Constraining Adversity: Linear Optimization Methods for Regional Climate

Risk Mitigation Using Solar Geoengineering

A Thesis Presented
by

Kevin Stephen

to
The Commmittee on Degrees in Applied Mathematics
in partial fulfillment of the requirement

for a degree with honors

of Bachelor of Arts

April 2020

Harvard University






Acknowledgements

This thesis would not have been possible without the guidance and support of several close
faculty, mentors, and friends. Before all else, I want to extend my most heartfelt gratitude to my
advisor, Professor Marianna Linz. Over the course of the last nine months, working with Marianna
has provided an unparalleled opportunity for me to learn about climate science, partake in fascinat-
ing research discussions, and employ my applied math expertise to the ever-salient geoengineering
problem space. She has been an extremely thoughtful, resourceful, patient, and knowledgeable advi-
sor and mentor, and I am immensely grateful for her guidance throughout every step of this project.

The experiments conducted in this project were made possible through the dedicated support
of Colleen Golja and Prof. David Keith, who helped us conduct CESM experiments to assess the
performance of the optimization work of this thesis. Prof. Ben Kravitz was also extremely helpful
in assisting with the encoding of seasonal and regional variation in the CESM experiments con-
ducted in this thesis. In addition, I want to thank Prof. Doug MacMartin at Cornell for making
his HadCM3L dataset available for the analysis conducted in this paper.

I also want to thank Prof. Eli Tziperman, Prof. David Parkes, Prof. Yiling Chen, and Prof.
Kate Ricke for reading through and discussing early drafts of my thesis with me and providing
feedback on the optimization work conducted in this project. I am immensely grateful to Yiling
for introducing me to linear programming and encouraging me as a student to explore the diverse
applications of optimization techniques across fields. Similarly, I want to thank Eli for demonstrat-
ing to me how applied mathematical methods can be applied to climate science problems—and for
introducing me to Prof. Linz last year. An additional note of gratitude is due to Sarah Iams, who
not only reviewed early drafts of my thesis but also has supported and advised my progress in the
department for the past three years.

Many further thanks go out to Julia Fine, Sanika Mahajan, and Adil Bhatia, all of whom as-
sisted me in reading this thesis and providing thoughtful and extremely patient feedback on both
the modeling components and the writing found here. Their guidance and emotional support has
been critical for navigating this project this year.

Finally, but most importantly, I want to thank my parents, Stephen and Shine, and my entire
family for all their support of my academic pursuits and all their prayers and support of this the-
sis. In particular, I am extremely grateful for the love and thoughtfulness they showed me as I
completed my senior thesis from home during the Covid-19 epidemic this spring. Your compassion
and unfailing encouragement of my goals has enabled this thesis and my undergraduate career to
become a reality. I love you and am eternally thankful.



Abstract

Solar geoengineering presents a powerful set of tools for global climate alteration, with the
potential ability to reduce the negative impacts of anthropogenic climate change. While a growing
body of geoengineering literature examines mechanisms designed to achieve a large-scale objective
such as global mean temperature change reduction, little research has been conducted on the
modification of regional climate outcomes through geoengineering. In this paper, I utilize the
output of geoengineering simulations conducted in the HadCM3L atmospheric-ocean global climate
model to analyze the ability of linear programming optimization methods to modify regional climate
objectives. These model simulations utilize Lagrange polynomials and seasonal forcing to construct
12 orthogonal solar geoengineering forcing patterns and approximate the climate outcomes produced
by each pattern. To analyze this output, I first conduct a climate objective variance analysis to
identify climate outcomes that can be altered through a modification of forcing patterns. I then
perform a least-squares regression analysis comparing climate outcomes in target regions to global
outcome distributions, in order to assess the covariance between regional outcomes and identify
inter-regional climate tradeoff systems. Using the results of these tests, I propose and analyze the
effectiveness of mathematical optimization techniques to assess and reduce regional climate risks,
using a modified solar geoengineering mechanism constructed from a combination of the HadCM3L
dataset’s orthogonal forcing patterns. Finally, I run a series of experiments with the optimized
forcing in the high-resolution CESM global climate model, in order to assess the ability of linear
optimization performed on a simple climate model to approximate and predict local climate effects
in a more complex climate system. Ultimately, the objective of this work is to investigate the
possibility of utilizing geoengineering to improve local climate outcomes, with a particular focus
on regions susceptible to human-, agriculture- and wildlife-related damage as a result of further

climate alteration.
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Chapter 1

Introduction and Literature Review

Worldwide human-induced climate change has e ected a global mean surface temperature in-
crease of 0.85 degrees Celsius since the year 1880, an unprecedented amount of warming with
signi cant rami cations for human populations, wildlife, and vegetation alike (Masson-Delmotte
etal., 2019). On the global scale, observed warming patterns caused by high levels of greenhouse gas
emissions including carbon dioxide and methane into the atmosphere have resulted in such phenom-
ena as warming oceans, contracting ice sheets, sea level rise, and ocean acidi cation, all of which
continue to threaten livelihood on Earth today. Global temperature rise has introduced signi cant
human consequences to populations around the globe, from increased droughts in water-stressed
regions to heavier oods in coastal population centers (Karim and Mimura, 2008; Sivakumar and
Stefanski, 2010; Le Houérou, 1996). Those most heavily a ected by climate change most often
populations in countries with developing economies and relatively low incomes experience most
directly the local impacts of global warming, which have led in some cases to mass migration, in-
creased poverty, and even signi cant loss of life (Perch-Nielsen et al., 2008; Masson-Delmotte et al.,

2019).

Climate change is a global phenomenon, but its most alarming e ects are regional, dispropor-
tionately impacting a handful of highly vulnerable land areas and populations. While predicted
temperature increases may not be extremely disruptive to everyday life in much of the Northern
Hemisphere, they will likely lead to crop failures and mass migration throughout Northern and

Western Africa and Central Asia and severe ecosystem degradation and sea ice reduction in the

20
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polar regions (Warren et al., 2006). The precipitation decrease resultant from warming, similarly,
will be felt by much of the earth but induce severe water resource stress in regions like the Amazon
rainforest and South Asia, while simultaneous ooding e ects are likely to damage the economies
of Caribbean sheries, the Paci ¢ and Indian Ocean islands, and the South Asian coasts (Brondizio
and Moran, 2008; Mirza, 2011). That much of the land area exposed to the most damaging of
anthropogenic warming hosts the world's poorest and most agriculturally dependent populations
only raises the stakes for climate change mitigation in these regions, with millions of the world's
poor already displaced because of oods, droughts, and deforestation (Warren et al., 2006; Perch-

Nielsen et al., 2008).

Although the international community grows increasingly aware of the severe human and natu-
ral potential rami cations of climate change, little change has been e ected on the international
stage to mitigate its e ects. From the policymaking perspective, the Kyoto Protocol, the ostensible
landmark 1997 treaty that emerged from the United Nations Framework Convention on Climate
Change (UNFCCC), was rati ed in 2005 after years of negotiation with the goal of committing UN
member countries to greenhouse gas emissions reductions over a 10-year time horizon. Without the
support of the United States and without a committed level of emission reduction by China, how-
ever, the emission reduction commitments of the 192 Kyoto signatories were nulli ed by substantial
greenhouse emission increases by the world's top two emitters, leading to a 40% increase in green-
house gas emissions between 1990 and 2012 (Henson, 2011). The 2015-16 Paris Climate Agreement
su ered a similar fate, its viability called into question after the United States' departure from the
agreement in 2017 (Tollefson, 2017). In recent years, while the United States has cut its emissions
by approximately 2% each year since 2005, global emissions levels have continued to increase with
rapid development in population centers in China and India, leading to the acceleration of global
temperature increases (Ritchie and Roser, 2017). The United States' modest emissions reductions
have not come close to su cient in regards to mitigating temperature increases: the most recent
IPCC report authoritatively states that in order to limit temperature increases to 1.5 Celsius, the
world would need to reduce emissions to net zero by the year 2050 (Masson-Delmotte et al., 2019).
The global climate response to an increasingly troubling climate change problem, then, has been

at best thoroughly insu cient.



22 INTRODUCTION AND LITERATURE REVIEW

In the search for a realistically viable solution to mounting climate problems, a growing num-
ber of climate scientists have proposed serious examinations of solar geoengineering to counteract
global warming and act as a stop-gap solution as countries reduce emissions to manageable levels
(Irvine et al., 2017). The term solar geoengineering de nes the set of methods utilized to mitigate
anthropogenic global warming by reducing the amount of solar radiation that reaches the earth,
thereby increasing the albedo of the earth's atmosphere. Geoengineering methods like stratospheric
aerosol forcing, marine cloud brightening, and ocean sulfur cycle enhancement constitute a research
area that has begun to gain traction among climate scholars and chemists over the past decade
(Latham et al., 2012; Keith et al., 2014; Visioni et al., 2019). The potential ability of solar geo-
engineering to achieve global climate objectives at a magnitude of cost lower than that of global
emissions reduction and, moreover, to mitigate the worst e ects of anthropogenic warming while
emissions are successively reduced has rendered the topic one of increasing interest from scientists
and policymakers alike, although many worry about both the known and the undiagnosed side

e ects of implementing geoengineering on a global scale.

1.1 Geoengineering as an Academic Interest

Among the rst scholarly examinations of solar geoengineering as both a research priority and
a climate change mitigation strategy was Nobel prize-winning Dutch chemist Paul Crutzen's 2006
paper Albedo Enhancement by Stratospheric Sulfur Injections, which remains regarded among
the foundational works concerning solar geoengineering. In his paper, Crutzen begins by noting
that although climate change mitigation e orts thus far have focused on greenhouse gas reduction,
such e orts have until now proven futile due to the magnitude of reduction necessary to stabi-
lize CO, levels and alleviate warming issues (Crutzen, 2006). However, an unlikely retardant of
anthropogenic warming appears to be the 55 Tg of sulfur and sulfate particles emitted into the tro-
posphere annually as a byproduct of fossil fuel burning, which in fact counteract some of the global
warming caused by the 25 Pg of carbon dioxide emitted annually (Crutzen, 2006; Cole-Dai, 2010).
These particles act as cloud condensation nuclei, a ecting cloud and precipitation patterns and
increasing cloud albedo to re ect incoming solar radiation (Stocker et al., 2013; Crutzen, 2006).

Furthermore, the required emissions reductions of S@ and other organic particles, legislated to
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protect populations against public health concerns like acid precipitation and deposition, have in
fact contributed to the 0.10% annual increase in solar radiation, compounding increased rates of

anthropogenic climate change over the last two decades (Crutzen, 2006).

These observations motivate an examination of deliberate mechanisms designed to combat anthro-
pogenic warming by reducing incoming solar radiation, rather than merely reducing anthropogenic
emissions. In particular, the author proposes injecting re ective particles (e.g. sulfate aerosols) into
the stratosphere to achieve results closely parallel to those achieved by volcanic eruptions, which
cool surrounding areas by 0.5 degrees Celsius in the year following each eruption (Crutzen, 2006).
To underscore the potential viability of geoengineering methods, the author asserts the a ordability

of these strategies in comparison to typical greenhouse gas reduction expenses, approximating the
cost of stratospheric aerosol injection per year at $25-50 billion annually, with aerosols remaining
in the atmosphere for 1-2 years and geoengineering su cient to stagnate global mean tempera-
ture increases (Crutzen, 2006). In comparison, many researchers have approximated the costs of
global emissions reduction to levels which ensure that global mean temperatures will rise less than

2 Celsius at between $200-350 billion per year (Ritchie and Roser, 2020).

Importantly, while Crutzen advocates for a critical consideration of aerosol injection as a cli-
mate change reduction mechanism, the author notes the potential of geoengineering to introduce
a new type of moral hazard to climate governance, emphasizing that the albedo enhancement
scheme...should not be used to justify inadequate climate policies, but merely to create a pos-
sibility to combat potentially drastic. .. heating (Crutzen, 2006). A reduction of greenhouse gas
emissions and carbon dioxide must still be the rst priority of climate regulation, in order to ef-
fect a long-term solution to anthropogenic warming. However, the author contends the growing
immediacy of climate change issues, the relative cost-feasibility of injection strategies, and the lack
of knowledge of the strategy's e ects together render solar geoengineering a salient and urgent

academic research priority.

As climate engineering has developed into a eld of serious academic interest over the past two

decades, climate scientists have identi ed research priorities deemed critical to analyze the imple-
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mentability and understand the consequences of geoengineering. Researchers have emphasized the
importance of studying the impacts of geoengineering on agriculture, human health, ecosystems,
and water resources, noting that any implementation of geoengineering would not only o set green-
house gas-induced climate change but also transform the global climate system, leading to markedly
di erent climate conditions than observed before climate change (Irvine et al., 2017; Stocker et al.,
2013). Examination of the regional climate and socioeconomic responses to geoengineering has also
been highlighted as an often-overlooked research priority, particularly in light of the potential of
geoengineering strategies to exacerbate droughts and water scarcity by suppressing global hydro-
logical cycles (Irvine et al., 2010; Ricke et al., 2010). Irvine et al stress in their 2017 paper that

a comprehensive impact assessment of geoengineering must take into account the hazards posed
by its climate response and the vulnerability of populations and ecosystems to arti cial climate

alteration (Irvine et al., 2017).

To understand and mitigate these hazards, some climate scientists have highlighted perturbative
eld experiments and engineering as two important research priorities necessary to gain a better un-
derstanding of the climate and ecosystem responses to geoengineering (Keith et al., 2014; Dykema
et al., 2014). Others have maintained that modeling and analysis techniques using existing climate
models could o er a more informative and less risky means of gathering data than eld experiments
(Kravitz et al., 2011). Finally, while many agree that regional climate impacts are an overlooked
but critical research priority for future climate engineering work, the idea of regional climate en-
gineering remains a divisive topic, with some researchers arguing that regional applications could
provide a low-risk opportunity to see the initial e ects of geoengineering without global e ects
and others raising concerns about geopolitical tensions, governance problems, and the physics of
proposed regional runs, noting that the chemicals released could easily spread to other regions with

unintended side e ects (Stocker et al., 2013; Keith et al., 2014; MacMartin et al., 2013).

1.2 Human Motivations for Studying Geoengineering
Observed warming patterns have disproportionately impacted resource-stressed, low- and middle-
income, and agriculturally dependent populations, many of which are clustered in low-lying coastal

areas and large population centers in South and Southeast Asia, sub-Saharan Africa, and to a lesser
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extent South America (Mirza, 2011; Fearnside, 2006; Brondizio and Moran, 2008). To quantify these
impacts, climate researchers have utilized climate model simulations to estimate country-level eco-
nomic outcomes with and without anthropogenic climate forcing using temperature-GDP response
functions, ultimately nding a substantial increase in between-country inequality attributable to
human-caused climate change (Di enbaugh and Burke, 2019). In particular, Di enbaugh and Burke
observe from experimentation that rising temperatures tend to increase economic growth in cooler
countries in Europe and North America while suppressing growth in warmer, typically developing
countries (Di enbaugh and Burke, 2019). This study corroborates the predictive claims issued by
climate model experiments by analyzing the economic impact of historical global warming, tracking
local economic growth with temperature over time in order to predict the probability of economic
damage due to global warming in di erent regions of the world. The researchers observe signi -
cantly higher probabilities of damage due to warming in South American, African and Polynesian
countries, whereas northern Europe, Russia, and North America withess much lower probabilities

of warming-related damage.

Baldwin et al (2019) build on Di enbaugh and Burke's analysis of the e ects of anthropogenic
warming on global inequality by analyzing the threats posed to populations located in both tropi-
cal and temperature regions by climate change-related heat wave events. Their paper argues that
future warming will result in a signi cant increase in the frequency, duration and intensity of heat
waves, causing tropical regions to experience current heat wave-like conditions on a daily basis in
the near future (Baldwin et al., 2019). The authors report that an increase in heat wave events
over the past decade has resulted in high mortality in regions from the midwestern United States
to Western Europe, Paris, and Russia. These heat waves, however, are often overlooked by the
public consciousness because they impact particularly vulnerable or overlooked subgroups in im-
pacted areas, including elderly, racially marginalized, sick, and/or socially isolated individuals
(Baldwin et al., 2019). Heat waves constitute just one of the extreme weather mechanisms by which
future warming can seriously impact human morbidity and mortality, with other researchers citing
droughts, res and extreme ooding as other events with high human costs (Brondizio and Moran,
2008; Bradstock et al., 2002; Mirza, 2011). Nevertheless, the serious impacts of impending heat

waves on mortality demonstrated in the Baldwin paper demonstrate the human cost of failing to
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mitigate temperature increases and provide additional motivation for studying mitigation mecha-

nisms from the public health perspective.

With these impacts in perspective, climate researchers have commentated on the potential ability
of solar engineering either to reduce climate-related risks for risk-prone populations or, if imple-
mented incorrectly or maliciously, to magnify the harm brought to vulnerable regions by amplifying
local climate risks or resource stressors. In their paper on climate engineering and environmen-
tal justice, Svoboda et al contend that an e ective solar geoengineering governance strategy can
reduce climate-related risks for vulnerable populations and land regions. As researchers and ethi-
cists, Svoboda et al approach this question by appealing to an ecumenical moral principle to
provide normative grounds for implementing stratospheric sulfate aerosol injection solutions as a
means to reduce global injustice (Svoboda et al., 2018). The broad principle relied on here, drawing
on the arguments of Darrell Moellendorf, is that people susceptible to risk due to the actions of
others have a prima facie claim to have that risk reduced (Svoboda et al., 2018). Svoboda et
al's climate justice framework maintain that those who face the environmental consequences of
the degradation caused by others have a moral claim on "emitters" to mitigate the e ects of their
actions. To examine the impacts of solar geoengineering on climate injustice, the study identi es
central climate-related risks su ered as a result of environmental changes, including rising sea levels,
ooding, extreme precipitation, extreme heat, drought, and reduced water availability. Each risk is
then examined qualitatively alongside the potential impact of stratospheric aerosol injection in its
mitigation. In particular, the researchers assert that the ability of geoengineering to halt sea level
rise, reduce the frequency of extreme heat wave events, reduce precipitation intensity, and avert
crop yield losses signi es that the practice could reduce environmental inequalities by helping to
avoid the worst consequences of climate change for risk-prone populations (Svoboda et al., 2018).
This claim is quali ed, the authors note, by the uncertain impacts of geoengineering on hydrological
cycles and water availability, in addition to the possibility of overcooling in tropical areas (Svoboda
et al., 2018). Ultimately, Svoboda et al conclude that negative repercussions notwithstanding, the
potential ability of geoengineering to reduce many of these risks over time demonstrates that the

topic warrants additional research.
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Horton and Keith further advance the geoengineering and climate justice argument in their pa-
per Solar Geoengineering and Obligations to the Global Poor, contending that a concern for
global justice in fact necessitates a thorough investigation of solar geoengineering or solar radiation
management (SRM) as a moral obligation. In doing so, these researchers aim to defend the often-
controversial research topic against critics who argue that geoengineering would disproportionately
harm the global poor while relieving developed countries of their historical responsibility for cur-
rent emissions (Horton and Keith, 2016). The authors argue that since the net bene ts of SRM shift
the overall Pareto curve outwards by moving the entire world closer to pre-industrial conditions,
and since developing countries on an aggregate basis stand to bene t more from climate change
reductions than developed countries, implementing SRM would actually have disproportionately
positive impacts for vulnerable regions. Therefore, although the reduced precipitation and other
weather changes caused by SRM may disproportionately impact drought-prone areas in the Global
South, the net bene t accrued in terms of climate change mitigation would bring with it key ben-

e ts to drought-prone and developing countries. The authors conclude that even if geoengineering
presents a moral hazard for developed countries to replace a long-term emissions reduction strategy
with a short-term geoengineering strategy, the overall impact would still be net positive for devel-
oping countries compared to the non-SRM scenario with traditional emissions mitigation strategies

(Horton and Keith, 2016).

While Svoboda et al's paper makes the justice-based case for geoengineering by highlighting its
local and regional bene ts for developing and risk-prone countries, Horton and Keith's arguments
highlight the legitimate developmental critique of geoengineering in practice. The idea posed by
geoengineering critics that developed nations could utilize the practice to eliminate the risks of
anthropogenic warming while neglecting side e ects like precipitation reduction and drought to
tropical and developing regions calls into question the validity of geoengineering as a mitigation
strategy and reveals the complex governance challenges that authorities must handle when con-
sidering implementing arti cial climate forcing. Moreover, these critiques and the responses from
geoengineering researchers highlight the importance of a systematic mechanism for accounting for

local perturbations when building a predictive geoengineering model.
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1.3 Mathematical Approaches to Climate Change and Geoengi-

neering Impacts

While most climate scientists have relied on fully coupled atmosphere-ocean models to sim-
ulate the e ects of climate change and solar engineering on a global scale, some scholars have
built relatively simple mathematical models that enable investigation of more speci c objectives.
Predating much of the academic geoengineering discussion, early mathematical researchers Filar,
Gaertner, and Janssen analyzed, in their 1996 paper An Application of Optimization to the Prob-
lem of Climate Change, the use of mathematical linear programming methods to capture climate
change reduction strategies by translating economic problems and environmental constraints into
a system of variables, constraints, and objective functions. The researchers' objective in this paper
was to determine the optimal amount of investment and emissions reduction necessary to alleviate
the environmental impacts of climate change while optimizing for world economic utility and for
minimal deviation from the business as usual case, or the scenario with no mitigation strategy

implemented (Filar et al., 1996).

Filar et al develop two models to address climate change problems through a mathematical pro-
gramming toolkit. The researchers rst construct a world emission reduction problem with the
objective function set to maximize world economic output (Filar et al., 1996). Their model then
constrains economic output to an upper limit of CO, concentration in ppm allowable per decade
in order to output the optimal emissions reduction scheme that can achieve a set amount of CO
reduction while minimizing losses to current world economic output (Filar et al., 1996). A regional
emission reduction allocation problem is then developed to minimize the emissions change neces-
sary for each major world region subject to a similar system of environmental constraints describing
maximum CO» concentrations allowable in each region (Filar et al., 1996). The paper then outputs
results for each model, delineating emissions reduction gures for each region necessary to stabilize

the atmosphere at 400 and 500 ppm of carbon dioxide.

Although the problem Filar et al attempt to solve precedes solar geoengineering as a research pri-
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ority, an examination of their methods unearths a critical use case for mathematical programming
tools in the climate science context. Their paper demonstrates how a relatively simple optimization
framework can encapsulate broad-ranging environmental constraints, synthesize environmental and
economic needs, and capture the granularity of regional nuances even when approaching a global

climate problem.

While Filar et al wrestle with the tensions between economic and environmental constraints in their
climate change optimization paper, the mathematical methods that have thus far been utilized for
contemporary geoengineering research illuminate another disagreement in the literature whether
to implement predictive or feedback-based geoengineering. The former practice calculates the
amount of geoengineering necessary to ful ll a predetermined objective by predicting the e ects of
climate forcing from climate model data. In contrast, feedback strategies deploy geoengineering and
then adjust the amount of geoengineering depending on the departure of the real-world result from
the strategy's objective and the estimated sensitivity of the global climate system based on observa-
tion (Kravitz et al., 2014). In their 2014 report, Kravitz, MacMartin, et al compare the e ectiveness

of the two opposing geoengineering strategies by running simulations of both methods, accounting
for the uncertainty of climate sensitivity in the real world. These simulations utilize Proportional-
Integral Control to tune the feedback mechanism based on the deviation observed in the climate
system from the objective in ve simulations of the HadCMS3L global climate model. Equivalent
simulations are run with predictive geoengineering methods to compare results. The control case
utilized for the sake of comparison with the two perturbed runs is the RCP 4.5 simulation, which
features simultaneously increasing CQ levels and surface air temperature levels. Ultimately, the
study argues for the greater e ectiveness of an explicit feedback strategy at approaching the objec-
tive of surface air temperature maintenance at 2020 levels from the years 2020-2100. The authors
calculate the closeness with which each strategy approximates the temperature objective, nding
that feedback-based solutions result in a much smaller error than their predictive counterparts, as

shown in Figure 1.1.

MacMartin, Kravitz, Caldeira, and Keith extend the application of this feedback mechanism in
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Figure 1.1: Surface air temperature time series curves over a 100-year simulation comparing the tempera-
ture delity of predictive and feedback geoengineering mechanisms to control run temperatures and target
temperature levels. Source: Kravitz et al. (2014). Reproduced with permission.

two additional papers. The rst, Solar Geoengineering to Limit the Rate of Temperature Change,
utilizes global mean temperature feedback to limit temperature changes instead of holding temper-
ature constant. This paper uses the feedback-controlled mechanism to investigate the possibility
of slowing down, instead of reducing to zero, the rate of temperature change in order to miti-
gate the negative e ects of a future termination of geoengineering deployment (MacMartin et al.,
2014). Then in their 2017 paper First Simulations of Designing Stratospheric Sulfate Aerosol
Geoengineering to Meet Multiple Simultaneous Climate Objectives, Kravitz et al utilize solar
geoengineering mechanisms to maintain 1) global mean surface temperature, 2) interhemispheric
surface temperature gradient, and 3) equator-to-pole surface temperature gradient while injecting
sulfate aerosols at latitudes of 30 degrees north and south of the equator. The study ultimately
nds that this feedback mechanism results in linear cooling patterns over much of the globe but
that cooling comes with the sometimes-signi cant side e ects of overcooling in the summer and

undercooling in the winter (Kravitz et al., 2017).

This work demonstrates the practical bene ts of a feedback prediction mechanism that can be
tuned over time to learn the optimal types of forcing per year to achieve and compromise be-
tween a broad set of environmental and social objectives. Such a feedback-based mechanism could
theoretically be integrated into a geoengineering implementation in order to improve the model's

achievement of climate objectives based on observational data. However, the feedback mechanism's
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assumption of the availability of perfect observational data to draw conclusions about optimal cli-
mate perturbation patterns is also potentially its central weakness, as climate observations often
contain a signi cant amount of noise that makes such conclusions infeasible. Our current study ad-
vances a system of optimization-based mathematical improvements to a predictive geoengineering
model in the hope of reducing the temperature delity gap between the predictive and feedback-
based mechanisms shown in Figure 1.1, thereby improving the predictive accuracy of geoengineering

without the need for perfect observational data.

1.4 Simulations and Experiments: From Global to Regional Ob-

jectives

By synthesizing stratospheric dynamic theory and mathematical global climate models, a hum-
ber of scholars since Crutzen have designed experiments and simulations that attempt to predict the
global and regional consequences of solar engineering mechanisms. Katherine Ricke, M. Morgan and
Myles Allen in their 2010 paper Regional Climate Response to Solar-Radiation Management ex-
amine the necessity of developing a regionally variant solar radiation management strategy based
on the regionally di erential impacts of geoengineering on temperature and precipitation. The
study utilizes the HadCM3L model to test the impacts of SRM in 54 di erent scenarios, studying
temperature and precipitation changes and trends in 23 di erent regions over time (Ricke et al.,
2010). These simulations show that although geoengineering uniformly decreases temperature in
most of the target regions, precipitation impacts can vary signi cantly between regions. For in-
stance, model simulations demonstrate that precipitation in China roughly decreases with more
geoengineering, whereas precipitation in India roughly increases, as shown in the gure below. The
paper stops short of explaining the extent and nature of the real impacts of the temperature and
precipitation in these areas, leaving this as a potential area of future research. Ultimately, however,
this work concludes that that the very di erent temperature and precipitation trajectories caused
by geoengineering could make consensus about the optimal level of geoengineering di cult, if not

impossible, to achieve (Ricke et al., 2010).

Critically, Ricke et al introduce region-speci ¢ claims about the impacts of geoengineering that
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Figure 1.2: Regional climatology trajectories comparing temperature and precipitation summer anomalies
(months of June, July, and August) in China and India as a result of di erential geoengineering levels, where
anomalies measure precipitation di erences from 1990 levels for 2020 and 2070 in units of precipitation
baseline standard deviations. Each trajectory compares change in climatology between 2020 and 2070 at
di erential amounts of geoengineering, with blue representing more geoengineering and red representing less
geoengineering. Source: Ricke et al. (2010).

could present both governance concerns and additional risk considerations to a geoengineering
calculation. As shown in Figure 1.2, precipitation trends appear to exhibit a greater degree of vari-
ability between regions for a given geoengineering scenario, revealing perhaps one of the interesting
tradeo s in designing a globally and regionally optimized SRM framework: while more geoengi-
neering generally equates to lower temperatures, the relationship between perturbation levels and

precipitation change is less clear.

Optimizing climate responses to achieve regional objectives or minimize economic impact requires
either a temporal or a geographic modi cation of forcing schemes. MacMartin, Keith, Kravitz and
Caldeira argue in their 2013 paper that latitudinal and seasonal optimization of aerosol forcing
can achieve greater delity to selected temperature objectives while using less particulate matter.
This paper focuses on the main tradeo s of implementing a geoengineering strategy given limited
resources and capital, highlighting variables like global climate responses, regional side e ects, and
geoengineering costs (MacMartin et al., 2013). MacMartin et al (2017) further analyze the viability
of location-based injection modi cation, examining multi-latitudinal injection to more e ectively

control the spatial pattern of aerosol optical depth. The paper argues that latitudinally variant
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injections result in a larger and more well-distributed overall temperature reduction than equatorial
injection, which ends up overcooling the tropics and leaving higher and lower latitudes relatively
warm. Furthermore, a latitude-variant injection strategy allows solutions to achieve multiple cli-
mate objectives (MacMartin et al., 2017). In a later paper, Visioni et al (2019) nd that seasonal
injection strategies achieve a similar result, demonstrating that injection in just one season helps
geoengineering achieve higher aerosol optical depth and increased control of the spatiotemporal
pattern of climate response, lowering the total amount of aerosol needed to make the same impact

on the global climate.

1.5 Regional Climate Change Impacts

Much of the optimization conducted in this paper aims to mitigate the local impacts of further
anthropogenic warming while preserving the global temperature reduction goals of geoengineer-
ing. This local optimization technique relies on a twofold assumption rst, that some regions are
impacted much more severely than others by climate change and second, that it is possible to prior-
itize some regions over others given their sensitivity to climate change impacts and importance on
a global scale. An examination of the disproportionate regional impacts faced as a result of climate
change serves as a useful starting point to begin isolating climate-vulnerable regions. In particular,
we must consider the regional consequences of climate change on a multi-dimensional axis, examin-
ing impacts on human health, energy requirements, ecosystems, vegetation, water resources stress,
agriculture, and coastal ooding (Warren et al., 2006). In this section, we identify the Amazon
rainforest, Southeast Asia, Australia, and Africa as particularly pressing regions for consideration
due to the high levels of water resource stress, coastal ooding, agricultural productivity, human

health risks, and ecosystem importance found in each of these regions (Warren et al., 2006).

The Amazon rainforest region commands particular focus throughout this paper because of its
critical concentration of biodiversity, vulnerability to precipitation uctuations, and signi cant
ability to exert feedback on the velocity of climate change with carbon loss. Observations of pre-
vious drought patterns, such as the 2005 Amazon droughts, indicate that precipitation reduction
and drought greatly reduce the lifespan of vegetation in the rainforest and may alter the forest's

species composition by selectively killing fast-growing, light-wooded plants (Phillips et al., 2009).
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Tropical deforestation, furthermore, has rendered the region already vulnerable to future warming
by reducing the supply of water vapor from evapotranspiration and contributing to debris released
by biomass burning (Fearnside, 2006). Increased moisture stress, predicted to occur throughout the
southern Amazon rainforest throughout the course of the 21st century, could result in prolonged
tropical droughts, killing signi cant amounts of vegetation and drastically reducing forest biomass
(Phillips et al., 2009). In turn, this biomass reduction in the Amazon shrinks a critical global car-
bon sink and will thus likely lead to compounded increases in atmospheric C®concentration years
after the drought, accelerating the rate of climate change as a result (Phillips et al., 2009). Those
left vulnerable by droughts, increased temperatures, and even ooding in the Amazon region are
the region's small farmers, whose land-use patterns and reliance on subsistence agriculture leave
them less than well-equipped to adapt to changing climate conditions and extreme weather events

(Brondizio and Moran, 2008).

On the other side of the globe, the Southeast Asian subcontinent is of particular interest in a
regional optimization scenario due to its high population concentration, agricultural importance,
and existing ooding and water resource stresses (Knox et al., 2012). The rice-wheat agricultural
system, which feeds much of the 1.3 billion people in India and 1.4 billion people in China, could
experience signi cantly reduced yields and lower quality output as a result of higher temperatures
because of increased abiotic stresses on growth and shorter growth duration (Wassmann et al.,
2009). Rice, in particular, relies on relatively moderate temperatures and wet growing conditions
for its wet growing season, whereas the "dry" growing season during the Asian summer is at risk for
signi cant heat-induced losses in regions like south India and continental Southeast Asia, where the
rice crop currently grows at at maximum allowable temperatures (Wassmann et al., 2009). Beyond
agricultural risks, high population levels in the region have placed increased stresses on limited
natural resources, such as freshwater resources that have become increasingly strained in much of
South and Southeast Asia due to higher temperatures and more frequent droughts (Bank, 2009).
The increased water stresses placed on major metropolitan areas as a result of further warming
could have signi cant human consequences, including health concerns and large-scale loss of life. In
addition, coastal areas in South and Southeast Asia remain highly susceptible to cyclones, oods,

and other extreme weather events, which will likely increase in strength and frequency due to fur-
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ther climate change (Sivakumar and Stefanski, 2010). An increase in the number of oods like
those that have impacted Bangladesh, Pakistan, and India throughout the last decade would result
in tens of thousands of human casualties, thousands of tons of crops lost and millions of people
displaced in a combined human and environmental disaster (Mirza, 2011). In an attempt to miti-
gate these e ects, the regional optimizations considered in Chapter 4 place a strong precipitation

constraint on Southeast Asia to attempt to reduce the likelihood of droughts, oods, and heat waves.

Similar to Southeast Asia, sub-Saharan Africa's agricultural dependence renders the region among
the most risk-prone from a climate change perspective (Knox et al., 2012). The sub-Saharan African
continent contains the most malnourished population in the world, with chronic food security im-
pacting 28% of the entire African continent and an even greater proportion in the sub-Saharan
region (Clover, 2003). Approximately 17% of the region's GDP, and in some countries over 50%,
depends on agricultural output, including the region's ve staple crops of maize, sorghum, millet,
groundnuts, and cassava (Schlenker and Lobell, 2010). Regression analysis performed using GCMs
to predict agricultural outcomes under current trajectories of climate change have approximated
crop losses in sub-Saharan Africa between best-case losses of 8-10% and severe losses of 27-31% by
mid-century (Schlenker and Lobell, 2010). These crop losses result from a combined yield gain as a
result of higher CO, concentrations and a signi cant yield loss because of higher temperatures and
decreased rainfall (Knox et al., 2012). Coupled with a disproportionately malnourished and poor
population, signi cant agricultural yield reductions as a result of further regional warming would
prove disastrous for the sub-Saharan continent. Furthermore, the IPCC's Fourth Assessment Re-
port estimates that warming in both the sub-Saharan African and Southeast Asian regions will be
greater than overall global warming given currently observed warming patterns (Knox et al., 2012).
The optimization formulations considered in this paper attempt to limit temperature increases and
precipitation changes in the region and ultimately prioritize the region by weighting its lack of

economic development in tandem with its agricultural productivity.

Finally, we consider the Australian continent a particularly climate-sensitive area due to its high
concentration of rare biodiversity and high sensitivity to precipitation reduction, as demonstrated

in the 2019-2020 bush res that ravaged the region for months, with little in the way of mitigation
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at the time of this paper's writing. The Australian continent contains an extensive desert in the
middle of the continent, and res can be found in parts of the continent throughout the year,
moving south as the year progresses (Bradstock et al., 2002). GCM modeling indicates that a
doubled-COy,, higher-temperature world would lead to signi cant changes in the seasonality and
overall increases in the severity of Australian re seasons, although in some regions re seasons be-
come more severe but shorter (Williams et al., 2001). It should be noted that aside from Australia,
climate change-induced res could impact large swaths of terrain in traditionally cooler regions like
Russia and Canada, although these regions are not considered in this paper due to their overall
low temperature sensitivities, as shown in Section 3.1.1 (Williams et al., 2001). Aside from re
dangers, future warming is projected to have deleterious e ects on Australia's biodiversity, ground-
water supply, and agricultural resources, from wheat to winegrapes (Barron et al., 2011; Luo et al.,
2009; Webb et al., 2008). On a larger scale, prolonged warming patterns will signi cantly alter the
spatial distribution of the Australian climate, changing many now-temperate regions to arid regions
(Barron et al., 2011). This paper centrally focuses on Australia as it relates to the climatology of

the sub-Saharan African subcontinent (see Section 4.4).

1.6 Conclusions

Existing research on solar radiation management examines its practicality, implementation,
and time-bound consequences and addresses some of the challenges of implementing solar geoengi-
neering without exacerbating existing environmental, economic, and social issues in a divided and
unequal international community. Among the issues highlighted in this literature review are the
impacts of solar geoengineering on climate objectives like temperature and precipitation, conser-
vation concerns like vegetation and biodiversity, and salient human concerns like global inequality
and extreme, life-threatening weather events. Furthermore, the research noted above demonstrates
the applicability of simple mathematical models to approximate the behavior of temperature, pre-

cipitation and other variables in response to aerosol forcing.

Although a growing body of academic literature predicts the impacts of solar geoengineering imple-
mentation with respect to global objectives like global mean temperature or Arctic and Antarctic sea

ice concentration, the extensive model construction and experimentation in existing geoengineering
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literature belies an apparent negligence of these regional climate e ects of the disproportionate
impact of climate alteration on key risk regions. Climate change, however, harms some regions
and populations much more than others: coastal and high-precipitation regions, low-income pop-
ulations, and middle latitudes in many cases exhibit greater negative e ects due to anthropogenic
climate change and geoengineering alike. Filar et al's utilization of mathematical optimization to
address climate change and Kravitz et al's mathematical formulation of solar geoengineering feed-
back mechanisms together suggest the ability of an extension of existing mathematical methods to
construct alternative solar geoengineering formulations designed to address regional climate risks
and challenges. In particular, we are interested in examining whether or not solar geoengineering
can be utilized to obtain a more regionally equitable distribution of climate outcomes that mitigates
global climate change consequences while minimizing the impact to disadvantaged populations and
risk-susceptible land areas. To do so, we must analyze whether or not such regional responses can

be accurately predicted and modi ed by existing climate model optimization in the rst place.

In the chapters that follow, | will construct a regression-based framework for isolating regional
climate e ects, using HadCM3L climate forcing simulation data to identify target regions that
can be manipulated through spatially and temporally modi ed geoengineering mechanisms and
highlight the inter-regional tradeo systems that could render such regional modi cation coun-
terproductive. | then develop a series of increasingly sophisticated linear optimization methods
in an attempt to isolate and reduce local climate e ects using regionally and seasonally modi ed
geoengineering forcing patterns. A critical objective for this optimization work is controlling for
a more complicated set of human, region-speci ¢, and natural e ects than can be captured using
simple global mean climate response variables. The linear programming methods highlighted in
Chapter 4 attempt to encapsulate these hazards and construct a multidimensional response pattern
with the assistance of wildlife, agricultural, economic, and developmental datasets detailed in the
next chapter. Ultimately, in this paper | will assess the e ectiveness of these linear programming
methods utilizing two experiments with the high-resolution Community Earth System Model, in

order to observe the e cacy of linear optimization in the geoengineering context.



Chapter 2

Models and Datasets Overview

The primary dataset utilized for regional and economic optimization in this project was con-
structed from global climate model simulations performed previously using the HadCM3L coupled
atmospheric-ocean general circulation model (MacMartin et al., 2013). These simulations exam-
ine the global climate response to geoengineering with seasonal and regional variation re ected
in twelve distinct geoengineering scenarios that can, in turn, be combined to achieve a speci ed
climate objective, assuming linearity. The data collected from these simulations include gridded
latitude-longitude datasets of monthly and annual mean temperature, precipitation, and sea ice
concentration. Finally, the baseline scenario used in this project to benchmark temperature and
precipitation change is the simulation's pre-industrial scenario, with 278 ppm of CQ to estimate

climate conditions in the year 1850 without anthropogenic forcing.

From this pre-industrial case, each HadCM3L geoengineering model run simulates the impact of
climate engineering on a global climate with doubled CQ concentration of 556 ppm. Monthly

means for temperature, precipitation, and other climate objectives of interest are calculated across
the second 100 years of a 200-year simulation (MacMartin et al., 2013). This extended time series
enables the model to record precise regional climate responses by allowing the climate to equilibrate
over each simulation's rst 100 years. The model has a resolution of 3.75 degrees in longitude and
2.5 degrees in latitude, 19 vertical levels in the atmosphere and 20 vertical levels in the ocean.
Thus, while the model allows for examination of coarse regional responses to climate forcing, it is

limited in its ability to observe a stratospheric response to climate alterations. Furthermore, each
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HadCM3L run simulates geoengineering using a cumulative 1% direct solar insolation reduction,
enabling the model to remain agnostic regarding the particular method of solar geoengineering
utilized to achieve a climate outcome but limiting its ability to predict the chemical interactions

and e ects of any particular geoengineering mechanism.

To construct fteen di erent solar geoengineering scenarios with di ering temporal and spatial
distributions, the simulations make use of 3 latitude-variant forcing patterns and 5 di erent sea-
sonal patterns. Spatial distribution of solar radiation reduction is approximated using three linearly
independent Legendre polynomials- one constant (LO), one linear (L1), and one quadratic (L2)-

in the sine of latitude. MacMartin et al then utilize a sinusoidal periodic function peaking in

the middle of each of the four seasons S1 (December through February), S2 (March to May), S3
(June to August), and S4 (September to November) to illustrate the e ects of SRM implementation
during each of the four seasons, as depicted in Figures 2.1 and 2.2. The nal 3 "S0" model runs are

forced with regionally variant but seasonally uniform geoengineering.

Figure 2.1: LO, L1, and L2 Legendre polynomials shown against latitude from -90 to 90 degrees, demon-
strating regionally variant forcing distributions. As shown, LO (y = 1) represents uniform solar insolation
reduction of 1% across the globe; L1 (y =g5x + 1) represents forcing that increases linearly with increasing
latidude towards the north; L2 (y = 0:0001851851852 x?) represents a quadratic forcing with maxima at
the polar regions.

The fundamental assumption of this paper's work is that since each geoengineering scenario
S1L1...S4L2 produces a cumulative 1% solar insolation reduction, any linear combination of these
forcing patterns in which the fraction of all patterns used sums to 1 should also produce the

same total reduction in incoming radiation, but perhaps with di erent regional or temporal e ects
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Figure 2.2: Uniform function SO and Sin functions S1, S2, S3, and S4 shown representing seasonal forcing
distributions. SO simulates the time-independent geoengineering scenario; S1 distributes maximal forcing
over the Northern Hemisphere winter (December to February); S2, spring (March through May); S3, summer
(June through August); and S4, autumn (September through November). Source: MacMartin et al. (2013).

(MacMartin et al., 2013). Linear independence is constructed spatially through the selection of
3 linearly independent Legendre polynomials and temporally through the selection of four time-
variant cosine functions combined with these polynomials. To test the validity of the linearity
assumption, the authors compare the model response to a directly applied 1% solar insolation
reduction with a predicted response assuming linearity and nd that linear predictions are robust for
predicting temperature and precipitation change with both uniform and regionally and seasonally
variant forcing (MacMartin et al., 2013). Based on this analysis, the fundamental assumption for
the remainder of this project's work is that we can predict climate response to a linear combination

of forcing patterns by adding each pattern's response together.

2.1 Model States and Analysis

In order to gain a better understanding of this model's response to geoengineering climate
forcing, we examine the model's output in the uniform solar geoengineering forcing scenario and
compare this to the 2xCQO, control with no climate perturbation. The SOLO geoengineering sce-
nario depicts a world with a uniformly forced 1% solar insolation reduction, thereby serving as
a sort of "control" run distinct from the 12 regionally and seasonally variant geoengineering runs
in the dataset. The SOLO run exhibits normal seasonality and temperature patterns: the North-
ern Hemisphere remains relatively cool until the month of April, when southern Asia and Africa

start to exhibit warm temperature patterns that persist until October. Meanwhile, the Southern
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Hemisphere stays generally warm throughout the year, with mean temperatures between 290 and
310 K. Importantly, the polar regions remain su ciently cold throughout the year, never reaching
temperatures above 240-250K. All in all, the SOLO run represents an ideal-state solar radiation
reduction scenario with uniformly positive temperature e ects for the world. Climatology plots for

SOLO can be found in the Appendix.

2.1.1 Comparing Geoengineering and Control Outcomes

A comparison of the climatology produced by the SOLO uniform geoengineering scenario and
the 2xCO, control scenario demonstrates the signi cance of the temperature e ects resulting from
a 1% solar insolation reduction. To observe these e ects, we plot contour maps of monthly mean
temperature and precipitation di erences a) between the SOLO run and the 1850 pre-industrial
control and b) between the 2xCQO, run and the 1850 pre-industrial control. The results are shown
below for the month of February and for all 12 months in the Appendix using a 20-line contour
map. These output results reveal which regions of the world and months of the year are predicted to
be most severely impacted by anthropogenic temperature change in a high-COworld and predict
which of these would benet from a uniformly forced geoengineering scenario. In this way, they
help motivate the regional optimization work performed in this project by setting a performance

baseline vis-a-vis the pre-industrial control.

Figure 2.3: Contour maps comparing mean temperature change in the month of February under the 2xC©
control simulation and the SOLO simulation, shown with contour lines spaced every 0.6 Kelvin.
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