts of stabilising global

warming at 1.5K using solar geoengineering to partially offset the RCP scenarios

where they found it could stabilise global mean temperature, Arctic sea ice, and ther-

mosteric sea level rise rate. Only in the geoengineered RCP8.5 scenario did global
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mean precipitation decline below 2000 levels, although it decreased in all SAI sce-

narios. With the exception of P-E in the Amazon basin, there was a “universal

reduction in detrimental impacts when compared to RCP scenarios.” The Amazon

was a specific area of interest due to its dense foliage and the consequent importance

of transpiration from plants - under increased CO2 scenarios, even where SRM is

also present, transpiration from plants is reduced and consequently the hydrological

impact of CO2 alone is significant. Tilmes et al. (2020) [72] explored the use of strato-

spheric aerosol geoengineering to stabilise temperatures at 1.5K or 2K targets, noting

that some variables (such as surface air temperature and the impact on the Atlantic

Meridional Overturning Circulation) depended primarily on the surface temperature

target, while other variables associated with precipitation depended predominantly

on the amount of stratospheric aerosol injected. Discussions at recent sessions of

GeoMIP have focused on whether scenario definition for CMIP7 and GeoMIP might

include a policy-relevant peak-shaving scenario of this kind as a standard model in-

tercomparison, [73] and several such scenarios have been proposed as necessary for

modelling focus before the IPCC could consider making statements about SRM. [74]

In specific case studies, they found European heatwaves and Katrina-level storm

surge events were decreased in frequency under geoengineering, reflecting results in

Wang et al. (2018) [75] which analysed thermodynamic tropical cyclone (TC) sta-

tistical indices. Jones et al. (2017) [76] noted that SAI in the Northern Hemisphere

alone reduced TC frequency, while Southern Hemisphere SAI increased it.

Studies of some of the patterns of extremes under the Geoengineering Large En-

semble (GLENS) experiment in general show that, while global mean temperature can

be maintained near 2020 levels, there are regional variations in the average climate

response which also leave an imprint on relevant extremes - for example, undercooled

regions have greater temperature extremes (warmer hottest days) while overcooled

regions have cooler coldest days. Furthermore, under GLENS and in the Community

Earth System Model (CESM) that it used, the distribution of extreme precipitation

events is found to change: wetter regions generally have decreases in wet extremes,

while drier regions tend to see more extreme precipitation. There is also a general

shift to precipitation becoming more consistent, with more days with light rain and

fewer very intense rainfall events than the baseline climate. The diurnal difference
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in the climate response to aerosols and greenhouse gases (which reduce outgoing

longwave radiation at night as well) results in more extreme temperatures at night

under GLENS, even where extreme daytime temperatures are reduced compared to

the baseline. [77]

Some studies of specific regions under specific SRM scenarios, such as a study of

South Asia under GeoMIP scenario G6sulfur, suggest that extreme weather events are

generally more common under SRM scenarios than preindustrial scenarios. Compared

to unmitigated climate change, some extreme event indices are worse and others are

better in different subregions, with a notable simulated increase in warm events under

the SRM scenario over the Himalayas compared to the climate change scenario. [78]

Other studies illustrate a more mixed picture. For example, a study which used the

GLENS experiment (see below) found that meteorological drought characteristics in

West Africa initially decreased in most regions compared to the unmitigated climate

change scenario, in later decades this was reversed and there was an increase in most

drought characteristics driven by reduced precipitation, and a weakened monsoon

circulation owing to the reduction in land-sea temperature gradients. [79]

These studies provide evidence that geoengineering may reduce the frequency or

severity of some extreme weather events, but geoengineering studies such as GeoMIP

involve model intercomparisons from a small number of runs of idealised experiments.

Few studies exist that have a sufficient number of model years to make robust sta-

tistical, probabilistic statements about changes to extreme weather events. Yet this

analysis is crucial to understanding whether SRM avoids the most damaging nega-

tive impacts of climate change as intended. A large number of model years will be

necessary for studies that implement a latitudinally-varying distribution of aerosols

to distinguish the effects of varying the distribution. The effects of tailored geoengi-

neering on the hydrological cycle also require further investigation. We explore the

response of some extreme indices in temperature and precipitation to SRM in Chapter

5.
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1.7 Regional or non-uniform applications, injec-

tion and control strategies

Geoengineering is not equally effective in all regions. Ricke et al. (2010) [20] found

that, as geoengineering was ramped up, simulated temperature and precipitation

in regions such as China and India drifted from the targeted control scenario in

different directions. Multimodel comparisons of the response to the idealised G1

scenario broke down regional analysis into the Giorgi regions used by the IPCC for

analysis of regional climates. [80] Assuming the response scales linearly with solar

constant reduction, studies have altered the total amount of radiative forcing [81] or

constructed simple latitudinal distributions of forcing, with linear superpositions of a

few orthogonal basis functions, to attempt to ameliorate this [82].

They found that regions broadly agree on the amount of geoengineering needed to

restore preindustrial average global mean temperature, but the differences in precip-

itation are far less uniform and cannot be reconciled - however, as results in Chapter

2 will indicate, the assumption of linearity may not be valid here. These regional

disparities are found in GeoMIP scenarios across models and for various implementa-

tions of SRM, and may worsen when aerosols are explicitly simulated. [83] Feedbacks

in the climate system which affect local radiative forcing, such as changes in cloud

cover, can contribute to regional extremes. [68]

Some alternative methods of geoengineering, such as marine cloud brightening or

albedo modification, have been suggested which would apply inhomogenous, localised

radiative forcing patterns. When the net radiative forcing is globally significant, as

in cases where desert albedo enhancement or significant marine cloud brightening

are modelled, there are substantial shifts to climates outside of the targeted region,

[84] [85] but there are suggestions that applying albedo modification over very small

domains might results in fewer global changes. [86]

Given that it is not possible to exactly restore preindustrial temperature and pre-

cipitation using geoengineering, there is a significant parameter space of outcomes

that can be explored. It is not at all clear that idealised simulations which aim to

restore preindustrial global mean temperatures constitute an “optimal deployment”
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of geoengineering - for example, a target of halving warming was found to moderate

policy-relevant climate outcomes (such as water availability) relative to an unmiti-

gated climate change scenario. [38] We will explore the concept of optimal levels of

residual warming for individual regions further in Chapter 3.

Distributed injections across several degrees of latitude could reduce particle size

and hence enhance reflectivity [49]. However, in some models, [50] the shorter life-

times of aerosols injected at higher latitudes compensated for this and prevented any

substantial increase in radiative forcing. Tilmes et al. (2017) [87] found that nonequa-

torial injections resulted in more efficient transport of aerosols into middle and high

latitudes, suggesting unwanted residual latitudinal temperature gradients could be

reversed. Injections at higher altitude have also been found to be more efficient at

producing radiative forcing. [88]

Overall, although models disagree, studies suggest that, despite limitations im-

posed by aerosol microphysics and stratospheric dynamics, degrees of freedom exist

in the latitudinal aerosol distribution that can be obtained through injections.

For example, MacMartin et al. (2017) [89] demonstrated that, in their model, it

was possible to use injections at four different latitudes to adjust three spatial degrees

of freedom in AOD: “an approximately spatially uniform AOD distribution, the rela-

tive difference in AOD between Northern and Southern Hemispheres, and the relative

AOD in high versus low latitudes.” (See Equations 1.1-3). At low injection rates, the

patterns of aerosol and forcing from different injection locations were additive: for

higher injection rates, coagulation, non-linear interactions, and feedbacks on strato-

spheric dynamics became more important. Future GeoMIP projects are looking into

constructing emulators that will allow a wide range of scenarios to be explored and

which might rely on basis simulations similar to the ones we have outlined. [90]

Previous studies of “fine-tuning” aerosol optical depth as a function of latitude

have looked at three orthogonal spatial patterns of forcing: Legendre polynomials in

the sine of latitude. [91] [92] [93] MacMartin et al. (2017) [89] obtained approximations

to these patterns of aerosol optical depth with combinations of injections at ±15°,

±30°.

L0 = 1 (1.1)
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L1 = sin(φ) (1.2)

L2 =
1

2

(
3sin2(φ)− 1

)
(1.3)

where φ is the latitude of injection.

Both Kravitz (2015) [93] and MacMartin et al. (2017) [89] consider modelling

geoengineering as a simplified linear design problem, where degrees of freedom in

AOD - represented by these basis functions - are adjusted to achieve specific patterns

of temperature as a function of latitude. (Equations 1.4-7). In an optimal strategy,

each degree of freedom you control allows you to adjust one variable, using coefficients

determined by a simple linear algebra system. The temperature parameters, T0, T1,

T2 defined by Kravitz (2015) [93] were Legendre polynomials:

T0 =
1

A

∫
T (φ)cos(φ)dφ (1.4)

T1 =
1

A

∫
sin(φ)T (φ)cos(φ)dφ (1.5)

T2 =
1

A

∫ (
3sin2(φ)− 1

2

)
T (φ)cos(φ)dφ (1.6)

where

A =

∫
cos(φ)dφ (1.7)

and T (φ) is the temperature as a function of latitude.

Observations of these temperature parameters are taken from the model, and

then the aerosol optical depth is adjusted accordingly to target a reduction in these

temperature anomalies, by a process of feedback which aims to control the climate by

increasing certain patterns of aerosol optical depth to reduce particular temperature

anomalies. In practice, such a system of feedback and control would draw (uncertain)

observations from the real world and then use them in a climate model to attempt

to determine how to adjust the aerosol injection strategy: this introduces further

uncertainties, since the model’s physics will differ from reality.

For this reason, Kravitz et al. (2016) [94] used two ESMs. One is used as a “de-

sign model”, from which observations are drawn and a strategy is designed, while the
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other is treated as the “evaluation model”, where the feedback strategy is actually

implemented and the results evaluated. This aims to account for some of the uncer-

tainties that arise from using an imperfect model of reality. In Chapter 3, I discuss

approaches that might achieve a similar assessment of the robustness of conclusions

drawn.

Kravitz et al. (2016) [94] found that, in general, they were able to simultaneously

balance these three temperature objectives to within 0.2K, by adjusting the coeffi-

cients of Legendre polynomials in solar constant reduction. This was maintained for

80 years against a background of 1% increase of CO2 per year. They also demon-

strated that, in a separate design strategy, it was possible to attempt to balance the

competing demands of maintaining the Arctic sea ice extent and ITCZ position, by

adjusting Arctic and Antarctic SRM levels.

Recently, these researchers have expanded their dynamical feedback approach in

the Geoengineering Large Ensemble Experiment (GLENS) [95], which deployed in-

jections of aerosol at the equator, 15°N, 15°S, 30°N, and 30°S to minimise the temper-

ature anomaly objectives (Equations 1.4-7) in the Community Earth System Model

(CESM) against a background of RCP8.5. In total, 20 ensemble members were gen-

erated. The closed-loop feedback approach successfully reduced regional disparities

in temperature and precipitation, but persistent polar warming still resulted in their

model, attributed in part to changing ocean circulation. [39] The data from GLENS

has been made available for general use in the community, and I will describe in

Chapters 3 and 4 my analysis of some of that data, alongside aspects of how we have

used the distributions generated in this way in our modelling.

In addition, there are scenarios in the GeoMIP testbed that investigate using SRM

to “peak-shave”, i.e. limit temperature increases to below a specific threshold [72] -

we will explore temporally varying and idealised scenario deployment of SRM of this

nature in the next chapter.

1.8 Introduction to the rest of the thesis

Chapter 2 will use a combination of analytical techniques and the simple climate

model, FaIR, to examine different scenarios for “peak-shaving” – temporarily using
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geoengineering to hold global mean temperatures below a certain threshold, as in

the Shepherd napkin diagram - to investigate scenarios for geoengineering deploy-

ment and the length of time we might be committed to peak-shaving. Chapters 3-5

analyse simulations from the HadCM3 climate model, simulated using climatepre-

diction.net, to generate large ensembles of simulations with differing distributions of

stratospheric aerosol optical depth counteracting an abrupt quadrupling of carbon

dioxide to represent different attempts at tailoring geoengineering - in other words,

trying to reduce the uncertainty of how the climate response is affected by different

patterns of imposed aerosol optical depth. Chapter 3 will detail the initial calibration

and characterisation of the response to simple patterns of radiative forcing. Chapter

4 will expand on this by considering various methods for optimising for temperature

and precipitation. Chapter 5 will examine the impact of geoengineering on climate

and weather extremes. In the final chapter, results and conclusions from previous

chapters are summarised, and possible future work is outlined.
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Chapter 2

Tradeoffs inherent in solar

geoengineering peak-shaving

strategies

2.1 Introduction

Note: an earlier version of this chapter has been available as a preprint on arXiv since

2021. [96]

Under what circumstances could we consider solar geoengineering? Many authors

have observed that solar geoengineering cannot be a substitute for mitigation and

the reduction of emissions [97] [98]. Solar radiation management (SRM) imperfectly

compensates for the effects of greenhouse gases, leading to residual climatic changes.

These residual climate changes are likely to worsen as the amount of anthropogenic

radiative forcing that is offset by SRM is increased. This is the case because SRM

fundamentally seeks to compensate for the effect of tropospheric warming from an

increased greenhouse effect and reduced outgoing longwave radiation with a reflection

of incoming shortwave radiation in the stratosphere, and these patterns of forcing

compensate for each other imperfectly. [54] One direct consequence of this is that

SRM reduces precipitation more quickly than temperature, chiefly as the net result

of cooling the surface with SRM by reducing the incoming shortwave flux, while the
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troposphere is warmed by greenhouse gases, is an atmosphere that is more stable to

convection and a consequent reduction in precipitation.

Consequently, trade-offs exist between regions and between returning tempera-

ture and precipitation to preindustrial baselines using SRM. [99] (This is explored

in further detail in our GCM ensembles in Chapter 4.) Applied alone, SRM does

little to address ocean acidification [100], and may result in residual polar ocean

warming [101]. The greater the radiative forcing that is offset by SRM, the more

dangerous it would be to suddenly cease its use due to the termination effect: a rapid

rebound of temperatures [102]. In addition, the radiative forcing, and latitudinal dis-

tribution of forcing, that can be obtained with the most viable method, stratospheric

aerosol injection, is not yet clear, with model studies in disagreement [103] [104]. A

scenario where humanity is committed to ever-increasing deployment of SRM while

emissions continue to climb is evidently fraught with risk.

“Peak-shaving” scenarios, where SRM is used temporarily to keep temperatures

below a threshold – for example, the 1.5C or 2C targets of the Paris Agreement –

have been suggested as a more reasonable form of deployment. The first prominent

heuristic example is the so-called “Shepherd Napkin Diagram”, reproduced as Fig-

ure 2.1 from Long and Shepherd (2014). [105] This illustrates the concept behind

a temporary deployment of SRM to ”shave the peak” of warming while large-scale

carbon dioxide removal can reduce the temperature to below a given threshold. The

original napkin diagram was not based on physical modelling, so the estimates for

the duration and the peak overshoot are approximate and not related to emissions

trajectories.

This concept has been explored elsewhere, such as in the IPCC SR1.5 report

(Section 4.3.8 and Cross-Chapter Box 10) [106] [6], as a temporary use of SRM to

reduce global mean temperatures, which would buy time for mitigation to take effect.

Modelling suggests that limited deployment of SRM - for example, to cancel half of

the warming due to greenhouse gases - could reduce the negative residual climatic

changes in most regions. [107] Peak-shaving scenarios which combine rapid mitigation

with temperature overshoots have begun to receive more focus from the modelling

community [72] and recent discussions at GeoMIP have posited a greater focus on
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policy-relevant scenarios such as peak-shaving alongside a core of scientifically relevant

scenarios. [73]

Figure 2.1: Shepherd’s ‘napkin diagram’, first published in Long and Shep-
herd (2014).

Here, I do not seek to evaluate whether the climate benefits of such peak-shaving

outweigh the risks, but instead to explore the parameter space of peak-shaving sce-

narios. In particular, this study aims to explore the possible relationships between

avoided temperature increase, the duration of committment to SRM, and the neces-

sary cumulative negative emissions that are required to end SRM. First, this is done

using a combination of simple approximate relationships between these quantities

(like the TCRE) and idealised emissions scenarios to derive analytical formulae that

approximately relate these quantities together, in the “Peak-shaving in the abstract”

section. This is followed by idealised simple climate modelling which relates radiative

forcing and cumulative emissions to global mean temperature and allows us to esti-

mate the trade-offs between avoided temperature peaks and cumulative emissions in

a range of different scenarios.
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2.2 Peak-shaving in the abstract

2.2.1 A toy example: parabolic peak

First, I note that if SRM is to be deployed temporarily, CO2 emissions must peak and

decline to net zero. This follows from the approximate proportionality of temperature

changes to cumulative carbon emissions [108]. Once emissions reach net zero, carbon

dioxide concentrations in the atmosphere will gradually decline due to ocean uptake

and weathering, but substantial net-negative CO2 emissions are likely to be necessary

to avoid long-term (i.e. multi-centennial) commitment to SRM in a peak-shaving

scenario. [109]

As a simple example, consider only CO2 emissions and a very simple emissions

trajectory. Assume that no mitigation occurs until a particular threshold tempera-

ture - say, the 1.5C threshold in the Paris Agreement - is crossed. Thereafter, CO2

emissions begin falling at a constant rate, becoming net-negative emissions at this

same rate. Under these circumstances, the temperature peak will be approximately

parabolic, as the emissions in a given year are approximately proportional to the rate

of temperature change in that year; the second derivative of temperature is therefore

the first derivative of emissions. [108] I then assume that geoengineering is applied to

“shave” this peak and prevent temperature from increasing above the threshold.

Let D be the duration of continued geoengineering above a given temperature

threshold, T be the temperature excess above threshold, and R be the rate of warming

when the threshold is first exceeded (noting that this is approximately the Transient

Climate Response to Cumulative Emissions, TCRE, multiplied by the emissions when

the threshold is exceeded.)

This quadratic curve can then be expressed as T (t) = at(t–D), where D is the

length of time for which the threshold is exceeded. Differentiating gives dT/dt =

a(2t–D), and R = −aD by definition. The maximum temperature overshoot above

the threshold, Tos, is equal to –aD
2/4. I then express the maximum temperature above

the threshold in terms of the duration and the warming rate when the threshold is

first crossed: Tos = RD/4 or, equivalently, 4Tos/R = D.
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In such an idealised scenario, the duration of the SRM commitment is twice the

time taken to reach net zero. The attainable mitigation rate therefore determines the

cumulative negative emissions required, and the duration of commitment to SRM.

When this is combined with the climate sensitivity - for example, through the rate of

warming - the temperature overshoot can be inferred.

This allows us to see the tradeoff between the implied duration of deployment and

the height of the peak that has been avoided. For example, at the current rate of

warming of 0.25K per decade, shaving a peak of 2C to 1.5C implies a commitment to

deployment of around 80 years. (In reality, this is likely to be an underestimate, as I

will explain.)

Considered in the context of the Paris Agreement, current scenarios that limit

global warming to 1.5K (or 2K) include “overshoot” scenarios where temperature

temporarily rises above the target, before reaching it at the end of the century. SRM

could be deployed to prevent such overshoot, as in SR1.5 Section 4.3.8, Cross-Chapter

Box 10, Figure 1. [106] In the example considered in the IPCC report, overshoot of

around 0.1K is avoided (Tos).

Assuming rates of warming and cooling (R) are similar to today’s magnitude of

warming at 0.25K/decade, the rule-of-thumb 4Tos/R = D implies a commitment

(D) of 32 years, which is similar to the indicative time-scale shown on the graph in

SR1.5 Section 4.3.8, which is approximately 35 years. This exemplifies the trade-off

between the duration of the implied commitment to SRM and the magnitude of the

temperature peak avoided.

By integrating, one can determine the area under the curve and hence the number

of degree–years avoided, as a rough metric for avoided damages [110], although due to

SRM’s imperfect compensation for increased GHG concentrations, this should not be

considered fungible with the equivalent temperature increase avoided by mitigation.

This gives RD2/6 and consequently would equate to around 267 degree–years avoided

in the above example.

This illustrates the trade-off between duration of the commitment and the tem-

perature avoided for a given rate of warming. The more warming we use SRM to

avoid – and hence, the more damaging any potential termination, which would entail
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a more rapid climate change of greater magnitude as the suppressed warming rapidly

rebounds [21] – the longer our commitment must be.

2.2.2 Different rates of mitigation and net-negative emissions

deployment

This analysis can be simply extended to consider the more general case for overshoot

trajectories where the rate of warming when the target is first crossed and the rate

of cooling are not the same, but parabolic trajectories are assumed either side of

the peak - in other words, mitigation and net-negative emissions deployment occur at

different rates. This could occur, for example, as net-negative emissions are expensive

to deploy and the urgency to deploy them is reduced once global warming is stabilised,

so mitigation occurs relatively rapidly compared to negative emissions.

In this case, one can add up the components of the duration of SRM on either

side of the parabola’s peak (where warming and cooling rates are positive-definite

magnitudes):

Dwarm =
2Tos

Rwarm

(2.1)

Dcool =
2Tos

Rcool

(2.2)

Dovershoot = Dwarm +Dcool =
2Tos

Rwarm

(
1 +

Rwarm

Rcool

)
(2.3)

If the rate of warming (absent SRM) on the way up exceeds the rate of cooling

on the way down, then overshoot is longer. Given that rates of warming and cooling

are approximately proportional to the emissions of CO2, the ratio of Rwarm to Rcool

is roughly the ratio of emissions for the year when the carbon budget is exceeded and

the negative emissions when the “carbon debt” has been repaid.

The generalised formula for degree-years of exposure avoided by the SRM is sim-

ilarly obtained:
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DYovershoot =
4T 2

peak

3Rwarm

(
1 +

Rwarm

Rcool

)
(2.4)

Denoting the carbon budget overshoot by ∆Cex, then we have, with λ as the

TCRE:

D ≈ 2 · λ ·∆Cex

(
1

λ · em (twarm)
+

1

λ · |em (tcool)|

)
(2.5)

D ≈ 2 ·∆Cex

(
1

em (twarm)
+

1

|em (tcool)|

)
(2.6)

It can be seen from this that the duration of the overshoot – and hence the im-

plied SRM commitment – depends on the amount the carbon budget is exceeded, the

timescale over which you continue to emit carbon dioxide and warm, and the timescale

to remove the full anthropogenic excursion of CO2. In this approximation, the de-

pendence on climate sensitivity arises from its implications for the carbon budget for

1.5K or 2K. Higher climate sensitivity reduces the cumulative emissions required for

a given overshoot, which shortens both the timescale of continued emissions and the

timescale of negative emissions required to remove them.

2.2.3 The implications of a negative emissions floor

Suppose that global net-negative emissions can only be increased up to a certain

“floor” (n). This could be due to biophysical limitations in the case of large-scale

BECCS, afforestation, or enhanced weathering, or societal willingness to pay in the

case of Direct Air Capture. One might also anticipate that the average rate at which

large-scale net-negative emissions are deployed (m2) will differ from the average rate of

mitigation (m1). If mitigation and geoengineering start when the temperature thresh-

old is crossed, and carbon emissions are at Cmax, then our carbon budget formulation

gives us:

∆Cex =
1

2

C2
max

m1

(2.7)
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With tneg as the total time committment to any negative emissions, and tfloor the

time commitment to negative emissions at their lowest value, we have:

tneg =
n

m2

+ tfloor (2.8)

Requiring that the total negative emissions cancel out the exceedance of the carbon

budget, we have:

∆Cex =
1

2

n2

m2

+ tfloorn (2.9)

Solving for tfloor and with the total duration of the overshoot as D, we obtain:

D =
C2

max

2m1n
+

Cmax

m1

+
n

2m2

(2.10)

Which simplifies in the special case that m1 = m2 = m to:

D =
1

2nm
(Cmax + n)2 (2.11)

We also have that

Tpeak = ∆Cex · λ =
C2

max · λ
2 ·m

(2.12)

Which allows us to re-express the duration in terms of the TCRE, the peak shaved,

the negative emissions floor, and the mitigation rate, if desired.

2.2.4 The double exponential emissions trajectory

An alternative model of emissions trajectories uses a double exponential function.

This combines emissions which fall exponentially, or by a given percentage each year,

with negative emissions which rise exponentially. This trajectory is idealised, but

it reflects certain likely realities - reducing emissions to zero gets more difficult over

time, as relatively easy-to-decarbonise sectors such as electricity and waste see rapid

reductions in emissions, while harder-to-decarbonise sectors and recalcitrant nations

lag further behind. For peak-shaving emissions trajectories, subject to a negative

emissions floor, n, you can model the emissions after mitigation begins as:
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em(t) = Cmaxexp(−m1t)− n(1− exp(−m2t)) (2.13)

where

m1,2 = ln(2)/t1,2 (2.14)

and t1,2 are the timescales for halving (gross) emissions and scaling up the deploy-

ment of negative emissions to half of its maximum value, respectively. To represent

emissions which change by x% per year, one could consider mi = ln(1+0.01x). In this

idealised emissions scenario, rapid mitigation is combined with expanding deployment

of negative emissions at scale to reach net zero, while absolute mitigation rate slows

down over time while the rate of negative emissions deployment saturates. The first

term then has emissions decaying from a maximum value of Cmax to zero, while the

second term the scale-up of negative emissions.

This models well the trajectory of the Low Energy Demand scenario [111] and

the rapid decarbonisation pathway referred to as the “Carbon Law”, which proposes

halving emissions each decade while scaling up negative emissions to a multi-gigatonne

scale. [112]

This gives a cumulative exceedance of the carbon budget as:

∆Cex =
Cmax

m1

(1− exp(−m1t)) +
n

m2

(1− exp(−m2t))− nt (2.15)

This is a transcendental equation which can be solved numerically: the duration

of the implied overshoot occurs for the (non-trivial) root of ∆Cex = 0, while the

maximum carbon budget overshoot - and, approximately, the maximum temperature

overshoot - occurs when emissions are zero. Therefore, in a peak-shaving scenario,

maximum SRM deployment is only reached when net zero emissions are also reached.

As an example, one could consider a best-case scenario of emissions peaking imme-

diately close to their present value of around 40GtCO2/year, then declining (through

conventional mitigation) at a given annual average percentage while negative emis-

sions are scaled up to their maximum value. Different examples illustrate the trade-off

between the implied duration of and height of the peak across a range of assumed
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Figure 2.2: The tradeoff between duration and height of overshoot in the
double-exponential emissions model. The TCRE is taken to be 1.4K/GtC as in
the FaIR model. Mitigation and negative emissions deployment rates are both chosen
in the interval [1, 7]% and three negative emissions floors are sampled.

mitigation rates. For this example, I choose mitigation rates between a maximum of

7% per annum, which corresponds to halving emissions in just under a decade, and

0.5%, which corresponds to halving emissions in around 140 years. This is illustrated

in Figure 2.2, with each data point representing the solution to the transcendental

equation for a different combination of mitigation and negative emissions deploy-

ment rates. This allows you to compare the relative effects of the negative emissions

floor and changing mitigation rates on the possible peak-shaving trajectories across

a wide range of idealised scenarios. Note the tradeoff between the duration of geo-

engineering and the height of the peak shaved in all scenarios. Having access to a

greater maximum feasible rate of negative emissions (I illustrate the cases of 5, 15, 30

GtCO2/yr) reduces the severity of this tradeoff. For example, a negative emissions

floor of 30GtCO2 allows you to erase an overshoot of 0.5K in between 70 and 170

years, depending on the mitigation rate. With a negative emissions floor of 5GtCO2,

this same 0.5K overshoot requires between 220 and 350 years of SRM and negative
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emissions.

It has been argued that the best case for peak-shaving is a scenario where con-

ventional mitigation is slow or expensive at first, but delaying near-term emissions

cuts allow mitigation efforts and negative emissions to be deployed more rapidly and

cheaply later in the century. [113] Scenarios like this are sampled here, but even in

this extreme case shaving a peak of 0.5K involves 70+ years of geoengineering.

The maximum feasible “negative emissions” that could feasibly be obtained by

techniques like afforestation, nature-based solutions, soil carbon sequestration, or

enhanced weathering are on the order of 1-3GtCO2/yr each. [114] While the overall

contribution that bioenergy with carbon capture and storage can make is disputed

[115], deployment at the scale of tens of gigatonnes will put substantial pressure on

global land use, and even the median assumption in IPCC scenarios of 12GtCO2/yr is

controversial, with some researchers suggesting a lower feasible ceiling. [116] [117] It

is also unclear for whether these techniques could maintain these maximum negative

emissions rates in the multi-decadal or centennial scenarios considered here, or act

as stable stores of carbon during that time This implies that avoiding a centennial

commitment to SRM for peak-shaving of 0.5K will require the development and large-

scale deployment of negative emissions technologies like direct air capture, which can

be scaled up to tens of gigatonnes of CO2 (constrained only by societal willingness to

pay) in this century.

The preceding idealised analysis has assumed that the TCRE is constant, and

takes the same value, for both negative and positive emissions. This is not necessar-

ily the case, owing to carbon-climate cycle feedbacks, which illustrate that the TCRE

will appear to exhibit hysteresis and depend on the historical path of emissions and

temperatures, owing to the lagged thermal response of the ocean. This has implica-

tions for the results above, as it may mean that negative emissions appear to be less

effective at cooling than emissions are at warming, due to feedbacks in the carbon

cycle which could result in feedbacks, such as reduced efficacy of carbon sinks, or

greater emissions from the biosphere; and feedbacks in the climate cycle, such as the

lagged thermal response of the ocean, which reduce the efficacy of cooling. I will

discuss this in greater detail in the discussion section 2.5.2.
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2.3 Methods

2.3.1 The SSP-Overshoot Scenario

One can validate these approximations by considering concrete peak-shaving scenar-

ios. Tilmes et al. (2016) [118] used the Community Earth System Model (CESM)

to simulate the SSP5-3.4-OS scenario [119]. In this scenario, emissions follow the

RCP8.5 pathway until 2040, the year emissions peak. Then, emissions follow an ide-

alised pathway, declining to become net-negative by the end of the century, before

reaching a floor of negative emissions.

The mitigation rate of -1.2Gt CO2/yr/yr, as well as the floor of negative emis-

sions at -18.5GtCO2/yr, are both drawn from the Integrated Assessment Modelling

literature: specifically, the Shared Socioeconomic Pathway database [120], represent-

ing the maximum decarbonisation and negative emissions rates respectively. This

pathway therefore represents a peak-shaving scenario at the upper end of what is

considered feasible in the current scenario literature: there is a significant exceedance

of temperature targets due to following RCP8.5 to 2040, then rapid decarbonisation

and large-scale negative emissions. Tilmes et al. (2016) [118] simulate SRM by us-

ing stratospheric aerosol injections to reduce temperature anomalies to 2K from this

pathway.

In CESM, which has an equilibrium climate sensitivity of around 4K, [121] this

pathway results in temperature anomalies which peak at 3K above the preindustrial.

The warming rate in CESM approaches 0.05K/year at RCP8.5 2040 when its peak-

shaving begins (compare to 0.045K/year in the CMIP5 ensemble for RCP8.5 in 2040)

[122]. The cooling rate during the sustained period of negative emissions is just over

0.01K/year.

The analytical approximation above therefore suggests a deployment time for

SRM to “peak-shave” from 3K to 2K as around 40 years while temperatures rise and

around 100 years as they decline for a total duration of 140 years. CESM’s explicit

simulation of this scenario found that geoengineering is deployed for around 130 years

to shave the peak below 2C.
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2.3.2 The FaIR simple climate model

In subsequent exercises, I will determine the global mean temperature response to

a range of forcing scenarios using the FaIR simple climate model. [123]. The FaIR

model emulates the carbon cycle and climate response to a range of different forcings,

including short-lived greenhouse gases and methane, but for simplicity I consider

only additional forcings due to CO2 emissions and aerosol optical depths using the

modelling for volcanic forcing. FaIR converts emissions of greenhouse gases and other

climate forcers to a concentration and radiative forcing time series using its carbon

cycle component and radiative forcing calculations, and then uses these radiative

forcings to drive the simple climate model.

The carbon cycle component of FaIR is based on a modified four time-constant

impulse response function that has been shown to be a good emulator of more complex

Earth System Models. [124] The advantage of using this simple model is that I can

explore a large parameter space very rapidly while its fidelity of emulation for carbon

cycle means that I can test the key assumption in the simple, analytically derived

model - that temperature change is proportional to cumulative emissions at all times.

It also allows us to investigate the implications of path-dependence for the TCRE,

which I cover in the discussion section.

For a given emissions trajectory, uncertainties around the climate sensitivity affect

the overshoot trajectory. I use the FaIR simple climate model to sample climate

sensitivities from across the IPCC AR5 “likely” range for climate sensitivity [125].

Non-CO2 emissions are assumed to follow a 1.5C-compatible mitigation pathway from

2020, stabilising at a constant radiative forcing of 0.45W/m2 in the long term. In these

versions of the scenario, the negative emissions are switched off when temperatures

reach 1.5C.

Note that in the simulations that use FaIR, for simplicity and to avoid needing

to implement a computationally costly feedback loop in FaIR, I only simulate the

emissions trajectories rather than explicitly simulating SRM that holds temperatures

to below a given threshold. This means that the “peak-shaving” and duration of

commitment to SRM is estimated, rather than simulated. I discuss the justification
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for this simplification, and the implications of this for our results, in the discussion

section. I will now characterise the simulations used to drive FaIR.

2.3.3 Scenarios used to drive FaIR

2.3.3.1 The SSP-OS scenario in 2020 and 2040

In the following sections, I drive FaIR with a range of idealised peak-shaving emissions

scenarios, based on the SSP-OS scenario described above, and scenarios taken from

the Integrated Assessment Modelling literature.

I begin by looking at a simple case in detail - two variants of the SSP-OS scenario

described above, where mitigation begins in 2020 or in 2040, illustrating the impact

of delayed mitigation and varying one parameter, the year that mitigation begins.

The detailed model output from this is illustrated in Figure 2.3 including plotting

the emissions trajectory, the cumulative emissions, the temperature trajectory, and

the radiative forcing that would be required to suppress the temperature overshoot,

subject to a confidence interval for the climate sensitivity.

2.3.3.2 Overshoot scenarios in the Integrated Assessment Modelling Lit-

erature

The Integrated Assessment Modelling (IAM) literature includes many examples of

emissions scenarios that are compatible with 1.5C of warming by 2100. These sce-

narios vary in terms of their assumptions about the rates of mitigation and negative

emissions that are attainable. The emissions in these scenarios that are deemed 1.5C

compatible also vary, as the different integrated assessment models use differing cli-

mate sensitivites, which renders different emissions pathways compatible with 1.5C

depending on the model. In addition, some of the scenarios have a more pronounced

peak-and-decline - those which depend more on late-in-the-day negative emissions -

while others rely on rapid mitigation to avoid peak-and-decline altogether. These

scenarios are illustrated in 2.4 and listed in the Appendix, along with the cumulative

carbon emissions associated with each scenario.
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The 1.5C compatible scenarios from the IIASA database comprise 43 scenarios

from six different intergrated assessment models - GCAM, IMAGE, MERGE, MES-

SAGE, REMIND-MAGPIE, and WITCH-EMF. [126] To illustrate the nature of some

of the temperature peaks and declines that are modelled by integrated assessment

models, I select only the subset of scenarios which have an explicit temperature peak

that begins to decline before 2100, which leaves 22 scenarios. In order to be compat-

ible with the simple CO2-only analysis in the earlier idealised treatment, I take only

the CO2 emissions associated with these pathways, and run them through FaIR with

both default and high climate sensitivities to illustrate the typical range of peak-and-

decline scenarios that are plotted by integrated assessment models.

I can extend these scenarios so that they resemble the idealised analysis elsewhere

in this chapter. I assume that mitigation (and SRM to shave the peak) begins in

2020 when the scenarios diverge. The “peak” is then defined as the duration for

which the temperature is above its value in 2020. I can extend the scenarios past

2100 by assuming that the negative emissions hit a “floor” in 2100 and can continue

at that rate indefinitely thereafter.

2.3.3.3 Idealised variants on the SSP-OS overshoot scenario

Finally, I examined a much wider range of variants of the SSP-OS scenario. Variants

can be characterised by varying three different parameters - the year that emissions

peak (i.e., the year until which they follow the SSP8.5 trajectory, with no mitigation),

the mitigation rate (in GtCO2/yr/yr), and the negative emissions floor. The trade-

offs between the temperature overshoot avoided and the duration of geoengineering

for each of these scenarios, and for two different values of the climate sensitivity, are

plotted in Figures 2.6 and 2.7.

Here, I consider variants of the idealised SSP5-34-OS case where emissions follow

RCP8.5 until a given year (year peak), then decline and go negative with an average

mitigation rate (mit rate), eventually reaching a negative emissions floor (neg floor).

I randomly sample 5000 sets of year peak, mit rate, neg floor parameters from “feasi-

ble” ranges, discussed below. These parameters are used to calculate CO2 emissions

trajectories, which in turn are used as scenarios to drive FaIR in CO2-only mode.

The peak of the temperature trajectory that would be avoided by SRM which holds
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anomalies to 1.5K, and the duration of the overshoot, are calculated from the tem-

perature trajectory simulated by FaIR.

The aim of this is to examine a much wider range of possible peak-shaving sce-

narios than are considered in the Integrated Assessment Modelling literature, to test

the robustness and outer limits of the trade-offs that I identify in FaIR. Note that

FaIR includes a sufficiently complex carbon cycle that its TCRE is path-dependent,

as discussed in the Discussions section.

The year that mitigation starts is randomly sampled between [2020, 2060] – CO2

emissions follow RCP8.5 prior to this year. Scenarios that do not overshoot 1.5K,

or which do not decline below 1.5K during the 750-year integration time of the

model, are filtered out. The mitigation rates are sampled from the interval [0.1,

2.3] GtCO2/yr/yr. 2.3GtCO2/yr/yr is the maximum mitigation rate achieved at any

point in the ambitious Low Energy Demand scenario [111].

The negative emissions rate is sampled from the range [3.5, 30.0] GtCO2/yr. While

the lower end of this range assumes that sustained large-scale BECCS and DAC are

unavailable, and is determined by the land-use change negative emissions from the

Low Energy Demand (LED) scenario of Grubler et al. (2018) [111], the high end of

this range is well beyond the maximum considered feasible for BECCS by any 1.5C-

compliant scenario, and substantially higher than the largest negative emissions of

18.5GtCO2/yr in the scenario database.

Realmonte et al. (2019) [127] compared the use of DAC across two integrated

assessment models, considering a maximum deployment by 2100 of 30GtCO2/yr and

a maximum scale-up rate of 1.5 GtCO2/yr/yr . This does not imply that the most

extreme scenarios sampled here are feasible - for example, the rapid mitigation under

the LED scenario may not be compatible with the large-scale expansion in energy

supply required for DAC on a 30GtCO2/yr scale. If large-scale direct air capture

is the predominant form of negative emissions, then constraints are likely to be set

by societal willingness-to-pay, energy availability, and the speed that the technology

can be scaled up and deployed; the implications of this large-scale deployment are

explored in Realmonte et al. (2019) [127]
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2.4 Results

2.4.1 The SSP-OS scenario in 2020 and 2040

The results, for the standard overshoot parameters with mitigation beginning in 2020

and 2040, are illustrated in Figure 2.3. The uncertainty in the emissions and cu-

mulative emissions pathways illustrated corresponds to the 67% confidence interval

for climate sensitivity sampled in FaIR, as the time for which negative emissions are

switched off and 1.5C is reached depends on the TCRE.

Figure 2.3: Variants of the SSP5-34-OS scenario, which follows the RCP8.5
scenario with rapid mitigation beginning in 2020 and 2040 respectively.
The grey line corresponds to observed temperatures. The necessary radiative forcing
from SRM to keep temperatures to below 1.5C in these overshoot scenarios is cal-
culated and plotted in the lower right-hand graph. Uncertainty in the temperature
response and radiative forcing required, as well as the emissions pathways, corre-
sponds to the 66% confidence interval for the TCRE from IPCC’s AR5 and is plotted
with shading.

Note that there are regions on the graph where the 66% confidence (“uncertainty”)

interval intersects the axis. This illustrates scenarios where no SRM or negative
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emissions are required to stay below 1.5C - for example, in the case where mitigation

begins in 2020, and the TCRE is at the lower end of estimates. For the high-end

climate sensitivity, when mitigation begins in 2020, 1.5K is not exceeded if a period

of low-level SRM is maintained out from around 50 years. In the case where mitigation

does not begin until 2040, negative emissions and peak-shaving are a much longer-

term commitment, with SRM for peak-shaving required for up to 170 years. When

climate sensitivity is high, this corresponds to avoiding a peak of almost 3C of warming

if mitigation is delayed to 2040, while the peak is closer to 0.5C if climate sensitivity

is high and mitigation begins in 2020.

Notably, the difference in the length of commitment to negative emissions (and

hence SRM) depending on the range of climate sensitivity is only around 50 years

in both scenarios, compared to the difference between scenarios of around a century

of implied commitment to negative emissions and SRM due to delaying the onset

of mitigation by 20 years. This illustrates that faster near-term mitigation is more

important than uncertainties in the climate sensitivity for limiting the length of a

commitment to SRM for peak-shaving. In case with highest climate sensitivity, at its

peak, SRM is needed to offset around 2W/m2, similar in scale to the entire anthro-

pogenic contribution to radiative forcing in 2019 of 2.7W/m2.

2.4.2 Overshoot scenarios in the Integrated Assessment Mod-

elling Literature

I simulate the explicit overshoot scenarios in the IIASA database in FaIR. In extending

these scenarios, the inherent trade-offs between the duration of peak-shaving and the

suppressed temperature overshoot can be determined.

Figure 2.4 illustrates the trade-offs in peak-shaving deployment under the range of

mitigation and negative emissions rates considered feasible by the integrated assess-

ment modelling literature, under indicative high-end and low-end climate sensitivities.

Note that when climate sensitivity is higher, peaks are also higher due to the greater

sensitivity of temperature to cumulative emissions. We can see that for most of the

scenarios, in the lower-end of climate sensitivity, the temperature anomalies do not

exceed 1.5K - this is in accordance with these scenarios being 1.5C compatible even
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Figure 2.4: Illustration of the IIASA database climate scenarios described.
The upper plot uses the FaIR default climate sensitivities (which are towards the low
end of the CMIP6 range), while the lower plot illustrates the same CO2 emissions
pathways but with the higher UKESM1 ECS and TCR of 5.4K and 2.7K respectively.
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Figure 2.5: Illustration of the IIASA database climate scenarios that are
1.5C compatible but have an explicit peak-and-decline, using CO2 emis-
sions only.

46



when non-CO2 emissions are taken into account and under median climate sensitivity,

where they will reach 1.5K by the end of the century. In the high climate sensitivity

case, the same set of scenarios peaks with a temperature anomaly at more than 2.7K

as opposed to just over 1.5K in the low sensitivity case, illustrating the increased

efficacy of peak-shaving when climate sensitivity is high.

Figure 2.4 plots the temperature trajectories for each of these scenarios, while

Figure 2.5 plots the duration of peak-shaving and the height of the peak shaved

for both sets of climate sensitivities across these scenarios. In the most extreme

scenario of the IIASA database, and with a high climate sensitivity, we can see that

temperature anomalies of a degree over 1.5K can be suppressed with geoengineering

that takes place over around a century, but for less extreme cases where mitigation and

negative emissions scale up less rapidly, suppressing a similar temperature overshoot

could entail 300 years of geoengineering, illustrating the strong dependence of the

commitment to geoengineering on the underlying emissions trajectory even when

climate sensitivity is high.

The simple rules of thumb attainable from the toy model analysis apply to these

scenarios: there is an inherent trade-off where suppressing higher peaks of tempera-

ture requires commitment to SRM for more than a century. This arises due to the

requirement to remove all of the excess cumulative CO2 emitted over the 1.5C limit

before SRM can be discontinued. For this reason, the trade-off between the excess

temperature avoided by peak-shaving and the years of commitment to SRM is less

dramatic under higher climate sensitivities. Under higher climate sensitivity, smaller

carbon budget excursions are responsible for higher temperature overshoots, so they

can be more rapidly corrected by net-negative emissions.

2.4.3 Idealised variants on the SSP-OS overshoot scenario

The idealised scenarios which are variants on the SSP-OS overshoot scenario are

simulated in FaIR, and are generated by randomly selecting mitigation rate, maximum

negative emissions rate, and the year that mitigation begins from ranges of feasible

values as described in the methods section.
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Figure 2.6: Trade-off between years of committment to solar radiation man-
agement and the peak in temperature avoided by a range of idealised over-
shoot and negative emissions scenarios, under the FaIR default ECS and
TCR of 2.86K and 1.53K respectively.

Figure 2.6 illustrates the trade-off between the duration of the commitment and

the magnitude of the temperature overshoot under a range of different scenarios.

We can see that even if very high levels of negative emissions are permitted, there

is a sharp trade-off between the number of years of committment to SRM and the

suppressed temperature overshoot. Even if the most rapid mitigation and large-scale

negative emissions are assumed, shaving a peak of 2C to 1.5C requires a deployment

in excess of 80 years. If negative emissions are not available at sufficient scale (>

2 − 3GtCO2/yr), shaving a substantial (>0.5K peak) becomes impossible on the

approximately 450-year timescale considered here.

This is dependent on climate sensitivity, as illustrated by Figure 2.7, which il-

lustrates that the trade-off between geoengineering duration and the temperature

reduction it achieves is arguably more favourable when climate sensitivity is high.
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Figure 2.7: As in the previous figure, but with the UKESM1 ECS and TCR
of 5.4K and 2.7K respectively, at the higher end of any estimate for climate
sensitivity.

Because the TCRE is high, small CO2 excursions lead to significant rises in temper-

ature. This means that the CO2 corresponding to a temperature rise of 0.5K could

be removed in decades, rather than around a century as in the low climate sensitivity

case.

With the UKESM climate sensitivity [128], even the fastest mitigation rate con-

sidered (where emissions start declining in 2020, hit net zero by 2038, and become

negative thereafter) overshoots the 1.5K target by 0.4K, entailing around 40 years of

commitment to SRM. As in the case of modelling IIASA scenarios with different cli-

mate sensitivites, higher climate sensitivites mean smaller carbon budget overshoots

correspond to larger temperature overshoots. Given that the duration of SRM de-

ployment is equivalent to the time spent overshooting the carbon budget, added to

the time required to remove the carbon budget overshoot, higher climate sensitivity

implies shorter overshoot commitment times to avoid the same level of warming.
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The requirement to remove the entire overshoot of the carbon budget before tem-

peratures will decline to below the threshold results in a high sensitivity of the du-

ration of the commitment to any “floor” in achievable negative emissions, especially

for large overshoots. Table 2.1 shows how the various carbon budget overshoots de-

pend on the TCRE and the temperature overshoot, illustrating the commitment to

global net-negative emissions implied by various temperature overshoots with differ-

ent TCREs. Note that, as most overshoot scenarios require negative emissions to

cancel out residual anthropogenic emissions as well as to provide global net-negative

emissions, the actual realised negative emissions will be higher in these scenarios. [129]

TCRE/Overshoot 0.5K 1K 1.5K 2K

0.92K (17%) 543 1086 1629 2172

1.26K (33%) 396 793 1189 1586

1.5K (50%) 333 666 999 1332

1.71K (67%) 292 584 876 1168

2.05K (83%) 244 487 731 975

Table 2.1: Implied carbon budget overshoots (GtCO2) for various levels of
temperature overshoot and TCREs from different percentiles of the IPCC
AR5 WG1 distribution of likely TCREs. These correspond to the cumulative
net-negative emissions required to return to 1.5K in each overshoot case.

2.5 Discussion of results and limitations, and con-

clusions

Our results illustrate that, in a hierarchy of models from simple analytical rules of

thumb, through simple climate model simulations of overshoot trajectories in the

Integrated Assessment Modelling Literature, and through to a simulation of a very

wide range of idealised overshoot scenarios, there are always significant trade-offs

between the length of time that geoengineering must be deployed and the actual tem-

perature overshoot that is suppressed by geoengineering. These trade-offs are such

that avoiding a significant overshoot of (say) 0.5K generally entails a commitment to

geoengineering and negative emissions for at least a century under most assumptions
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around emissions trajectories and climate sensitivity. Analysis of scenarios from in-

tegrated assessment models extended into the 22nd century, as well as the very wide

range of variants on the overshoot scenario, suggests that even this relatively short

duration of implied commitment is only likely to be realised where mitigation rates

and negative emissions potential are at the higher end: for example, the IIASA sce-

narios illustrate that peak-shaving to shave a peak from 2.5C to 1.5C could last for

between 100 and 300 years depending on the underlying emissions trajectory. How-

ever, there are some caveats to the above modelling which may affect these trade-offs,

which I turn to discuss now.

2.5.1 Explicit simulation of SRM in FaIR

One of the limitations of the analysis above is that I did not explicitly simulate SRM

taking place in FaIR and calculate the temperature trajectory with both SRM forcing

and CO2 forcing imposed together. Instead, I simulated only the response to emis-

sions trajectories and inferred the implied temperature overshoots that geoengineering

would avoid, and duration of geoengineering that would be required to accomplish

this, from the temperature trajectories themselves. However, the climate stabilised at

1.5K would be different to that which is allowed to overshoot past 1.5K and then re-

turn to 1.5K with negative emissions, in terms of climate and carbon-cycle feedbacks

and the heat absorbed by the ocean during the years of overshoot. For this reason,

one might expect overshoot calculations as conducted above to slightly overestimate

the actual length of time that SRM would need to be deployed to sustain temper-

atures with this emissions trajectory, because the carbon-cycle feedbacks and ocean

heat absorption in a world where the SRM is actually deployed would be smaller.

To test the size of this effect in FaIR, I ran a simulation of the standard SSP-OS

scenario, with the model’s default climate sensitivity, with mitigation beginning in

2040 such that there is an overshoot (of 1.5K) that has a temperature peak at around

2K. I then manually diagnosed the required volcanic radiative forcing in each year

to keep temperature anomalies below 1.5K by running FaIR once for each year of

the simulation’s duration, and adjusting the radiative forcing accordingly for each

individual year until it was large enough to ensure that the temperature remained
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below 1.5K. The resulting diagnosed radiative forcing was then imposed on top of the

emissions trajectory to assess its effect.

Figure 2.8: Temperature trajectories in the scenario where SRM is explicitly
deployed (orange) and emissions-only (blue) SSP-OS scenarios. The x-axis
is years since 1750 and the y-axis is temperature above the preindustrial mean.

The results are plotted in Figures 2.8 and 2.9. We can see that the impact on the

carbon-cycle is relatively small for this level of peak-shaving, corresponding to 3.1ppm

at the peak difference between the scenarios, which corresponds to around a year of

2020 SSP-OS 8.5 emissions, or in other words delaying the onset of mitigation in this

scenario by one year. The corresponding difference between the estimated duration

of geoengineering from considering the emissions-only temperature trajectory and the

actual duration that SRM needs to be deployed before temperature reduces to below

1.5K is approximately 5 years. Given that, in this scenario, geoengineering needs to

be deployed for around 140 years to “shave the peak” to 1.5K, this discrepancy is

relatively small in this case, suggesting that for these climate sensitivity parameters

and given the temperature-interactivity of the carbon cycle in FaIR, approximating
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Figure 2.9: Radiative forcing and carbon dioxide concentration trajectories
in the scenario where SRM is explicitly deployed (orange) and emissions-
only (blue) SSP-OS scenarios. The x-axis is years since 1750 and the y-axis for
Radiative Forcing is the net radiative forcing for anthropogenic greenhouse gases plus
SRM in Watts per square metre, while the y-axis for CO2 is the concentration in
parts per million in the atmosphere.
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the implied duration of geoengineering using the emissions-driven temperature tra-

jectory rather than explicitly simulating SRM is a reasonably good approximation.

However, this error is likely to increase for trajectories with a longer overshoot, or if

the climate sensitivity of the model differs, as I discuss in the next section.

2.5.2 Path-dependence of the TCRE

The preceding idealised analysis in Section 2.2 assumed that the TCRE is constant,

and takes the same value, for both negative and positive emissions. However, more

detailed modelling of the carbon-climate cycle suggests that the TCRE exhibits hys-

teresis, depending on the historical path of emissions, owing to the lagged thermal

response of the ocean [130], which means that negative emissions are less effective at

cooling than emissions are at warming, at least in the short term. This has impli-

cations for overshoot trajectories which worsen as the overshoot increases, although

analysis of ESMs suggests that the concept of a carbon budget and the proportionality

of temperature to emissions remains robust up to excursions of around 300 gigatonnes

of carbon, which with a median TCRE (of around 1.6K per trillion tonnes of carbon,

or 0.44K per trillion tonnes of CO2) [131] would correspond to temperature overshoots

of around half a degree of warming. [132]

This non-linearity is most prominent when the lagged ocean response is large,

which occurs when the carbon budget overshoot is large. For example, Zickfeld et

al. (2016) [130] modelled an emissions trajectory where CO2 concentrations were

increased by 1% per annum to 4x preindustrial levels and then decreased in the same

way. They found that the TCRE was approximately 1.59K in the ascending branch

and 1.48K in the descending branch, i.e. 7% lower. In scenarios with smaller total

cumulative emissions, the difference between the ascending and descending branch

was smaller (or even of the opposite sign, implying negative emissions were slightly

more effective at cooling than positive emissions were at warming.) This implies

that the analytical estimates above are likely to be underestimates for the real-world

commitment to peak-shaving.

Depending on the emissions scenario and the model used, the approximation that

global mean temperature is proportional to cumulative emissions - and hence that
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TCRE is constant and well-defined - can be less accurate. Physically, the concept of

a constant TCRE depends on the approximate cancellation of two factors: residual

surface warming as the ocean comes into equilibrium with the high-CO2 atmosphere,

and uptake of carbon dioxide by the ocean sink and biosphere [108]. Consequently,

factors that vary between models - such as the rate of uptake of CO2 by the oceans and

the biosphere, as well as the timescale and magnitude of long-term warming as the

deep ocean comes into equilibrium with the atmosphere - can introduce a hysteresis

effect in temperature as cumulative emissions are reduced, and hence an apparent

time-dependence of the TCRE.

This behaviour can be modelled with FaIR by using idealised emissions trajectories

and varying the TCR/ECS ratio, known as the “Realised Warming Fraction” (RWF).

RWFs for the CMIP5 models lie in the range 0.45-0.75, with an average of 0.55:

observationally constrained estimates tend to fall in the upper half of this range. [133]

In these scenarios, emissions linearly decrease from an initial maximum value E to

-E, resulting in net cumulative emissions of zero. The TCRE is evaluated for the

ascending and descending branches by calculating the gradient of the temperature-

cumulative emissions curve, then averaging across the periods of positive and negative

emissions respectively. The ratio of the TCRE in the ascending and descending

branches is plotted against the RWF for several emissions scenarios in Figure 2.12.

If the RWF is low, or the total carbon perturbation is high, the assumption of

linearity is less accurate. In these cases, global mean temperature can continue to rise

even as emissions go negative, as the large “unrealised” warming dominates the effect

of declining CO2 concentrations, reducing the average TCRE across this descending

branch. This will result in the analytical formulae of Section 2 underestimating the

commitment time to peak-shaving geoengineering. By contrast, if the RWF is high,

and the carbon perturbation is small enough, the TCRE ratio can be less than 1: in

other words, natural removal of CO2 by sinks exceeds the effect of long-term warming,

which results in faster cooling during the negative emissions branch, as concentrations

decline more quickly.

The non-constant nature of the TCRE is an important caveat for the early, analyt-

ical calculations of the trade-off between duration and the height of the peak shaved -

especially if the RWF is at the extreme ends of current estimates, or the carbon per-
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Figure 2.10: Climate sensitivities (top to bottom: ECS, TCR) for the
CMIP6 ensemble. The ECS range is between 2.2-5.7K and the TCR range be-
tween 1.6K and 3.6K. The IPCC AR5 “likely” ranges are illustrated for AR5 with
dashed lines in both cases. Results earlier in the chapter sampled the (relatively low)
standard FaIR sensitivites (1.53K, 2.86K), as well as high-end climate sensitivites
(2.7K, 5.4K).

56



Figure 2.11: Realised warming fractions (RWFs) for the CMIP6 ensemble.
Note the FaIR default of 0.53. The CMIP6 range (0.34-0.72) is wider than the CMIP5
(0.45-0.75) and has a slightly lower average (0.52 vs 0.55). Note that the results earlier
in the chapter sampled the standard FaIR sensitivites (1.53K, 2.86K), as well as
high-end climate sensitivites (2.7K, 5.4K), but with an RWF close to the multimodel
average in both cases (0.53 and 0.5 respectively.)
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Figure 2.12: Ratio of TCRE during positive and negative emissions periods
for various Realised Warming Fractions (TCR/ECS ratios). This was calcu-
lated by simulating simple emissions trajectory where emissions linearly decrease to
zero and then become negative at the same rate, until cumulative emissions are zero.
Differences both in the total anthropogenic CO2 excursion and the RWF give rise
to different levels of hysteresis. The approximation that the TCRE is constant for
removals and additions of CO2 - which is relied on for the simple algebraic models,
but not the FaIR analysis - breaks down for RWF far from the FaIR default of 0.53,
or for large anthropogenic CO2 excursions. Lower RWF or greater CO2 excursions
would result in a greater implied duration of geoengineering to maintain temperatures
below a given threshold.

turbation is high. However, this effect is relatively small for RWF of around 0.5-0.6,

similar to the multi-model CMIP5 average of 0.55 and the FaIR default of 0.53.
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2.5.3 Sensitivity of the results for the idealised overshoot

scenarios to different realised warming fractions

To illustrate the sensitivity of the conclusions to the climate sensitivity, I have tested

two sets of parameters. The first, using the default FAIR parameters, represents

a TCR and ECS towards the centre of the AR5 likely ranges. The second uses

UKESM1 as a representative of the high end of climate sensitivity from the new

generation of CMIP6 models. Both of these have a similar ratio to TCR and ECS,

or Realised Warming Fraction, which represents the commitment to long-term vs

immediate warming when a given tonne of carbon is emitted (0.53 for FAIR, 0.52

for UKESM1), and captures some of the effect of long-term climate-carbon cycle

feedbacks and the lagged thermal ocean response to surface warming. Models with a

low RWF correspond to cases where these effects are high.

Given that many of these scenarios evolve over centuries, it is reasonable to ask

whether sampling TCR and ECS values with a significantly different Realised Warm-

ing Fraction affects our conclusions. For example, consider the case where the RWF is

low, and the negative emissions floor is also low. Here, we might anticipate longer du-

rations for peak-shaving, as long-term warming due to excess CO2 emissions cancels

the effect of removing CO2 from the atmosphere.

To investigate the effect of different RWF on our conclusions, I simulate two

additional parameter sets. One is [TCR, ECS] = [1.53, 5.1], corresponding to an

RWF = 0.3. The other is [1.53, 1.9]. corresponding to an RWF = 0.8 – both with

the same TCR associated with the original FAIR model. I am not suggesting that

either of these parameter combinations is especially likely: they simply correspond to

extreme cases to illustrate any dependence of our results on the RWF (and, indeed,

few models are this far from the mean RWF). [134]

One can see from Figure 2.13 that low RWF models give you a more “exponen-

tial” curve, representing a greater dependence of the peak temperature overshoot

on the duration of the overshoot itself; this is because, for simulations with much

longer durations, there is more time for carbon-cycle and other feedbacks to kick in

and generate additional warming beyond that directly due to the transient climate
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response to emissions. Under these circumstances, temperature overshoots are gen-

erally higher. It is also worth noting that in this low-RWF case, the effect of not

explicitly simulating SRM, as discussed in the previous discussion section, becomes

more important. The more “s-shaped” curve in Figure 2.14 shows that temperature

overshoots and their duration are much more dependent on the emissions trajecto-

ries that I simulated rather than properties of the climate system in the case where

long-term feedbacks are less important, as we would expect.

Figure 2.13: Trade-off between years of committment to solar radiation
management and the peak in temperature avoided by a range of idealised
overshoot and negative emissions scenarios, under the FaIR default TCR
of 1.53K, but with .

However, it is worth noting that to more fully analyse these effects, we would need

to use a model with a more robust representation of the carbon cycle, and carbon-

climate feedbacks, than the impulse-response model possesses. In particular, we would

expect these non-linearities to become more important for greater carbon budget
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Figure 2.14: Trade-off between years of committment to solar radiation
management and the peak in temperature avoided by a range of idealised
overshoot and negative emissions scenarios, under the FaIR default ECS
and TCR of 2.86K and 1.53K respectively.

excursions, and so we might expect them to have a greater impact on our estimates

for implied overshoot durations and magnitudes for given emissions trajectories.

2.5.4 Conclusions

This exercise is not intended to span the entire conceivable scenario space of SRM

deployment, nor to evaluate the circumstances under which SRM deployment might

result in improved outcomes, at least for some. Instead, I aim to illustrate tradeoffs

inherent in “peak-shaving” scenarios: between the implied commitment time of SRM

deployment and the size of the peak, as well as to outline implications for the mitiga-

tion rate and scale of negative emissions that are required to ensure the deployment

is limited to a particular timescale.
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This analysis is arguably conservative, both for the timescales and negative emis-

sions commitment concerned. It assumes that the carbon budget is exceeded rapidly,

with high emissions, and that mitigation begins immediately after emissions peak.

When discussing negative emissions, I consider only the scale of global net-negative

emissions. However, additional negative emissions will likely be required even to

reach net-zero emissions, with integrated assessment modelling often indicating large-

scale negative emissions will be required to offset residual emissions from “hard-to-

mitigate” sectors [129], so the actual requirement for negative emissions will be higher.

This analysis also allows for the largest mitigation and negative emissions rates

found in the ambitious 1.5C-compliant literature. We have considered an extremely

large range of mitigation and negative emissions rates in the idealised variants of

the SSP-OS scenario, many of which are unlikely to be plausible in reality. In a

world where SRM is deployed, assuming it is effective in small doses at reducing

climate risks [107], the perceived urgency of reducing emissions and deploying negative

emissions at scale may be reduced; this consideration of the political economy of

geoengineering and the possibility of reduced urgency may lengthen the timescale of

actual deployment for geoengineering beyond the estimates here, which would assume

the same level of urgency for mitigation is maintained even if climate impacts are

less damaging and geoengineering is effetively reducing climate risks, such as tipping

points. We have also assumed, for simplicity, that “peak-shaving” sticks to a certain

global mean temperature target and is always committed to keeping temperatures

below that threshold. However, political considerations may differ - if geoengineering

proves politically difficult or expensive to maintain, it may be the case that would-be

geoengineers opt to slowly ramp it down and slow the rate of warming that would

otherwise be experienced, particularly if it was only suppressing a relatively negligble

amount of warming (say, 0.1-0.2K, or within interdecadal variability.)

Finally, as discussed, the analytic section assumes that the TCRE is the same for

both positive and negative emissions, while more detailed carbon-cycle and climate

modelling suggests that the TCRE is path-dependent and that negative emissions

are less effective at reducing temperature than positive emissions are at increasing

temperature, especially when the cumulative emissions are large. Where this is im-

portant, it is likely to increase the timescales considered, unless the realised warming
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fraction is high. In the discussions section, we showed modelling results in FaIR

that suggest this effect is likely to be relatively small for trajectories like the SSP-OS

scenario which might be considered more feasible overshoot scenarios.

Unless climate sensitivity is at the high end of estimates, deploying SRM to shave

a substantial peak over 1.5C – say, stabilising temperatures at 1.5C when they might

have peaked at 2C – is likely to require a commitment to SRM on the order of a

century, and to large-scale negative emissions, cumulatively at least 350GtCO2. We

find that, under median estimates of climate sensitivity, deployments of SRM that

are complete within a few decades are unlikely to shift global mean temperatures a

great deal beyond multidecadal variability. Cost-benefit analyses that assume SRM

deployment is not indefinite must consider the cost and feasibility of cumulative neg-

ative emissions equivalent to the exceedance of the carbon budget, as well as the

timescales required to draw these emissions down. Unless it is maintained on a cen-

tennial timescale, using SRM for peakshaving does not free the world of its obligation

to rapidly mitigate CO2 emissions and scale up negative emissions technologies sub-

stantially within a few decades.

During the COVID-19 pandemic, to avoid loss of life, many of the world’s govern-

ments have been compelled to implement severe social distancing measures in order

to “flatten the curve” of infection. We see an analogy between these two situations,

where the R-rate during the uncontrolled initial phase of the epidemic is analagous

to our emissions before net-zero is reached, and the rate of negative emissions we can

attain is analagous to the R-rate in lockdown. The curves of new case numbers in

countries that implemented lockdowns resembled the asymmetric parabolas of section

2.2, as in general the R during the uncontrolled epidemic phase was larger than the

reciprocal of the R during lockdown. Therefore, each week prior to lockdown required

several weeks of commitment to lockdown to return case levels to normal. Countries

that were able to implement early lockdowns, prior to substantial spread of the dis-

ease, were generally able to adopt less stringent, less expensive, and shorter-duration

social distancing measures, while experiencing a lower rate of mortality.

In both cases, the inescapable conclusion is that the optimal scenario involves

early, swift and decisive action to tackle the root of the problem, reducing emissions,
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which keeps options open and can even obviate the need for a long-term commit-

ment to a costly suppression policy. When this becomes impossible, the trade-offs

illustrated here must be confronted.
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2.6 Appendix

2.6.1 List of scenarios from the IIASA database with over-

shoots

The full list of 22 IAM scenarios used in the modelling is:

Scenario Peak Cumulative Emissions

MESSAGE V.4AMPERE3-450P-EU 1246

IMAGE 2.4AMPERE3-550 2132

MERGE EMF27EMF27-450-Conv 874

REMIND 1.5AMPERE3-450P-EU 1014

REMIND 1.5AMPERE3-CF450P-EU 1047

IMAGE 2.4AMPERE3-450 1017

REMIND 1.5AMPERE3-450P-CE 963

REMIND 1.5EMF27-450-Conv 1364

GCAM 3.0EMF27-450-Conv 771

REMIND 1.5AMPERE3-450 832

MESSAGE V.4AMPERE3-550 1678

REMIND 1.5AMPERE3-550 2026

GCAM 3.0AMPERE3-550 665

GCAM 3.0EMF27-450-NoCCS 718

REMIND 1.5AMPERE3-550P-EU 2250

GCAM 3.0AMPERE3-CF450P-EU 532

MESSAGE V.4AMPERE3-450 794

GCAM 3.0AMPERE3-450P-CE 507

GCAM 3.0AMPERE3-450P-EU 513

IMAGE 2.4AMPERE3-450P-EU 1336

IMAGE 2.4AMPERE3-450P-CE 1170

GCAM 3.0AMPERE3-450 508

Table 2.2: Peak cumulative emissions for each of the 1.5C overshoot/peak-
and-decline scenarios in the IIASA database, plotted in Figure 2.4. With a
given TCRE and hence carbon budget, this can be used to approximate temperature
overshoots.
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Chapter 3

Methods, calibration, and initial

characterisation for SRM

experiments in HadCM3

3.1 Introduction

The principal aim of this part of the project (in Chapters 3-5) is to explore the

question: to what extent can geoengineering be optimised? We have discussed in the

literature review in Chapter 1 the shortcomings of uniform geoengineering, such as an

undercooling of the poles and overcooling of the tropics. We have also discussed the

modelling and volcanic analogue evidence which suggests that it is possible to achieve

different temporal and latitudinal distributions of stratospheric aerosol through dif-

ferent injection strategies, resulting in a different climate response. In this and the

following chapters, we seek to use climate models to characterise the response to dif-

ferent patterns of applied aerosol optical depth, in order to determine the extent to

which geoengineering could be optimised, in the idealised case that we have control

over the distribution of aerosol optical depth. We can also use the large number

of model years that this process will generate to investigate climate and weather

extremes. There are several steps to this process:
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� Explore and characterise the broad climate impacts of latitudinally varying

SRM using large HadCM3 ensembles. (Chapter 3)

� Investigate the linearity of the climate response with respect to the imposed

aerosol patterns in radiative fields, temperature, precipitation, etc. (Chapter 3)

� Use this framework to construct patterns of aerosol optical depth and predicted

response that would optimise for attaining particular climate goals, and analyse

their effects. (Chapter 4)

� Investigate whether SRM reduces the frequency of extreme weather events com-

pared to preindustrial baseline. (Chapter 5).

The parameter space of potential SRM interventions is extremely large - even with

the large ensembles available to climateprediction.net (CPDN), we do not propose

to explore the entire parameter space. Instead, we seek to determine whether the

variability in the climate response to inhomogenous forcing can be projected on a

few main modes of variability. These would correspond to the internal modes of

variability of the climate system. This would allow us to broadly illustrate which

trade-offs exist and the limits of the potential to optimise the climate with SRM,

even if you assume it is possible to obtain a high degree of control of the latitudinal

distribution of aerosol. We return to this idea in Chapter 4, but initially our task is

to implement SRM in our model and characterise the response.

3.2 Methods

3.2.1 Climateprediction.net and HadCM3

The climateprediction.net project [135] [136], along with its sister project weather@home

[137], are distributed computing projects that utilise the world’s largest ensemble

of climate models, run on volunteer computers through the Berkley Open Infras-

tructure for Network Computing (BOINC) system. The CPDN project uses the

HadCM3 global circulation model (GCM) [138] and was originally designed for quan-

tifying uncertainties in the climate sensitivity when physics is perturbed [139], while
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weather@home uses a regional climate model embedded in HadCM3 – which can be

driven with sea-surface temperature patterns – to carry out attribution studies [140]

for extreme weather events.

CPDN’s capacity to generate PPEs (Perturbed Physics Ensembles), which can

sample a wide range of responses, feedbacks, and forcings [141], has been used in a

number of studies to constrain climate sensitivity [142] and represent uncertainties in

the climate system as a multi-model ensemble would. [143] When run in this mode,

climateprediction.net allows you to vary different parameters of model’s representa-

tion of the atmosphere and ocean in the climate system, which parameterize more

complicated physical processes. For example, some of these parameters correspond to

the sea surface roughness, the diffusion coefficients in the ocean or atmosphere, or the

threshold liquid water content for clouds. There are a range of different combinations

of parameters in the model which can yield plausible climates; CPDN studies in the

past have investigated the impact of varying these parameters on the model’s ability

to simulate climate and the climate sensitivity.

For our purposes, we will run HadCM3 with the standard physics parameters, but

instead drive the model with a range of different patterns of aerosol optical depth,

mostly superimposed on an abrupt quadrupling of CO2 in order to ensure a good

signal-to-noise ratio and because this idealised experiment has been widely studied.

Ensembles of model runs driven by the same forcing pattern can be generated with

initial conditions perturbations, discussed below. The large ensembles of HadCM3

models that we can run enable us to distinguish the forced response to latitudinally

dependent forcings from natural climate variability, and distinguish between the re-

sponse to forcings in general and the specific dependence on the variations of the

forcings with latitude and time in our model.

The latest version of HadCM3 used by CPDN builds on the published version.

It allows the stratospheric aerosol optical depth (AOD) to be specified in each of

73 latitude bands, which allows inhomogeneous SRM to be implemented. (To first

approximation, stratospheric AOD is a function of latitude, as described in Section

1.2). Note that as the AOD can be varied in each month of the annual cycle, and the

polar latitudinal bands are not read in by the radiative scheme, this effectively gives

us 12 x 71 degrees of freedom to vary the AOD in each year. The model has been
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modified to include multiple calls to the radiation code, allowing the user to diagnose

radiative forcings with and without aerosols and greenhouse gases and output these

as diagnostic variables, which allows us to carry out calibration as discussed later.

Standard physics parametrizations and initial conditions perturbations can pro-

vide a large number of model years for analysis. Initial conditions perturbations are

implemented by adding a random potential temperature perturbation between 0.1K

and 1K to one of the grid cells in the “start file” specifying the initial condition of

the model; this is sufficient to lead to divergent model evolution of temperature and

precipitation across all grid cells within a few model weeks. The “start file” that is

perturbed to generate ensembles is always the same preindustrial start file, so initial

conditions differ only by this perturbation, except where runs were explicitly con-

tinuations of earlier runs to generate more model years (which also all ultimately

originated from the same perturbed start file.)

3.2.2 Ensembles from climateprediction.net

Climateprediction.net relies on using volunteer computers, which have downloaded a

version of HadCM3. Simulations are released to volunteers in “batches”, which specify

the ancillary files to be read into the model to drive it, such as radiative forcing

from greenhouse gases and the volcanic forcing files which are used to implement

our latitudinally-varying stratospheric aerosol optical depth. These ancillary files

are specified by the experimenter and uploaded to a server, where they can then be

downloaded by volunteers and used to run individual experiments. For our purposes,

greenhouse gases, specified as concentrations, and specifically CO2, as well as the

aerosol optical depths prescribed, were the only ancillary files we modified - the rest

were kept at preindustrial levels. The batches provide a unique ID for each run, and

also specify how long the simulation should be run for. In this, there are many trade-

offs for the experimenter to consider. Volunteer computers are often slow, and have

varying speed depending on the hardware that the volunteers have. Volunteers can

specify how much computing power CPDN will utilise, and the hours of operation

when it will run. This, as well as their internet speed for uploads and downloads,

influences how long simulations take to run. The longer a simulation is run for, the
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greater the risk that the results will not be returned, due to hardware or software

errors from the volunteer, or failure to upload large data files. There were also several

other research projects which relied on CPDN when I was doing model runs, so the

number of volunteer computers I was able to use was sometimes limited by other

experimenters.

In practice, we found that simulations of 20 years offered a reasonable compromise

between obtaining a sufficient amount of data and minimising the number of model

runs that crashed or did not return sufficient data. In the analysis that follows, I

typically treated the first ten years as spin-up years, and analysed data only from

the second decade, when the simulations had stabilised. Sometimes, simulations of

ten years’ duration were run, but the start file they used had already been spun up

for ten years, allowing comparable data from shorter simulations. (This standard

spin-up period is used for all simulations except where I am explicitly analysing the

dynamics of that first decade; for example, in showing how global mean temperatures

would increase under 4xCO2 or regressing precipitation in grid cells onto global mean

temperature over time to characterise the “fast” and “slow” response in Chapter 4.)

Even so, it was generally necessary to filter out model runs with incomplete data

due to upload errors, or that had become unstable due to calculation errors on user

equipment. Typically, this would manifest itself as missing data in the output or a

run that “failed” and did not return any data; these runs were filtered out before

analysis.

The result of this is that the ensembles used are all of varying sizes, depending

on how many results were returned by CPDN. Typically, although not exclusively, I

would send out batches of 50 ensemble runs and receive 20-30 back within a 3-month

timeframe, which was the cutoff point at which I started to analyse the data from

that set of model runs. (More runs, from slower user machines, would ultimately

be downloaded and some of these were used in subsequent chapters.) Consequently,

the ensemble averages of simulations that we analyse in Chapters 3 and 4, and the

number of model years of preindustrial simulations and SRM that are analysed in

Chapter 5, are of slightly different sizes. I will list the numbers of each simulation

analysed in each chapter in a dedicated table. With the exception of the calibration
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Figure 3.1: L: Determining the AOD for net zero radiative forcing under
4xCO2; R: global mean shortwave and longwave components of radiative
forcing under different aerosol optical depths. L: Calibration of the model’s
response to CO2 and SRM R: Breakdown of longwave and shortwave forcing compo-
nents and their dependence on AOD in 4xCO2 + SRM simulations.

section below, and the temperatures plotted in Figure 3.6, the rest of the analysis in

this chapter is from the ensembles set out in Section 3.2.4.

CPDN implements code which converts model output into netCDF format. Anal-

ysis and averaging is then undertaken using a combination of the CDO command line

tools and Python, and plots are either in matplotlib or Panoply.

In the next section, we will discuss initial simulations of geoengineering and the

necessary calibration of geoengineering in this model. We will then move on to discuss

the simulations that are analysed in the results section of this chapter.

3.2.3 Calibration of SRM in HadCM3

Initial calibration of the model and its response to statospheric aerosols and green-

house gases required running idealised simulations with a large signal-to-noise ratio,

aiming to compensate for an abrupt quadrupling of CO2 levels with a uniform layer

of stratospheric AOD. I chose the AOD to attempt to balance the IPCC’s standard

for radiative forcing from CO2:

RF = β ln

(
CO2

CO2,ref

)
(3.1)
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where β = 5.35Wm−2 from Myhre et al. (1998) [144] leading to 7.41Wm−2 as

the radiative forcing from quadrupling CO2 to cancel. Hansen et al. (2005) [145]

calculated that, for the stratospheric aerosol lofted by Pinatubo, which the aerosol

implementation in HadCM3 attempts to simulate, the shortwave radiative forcing can

be approximated by RF = −24 · τ , where τ is AOD.

This gives an estimated aerosol optical depth of τ = 0.31. However, this ansatz

for the required AOD to suppress warming from quadrupled CO2 is too small: when

simulations were run, there was 1K of residual warming across the first decade. This

is because it does not account for either the longwave radiative absorption of the

stratospheric aerosols, which acts to warm the stratosphere, or the differing effects on

surface temperature of reflecting incoming shortwave radiation (SRM) and decreasing

outgoing longwave radiation (GHGs). These effects mean that the initial guess is

an underestimate for the AOD required to prevent surface warming. This has been

observed in previous multimodel simulations of geoengineering, where each individual

model requires calibration (Figure 3.1) to determine the AOD required to cancel out

the increase in global mean surface temperature, depending on its response to the

different forcings applied. [58] Note in Figure 3.1 the weak dependence of LW forcing

on AOD showing longwave absorption by aerosols, which is why calibration is needed.

A small ensemble was run, with five ‘runs’ (each with different initial conditions

perturbations), of 11 different aerosol optical depths evenly spaced at intervals of

0.01 between τ = 0.30 and τ = 0.40. This was sufficient to establish approximate

linearity in the global mean radiative forcing with AOD in this range. Calibration

gave us an AOD of τ = 0.39 which is henceforth used as a scaling factor for aerosol

distributions imposed on quadrupled CO2. (See Figure 3.1.) In the uniform case

with this AOD, the residual radiative forcing was 0.19Wm−2, and the uniform AOD

stabilised temperatures at around 0.3K above the preindustrial control for a decade.

(Figure 3.5)

Gregory [146] plots provide a faster means of estimating the equilibrium climate

sensitivity (ECS) and radiative forcing due to an imposed change. Rather than wait-

ing for the model to come to equilibrium, which can take centuries of model time,

the approximate linear relationship between changes in net radiative forcing and tem-

perature is used. A Gregory plot from an ensemble average of 4xCO2 experiments
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Figure 3.2: Net radiative forcing plotted against temperature anomaly in the
abrupt4xCO2 scenario - so-called Gregory plot determining the model’s climate
sensitivity to abrupt 4xCO2

suggested that the effective radiative forcing of 4xCO2 in CPDN’s HadCM3 was close

to 7Wm−2, (note the difference from Myhre et al. (1998) [144]) with an eventual

expected warming of 6.7K. (Figure 3.2)

3.2.4 Simulations and ensemble sizes

3.2.4.1 Characterising the preindustrial, 4xCO2, and SRM scenarios

The baseline set of our scenarios is the preindustrial case, with no external forcings

applied at all. The greenhouse gas concentrations are set to their default preindustrial

levels, and the volcanic forcing is set to zero. These simulations are referred to as

piCO2 or the preindustrial baseline simulations. The second set analysed here are

the abrupt4xCO2 experiments, where the greenhouse gas concentrations are abruptly

quadrupled from their preindustrial levels, but no volcanic forcing is applied. The

third main set of simulations analysed are the “SRM” simulations. These simulations

abruptly quadruple CO2 and they also apply a uniform layer of aerosol optical depth,

scaled by the scaling factor, τ = 0.39 , derived in the calibration section, which -

when applied as a global average uniform aerosol optical depth - stabilises global

mean temperature at the preindustrial levels. This is the baseline SRM scenario and
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scaling factor which others build on. When we describe different distributions - such

as the NH or SH SRM scenarios, or the multimodel G4 scenarios - these patterns

of aerosol optical depth have been normalised to have the same global mean aerosol

optical depth as the uniform SRM simulation, i.e. that which would cancel out the

temperature increase from abrupt 4xCO2 when applied as a uniform layer.

As a first test of inhomogenous radiative forcing, simulations were conducted

where the aerosol optical depth was doubled in one hemisphere (relative to the uni-

form SRM in earlier tests) and set to zero in the other. These simulations are referred

to as NH SRM and SH SRM. This is an idealised representation of the effects of strato-

spheric aerosol injection concentrated in either hemisphere, and has an analogue in

historic volcanic eruptions which resulted in AOD predominantly in one hemisphere,

such as El Chichon, as discussed in Chapter 1. HadCM3 has 71 effective latitude

bands in which we can set an aerosol optical depth, given that the polar latitude

bands are not read into the radiative model. This is an odd number, so the central

one of these bands spans the equator. For the purposes of these hemispheric simu-

lations, the aerosol optical depth in this band was set to zero in both cases. This

means that the NH and SH simulations do not exactly correspond to AOD across the

entire Northern or Southern hemisphere, but this was as close as could be achieved

with this limitation of our model.

3.2.4.2 Characterising the distributions from the G4 multimodel experi-

ment

To what extent is the climate sensitive to different latitudinal distributions of aerosol?

Models with different aerosol microphysics and stratospheric dynamics result in differ-

ent distributions of aerosol optical depth for the same injection strategy, as described

in Chapter 1’s literature review and illustrated in Figure 3.4.

As the presence of aerosol in the stratosphere affects the stratospheric tempera-

ture, chemistry, and dynamics, even field-trials that fall short of full deployment are

unlikely to eliminate these uncertainties. Observational data from volcanic eruptions

is unlikely to cover the full range of possible injection scenarios and strategies. For

this reason, understanding the effects of variations in the distribution of aerosol -
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and the sensitivity of any geoengineering strategy to unintended variations - is im-

portant. The GeoMIP G4 experiment [15] aimed to investigate the effects of using

the same injection strategy - daily equatorial injections amounting to 5Tg SO2 per

year in the stratosphere - in different models. Differences in response between the

models [52] arise due to the different distributions of aerosol, which in turn arise from

different model physics - for example, in terms of stratospheric dynamics and aerosol

microphysics.

To isolate and investigate the impacts of differing aerosol distributions alone,

I scaled up aerosol distributions from models that participated in the GeoMIP G4

experiment (for those cases data could be obtained) to the global mean AOD required

to cancel 4xCO2 in HadCM3. While this is not the same as simulating injections of

the required magnitude in each of the stratospheric models used, it benefits from the

high signal-to-noise ratio and ability to compare with existing simulations.

The data used were from models HadGEM2, ULAQ, MIROC-CHEM-AMP, and

GEOCSSM, as well as the G4 experiment’s prescribed stratospheric AOD dataset for

models that cannot explicitly simulate aerosol injections, which was based on observa-

tional data from the Pinatubo eruption. The annual cycle for AOD in the modelled

cases was calulcated by averaging over thirty years in the simulation, starting ten

years after injections began. Data was regridded and zonal averages taken to provide

inputs for HadCM3; these are plotted in Figure 3.4.

There is a notable bimodality: GEOSSCM, ULAQ and MIROC experience merid-

ional transport barriers that result in tropical AOD confinement: this was not seen

in the Pinatubo eruption, the HadGEM2 simulation, or the CESM-WACCM model

used by GLENS (see Chapter 4). This confinement owes to greater aerosol coagula-

tion in these models, which leads to a faster sedimentation rate for aerosol at high

latitudes, and a strong isolation of aerosols in the so-called ‘tropical pipe’ [42]. The

level of confinement differs: 24% of the total AOD is between 20N and 20S in the

MIROC simulation compared to 42% in ULAQ. This is characterised more precisely

by examining the kurtosis of the annual average meridional distributions (Figure

3.3): positive kurtosis corresponds to strong confinement, while negative kurtosis

corresponds to distributions concentrated at high latitudes.
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Seasonal dependence of meridional transport depends on the model: for exam-

ple, in ULAQ, MIROC and GEOSSCM aerosol transport to higher latitudes is most

effective in summer.

Finally, we model an idealised distribution defined such that:

AODβ ∝ (1 + sin2(φ))

where φ is latitude.

This distribution was normalised to the same AOD average scaling as the other

distributions: it represents an idealised distribution where AOD is concentrated at

the poles, and therefore contrasts with models with high tropical confinement. Con-

strasting responses like this have been observed in some models: while AOD data

from the GISS-E2-R model could not be obtained for this study, its simulation of G4

provides an example of a stratospheric model where simulations of equatorial injec-

tions, with more vigorous horizontal mixing of air in the lower stratosphere, results

in a minimum in the tropics and higher concentrations at high latitudes. [42]

3.2.4.3 Ensemble sizes in this chapter

The table below lists the ensemble sizes for completed simulations that are analysed

in this chapter, with the exception of the “stripe” simulations.

To investigate linearity a series of geoengineering simulations where the aerosol

was confined to ten adjacent model latitude bands (22.5 degrees of latitude). In each

stripe, the AOD was set to 0.39, and zero elsewhere, against a background of 4xCO2.

The AOD was fixed at 0.39 for three latitude bands at the poles (two in the NH and

one in the SH) to allow for seven “stripe” simulations to cover the entire globe.

The “stripe” simulations were run in smaller batches, of 20 each, and therefore

the variability in how many were analysed for the ensembles were smaller. Moving

down across the latitude bands from the Northern hemisphere, the latitude bands

covered are 2-12, 12-22, 22-32, etc. Denoting these as st1, st2, st3..., the batch sizes

were as follows. st1: 10 st2: 5 st3: 7 st4: 5 st5: 8 st6: 7 st7:5 .
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Figure 3.3: Annual, zonal averages of AOD from the multimodel comparison
of simulated aerosol distributions which result from the G4 equatorial
injections.
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Figure 3.4: AOD-time plots for the annual cycle from the multimodel com-
parison of G4 equatorial injections. Clockwise from top left: ULAQ, MIROC,
HadGEM2, GEOSCCM.
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Simulation Ensemble size

Preindustrial 27

4xCO2 21

Uniform SRM 22

NH SRM 24

SH SRM 23

GEOSCCM 26

HadGEM 21

MIROC 23

ULAQ 14

Pinatubo (G4-SSA) 21

Beta 33

Table 3.1: Simulations and ensemble sizes considered in the first part of this chapter
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3.3 Results

3.3.1 Characterising the response to uniform SRM and CO2

experiments

3.3.1.1 Temperature anomalies

Analysis of the abrupt4xCO2 experiment in HadCM3 indicates that temperature

increases approximately as the square root of time over the first decade, with a slower

rate of warming subsequently. We observe this first decade of change in Figure 3.5.

This corresponds to the two main timescales to the response - the fast one associated

with the atmospheric response, which is effectively complete after a decade, and the

slow one associated with the response of the oceans, which take centuries to fully

equilibriate with abruptly imposed forcings. A spin-up period of a decade allows

the atmospheric response to take place, while the ocean continues to warm slowly.

[147] For SRM designed to cancel out global mean temperature the global mean

temperature anomaly and net radiative forcing are both low by design, so there is not

substantial net warming of the ocean later on, allowing us to use a shorter spin-up.

(For example, GeoMIP used 10 years for G1).

Figure 3.5: Temperature and precipitation anomalies under SRM and
abrupt 4xCO2

Temperature anomalies (Figure 3.6) persist where aerosol reflection is least effec-

tive: in the polar winters where there is insufficient incoming shortwave radiation for
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aerosols to reflect to compensate for the CO2 forcing. There are also notable pos-

itive anomalies over high Northern latitudes during their summer. These are areas

prone to albedo feedbacks and Arctic amplification of temperature anomalies under

greenhouse-gas induced warming. [148] For this reason, we would expect larger tem-

perature anomalies in the Arctic even without the additional influence of the imperfect

cancellation of radiative forcing by SRM.

Figure 3.6: Latitude-time plot of temperature anomalies and residual warm-
ing under uniform SRM.

The large land fraction of these latitude bands likely also contributes to the larger

temperature anomalies. The average residual warming over land was 0.5K, compared

to 0.06K over sea: an enhanced land-sea contrast in residual warming, with a land-

sea warming ratio of 8.33, compared to a land-sea warming ratio of 1.64 under the

abrupt4xCO2 scenario.

Meanwhile in the tropical summers where reflecting shortwave radiation is most

effective, there is a slight overcooling. The effect of this uniform aerosol distribution is

therefore to undercool the poles and overcool the tropics, in accordance with previous

work. [54]
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3.3.1.2 Precipitation anomalies

For precipitation, the global picture is similar to that noted in the G1 experiment.

Abruptly changing the shortwave flux to the surface with SRM results in an initial

reduction in evaporation and precipitation. (Figure 3.5) In 4xCO2, the slow feedback

from increasing temperature eventually drives global mean precipitation back above

preindustrial levels, although there are regional differences, but in SRM, the temper-

ature change and feedback are suppressed, and global mean precipitation decreases

by 6.4%.

This effect was noted in the GeoMIP G1 experiment, where HadCM3 simulated

a 4.6% decrease in precipitation (compared to the multimodel mean of 4.5%) in

response to geoengineering by solar constant reduction. [57] As discussed, a more

realistic implementation of geoengineering with stratospheric aerosols results in a

greater precipitation reduction than solar constant reduction, in part because the

shortwave flux to earth must be reduced by a greater amount to compensate for

longwave heating from the aerosols.

We plot the structure of the decadal average changes to precipitiation, in percent-

age terms, in Figures 3.7 and 3.8 for the 4xCO2 and SRM experiments respectively.

Note that the 4xCO2 rainfall is taken from years 10-20, so that temperature feedback

has driven global mean precipitation back above control levels; SRM has a suppressed

slow response, so global mean precipitation is reduced. The abrupt quadrupling of

CO2 simulation show wetting over much of the world, particularly over the oceans

and in the tropics, and at high latitudes, but with drying over many land regions

such as the Mediterranean, North Africa, Central America, and the Amazon. There

is significant relative wetting over the Middle East although in absolute terms this is

not as significant.

Many regions most affected by SRM are also sensitive to an abrupt quadrupling of

CO2 (as seen in Figures 3.7, 3.8 and 3.10). For example, both SRM and 4xCO2 result

in drying over the North of South America, Southern Europe and North Africa, while

SRM experiences additional drying at high latitudes and over the Pacific compared

to 4xCO2.
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Figure 3.7: Precipitation changes, in the decadal average, in percentages,
under 4xCO2 relative to the control experiment.
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Figure 3.8: Precipitation changes, in the decadal average, in percentages,
under SRM relative to the control experiment.
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Figure 3.9: Giorgi Regions (after Giorgi and Bi 2005, common regional subdivisions
for climate modelling.)

The precipitation shifts under SRM relative to the control are complex and highly

variable but include a general drying, especially over Europe, North and Southern

Africa, North America, and a drying over Brazil, along with a relative increase over

the Middle East, parts of India and Australia, and a slight increase over China -

alongside Northward shifts and general drying over the oceans. Note that more

regions see drying under SRM, especially at higher latitudes, and the percentage

change is illustrated on a half-scale compared to 4xCO2, showing that the changes

are generally more moderate than in the global warming simulation.

To analyse changes to regional rainfall in more detail, we calculate the annual

average precipitation across land points in each Giorgi region (Figure 3.9): percentage

changes relative to the preindustrial are plotted below.

The regional picture over land is complex and varied (Figure 3.10). Australia, the

Amazon, Central America, South and West Africa, the Sahel, and the Mediterranean

(8/22 regions) experience drying trends in 4xCO2 which are ameliorated by SRM.

Large increases in precipitation in snowy regions such as Tibet, Siberia, Alaska and

Greenland, which have more moisture available under 4xCO2 as they heat up, are
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reversed in SRM. North America, North Europe, the rest of South America, and

South East Asia are drier than the control under SRM and wetter than the control

under 4xCO2. For India, China and East Africa, precipitation increases under both

scenarios, but substantially less under SRM. While some regions may benefit from

changes to precipitation, and not all regions are equally sensitive to changes, previous

studies [80] define geoengineering’s effectiveness as its ability to return regions to

preindustrial conditions. By this rough metric, for annual averages, 17/22 Giorgi

regions are closer to preindustrial conditions under SRM than 4xCO2.
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P - E and soil moisture show much smaller net changes under SRM than precip-

itation as reducing shortwave radiative flux to the surface reduces both evaporation

and precipitation. P - E changes are moderated by SRM relative to 4xCO2 for all but

4 Giorgi regions. (Figure 3.11) If P - E and soil moisture are the most appropriate

metrics for impact studies, and the most relevant for water availability, they may in-

dicate less propensity for drought in a given region under SRM, and SRM may return

them closer to preindustrial levels than unmitigated CO2 warming - although regional

inequalities persist. This is part of a general result in SRM modelling which suggests

geoengineered climates may have less rainfall, but still be wetter and greener. [149]
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Figure 3.11: Giorgi regional analysis of P - E (top) and soil moisture shifts
under SRM. As in the previous figure, but plotting P-E and soil moisture.
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3.3.1.3 Longwave, shortwave, and net radiative forcing under uniform

SRM

Examining the longwave, shortwave, and net radiative forcings in the uniform SRM

case relative to the control run illustrates where exact cancellation cannot be obtained

(Figure 3.12). The additional shortwave reflected radiation predominantly depends

on the incoming solar radiation, while the longwave forcing predominantly depends

on the surface temperature, as the quadrupled CO2 is well-mixed. The radiative

influence of the cloud banks in the ITCZ, shifting into the summer hemisphere, can

be seen in both longwave and shortwave forcing.

In the polar night, no additional shortwave radiation is reflected by additional

AOD, despite a positive net forcing due to CO2. Consequently, for these regions and

times, adjusting local AOD will not be sufficient to balance the radiative forcing;

adjusting AOD elsewhere may help to reduce these radiative forcing anomalies, but

risks overcompensating in other regions. (For example, one could overcool the tropics

to attain preindustrial temperatures at the poles by increasing the AOD of a uniform

layer of SRM.)

When uniform SRM is used to cancel the radiative forcing from CO2, the resulting

net radiative forcing (Figure 3.13) relative to the control is greater than zero during

the NH summer and less than zero for the NH winter: in the annual mean, it is less

than zero at high latitudes and less than zero in the tropics (Figure 3.14), contributing

to the characteristic pattern of residual warming. Note the “overforcing” in the tropics

where the shortwave reflected radiation exceeds the reduction in outgoing longwave

radiation due to greenhouse gases, and the reverse in the midlatitudes.

The resulting net radiative forcing (Figure 3.13) is characterised by a slight neg-

ative radiative forcing in the tropics and a strong positive radiative forcing over

Antarctica and the Southern Ocean in the SH winter, and a radiative forcing that is

negative over Northern polar latitudes in the summer and positive in the winter. It

seems likely that there are regions which no aerosol distribution can restore to net

zero radiative forcing in each month, particularly as it is not possible to use aerosols

to reflect radiation in the polar night, but that but that better cancellation could be
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Figure 3.12: Latitude-time plot for the annual cycle of longwave and short-
wave forcings from uniform SRM+ 4xCO2.
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Figure 3.13: Latitude-time plot for the annual cycle of net radiative forcing
from uniform SRM used to cancel out 4xCO2.

Figure 3.14: Zonal annual mean net radiative forcing under uniform SRM
cancelling out 4xCO2, in green.
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achieved through some level of optimisation and iterating on earlier results from the

same model, which we will explore in Chapter 4.

3.3.2 Investigating highly asymmetric radiative forcing - NH

and SH SRM

We plot temperature anomalies under NH and SH SRM simulations, as described in

the methods section.

Global mean temperature changes are predominantly influenced by the total AOD:

under SRM in different hemispheres, with the same total AOD used, the average tem-

perature difference is 0.3K (Figure 3.15). Geoengineering in the Southern hemisphere

is less effective at controlling global mean temperature due to factors associated with

Arctic amplification of global warming - snow and ice albedo effects, land fraction

differences, circulation changes, and the lapse rate feedback [150]; consequently, the

residual temperature is higher under the southern hemisphere geoengineered scenario.

By shifting the energy balance between the hemispheres, hemispheric geoengi-

neering results in a large, robust shift to the intertropical convergence zone (ITCZ),

where the Hadley cells of large-scale atmospheric circulation converge. SRM in the

Northern hemisphere shifts the thermal equator, and hence the ITCZ, to the South,

while SRM in the Southern Hemisphere shifts it to the North. (Figure 3.15). We can

measure the ITCZ by the position of its centroid, which I define as the centre (average

position) of the zonal, annual average precipitation between 30°N and 30°S. (Table

3.2) We can see from the data in the table that uniform SRM shifts the ITCZ centroid

back towards its position in the preindustrial case, as compared to the shift around

1.1°to the North under 4xCO2. It can also be seen that the latitudinal position of

the ITCZ centroid under NH SRM and SH SRM average to equal the response of the

ITCZ centroid to uniform geoengineering; however, the overall tropical precipitation

response is less linear, as we will examine later on in this chapter. It is also the case

the NH SRM shifts the ITCZ 4.74°to the South compared to the preindustrial case,

while SH SRM shifts the ITCZ 3.58°to the North relative to the preindustrial case;

this is due to the fact that the ITCZ centroid was already slightly in the Northern

hemisphere in this model, and likely due to the fact that the Northern hemisphere
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Figure 3.15: Above: Latitude-time plot of precipitation for the annual cycle
of SH SRM - NH SRM, illustrating shifts in the Intertropical Convergence Zone
(ITCZ) under hemispheric forcing; Below: Annual global mean temperature
anomalies compared across simulations, including the uniform, NH, SH, and
Pinatubo-like (G4) forcing patterns.
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is cooled more than the Southern hemisphere by hemispheric SRM due to its greater

land fraction and Arctic amplification of global warming, which means the resulting

shift to the thermal equator is greater.

Simulation ITCZ centroid position

Control 1.08 °N

4xCO2 2.17 °N

Uniform SRM 1.00 °N

NH SRM 3.66 °S

SH SRM 4.66 °N

Table 3.2: ITCZ centroid positions under various control and geoengineering scenarios

Data from the hemispheric geoengineering scenarios provides the extreme case,

but any distribution of SRM that changes the cross-equatorial energy flow will likely

shift the ITCZ position. The hemispheric case also provides a first test of the linearity

of the response of key climate variables with respect to the latitudinal distribution of

AOD.

The plots (Figures 3.16, 3.17) show ensemble averages across the final year of the

ten-year simulations. When comparing the effects of aerosols in the Northern and

Southern hemispheres relative to the CO2 baseline, the results in temperature and

radiative forcing are quite close to linear. There are exceptions at the poles where

Arctic amplification leads to nonlinearities in temperature: the seasonal effects of

the polar night, especially on polar temperature, are partly masked by the annual

average.

Temperature-driven shifts in tropical cloud take place under asymmetric SRM

that are suppressed under uniform SRM: these shifts result in, for example, a reduced

longwave cloud forcing and an increased shortwave cloud forcing North of the equator

under SH SRM (and the opposite effect in NH SRM), which corresponds to more,

lower clouds shifting to the North along with the ITCZ.

Due to the large-scale shifts to the ITCZ and the dynamical response, asymmetric

SRM has much larger impacts on regional precipitation. (Figure 3.18) In particular,
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Figure 3.16: Annual zonal mean temperature, precipitation, and outgoing
shortwave and longwave flux changes under NH and SH SRM relative to
4xCO2 baseline. The dotted line shows the average of the NHSRM and SHSRM
simulations, and thus provides a test of the linearity of the response to inhomogenous
forcings. The solid black line shows the actual result of uniform SRM.
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Figure 3.17: Changes in annual zonal mean radiative forcing in NH and
SH SRM with respect to the preindustrial simulation. Top: net (long-
wave+shortwave radiative forcing); bottom left, longwave forcing due to clouds (clear-
sky forcing minus net forcing); bottom right, shortwave forcing due to clouds. The
dotted line shows the average of NH and SH SRM. The solid black line shows the
actual result of uniform SRM.
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regions such as Central America, Sahel and West Africa, China and India are affected

by the shifting ITCZ with large changes in precipitation, with sign depending on the

geoengineered hemisphere, as previous studies have shown for the Sahel. [30].

Some of these changes in precipitation can be attributed to the projection of

changes onto modes of climate variability. Hemispheric geoengineering has a strong

influence on the Indian Monsoon (rainfall in the Giorgi region with SAS as shorthand),

at least in part via its influence on SSTs in the Pacific. Under NH SRM, the SSTs

project strongly onto an El Nino pattern in the Pacific, which in turn suppresses

the Indian Monsoon via the well-documented teleconnection. [151] In addition, NH

SRM increases Eurasian snow cover relative to the control and relative to SH SRM,

which acts to suppress monsoon precipitation. [152] Analysis was conducted which

linked the hemispheric geoengineering simulations to ENSO-type SSTs in the NH

case, and suppression of ENSO in the SH case, but it has been omitted from this

thesis for space; however, we note that there has been work elsewhere which has

linked volcanic eruptions which resulted in hemispherically asymmetric forcing to

ENSO-like SSTs. [153]
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3.3.3 Characterising the response from the G4 multimodel

distributions in HadCM3

Looking at a comparison of global mean temperature anomalies in the response to

different distributions (not shown), we can see that for distributions where tropical

confinement is more pronounced, global mean cooling is greater, as more insolation

is reflected. However, regional temperature anomalies and disparities, and the un-

dercooling of poles relative to tropics, are worse. The Giorgi regional analysis of

temperature anomalies is plotted in Figure 3.19, which shows that SRM with the (in

theory more realistic) G4 multimodel comparisons is often less effective at reducing

regional temperature anomalies than uniform SRM. In particular, there are substan-

tial differences in temperature between the different simulations for regions like the

Amazon and Africa, although these are largely dominated by the outlier that is the

beta scenario, which was intentionally designed to show the effects of large amounts of

aerosol optical depth at higher latitudes, rather than the tropical confinement under

G4 scenarios, and so is overall generally worse at cooling, especially in the tropics,

where we see larger temperature anomalies in this scenario than any of the others.

Analysis of precipitiaton changes in the Giorgi regions reveals that, for most re-

gions, equatorial injection are less effective than uniform SRM at restoring prein-

dustrial precipitation. (Figure 3.20) Concentrating aerosol in the tropics results in

decreased precipitation over the Amazon, North America, East Africa and South East

Asia relative to other geoengineering scenarios. For other regions, such as Europe,

Central America and high Northern latitudes, high-kurtosis distributions perform

better, while they results in larger increases in rainfall over India and Australia. The

Pinatubo and HadGEM cases resemble the uniform case more closely than distribu-

tions with strong confinement.
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Differences in aerosol distribution alone - even arising from simulations of same

injection strategy - have a large impact on changes to regional precipitation patterns.

In some Giorgi regions (e.g. CAM, EAF, SAF, SAH, SEA, SAS and CAS) the dif-

ferences between distributions are comparable to the difference between 4xCO2 and

uniform SRM. We can also see that for most regions, and sometimes for more than one

pairwise comparison of simulations, the difference between the ensemble averages for

a different distribution of aerosol exceeds the 67% confidence interval, suggesting that

the different distributions modelled under the G4 scenario would drive statistically

significant shifts to precipitation in these regions.

Trade-offs will therefore exist where regions disagree about their preferred distri-

bution of aerosol, as well as the overall amount of geoengineering, as explored further

in Chapter 4. Furthermore, the result implies that practical limitations in the lat-

itudinal distribution of aerosol that can be obtained by equatorial injections may

result in worse outcomes and greater regional inequalities than idealised, uniform

SRM, especially if stratospheric models that simulate strong tropical confinement are

accurate.
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3.3.4 Investigating stripe simulations

To investigate linearity a series of geoengineering simulations where the aerosol was

confined to ten adjacent model latitude bands (22.5 degrees of latitude). In each

stripe, the AOD was set to 0.39, and zero elsewhere, against a background of 4xCO2.

The AOD was fixed at 0.39 for three latitude bands at the poles (two in the NH and

one in the SH), so the data shown here excludes this region.

By calculating the effect that each aerosol injection has relative to 4xCO2, we can

test for linearity and additivity by comparing to uniform SRM of the same optical

depth. In Figures 3.21 and 3.22, “forcing” in a given simulation is defined as the

additional outgoing radiation (OLR+OSR) in the SRM simulation relative to the

4xCO2 case.

Despite changes to the circulation and cloud feedbacks due to the imposed “stripes”

of forcing, the changes in annual average temperature as a function of latitude are

remarkably linear over the course of the first decade. This is true of the longwave

and shortwave radiative forcing to a slightly lesser extent.

Notably, in the radiative forcing case, the approximate linearity arises due to

cancellations between shifts in clouds, especially in the tropics - where both OSR and

OLR are non-linear - but also in the mid-latitudes. Equatorial and tropical SRM tends

to shift low clouds - which reflect shortwave radiation - away from the midlatitudes,

while this is compensated by cloud shifts in simulations with higher-latitude SRM.

Future ensembles, discussed in Chapter 4, will use sums of “basis vectors”, to attempt

to construct an AOD distribution where the radiative forcing cancels out that of the

quadrupled CO2 relative to the preindustrial control.

The response of precipitation is more complex and not linear: the sum of the

effects of each stripe is greater than the uniform aerosol layer in the tropics, although

the precipitation response is close to linear at higher latitudes due to cancellations.

(Figure 3.23)

More in-depth characterisation and analysis of the precipitation changes under

these striped simulations was conducted, but has been omitted here for space.
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Figure 3.21: Linearity testing in longwave and shortwave forcing. Decadal,
zonal averages of the variables are plotted. The black line indicates the uniform SRM;
the dashed line is the sum of the response to each of the stripe simulations (due to
the scaling, the sum of the stripe distributions is the uniform distribution.) In the
linear case, the lines would map onto each other. Shading indicates a 67% confidence
interval, based on the ensemble variability.
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Figure 3.22: Linearity testing in net radiative forcing and temperature
Decadal, zonal averages of the variables are plotted. The black line indicates the uni-
form SRM; the dashed line is the sum of the response to each of the stripe simulations
(due to the scaling, the sum of the stripe distributions is the uniform distribution.)
In the linear case, the lines would map onto each other. Shading indicates a 67%
confidence interval, based on the ensemble variability.
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Figure 3.23: Linearity testing in precipitation, absolute changes relative to
4xCO2. Decadal, zonal averages of the variables are plotted. The black line indicates
the uniform SRM; the dashed line is the sum of the response to each of the stripe
simulations (due to the scaling, the sum of the stripe distributions is the uniform
distribution.) Multicoloured lines indicate each of the latitude bands, in the legend
from North to South. In the linear case, the lines would map onto each other. Shading
indicates a 67% confidence interval, based on the ensemble variability.
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Figure 3.24: Linearity testing in precipitation, percentage changes relative
to 4xCO2. Decadal, zonal averages of the variables are plotted. The black line
indicates the uniform SRM; the dashed line is the sum of the response to each of
the stripe simulations (due to the scaling, the sum of the stripe distributions is the
uniform distribution.)

108



3.4 Discussion and conclusions

3.4.1 Usefulness of HadCM3 and CPDN

One objection that might be made to the results in this thesis is that HadCM3 is a

relatively old and low-resolution climate model - first described in 1999, its 73 x 96 res-

olution atmosphere is much lower resolution than modern-day Earth System Models.

Fewer processes in the climate are accurately modelled, and many are parameterised,

while more and more climate-relevant processes and better representation of physical

processes have been developed in the intervening years.

While this is undoubtedly true, there is reason to believe that HadCM3 is a rela-

tively good climate model for these purposes even today. HadCM3 was first described

in 1999 and used as one of the major models in the IPCC’s Third Assessment Report

(TAR), it proved an exceptionally good model for its generation - the first such model

not to require flux adjustments. [138] For this reason, and its computational speed

- up to 1,000x faster than CMIP6 models - it is still extensively used by modelling

groups [154] and has been run as part of model comparisons alongside CMIP5 models,

including in GeoMIP [60] [83] [22], as well as in standalone SRM studies. [155] We

can see in Kravitz et al. (2013) [58] that HadCM3’s response, both to abrupt 4xCO2

and to SRM, is close to the ensemble mean for zonal surface temperature anomalies

and P - E across most regions, albeit models differ substantially on how they repre-

sent tropical precipitaiton. Similarly, Tilmes et al. (2013) [57] contains a multimodel

comparison of the response of HadCM3 to other models in the GeoMIP (CMIP5)

ensemble, and we can see that HadCM3 is again not a significant outlier in terms of

its simulation of precipitation changes in the annual, global average, or its simulation

of the fast or slow response, and it performs reasonably well in the regional analysis.

Indeed, this good performance is why HadCM3 continued to be used in multimodel

comparison GeoMIP efforts alongside climate models from the next generation after

it, such as HadGEM2-ES.

One of the known flaws of HadCM3 is a warm bias over the Amazon rainforest

[156] while the drizzle problem, whereby the model undersimulates the number of

days with no precipitation and oversimulates the number of days with a low level of
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precipitation, is also known and discussed in Chapter 5. These model biases should

be borne in mind when evaluating model results in this thesis, but it is also worth

remembering that it is only the fact that HadCM3 is a relatively low-resolution climate

model that allows it to be run on volunteer computers and to generate the large

ensembles and investigate the large array of different radiative forcing patterns that

we are able to here.

The use of CPDN also entails trade-offs. As simulations are run on volunteer

computers, we cannot implement any monitoring to check if the simulation is running

properly; we can only analyse output once it has been uploaded. Simulations can take

some weeks or months to run, which inevitably meant over the course of the thesis that

delays were incurred. Volunteer computers can only run models on spare computing

power, so the size and resolution of the model we could use was limited, as were the

output variables that we were able to obtain, which were restricted to monthly means

for most variables except temperature and precipitation due to the bottleneck from

users uploading data to the CPDN servers. The ensembles that were returned were

not all the same size, because of the random element concerning which volunteers

successfully completed and uploaded their runs. Because generating these ensembles

relies on a unique, one-of-a-kind assembly of volunteer computers, there is a limit to

how independently reproducible our results are without using the same network (or

setting up a similar one, which would be costly and time-consuming). Finally, the

version of the HadCM3 model that is used on CPDN volunteer computers, although

widespread amongst the volunteers, is not open-source, with some of the modifications

including the latitudinally-varying aerosol modification and triple call to the radiation

code not present in the standard version, which again limits reproduciblity. The trade-

off is that we can submit batches of hundreds to thousands of experiments on CPDN

and generate larger ensembles and more model years with this low-resolution model

than many experimental setups would be capable of.

3.4.2 Limitations in experimental set-up

In addition to the climate model we are using, with its own biases, there are cer-

tain unavoidable limitations in our experimental setup that should be acknowledged.
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These are highly idealised simulations; they impose idealised radiative forcing onto

an abrupt 4xCO2 background, which is necessarily unrealistic. However, these ide-

alised experiments are still widely studied and have a great deal to tell us about

the expected climate response to forcings: running more realistic scenarios of climate

change or SRM might result in a weaker signal to noise ratio, a greater role played by

internal climate model variability, and consequently a lesser ability to distinguish the

impact of different latitudinal distribution of aerosol. Conversely, if the effect size is

still relatively small even in a relatively extreme scenario like an abrupt quadrupling

of carbon dioxide and SRM to match, then we are more justified in concluding that

it is likely to be small in more realistic scenarios with smaller perturbations to the

climate system.

There are limitations in terms of our ability to represent stratospheric aerosol

injection. HadCM3 does not have a stratosphere; it has no representation of aerosol

microphysics or stratospheric dynamics; consequently, we cannot explicitly simulate

the injection of sulphates into the stratosphere and the atmospheric physics and

chemical processes that result in a distribution of stratospheric aerosol optical depth.

We rely on prescribing the aerosol optical depths, which for most of our simulations are

assumed to be the same in each model year. There is also a limited time resolution

over which the distribution changes - we prescribe aerosol optical depths for each

month of the year, whereas more advanced models would include an aerosol optical

depth that changed each day or perhaps even more frequently. In reality, there

would be feedbacks between the troposphere and the stratosphere, so we might expect

the patterns of warming at the surface and in the troposphere to in turn alter the

distribution of aerosols over time. HadCM3 does not include this coupling and there

is no dynamic adjustment of the stratospheric aerosol optical depth on a year-to-year

basis; it remains as prescribed at the beginning of the experimental run. However, it is

not clear that these second-order effects would be particularly significant given that we

accept our simulations are already highly idealised, and we are coupling distributions

generated from one stratospheric model to a different model of the troposphere, or

holding them constant to represent an idealised case, so it is unclear how helpful or

significant it would be to attempt to simulate these explicitly. While it might be

possible to exert some control over the distribution or maintain its broad features by
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adjusting injection strategy, as discussed in Chapter 1, it is unlikely that we would be

able to attain such a degree of control that the distribution was identical each year,

nor would it be possible to obtain a perfectly uniform layer of aerosol optical depth.

Some of the inputs are highly idealised - the zonal “stripe” simulations are ob-

viously not possible to achieve due to the Brewer-Dobson circulation which would

move particles meridionally in the stratosphere, which is why we use them only as a

thought experiment to test the limits of linearity and do not interrogate their impacts

on surface climate significantly. Where possible, I have attempted to examine choices

of aerosol optical depth patterns with some justification - including obvious idealised

cases such as uniform aerosol optical depth. Hemispheric geoengineering may seem

idealised but we have seen in Chapter 1 that volcanoes have had similar effects, when

the injection of material is predominantly in one hemisphere and one branch of the

Brewer-Dobson circulation. Finally, with the exception of the beta pattern, the other

G4 multimodel patterns and their broad features, including meridional confinement

in the tropics and asymmetry between the Northern and Southern hemispheres, as

well as seasonality, were drawn from models that did have stratospheric dynamics

and aerosol microphysics, and so might feasibly represent some of the features of an

aerosol distribution resulting from an equatorial injection strategy. This is also true

of the injection basis functions from the GLENS experiment used in Chapter 4.

Finally, there are also obvious limitations in the aerosol scheme itself - there is

a relatively low resolution in the 71 latitude bands; there is no resolution in the

zonal case, so we have to assume that the aerosol is well-mixed by zonal winds in

the stratosphere, which may not be the case; there are bands at the poles that the

radiation scheme does not interact with, which would not be the case in reality; and

we discussed the limitation posed by having an odd number of bands for generating

truly hemispheric geoengineering simulations earlier in the chapter.

3.4.3 Conclusions

In this chapter, we have demonstrated that HadCM3 can be used to simulate vari-

ous scenarios for SRM, including uniform SRM that compensates for the temperature

change under an abrupt quadrupling of CO2, hemispheric geoengineering, and a range
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of distributions taken from the multimodel G4 experiments which compared the effects

of equatorial injections of aerosols. The model has been calibrated, and the appropri-

ate globally uniform aerosol optical depth to compensate for 4xCO2 determined. We

have characterised large-scale features of the precipitation and temperature changes

under SRM, showing the regional effects of uniform SRM, and reproducing the well-

known result that SRM overcools the tropics and undercools the poles relative to the

preindustrial case when used to compensate for global mean temperature increases.

We have characterised the regional effects of SRM on precipitation, showing that

for most regions the magnitude of the average precipitation anomaly under SRM is

smaller than under abrupt 4xCO2, although the SRM simulation is generally drier

(at least in terms of precipitation, not P - E) and for many regions the change is of a

different sign (i.e. the region is wetter under 4xCO2 and drier under SRM.) We have

also shown that P - E and soil moisture show smaller net changes than precipitation,

and in some cases regions that appear drier when considering only precipitation are

actually shown to have more moisture availability under SRM than the preindustrial

case when considering P - E and soil moisture. We show that these changes are

moderated by SRM relative to 4xCO2 for all but 4 Giorgi regions, although regional

inequalities persist, in line with other work that suggests these metrics are less affected

by SRM than precipitation alone.

We also investigate hemispherially asymmetric SRM, finding that there are sig-

nificant shifts to tropical precipitation and the ITCZ in the opposite direction to the

geoengineered hemisphere, in line with work elsewhere and the effects of volcanoes

that predominantly resulted in stratospheric aerosols being injected into one hemi-

sphere. We find that the zonal, decadal temperature changes are remarkably linear

and additive, in that the average of the effects of geoengineering each hemisphere is

approximately the effect of a uniform layer of stratospheric aerosol. We extend this

analysis to highly inhomogenous, highly idealised “stripe” simulations and show that

linearity is still a remarkably good approximation, even in this very extreme case of

latitudinally confined geoengineering. This result will motivate much of the optimi-

sation work that follows in Chapter 4, which defines “basis vectors” and exploits the

assumption of linearity to construct “ideal” distributions to cancel out zonal, decadal
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temperature anomalies, as well as using pattern-scaling to determine the results of

optimising for different figures of merit.

We also briefly compare the simulated climate response to a range of different

aerosol optical depth distributions drawn from the geoengineering literature, based

on multimodel simulations of stratospheric aerosol injection under the G4 experiment.

While these simulations are arguably under-analysed and it may have been fruitful to

compare the differences in greater depth, we demonstrate that there are statistically

significant differences in regional precipitation response between the simulations of

different imposed patterns of aerosol optical depth. The G4 experiment compared

different climate models, so when the climate response differed between models, it was

not necessarily possible to distinguish whether this was due to differences in simulated

distribution of aerosol optical depth that resulted from the same injection strategy, or

other differences in the climate models, such as their tropospheric response. My work,

which finds significant differences when the same climate model is driven by patterns

taken from the G4 ensemble, suggests that the differences in the simulated patterns -

and thus the differences in stratospheric dynamics and aerosol microphysics between

models - are important, as the same injection strategy could lead to significantly

different climate outcomes depending on the range of aerosol distributions that could

result from that strategy across the range of models used.

The next chapter will build on the calibration, methods, simulations, and linearity

findings of this chapter to investigate the potential for “optimising” SRM to achieve

a range of different objectives.
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Chapter 4

Exploring optimisation of zonal

temperature and precipitation

using SRM in HadCM3

4.1 Introduction

As discussed in earlier chapters, solar radiation management (SRM) has been ex-

plored in models [54] as a possible technique for reducing the negative impacts of

climate change, most notably by the Geoengineering Model Intercomparison Project

(GeoMIP). [55] The technique that is considered most feasible for large-scale solar

radiation management purposes is stratospheric aerosol injection (SAI). Many mod-

elling studies use a simplified implementation of SRM designed to represent the main

features of SAI: for example, the G1sulfur and G1solar experiments in GeoMIP ei-

ther reduce the solar constant or implement a uniform aerosol optical depth layer,

calibrated to cancel out the warming effects of CO2.

In reality, there are likely to be more degrees of freedom in a real-world imple-

mentation of SRM than a single uniform aerosol optical depth. [89] Changes to the

timing and location of injections of aerosol precursor, typically SO2 which nucleates

into H2SO4 in the atmosphere, will change the resultant spatio-temporal distribution

of aerosol, and hence the climatic effects that SRM will have. [157] Fast zonal winds
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in the stratosphere will tend to result in a rapid zonal equilibriation, and thus an

approximately zonally uniform distribution of aerosol over the timescale of days after

an injection. However, the slower Brewer-Dobson meridional circulation - which has

a characteristic timescale of months - gives rise to the possibility that some degree of

control over the latitudinal and seasonal distribiution of aerosol could be achieved by

injecting aerosol at different latitudes, altitudes, or times of year.

In this chapter, we seek to explore whether changing the zonal distribution of AOD

can in principle result in significant advantages over the uniform implementation of

SRM. We further aim to identify and explore any fundamental constraints on the cli-

mate system that we might expect would reduce the efficacy of this kind of latitudinal

optimisation of SRM. To what extent can the climate system respond - for example,

through changing patterns of circulation - to “smooth out” the climate response to

imposed inhomogeneities in the aerosol distribution and its radiative forcing, and so

reduce the efficacy of climate control even if we can choose our distribution? We aim

to explore different methods and metrics for “optimising” the aerosol distribution

under SRM to minimise a range of different anomalies under climate change. This

has been achieved using modelling results from the climateprediction.net modelling

project [136], which enables large ensembles of a robust GCM (HadCM3) [138] to be

run in parallel: this, in turn, allows us to explore a wide range of different distribu-

tions and obtain estimates for the uncertainty, and the model’s internal variability,

across ensembles.

4.2 Methods

4.2.1 The implementation of, and response to, uniform SRM

in HadCM3

To maximise the signal-to-noise ratio of our simulations, as well as for the sake of

comparison to the widely conducted G1 simulation, we choose to superimpose aerosol

optical depth distributions against an instantaneous quadrupling of preindustrial CO2

(4xCO2). Each ensemble member is generated from an initial 140-year spin-up “start

file” of HadCM3 held at preindustrial CO2. Initial conditions perturbations, ensuring
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a separate dynamical evolution of the system, were applied to each ensemble member

as described in Chapter 3.

In HadCM3, we simulate the effect of stratospheric aerosol injection by varying

a uniform aerosol optical depth in each of the model’s 73 latitude bands, which are

equally spaced in latitude. This model has been modified from the standard Met Office

version to allow the aerosol optical depth to be varied in each of the latitude bands,

in an improvement on the standard volcanic forcing described in Tett (2001) [138],

which only allowed for hemispheric variations. The aerosol optical depth is uniform

across individual latitude bands, which corresponds to an assumption that aerosol is

zonally well-mixed. As described in Chapter 3, the two bands covering the North and

South poles are not used in the radiation scheme, so these values for AOD do not

actually influence the simulation. The AOD distribution is allowed to vary in each

month, so each annual distribution that we refer to is 12 x 73 (effectively 12 x 71)

aerosol optical depth values for each latitude band and month.

Figure 4.1: The decadal average temperature anomaly, relative to preindus-
trial, in degrees Centigrade, under uniform SRM designed to cancel out
global mean temperature increases.
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The implementation of the sulfate aerosol in HadCM3 both reflects incoming radi-

ation in the shortwave and absorbs outgoing radiation in the longwave; consequently

it reduces the outgoing longwave radiation as well as the incoming shortwave radi-

ation. It was therefore necessary to run a series of simulations that allowed us to

calibrate the appropriate AOD for the model to cancel out the temperature increase

from 4xCO2 which would result in a stable global mean temperature equivalent to

the preindustrial case, as described in Chapter 3.

This establishes a uniform aerosol optical depth sufficient to cancel the temper-

ature increase from 4xCO2, which we use as a basis for comparison. Figure 4.1

illustrates the decadal average temperature anomaly under this uniform aerosol opti-

cal depth layer. Note that the average global mean temperature anomaly across this

decade is kept to around 0.1K, but regional undercooling and overcooling well exceeds

this. Note the general undercooling of the poles, slight overcooling of the tropics (es-

pecially over the ocean), and undercooling of the land relative to the ocean. It is

often said that using a uniform layer of aerosol, or solar dimming, to compensate for

CO2-induced warming will overcool the tropics while undercooling the poles, owing

to the differing effects of direct insolation and Arctic amplification on these regions,

but it is also true that the land is undercooled relative to the ocean. This is due to

a combination of the underlying AOD of the oceans relative to the land - which, in

turn, determines how much additional reflectivity you can obtain in applying a layer

of reflective aerosol above the underlying surface - and the different heat capacities

of the land and ocean.

At least in HadCM3, there are notable exceptional regions in the tropics that are

not overcooled relative to higher latitudes, including the Amazon and Congo basin

regions. It is likely that in these regions, feedbacks including changes to evapotran-

spiration under the higher CO2 concentration of the SRM scenario, which retains

quadrupled preindustrial CO2 concentrations, dominate surface temperature rather

than the direct radiative balance, as found by previous studies. [62]

Many factors influence the structure of the temperature response to uniform SRM.

The oceans are darker than the land, so the change to the stratosphere’s albedo has a

greater influence over the amount of radiation absorbed by the oceans relative to the

land. The heat capacity and hence timescale for response to forcing is different over
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Figure 4.2: The decadal average precipitation anomaly, in mm/day, under
uniform SRM.

the oceans and the land. At high latitudes, Arctic amplification of residual warming

alongside the fact that the solar radiation management is ineffective during the polar

night leads to residual warming of polar regions in their respective winters.

The precipitation response to uniform SRM is plotted in Figure 4.2. Note there

is now substantial reduction of precipitation in the tropics and over the tropical

oceans, but no substantial dipole shift as in the 4xCO2 case as discussed in Chapter

3. There is residual drying over Amazonia and the Congo basin, but smaller than

that under 4xCO2, while the strong increases in precipitation over Central Africa,

China, and India are all modulated. The increases in precipitation at high latitudes

are overcompensated, resulting in drying. We can see that SRM designed to cancel

global mean temperature anomalies still results in substantial regional precipitation

anomalies

The question we seek to answer is the extent to which these residual tempera-

ture anomalies could be corrected by a latitudinally varying, but zonally uniform,

application of SRM.
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4.2.2 The use of basis functions from the Geoengineering

Large Ensemble experiment

In order to implement latitudinally-varying SRM in a meaningful way, we adopt a

semi-idealised approach. Given that HadCM3 does not have its own stratospheric

model with stratospheric dynamics and chemistry, and therefore cannot determine

the concentration of AOD in different locations from simulated injections of aerosol

precursor, we instead prescribe aerosol optical depths to implement SRM.

We could have adopted the approach of ignoring any physical constraints on the

aerosol optical depth distribution that can be obtained with a realistic pattern of

injections or in a realistic stratosphere, and instead attempted to calculate a “perfect”

AOD distribution by varying each of the 12 x 71 degrees of freedom available in the

monthly zonal mean AODs that are prescribed. However, determining the model’s

response to each of these degrees of freedom would require an even larger amount of

computational resources than the CPDN project can provide, and would also presume

an unrealistic degree of control over the AOD distributions that can be obtained.

Instead, we opted to reduce the number of degrees of freedom in controlling the

distribution, and to adopt more realistic aerosol optical depth patterns, derived from

a stratospheric model with interactive chemistry and circulation, as “basis functions”

for constructing partially idealised distributions of AOD. The (12 x 71) degrees of

freedom are then reduced to a much more manageable number - and they now de-

termine the coefficients for these basis functions, representing different magnitudes of

aerosol precursor injected at each of the chosen injection latitudes. This gives rise to

a relatively smooth set of aerosol distributions which are used as basis functions.

The basis functions for aerosol optical depth were taken from the Geoengineering

Large Ensemble (GLENS) experiment [95], which simulated the effects of injecting

SO2 daily at 15N, 15S, 30N, 30S, 50N, and 50S in the CESM-WACCM6 stratospheric

model. [158] We determined an average aerosol optical depth pattern, or basis func-

tion, for injections at each of these injection sites. This involved taking the ensemble

mean optical depth pattern (n=20 for the CESM-WACCM ensemble), and then av-

eraging over a decade of the simulation to determine the average annual pattern of

aerosol optical depth that results from these injections (once the distribution has
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Figure 4.3: Latitude-time plots for the injection basis functions of aerosol in
GLENS. Reading order: 15N, 15S, 30N, 30S, 50N, 50S. This illustrates the spatio-
temporal distributions of aerosol that we impose as our “basis functions” for optimi-
sation.

reached a relatively stable state). These annual patterns of aerosol optical depth are

plotted in Figure 4.3.

These patterns were regridded into the 12 x 73 grid for HadCM3, and then scaled

up so that they had the same global mean aerosol optical depth as was required to

cancel out 4xCO2 forcing when applied uniformly. We then simulated the effects of
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each “basis function” against a background of quadrupled CO2 in an ensemble of

HadCM3 simulations to determine the basis function responses.

Taking the ensemble, decadal, zonal averages of surface temperature for these ba-

sis function responses gives us a set of patterns for zonal mean temperatures which

characterise, to first order, the temperature response to each of the different distri-

butions.

Finally, we assume that the responses are linear and additive. In other words, the

response to a linear combination of the 15N and 15S aerosol optical depth distributions

will be that same linear combination of the responses to the individual distributions.

The GLENS experiment had its own linearity test, injecting both at 15N and 15S,

and we also simulate the distribution that results from these combined injections as

a further test of linearity. Results in Chapter 3 illustrated that, even for extremely

inhomogenous “stripe” simulations, linearity holds surprisingly well. The validity of

this linearity assumption is explored further in the Appendix, where we illustrate

the percentage errors from assuming linearity. Figure 4.5 illustrates that the linear

approximation holds well for decadal mean temperature.

With this assumption, we are now in a position to conduct a limited optimisation

by finding the coefficients for our set of basis functions which is predicted to minimise

a given figure of merit, assuming linearity. We can then test both the assumption

of linearity and the efficacy of the optimization by simulating a set of distributions

constructed in this way.

4.2.3 Constructing optimal distributions from basis vectors

The first optimisation that we consider attempts to minimize the predicted zonal,

decadal temperature anomaly under SRM, by cancelling out as much of the 4xCO2

zonal, decadal temperature anomaly as possible. The linear optimisation method

used was the L-BFGS-B algorithm, which allows for bounds to be specified on the

parameters that are being minimised. [159] We selected bounds for the coefficients

to be between 0 and 10, although in practice coefficients rarely exceed 1. Initial

seed values for the coefficients were chosen as random floats between 0 and 1. To

avoid any potential for the optimisation algorithm accidentally settling on local min-

ima, and thus giving inconsistent results, we repeat the optimisation 100 times for
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different randomised initial seeds, and then select the set of coefficients with the min-

imum predicted RMS difference between the targeted temperature distribution and

the predicted temperature distribution. This “optimisation” procedure, with some

small adaptations, was used throughout the rest of this chapter to construct optimal

distributions for a variety of different figures of merit on the basis of optimising the

coefficients and using 100 random initial conditions to avoid settling on local min-

ima; hereafter we use optimisation as a shorthand for this procedure of determining

coefficients for our basis vectors.

The results of this optimisation attempt for zonal temperature are illustrated in

the distribution in Figure 4.4. The optimiser predominantly favours injections in

15S and 30N, with smaller contributions from the 50S, 15N, and 50N injections re-

spectively. It favours greater aerosol optical depth at higher latitudes, counteracting

the overcooling of the tropics and undercooling of the poles that is seen in uniform

SRM. Within the available parameter space for optimisation, the distribution is rela-

tively hemispherically symmetric, with perhaps a slightly higher peak of AOD in the

Northern hemisphere.

The second subplot in Figure 4.4 illustrates how this optimised distribution varies

across the seasons; note that as the AOD is not read in by the model in the top and

bottom latitude bands, we can omit them from these graphs.

4.2.4 Simulations and ensemble sizes

The table below lists the ensemble sizes for completed simulations that are analysed

in this chapter. Note that these ensemble sizes are larger than the ensemble sizes

which were considered in Chapter 3, as more model runs were available when this

analysis was conducted. The preindustrial, 4xCO2, and uniform SRM simulations

are as described earlier in this chapter, as well as Chapter 3. The standard length

of runs, spin-ups used, years analysed, and process for analysis are as described in

Chapter 3.

The new simulations considered in this chapter are the GLENS basis vectors, as

described earlier in this methods section, and simulations that use these basis vectors,

plus the optimisation process described above with an assumption of linearity, to opti-

mise for zonal, decadal temperature (referred to as GLENS LAtiudinal Temperature
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Figure 4.4: Optimal AOD distribution for minimising zonal temperature
anomalies (T Opt or GLAT distribution). Top: Annual average; bottom: sea-
sonal breakdown. The aerosol optical depth distribution that is predicted to minimise
zonal, decadal temperature anomalies, assuming linearity and additivity in zonal tem-
perature anomalies. The distribution is plotted against the sine of latitude, with the
latitudes labelled. The relative scaling factors for each basis component in this dis-
tribution are displayed in the legend, with the contributions from each AOD pattern
illustrated with dashed lines.

(GLAT) or T Opt) and precipitation (PROPT). These simulations were explicitly

run on CPDN - other analysis for optimisation, such as optimising for temperatures

on land, or optimising for individual Giorgi regions, was conducted on the basis of
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assuming linearity and using pattern-scaling to calculate an estimate for the result,

rather than explicitly simulating these runs. This allowed us to quickly calculate

likely distributions and coefficients for each individual Giorgi region.

Simulation Ensemble size

Preindustrial 56

4xCO2 44

Uniform SRM 32

15N 26

15S 27

30N 21

30S 24

50N 30

50S 28

GLAT or T Opt 12

PROPT 14

Table 4.1: Simulations and ensemble sizes considered in Chapter 4
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4.3 Results

4.3.1 Optimisation for zonal temperature

Figure 4.5 illustrates the effectiveness of the optimisation for zonal temperature, as

well as the efficacy of the linear approximation and the contribution to the tempera-

ture anomalies from each of the underlying basis vectors. We can see that across most

regions, zonal temperature is close to the prediction from linearity - linearity seems to

slightly underesimate cooling across the Southern hemisphere, while it slightly over-

estimates cooling over the Northern hemisphere tropics. The average RMS difference

between the predicted and actual zonal mean temperature in any given latitude band

is approximately 0.1K, which is a similar magnitude to the average difference between

the optimisation result and the target, suggesting that this approaches the limits of

what this type of approximate optimisation can achieve.

Figures 4.32 and 4.33 in the appendix show both the absolute and percentage dif-

ferences between the multimodel ensemble mean and the prediction assuming linearity

in the linear optimisation for temperature.

126



Figure 4.5: Temperature response to optimal distribution and test of lin-
earity. Decadal, zonal, ensemble averages for 1.5m temperature anomalies, relative
to the 4xCO2 baseline. The blue line denotes the difference between the preindustrial
and the 4xCO2 case, which we target. The dashed black line is the predicted effect
of the linear optimisation, assuming temperature anomalies are linear and additive;
the individual anomalies are also plotted and the legend includes the relative compo-
nents of each injection site. The orange line is the result of an ensemble average over
simulations of the optimised distribution, while shading denotes a 67% confidence
interval across the ensemble. Temperatures are plotted against the sine of latitude,
with latitudes labelled.

The figures in 4.6 illustrate the seasonal effects of the linear, zonal temperature

optimisation. This illustrates that the optimisation generally performs worse on a

seasonal basis compared to in the annual average case due to compensating errors.

The situation is worst at the poles, where the polar night - and hence the lack of ability

to reflect sunlight and cool - is important. For example, for the South Pole in summer,

and for the North Pole in autumn. We see small contributions to the overcooling of

the Southern hemisphere in each of the seasons, while high Northern latitudes benefit

from compensating errors of undercooling in the summer and overcooling in autumn.
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Linearity holds reasonably well in each of the seasons considered separately, although

it is not as accurate an approximation as it is in the annual average. The comparitive

magnitudes of the anomalies can be seen in Figure 4.7 which plots the four seasonal

anomalies on the same axes for the purposes of comparison.

In Figure 4.8, we compare the zonal temperature anomalies under the zonal tem-

perature optimisation to the uniform case, and to the 4xCO2 baseline. It is clear that

the zonal optimisation reduces the residual temperature anomalies from the uniform

case on average, especially in the Northern hemisphere, at the expense of undercool-

ing in the Southern hemisphere. This in part owes to the fact that injection patterns

which result in AOD predominantly in the Southern hemisphere still have a significant

cooling impact on the Northern hemisphere, as illustrated in Figure 4.8’s individual

contributions from each of the basis patterns. There are also significant deviations

at the poles where, owing to HadCM3’s radiation scheme, it is more difficult to im-

plement SRM to compensate for temperature anomalies. In general, we can see that

the linear optimisation for zonal temperatures slightly improves the situation glob-

ally, and for most regions, but is imperfect. In both cases the residual temperature

anomalies are far smaller than the unmitigated 4xCO2 case.

Figure 4.8 illustrates the decadal average temperature anomaly under this first op-

timisation, from an n=12 ensemble of HadCM3 model runs. We see that the linearly-

optimised zonal distribution slightly improves the decadal average temperatures, com-

pensating for the undercooling at high latitudes, but both residual anomalies are small

compared to the unmitigated 4xCO2 case. The full map of these temperature anoma-

lies is plotted in the upper panel of Figure 4.9. Here, we see the inherent deficiencies

in the approach of optimising according to zonal mean temperatures, with only zon-

ally uniform degrees of freedom in the applied aerosol optical depth. It is possible

to achieve reduced zonal temperature anomalies, but at the expense of overcooling

the oceans and undercooling the land. The temperature anomaly over high Northern

latitudes, especially over the Arctic ocean, is substantially reduced compared to the

uniform SRM case illustrated in Figure 4.1. However, the zonal optimisation does lit-

tle to address the regions of land where warm anomalies exist, such as the Congo and

Amazon basins, as well as the contrasting effects on temperature between India and

China, and the Eastern versus Western United States regions. We see that for most
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Figure 4.6: Seasonal temperature responses to the zonal temperature op-
timisation distribution. Dashed lines show the prediction from the linearity as-
sumption; solid lines show the temperature response; black lines show the ‘target’
4xCO2 anomalies we aim to cancel. Top to bottom: DJF, MAM, JJA, SON.129



Figure 4.7: Seasonal temperature responses to the zonal temperature op-
timisation distribution. Dashed lines show the prediction from the linearity as-
sumption; solid lines show the temperature response; black lines show the ‘target’
4xCO2 anomalies we aim to cancel.

Giorgi regions over land, optimising for zonal temperatures does not substantially

address these regional effects; significant regional temperature anomalies remain.

In order to determine the extent to which these anomalies can be reduced, we

re-ran the optimisation with an alternative figure of merit that the algorithm must

minimise: the root mean square (RMS) temperature anomaly over land grid cells in

the decadal mean. This is a reasonable figure of merit on the assumption that geo-

engineers might be more concerned with minimising temperature anomalies over land

and populated regions, as opposed to over the oceans, which would probably benefit

from overcooling due to the significant heat they have absorbed already. Comparisons

between the resulting coefficients selected, as well as the distributions used for each

optimisation, can be seen in Figure 4.12 and Table 4.2. The distribution which min-

imises RMS land temperature in grid cells closely resembles the distribution which

minimises zonal-mean temperature, but with an increased magnitude of AOD, par-

ticularly at high latitudes. Figure 4.9 illustrates the residual temperature pattern as

predicted by the linear superposition. Attempting to minimise the land temperature

anomalies results in overcooling the Earth as a whole - the global mean tempera-

ture anomaly is -0.3K compared to -0.1K in the zonal mean temperature anomaly
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Figure 4.8: Temperature response to uniform and optimised SRM and
4xCO2. Decadal, zonal, ensemble averages for 1.5m temperature anomalies, rela-
tive to a preindustrial baseline. The blue line denotes the 4xCO2 case; the orange
indicates the anomalies under the uniform SRM case, with the characteristic under-
cooling of the poles and slight overcooling in tropical regions. The green line plots
the linearly-optimised distribution intended to minimise zonal average temperature
anomalies. Shading denotes a 67% confidence interval across the ensemble. Temper-
atures are plotted against the sine of latitude, with latitudes labelled.

minimising case.

It’s clear that the same pattern of temperature anomalies over land is still broadly

present in this case, with temperature anomalies remaining high over rainforest re-

gions, like the Amazon and Congo basins, as well as the Eastern United States, China,

and Siberia. For each of these regions, there are other regions - the Western US, the

Middle East and North Africa, India and Australasia - which appear to be more

sensitive to cooling under SRM.

Densely forested regions have a substantial drying and heating feedback under

4xCO2 in HadCM3. This is in part directly due to the increase in CO2 concentrations,

which result in a modelled stomatal closing and therefore decreased transpiration

from the foliage. As these high concentrations persist under the SRM scenario, it
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may help explain why these regions experience higher temperatures than the rest of

the tropics under SRM. This Amazon dieback feedback effect has been documented

to be particularly and probably unrealistically severe in HadCM3 [160] which may

cast some doubt on the magnitude of the simulated warming over this region in this

model, but even in more recent Hadley Centre models and in scenarios with lower

levels of anthropogenic radiative forcing from SRM and CO2, we see persistent drying

and warming in the Amazon which uniform SRM to limit global mean temperature

rise struggles to ameliorate. [62]

As a result of the different levels of sensitivity to SRM in these different regions and

the resulting trade-offs, the solution that minimises the RMS temperature undercools

some regions and overcools others. It can reduce, but not eliminate, the warm and

cool anomalies that persist over land in the zonally-optimised case. For reference,

the average land-area weighted decadal anomaly in a grid cell for the 4xCO2 case

is 4.47K; in the zonally-optimised case, it is -0.3K; in the RMS optimised case, it

is -0.07K: the residual error can be cut by two-thirds, but is small compared to the

4xCO2 case. The norm of the anomaly vector (i.e. the parameter that the optimiser

seeks to minimise) reduces from 36.1 in zonally-optimised case to 31.5 in the RMS

optimised case, showing that the ability of the optimisation process to reduce the

average anomaly magnitude in a given grid cell.
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Figure 4.9: Top: Residual temperature anomaly under the zonal temper-
ature optimisation scenario. Bottom: Residual temperature anomalies
under the distribution that minimises RMS temperature anomalies. The
maps illustrate decadal average temperature anomalies relative to the preindustrial.
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4.3.2 Optimising for precipitation

4.3.2.1 Effects of optimising for temperature on precipitation

Temperature is not the only variable of interest in a geoengineered climate: precip-

itation is also crucial, and generally of much more concern under SRM scenarios.

This section will investigate two questions: . Firstly, whether optimising for zonal

temperature has a significant effect in reducing the precipitation anomalies that we

see under uniform SRM - for example, by reducing anomalous meridional heat and

moisture fluxes, which might result from residual zonal temperature anomalies under

uniform SRM, and then go on to impact the distribution of precipitation compared

to the preindustrial case. Secondly, whether it would be possible to “optimise for

precipitation” in the same way as we had optimised for temperature.

In Figure 4.10, we plot at the zonal, decadal, ensemble mean precipitation anoma-

lies, relative to the preindustrial simulations, comparing the 4xCO2 case, the uniform

SRM case, and the zonal temperature optimisation case. The uncertainties illustrated

show the 67% confidence interval across the ensembles (n=44, n=32, and n=12 re-

spectively).

We can see from this that the main effect of the 4xCO2 scenario is to shift the

Intertropical Convergence Zone (ITCZ) and the associated band of precipitation to

the North, which leads to a tropical dipole in precipitation anomalies. Secondarily,

by heating high latitudes, where evaporation and precipitation is often energy-limited

rather than moisture-limited, the 4xCO2 simulation increases precipitation towards

the poles above the preindustrial case.

By comparison, both implementations of SRM reduce precipitation in every lat-

itude band to some degree. Despite the additional aerosol optical depth at high

latitudes in the zonal-optimisation temperature scenario, the net effect is quite simi-

lar, with a slight additional decrease in precipitation towards the poles in the zonal-

optimised temperature case compared to the uniform.

Uniform SRM and the zonal simulation both shift the centroid of the ITCZ’s

precipitation back towards its preindustrial position compared to its Northward mi-

gration under 4xCO2. The location of the ITCZ is determined by cross-hemispheric

energy flux; and correlated with to the latitude of zero net meridional energy flux. [161]
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Figure 4.10: Zonal, decadal precipitation anomalies relative to the prein-
dustrial case in the 4xCO2, zonal temperature optimisation, and uniform
SRM cases are plotted. Shading indicates a 67% confidence interval across the
ensemble.

Consequently, 4xCO2, which asymmetrically warms the Northern hemisphere,

drags the ITCZ to the North: under either SRM case, there is substantially less

hemispheric asymmetry in the residual warming, so the ITCZ is not substantially

shifted from its predindustrial position; consequently there is no dipolar precipitation

anomaly under the SRM simulations.

However, in both cases, there is a substantial decrease in rainfall over tropical

latitudes, driven by reduced short-wave flux and evaporation at the surface, and

increased atmospheric stability as the upper tropopshere warms due to the longwave

absorption effect of CO2 and stratospheric aerosol. This effect is more than enough

to overcompensate for any increase in precipitation due to warming at high latitudes,

resulting in a decrease over most regions. The biggest difference between the two

SRM cases is in the tropics - the maximum drying occurs at around 12 °S in the zonal

temperature optimisation case, compared to 6 °N in the uniform SRM case. This

may be due to the slight asymmetry in tropical AOD under the zonal temperature

135



Figure 4.11: Precipitation anomalies over land under zonal optimisation for
temperature (GLAT), uniform SRM, and 4xCO2.

optimisation simulation (see Figure 4.12). It is clear from this that optimising for

zonal mean temperature does little to optimise for precipitation, and that this is

generally dominated by the overall tendency of SRM towards drying.

Figure 4.10 illustrates the zonal precipitation anomalies over land grid cells only;

this removes the strong influence of the shifts to precipitation bands over the ocean.

The pattern of anomalies is very similar over land across all three simulations. Both

SRM simulations have drying at high latitudes, overcompensating for the increased

precipitation in the 4xCO2 simulation at these latitudes, and both modulate the

increase in precipitation over 20-30 °N. It is arguable that the zonal-temperature

optimised simulation slightly moderates the tropical precipitation anomalies of the

uniform case. However, the difference between the SRM simulations is relatively small

compared to the overall pattern of anomalies, and does little to modulate or erase the

changes to zonal land precipitation in general under 4xCO2: there are tradeoffs in each

case. We can clearly see from this that optimising SRM for zonal temperature does

not clearly also optimise for precipitation, and the lack of linearity in the response, as
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well as the patterns of response in precipitation that are available to you (a general

decrease), makes optimising for especially tropical precipitation difficult.

4.3.2.2 Attempting to construct a linear optimisation for precipitation

The assumption that temperature is linear and additive is based on the assumption

that the predominant influence on surface temperature will be the direct radiation

balance in a given region; consequently, cutting shortwave flux to the surface through

applying AOD directly overhead is expected to shade regions directly below. Non-

linearities in temperature may owe to second-order effects and feedbacks, such as the

response of surface albedo due to snow or vegetation cover.

Precipitation is much more complex, and changes in precipitation owe to both

dynamical and thermodynamical components. [162] For example, the overall amount

of tropical precipitation, and the strength of associated overturning circulations, are

likely to be reduced both by 4xCO2 and the application of SRM in any region which

results in cooling. However, the position of the band of tropical precipitation (ITCZ)

depends strongly on the global, rather than local, AOD distribution. A uniform

distribution of AOD from 20 °N to the South Pole would shift the ITCZ to the North,

while a uniform distribution from 20 °S to the North Pole would shift it to the South,

resulting in very different distributions of precipitation in the region 20 °N to 20 °S,

even though both distributions may have identical AOD locally.

For this reason, it is expected that the linear and additive approximation in pre-

cipitation response would be substantially less accurate, particularly for less smooth

and symmetric distributions of AOD. However, to test the limits of our optimisation

method and the linearity of the precipitation response, we constructed a zonal pre-

cipitation optimisation distribution using the same method described in the methods

section, intended to minimise the anomaly relative to 4xCO2.

Figure 4.12 shows the comparitive ideal aerosol optical depth distributions for

optimising with different figures of merit, assuming linearity. The coefficients of the

respective GLENS aerosol optical depth basis vectors for the different distributions

are listed in Table 4.2. Note that minimising the predicted precipitation anomaly

involves substantially less aerosol overall, but the resulting distribution is also more

asymmetric, with substantial additional AOD in the Northern hemisphere. This
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strikes a balance between minimising the global drying effect, which is correlated with

the overall magnitude of the aerosol optical depth for the SRM, while also shifting

the ITCZ and its associated precipitation back towards the equator, counteracting

the large Northward shift of precipitation expected under an unmitigated 4xCO2

scenario. We see that additional cooling over the tropics is required to minimise

RMSE land temperatures, and the asymmetric distribution is chosen to minimise

zonal precipitation anomalies by shifting the ITCZ back to the South, while reducing

the overall optical depth to minimise the reduction in precipitation magnitude.

Optimisation Zonal temperature Land temperature RMSE Zonal precipitation

15N 0.079 0.445 0.167

30N 0.454 0.051 0.144

50N 0.024 0.162 0.111

15S 0.549 0.441 0.069

30S 0.0 0.092 0.073

50S 0.200 0.167 0.080

Table 4.2: Coefficients of the GLENS basis vector distributions at different injection
sites for the different optimisation figures of merit in the linear optimisation. These
illustrate the relative contribution of each component to the distribution.
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Figure 4.12: Comparitive optimal AOD distributions for minimising precip-
itation, land-only RMS temperature, and zonal temperature anomalies. In
red, the zonal temperature optimisation distribution aims to minimise zonal and land
RMSE temperature anomalies; in green, the area temperature optimisation distribu-
tion minimises RMSE temperature anomalies over land only, while the blue line shows
the linear-optimiser’s attempt to minimise the zonal average precipitation anomaly.

Figure 4.13 illustrates both the effectiveness of this precipitation optimisation and

how well the linear and additive approximation holds. The precipitation anomalies

under uniform SRM are reproduced for comparison. The uncertainty shown is the

67% confidence interval with one standard deviation across the ensemble (n = 10).

The linear approximation performs somewhat well at predicting residual anomalies

in precipitation, but much less well than in the temperature case. The linear approx-

imation is outside the confidence interval for the actual simulation for around half of

the latitude bands we consider.

As expected from the distribution, we can see that compared to the 4xCO2 case,

the precipitation-optimised SRM reduces or overcompensate for the increase in pre-

cipitation at high latitudes, in the region where precipitation changes are dominated

by thermodynamic effects. We can also see that the 4xCO2 dipole in precipitation

is reduced. It is not clear that the pattern of tropical precipitation can be decom-
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Figure 4.13: Precipitation response and test of linearity in the zonal precip-
itation optimisation scenario (PR OPT). The dashed line illustrates the pre-
dicted decadal, zonal precipitation anomalies relative to the preindustrial ensemble
average under this optimisation; the solid black line shows the multi-run ensemble av-
erage simulation; the blue line shows the “target” anomaly - i.e. the 4xCO2 anomaly
we are aiming to cancel out. The green line, for comparison, illustrates the precipi-
tation anomalies under uniform SRM which cancels out global mean temperature.

posed into a reduced dipole shift alongside general drying, but there is drying to some

degree across most of the tropics. It is clear that the “optimised for precipitation”

distribution does perform better than the uniform AOD layer SRM which minimises

the global mean temperature anomaly, across almost all latitude bands - generally

because the overall reduction in precipitation is lower. This illustrates a trade-off be-

tween optimising for zonal mean temperature and zonal-mean precipitation; however,

the effect is not that substantial. One metric for how much precipitation differs from

preindustrial would be the length of the latitude-weighted anomaly vector, i.e. the

weighted sum of squares of the deviation from the preindustrial case. This metric

gives 1.66 for the 4xCO2 case, 1.77 for the uniform SRM case, and 1.17 for the pre-

cipitation optimised case - a reduction of around 30% in the RMS anomaly for the

precipitation optimisation relative to 4xCO2.
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Figures 4.14 and 4.15 illustrate the decadal precipitation anomalies for each of the

4xCO2, the uniform SRM, and the zonal precipitation optimisation cases.

In the 4xCO2 case (the upper plot in Figure 4.14), we see several features: drying

over the Mediterranean, with increased precipitation at high latitudes, as well as over

the Sahel, India, China, and particularly over the tropical Pacific. There are much

more substantial decreases of precipitation over the Congo basin, the Amazonian

region, and regions of the tropical Pacific to the West of the Congo and Mexico. The

overall effect is a thermodynamically driven intensification of precipitation at high

latitudes, and a shift to the North as well as an intensification of the precipitation

associated with the ITCZ, with drying at midlatitudes.

Uniform SRM (the lower plot in Figure 4.14) substantially reduces the magni-

tudes of many of these precipitation anomalies - with reduced wetting across India,

China, and the Sahel, and reduced drying over the Amazon and Congo basin. It also

counteracts the high-latitude thermodynamically driven increase in precipitation in

the Arctic, which is a decrease instead. In many regions, the pattern of anomalies

under SRM is similar to that under 4xCO2, but reduced in magnitude. Under SRM,

there is substantial reduction of precipitation in the tropics and over the tropical

oceans, but no substantial dipole shift as in the 4xCO2 case. Residual drying over

Amazonia and the Congo basin, strong increases in precipitation over Central Africa,

China, and India are all modulated compared to 4xCO2. High-latitude precipitation

increases are overcompensated, resulting in drying.

Comparing the SRM cases, we note that reducing zonal mean precipitation anoma-

lies with the optimised scenario (Figure 4.15) - and the global mean precipitation

anomaly - by no means reduces anomalies in general. In many latitude bands, es-

pecially over the oceans, this is achieved through compensating positive and nega-

tive anomalies in different regions along the same latitude band. At the poles and

over the Southern Ocean, slight negative precipitation anomalies are replaced by

slight positive precipitation anomalies - as we might expect given the reduced over-

all aerosol optical depth in the precipitation-optimised simulation, compared to the

uniform case. Over land, it is difficult to discern any improvements in any regions,

and there is exacerbated drying over the Amazon compared to the uniform case. As

with the temperature optimisation, this illustrates that, even to the extent that zonal
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Figure 4.14: Top: The decadal precipitation anomaly under 4xCO2. Bot-
tom: The decadal precipitation anomaly under uniform SRM.

decadal precipitation can be finely-tuned and “optimised” with a tailored distribution

of aerosol optical depth, it is unclear that this results in benefits within these latitude

bands, and over key regions.

In this section, we have examined the potential of latitudinally optimising SRM to

achieve a better cancellation of temperature and precipitation anomalies under 4xCO2

with large ensembles of HadCM3 simulations. In general, we find that it is possible

to achieve significantly better cancellation of zonal, decadal anomalies, particularly in
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Figure 4.15: The decadal precipitation anomaly under SRM linearly opti-
mised to minimise the zonal precipitation anomaly.

temperature, and to a lesser extent in precipitation, by imposing an AOD distribution

that is a linear superposition over distributions obtained from injections at different

locations in the stratosphere. Particularly in the case of temperature, the zonal

temperature response can be well approximated by assuming the response is linear

and additive; this approximation holds less well for precipitation owing to dynamical

effects.

Despite this, it is unclear that zonally optimising SRM to reduce zonal anomalies

in temperature and precipitation in this way will necessarily result in outcomes that

society will find preferable. This more effective zonal optimisation is often achieved

through compensatory errors within the latitude band. For temperature, this can

arise due to contrasting effects of the aerosol optical depth at cooling over the oceans

relative to the land. In the case of precipitation, much of the apparent improvement

in precipitation appears to arise due to changes in the ITCZ over the Pacific Ocean.
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4.3.3 Empirical orthogonal function analysis: Temperature

A further aim of investigating the impacts of a range of different distributions is to

try to determine the extent to which different temperature responses can be excited

by those different distributions. In other words, how many degrees of freedom for the

response for temperature exist in the climate model? Can we obtain substantial lati-

tudinal tailoring of the temperature by applying inhomogenous patterns of forcing, or

is it instead the case that the atmospheric circulation responds well to inhomogenous

forcings and projects the response onto several primary modes of variation? To ex-

plore these questions, we undertook an empirical orthogonal function (EOF) analysis

for the temperature repsonse across a range of different distributions.

To explore this question, we choose a wide range of different decadal temperature

response patterns to find the empirical orthogonal functions that span their space.

This range of eighteen imposed distributions consists of:

� The seven highly inhomogenous “stripe” functions from earlier tests, i.e. seven

thick bands of AOD across ten of HadCM3’s adjacent latitude bands. (These

were illustrated in Chapter 3.)

� Each of the six GLENS basis functions - year-round injections in 15N, 15S, 30N,

30S, 50N and 50S. (These were illustrated earlier in this Chapter.)

� The idealised alpha and beta functions - distributions of AOD proportional to

sin2φ and 1 + sin2φ .

� The AOD distribution that results from equatorial injections in the MIROC-

CHEM-AMP model.

� The AOD distribution that results from equatorial injections in the ULAQ

model.

� The idealised AOD distribution that is prescribed to represent the Pinatubo

eruption (G4 AOD distribution).

Each of these aerosol optical depth patterns produces a decadal temperature

anomaly which we add to the collection for analysis. This then provides the basis set

of functions which we look at to determine the EOFs that span the space.
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Figure 4.16: Latitude plots for the spectrum of AOD distributions in the
ensemble tested in HadCM3. Ordered from top to bottom: the GLENS basis
functions, uniform, the thick stripes, the alpha and beta distributions, the ULAQ,
MIROC and G4 distributions.

The EOFs are illustrated in Figures 4.17 and 4.18. Across the first four EOFs,

98.7% of the total variance in temperature is explained. In the temperature analysis,

the four principal EOFs have physically intuitive interpretations: the first (75%)

represents the overall global warming function; the second (19%) represents a broadly

hemispherically asymmetric warming pattern, with colder patches over Alaska, India,

South Asia, and the Sahara desert. The third EOF, explaining 3.3% of the variance, is

broadly a pole-to-equator temperature gradient warming pattern, with cooling across

the continents and warming at high latitudes. The fourth EOF, explaining 1.7% of

the variance, resembles the second (sinusoidal) harmonic in latitude.

This indicates that the vast majority of the variation in responses to a range of

different forcings can be explained with a small number of empirical orthogonal func-

tions with an clear physical interpretation. This suggests that, at least in the decadal

temperature response, regardless of the complexity or nature of our distribution, we

are fundamentally exciting a limited number of degrees of freedom in the climate

model’s response that project onto relatively simple patterns: global warming, hemi-

spherical asymmetry, pole-to-equator temperature gradient and so on. These modes
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Figure 4.17: The first and second EOFs for decadal temperature.

correspond to modes of circulation in the atmosphere which adjust to redistribute

heat around the world - the Hadley Cells transporting heat poleward and within

a hemisphere, and the Arctic-amplified response we see to global warming as the

fundamental pattern which explains most of the variation between the responses to

different distributions.

We next want to determine to what extent we can predict the temperature re-

sponse from the imposed AOD pattern through these projections on the EOFs. This
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Figure 4.18: The third and fourth EOFs for decadal temperature.

is explored in Figure 4.19. In these figures, we determine the correlation between the

principal component associated with the EOF and properties of the AOD distribution.

Figure 4.19 shows a strong correlation between the net amount of latitude-weighted

aerosol optical depth injected - i.e. roughly the net solar radiation reflected - and

the principal component associated with the overall global warming pattern in the

top panel. In other words, to first order, the total cooling effect scales as the to-

tal weighted amount of aerosol optical depth applied. Similar correlations are seen
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Figure 4.19: Identifying EOFs of decadal temperature and their principal
components with properties of the AOD distributions.

in the subfigures where the hemispheric asymmetry of the aerosol distribution, and

the pole-to-equator gradient of aerosol optical depth, are correlated with the same

features in the response.
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4.3.4 Precipitation: EOFs analysis

The analysis in the previous section, across the 18 distributions, was repeated for

precipitation - but interpreting the EOFs in precipitation is more difficult. The

first four EOFs again explain a high fraction of the variance - 95% - but this is

slightly more spread out amongst the EOFs, with lower-order modes accounting for

a higher fraction of the variance, as we can see in Figure 4.20. We can see that the

precipitation pattern eigenvalues generally (up to the 3rd mode) decline more steeply

than the eigenvalues that are associated with the AOD patterns; this suggests that

a larger number of AOD patterns are being “compressed” by the response of the

climate system to a much smaller number of precipitation pattern responses.

The EOFs are plotted in Figures 4.21 and 4.22. The first EOF arguably resembles

a hemispheric asymmetry in precipitation - with, generally, increases in the North-

ern hemisphere and at high latitudes (with exceptions over midlatitude land) and

decreases in precipitation in the Southern hemisphere, particularly just below the

equator over the Pacific Ocean. It is possible that this mode of variation corresponds

to the change in precipitation associated with global warming (generally increased

precipitation at high latitudes and a Northward shift of the ITCZ, but a tendency for

dry regions to get drier as we see in the Mediterranean) - the “wet gets wetter, dry gets

drier” response. The first EOF, which appears to be predominantly a hemispherically

asymmetric precipitation response, explains 61% of the variance. The second EOF,

which predominantly seems to represent precipitation responses of a different sign in

the tropics and at high latitudes - based on the overall reduction to the shortwave

flux to the surface, and the moisture-limited/energy-limited regimes for precipitation

in the high latitudes/tropics respectively, explains 26% of the variance.
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Figure 4.20: Illustrations of the eigenvalue spectrum. First (in blue) across the
range of EOFs for aerosol optical depths, and then (orange) across the range of EOFs
for the precipitation patterns that are responsive to those AOD EOFs. GASabump
is shorthand for the ensemble of convenience described above.
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Figure 4.21: The first and second EOFs for decadal precipitation. Across
a range of different injection patterns, we can calculate the empirical orthogonal
functions (EOFs) for the decadal precipitation anomaly.

Interpreting the remaining EOFs and their physical significance is more difficult.

EOF2 and EOF3 are close to being inverses of each other. Note that the fourth EOF

seems to correspond to the strong correlation between precipitation anomalies in the

Amazonian and Congo Basin regions, associated with the rainforests in these regions.

Under increased CO2 concentrations, the effect of decreased stomatal opening reduces
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Figure 4.22: The third and fourth EOFs for decadal precipitation. Across
a range of different injection patterns, we can calculate the empirical orthogonal
functions (EOFs) for the decadal precipitation anomaly. Across the first 4 EOFs,
95% of the variance is explained.

evapotranspiration from the rainforested regions, and this results in drying over these

regions independent of the applied aerosol optical depth. The third and fourth EOFs

look like almost exact inverse patterns from each other, and between them they

explain, explains 8% of the variance (5% for EOF3 and 3% for EOF4). However,

in the absence of a clear physical interpretation of the EOFs for precipitation, it is
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important not to overinterpret their physical significance, as they may be statistical

artefacts that arise from the orthogonal decomposition.

It is unsurprising that the response of precipitation to inhomogenous forcings is

more complicated in structure than the temperature response. The precipitation

response is a second-order response to the imposed aerosol optical depth. There are

direct thermodynamic elements to the response which depend on the temperature

change in a given region, and this is particularly dominant at high latitudes; but,

for the bulk of precipitation in the tropics and midlatitudes, the dynamical effects

- due to shifting storm tracks and ITCZ and changing patterns of circulation in

the atmosphere - are more important, and it is these dynamical effects and shifts to

circulation that are more likely to be related to the precise spatiotemporal distribution

of inhomogenous forcings than the smaller, direct, thermodynamic effects.
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4.3.5 Precipitation: fast vs slow response

Another lens through which to look at precipitation is to analyse the patterns of pre-

cipitation that result from simpler scenarios - global warming and a globally applied

uniform aerosol optical depth.

Studies of the standard abrupt 4xCO2 experiment in climate models illustrate

that it can be decomposed into a fast and slow response. [163]

The fast response occurs on a timescale of weeks to months - before the global mean

surface temperature has time to respond - and is generally characterised by drying,

especially over land and in the tropics. [164] This occurs as a response to the initial

heating of the upper troposphere in the presence of CO2 and the reduced ability for

longwave radiation to escape from cloudtops; this decreases the temperature gradient

between the surface and the troposphere, resulting in suppressed convection and a

reduction in precipitation.

Figure 4.23: Correlation coefficient for precipitation on global mean tem-
perature under 4xCO2.

Then, as surface temperatures begin to respond to the radiative imbalance and
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Figure 4.24: The gradient of precipitation changes when precipitation is
regressed on global mean T. This aims to illustrate the ”slow response” of pre-
cipitation to temperature as the 4xCO2 simulation warms.

the world warms, the slow response is a general increase in precipitation as higher

temperatures lead to more evaporation at the surface. In other words, the direct

effect of CO2 on atmospheric stability and the ability of cloud-tops to radiate away

latent heat, and the slower warming of the land surface combine to generally reduce

precipitation in the short term as the fast response, while the response of the general

circulation to rising surface temperatures and global warming under quadrupled CO2

characterises the slow response. The fast response for precipitation therefore follows

changes in atmospheric absorption while the slow response follows changes in surface

temperature. We can see that the slow response involves a shift north of the ITCZ,

especially over the oceans, but also some additional drying over the Amazon region,

parts of China, Australia, and Africa - i.e. tropical rainforest regions additionally dry

as temperature increases, while precipitation generally increases everywhere else.

For a simple metric like global mean precipitation (GMP), this is characterised by

an initial global decrease in GMP, followed by a gradual increase of GMP in line with
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global mean temperature before eventually reaching an equilbrium with higher GMP.

In the quadruple CO2 case, this pattern corresponds to the zonal wet-gets-wetter dry-

gets-drier general pattern that is expected to manifest under global warming. The

main contributions to this global change are over the oceans.

Studies of the G1 geoengineering experiment, where a uniform layer of aerosol

optical depth is used to cancel out the warming due to 4xCO2, note that there is

a general reduction in precipitation below the preindustrial levels. This is in part

due to the effect of the aerosol layer in reducing the shortwave radiation that reaches

the surface, reducing evaporation and therefore precipitation in turn - for this reason,

several have suggested that P - E is a more important metric for determining moisture

availability and the effect of these changes on civilisation.

One way of conceptualising precipitation changes under the G1 scenario is that

it represents the fast response to CO2, alongside a fast response due to the aerosol

forcing and reduction in shortwave flux to the surface, without a compensatory slow

response due to increasing temperature. To the extent that this is the case, we may

be able to infer the response to different levels of aerosol optical depth, and also de-

termine whether it will be possible to find an optimal temperature or level of uniform

aerosol forcing to minimise temperature anomalies. Characterising these features

of the temperature response can allow us to distinguish aspects of the response to

increased CO2 and the direct effects of the AOD layer, as well as the differences in

precipitation that owe to temperature being kept constant and not allowed to increase

as in the global warming scenario.

Figure 4.23 and 4.24 analyse the 4xCO2 scenario, performing a linear regression

on precipitation onto the increasing annual average global mean temperature in each

grid cell of the model. Figure 4.23 illustrates the R-coefficient for the regression, giv-

ing a sense of both the strength and direction of the correlation between global mean

temperature and precipitation in the given grid cells. Plotted is the Pearson’s R co-

efficient for regressing the annual average precipitation in each grid cell on the global

mean temperature for that year in the 4xCO2 scenario. In other words, positive coef-

ficients indicate where warming under 4xCO2 increases precipitation, while negative

coefficients indicate where this warming decreases precipitation. We see that the cor-

relation is strong across most regions, between 0.8 and 1 in magnitude for most grid
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cells examined. Broadly speaking, we see precipitation increasing at high latitudes,

but decreasing over the South Atlantic and areas of the Pacific Ocean just below the

equator (due to a Northward shift of the ITCZ under warming overall), alongside de-

creases over the Mediterranean, the Amazon and Central America, Australia, regions

of south east Asia including China, and much of Africa (particularly the West of the

continent.) In general, then, we see drying across much of tropical and midlatitude

land and increased precipitation at high latitudes as the world warms.
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Figure 4.25: Correlation coefficient for P - E over land on global mean
temperature under 4xCO2.
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Figure 4.26: The gradient of P - E changes when precipitation is regressed
on global mean T.

Figure 4.25 and 4.26 do the same for P - E, as a metric for moisture availability, in

order to compare this to the raw precipitation response. Notably, over land, we can

see that the R-value pattern is very similar in P - E as it is for precipitation alone.

In other words, for these regions - where evaporation is often moisture-limited - it is

not simply a case that the hydrological cycle’s intensity is decreased, with a decrease

in precipitation compensated by a similar decrease in evaporation. Instead, moisture

availability decreases in these regions as well under global warming, although to a

lesser extent than precipiation. We see when looking at P - E that in many regions,

the apparent drying under SRM is more than compensated for in P - E owing to a

reduction to evaporation from the reduced shortwave flux to the surface; the only

regions where this is not true are regions with dense rainforest, which dry possibly

owing in part to the CO2 effect. This is in accordance with the model finding that

under SRM, we would see “less rain, but a wetter and greener” climate. [149]

A direct comparison between the gradient in the linear regression of precipitation

on global mean temperature and the precipitation anomalies under uniform SRM
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illustrates some of the areas where additional warming might be hoped to help com-

pensate for the sharp drying under SRM - i.e. where some amount of the “slow

response” may be able to compensate the “fast response”. We can certainly see that

this is the case at high latitudes - particularly over the high-latitude continents in

the Northern hemisphere; here, additional warming can compensate for the drying

under SRM. However, there are regions of West Africa and Amazonia where both the

initial application of SRM and continued warming under 4xCO2 result in additional

drying; for such regions we can anticipate that any strategy that involves ”allowing”

some warming so that the precipitation increases can compensate for decreases will

be unsuccessful, as the signs of the fast and slow response are the same. Other regions

- like China and areas of India - appear to see increases in precipitation both under

uniform SRM and with increased temperature, although this effect is not uniform

across China. It is again notable that the vast majority of changes to precipitation

which can be observed are over the tropical Pacific ocean - with large increases in

precipitation as the world warms and sharp decreases under uniform SRM.

This is in accordance with results from the Precipitation Drive and Model Re-

sponse Project (PDRMIP) [59] which found, across a range of different forcers (in-

cluding CO2, sulfate aerosol, and reduced insolation) that there were certain land

regions across the multi-model ensemble where the fast response consistently domi-

nated over the slow, temperature-driven response.

4.3.6 Giorgi regional optimisation for temperature using pattern-

scaling

One of the concerns raised surrounding the prospect of latitudinally tailoring geo-

engineering efforts is the potential for international conflicts to arise over the optimal

distribution. If powerful nations benefit substantially from “tailoring” the distri-

bution in their favour, there is a heightened risk of unequal outcomes and further

governance issues in an area already fraught with them.

One way we can attempt to shed some light on this problem through climate

modelling is by trying to determine the advantages that individual regions may be
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Figure 4.27: The Giorgi regions. (Our regions merge SAF, SQF and EQF into
SAF, NEU and NEE into NEU, and CSA + SSA into SSA.)

able to obtain through selfish “steering” of the global aerosol optical depth distribu-

tion. For this analysis, we used the linear, additive approximation to determine the

decadal average temperatures in each of the given Giorgi regions (adapted from those

illustrated in Figure 4.27), depending on the coefficients of the basis injection func-

tions that are used to determine the overall distribution. We then seek the optimal

coefficients to minimise fitness functions based on the RMS temperature difference be-

tween the geoengineered scenario and the preindustrial, but with different weightings

for each Giorgi region. We can then determine which coefficients each Giorgi region

may favour with different levels of “selfishness”, i.e. weightings for the particular

region.

In Figure 4.28, we plot the fractional residual RMS temperature anomaly in the

given Giorgi regions against the fractional residual RMS temperature anomaly in the

rest of the world under two different scenarios: the distribution that minimises global

RMS temperature, with only a slight weighting towards the given Giorgi region, and

the distribution which weights this region as much as the rest of the world combined.

We plot the percentage residual result for RMSE temperature on the land points in

the given Giorgi region against the percentage residual result in the rest of the world.
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The black data point denotes the residual percentage anomaly under the optimisation

to minimise the global RMSE temperature with no weighting for any region. The

residual is normalised to the anomaly with no SRM, i.e. under 4xCO2, and the line

y=x is plotted for convenience, as it denotes when the temperature anomaly in the

region is the same as that in the rest of the world. Points above the line therefore

have a greater fractional temperature anomaly than the rest of the world, while points

below the line have a lower regional fractional temperature anomaly than the rest of

the world.

The blue dataset shows the effect of optimisations that weight the given Giorgi

region twice as much as other regions, or ’moderate selfishness’, the red dataset shows

the more selfish case where the Giorgi region is weighted as much as the rest of the

world in the optimisation. The lines connect the same Giorgi regions before and

after the heavier weighting - so a line with a shallow gradient represents a region

which benefits marginally from selfishness, in exchange for a substantial increase

in temperature anomalies for the rest of the world, while regions with steeper line

gradients can benefit more at less expense to others. We can see that most Giorgi

regions can see reductions in their temperature anomaly through this optimisation

procedure - the red points are lower on the y-axis - but generally at a significant

expense to temperature anomalies across the rest of the world - the red points are

significantly further along on the x-axis. Higher selfishness can reduce the fractional

residual anomaly in some regions by 3-5%, but often at a cost of increasing the

anomaly for the rest of the world by 10-20%. It seems unlikely, given the constrained

optimisation that we consider in this scenario, that individual Giorgi regions would

be so sensitive to a few tenths of a degree in their average temperature so as to wish to

“steer” the geoengineering substantially away from a Pareto-optimal or global RMSE

minimising solution for cooling.

We note, however, that while this is likely true for temperature - where linearity

is expected to hold - the situation is much more sensitive for precipitation. Concerns

surrounding hemispherically asymmetric applications of SRM which could, for exam-

ple, substantially disrupt monsoons in agriculturally sensitive areas, as discussed in

Chapter 1 and modelled in Chapter 3, remain a much more concerning threat for

disputes over the optimal distribution of SRM.
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Figure 4.28: Scatter plot of residual temperature anomalies in the Giorgi
region optimisation scenarios. Each point indicates a different optimisation for
a different Giorgi region.
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4.3.7 Giorgi regional optimisation for precipitation using uni-

form layers of AOD

Figure 4.29 illustrates the effect of changing the uniform AOD parameter on the

RMS precipitation anomaly in given Giorgi regions. Given the strength of the linear

regression for precipitation on aerosol optical depth in most regions shown by the

high correlation coefficients for the linear fit of precipitation on AOD, we can ask

what the optimal aerosol optical depth for each Giorgi region to return its RMSE

precipitation as close to the preindustrial as possible. In all cases, we plot the decadal

RMS precipitation anomaly over land for the given Giorgi region against the uniform

aerosol optical depth applied.

When plotted against the level of the uniform aerosol optical depth, the RMS

precipitation for each Giorgi region gives a general parabolic function for these pre-

cipitation anomalies. In other words, there is an AOD that minimises the precipitation

anomaly; increasing or decreasing the AOD from this level increases the precipitation

anomaly in that region.

The box-whisker diagram for each region is plotted with its location at the mini-

mum of each curve in Figure 4.30, illustrating the extent to which the precipitation

anomaly in this region can be reduced from its error at zero AOD, by changing the

uniform aerosol optical depth; meanwhile, the colour of the box denotes the mag-

nitude of the RMS error in precipitation under 4xCO2 relative to the preindustrial

precipitation (i.e. up to 50% increases or reductions of the net RMS preindustrial pre-

cipitation.) The whiskers indicate the relative width of these parabolae, and therefore

how sensitive the regional precipitation in that region is to changing aerosol optical

depth. The height of the box-whiskers shows the minimum precipitation anomaly

which can occur across the range of aerosol optical depth, relative to the precipita-

tion anomaly at zero AOD. (Therefore all regions would converge on the X at 1.0 for

0 AOD.) The x-position of the box-whisker indicates the AOD that needs to be im-

posed (assuming linearity) to minimise the RMS precipitation anomaly in the given

Giorgi region. The shade of the box illustrates the fractional precipitation anomaly

in that given Giorgi region for the 4xCO2 case (0 AOD) relative to the preindustrial,

i.e. giving a measure of how relatively bad the error was under unmitigated 4xCO2

in that Giorgi region before applying any AOD.
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Figure 4.29: Optimising relative precipitation anomalies for Giorgi regions
by changing uniform AOD. As the previous figure, but with all precipitation
RMSE anomalies measured as a percentage of the preindustrial precipitation in the
given Giorgi region (indicating how relatively important the effects of tailoring the uni-
form AOD of geoengineering and 4xCO2 are to minimising the precipitation anomaly.)

The y-axis (fractional precipitation anomaly) is normalised to the case with zero

AOD (4xCO2). The purpose of this is illustrating which Giorgi regions would prefer

greater or reduced aerosol optical depth beneath the two cases we have examined in

most detail - the uniform AOD (G1) case and the 4xCO2 (zero SRM) case, as well as

giving a sense for the size of the fractional improvement in the anomaly that can be

obtained by this intervention. We note, for example, that no regions can be reduced

to precisely zero anomaly by any uniform AOD.

All regions benefit, with reduced precipitation anomaly, from a nonzero applica-

tion of AOD relative to the unmitigated 4xCO2 case. Some, rather than no, aerosol

optical depth results in reduced precipitation anomalies across most regions. However,

regions disagree about the ideal depth of aerosol that would be needed to minimise

their precipitation anomaly, and for some regions - such as the Sahel and Tibet -

increasing AOD substantially above their low, optimal level rapidly results in worsen-

ing outcomes and larger precipitation anomalies than under 4xCO2. We see from the
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Figure 4.30: The effect of changing the uniform aerosol optical depth pa-
rameter on the RMS precipitation error in given Giorgi regions.

different levels of curvature that greater fractional reductions in precipitation can be

achieved by fine-tuning the global AOD for some regions, while others have persistent

anomalies that are relatively insensitive to this.

Compared to the uniform AOD that cancels global mean temperature case, most

regions benefit from a reduced aerosol optical depth; there is clearly a conflict for

individual regions between the uniform intervention that would “optimise” for their

temperature and which would “optimise” for the precipitation within that region.

However, for at least three regions, including North Asia (NAS), Central America

(CAM), and the Amazon (AMZ), we see that the precipitation anomalies could be

reduced further by overcooling the globe. We will discuss this further in the conclu-

sions section.

Appendix 2 explores the different distributions that individual Giorgi regions may

prefer by calculating the optimal coefficients for each of the “basis vectors”, which
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would minimise land temperature anomalies in a given Giorgi region, assuming linear-

ity. This illustrates that there are substantial differences in the preferred distribution

of aerosol optical depth between Giorgi regions.

4.4 Discussion and conclusions

4.4.1 Limitations

There are a number of limitations to this work which we should address. Firstly, the

limitations that apply to HadCM3 and CPDN itself, which are discussed at length

in Chapter 3, all apply to the modelling results in this chapter as well. In particular,

concerns around the fidelity and accuracy of the precipitation response in the Amazon

are important to the caveats I have expressed around optimising for precipitation.

Again, the trade-off is that we are able to quite easily generate large ensembles for

each of the basis vectors considered. I will not repeat the discussion from Chapter 3

in full here, but it should be borne in mind.

Another major limitation is in the nature of the optimisation. We only considered

six basis functions and superpositions of these six patterns. Additional work (omitted

here for space) showed that, when we considered the same optimisation process, but

using the full suite of 18 simulations described in this chapter and Chapter 3, there

were slight differences in the distribution, suggesting that a greater number of degrees

of freedom might result in different “optimal” aerosol optical depth distributions.

However, the differences between the zonal temperature optimisation attainable with

this distribution and with the one used in this chapter were small, and because the

distribution made use of some of the “stripe” simulations, it was less smooth and

arguably less physically attainable. In reality, there would inevitably be limits in how

much control one could attain over the aerosol distribution. In addition, the work

presented here on EOFs and other work such as Kravitz et al. (2016) [94] suggest

that there may be a limited number of degrees of freedom in the climate response in

any case.

An arguably bigger limitation is that we were not able to deploy the feedback

and control methods outlined in Kravitz et al. (2016) [94] and also used by the
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GLENS experiment [95] whereby the coefficients of injection are adjusted in each

year according to the changes in temperature that are observed in the model. This

was not possible for us, as it would have required a way to modify the version of

HadCM3 that volunteers were experimenting with to read in temperature output,

perform the calculations, and then modify their own ancillary files in the middle of

a model run, which goes beyond the modifications to HadCM3 that were possible

on volunteer computers. It might have been possible to do this calculation “off-

line” by setting up simulations to run for a single year, retrieving the data, and

then calculating the coefficients ourselves, but this would have taken far too long to

generate a decadal number of model years given the time we had available to conduct

the project and the time taken to submit new batches to volunteers, which was outside

of this experimenter’s control. Instead, I had to specify an aerosol optical depth

distribution at the beginning and then proceed with that distribution throughout

the length of our model runs, without dynamic adjustment. It seems likely that, if

I had been able to implement the closed-loop feedback, optimisation for the goals

we had considered would have been more effective. I attempted various other ways

of optimising (for example, attempting distributions that would cancel the predicted

radiative forcing in the zonal mean under 4xCO2 for each latitude band) during the

course of the DPhil, which were unsuccessful and have been omitted for space.

Other limitations arise in the Giorgi regional analysis, and in the optimisation for

alternative figures of merit. Here, we relied on assumptions of linearity - first, that

the temperature response in individual grid cells is linear with respect to the patterns

imposed, allowing us to predict this response by pattern-scaling, and secondly, that

the precipitation response is linear in aerosol optical depth. We justify this to some

extent in the chapter - the linearity of temperature is explored in the Appendix, while

the linearity of precipitation in AOD is justified by the finding that the R-value for

precipitation regressed on the uniform aerosol optical depth applied in a range of

scenarios with different AOD is close to 1 or -1 in most regions, suggesting linearity

holds reasonably well across most grid cells, as illustrated in Figure 4.31. However,

linearity is not a perfect approximation, which means that our optimisations in the

individual Giorgi regions are not exact results.

It could further be argued, as we discuss below in the conclusions section, that
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Figure 4.31: Correlation coefficient for precipitation regressed on global
mean aerosol optical depth, for a range of simulations with different uni-
form aerosol optical depths between 0 and 0.41 applied.

the Giorgi regional optimisation analysis is not that instructive concerning potential

political conflicts over geoengineering, as it assumes that every region wants to return

to its preindustrial temperature and precipitation. Without studying in detail why

particular regions might prefer particular climates, it is difficult to conduct an analysis

that is consistent and meaningful without making this assumption. Our results here

should be taken to outline that some regionally “selfish” optimisation is possible,

and to give an indication as to how successful it might be, without being considered

exhaustive as to how would-be geoengineers might seek to alter climate. It is also

worth noting that, especially for temperature, returning the global mean temperature

to preindustrial levels brings most regions much closer to preindustrial temperatures

than 4xCO2, as set out in Chapter 3, but if individual regions preferred being (say)

2K warmer, this would probably entail a substantial departure for the global mean

temperature anomaly. In other words, preindustrial conditions, or at the very least

targets set by global mean temperature anomaly, have the advantage of being a well-
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defined baseline which might see widespread agreement.
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4.4.2 Conclusions

Our results in this chapter illustrate the significant variety of ways in which would-

be geoengineers could attempt to optimise for different figures of merit, whether

decadal, zonal average quantities or regional temperature and precipitation. In gen-

eral, we show that some improvement is possible over uniform SRM for quantities

such as zonal decadal temperature means, and arguably precipitation means as well,

although the benefits of optimisation are less clear for precipitation, and the effect

is generally quite small. We show that the temperature-optimised geoengineering

simulations do not significantly improve decadal zonal precipitation anomalies. We

also show that, due to the structure of the “fast” and “slow” response to precipita-

tion, there are some regions where allowing the world to warm slightly to compensate

for the fast drying effect of CO2 and SRM is unlikely to compensate for persistent

regional drying across scenarios, especially in regions like the Congo and Amazon

basin. Finally, we explore whether Giorgi regions might prefer different distributions

(for temperature) or different aerosol optical depths (for precipitation). It is the case

that regions disagree, sometimes significantly, on their preferred distribution or thick-

ness of uniform AOD layer, so a “selfish” region that targets preindustrial conditions

might wish to have a significantly different distribution than the globally optimal

ones. However, we also show that the relative benefits of selfishness are often quite

small and come at a significant cost to the rest of the world, so it is unclear that

pursuing such a lopsided policy would really be worthwhile, at least if returning a

region to preindustrial conditions is the goal - which can also be disputed. We will

discuss our results further in following subsections.

4.4.2.1 Optimising for temperature

We outlined the results of attempts to use the GLENS basis vectors to construct dis-

tributions that would minimise temperature anomalies. We compared optimisations

for two figures of merit, one explicitly simulated, and the other constructed using

pattern-scaling assuming linearity. These were distributions that aimed to minimise

zonal decadal temperature anomalies, and also RMSE temperature anomalies over

land specifically. These are compared in Figure 4.9. In summary, while zonal mean

temperatures are minimised - with smaller temperature anomalies over the poles -
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optimising for zonal temperature anomalies still results in considerable undercooling

of the land, particularly over Russia and in regions like Amazonia where transpiration

changes are important, and overcooling of the oceans. Minimising RMSE tempera-

ture over land still results in regions that SRM is more and less effective at cooling -

but we also see that - by overcooling the globe by about 0.3K below the preindustrial

- it is possible to further reduce average land temperature anomalies.

4.4.2.2 Optimising for precipitation

In Figure 4.10, we compared the precipitation under temperature-optimised SRM,

to the precipitation under uniform SRM and under 4xCO2, attempting to determine

whether optimising for temperature also optimises for precipitation. Comparing the

SRM precipitation anomalies to the 4xCO2 anomaly, we see that the ITCZ is shifted

to the North by the polar warming in the 4xCO2 scenario, resulting in a precipitation

dipole. This is partially compensated for by any SRM, but SRM also reduces tropical

precipitation overall. The increase in extratropical, high-latitude precipitation under

4xCO2 is more than cancelled out by SRM, resulting in a decrease. In both SRM

distributions, zonal precipitation decreases in the tropics, likely due to a weakening

in tropical circulation around the ITCZ. The extratropical response is similar in both

cases, with a slightly greater reduction in precipitation at high latitudes under zonal

temperature optimisation likely due to the additional AOD at these latitudes com-

pared to the uniform case, which cuts shortwave flux to the surface and hence evapo-

ration in regions where precipitation is energy-limited rather than moisture-limited.

From this, we can clearly see that optimising SRM to cancel out zonal temperature

increases does not also optimise to reduce the precipitation anomalies under uniform

SRM.

Looking only at precipitation over land, we see that the zonal anomalies take a

similar pattern under each scenario, with the main differences in the magnitude of

the anomaly. Extratropical increases in precipitation are reduced and often overcom-

pensated by SRM. Zonal temperature optimisation slightly ameliorates the reduction

in precipitation over the equatorial region compared to SRM. We can see from this,

however, that precipitation anomalies over land are not particularly ameliorated by

either distribution of SRM.
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When we consider the optimisation attempt for zonal precipitation, we note that

substantial non-linearities, especially over the tropics, mean that our attempt to con-

struct a distribution to minimise zonal precipitation anomalies is much less effective

than that for temperature. Even where zonal precipitation anomalies are indeed

reduced, this often occurs with compensating errors within a given latitude band,

and the precipitation anomalies in many regions over land are not improved by this

optimisation.

4.4.2.3 Empirical orthogonal functions, fast vs slow precipitation response

Across a range of different injection patterns and resulting temperatures, one can

calculate the empirical orthogonal functions (EOFs) for the decadal temperature

anomaly to determine whether there are a number of fundamental “modes” of re-

sponse for the climate system regardless of the imposed aerosol optical depth distri-

bution. Across the first 4 EOFs, 98.7% of the variance is explained. The first EOF,

explaining 75% of the variance, corresponds to the (Arctic amplified) global warming

pattern when global mean surface temperature increases. The second EOF, explain-

ing 19% of the variance, corresponds to a hemispheric asymmetry in temperatures.

The third EOF, explaining 3.3% of the variance, corresponds to a pole-to-equator

temperature gradient. The fourth EOF, explaining 1.7% of the variance, resembles

a second harmonic of temperature as a function of latitude, and may be an artefact

of orthogonality. We also find that the components of variation explained by these

EOFs for a given distribution reassuringly correspond to properties of the imposed

distribution. For example, the EOF that corresponds to the global warming pattern

is more prominent in distributions with a greater overall cooling effect, while the

hemispherically asymmetric EOF is more prominent in asymmetric AOD distribu-

tions. Repeating this analysis for precipitation, we find a more varied picture - the

EOFs are more difficult to physically interpret, although the dominant one appears

again to correspond to the pattern of precipitation changes under global warming.

I also conducted some analysis of the “fast” vs “slow” precipitation responses un-

der SRM and 4xCO2 in order to determine whether allowing some warming, and thus

some slow precipitation response, could compensate for the initial decrease in pre-

cipitation that arises due to a reduction in shortwave radiation reaching the surface,

173



and consequently evaporation, as well as the effects of CO2 on transpiration. I find

that this may be effective at high latitudes, but is unlikely to be effective over regions

such as the Amazon or the Congo which show persistent drying in HadCM3.

4.4.2.4 Giorgi regional optimisation for temperature and precipitation

One question with potential geopolitical relevance is the degree to which individual

regions might benefit from skewing the aerosol optical depth distribution in their

favour. The advantages they could gain by doing this, in terms of regional temper-

ature, are illustrated in Figure 4.28. We can see here that most regions can reduce

their own fractional anomaly to be less than the world’s on average (below the red

point). The high-selfishness case seems to show that the trade-off is relatively small,

however, with modest gains in reducing local temperature anomalies in the optimal

case at the expense of significant losses elsewhere.

In Figure 4.30 and Figure 4.29, we considered optimising for precipitation in differ-

ent Giorgi regions by changing the amount of uniform aerosol optical depth applied.

Overall, it is not clear if there will be a Pareto-optimal solution for minimising the

precipitation anomaly across the range of regions. What’s more, it’s also unclear if

this would be the desirable solution to aim for, with a number of different concievable

weightings for anomalies (population exposed, agricultural importance, etc.). Some

regions are relatively insensitive to changing the total amount of SRM, and therefore

it would arguably be better to slightly increase their anomaly, deviating further from

their ideal uniform AOD, in favour of gains elsewhere. Finally, these relative anoma-

lies obscure the differing magnitude of the different anomalies in various regions.

Figure 4.30 illustrates some of these discrepancies between different regions.

The results presented in this chapter clearly do not illustrate the full range of

possible optimisation scenarios or patterns that could potentially be constructed. In

particular, we assume for convenience that individual regions would “steer” the cli-

mate back to their preindustrial conditions, but this may not be the case - desertified

regions may want more precipitation to enable agriculture, and some regions may

benefit from overcooling or from allowing some warming (as has been argued for

Siberia, for example.) They do not fully characterise the tradeoffs that could arise

between regions, but they are sufficient to illustrate that it is plausible there would
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be conflicts over the amount of uniform SRM, or the pattern of latitudinally-tailored

SRM, that different Giorgi regions would prefer for their precipitation.

4.5 Appendix

4.5.1 Maps of non-linearities in temperature anomalies

Figures 4.32 and 4.33 show the error in assuming that the temperature response to in-

dividual injection patterns is linear and additive. The mean across all grid cells is less

than 0.1K in the decadal average when compensating for the temperature anomaly

from 4xCO2, but in individual grid cells it can be as high as 1.5K (with notable

anomalies around Greenland and in the Middle East and Sahel regions where signifi-

cant temperature anomalies arise due to second-order effects such as ice melting and

rainfall pattern shifts which are not linear.) For most land grid cells, the percentage

error in the prediction from linearity is less than around 10% in magnitude.
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Figure 4.32: Non-linearity in trying to use the linear, additive model to pre-
dict the temperature anomalies in the linear-optimisation for temperature
(GLAT) simulation. The non-linearity is listed as a percentage of the residual
anomaly in the GLAT simulation. For most regions, the error is below 10% of the
residual anomaly.
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Figure 4.33: The absolute error in using the linear approximation to predict
the results of the linear-optimisation for temperature (GLAT) simulation.
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4.5.2 Preferred coefficients for Giorgi regional optimisation

In this analysis, we calculate the optimal AOD distribution, assuming linearity, with

two weighting functions of predicted temperature anomalies to minimise. In the ”low

selfishness” case, the temperature anomaly in the Giorgi region is given twice as much

weighting in the optimisation function as other grid cells. In the ”high selfishness”

case, the temperature anomaly is weighted as much as the rest of the world’s grid

cells combined. We then plot the coefficients for the basis functions (15N, 15S, 30N,

30S, 50N, 50S) in the low and high selfishness scenarios, to determine how much the

optimal distribution varies.

We can see that for a relatively low selfishness (2x weighting of a given Giorgi

region relative to other land grid points) there is a relatively high degree of consensus

among regions about the preferred coefficients for the distribution - which are all, in

turn, close to preferred coefficients for the distrbution that minimises global mean

land temperature anomaly indicated by a solid horizontal black line. As selfishness

increases, there is a greater divergence - in particular between regions in the global

South, like Africa, Central America, and India and, for example, Central and Eastern

North America, which have opposing incentives for the coefficients in the Southern

hemisphere. For example, we can see in Figure 4.35 that while the ideal coefficient

for the 15S pattern for the global mean is 0.4, it is more than double this at high-

selfishness for the Amazon region, and drops to zero for the high-selfishness cases for

Western, Central North America and North Europe, while remaining close to 0.4 for

the Indian subcontinent.
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Figure 4.34: Preferred coefficients for each of the Giorgi regions. Assuming
linearity, we attempt to use the GLENS basis linear optimiser to minimise the RMS
anomaly for temperature on land in different Giorgi regions. Top (15N), bottom
(30N). The different stars indicate (blue) weighting each land point in the preferred
Giorgi region twice as much as those outside and (red) weighting the Giorgi region as
much as the rest of the world. The height represents the relative magnitudes of the
coefficients for each coordinate of injection; and each column represents prioritising
a different Giorgi region. Horizontal lines denote the coefficient that minimise the
global RMS temperature anomaly over land.
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Figure 4.35: Preferred coefficients for each of the Giorgi regions. Assuming
linearity, we attempt to use the GLENS basis linear optimiser to minimise the RMS
anomaly for temperature on land in different Giorgi regions. Top (50N), bottom
(15S). The different stars indicate (blue) weighting each land point in the preferred
Giorgi region twice as much as those outside and (red) weighting the Giorgi region as
much as the rest of the world. The height represents the relative magnitudes of the
coefficients for each coordinate of injection; and each column represents prioritising
a different Giorgi region. Horizontal lines denote the coefficient that minimise the
global RMS temperature anomaly over land.
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Figure 4.36: Preferred coefficients for each of the Giorgi regions. Assuming
linearity, we attempt to use the GLENS basis linear optimiser to minimise the RMS
anomaly for temperature on land in different Giorgi regions. Top (30S), bottom
(50S). The different stars indicate (blue) weighting each land point in the preferred
Giorgi region twice as much as those outside and (red) weighting the Giorgi region as
much as the rest of the world. The height represents the relative magnitudes of the
coefficients for each coordinate of injection; and each column represents prioritising
a different Giorgi region. Horizontal lines denote the coefficient that minimise the
global RMS temperature anomaly over land.
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Chapter 5

The impact of geoengineering on

climate and weather extremes

5.1 Introduction

Examining changes to the mean climatology under SRM gives an incomplete picture

of the potential societal and environmental impacts of geoengineering. Many of the

most costly and damaging impacts expected to arise from anthropogenic climate

change owe to the change in spatio-temporal distribution, severity, and likelihood, of

the extreme weather events that result from a changing climate. The large ensembles

of climate models provided by CPDN allow us to investigate the ways in which SRM

changes the likelihood and probability distribution for extreme weather events.

In this way, we can look beyond global mean changes and ask whether SRM

designed to return global mean temperature to its preindustrial level also restores the

preindustrial distribution of extreme weather events, and whether the variability of

weather and climatic extremes is affected by SRM. For example, are dry spells or cold

spells more likely in a climate stabilised by SRM than in the preindustrial climate

that is targeted by an intervention?

One question to explore is to what extent changes to temperature and precipitation

extremes can be attributed to the residual changes to the mean climate under SRM

we explored in Chapter 4. For example, a null hypothesis to test for SRM’s effect on

182



extremes might be that the distribution of temperature extremes in a grid cell under

SRM is simply a translation of the preindustrial distribution, depending on the mean

climatic changes in that grid cell. Alternatively, SRM may also affect the variability

of the extreme distribution, with implications for the frequency of extreme events, or

the relative width of the extreme event probability distribution.

5.2 Methods

5.2.1 Metrics for extreme events

In order to investigate this, we select a number of extreme temperature and precipita-

tion metrics available from HadCM3 model output to stand in as proxies for extreme

weather events of interest. Specifically, we choose three metrics for initial analysis:

� Three-day average daily temperature anomaly (analysing the annual summer

(JJA) maxima, as a proxy for heat-waves).

� Daily precipitation (analysing annual maxima as a proxy for intense rainfall

events and flooding).

� Monthly precipitation (analysing annual minima as a proxy for drought and dry

spells).

Data for the uniform SRM, 4xCO2, and piCO2 cases are generated in the same way

as described in Chapters 3 and Chapter 4 for the HadCM3 models under CPDN. By

the time this analysis was conducted, a greater number of model years were available,

which allowed us to analyse 1079 model years for the preindustrial simulation and 614

model years for the SRM simulation, although there are different numbers of extreme

events available because some quantities are daily, some are 3-day averages over JJA,

and some are monthly mean outputs.

In each case, before the analysis begins, we detrended the data by subtracting

the appropriate smoothed annual or seasonal cycle from the average over preindus-

trial simulations in order to obtain detrended, deseasonalised anomalies for the given

metrics. The SRM data was also detrended by subtracting the average preindustrial
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Figure 5.1: Illustrative extreme values analysis and return times plots, il-
lustrating the effects of varying the location parameter. Bottom: Extreme
values analysis histogram plot, based on annual maximum daily precipitation under
SRM, showing the full probability distribution function for the GEV distribution.
Top: Quasi-return time plot, based on annual maximum daily precipitation under
SRM, showing the cumulative distribution survival function for the GEV fit. Both
plots illustrate the effects of varying the generalised extreme value distribution’s lo-
cation parameter - translating the distribution along the axis of the extreme variable.

annual cycle for each of the given variables. We detrend using the preindustrial sea-

sonal cycle for the SRM case in order to capture any unusual shifts to the seasonal
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cycle. This deseasonalisation is necessary in order to make sure, for example, that

when we study extremes in daily precipitation, we are not just analysing the monsoon

season in monsoon grid cells where most of the rain falls within a few days of the

year, and that we are actually determining the most significant extreme anomalous

events for a given grid cell relative to the oridinary annual cycle. For example, we

might not analyse the driest month in each year, but we will analyse the month with

the biggest dry anomaly in each year.

In selecting these metrics, we have to take into consideration the strengths and

weaknesses of our model and the diagnostics it can return.

For example, consecutive dry days is typically used as a proxy for drought [165],

but HadCM3 - along with many other models of its generation - suffers from the

“drizzle problem”, where days with low levels of precipitation are over-represented in

the distribution of simulated results. [166]

Consequently, we determined that the consecutive dry days metric is inappropriate

for this model as it will underestimate the prevelance of drought and precipitation

lows. This guided our selection of monthly low precipitation as a proxy for drought

and extreme negative precipitation anomalies.

For each extreme metric, we analyse the data across available simulation results

in several ways. First, we plot histograms and quasi-return time plots for the metrics

in a sample grid cell which we know the HadCM3 model simulates well. For the

purpose of this exercise, we chose the (52.5N, 0E) grid cell over the United Kingdom.

Then, we fit these distributions to a generalised extreme value (GEV) distribution

(see section below); analysis of the fit parameters allows us to determine how and

whether the extreme distributions have changed under the influence of SRM.

The quasi-return time plots plot exceedance thresholds for the extreme metric

against the probability of that threshold being exceeded within a given time period.

For example, in the case of three-day temperature, the x-value (probability) can be

interpreted as the probability of observing a three-day temperature exceeding the

y-value threshold temperature in any given three-day interval.

This is similar to a return time plot. The difference is that return time plots ac-

count for autocorrelation in the data - either because they are based on an ensemble
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of simulations of the same time period, rather than a generic year, or by removing

autocorrelations - for example, by requiring individual classifications of events to be

non-adjacent. For example, if a given heatwave is characterised by six days of exces-

sively high temperature anomalies - and a similar event does not occur for another

thirty years - then the appropriate return time for such an extreme event is thirty

years. However, calculating the annual maximum of a three-day average temperature

metric, as we do, might fail to take into account that two of the threshold exceedance

events are adjacent to each other, and are part of the same event. Therefore our plots

are more properly expressed in terms of probability that neglects any autocorrelation,

rather than return time.

This analysis, including the GEV fits, can then be repeated for the values of the

extreme metrics in each HadCM3 model grid cell. We can then plot maps of the

three parameters for the GEV fit - location, shape, and scale - to illustrate how the

distribution of extreme events has changed in different locations. This allows us to

investigate whether the spatial pattern of changes to extremes significantly differs

from the changes to mean quantities investigated in Chapter 4, and also whether

the distribution of extreme events is significantly different in a world where global

temperatures are stabilised by SRM but CO2 concentrations remain high, as was

found by Baker et al. (2018) [32]. Potential physical interpretations for changes to

the GEV parameters are explored in the next section.
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5.2.2 Generalised extreme value distributions

Extreme value distributions are the limiting distribution for the extreme values (min-

ima or maxima, taken over a given period) of a sufficiently large ensemble of values

from an underlying initial distribution, which can be arbitrary. This will be the lim-

iting distribution for the extreme values sampled from any underlying distribution

which is continuous and invertible. [167]

The generalised extreme value distribution formula allows for the fitting of extreme

value tails to standardised distributions which are characterised by three parameters

- location, shape, and scale. First, we define a standard variable:

s =
(x− µ)

σ
(5.1)

where µ is the location parameter and σ is the scale parameter.

Then, we can express the GEV cumulative distribution function as follows. For a

general shape parameter ξ and ξs > −1 :

F (s, ξ) = exp(−(1 + ξs)−
1
ξ ) (5.2)

Where ξs < −1, for positive ξ the cumulative distribution function is 0 and for

negative ξ it is 1. In other words excessively negative s-values too far from the location

parameter are not sampled, and by the time excessively positive s values are reached

for a negative ξ we are also beyond the distribution.

The probability density function can be obtained by differentiating this function

with respect to x. Finally, in the special case that ξ = 0 (Gumbel or extreme value

Type I distribution), the cumulative distribution function is:

F (s) = exp(exp(−s)) (5.3)

For the sake of illustrating how these different parameters affect the GEV dis-

tribution’s functional form, we have produced a number of plots where the location

(Figure 5.1), scale (Figure 5.2), and shape (Figure 5.3) parameters are varied indi-

vidually, using as a basis the actual quasi-return time and histogram plots for annual
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Figure 5.2: Illustrative extreme values analysis and return times plots, il-
lustrating the effects of varying the scale parameter.Top: Quasi-return time
plot, based on annual maximum daily precipitation under SRM, showing the cumu-
lative distribution survival function for the GEV fit and the effects of varying the
scale parameter. Bottom: Extreme values analysis histogram plot, based on annual
maximum daily precipitation under SRM, showing the full probability distribution
function for the GEV distribution and the effects of varying the scale parameter.
The scale parameter represents the typical width of the extreme value distribution
- smaller scale parameters give a probability distribution more tightly concentrated
around the median.
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Figure 5.3: Illustrative extreme values analysis and return times plots, il-
lustrating the effects of varying the shape parameter. Top: Quasi-return
time plot, based on the curve for annual maximum daily precipitation under SRM,
showing the cumulative distribution survival function for the GEV fit and the effects
of varying the shape parameter. Bottom: Extreme values analysis histogram plot,
based on annual maximum daily precipitation under SRM, showing the full proba-
bility distribution function for the GEV distribution and the effects of varying the
shape parameter. The shape parameter determines the shape of the extreme distri-
bution’s tail; smaller shape parameters mean a fatter-tailed probability distribution,
while larger shape parameters indicate a more truncated tail - in the limit of a shape
parameter much larger than 1, the tail of the distribution shifts to the other side.
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maximum precipiation (the 1x location parameter plots in Figure 5.1) show these

plots.)

5.2.3 Varying parameters

With these basis plots in mind, we can illustrate for the sake of clarity the effect of

varying each of the parameters in the GEV distribution, using as an example function

the SRM extreme event distribution for annual maximum daily precipitation.

As can be observed from the functional form of the distribution, changing the loca-

tion parameter translates the curve along the x-axis. Shifts to the location parameter

indicate that the average of the maxima have shifted - this represents ”climatological”

changes to the extremes; all else being equal, the relative distribution is unchanged.

The scale parameter determines the width of the distribution, giving the typical

x-axis scale of the probability density function. Smaller scale parameters mean less

variability in the extreme distribution, with distributions of extreme values more

tightly concentrated around their mean, while larger scale parameters indicate the

distribution has a much larger variability.

Increases to the shape parameter corresponds to a sharper cut-off in the extremes

distribution. The shape parameter broadly determines the shape of the tail – a lower

shape parameter means fatter tail for the probability distribution, with rare events

more likely, while shifting the in the opposite direction; a higher shape parameter

gives a more truncated tail and, in extremis, shifts the tail to the other side.

It is worth noting that while the scale and location parameters share the units

of the underlying variable in question, the shape parameter, governing the tail be-

haviour, is dimensionless. The generalised extreme value distribution unites the Gum-

bel, Frechet, and Weibull extreme value distributions, which correspond to the case

where the shape parameter is 0, positive, and negative respectively (sometimes also

referred to as Type I, II, and III extreme value distributions).

In the following sections, we conduct GEV fitting for the three extrema proxies

- annual three day temperature maxima, annual maximum daily precipitation, and

annual minimummonthly precipitation - in the UK grid cell, and then in each grid cell,
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plotting maps of the parameters. The applicability of GEV fitting and the importance

of any discernible shifts to the GEV fit parameters, and hence the distribution of

extreme events, are discussed.
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5.3 Results

5.3.1 Three-day temperature maxima

5.3.1.1 Single grid-cell generalised extreme value fitting

In this section, we examine the distribution of deseasonalised summer maxima in

three-day temperature anomalies (as a proxy for heatwaves) under piCO2 and uniform

SRM. For the illustrative plots in Figures 5.4 and 5.5, the 3-day temperature maxima

are taken from a sample grid cell - the (0.0, 52.5) HadCM3 grid cell over the United

Kingdom.

The data used are the distribution of summer (JJA) maxima for the three-day

temperature distribution, after the data has been de-seasonalised by subtracting the

average seasonal cycle from HadCM3’s preindustrial annual runs. The first two plots

show the extreme value distribution for this quantity; for the maps, we fit GEV

distribution parameters in each HadCM3 grid cell. In total, we used 1079 model

years for the preindustrial simulation and 614 model years for the SRM simulation.

The parameters required to fit the 3-day maximum temperature parameter to a GEV

distribution in the preindustrial and SRM cases are tabulated in Table 5.1.

Predominantly, the difference in the three-day temperature distribution in this

grid cell is a shift in the location parameter by approximately 1.6K - this follows the

“climatological” change to the extremes, suggesting the residual warming under the

SRM scenario is the most significant factor in changing the distribution of extremes.

The residual warming in summer in this grid cell under SRM was 1.29K for the same

ensemble - so, although the extreme (maximum) distribution shift slightly exceeds the

mean climatological shift, they are on a similar scale. However, we must note that the

extreme values are not a perfect fit to the GEV distribution - for example, although

most points are within the 5 - 95% confidence interval for the GEV parameter fits,

the events around 1 in 50 years are slightly underestimated by the GEV fit. We also

note that the shape parameter increases by around 0.05 and becomes positive in the

SRM case compared to the piCO2 case, illustrating a more truncated tail and higher

curvature in the SRM case - suggesting that the most extreme temperature events
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in this grid cell in summer are suppressed by the uniform SRM, even as the average

3-day temperature maximum of a summer is 1.6K warmer.

Figure 5.4: Extreme values analysis histogram plot for 3-day summer tem-
perature maxima in the UK.. The data shown is for the 52.5N, 0E grid cell, in
the piCO2 and SRM cases. The GEV fit is illustrated with solid lines, with the 95%
fit parameter confidence interval shown with shading.

Parameters piCO2 SRM

Location 3.64 5.24

Shape -0.003 0.050

Scale 1.839 1.952

Table 5.1: Extreme value distribution parameters. Changes to the fitted gener-
alised extreme value distribution parameters between piCO2 and SRM for the annual
maximum summer 3-day temperature anomalies in the United Kingdom grid cell.
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Figure 5.5: Quasi-return time plot showing the survival function for annual
three-day summer temperature maxima. The data shown is the three-day
summer temperature maxima for the 52.5N, 0E grid cell, in the piCO2 and SRM cases.
The GEV fit is illustrated with solid lines, with the 95% fit parameter confidence
interval shown with shading. The mean offset between the average extreme value
under piCO2 and SRM is plotted on the figure.

5.3.1.2 Global maps of GEV parameters

In this subsection and the corresponding subsections, we construct global maps of

the parameters for the GEV fits to our extreme event proxies. The GEV fitting

procedure is applied to data from each grid cell. Since this produces 6,912 GEV fits,

it is necessary to create filters to determine the applicability of GEV fitting in each

grid cell.

This was done using a “residuals test”. For each grid cell, we calculated the fit

residuals for events that were rarer than one in ten years, normalised by the average

extreme value in the grid cell. This allows us to determine whether GEV fitting

is applicable for the tail end of rare events in this distribution. When the average

of these normalised fit residuals exceeded 0.1, GEV fitting is not considered to be

applicable. This is the equivalent of saying that the average rare event differs from

the GEV fit prediction by more than 10% of the average annual extremum for that
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grid cell, so GEV fitting is a poor predictor for these rare events. Grid cells which

fail the residual test are denoted by grey cells in the parameter maps.

As before, location parameter for 3-day T summer extremes follows the regional

residual mean summer temperature changes under SRM, analysed extensively in

Chapter 4, quite well - in Figure 5.6, we see substantial warming across the Arc-

tic landmasses and Northern hemisphere landmasses, with overcooling of the tropical

oceans especially. Similar contrasts between China and India temperature extreme

responses - cooling in India, warming in China - and increases in temperature ex-

tremes in tropical rainforests in the Amazon and the Congo, are also seen in the

extremes shift to location parameters as in the mean temperature response.

Figure 5.6: Map of location parameters for GEV fits to 3-day summer tem-
perature anomaly annual maxima, fitted in each grid cell. The map illustrates
the difference between the SRM and piCO2 simulations. Grid cells marked in grey
are “missing data” where there was a poor fit to the generalised extreme value dis-
tribution, defined by the fit residuals exceeding a certain threshold.

As described, increases to the shape parameter means more abruptly truncated

tails, while decreases mean fatter tails relative to the rest of the distribution. When

analysing the variation in the shape parameter in Figure 5.7, we can see a much less

coherent set of changes here, but in general we see increases in the shape parameter

under SRM - particularly in regions that saw high shifts to the location parameter,
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such as the Amazon, the Congo, China, and Central Europe. This suggests that even

as these regions warm, and the average summer maximum temperature increases, tail

events that reach even hotter temperatures are suppressed relative to the preindustrial

case, following from the narrower distribution and smaller variability in extremes

under SRM relative to piCO2.

Figure 5.7: Map of shape parameters for GEV fits to 3-day summer temper-
ature anomaly annual maxima, fitted in each grid cell. The map illustrates
the difference between the SRM and piCO2 simulations. Grid cells marked in grey
are “missing data” where there was a poor fit to the generalised extreme value dis-
tribution, defined by the fit residuals exceeding a certain threshold.

In Figure 5.8 we can see a general decrease of the scale parameter across most of

the globe, particularly over land (although to a lesser degree at high latitudes) this

suggests SRM generally suppresses extreme temperature variability while shifting

the mean (with narrower temperature anomaly distributions concentrated around a

higher mean owing to the shift in the location parameter). A notable exception is the

Indian subcontinent, where we see suppression of temperature extremes in numerous

ways: the average temperature extreme is cooler, the tails are slightly truncated, and

the overall scale of the extreme distribution is reduced with large negative anomalies

to the scale parameter under the SRM case compared to the preindustrial. Summer

temperatures in this region are therefore both significantly colder and less variable
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overall. We can also see that there is a limited correlation between the variations in

the location and the scale parameters for temperature; in other words, the effect of

SRM on extremes is not simply to increase the magnitude and variability of temper-

ature extremes, as we would expect unmitigated global warming to do - even within

the regions, like the Arctic, which see residual warming and shifts to the location

parameter for the temperature extreme distributions.

Figure 5.8: Map of scale parameters for GEV fits to 3-day summer temper-
ature anomaly annual maxima, fitted in each grid cell. The map illustrates
the difference between the SRM and piCO2 simulations. Grid cells marked in grey
are “missing data” where there was a poor fit to the generalised extreme value dis-
tribution, defined by the fit residuals exceeding a certain threshold.
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5.3.2 Daily precipitation maxima

5.3.2.1 Single grid-cell generalised extreme value fitting

The cumulative distribution function and probability distribution function histogram

comparison for annual daily precipitation maxima were plotted in Figure 5.1, the

demonstration figure which illustrates the impact of varying GEV fit parameters,

and are reproduced separately in Figures 5.9 and 5.10. The annual daily precipita-

tion maxima are taken from a sample grid cell - the (0.0, 52.5) HadCM3 grid cell over

the United Kingdom. In total, 1080 model years were used from the preindustrial

simulations, and 840 model years from the uniform SRM simulations. For this par-

ticular grid cell, the location parameter is shifted down by approximately 1mm/day

under SRM - the wettest annual days are drier on average under SRM - but the shape

and scale parameters only show very slight decreases, with only a slight reduction to

precipitation variability in the SRM case relative to the preindustrial distribution of

maxima in this grid cell.

Parameters piCO2 SRM

Location 17.804 16.784

Shape 0.022 0.020

Scale 3.793 3.590

Table 5.2: Fitted generalised extreme value distribution parameters for
daily precipitation maxima in the UK grid cell.
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Figure 5.9: Extreme values analysis plot for annual daily precipitation max-
ima in the United Kingdom grid cell. The figure shows the full probability
distribution function for the GEV distribution as well as the different distributions
under preindustrial and SRM scenarios. Shading illustrates the 95% confidence in-
terval for the GEV fit parameters.

5.3.2.2 Global maps of GEV parameters

Examining changes to the location parameter (Figure 5.11), we can see that this

broadly follows the mean drying pattern for precipitation under uniform SRM – we

see reductions in the location parameter, especially in the overcooled and overdried

tropics, and to a lesser extent at high latitudes. We also see the contrast in pre-

cipitation response between India and China, where India sees a general increase in

precipitation and China a general decrease under uniform SRM.

The scale parameter changes (Figure 5.12) for annual maximum daily precipita-

tion under SRM vs piCO2 correspond closely to the precipitation location parameter

changes. This suggests that, in general, the effect on daily maximum precipitation

is for its average to shift to a greater value as its variability increases. Across many

of the regions that are dried by uniform SRM, therefore, we see reductions to the

location and scale parameter, suggesting that the average annual precipitation max-

imum is reduced and the variability of maxima suppressed by SRM in these regions,
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Figure 5.10: Quasi-return time plot for annual daily precipitation maxima
in the United Kingdom grid cell. The figure shows the data and GEV survival
function for the GEV distributions under preindustrial and SRM scenarios. Shading
illustrates the 95% confidence interval for the GEV fit parameters.

in accordance with an overall suppression of the intensity of the hydrological cycle

in these regions. However the scale parameter changes are not particularly large for

most of the grid cells - while the location parameter shifts are significant for almost

every grid cell.

Changes to the shape parameter (Figure 5.13) are harder to interpret and arguably

less spatially coherent; nor do they correlate particularly consistently with changes

to the location and scale parameters. For example, the shape parameter noticably

increases, suggesting more abruptly truncated tails, for regions like Australia which

get wetter overall on average. The Sahel and Northern Amazon both see fatter tails

with a reduced shape parameter, suggesting an increased probability for extreme wet

precipitation events within the shifted precipitation distributions, but the Sahel gets

wetter while the Amazon is dried out under uniform SRM.
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Figure 5.11: Map of location parameters for GEV fits to annual daily pre-
cipitation maxima, fitted in each grid cell. The map illustrates the difference
between the SRM and piCO2 simulations. Grid cells marked in grey are “missing
data” where there was a poor fit to the generalised extreme value distribution, de-
fined by the fit residuals exceeding a certain threshold.

Figure 5.12: Map of scale parameters for GEV fits to annual daily precipita-
tion maxima, fitted in each grid cell. The map illustrates the difference between
the SRM and piCO2 simulations. Grid cells marked in grey are “missing data” where
there was a poor fit to the generalised extreme value distribution, defined by the fit
residuals exceeding a certain threshold.

201



Figure 5.13: Map of shape parameters for GEV fits to annual daily pre-
cipitation maxima, fitted in each grid cell. The map illustrates the difference
between the SRM and piCO2 simulations. Grid cells marked in grey are “missing
data” where there was a poor fit to the generalised extreme value distribution, de-
fined by the fit residuals exceeding a certain threshold.
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5.3.3 Monthly precipitation minima

5.3.3.1 Single grid-cell generalised extreme value fitting

We can use the same generalised extreme value formula to fit distributions for minima

simply by replacing x with -x and subtracting cumulative probability functions from

1. Again, we fit monthly precipitation annual minima from a sample grid cell - the

(0.0, 52.5) HadCM3 grid cell over the United Kingdom. In total, 2075 model years

are analysed for the preindustrial simulations, and 854 model years are analysed for

the SRM simulations. We see that over this grid cell, the main impact of SRM on the

extremes is a reduction in the location parameter, and hence the average driest month

of a year gets drier - as would be expected with the general drying over this region

induced by uniform SRM. There is also a slight increase to the shape parameter and a

negligble decrease to the scale parameter (Table 5.3). The histogram and fit (Figure

5.14) and quasi-return time plot (Figure 5.15) are below.

Figure 5.14: Extreme values plot for annual monthly precipitation minima.
The plot illustrates precipitation minima in the piCO2 and SRM cases, in the United
Kingdom grid cell, with the GEV fit shown. Shading illustrates the 95% confidence
interval for the GEV fit parameters.
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Figure 5.15: Quasi-return time plot for annual monthly precipitation min-
ima. The plot shows the survival function for the GEV fit of annual monthly precip-
itation minima in the piCO2 and SRM cases, in the United Kingdom grid cell. The
GEV fit is shown with solid lines. Shading illustrates the 95% confidence interval for
the GEV fit parameters.

Parameters piCO2 SRM

Location -1.243 -1.446

Shape 0.270 0.301

Scale 0.401 0.393

Table 5.3: Generalised extreme value distribution parameters for minimum
monthly precipitation.

5.3.3.2 Global maps of GEV parameters

For the dry month minima, residuals for the annual driest monthly precipitation

extreme events are fitted in the same way as described in subsection 5.3.2 - using

residuals for events rarer than 1 in 10 years, and normalising by the average extreme

value in this grid cell. Those cells with residuals that exceeded 0.1 are greyed-out in
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the parameter maps. No additional filters were applied.

We can see from the map of location parameter changes for the dry month minima

(Figure 5.16) that they broadly follow the mean drying pattern under SRM described

in Chapter 4 – the location parameter is shifted downwards, especially in overcooled

and dried tropics and at high latitudes owing to the thermodynamic component of the

precipitation response, where precipitation is predominantly energy-limited and not

moisture-limited and therefore sensitive to cooling. This results in marked decreases

in precipitation at high latitudes where this energetic availability is the limiting factor.

Figure 5.16: Map of location parameters for GEV fits to annual monthly
precipitation minima, fitted in each grid cell. The map illustrates the difference
between the SRM and piCO2 simulations. Grid cells marked in grey are “missing
data” where there was a poor fit to the generalised extreme value distribution, defined
by the fit residuals exceeding a certain threshold. The location parameter scale is
inverted as we fit to -x, so red regions indicated drying under SRM

Examining the scale parameters in Figure 5.17, we can see that there are generally

less coherent changes and smaller in magnitude changes to the precipitation distrbu-

tion’s scale parameter. However, it arguably generally decreases, especially across the

tropics – suggesting that there is less extreme variability in places where the shift to

mean precipitation is predominantly drying.

This is also observed in the contrast between China and India as described for

the location parameter. China’s precipitation extremes get more variable on a drier
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mean, while India’s are narrower but focused around a wetter mean. For the same

regions in the Congo basin where we see substantial drying, we also see a widening

of the extreme distribution. In general, then, changes to the scale parameter seem to

be anticorrelated with changes to the location parameter.

Figure 5.17: Map of scale parameters for GEV fits to annual monthly pre-
cipitation minima, fitted in each grid cell. The map illustrates the difference
between the SRM and piCO2 simulations. Grid cells marked in grey are “missing
data” where there was a poor fit to the generalised extreme value distribution, de-
fined by the fit residuals exceeding a certain threshold.

Examining changes to the shape parameter for the GEV distribution for annual

monthly minimum precipitation (Figure 5.18), we can see that again there are less

coherent changes which are generally smaller in magnitude, and are not clearly related

to the mean change to the precipitation distribution. However, there are generally

decreases in shape parameter across most land regions and over the tropical Mid-

Atlantic. This suggests fatter tails for the annual minimum in monthly precipitation

under SRM compared to piCO2 - so, with shifts to the mean and variability of the

distribution taken into account, tail (extreme dry month) events within these shifted

distributions will be comparitively more likely to occur.
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Figure 5.18: Map of shape parameters for GEV fits to annual monthly
precipitation minima, fitted in each grid cell. The map illustrates the difference
between the SRM and piCO2 simulations. Grid cells marked in grey are “missing
data” where there was a poor fit to the generalised extreme value distribution, defined
by the fit residuals exceeding a certain threshold.

5.4 Discussions and conclusions

5.4.1 Limitations

There are a number of limitations to the approach we have taken here. The limitations

of HadCM3 as a model, in particular for extreme events as characterised by the drizzle

problem, have been discussed in this Chapter and also in Chapter 3 and Chapter 4,

so I do not propose to reiterate those arguments here.

There are some further limitations of our analysis in this chapter. It would have

been preferable to conduct some statistical significance testing on the GEV parameter

fits in order to determine whether the differences in each of the parameters between

the preindustrial and SRM cases were statistically significant, particularly for the

shape and scale parameters where the changes were often small and hard to inter-

pret. This was attempted, and seemed to suggest that the changes were generally

statistically significant for the location parameter, but not for the scale and shape pa-

rameters, for a significant proportion of grid cells in each of the three cases. However,
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due to inconsistencies in the statistical significance tests, they have been omitted here.

To indicate the nature of these significance differences, Figure 5.19 shows histograms

produced by fitting the location and scale parameters for the 3-day T anomaly in a

particular grid cell. There is significant overlap between the histograms for the scale

parameter, indicating that these differences may not be statistically significant, while

the location parameter clearly undergoes a very significant shift under SRM compared

to the preindustrial case, which suggests that the changes to the location parameter

are much more likely to be statistically significant than those for the scale parameter.

To confirm that this holds true for most grid cells, however, would require additional

significance testing. Of course, it would also be better to analyse even more data for

each of the variables we considered, in order to have some more data for 1-in-100 year

events and similarly uncommon but still politically relevant extremes in different grid

cells.

Another limitation is in the metrics that we chose to analyse. It would be prefer-

able if HadCM3 had a greater range of model output so that we could choose more

recognisable extreme metrics - in particular, the driest month is not a particularly

satisfactory metric for whether or not a drought is occurring. In this we were limited

by the model output which we had the largest range of data for, which was daily

temperature and precipitation outputs. It is also regrettable that analysis focused on

the 3-day temperature maxima for June, July, and August. This might be said to ac-

curately capture summer heatwaves in the Northern hemisphere, but of course it does

not in the Southern hemisphere, where it instead analyses unusally warm periods in

winter. A more comprehensive analysis would focus on seasonal extremes in summer

and winter, and also examine extreme cold. Finally, maximum daily precipitation is

not a perfect proxy for flooding, particularly in light of the effects of SRM on the

hydrological cycle - it would have been preferable to use P - E, but again, we were

unable to obtain daily evaporation data from HadCM3.

An additional concern arises from the means we used to exclude the grid cells

where the GEV fit was not particularly effective. This was done in a relatively

common-sense way by examining the residuals in each fit and their relative values,

but this author was not able to find a formal goodness-of-fit metric which could be

applied to the extreme value distributions that would have allowed us to exclude the
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Figure 5.19: Histograms of location (top) and scale (bottom) parameters for
a single grid cell, as fitted for individual model runs. The green histogram
shows the value of the parameters under SRM, while the blue shows the
parameters under the preindustrial simulation.
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grid cells where no GEV fit was a particularly good distribution for the metrics that

we examined.

One point that is not made in the analysis above, but we should make here, is

that the analysis chose to focus on the differences between SRM and the preindustrial

case. In this, we were trying to determine whether these extreme metrics were any

worse under geoengineering that returned global mean temperatures to the preindus-

trial control, and whether geoengineering that superficially controlled global mean

temperatures might still result in a greater frequency of extreme weather events (or,

alternatively, if it might reduce them). However, it is worth noting that, compared

to the 4xCO2 that SRM aims to compensate for, SRM generally significantly reduced

the incidence of temperature extremes, even in regions that saw more extreme tem-

perature events under SRM than the preindustrial case. Figure 5.20 as an example

shows you the very significant differences between the 4xCO2 and SRM cases for ex-

treme temperatures in one grid cell, indicating the expected outcome that SRM can

also substantially reduce the incidence of extreme events relative to the unmitigated

case when it involves substantial reductions in decadal average temperature anoma-

lies. Based on our analysis of the distinction between SRM and preindustrial extreme

event distributions, we might expect the location parameter to shift in accordance

with the climatological shifts to temperature and precipitation under 4xCO2 relative

to the preindustrial case. However, it would have been instructive to analyse whether

the extreme events in 4xCO2 had fatter tails or a different skew to the distribution,

i.e. significant changes to the scale or shape parameter, which were then compensated

for by SRM.

A final concern with the analysis presented here is whether we were overfitting to

choose the extreme value distribution with three parameters, rather than just two.

Given the lack of easy interpretation for the shape and scale parameters, it may be the

case that there is some degeneracy in these parameters which fitting a two-parameter

extreme value distribution (e.g., with the shape parameter set to zero) would have

avoided. When deciding on which distribution to use, I considered that the shape and

scale parameters represented different changes to the extreme distribution, as set out

in the methods section. A difference to the scale parameter would indicate fatter (or

thinner) tails, i.e. that the extreme events were becoming more likely to be even more
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Figure 5.20: Quasi return time plots for extreme temperatures in the (0.0,
52.5) UK grid cell under the 4xCO2, SRM, and preindustrial cases.

extreme relative to the average extreme event, or else clustering around the average

extreme event. A difference to the shape parameter, on the other hand, would alter the

skewness of the distribution, and illustrate whether the extreme events were becoming

more “one-sided” or not - i.e., if there was evidence for a very long tail of extreme

events in one direction, or a truncation of certain extreme events, which would merit

further investigation. These both seemed like plausible changes to the extreme event

distribution when the analysis was first conducted, and so I attempted to test for

either explanation at the same time. Again, if time permitted statistical significance

testing, future work could include testing whether a two-parameter extreme value fit

was statistically significant across more grid cells than the three-parameter test used

here, and therefore which one was more appropriate to use for these extreme values.

5.4.2 Conclusions

In this chapter, we have undertaken extreme values analysis of three different proxies

for extreme weather events - three-day temperature maxima, as a proxy for heatwaves,

daily precipitation maxima, as a proxy for flooding, and monthly precipitation min-
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ima, as a proxy for droughts. The process of fitting extreme value distributions to

these parameters worked reasonably well across most grid cells, although some were

excluded due to poor fits, and in most of them, shifts to the extreme value distribution

were seen. The most obvious shifts were to the location parameter, which reflected

the pattern of residual warming and drying under SRM that imperfectly compensates

for the preindustrial - for example, regions with residual warming saw a corresponding

increase to the location paramete for 3-day temperature, with substantial increases

to this parameter over land at high latitudes, and in the Amazon and Congo regions,

while there were decreases in India and over tropical regions of the ocean, just as was

seen for the mean temperature changes under SRM in HadCM3. Similarly, regions

that were dried under SRM saw a significant decrease to the location parameter for

minimum precipitation. However, as with changes to the mean quantities, for most

grid cells and most considered parameters, these changes were substantially smaller

than those in unmitigated 4xCO2.

It was more difficult to interpret changes to the shape and scale parameters, which

would have allowed us to interpret whether the skewness or tails of the distribution,

relative to its shifted mean, were significantly altered by SRM. These changes formed

less spatially coherent and easy to interpret patterns compared to those of the loca-

tion parameter, which clearly reflected robust shifts to the mean quantities. However,

there were some results we could interpret - for example, looking at maximum precipi-

tation, the scale parameter tended to decrease, especially in drying regions, indicating

reduced variability in precipitation extremes in regions that were dried overall. For

temperature, the scale parameter generally decreases, indicating slightly reduced vari-

ability in the extreme temperatures, except in some regions like India where it is even

more substantially reduced where these regions also cooled. In this case, the shape

parameter often varied inversely, which could be seen to suggest that the most ex-

treme events were more common even as the overall variability decreased, or it could

potentially be a product of overfitting, as discussed in the discussion section. The

regionally coherent nuances in these changes are more apparent for the 3-day tem-

perature and daily precipitation variables; here, we had more data, so it may be that

the extreme-value fitting approach worked more effectively for these variables than

for the monthly minima.
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A null hypothesis to test in considering how SRM affects extremes in temperature

and precipitation would be to suggest that they can be characterised entirely by shifts

to the location parameter which represent the residual changes in the mean quantities

of temperature and precipitation, leaving the variability or skew of the distribution

unchanged. This would still be perceived as extreme weather, in the same way that

under unmitigated climate change, 1 in 50 year events (for example, in daily maximum

temperature) can become 1 in 10 year events, but it would imply variability in the

distribution of extremes that remained similar to preindustrial conditions. Looking

at individual grid cells, it was clear that there were highly statistically significant

shifts in the location parameters, while the data for the shape and scale parameters

often overlapped, suggesting the possibility that the changes might be statistically

insignificant in some areas. However, due to the limitations in statistical testing

discussed above, we cannot categorically accept or reject the null hypothesis that

shifts to the location parameter which follow residual temperature and precipitation

changes are a good model for how extremes will shift under SRM.

Overall, the data analysis suggests that while SRM can reduce some of the most ex-

treme temperature and precipitation events compared to unmitigated climate change,

it does not eliminate significant shifts in the extremes which reflect the residual

changes to the mean quantities.
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Chapter 6

Conclusions

The preceding work has analysed solar geoengineering. It has used a number of ide-

alised models, ranging in complexity from simple emissions-based impulse response

models to large ensembles of the modified HadCM3 General Circulation Model, to

investigate the effects of varying different parameters and scenarios for geoengineer-

ing. These have included the timing, duration, and emissions pathways (Chapter

2), plausible latitudinal distributions of aerosol optical depth (Chapters 3 and 4),

the magnitude of the temperature increase that is cancelled out with geoengineering

(Chapter 4), and the effect of geoengineering on climate and weather extremes with

use of a large number of model years from the HadCM3 ensembles (Chapter 5.)

These are far from exhaustive; additional work on the timing and potential hys-

teresis of late-in-the-day application of SRM (to cool down a world that has already

warmed) and on additional distributions (including further comparitive work between

the G4 multimodel ensemble) was conducted, but cannot be reproduced here owing

to space and time constraints on the behalf of the author. There is a vast potential

parameter space which could be explored with geoengineering; if this is to be seriously

considered, this would form an entire multidisciplinary field of study far beyond the

scope of any single project. However, it is crucial at all times not to put too much

faith in any model, let alone these idealised and simple models, in particular with few

natural analogues for what would be an unprecedented (intentional) intervention in

the climate system to give us confidence in the robustness of our results. John von

Neumann reputedly said that “with four parameters, I can fit an elephant, and with
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five, I can make him wiggle his trunk.” And there are many variables and responses

which even state-of-the-art climate models cannot predict and often disagree on ow-

ing to our continued uncertainties about the climate system and the inexactness of

our ability to model it. In summarising the work, then, I will look to reiterate what

was done and draw broad conclusions, but these caveats should be borne in mind.

Chapter 2 used the FAIR impulse-response simple climate model to investigate

scenarios for geoengineering for “peak-shaving”; a potential temporary deployment

of SRM to hold temperatures below a certain threshold, allowing time for decarbon-

isation and negative emissions to reduce the climate overshoot. Simple, approximate

analytical formulae for approximate emissions profiles were developed to illustrate

the factors which influence the duration SRM must be deployed for in different peak-

shaving scenarios. It is clear that shaving a significant peak (of 0.5K) will require a

commitment to geoengineering on the scale of around a century (70 years under highly

optimistic assumptions), as well as the deployment of large-scale carbon removal (on

the order of 10s of gigatonnes of CO2 annually) which is only likely to be possible

with direct air capture. These broad conclusions are confirmed, and the range of

possible peak-shaving scenarios explored, through modelling various scenarios in fair:

variants of the SSP5-34-OS scenario and scenarios from the IIASA database which in-

volve a temperature peak and decline with negative emissions. The trade-off between

the years of commitment to SRM and the peak in temperature avoided illustrates

that, SRM that shaves a significant temperature peak will need to be deployed on

centennial timescales.

Chapter 3 predominantly describes the methods and calibration of the HadCM3

model and the climateprediction.net computing project for the remaining chapters of

the thesis. It sets out the process by which we determined the uniform aerosol optical

depth that would cancel the global mean temperature increase from 4xCO2, which

was then used as a scaling factor for other patterns of aerosol optical depth in order

to maximise signal-to-noise ratio; we also re-derive the ECS for the system and the

length of time simulations must be spun up for temperature drift to cease in the SRM

scenarios.

The chapter then explored the use of the modified HadCM3 volcanic forcing im-

plementation which allows for the aerosol optical depth to vary in each of the latitude
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bands, to characterise the model’s response to latitudinally-varying forcing. Highly

asymmetric radiative forcing, and the subsequent shifts to the ITCZ, were demon-

strated in the model. We illustrated significant, substantial differences in the regional

climate response to the G4 scenarios - different latitudinal distributions of aerosol op-

tical depth which were derived from equatorial injections of sulfate aerosol in different

stratospheric models. This illustrates that the uncertainties as to how equatorial in-

jections of aerosol would be distributed across models would result in substantially

different regional climate responses. Finally, Chapter 3 shows results for zonally-

averaged temperature and precipitation across both highly inhomogenous ”stripe”

aerosol distributions and more realistic profiles based on injections at different lati-

tudes from the GLENS ensemble in CESM. In both cases, we show that the zonal

temperature response in HadCM3 averaged over a decade is reasonably well modelled

as linear - in other words, the sum of responses to imposed patterns of aerosol optical

depths is approximately the response to a superposition of those patterns with the

same linear coefficients, in the range investigated. This result allows for some of the

analysis in Chapters 4 and 5, as well as the derivation of “optimal” aerosol optical

depth patterns for reducing decadal zonal mean temperature anomalies. However, we

find that the precipitation response is not linear, due to significant shifts to the ITCZ

based on hemispheric forcing.

Chapter 4 contains the bulk of the analysis of the SRM runs in HadCM3. We

find that linearity is a substantially better approximation for smooth-edged aerosol

distributions, such as the GLENS “basis vectors” that are simulated, compared to the

highly inhomogenous “stripe” simulations. We analyse simulations of the aerosol op-

tical depth distribution calculated to minimise zonal temperature anomalies. While

this provides a more exact cancellation of the zonal annual temperature anomaly,

we find that it does so by overcooling the oceans and undercooling the land, and

that regional temperature anomalies persist, particularly over the Amazon, Congo,

and European Russia. These regional disparities in temperature cannot be cancelled

out through purely zonal AOD optimisation. Zonally optimising for temperature is

not the same as zonally optimising for precipitation, and we show that precipitation

anomalies over land are not substantially reduced by either uniform or temperature-

optimised SRM. Assuming linearity and attempting to optimise for precipitation also
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shows that, while zonal anomalies can be reduced compared to uniform SRM and

4xCO2, they persist. Overall, we find that while there is significant scope to reduce

zonal temperature anomalies and limited scope to reduce zonal precipitation anoma-

lies through constructing these “optimal distributions” in the model, this may not

lead to outcomes that society finds preferable as it often arises due to compensatory

errors (undercooling and overcooling) within latitude bands.

One of the major concerns raised around geoengineering is that different nations

or regions of the world may prefer different amounts or latitudinal distributions of

aerosol in order to more closely restore their preindustrial climates, which could in

turn lead to conflicts over how best to geoengineer between major powers. We inves-

tigated this in Chapter 4 in a number of ways. Assuming linearity, we can construct

different profiles of aerosol which optimise temperature in each individual Giorgi re-

gion. We find that, for all Giorgi regions, it is possible to reduce the preindustrial

temperature anomaly by some degree with an optimised distribution, but always at

the expense of higher temperature anomalies for the rest of the world. We note that

the preferred distributions between Giorgi regions to achieve these outcomes sub-

stantially differs between Giorgi regions. Although predicting how precipitation will

shift in response to inhomogenous geoengineering is not simple, in the case of uniform

aerosol optical depth, you can approximate the precipitation response by superimpos-

ing the “fast response” to 4xCO2+SRM with the “slow response” pattern as global

mean temperature is allowed to increase. This analysis shows that there are regions

of West Africa and the Amazon which are dried both by 4xCO2 and SRM, so any

strategy which hopes to compensate for the precipitation reductions under SRM by

allowing some warming to take place will not succeed. We also demonstrate that the

Giorgi regions disagree about the preferred level of uniform SRM which would most

closely return their precipitation to the preindustrial level.

Given that we had simulated a wide range of different latitudinal distributions in

the model, we were also in a position to analyse the extent to which it was possible

to “tailor” the response in individual latitude bands with inhomogenous forcing, or

whether the climate response was ultimately determined by several primary modes

of variation. We conducted an empirical orthogonal function (EOF) analysis on the

climate responses to 18 different distributions of aerosol. 98.7% of the temperature
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variance was explained by the first four EOFs. These EOFs generally had clear phys-

ical interpretations, with the first three corresponding to the arctic-amplified global

warming pattern, a hemispheric asymmetry in warming, and a pole-to-equator tem-

perature gradient. This suggests that the vast majority of decadal mean temperature

changes, regardless of the imposed forcing, would consist of some sum of these pat-

terns, and consequently that any tailoring that doesn’t depend on a superposition

of these patterns is likely to be ineffective. Similar analysis was conducted for pre-

cipitation changes; although the EOFs were more difficult to interpret physically in

this case, 95% of the variation was explained by the first four, which again suggests

that the ability to tailor local precipitation changes with latitudinally inhomgenous

forcing is probably limited.

Chapter 5 examined the effect that uniform SRM to cancel the global mean

temperature increase would have on climate and weather extremes. This was done

through choosing three proxy metrics for extreme weather events of interest - three-

day average daily temperature anomaly, as a proxy for heatwaves; daily precipitation,

as a proxy for intense rainfall events and flooding; and monthly precipitation minima

as a proxy for drought and dry spells. Generalised extreme value distributions were

then used to characterise the distribution of extreme events by three parameters,

allowing for comparison between the extreme event distribution under preindustrial

and SRM conditions. In general, the dominant changes to extreme values appeared

to be due to shifts to the location parameter in each case. In other words, there was

evidence that average extreme events in precipitation and temperature followed the

global patterns for average temperature and precipitation changes characterised in

Chapter 3 for SRM in the model; extreme temperature events were warmer in the

locations that had residual shifts to mean temperature, extreme dry events were drier

in regions that were dried on average, and so on, although it is worth noting that these

extremes would be ameliorated by SRM compared to unmitigated climate change in

the regions where shifts to mean quantities were also ameliorated. Due to limitations

in the analysis, discussed in the chapter, we were unable to conclusively determine

whether there were other changes to the variability of extreme weather events - for

example, fatter-tailed distributions.
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There are substantial areas of potentially interesting work that we were unable to

follow up on owing to time constraints. In particular, I would highlight some prelimi-

nary work that was done on simulations where SRM is imposed on an already-warmed

world. Many simulations, such as the GeoMIP simulations, examine scenarios where

SRM is imposed alongside increases in CO2, but if SRM were imposed tomorrow, it

would be on a world that had already experienced significant climate change. We saw

evidence in preliminary simulations for “hysteresis” effects, where it took a long time

for residual warming to be reduced to preindustrial levels, owing to the heat capacity

of the oceans. The oceans would be warmer relative to the land under this scenario

than under a preindustrial scenario, and this would likely have significant and under-

explored implications for weather and climate, including monsoons and other rainfall

patterns which are influenced by sea-surface temperatures and land-sea temperature

contrasts. It is also the case that warmer oceans would drive thermosteric sea level

rise and ice-sheet melt, and the ability of SRM applied late-in-the-day to reverse or

avert “tipping points” in the climate system, themselves often not that well under-

stood, deserves much more investigation. The same concern applies to scenarios -

increasingly common - where large-scale carbon dioxide removal results in a substan-

tial period of global mean cooling after a peak in temperatures sometime this century.

Much more needs to be done to understand the impacts of late-in-the-day SRM or

carbon dioxide removal on climate. Dynamical changes to the climate system as pat-

terns change, particularly in dramatic cases such as the “termination shock”, could

also have been examined in more depth using a significant number of model years,

to better understand the potential to trigger extreme events that might occur due to

a termination shock or rapid imposition of forcing: this will be extremely politically

relevant if geoengineering were ever to be deployed, as there may well need to be

robust science around the attribution of any unusual weather or climate events to

geoengineering in order to make any global framework politically viable.

In addition, most geoengineering simulations have used sulphate aerosols, which

absorb longwave radiation as well as reflecting shortwave radiation, resulting in a heat-

ing of the stratosphere. Our model did not have a significantly resolved stratosphere

and it did not simulate the effects of stratospheric dynamics and aerosol microphysics

on the highly idealised scenarios that we simulated, so for us, this only manifested
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as an extension of the calibration process described in Chapter 2. However, using

alternative aerosols that do not absorb longwave radiation would result in a differ-

ent radiative forcing profile and may allow for less aerosol optical depth to achieve

the same cooling, and this could also be further investigated. Finally, a weakness

of climateprediction.net is that while it can run a substantial number of models in

parallel, running models for a long time (in excess of 40 years or so) is difficult with

this system. Investigating the long-term consequences of any imposed patterns of

SRM was therefore outside the scope of what we could accomplish, but will also be

of interest.

It is clear that this has been a highly idealised investigation of an extremely

complex set of questions, attempting to use the imperfect tools at our disposal to come

to some broad conclusions about what the implications of geoengineering might be.

The potential parameter space for interventions is huge, but so are our uncertainties

about the climate consequences of intervention. In this context, humility is extremely

important: there is still so much that we do not know and cannot say with confidence

about the possible impacts of geoengineering. For many, the idea is, and remains,

dangerous and unthinkable.

Yet we have seen dangerous and unthinkable ideas migrate from the fringes into

the mainstream of climate politics regularly over the last few decades. At one point, it

was considered that talking about adaptation to climate change was a moral hazard,

because to imply that we could adapt to climate change might reduce the political

urgency of mitigation. Now, many countries have national adaptation strategies,

having recognised that some climate change is inevitable - indeed, much has already

happened, and we will be living with the consequences for many decades. The 2C

warming “target” of the Paris Agreement, discussed in Chapter 1, was once considered

a 2C “upper limit” for dangerous warming which must be avoided at all costs. It would

now be considered a huge success if we were able to limit warming to this level. Carbon

capture and storage, and negative emissions technologies more generally, have moved

from fringe suggestions to increasingly central to any scenarios that are compliant

with the Paris Agreement. Many of these scenarios, which require massive near-

terms emissions cuts and substantial commitment to negative emissions in order to

remain Paris-compliant, evidence the gap between scenarios produced by economic
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Integrated Assessment Models and what is likely to occur in reality. [129] It is not

so far-fetched to think that, if reducing emissions and scaling up negative emissions

continues to prove as politically and economically difficult as it has done over the last

few decades, or if some sectors prove especially difficult to decarbonise under current

economic and political paradigms, that solar radiation management will also move

from the fringe and towards the mainstream. Indeed, nearly a decade on from the

Paris Agreement, with global mitigation efforts increasingly derailed by geopolitical

instability, global economic crises, and other catastrophic risks such as pandemics,

there are signs that this has happened even over the course of writing this thesis.

The research in these chapters has illustrated and touched upon some of the

political problems that would arise from attempted deployment, including the re-

quirement for a centennial commitment to a programme of action with substantial

negative emissions, and the potential that different regions of the world would dis-

agree over how SRM should be deployed. One of the disadvantages of a future where

geoengineering is needed is that it would present the world with a difficult global

coordination problem in a geopolitical scenario where we have already failed at the

difficult global coordination problem of mitigating and adapting to climate change: a

gloomy prospect. There is near-universal agreement that the best solution to climate

change is rapid mitigation and a reduction of emissions to net zero as soon as possible,

a view also held by this author. Alternative paths are likely to be costlier and riskier.

In this context, it is often tempting for climate scientists to dismiss research into

geoengineering as, in itself, dangerous and misguided. This is a complex moral issue

that this author has struggled with throughout researching this topic. But ultimately,

a studied, idealistic ignorance of the possibility of SRM on behalf of the mainstream

scientific community leaves a gap that is more likely to be filled by panglossian char-

latans than scientifically informed debate. As I write this, global greenhouse gas

emissions have not yet even begun to decline. Decision-makers of the future will want

the best evidence that we can provide.
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Glossary

Aerosol microphysics involves the study of the physical properties of aerosols, such

as size, composition, and interactions, which influence their behavior and effects on

climate and air quality.

Afforestation involves planting trees on land that has not been forested for a long

time, increasing forest cover to absorb atmospheric CO2 and combat global warming.

Albedo is a measure of the reflectivity of a surface, with higher values indicating

greater reflection of incoming solar radiation, significantly affecting Earth’s energy

balance.

Atlantic Meridional Overturning Circulation (AMOC) is a system of ocean

currents that transports warm water from the tropics northward into the North At-

lantic, significantly influencing the climate of the surrounding continents.

Anthropogenic climate change refers to global climate change primarily caused

by human activities, notably the emission of greenhouse gases from burning fossil fu-

els, deforestation, and industrial processes.

AOD (Aerosol Optical Depth) measures the degree to which aerosols prevent

the transmission of sunlight through the atmosphere and is used to understand more

about air quality and climate changes.

Arctic amplification describes the phenomenon where the Arctic warms faster

than the global average, due to various factors including the loss of sea ice and

subsequent increase in heat absorption by darker ocean surfaces, as well as the fact

that colder regions require less radiative forcing to warm by a degree due to the

non-linear nature of the radiative dependence on temperature.
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Bio-energy with Carbon Capture and Storage (BECCS) refers to a climate

change mitigation strategy that combines biomass energy production with carbon

capture and storage to remove carbon dioxide from the atmosphere.

Brewer-Dobson circulation describes the large-scale movement of air in the

stratosphere, characterized by upward motion of air in the tropics, poleward and

downward motion in the higher latitudes, crucial for the distribution of ozone.

Climate change mitigation encompasses actions and strategies to reduce or

prevent the emission of greenhouse gases and to enhance sinks that absorb these

gases, thereby reducing the extent of global warming.

CMIP stands for Coupled Model Intercomparison Project, a standard experi-

mental framework for studying the output of coupled atmosphere-ocean general cir-

culation models (AOGCMs) to understand past, present, and future climate changes.

The Cryosphere encompasses all the areas on the Earth’s surface where water is

in solid form, including ice sheets, icebergs, glaciers, sea ice, snow cover, and frozen

ground.

Detrended or deseasonalised data have had influences of trends and seasonal

variations removed to analyze underlying patterns and anomalies in more detail.

Dipole refers to a pair of related anomalies with opposite characteristics, such as

temperature or pressure differences, occurring over different geographical areas.

Eigenvalues are coefficients in a characteristic equation that represent the magni-

tude of vectors in linear transformations, used in climate science to analyze variance

in data sets - for example, to express the relative size of the different EOFs in a

pattern of temperature or precipitation.

ENSO (El Nino-Southern Oscillation) is a periodic variation in winds and sea

surface temperatures over the tropical eastern Pacific Ocean, affecting climate and

weather patterns globally. The positive phase of this oscillation, often called El

Nino, is associated with a tongue of warm sea-surface temperatures in the Pacific and

globally warmer temperatures, while the negative phase is called La Nina and has the

opposite effect.
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Empirical Orthogonal Functions (EOFs) are statistical tools used in climate

science to analyze spatial patterns of variability in large datasets, like temperature

or precipitation fields. They determine orthogonal (i.e. independent degrees of free-

dom) patterns across the variability of different fields, such that the fields can be

constructed by linear combinations of these orthogonal basis functions. Orthogonal

basis functions are mathematical functions used in various computations, character-

ized by their mutual orthogonality within a specified domain, important in simplifying

complex systems into principal components.

Enhanced weathering is a geoengineering approach that involves spreading

finely crushed minerals, for example olivine, which react with carbon dioxide, on the

land surface to accelerate the natural process of carbon dioxide removal from the

atmosphere through weathering.

Equilibrium Climate Sensitivity (ECS) is a quantity which is the change in

the global mean surface temperature resulting from a doubling of the atmospheric

carbon dioxide concentration, measuring the long-term response once the climate

reaches equilibrium.

Generalised extreme value (GEV) distribution is used to model the largest

or smallest value among a large set of independent, identically distributed random

values representing extremes such as maximum one-day rainfalls.

Geoengineering refers to intentional, large-scale manipulation of Earth’s cli-

mate, generally aimed at mitigating the adverse effects of climate change. Common

strategies include solar radiation management, which reflects sunlight to cool the

Earth, and greenhouse gas removal (GGR) or carbon dioxide removal (CDR), which

would remove greenhouse gases from the atmosphere.

Hadley cell is a large-scale atmospheric circulation feature in which warm air

rises near the equator, flows poleward at high altitudes, cools and sinks at subtropical

latitudes, then returns equatorward near the surface, forming large “cells” of airflow

in the atmosphere.

Hydrological cycle describes the continuous movement of water on, above, and

below the surface of the Earth, involving processes such as evaporation, condensation,

precipitation, and runoff.
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Hysteresis in climate science refers to the delayed response or non-linear reactions

of climate systems to environmental changes, potentially leading to irreversible effects.

The Intertropical Convergence Zone (ITCZ) is a belt of low pressure wrap-

ping around the Earth near the equator where the trade winds of the Northern and

Southern Hemispheres come together, driving major weather patterns and tropical

rain belts.

IPCC stands for the Intergovernmental Panel on Climate Change, an interna-

tional body responsible for assessing the science related to climate change and pro-

viding a scientific basis for governments at all levels to develop climate-related policies.

Kurtosis is a statistical measure that describes the shape of a probability distri-

bution, particularly how sharp the peak is, indicating the presence of outliers in the

data.

Marine cloud brightening is a geoengineering technique that aims to increase

the albedo (reflectivity) of clouds by spraying fine sea water droplets into the atmo-

sphere to enhance cloud brightness and potentially mitigate global warming.

Null hypothesis in statistical testing represents a statement or hypothesis that

there is no significant effect or association between two measured phenomena, serving

as the default assumption until evidence indicates otherwise.

The Quasi-biennial oscillation or QBO is a regular variation of the winds

that occurs in the equatorial stratosphere, characterized by alternating easterlies and

westerlies typically every 28 months.

Radiative forcing is a measure of the influence a factor has in altering the bal-

ance of incoming and outgoing energy in the Earth’s atmosphere and is an important

mechanism in climate dynamics. It is expressed in watts per square metre (W/m2).

Positive radiative forcing leads to warming, while negative forcing results in cooling.

Anthropogenic radiative forcing over the Industrial Era was estimated at 2.72 watts

per square metre in 2019 by the IPCC’s Sixth Assessment Report.

RCP scenarios (Representative Concentration Pathways) are four greenhouse

gas concentration trajectories adopted by the IPCC for its climate modeling and

research, representing different climate futures based on varying levels of greenhouse

225



gas emissions. RCP8.5 is the highest emissions scenario and has sometimes been used

as a “baseline” representing a scenario where no climate action was taken.

Realised Warming Fraction (RWF) quantifies the proportion of committed

warming that has already been realized at a given time, considering the delay between

emission of greenhouse gases and the resultant climate response. It can be defined as

the ratio of the TCR to the ECS (see elsewhere in this glossary.)

The Stratosphere is the second layer of Earth’s atmosphere, just above the

troposphere and below the mesosphere, known for its ozone layer which absorbs and

scatters incoming solar radiation. It extends up to about 45-50km above the Earth’s

surface.

Stratospheric dynamics refer to the study of movements and processes within

the stratosphere, focusing on phenomena like temperature distributions, wind pat-

terns, and interactions with the troposphere.

SRM refers to solar radiation management, which encompasses a range of tech-

niques to reflect solar radiation back into space in order to cool the climate. SAI is

short for stratospheric aerosol injection, the most studied of these techniques, which

involves putting reflective aerosols - typically sulphate aerosols - into the stratosphere

to reflect sunlight.

Teleconnection in climate science refers to climate anomalies being related to

each other at large distances (typically thousands of kilometers) due to atmospheric

wave patterns.

Transient Climate Response (TCR) is the increase in the global mean surface

temperature, at the time when carbon dioxide concentrations have doubled, under a

scenario of gradually increasing emissions.

Transient Climate Response to Cumulative Emissions (TCRE) quantifies

the global average surface temperature increase resulting from a cumulative specified

amount of carbon dioxide emissions, typically a thousand gigatonnes of carbon diox-

ide, measuring the responsiveness of the climate system to ongoing carbon emissions.

The Troposphere is the lowest layer of Earth’s atmosphere, where nearly all

weather conditions take place. It begins at the Earth’s surface, but the height of the
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troposphere varies. It is 18-20 km high at the equator, 9 km at 50°N and 50°S, and

just under 6 km high at the poles.
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since 1750 and the y-axis for Radiative Forcing is the net radiative

forcing for anthropogenic greenhouse gases plus SRM in Watts per

square metre, while the y-axis for CO2 is the concentration in parts

per million in the atmosphere. . . . . . . . . . . . . . . . . . . . . . . 53

2.10 Climate sensitivities (top to bottom: ECS, TCR) for the

CMIP6 ensemble. The ECS range is between 2.2-5.7K and the

TCR range between 1.6K and 3.6K. The IPCC AR5 “likely” ranges

are illustrated for AR5 with dashed lines in both cases. Results earlier

in the chapter sampled the (relatively low) standard FaIR sensitivites

(1.53K, 2.86K), as well as high-end climate sensitivites (2.7K, 5.4K). . 56

2.11 Realised warming fractions (RWFs) for the CMIP6 ensemble.

Note the FaIR default of 0.53. The CMIP6 range (0.34-0.72) is wider

than the CMIP5 (0.45-0.75) and has a slightly lower average (0.52

vs 0.55). Note that the results earlier in the chapter sampled the

standard FaIR sensitivites (1.53K, 2.86K), as well as high-end climate

sensitivites (2.7K, 5.4K), but with an RWF close to the multimodel

average in both cases (0.53 and 0.5 respectively.) . . . . . . . . . . . . 57
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2.12 Ratio of TCRE during positive and negative emissions periods

for various Realised Warming Fractions (TCR/ECS ratios).

This was calculated by simulating simple emissions trajectory where

emissions linearly decrease to zero and then become negative at the

same rate, until cumulative emissions are zero. Differences both in the

total anthropogenic CO2 excursion and the RWF give rise to different

levels of hysteresis. The approximation that the TCRE is constant

for removals and additions of CO2 - which is relied on for the simple

algebraic models, but not the FaIR analysis - breaks down for RWF

far from the FaIR default of 0.53, or for large anthropogenic CO2

excursions. Lower RWF or greater CO2 excursions would result in a

greater implied duration of geoengineering to maintain temperatures

below a given threshold. . . . . . . . . . . . . . . . . . . . . . . . . . 58

2.13 Trade-off between years of committment to solar radiation

management and the peak in temperature avoided by a range

of idealised overshoot and negative emissions scenarios, under

the FaIR default TCR of 1.53K, but with . . . . . . . . . . . . 60

2.14 Trade-off between years of committment to solar radiation

management and the peak in temperature avoided by a range

of idealised overshoot and negative emissions scenarios, under

the FaIR default ECS and TCR of 2.86K and 1.53K respec-

tively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.1 L: Determining the AOD for net zero radiative forcing under

4xCO2; R: global mean shortwave and longwave components

of radiative forcing under different aerosol optical depths. L:

Calibration of the model’s response to CO2 and SRM R: Breakdown

of longwave and shortwave forcing components and their dependence

on AOD in 4xCO2 + SRM simulations. . . . . . . . . . . . . . . . . . 71

3.2 Net radiative forcing plotted against temperature anomaly in

the abrupt4xCO2 scenario - so-called Gregory plot determining the
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3.3 Annual, zonal averages of AOD from the multimodel compar-

ison of simulated aerosol distributions which result from the

G4 equatorial injections. . . . . . . . . . . . . . . . . . . . . . . . 77

3.4 AOD-time plots for the annual cycle from the multimodel

comparison of G4 equatorial injections. Clockwise from top left:
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3.9 Giorgi Regions (after Giorgi and Bi 2005, common regional subdivi-

sions for climate modelling.) . . . . . . . . . . . . . . . . . . . . . . . 85

3.10 Giorgi regional analysis of precipitation shifts under SRM.

Plotted are percentage changes to the preindustrial precipitation in

the annual mean for 4xCO2 (blue) and SRM (red) cases for each of

the Giorgi region. Error bars show a standard deviation in the annual

precipitation under the 4xCO2/SRM scenario; the baseline for calcu-

lating percentages is the average across all preindustrial model years.
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3.11 Giorgi regional analysis of P - E (top) and soil moisture shifts

under SRM. As in the previous figure, but plotting P-E and soil
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3.12 Latitude-time plot for the annual cycle of longwave and short-
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3.13 Latitude-time plot for the annual cycle of net radiative forcing
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3.14 Zonal annual mean net radiative forcing under uniform SRM
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3.15 Above: Latitude-time plot of precipitation for the annual cy-

cle of SH SRM - NH SRM, illustrating shifts in the Intertropical

Convergence Zone (ITCZ) under hemispheric forcing; Below: Annual

global mean temperature anomalies compared across simula-

tions, including the uniform, NH, SH, and Pinatubo-like (G4) forcing

patterns. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

3.16 Annual zonal mean temperature, precipitation, and outgoing

shortwave and longwave flux changes under NH and SH SRM

relative to 4xCO2 baseline. The dotted line shows the average of

the NHSRM and SHSRM simulations, and thus provides a test of the

linearity of the response to inhomogenous forcings. The solid black line

shows the actual result of uniform SRM. . . . . . . . . . . . . . . . . 96

3.17 Changes in annual zonal mean radiative forcing in NH and SH

SRM with respect to the preindustrial simulation. Top: net

(longwave+shortwave radiative forcing); bottom left, longwave forc-

ing due to clouds (clear-sky forcing minus net forcing); bottom right,

shortwave forcing due to clouds. The dotted line shows the average

of NH and SH SRM. The solid black line shows the actual result of

uniform SRM. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

3.18 Giorgi regional analysis of precipitation shifts under hemi-

spherically asymmetric SRM. Plotted are percentage changes to

the preindustrial precipitation in the annual mean for each region. Er-

ror bars show a standard deviation in the annual precipitation under

the SRM or CO2 scenario; the baseline for calculating percentages is

the average across all preindustrial model years. . . . . . . . . . . . . 99

3.19 Giorgi regional comparison of temperature anomalies shifts

under different distributions from G4. ULAQ simulations were

not included in this plot due to data availability. Annual average 1.5m

surface temperature anomalies over the grid cells in the Giorgi region

is plotted, with colours indicating different distributions, as indicated

in the key. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
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3.20 Giorgi regional comparison of precipitation shifts under dif-

ferent distributions from G4. Ordered from left to right by kurtosis

of the distribution. Annual average precipitation over the grid cells in

the Giorgi region is plotted, with colours indicating different distribu-

tions, as indicated in the key. Error bars indicate a 67% confidence

interval across the standard deviation from the ensemble simulation. . 103

3.21 Linearity testing in longwave and shortwave forcing. Decadal,

zonal averages of the variables are plotted. The black line indicates

the uniform SRM; the dashed line is the sum of the response to each of

the stripe simulations (due to the scaling, the sum of the stripe distri-

butions is the uniform distribution.) In the linear case, the lines would

map onto each other. Shading indicates a 67% confidence interval,

based on the ensemble variability. . . . . . . . . . . . . . . . . . . . 105

3.22 Linearity testing in net radiative forcing and temperature

Decadal, zonal averages of the variables are plotted. The black line

indicates the uniform SRM; the dashed line is the sum of the response

to each of the stripe simulations (due to the scaling, the sum of the

stripe distributions is the uniform distribution.) In the linear case, the

lines would map onto each other. Shading indicates a 67% confidence

interval, based on the ensemble variability. . . . . . . . . . . . . . . . 106

3.23 Linearity testing in precipitation, absolute changes relative

to 4xCO2. Decadal, zonal averages of the variables are plotted. The

black line indicates the uniform SRM; the dashed line is the sum of the

response to each of the stripe simulations (due to the scaling, the sum

of the stripe distributions is the uniform distribution.) Multicoloured

lines indicate each of the latitude bands, in the legend from North to

South. In the linear case, the lines would map onto each other. Shading

indicates a 67% confidence interval, based on the ensemble variability. 107
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3.24 Linearity testing in precipitation, percentage changes relative

to 4xCO2. Decadal, zonal averages of the variables are plotted. The

black line indicates the uniform SRM; the dashed line is the sum of

the response to each of the stripe simulations (due to the scaling, the

sum of the stripe distributions is the uniform distribution.) . . . . . . 108

4.1 The decadal average temperature anomaly, relative to prein-

dustrial, in degrees Centigrade, under uniform SRM designed

to cancel out global mean temperature increases. . . . . . . . 117

4.2 The decadal average precipitation anomaly, in mm/day, under

uniform SRM. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

4.3 Latitude-time plots for the injection basis functions of aerosol

in GLENS. Reading order: 15N, 15S, 30N, 30S, 50N, 50S. This illus-

trates the spatio-temporal distributions of aerosol that we impose as

our “basis functions” for optimisation. . . . . . . . . . . . . . . . . . 121

4.4 Optimal AOD distribution for minimising zonal temperature

anomalies (T Opt or GLAT distribution). Top: Annual average;

bottom: seasonal breakdown. The aerosol optical depth distribution

that is predicted to minimise zonal, decadal temperature anomalies,

assuming linearity and additivity in zonal temperature anomalies. The

distribution is plotted against the sine of latitude, with the latitudes

labelled. The relative scaling factors for each basis component in this

distribution are displayed in the legend, with the contributions from

each AOD pattern illustrated with dashed lines. . . . . . . . . . . . . 124
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4.5 Temperature response to optimal distribution and test of lin-

earity. Decadal, zonal, ensemble averages for 1.5m temperature anoma-

lies, relative to the 4xCO2 baseline. The blue line denotes the difference

between the preindustrial and the 4xCO2 case, which we target. The

dashed black line is the predicted effect of the linear optimisation, as-

suming temperature anomalies are linear and additive; the individual

anomalies are also plotted and the legend includes the relative compo-

nents of each injection site. The orange line is the result of an ensemble

average over simulations of the optimised distribution, while shading

denotes a 67% confidence interval across the ensemble. Temperatures

are plotted against the sine of latitude, with latitudes labelled. . . . . 127

4.6 Seasonal temperature responses to the zonal temperature op-

timisation distribution. Dashed lines show the prediction from the

linearity assumption; solid lines show the temperature response; black

lines show the ‘target’ 4xCO2 anomalies we aim to cancel. Top to

bottom: DJF, MAM, JJA, SON. . . . . . . . . . . . . . . . . . . . . 129

4.7 Seasonal temperature responses to the zonal temperature op-

timisation distribution. Dashed lines show the prediction from the

linearity assumption; solid lines show the temperature response; black

lines show the ‘target’ 4xCO2 anomalies we aim to cancel. . . . . . . 130

4.8 Temperature response to uniform and optimised SRM and

4xCO2. Decadal, zonal, ensemble averages for 1.5m temperature

anomalies, relative to a preindustrial baseline. The blue line denotes

the 4xCO2 case; the orange indicates the anomalies under the uni-

form SRM case, with the characteristic undercooling of the poles and

slight overcooling in tropical regions. The green line plots the linearly-

optimised distribution intended to minimise zonal average temperature

anomalies. Shading denotes a 67% confidence interval across the en-

semble. Temperatures are plotted against the sine of latitude, with

latitudes labelled. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
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4.9 Top: Residual temperature anomaly under the zonal temper-

ature optimisation scenario. Bottom: Residual temperature

anomalies under the distribution that minimises RMS tem-

perature anomalies. The maps illustrate decadal average tempera-

ture anomalies relative to the preindustrial. . . . . . . . . . . . . . . 133

4.10 Zonal, decadal precipitation anomalies relative to the prein-

dustrial case in the 4xCO2, zonal temperature optimisation,

and uniform SRM cases are plotted. Shading indicates a 67%

confidence interval across the ensemble. . . . . . . . . . . . . . . . . . 135

4.11 Precipitation anomalies over land under zonal optimisation

for temperature (GLAT), uniform SRM, and 4xCO2. . . . . . 136

4.12 Comparitive optimal AOD distributions for minimising pre-

cipitation, land-only RMS temperature, and zonal tempera-

ture anomalies. In red, the zonal temperature optimisation distribu-

tion aims to minimise zonal and land RMSE temperature anomalies; in

green, the area temperature optimisation distribution minimises RMSE

temperature anomalies over land only, while the blue line shows the

linear-optimiser’s attempt to minimise the zonal average precipitation

anomaly. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

4.13 Precipitation response and test of linearity in the zonal pre-

cipitation optimisation scenario (PR OPT). The dashed line il-

lustrates the predicted decadal, zonal precipitation anomalies relative

to the preindustrial ensemble average under this optimisation; the solid

black line shows the multi-run ensemble average simulation; the blue

line shows the “target” anomaly - i.e. the 4xCO2 anomaly we are

aiming to cancel out. The green line, for comparison, illustrates the

precipitation anomalies under uniform SRM which cancels out global

mean temperature. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

4.14 Top: The decadal precipitation anomaly under 4xCO2. Bot-

tom: The decadal precipitation anomaly under uniform SRM.
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4.15 The decadal precipitation anomaly under SRM linearly opti-

mised to minimise the zonal precipitation anomaly. . . . . . 143

4.16 Latitude plots for the spectrum of AOD distributions in the

ensemble tested in HadCM3. Ordered from top to bottom: the

GLENS basis functions, uniform, the thick stripes, the alpha and beta

distributions, the ULAQ, MIROC and G4 distributions. . . . . . . . . 145
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4.20 Illustrations of the eigenvalue spectrum. First (in blue) across

the range of EOFs for aerosol optical depths, and then (orange) across

the range of EOFs for the precipitation patterns that are responsive

to those AOD EOFs. GASabump is shorthand for the ensemble of

convenience described above. . . . . . . . . . . . . . . . . . . . . . . . 150

4.21 The first and second EOFs for decadal precipitation. Across

a range of different injection patterns, we can calculate the empirical

orthogonal functions (EOFs) for the decadal precipitation anomaly. . 151

4.22 The third and fourth EOFs for decadal precipitation. Across

a range of different injection patterns, we can calculate the empirical
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perature under 4xCO2. . . . . . . . . . . . . . . . . . . . . . . . . 154

4.24 The gradient of precipitation changes when precipitation is

regressed on global mean T. This aims to illustrate the ”slow
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4.27 The Giorgi regions. (Our regions merge SAF, SQF and EQF into

SAF, NEU and NEE into NEU, and CSA + SSA into SSA.) . . . . . 161

4.28 Scatter plot of residual temperature anomalies in the Giorgi

region optimisation scenarios. Each point indicates a different

optimisation for a different Giorgi region. . . . . . . . . . . . . . . . 163

4.29 Optimising relative precipitation anomalies for Giorgi regions

by changing uniform AOD. As the previous figure, but with all pre-

cipitation RMSE anomalies measured as a percentage of the preindus-

trial precipitation in the given Giorgi region (indicating how relatively

important the effects of tailoring the uniform AOD of geoengineering

and 4xCO2 are to minimising the precipitation anomaly.) . . . . . . 165

4.30 The effect of changing the uniform aerosol optical depth pa-

rameter on the RMS precipitation error in given Giorgi re-
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4.31 Correlation coefficient for precipitation regressed on global

mean aerosol optical depth, for a range of simulations with
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4.32 Non-linearity in trying to use the linear, additive model to

predict the temperature anomalies in the linear-optimisation

for temperature (GLAT) simulation. The non-linearity is listed

as a percentage of the residual anomaly in the GLAT simulation. For

most regions, the error is below 10% of the residual anomaly. . . . . . 176

4.33 The absolute error in using the linear approximation to pre-

dict the results of the linear-optimisation for temperature

(GLAT) simulation. . . . . . . . . . . . . . . . . . . . . . . . . . . 177
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4.34 Preferred coefficients for each of the Giorgi regions. Assum-

ing linearity, we attempt to use the GLENS basis linear optimiser to

minimise the RMS anomaly for temperature on land in different Giorgi

regions. Top (15N), bottom (30N). The different stars indicate (blue)

weighting each land point in the preferred Giorgi region twice as much

as those outside and (red) weighting the Giorgi region as much as the

rest of the world. The height represents the relative magnitudes of the

coefficients for each coordinate of injection; and each column repre-

sents prioritising a different Giorgi region. Horizontal lines denote the

coefficient that minimise the global RMS temperature anomaly over

land. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179

4.35 Preferred coefficients for each of the Giorgi regions. Assum-

ing linearity, we attempt to use the GLENS basis linear optimiser to

minimise the RMS anomaly for temperature on land in different Giorgi

regions. Top (50N), bottom (15S). The different stars indicate (blue)

weighting each land point in the preferred Giorgi region twice as much

as those outside and (red) weighting the Giorgi region as much as the

rest of the world. The height represents the relative magnitudes of the

coefficients for each coordinate of injection; and each column repre-

sents prioritising a different Giorgi region. Horizontal lines denote the

coefficient that minimise the global RMS temperature anomaly over

land. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
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4.36 Preferred coefficients for each of the Giorgi regions. Assum-

ing linearity, we attempt to use the GLENS basis linear optimiser to

minimise the RMS anomaly for temperature on land in different Giorgi

regions. Top (30S), bottom (50S). The different stars indicate (blue)

weighting each land point in the preferred Giorgi region twice as much

as those outside and (red) weighting the Giorgi region as much as the

rest of the world. The height represents the relative magnitudes of the

coefficients for each coordinate of injection; and each column repre-

sents prioritising a different Giorgi region. Horizontal lines denote the

coefficient that minimise the global RMS temperature anomaly over

land. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

5.1 Illustrative extreme values analysis and return times plots,

illustrating the effects of varying the location parameter. Bot-

tom: Extreme values analysis histogram plot, based on annual maxi-

mum daily precipitation under SRM, showing the full probability dis-

tribution function for the GEV distribution. Top: Quasi-return time

plot, based on annual maximum daily precipitation under SRM, show-

ing the cumulative distribution survival function for the GEV fit. Both

plots illustrate the effects of varying the generalised extreme value dis-

tribution’s location parameter - translating the distribution along the

axis of the extreme variable. . . . . . . . . . . . . . . . . . . . . . . . 184

5.2 Illustrative extreme values analysis and return times plots,

illustrating the effects of varying the scale parameter.Top:

Quasi-return time plot, based on annual maximum daily precipitation

under SRM, showing the cumulative distribution survival function for

the GEV fit and the effects of varying the scale parameter. Bottom:

Extreme values analysis histogram plot, based on annual maximum

daily precipitation under SRM, showing the full probability distribu-

tion function for the GEV distribution and the effects of varying the

scale parameter. The scale parameter represents the typical width of

the extreme value distribution - smaller scale parameters give a prob-

ability distribution more tightly concentrated around the median. . . 188
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5.3 Illustrative extreme values analysis and return times plots,

illustrating the effects of varying the shape parameter. Top:

Quasi-return time plot, based on the curve for annual maximum daily

precipitation under SRM, showing the cumulative distribution survival

function for the GEV fit and the effects of varying the shape parame-

ter. Bottom: Extreme values analysis histogram plot, based on annual

maximum daily precipitation under SRM, showing the full probability

distribution function for the GEV distribution and the effects of vary-

ing the shape parameter. The shape parameter determines the shape of

the extreme distribution’s tail; smaller shape parameters mean a fatter-

tailed probability distribution, while larger shape parameters indicate

a more truncated tail - in the limit of a shape parameter much larger

than 1, the tail of the distribution shifts to the other side. . . . . . . 189

5.4 Extreme values analysis histogram plot for 3-day summer

temperature maxima in the UK.. The data shown is for the 52.5N,

0E grid cell, in the piCO2 and SRM cases. The GEV fit is illustrated

with solid lines, with the 95% fit parameter confidence interval shown

with shading. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

5.5 Quasi-return time plot showing the survival function for an-

nual three-day summer temperature maxima. The data shown

is the three-day summer temperature maxima for the 52.5N, 0E grid

cell, in the piCO2 and SRM cases. The GEV fit is illustrated with

solid lines, with the 95% fit parameter confidence interval shown with

shading. The mean offset between the average extreme value under

piCO2 and SRM is plotted on the figure. . . . . . . . . . . . . . . . . 194

5.6 Map of location parameters for GEV fits to 3-day summer

temperature anomaly annual maxima, fitted in each grid cell.

The map illustrates the difference between the SRM and piCO2 simu-

lations. Grid cells marked in grey are “missing data” where there was

a poor fit to the generalised extreme value distribution, defined by the

fit residuals exceeding a certain threshold. . . . . . . . . . . . . . . . 195
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5.7 Map of shape parameters for GEV fits to 3-day summer tem-

perature anomaly annual maxima, fitted in each grid cell.

The map illustrates the difference between the SRM and piCO2 simu-

lations. Grid cells marked in grey are “missing data” where there was

a poor fit to the generalised extreme value distribution, defined by the

fit residuals exceeding a certain threshold. . . . . . . . . . . . . . . . 196

5.8 Map of scale parameters for GEV fits to 3-day summer tem-

perature anomaly annual maxima, fitted in each grid cell.

The map illustrates the difference between the SRM and piCO2 simu-

lations. Grid cells marked in grey are “missing data” where there was

a poor fit to the generalised extreme value distribution, defined by the

fit residuals exceeding a certain threshold. . . . . . . . . . . . . . . . 197

5.9 Extreme values analysis plot for annual daily precipitation

maxima in the United Kingdom grid cell. The figure shows the

full probability distribution function for the GEV distribution as well

as the different distributions under preindustrial and SRM scenarios.

Shading illustrates the 95% confidence interval for the GEV fit param-

eters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199

5.10 Quasi-return time plot for annual daily precipitation maxima

in the United Kingdom grid cell. The figure shows the data and

GEV survival function for the GEV distributions under preindustrial

and SRM scenarios. Shading illustrates the 95% confidence interval for

the GEV fit parameters. . . . . . . . . . . . . . . . . . . . . . . . . . 200

5.11 Map of location parameters for GEV fits to annual daily pre-

cipitation maxima, fitted in each grid cell. The map illustrates

the difference between the SRM and piCO2 simulations. Grid cells

marked in grey are “missing data” where there was a poor fit to the

generalised extreme value distribution, defined by the fit residuals ex-

ceeding a certain threshold. . . . . . . . . . . . . . . . . . . . . . . . 201
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5.12 Map of scale parameters for GEV fits to annual daily precip-

itation maxima, fitted in each grid cell. The map illustrates the

difference between the SRM and piCO2 simulations. Grid cells marked

in grey are “missing data” where there was a poor fit to the generalised

extreme value distribution, defined by the fit residuals exceeding a cer-

tain threshold. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201

5.13 Map of shape parameters for GEV fits to annual daily pre-

cipitation maxima, fitted in each grid cell. The map illustrates

the difference between the SRM and piCO2 simulations. Grid cells

marked in grey are “missing data” where there was a poor fit to the

generalised extreme value distribution, defined by the fit residuals ex-

ceeding a certain threshold. . . . . . . . . . . . . . . . . . . . . . . . 202

5.14 Extreme values plot for annual monthly precipitation minima.

The plot illustrates precipitation minima in the piCO2 and SRM cases,

in the United Kingdom grid cell, with the GEV fit shown. Shading

illustrates the 95% confidence interval for the GEV fit parameters. . . 203

5.15 Quasi-return time plot for annual monthly precipitation min-

ima. The plot shows the survival function for the GEV fit of annual

monthly precipitation minima in the piCO2 and SRM cases, in the

United Kingdom grid cell. The GEV fit is shown with solid lines.

Shading illustrates the 95% confidence interval for the GEV fit param-

eters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 204

5.16 Map of location parameters for GEV fits to annual monthly

precipitation minima, fitted in each grid cell. The map illus-

trates the difference between the SRM and piCO2 simulations. Grid

cells marked in grey are “missing data” where there was a poor fit to

the generalised extreme value distribution, defined by the fit residuals

exceeding a certain threshold. The location parameter scale is inverted

as we fit to -x, so red regions indicated drying under SRM . . . . . . 205

244



5.17 Map of scale parameters for GEV fits to annual monthly pre-

cipitation minima, fitted in each grid cell. The map illustrates

the difference between the SRM and piCO2 simulations. Grid cells

marked in grey are “missing data” where there was a poor fit to the

generalised extreme value distribution, defined by the fit residuals ex-

ceeding a certain threshold. . . . . . . . . . . . . . . . . . . . . . . . 206

5.18 Map of shape parameters for GEV fits to annual monthly

precipitation minima, fitted in each grid cell. The map illus-

trates the difference between the SRM and piCO2 simulations. Grid

cells marked in grey are “missing data” where there was a poor fit to

the generalised extreme value distribution, defined by the fit residuals

exceeding a certain threshold. . . . . . . . . . . . . . . . . . . . . . . 207

5.19 Histograms of location (top) and scale (bottom) parameters

for a single grid cell, as fitted for individual model runs. The

green histogram shows the value of the parameters under

SRM, while the blue shows the parameters under the prein-

dustrial simulation. . . . . . . . . . . . . . . . . . . . . . . . . . . 209

5.20 Quasi return time plots for extreme temperatures in the (0.0,

52.5) UK grid cell under the 4xCO2, SRM, and preindustrial

cases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 211
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