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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 experiment modeled SRM using a perturbed physics ensemble with 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-
tribution of effects of SRM varies with the temperature response of the model. 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 SRM untenable 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 SRM can never perfectly correct for regional climate change,
these experiments suggest that it generally reduces (rather than exacerbates) changes
to regional temperature and precipitation and greatly reduces the rate of tempera-
ture change. Considering the slow progress society has made 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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1.6. OVERVIEW OF THIS THESIS 17

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 5 explores some of these issues in depth.

1.6 Overview of this Thesis

The remainder of this document is structured as follows:

» Chapter 2 covers the experimental set-up for the two sets of simulations of strato-

spheric SRM deployment executed using climateprediction.net;

 Chapter 3 presents the results of the first experiment on regional response to differ-

ent levels of SRM;

 Chapter 4 presents the results of the second experiment on SRM efficacy under model

uncertainty;

 Chapter 5 analyzes about how SRM changes the international relations of climate

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

 Chapter 6 presents some final thoughts and suggestions for future research.



Chapter 2

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—the more 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 the most complex climate models 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.

2.1 HadCM3

The Hadley Centre Coupled Model, version 3 (HadCM3) is a coupled atmosphere-ocean

general circulation model (AOGCM) that was developed by the UK MetOffice. It was one
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CHAPTER 2. METHODS

Table 2.1: Regional Data

No. | Region | Long Name Economic Output | Population
(billions US$) (millions)
1 ala Alaska, NW Canada 40 0.58
2 cgi E Canada etc. 22 0.90
3 wna Western N America 2592 74.67
4 cna Central N America 2659 82.75
5 ena Eastern N America 5149 148.36
6 cam Central America 1319 134.29
7 amz Amazonia 1211 201.83
8 ssa Southern S America 1119 150.52
9 neu Northern Europe 7175 378.39
10 seu S Europe, N Africa 5329 449.52
11 sah Sahara 730 70.67
12 waf | Western Africa 304 299.42
13 eaf Eastern Africa 215 267.37
14 saf Southern Africa 356 121.91
15 nas Northern Asia 697 84.28
16 cas Central Asia 744 288.50
17 tib Tibetan Plateau 153 63.79
18 eas Eastern Asia 7105 1485.25
19 sas Southern Asia 1784 1271.44
20 sea Southeast Asia 1420 470.08
21 nau Northern Australia 109 4.36
22 sau Southern Australia 401 14.80
23 nz New Zealand 71 3.86

» 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.

e 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.
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 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.
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Figure 3.7: Precipitation Rate Anomaly (<2070s>-<1990s>) Maps for simulations with no
SRM (n=30) and SRM that stabilized global mean SAT at approximately 15.2°C (n=33).

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.
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Figure 3.8: Subsurface Runoff Anomaly (<2070s>-<1990s>) Maps for simulations with no
SRM (n=30) and SRM that stabilized global mean SAT at approximately 15.2°C (n=33).

The primary normalization scheme used to compare the anomalies observed in the
23 macro-regions analyzed is seasonal interannual variability from the baseline dataset
(1990s transient standard physics simulations). This normalization scheme was selected
as arecent common reference point that could provide a metric for how the general changes
that happened over time in the SRM and no-SRM simulations 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,
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level of SRM that minimizes its own damages, temperature changes in Region B would be
zero and temperature damages in Region A would be higher than at 7%, . 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 B would be higher than T, . 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 3.11: Residual Climate Response Model. 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
COse. The green vector represents the level of SRM that minimizes the sum of 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
o measures the effectiveness with which SRM compensates for CO,e-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 a more intuitive measure of compensation. In

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

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

Table 3.2: Percentage of CO,-driven damages that can be compensated for with SRM for
given climate indicator and economic weighting.

AT AP
Egalitarian 99 97
Best Case Utilitarian 99 85

Ecocentric 99 91
Egalitarian 99 -51
Temperature / Utilitarian  Utilitarian 99 47
Ecocentric 98 87
Egalitarian 70 97
Precipitation / Egalitarian Utilitarian 69 79
Ecocentric 72 72

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
scheme optimized to restore population-weighted temperature changes the baseline com-
pensates for 99% of these changes while an SRM scheme optimized for population-weighted
precipitation changes compensates for 97% 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 good metric for demon-
strating diversity of regional preferences. Still, it demonstrates that while inequalities do

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

it is often assumed.
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Figure 3.12: Normalized Regional Temperature and Precipitation Anomalies computed as
the difference between average values for the decade of the 2020s and the 1990s in units of

baseline interannual standard deviations. Stars (*) show mean temperature data for SRM

(colors) and no-SRM (black) scenarios. Open circles show mean 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 6o simulations including 6 SRM scenarios. Each black

point represents data from 30 no-SRM simulations. The baseline dataset is compiled from

54 simulations.
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Figure 3.13: Normalized Regional Temperature and Precipitation Anomalies computed as
the difference between average values for the decade of the 2070s and the 1990s in units of

baseline interannual standard deviations. Stars (*) show mean temperature data for SRM
(colors) and no-SRM (black) scenarios. Open circles show mean 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 6o simulations including 6 SRM scenarios. Each black
point represents data from 30 no-SRM simulations. The baseline dataset is compiled from

54 simulations.
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Figure 4.12: Regression Tree for Mean Regional Anomaly in 2050

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

than two explains approximately 50% of the variation in OD-star and 26% of the variation

in the mean regional anomaly at OD-star (as opposed to the 122 values of 2% and 16% for a

least-squares regression on forecast warming alone, as presented in the previous section).
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Model Version:

Model Version: dt_2050_4.079 AT=0.226 Model Version: dt_2050_4.079 AT=0.163

Model Version:

Model Version:

Model Version: dt_2050_3.61 AT=-0.166 Model Version: dt_2050_3.61 AT=-0.167
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Figure 4.13: 20-Year Seasonal-Mean Near-Surface (1.5 m) Air Temperature Anomaly in
°C (2050-1990) 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 response models.
Mean of three-member initial condition ensembles.
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Model Version: dt_2050_1.76 AT=0218 Model Version: dt_2050_1.76 AT=0215
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Figure 4.14: 20-Year Seasonal-Mean Near-Surface (1.5 m) Air Temperature Anomaly in
°C (2050-1990) 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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Fractional Change in Precipitation (%)

Figure 4.15: 20-Year Seasonal-Mean Percent Precipitation change (2050-1990) for medium-
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.
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Figure 4.16: 20-Year Seasonal-Mean Percent Precipitation change (2050-1990) for medium-
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.





















































































































































































































