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may not be possible. Regional diversity in the response to different levels of SRM

could complicate what is already a very challenging problem of global governance,

and could make consensus about the “optimal” level of geo-engineering difficult, if

not impossible, to achieve.

The second experimentmodeled SRMusing a perturbed physics ensemblewith a

wide range of temperature responses and climate sensitivities, all of which are con-

sistent with observed recent warming. The analysis shows that the efficacy and dis-

tributionof effects of SRMvarieswith the temperature response of themodel. Models

that produce more global warming are also generally more sensitive to SRM, so the

amount of modification of the Earth’s energy balance needed to meet any given cli-

mate stabilization criteria appear to be relatively insensitive to climate sensitivity.

While in the more sensitive models, SRM is generally less successful in returning

regional climates to their unperturbed states the longer it is used to compensate for

rising greenhouse gases, it is also where SRM is most effective relative to a no SRM

alternative.

SRM does not prevent further acidification of the oceans and this fact, coupled

with the fact that SRM can only slow, never halt, changes to regional climate states,

makes SRMuntenable as a long-term solution to the problems caused by rising GHGs

in the atmosphere. Much more research on SRM is needed before any conclusions

on whether or not to deploy it are reached, but this work suggests that regional in-

equities in climate response are probably not the main impediment to its effective

implementation. While SRMcannever perfectly correct for regional climate change,

these experiments suggest that it generally reduces (rather thanexacerbates) changes

to regional temperature and precipitation and greatly reduces the rate of tempera-

ture change. Considering the slowprogress society hasmade towards reducing emis-

sions, however, it is important to consider the potential benefits SRM technologies

may confer in reducing impacts to buy time for both mitigation and adaptation.
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Ǖ.ǚ. OVERVIEWOF THIS THESIS ǕǛ

tors’ preferences and strategic approaches toward climate policies. Despite the fact that

there are some potentially grave impacts associated with SRM schemes, such activities

are inexpensive enough that a number of nations could pursue such activities unilater-

ally. There is currently no international governance structure under which these activi-

ties can be restricted or monitored. Chapter Ǚ explores some of these issues in depth.

Ǖ.ǚ Overview of this Thesis

The remainder of this document is structured as follows:

• Chapter ǖ covers the experimental set-up for the two sets of simulations of strato-

spheric SRM deployment executed using climateprediction.net;

• Chapter Ǘ presents the results of the first experiment on regional response to differ-

ent levels of SRM;

• Chapter ǘpresents the results of the secondexperimentonSRMefficacyundermodel

uncertainty;

• Chapter Ǚ analyzes about how SRM changes the international relations of climate

change and governance issues related to SRM research and deployment; and

• Chapter ǚ presents some final thoughts and suggestions for future research.



Chapter ǖ

Methods

A multitude of models exist for examining the global climate today and into the future.

Choosing a climate model for a given research initiative involves trade-offs between the

strengths and limitations of these different types of models. The tradeoff when selecting

a model is between complexity and computing time. The more complex a model is—for

example, the higher its spatial resolution or the more processes occurring in each cell in

each time step—themore computing power a single simulation requires. Lower complex-

ity models allow the examination of longer time periods and/or larger parameter spaces

for the same amount of computing power. Among themost complex climatemodels used

for evaluating problems related to global warming issues today are coupled atmosphere-

ocean general circulation models (AOGCMs). These models include dynamic ocean and

atmosphere systems that interact with each other at regular time intervals.

ǖ.Ǖ HadCMǗ

The Hadley Centre Coupled Model, version Ǘ (HadCMǗ) is a coupled atmosphere-ocean

general circulation model (AOGCM) that was developed by the UK MetOffice. It was one

Ǖǝ















ǖǚ CHAPTER ǖ. METHODS

Table ǖ.Ǖ: Regional Data

No. Region Long Name Economic Output Population
(billions US$) (millions)

Ǖ ala Alaska, NW Canada ǘǔ ǔ.Ǚǜ
ǖ cgi E Canada etc. ǖǖ ǔ.ǝǔ
Ǘ wna Western N America ǖǙǝǖ Ǜǘ.ǚǛ
ǘ cna Central N America ǖǚǙǝ ǜǖ.ǛǙ
Ǚ ena Eastern N America ǙǕǘǝ Ǖǘǜ.Ǘǚ
ǚ cam Central America ǕǗǕǝ ǕǗǘ.ǖǝ
Ǜ amz Amazonia ǕǖǕǕ ǖǔǕ.ǜǗ
ǜ ssa Southern S America ǕǕǕǝ ǕǙǔ.Ǚǖ
ǝ neu Northern Europe ǛǕǛǙ ǗǛǜ.Ǘǝ
Ǖǔ seu S Europe, N Africa ǙǗǖǝ ǘǘǝ.Ǚǖ
ǕǕ sah Sahara ǛǗǔ Ǜǔ.ǚǛ
Ǖǖ waf Western Africa Ǘǔǘ ǖǝǝ.ǘǖ
ǕǗ eaf Eastern Africa ǖǕǙ ǖǚǛ.ǗǛ
Ǖǘ saf Southern Africa ǗǙǚ ǕǖǕ.ǝǕ
ǕǙ nas Northern Asia ǚǝǛ ǜǘ.ǖǜ
Ǖǚ cas Central Asia Ǜǘǘ ǖǜǜ.Ǚǔ
ǕǛ tib Tibetan Plateau ǕǙǗ ǚǗ.Ǜǝ
Ǖǜ eas Eastern Asia ǛǕǔǙ ǕǘǜǙ.ǖǙ
Ǖǝ sas Southern Asia ǕǛǜǘ ǕǖǛǕ.ǘǘ
ǖǔ sea Southeast Asia Ǖǘǖǔ ǘǛǔ.ǔǜ
ǖǕ nau Northern Australia Ǖǔǝ ǘ.Ǘǚ
ǖǖ sau Southern Australia ǘǔǕ Ǖǘ.ǜǔ
ǖǗ nz New Zealand ǛǕ Ǘ.ǜǚ

• Mathematica: this software package was used for most of the data analyses and

figure generation. The CountryData function was used for mapping. The Linear-

ModelFit function was used for regression analyses.

• R/ RStudio: the statistical programming language, R, as implemented through the

RStudio environment, was used for generating regression trees using the rpart (re-

cursive programming) package.



ǖ.ǘ. ANALYTICAL TOOLS ǖǛ

• Adobe Illustrator: this graphics editing software was used to create graphics and

to improve the readability and aesthetics of figures generated in Mathematica or

RStudio.



















Ǘ.Ǘ. REGIONAL RESULTS ǗǛ
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Figure Ǘ.Ǜ: Precipitation Rate Anomaly (<ǖǔǛǔs>-<Ǖǝǝǔs>) Maps for simulations with no
SRM (n=Ǘǔ) and SRM that stabilized global mean SAT at approximately ǕǙ.ǖ◦C (n=ǗǗ).

plemented, the greater the reduction in precipitation. However, there are some excep-

tions, such as Central America and the Amazon, and to a lesser extent, Southern Africa

and the Mediterranean, although these regional details are likely to be sensitive to the

model used. In most regions and seasons, there is a SRM scenario that produces precip-

itation rates closer to the baseline value than the control scenario, but again there are

exceptions, such as Southeast Asia and Western North America in the summer. Precipi-

tation in some regions, such as Canada and Northern Asia, is relatively sensitive in these

simulations to the SRM scenario employed. Other regions, such as Australia and Eastern

Africa are insensitive to the scenario.



Ǘǜ CHAPTER Ǘ. RESULTS: EXPERIMENT Ǖ
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Figure Ǘ.ǜ: Subsurface Runoff Anomaly (<ǖǔǛǔs>-<Ǖǝǝǔs>) Maps for simulations with no
SRM (n=Ǘǔ) and SRM that stabilized global mean SAT at approximately ǕǙ.ǖ◦C (n=ǗǗ).

The primary normalization scheme used to compare the anomalies observed in the

ǖǗ macro-regions analyzed is seasonal interannual variability from the baseline dataset

(Ǖǝǝǔs transient standard physics simulations). This normalization scheme was selected

as a recent commonreferencepoint that couldprovide ametric forhowthegeneral changes

thathappenedover time in the SRMandno-SRMsimulations compared to the (simulated)

mean climate state and year-to-year variability of each region in the recent past. From an

impacts relevance standpoint, the smaller the changes to the mean climate of a region

are compared to interannual variability in the recent past, the easier such changes will

be to adapt to. Other approaches to normalization can yield somewhat different results,



















Ǘ.ǚ. APPLICATION EXAMPLE: RESIDUAL CLIMATE RESPONSEMODEL ǘǛ

level of SRM thatminimizes its own damages, temperature changes in Region Bwould be

zero and temperature damages in Region Awould be higher than at TA
RES . The opposite is

also true if Region A chooses the level of SRM to minimize its own damages. In this case,

the temperature in Region Bwould be higher thanTB
RES . This shows the implementation

of an optimal level of SRM is very difficult because different regions want different levels

of SRM. Calculating the globally optimal level of SRM, however, while theoretical, serves

as a benchmark towards which we can compare other policies.
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Figure Ǘ.ǕǕ: Residual Climate ResponseModel. The horizontal axis shows changes in tem-
perature for Region A. The vertical axis shows temperature change in Region B. The blue
vector represents the change in temperature for the two regions at the time of doubling
CO2e. The green vector represents the level of SRM thatminimizes the sumof square tem-
perature change in the two regions. The red vector shows the optimal level of SRM that
minimizes the deviation from the baseline for the two regions simultaneously. The angle
φmeasures the effectivenesswithwhich SRM compensates for CO2e-driven temperature
change. Under the common assumption that impacts are quadratic in temperature de-
viations, there is an equivalence between the length of the residual vector and the total
damages after the implementation of SRM. This same logic applies for different climate
variable (e.g. precipitation) and more than two regions.

We use the vector of residuals to obtain amore intuitivemeasure of compensation. In

particular, we assume regional damages are an increasing function of changes in a given





Ǘ.ǚ. APPLICATION EXAMPLE: RESIDUAL CLIMATE RESPONSEMODEL ǘǝ

three different social objectives. Policy- and decision-makers can compare different pro-

posals relative to the best case scenario for a given social objective. In the next sectionwe

demonstrate how the RCRmodel can be used to compare sub-optimal policies.

Table Ǘ.ǖ: Percentage of CO2-driven damages that can be compensated for with SRM for
given climate indicator and economic weighting.

∆T ∆P

Egalitarian ǝǝ ǝǛ
Best Case Utilitarian ǝǝ ǜǙ

Ecocentric ǝǝ ǝǕ
Egalitarian ǝǝ -ǙǕ

Temperature / Utilitarian Utilitarian ǝǝ ǘǛ
Ecocentric ǝǜ ǜǛ
Egalitarian Ǜǔ ǝǛ

Precipitation / Egalitarian Utilitarian ǚǝ Ǜǝ
Ecocentric Ǜǖ Ǜǖ

The above method provides a parsimonious way to account for regional inequality

in the assessment of SRM effectiveness and allows policy and decision makers to exam-

ine the linear climate response to different SRM configurations. We found that an SRM

schemeoptimized to restore population-weighted temperature changes thebaseline com-

pensates for ǝǝ%of these changeswhile anSRMschemeoptimized forpopulation-weighted

precipitation changes compensates for ǝǛ% of these changes. Of course, this analysis just

shows how inequalities impede an optimal solution. Since you can get the same “angle”

with one large residual anomaly in one region and perfect compensations in the others

as you get with small residual anomalies in all regions, it is not a goodmetric for demon-

strating diversity of regional preferences. Still, it demonstrates that while inequalities do

diminish the potential effectiveness of SRM, theymay not be as severe an impediment as

it is often assumed.
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Figure S4. Normalized Regional Temperature and Precipitation Anomalies (average for the decade of the 2020s 

Figure Ǘ.Ǖǖ: Normalized Regional Temperature and Precipitation Anomalies computed as
the difference between average values for the decade of the ǖǔǖǔs and the Ǖǝǝǔs in units of
baseline interannual standard deviations. Stars (*) showmean temperature data for SRM
(colors) and no-SRM (black) scenarios. Open circles showmean precipitation data for (a)
the Northern Hemisphere summer (JJA), and (b) the Northern Hemisphere winter (DJF).
Horizontal lines on each plot show the cut off for one baseline standard deviation. Each
colored point represents data from ǚǔ simulations including ǚ SRM scenarios. Each black
point represents data from Ǘǔ no-SRM simulations. The baseline dataset is compiled from
Ǚǘ simulations.
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Figure S5.  Normalized Regional Temperature and Precipitation Anomalies computed as the difference between 

Figure Ǘ.ǕǗ: Normalized Regional Temperature and PrecipitationAnomalies computed as
the difference between average values for the decade of the ǖǔǛǔs and the Ǖǝǝǔs in units of
baseline interannual standard deviations. Stars (*) showmean temperature data for SRM
(colors) and no-SRM (black) scenarios. Open circles showmean precipitation data for (a)
the Northern Hemisphere summer (JJA), and (b) the Northern Hemisphere winter (DJF).
Horizontal lines on each plot show the cut off for one baseline standard deviation. Each
colored point represents data from ǚǔ simulations including ǚ SRM scenarios. Each black
point represents data from Ǘǔ no-SRM simulations. The baseline dataset is compiled from
Ǚǘ simulations.



































ǘ.ǚ. THE ENTRAINMENT COEFFICIENT ǚǝ
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Figure ǘ.ǕǕ: Regression Tree for OD* in ǖǔǙǔ
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Figure ǘ.Ǖǖ: Regression Tree for Mean Regional Anomaly in ǖǔǙǔ

Splitting the data into subsets that have entrainment coefficients greater than or less

than two explains approximately Ǚǔ% of the variation in OD-star and ǖǚ% of the variation

in themean regional anomaly at OD-star (as opposed to theR2 values of ǖ% and Ǖǚ% for a

least-squares regression on forecastwarming alone, as presented in the previous section).
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Model Version: dt_2050_2.099Model Version: dt_2050_2.099 ΔT= - 0.284ΔT= - 0.284 Model Version: dt_2050_2.099Model Version: dt_2050_2.099 ΔT= - 0.14ΔT 0.14
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Figure ǘ.ǕǗ: ǖǔ-Year Seasonal-Mean Near-Surface (Ǖ.Ǚ m) Air Temperature Anomaly in
◦C (ǖǔǙǔ-Ǖǝǝǔ) for high-SRM scenario. Northern Hemisphere Winter (DJF) is on the left
and Northern Hemisphere Summer (JJA) is on the right Maps for simulations using the
standard physics model (top), followed by the four highest temperature responsemodels.
Mean of three-member initial condition ensembles.



ǘ.ǜ. DISCUSSION ǛǙ

Model Version: dt_2050_1.563Model Version: dt_2050_1.563 ΔT= - 0.009ΔT= - 0.009 Model Version: dt_2050_1.563Model Version: dt_2050_1.563 ΔT=0.044ΔT=0.044

Model Version: dt_2050_1.738Model Version: dt_2050_1.738 ΔT=0.008ΔT=0.008 Model Version: dt_2050_1.738Model Version: dt_2050_1.738 ΔT=0.139ΔT=0.139

Model Version: dt_2050_1.756Model Version: dt_2050_1.756 ΔT=0.122ΔT=0.122 Model Version: dt_2050_1.756Model Version: dt_2050_1.756 ΔT=0.169ΔT=0.169

Model Version: dt_2050_1.76Model Version: dt_2050_1.76 ΔT=0.218ΔT=0.218 Model Version: dt_2050_1.76Model Version: dt_2050_1.76 ΔT=0.215ΔT=0.215

Model Version: dt_2050_2.099Model Version: dt_2050_2.099 ΔT= - 0.284ΔT= - 0.284 Model Version: dt_2050_2.099Model Version: dt_2050_2.099 ΔT= - 0.14ΔT= - 0.14

-3 -2 -1 0 1 2 3
Change in Temperature (°C)

DJF JJA

Figure ǘ.Ǖǘ: ǖǔ-Year Seasonal-Mean Near-Surface (Ǖ.Ǚ m) Air Temperature Anomaly in
◦C (ǖǔǙǔ-Ǖǝǝǔ) for high-SRM scenario. Maps for simulations using the standard physics
model (top), followed by the four lowest temperature response models. Mean of three-
member initial condition ensembles.
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Figure ǘ.ǕǙ: ǖǔ-Year Seasonal-Mean Percent Precipitation change (ǖǔǙǔ-Ǖǝǝǔ) formedium-
SRM scenario. Maps for simulations using the standard physics model (top), followed by
the four highest temperature response models. Mean of three-member initial condition
ensembles.



ǘ.ǜ. DISCUSSION ǛǛ

Figure ǘ.Ǖǚ: ǖǔ-Year Seasonal-Mean Percent Precipitation change (ǖǔǙǔ-Ǖǝǝǔ) formedium-
SRM scenario. Maps for simulations using the standard physics model (top), followed by
the four lowest temperature response models. Mean of three-member initial condition
ensembles.














































































































































