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ABSTRACT

STUDYING CLIMATE INTERVENTION SCENARIOS WITH DATA SCIENCE METHODS

Stratospheric aerosol injection (SAI) is a proposed climate intervention strategy that may alle-

viate the most severe climate change impacts. The ways in which a possible SAI deployment may

occur are vast and require social, environmental, and political consideration. To help scientists

decide which of the many possible futures to study, scenario design methods are often used. SAI

scenarios generally fall into one of two categories. The first, coordinated global deployment, is

characterized by global cooperation among all or most of the world’s population in deciding how

to deploy SAI. This work explores a common tool used alongside coordinated global deployment

climate model simulations to quantify the tool’s sensitivity to internal variability. The second cat-

egory, single actor deployment, is characterized by a single party or a small group independently

deploying SAI to achieve their own climate goals. Under a range of these scenarios, atmospheric

responses may motivate additional counter SAI deployments or retaliation from other parties. This

work quantifies atmospheric responses shortly after a wide range of single actor deployments.

Finally, this work concludes by introducing a novel machine learning emulator designed to ex-

plore SAI deployment scenarios for use alongside earth system models to inform future simulation

design. This machine learning emulator is comprised of multiple interpretable machine learning

models that are trained on simulations from the Community Earth System Model version 2 in-

cluding a novel simulation titled, Climate Response After Stratospheric Sulfur dioxide injection

(CRASSULA). Here the emulator design is described along with how this emulator can be used for

scenario design. The work in this dissertation emphasizes the need to question how SAI scenarios

are simulated, what assumptions are made, and what possible scenarios are being overlooked.
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Chapter 1

Introduction

Reducing carbon dioxide (CO2) and other greenhouse gas emissions remains the top priority

for averting climate change impacts. However, current pledges to reduce global emissions are

likely insufficient for keeping global mean temperature below the 2◦C global mean temperature

target set by the Paris Agreement [1, 2]. As the threat of rising global temperatures increases,

there is a call for research into methods of deliberate interventions in the Earth system, known as

climate intervention strategies [3–5]. While climate intervention strategies are not without risk,

these strategies could be used as a last resort to temporarily mitigate the worst climate change

impacts and provide more time for global emissions to be reduced [6–8].

Stratospheric aerosol injection (SAI) is one such proposed method of climate intervention

where aerosols or their precursors are continuously injected into the stratosphere to reflect some

incoming shortwave radiation and temporarily alleviate some of the worst consequences of climate

change. Importantly, SAI does not revert the Earth system to a previous state as it does not perfectly

counter the warming response to greenhouse gases or remove CO2 from the atmosphere [9,10]. For

example, SAI can slow or reverse melting sea ice in the Arctic [11] but cannot stop surface ocean

acidification caused by increased concentrations of carbon dioxide in the atmosphere [12,13]. SAI

also has its own risks and uncertainties such as possible slow down to stratospheric ozone recovery

through impacts to stratospheric chemistry and stratospheric circulation [14, 15].

Some uncertainties and risks can be managed with careful development of the SAI deployment

strategy, which describes how an SAI deployment may occur. This includes when the injection

starts, where the injections occur, how much is injected, and for how long the injection contin-

ues [16–18]. Deployment strategies generally fall into two categories. The first is a coordinated

global deployment which is characterized by global cooperation among all or most of the world’s

population in deciding how to deploy SAI. Global cooperation allows for flexibility in the deploy-

ment strategy so that possible negative consequences of SAI may be minimized [19]. Through
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cooperation and regulation required to make a coordinated global deployment successful may be

challenging given complex geopolitics [20]. While this deployment strategy often attempts to min-

imize negative impacts, there can be some trade-offs with different temperature targets [21] and

temperature targets that cause rapid cooling may be just as harmful as rapid warming from climate

change [22].

The second deployment scenario is a single actor deployment which is characterized by a single

party or a small group independently deploying SAI to achieve their own climate goals [3, 23, 24].

When considering single actor scenarios, regional responses, community opinions about climate

change and climate intervention, and the geopolitical landscape may all influence decisions about

an SAI deployment or additional responses by other actors [25, 26]. For example, extreme events

following a deployment may be falsely or correctly attributed as an SAI response and motivate sub-

sequent decisions including retaliation or additional climate intervention [26, 27]. Consequently,

the decision of whether to deploy SAI or not is one of complex social, environmental, and political

considerations [26, 28].

This dissertation works to better understand possible future scenarios that involve SAI and how

they are simulated in Earth system models. To do this, the implications about how coordinated

global deployments are often simulated and possible atmospheric responses shortly after a single

actor deployment are quantified and discussed. Chapter 2 investigates how sensitive a control

theory method that is commonly used in model simulations of coordinated global deployment

scenarios is to internal variability. This control theory method is referred to as a control algorithm

and keeps a system at a predetermined target by applying different forcings [29]. In coordinated

global deployment model simulations, the control algorithm maintains global mean temperature

and temperature gradients by determining how much sulfur dioxide (SO2) to inject. To quantify

its sensitivity to internal variability, an offline version of the control algorithm is passed patterns

of internal variability to quantify its sensitivity to each. Understanding how sensitive the control

algorithm is to internal variability motivates a discussion about whether the magnitude at which

the control algorithm is sensitive to internal variability is acceptable.
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The next two chapters introduce and use a novel simulation, titled Climate Response After

Stratospheric Sulfur dioxide Injection (CRASSULA), which serves two complementary purposes.

The first is to provide further information about atmospheric responses shortly after a range of

single actor deployments and the second is to serve as training data for a machine learning emulator

that allows quick and cheap exploration of further scenarios.

Chapter 3 quantifies how common atmospheric variables respond shortly after a single actor

deployment. Many scenarios of single point injections have unfavorable atmospheric impacts such

as regional changes to precipitation [30, 31]. While unfavorable, technology advancements, de-

creasing cost of implementing climate intervention, and increasing climate change impacts, all

increase the likelihood of a single actor deployment. CRASSULA is used to investigate responses

in near-surface temperature, precipitation, and ozone one and two years after a single actor deploy-

ment. Quantifying impacts shortly after a single actor deployment will highlight regions that are

at risk for experiencing impacts. By showing possible climate states shortly after a single actor

deployment, this chapter emphasizes the need for understanding these impacts for communication

and for planning any necessary efforts to mitigate SAI impacts.

These chapters highlight the need to consider how SAI scenarios are simulated and scenarios

of single actor deployments that may have impacts on communities. Often, the limited computing

time or limited computing resources restrict what scenarios can be simulated in an Earth system

model. Chapter 4 introduces an initial version of a machine learning emulator that predicts the near

surface land temperature response to SAI and can be used to explore SAI scenarios quickly and

cheaply. This emulator is not designed to replace Earth system models for SAI impact research.

It is designed to be used to explore various injection scenarios and provide information about

possible sensitivities or dependencies on internal variability. The emulator can also be used to

consider impacts alongside possible political and social responses which may motivate additional

SAI deployments. This information can then be used to design scenarios that are simulated with

an Earth system model. This chapter outlines the steps used to train the machine learning emulator

along with how it is used to investigate SAI scenarios.
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The content in Chapter 2 has been peer-reviewed and published in Earth’s Future [32]. As such,

this paper has been adopted for use in this dissertation:

Connolly, C., Prewett, E., Barnes, E. A., & Hurrell, J. W. (2024). Quantifying the impact of

internal variability on the CESM2 control algorithm for stratospheric aerosol injection. Earth’s

Future, 12(6), e2023EF004300.
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Chapter 2

Quantifying the Impact of Internal Variability on the

CESM2 Control Algorithm for Stratospheric Aerosol

Injection

2.1 Introduction

Several modeling projects have been conducted to understand how the climate system may

respond to additional SO2 in the stratosphere [33–37]. Some of these simulations implement a

feedback algorithm, called a controller, which determines how much aerosol to inject into the

stratosphere to maintain the climate system at pre-established temperature targets [29, 36, 37].

The Assessing Responses and Impacts of Solar climate intervention on the Earth system with

Stratospheric Aerosol Injection (ARISE-SAI-1.5) simulations, performed with version two of the

Community Earth System Model (CESM2; [38]), implement a controller to keep global mean sur-

face temperature near 1.5°C while also maintaining temperature gradients so that atmospheric cir-

culations are minimally impacted [37]. The controller accomplishes this by comparing the global

temperature (T0), the north-south temperature gradient (T1) and the Equator-to-pole temperature

gradient (T2) to predetermined targets of 288.64, 0.8767, and -5.89 K, respectively [37,39]. Devi-

ations between the T0, T1, and T2 values calculated from model output and the individual prede-

termined targets are used by the controller to determine how much SO2 to inject at four different

locations (30°N, 15°N, 15°S, 30°S).

In the ARISE-SAI-1.5 simulations, the controller impacts the climate system by determining

how much SO2 is needed to maintain the climate system at the pre-determined targets. Addi-

tionally, since the controller determines injection amounts based on deviations of T0, T1, and T2

from their respective targets, global and regional temperature patterns driven by internal climate

variability can impact injection amounts. A handful of studies have begun to explore how the
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controller and the simulated climate system impact one another. For example, MacMartin et al.

(2014) show that the way in which the controller is tuned and the lag between the controller input

and the response of the system can impact the internal variability of the climate system. Diao et

al. (2023) use data from the ARISE-SAI-1.5 simulations to show that ENSO accounts for 70% of

the year-to-year variability in injection anomalies determined by the controller. In this work, we

further explore how internal variability and volcanic eruptions impact SO2 injection determined by

the controller by passing global temperature maps with different internal variability patterns into

an offline version of the ARISE-SAI-1.5 controller.

2.2 Methods

The ARISE-SAI-1.5 controller sensitivity to internal variability is quantified by creating con-

troller inputs, for which the warming pattern and the patterns of internal variability are known, and

passing them to the controller. The way in which the warming patterns and patterns of internal

variability are calculated is provided in section 2.22.2.1. An offline version of the ARISE-SAI-

1.5 controller is used to explore a large range of climate states without having to run additional

simulations. Details about the changes made to the ARISE-SAI-1.5 controller are in section 2.2.2.

2.2.1 Controller Inputs

The 10 member ARISE-SAI-1.5 control simulation (ARISE-SAI-CTRL) is used to create the

controller inputs [37]. The ARISE-SAI-CTRL comes from the same model configuration the

ARISE-SAI-1.5 controller was tuned for but does not contain any SAI. Using the ARISE-SAI-

CTRL means that the controller inputs will not contain any SAI driven cooling.

Every controller input map contains one forced component which describes the climate warm-

ing trend. The forced component is defined as the smoothed annual-mean ensemble mean near sur-

face temperature using years 2035–2070 from the ARISE-SAI-CTRL. However, since 10 members

are not enough to remove all internal variability [40], the ensemble mean is smoothed by fitting a

third order polynomial to the timeseries at each grid point. These smoothed data are used as the
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base states, and we focus on the years 2035 and 2045 in this study. The year 2035 defines when

SAI begins in ARISE-SAI-1.5. Year 2045 defines when SAI begins in a different set of simulations

which are designed to inform about the atmospheric responses after a delayed deployment using

the same AIRSE-SAI-1.5 temperature targets [19].

Unforced components, or internal variability patterns, are defined as monthly temperature

anomalies composited based on internal variability events. Any number of internal variability pat-

terns of interest can be added onto a base state to quantify their impacts on total injection amounts.

This work focuses on variability associated with the El-Niño Southern Oscillation (ENSO; [41]

), the Southern Annular Mode (SAM; [42]), the North Atlantic Oscillation (NAO; [43]), and the

eruption of Mt. Pinatubo [44]. These modes of variability are selected because each produces

strong temperature anomalies in different regions of the globe. ENSO influences temperature pre-

dominantly at low latitudes, the NAO influences temperature at the high latitudes of the Northern

Hemisphere, the SAM influences temperature at the high latitudes of the Southern Hemisphere,

and a Pinatuno-like volcanic eruption influences temperatures globally.

The climate indices used to composite temperature anomalies associated with ENSO, NAO,

and SAM events are calculated using sea surface temperature and sea level pressure from the

ARISE-SAI-CTRL and the CESM2-LE. Methods used to calculate each climate index are as fol-

lows:

• The ENSO index is defined by the Nino3.4 index [41] based on the five month average

sea surface temperature within the 5°N-5°S, 120-170°W region. A positive ENSO event is

characterized by warmer than average temperatures in central and eastern Tropical Pacific

and a negative ENSO has cooler than average temperatures [41].

• The NAO index is defined by the principal component timeseries of the leading empirical

orthogonal function of surface pressure anomalies within 20-80°N, 90°W-40°E [43]. When

the NAO is positive, sea level pressures are anomalously low over the subpolar North At-

lantic. The opposite occurs during the negative phase of the NAO. The sea level pressure

anomalies drive circulation responses that impact regional temperature patterns in a variety
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of ways [43, 45, 46]. For example, when the NAO is in its negative state it drives warmer

than average temperatures across Northern Europe [47].

• The SAM index is calculated as the principal component of the leading empirical orthogonal

function of sea level pressure over the region 20-90°S [42]. When the SAM is positive, sea

level pressures over the Southern Hemisphere polar region are anomalously low and temper-

atures are cooler than average. However, when the SAM is negative, sea level pressures are

anomalously high and temperatures are warmer than average [48, 49].

The temperature anomaly pattern associated with the Mt. Pinatubo eruption is defined as the av-

erage temperature anomaly for two years following the eruption (June 1991–June 1993). The 100

member CESM2-LE warming trend is estimated by fitting a line at every grid point to the ensem-

ble mean surface temperature anomalies timeseries 10 years prior to the eruption (May 1981–May

1991). This line is extrapolated to June 1993, two years following the eruption, and then subtracted

from the ensemble mean. Assuming the internal variability is removed by calculating the ensem-

ble mean of 100 members and that the linear fit represents a short term continued warming trend,

subtracting the linear fit from the ensemble mean estimates the temperature anomalies associated

with the eruption of Mt. Pinatubo. Figure A.1 in the Appendix A demonstrates an example of

fitting a line to calculate temperature anomalies associated with Mt. Pinatubo.

2.2.2 Changes to the Controller

The ARISE-SAI-1.5 controller is a proportional-integral control algorithm, or PI controller

[50]. With a PI controller, the proportional term accounts for the current error between model

output and the predetermined targets and the integral term accounts for any persistent errors in time.

Constants, called gains, are tuned to determine how much of each component is needed to maintain

the system at the user-specified targets [29, 50, 51]. The active controller in the ARISE-SAI-1.5

simulations has a ramp up time of 5 years, which reduces shock to the system, and considers errors

from previous years in the calculation via the integral portion of the controller. More details about

the complete ARISE-SAI-1.5 simulations and its active controller can be found in Richter et al.
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(2022) and Kravitz et al. (2017) and the sources within. This work utilizes an offline version of

the ARISE-SAI-1.5 controller where the gain values are kept the same (i.e., no additional tuning)

and the controller is not connected to an active simulation.

Some additional changes are made to the offline ARISE-SAI-1.5 controller for this work. First,

since the offline controller is not connected to a simulation and cannot shock the simulated climate

system by suddenly injecting large amounts of SO2, the ramp-up period is reduced from 5 years

to 1 year. Second, the offline controller only receives one input at a time; therefore the controller

does not have errors from previous years to use when calculating an injection amount for the

current input. These changes ensure that when a temperature pattern is fed through the controller,

the injection amount is determined by a single temperature pattern and not an evolving state

2.3 Results

The total injection when only the base states are passed into the controller quantifies the total

injection in response to the climate warming signal. For the base states of 2035 and 2045, the in-

jections are 0.43 Tg/year and 1.44 Tg/year, respectively (Figure 2.1). Next, different combinations

of internal variability patterns are added onto these base states to create new controller inputs that,

when passed into the controller, quantify the impact of internal variability on the total injection

amounts.

Figure 2.1 shows how the controller responds to the same patterns of internal variability occur-

ring under different background warming. The difference between the 2035 base state and 2045

base state is found in Appendix A, Figure A.2. Controller input (a) in Figure 2.1 shows the base

state from 2035, the temperature anomaly pattern associated with an ENSO index between 1.0 and

1.2, and the temperature anomaly pattern associated with NAO index between -1.2 and -1.0. When

these three patterns are added together and then passed into the controller, the controller injects

0.71 Tg/year of SO2 into the stratosphere. Adding the same internal variability patterns onto the

base state 2045 (controller input (b)), the total injection increases to 1.56 Tg/year. The two patterns

of internal variability shown in Figure 1 are responsible for increasing the total injection by 0.28
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Figure 2.1: Schematic showing patterns that make up two different controller inputs. The base injection
is the amount injected given only the base state while the new injection is the injection amount when all
components are summed. Percent change shows how much internal variability changes the total injection as
a function of the base state.

Tg/year in 2035 and by 0.12 Tg/year in 2045. These increases are similar in magnitude, but in re-

lation to the base injection (i.e., percent change), the patterns of internal variability have a greater

impact in 2035 than 2045: 65.1% increase compared to a 8.3% increase. This shows the amount of

SO2 injected in response to internal variability in 2035 is not equal to the amount of SO2 injected

in response to the same internal variability in 2045. In the following analysis, we add different

combinations of internal variability patterns onto each base state (see A.3 in the Appendix A for

what climate indices are used in each figure).
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Figure 2.2: Percent change in total SO2 injection as a function of (a) ENSO, (b) NAO, and (c) SAM events.
Solid lines use data from ARISE-SAI-CTRL and dashed lines use data from CESM2-LE. Green lines use
year 2035 base state and orange lines use year 2045 base state. Black dashed line marks zero percent change.

Since the impacts from internal variability on the controller-determined total injection depends

on the base state, the ENSO, NAO, and SAM impacts on the total injection amounts are quantified

as percent changes in Figure 2.2 (see A.4 in the Appendix A for total change). The percent change

is calculated as the change in injection amount divided by the base injection amount (Figure 2.1). In

Figure 2.2, positive ENSO events are shown to increase the amount of SO2 injected and negative

ENSO events decrease the amount SO2 injected (Figure 2.2a), since positive ENSO events are

shown to increase the global average temperature and negative events do the opposite [52]. The

stronger the ENSO event, the greater the impact on the total injection, although, the impact of
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ENSO anomalies on the controller decreases substantially from year 2035 to year 2045. This is

because as the climate warming signal increases, the ENSO internal variability pattern is a smaller

percentage of the input and thus a smaller role in the total injection amount.

The NAO has a smaller impact on the total injection in 2035 when compared to ENSO and

its impact switches signs from 2035 to 2045. The SAM also has a smaller impact on the total

injection than ENSO but its impact does not change from 2035 to 2045. Similar SAM and NAO

impacts exist in both the ARISE-SAI-CTRL and CESM2-LE data and are therefore not a result

of noise in the composites but a response to the internal variability patterns. In Figure 2.2, the

base state pattern is the only difference between the green and orange lines in each panel, further

demonstrating how the same internal variability pattern can have a different impact on the total

SO2 injection depending on the background state.

Figure 2.3: Percent change in total SO2 injection as a function of two internal variability indices using
composites from the CESM2-LE. Top row uses the year 2035 base state and bottom row uses the year 2045
base state. Black line in each panel separates positive percent change (red shading) from negative percent
change (blue shading).
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Next, in Figure 2.3, we show how the total SO2 injection changes as a function of the combina-

tion of the two climate indices, with the top row using the 2035 base state and the bottom row using

the 2045 base state. Since the controller responds similarly whether anomalies are calculated from

ARISE-SAI-CTRL or CESM2-LE data as shown in Figures 2.2, Figure 2.3 shows results only

using CESM2-LE anomalies. Results using ARISE-SAI-CTRL are in Supporting Information S5.

Responses quantified in Figure 2.2 are also seen in Figure 2.3 , such as the increase in total in-

jection in response to a positive ENSO and a negative SAM. Figure 2.3 further shows that when

these events occur together in 2035, the total injection increases more than when the patterns occur

individually. A similar but opposite response is seen when a negative ENSO and a positive SAM

occur simultaneously and drive a larger decrease in the total injection.

The impact on the total SO2 injection from multiple internal variability patterns can change

based on the base state (Figure 2.3). When using the 2035 base state, the largest impacts typically

occur when the internal variability events are the strongest, as shown by the largest magnitudes of

percent change found in the corners of the top row panels in Figure 2.3. For a base state year of

2045 (bottom row), we find that the largest magnitude changes no longer necessarily occur when

the internal variability events are strongest. For instance, when the NAO is positive, the strongest

impact to the total injection occurs when the ENSO index is near one rather than two (Figure 2.3d).

When looking at the T0, T1, and T2 errors for the individual temperature patterns in Figure 3 (see

A.6 in the Appendix A ), the sign of the T1 error relative to the T1 target (0.8767) changes sign

from negative in 2035 to positive in 2045 while the sign of T0 and T2 errors stay the same. The T1

value describes the north-south temperature gradient where a positive T1 value means the Northern

Hemisphere is warmer than the Southern Hemisphere. Therefore, the sign change in T1 errors is

likely in response to the uneven hemispheric warming that occurs in response to climate change.

For more details about how deviations in T0, T1, and T2 change the total SO2 injection see A.7 in

the Appendix A.

We now explore the controller sensitivity to a volcanic eruption represented by the temperature

anomaly pattern associated with the 1991 Mt. Pinatubo eruption (Figure 2.4a). Introducing the
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volcanic eruption temperature pattern to the 2035 and 2045 base states decreases the amount of SO2

the ARISE-SAI controller injects. When the volcanic pattern is added to the 2035 base state alone,

the controller injects nothing and when added to the 2045 base state, the injection decreases by

0.58 Tg/year. The Mt. Pinatubo eruption injected approximately 10 Tg of SO2 into the stratosphere

[53,54] and was estimated to cool the Earth’s surface by 0.5°C [55]. Therefore, a volcanic eruption

the size of the Mt Pinatubo eruption would reduce the errors in T0 and thus decrease the total

injection determined by the controller. In 2035, the global cooling in response to a Pinatubo-like

eruption is enough to negate all experienced global-mean warming (at least from the controller’s

perspective), removing the need to inject any additional SO2. The amount of SO2 naturally injected

by Mt Pinatubo is not enough to combat the amount of warming experienced in 2045.

Including an internal variability pattern in addition to the Mt. Pinatubo eruption pattern allows

for the quantification of how much a Pinatubo-like eruption in combination with internal variability

impacts the controller-determined SO2 injection (Figures 2.4b, c, and d). In 2035, when a Pinatubo-

like eruption removes the need to inject SO2, only an ENSO event stronger than 0.5 forces the

controller to inject. Warming associated with a positive ENSO greater than 0.5 is enough to cause

the ARISE-SAI-1.5 controller to inject despite the volcanic eruption.

In 2045, when the controller input also contains a single internal variability pattern, a Pinatubo-

like eruption decreases the total injection by about 40% as shown by the orange line in Figure 2.4

centered around -40] % rather than around 0% as it is in Figure 2.2. Additionally, the slopes of the

orange lines in Figure 2.4 are smaller than the slopes of the orange lines in Figure 2.2 indicating

that internal variability has a smaller impact on the total injection when occurring alongside a

Pinatubo-like eruption. In summary, a volcanic eruption the size of Pinatubo in 2035 can reduce

the total SO2 injection by 100% except when the ENSO index is greater than 0.5. In 2045, a

volcanic eruption of the same size can reduce the total SO2 injection by about 40% and lessen the

impacts of ENSO, NAO, and SAM on total injection amounts.
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Figure 2.4: Mt. Pinatubo’s impact on the total injection where (a) are the temperature anomalies associated
with the Mt. Pinatubo eruption (volcano component of controller input). The new injection is the total SO2

injected given the base state and the volcano component. Percent change shows as a function of the base
state, how much the Mt. Pinatubo eruption changes the total injection. Panels (b), (c), and (d) are similar to
Figure 2.2 but also include the volcano component in the controller input.

2.4 Discussion

By design, controllers respond to variability of a system and therefore work well in systems

with uncertainty [56]. However, a controller’s ability to respond and impact internal variability

can result in complicated feedbacks where the controller can amplify or attenuate the frequency

of internal variability, a feature explored thoroughly in MacMartin et al. (2014). These features

of a controller are considered and balanced during the tuning phase of a controller. While this

may present a challenge toward implementing a control algorithm in reality, Kravitz et al. (2014)

showed that a control algorithm designed in one model could be used to meet the targets in a dif-

ferent model, demonstrating the controller’s ability to generalize to different systems. The results

in this work show a way to quantify a controller’s sensitivities to a variety of temperature patterns

post tuning, including to those outside of the system used to tune the control algorithm. While the

method produces some climate states that may have statistically low chances of occurring or that

may never occur, it allows for quick and cheap quantification of internal variability’s impact on the
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total injection determined by the controller. Results in this work are confined to the 2035 and 2045

base states calculated from the ARISE-SAI-1.5 control simulations (i.e., temperature patterns are

from the system the controller was tuned for). Given that this work shows that the internal variabil-

ity’s impact on the total injection depends on the background warming, using a different emissions

scenario or model for the base state may result in different quantified sensitivities.

Once sensitivities are quantified, one can consider whether the magnitude in which different

internal variability patterns impact the total injection is acceptable. For example, consider the

ARISE-SAI-1.5 controller’s response to a Pinatubo-like eruption. The controller injects less when

there are naturally occurring aerosols cooling the planet. However, in regards to patterns of internal

variability, is it acceptable that more SO2 is injected when the atmospheric-ocean system is in an

El Niño phase rather than a La Niña phase? Or should there be focus on ways to ensure that the

majority of the SO2 injection is in response to climate warming signal alone? Doing so would

require the ability to separate the forced and unforced response in our current atmosphere or to

predict them with considerable accuracy. Given that knowing or predicting the forced or unforced

response with high accuracy is an ongoing area of research [57–59], implementing current methods

to determine these responses would introduce further uncertainty into the feedback system.

2.5 Conclusion

This work quantifies the ARISE-SAI-1.5 controller sensitivity to internal variability and demon-

strates a method that allows for a quick and effective quantification of controller sensitivity post

tuning. The ARISE-SAI-1.5 controller’s response to patterns of internal variability associated with

ENSO, NAO and SAM as well as a Pinatubo-like eruption are quantified as these patterns cover

Northern Hemisphere, Southern Hemisphere, and global temperature impacts. Focus is placed

on quantifying these patterns of internal variability in relation to years 2035 and 2045, which

correspond to the deployment year in ARISE-SAI-1.5 and the deployment year in delayed start,

respectively (MacMartin et al., 2022). Using these two base state years, we show that internal

variability’s impact on the total injection is dependent on the background warming it is occurring
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under. Using this method to explore and quantify sensitivities of a tuned controller provides the

opportunity to explore controller responses to a system it is not tuned for, facilitates sensitivity

comparisons between scenarios and earth system models, and may promote discussion about the

extent to which an SAI-controller responds to variability internal to the climate system.
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Chapter 3

Atmospheric Response Shortly After a

Single Actor Deployment

3.1 Introduction

As technology advances and the cost of climate interventions are projected to decrease [60],

it becomes more likely a single actor may deploy SAI to achieve their own climate goals. Single

point injections are shown through model simulations to have global and often undesirable im-

pacts [30, 31, 61]. These impacts include single hemisphere injections causing the Intertropical

Convergence Zone to shift in response to unequal cooling of the hemispheres, impacting precipita-

tion amounts for regions at and near the equator [31], and injections at the equator reducing equa-

torial precipitation via overcooling the tropical region more than the high latitudes [30]. An SAI

deployment from a single actor may successfully drive regional cooling or mitigate local climate

change impacts, but may also drive additional remote and possibly unfavorable responses. Un-

derstanding atmospheric responses on this short timeframe will help understand possible climate

states post a single actor deployment, communicate possible impacts to affected communities, and

strategize any necessary mitigation efforts.

Much of the research that investigates the atmospheric response to SAI focuses on coordinated

deployment scenarios [36, 37, 62, 63], or timeframes many years after deployment and averaged

across multiple years so that the atmospheric response from the deployment can be more easily

identified [14, 64, 65].

To provide further information about atmospheric responses shortly after a single actor de-

ployment and to train a machine learning learning emulator for quicker and cheaper exploration

of deployment scenarios, this work introduces a novel simulation titled Climate Response After

Stratospheric Sulfur dioxide Injection (CRASSULA). This chapter introduces the dataset and fo-
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cuses on the atmospheric responses to SAI deployment strategy shortly after deployment. Chapter

4 will discuss the training and use of the machine learning emulator for scenario design.

3.2 Climate Response After Stratospheric Sulfur

dioxide Injection (CRASSULA)

CRASSULA is a novel dataset simulated to train the machine learning model introduced in

Chapter 4. CRASSULA is simulated with CESM2, run with a 0.9 latitude by 1.25 longitude

grid, 70 vertical level resolution, and the middle-atmosphere version of the CESM2-WACCM6

atmospheric [66]. Sea surface temperatures are prescribed to seasonal values and the simulation

is run with a perpetual 2000 emissions forcing so that responses in the atmosphere can be more

easily attributed to the injections of SO2 into the stratosphere.

SO2 injections in CRASSULA occur for two years at a specified rate and location after which

they abruptly stop and a new injection starts. Twenty-nine different injection locations are sampled

in CRASSULA. The locations include seven latitudes (0, ±15, ±30, and ±50 latitude) and four

longitudes (20, 125, 180, and 280 longitude) with an additional injection at the high latitudes

of the Northern Hemisphere (70◦N, 180◦E). Injection height is predetermined as a function of

latitude so that the injection is just above the tropopause. Four different injection rates are sampled

(1, 4, 8, and 16 Tg/year) at each injection location. In total, 116 unique injection scenarios are

simulated. Most injection scenarios are sampled eight times, however, due to challenges during

simulating CRASSULA, some injection scenarios are sampled less frequently. See Figure 3.1 for

the injection locations and how many times each is sampled. Section 3.2.2 provides more details

about the challenges faced while simulating CRASSULA. CRASSULA also has a 30-year control

simulation with the same configuration but with no injections of SO2 into the stratosphere.

3.2.1 Designing CRASSULA

The original motivation for simulating CRASSULA was to train the machine learning emu-

lator outlined in Chapter 4. However, given the large environmental footprint of running Earth
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system models, it was important to ensure that CRASSULA could be used beyond training a ma-

chine learning emulator [67, 68]. Physical constraints such as limited core hours, limited access

to a super computer, and limited storage, restricted the possible scope of CRASSULA. Designing

CRASSULA became a balance of ensuring the data would be useful for training the machine learn-

ing emulator, that it fell within the physical computing constraints, and that it had applicability to

research beyond training the machine learning emulator.

To get as many training samples as possible and to allow the machine learning emulator to

learn possible nonlinearities in the response to different consecutive injections, each injection in

CRASSULA occurs continuously for two years before it abruptly stops and a new one starts. The

two year duration was motivated by the time in which atmospheric responses to volcanic impacts

are often studied [69]. Early tests of the CRASSULA model configuration (not shown) and some of

the results shown here indicate that year one contains some influence from the previous injection

while year two is influenced by the current injection. This means that year one can be used to

look at atmospheric responses to different injection scenarios with careful consideration about

the composition of CRASSULA (continuous injection at different locations every two years) and

year two may provide unique details about atmospheric responses to SAI scenarios shortly after

deployment. For this reason, to identify regional atmospheric response shortly after a single actor

deployment, this work focuses on the second year after deployment and uses year one only for

global averages.

Another decision about the design of CRASSULA was to identify which variables and on what

temporal resolution to save. With the 1,784 years simulated in CRASSULA (originally 1,856

intended years) and limited storage space, there had to be extra consideration about what variables

would make CRASSULA most useful to answer future questions about single actor deployments.

Since there is no way to foresee all ways in which a dataset such as CRASSULA will be useful, the

variables saved from CRASSULA followed the recommendation of Richter et al., (2022), which

contains a table of the minimum recommended model output for an ARISE-SAI simulations (Table

A1 in Appendix A).
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The model configuration used to simulate CRASSULA was also an important design choice,

as it affects how this data can be used, how it can be compared to existing data, and how many

resources were necessary to simulate CRASSULA. Some decisions were straightforward such

as using the middle atmosphere component of CESM2-WACCM6 as this component is cheaper

than the full CESM2-WACCM6 atmosphere component but still resolves important stratospheric

chemistry necessary for SAI research [70]. A less straightforward decision was the choice to

simulate CRASSULA with a data ocean rather than a dynamic ocean. There were three reasons this

decision was made. First, the data ocean is marginally cheaper than a dynamic ocean, reducing the

necessary resources to simulate CRASSULA. Second, not sampling the ocean states meant fewer

samples needed to train the machine learning emulator. Lastly, the ocean response to external

forcing is slow due to larger specific heat content and so the ocean response to injections sampled

in CRASSULA would be minimal [71]. While some studies show that large volcanic eruptions

can have atmospheric impacts decades after eruptions due to the slow response of the ocean [72],

the purpose of CRASSULA is to study the atmospheric responses shortly after deployment, not

the long lived impacts of aerosols in the stratosphere.

The final choice for the model configuration is deciding what historical forcing will be used in

CRASSULA. The historical forcing impacts model details such as background emissions and land

use. It was important that background emissions in CRASSULA stay constant so that atmospheric

responses can be more easily attributed to the SAI scenario rather than the changing background

state. The perpetual year 2000 is selected to mimic deploying SAI alongside greenhouse gas

emissions.

3.2.2 Challenges while Simulating CRASSULA

CRASSULA was run on the Cheyenne supercomputer leading up to its decommission at the

end of 2023. After seven years of service, Cheyenne was operating unreliably causing active jobs

to fail randomly. This made finishing the simulations by the end of 2023 challenging. The failing

jobs extended the timeline causing some data to unknowingly hit the maximum file life and be
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deleted. These problems resulted in 72 years of the 1,856 intended years of CRASSULA to be lost.

This equals a loss of 3.8% of the data and a total of 36 injection scenarios. Figure 3.1 shows the

missing injection locations for the four injection rates colored by how many times each is sampled

in CRASSULA. Note that despite some missing data, all injection scenarios are sampled six or

more times with most scenarios sampled more than seven times. These gaps can be supplemented

by additional runs, but there are currently no plans to do so.

Figure 3.1: Shows the SAI locations in CRASSULA along with how many times each location is sampled
for 1Tg/yr (a), 4Tg/yr (b), 8Tg/yr (c), and 16Tg/yr (d).

3.3 Composites and Results

With the unique composition of CRASSULA established, sections 3.3.1 through 3.3.4 review

the atmospheric responses shortly after an SAI deployment. This study focuses on injections at

30°N, 30°S, and at the equator to represent single injections in each hemisphere and at the equa-
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tor. The four longitudes sampled in CRASSULA are all used in the composites to increase the

number of samples and reduce possible impacts from internal variability. Grouping scenarios with

injections at different longitudes but the same latitude is reasonable, as aerosol are evenly mixed

zonally by the second year after deployment, therefore changes in longitude have very little impact

on atmospheric responses on this timeframe [17, 73].

3.3.1 AOD and Net Flux at the Surface

SAI cools the planet by reflecting incoming shortwave radiation. This is represented in Figure

3.2 and Figure 3.3 as increased aerosol optical depth in the hemisphere with the SO2 injection and

a reduction in net shortwave radiation at the surface. The AOD and net surface shortwave radiation

anomalies also change linearly with changes to the SO2 injection rate.

It should be emphasized that, while most of the response in AOD is located in the hemisphere

of the injection, the student t-test used to stipple the panels indicate significant values in the op-

posite hemisphere. While significant values (stippling) do not confirm that a value is or is not a

response of the current injection, they do offer evidence that the anomaly was unlikely to have

occurred by chance alone. In this case, the stippling is likely caused by the previous injection.

As previously mentioned, CRASSULA injects at the same location for two years when it then in-

stantly switches to a new location and rate, therefore, there is always an injection occurring. This

is important for training the machine learning emulator (Chapter 4), but may appear as lingering

impacts in this study. The stippling in the hemisphere opposite the hemisphere with the injection

in Figure 3.2a-d and Figure 3.3a-d are likely a result of impacts from previous injections as, on this

timeframe, aerosols typically stay confined to the hemisphere where the injection occurred [17,74].

Additional evidence of this is that the net shortwave flux anomaly at the surface shown in Figure

3.2f-i and Figure 3.3f-i indicate that most of the radiative impact is contained to the hemisphere of

the injection.

Figure 3.2e, j and Figure 3.3e, j show the globally averaged anomalies for AOD and net short-

wave flux at the surface. The mean across all data is shown in the dark purple (year one) and
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dark green (year two) while globally averaged anomalies for each individual ensemble member is

shown in the light purple (year one) and light green (year two). The ensemble mean shows the

average global mean response while the global means of individual ensemble members represent

a range of possible climate states following a specific injection scenario. The global mean values

shown in Figure 3.2e and Figure 3.3j show a reduction in the spread of possible mean climate states

from year one to year two. This is likely again due to the continuous injection. Since the injections

sampled in CRASSULA are randomized, each sample is coming from a different climate state. By

year two, the response to the current injection dominates in both AOD and net shortwave flux at

the surface.

Figure 3.2 and Figure 3.3 provide context for how the novel CRASSULA simulation behaves

to the continuous randomized injections. Now, we use the same steps to make composites of

temperature, precipitation, and ozone.

3.3.2 Temperature

The predominant goal of SAI is to cool or stabilize the planet to counteract warming from

additional greenhouse gases in the atmosphere and studies have shown that the cooling response

depends on the deployment strategy [63,65,75]. The large sample of injection scenarios in CRAS-

SULA provides a unique opportunity to study the near surface temperature response to SAI shortly

after deployment. Figure 3.4 shows the near surface temperature anomaly in year two for injec-

tions at 30°N and 30°S. In these figures, the near surface temperature shows little change over the

oceans. Since there is a measurable response in the net shortwave flux at the surface (Figure 3.2f-i

and Figure 3.3f-i) and a temperature response over land, the data ocean is likely modulating the sig-

nal over the oceans. Even with a dynamic ocean, the surface ocean is slower to respond to external

forcing and so there would likely be little to no response in the ocean on these timescales [76, 77].

The smaller response in near-surface temperature over the ocean is apparent in the global mean

values in Figure 3.4e and j where the response in the Northern Hemisphere is larger (note the

different y-axis).
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Figure 3.2: Average AOD anomaly (a-e) and average net shortwave flux at the surface (f-j) for SO2 injec-
tions at 30°N. The injection scenarios are split into four injection rates 1Tg/yr (a, f), 4Tg/yr (b, g), 8Tg/yr
(c, h), and 16Tg/yr (d, i) and stippling represents a p-value of less than 0.05. Panels (e) and (j) are global
average anomalies for year one (purple triangle) and year two (green circle). Dark purple and dark green
indicate ensemble means and light green and light purple show global mean anomalies for each ensemble
member. Black horizontal line denotes zero.

The globally averaged values in Figure 3.4e and j show larger variability in possible global

average temperatures in the second year after deployment. Injections in the Northern Hemisphere

increase the likelihood of cooler mean climate states. Injections in the Southern Hemisphere in-

crease the likelihood of both warmer and cooler mean climate states. The warmer mean climate

states present during Southern Hemisphere injections occur due to increased temperatures over

Europe and Asia (Figure 3.4f-i). This is likely due to the SO2 in the stratosphere of the South-

ern Hemisphere causing stratospheric heating and impacting the meridional temperature gradient

from the equator to the polar region of the Northern Hemisphere. Previous studies have shown this

change in the temperature gradient increases the momentum flux poleward, strengthening the eddy

driven jet [64].
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Figure 3.3: Average AOD anomaly (a-e) and average net shortwave flux at the surface (f-j) for SO2 injec-
tions at 30°S. The injection scenarios are split into four injection rates 1Tg/yr (a, f), 4Tg/yr (b, g), 8Tg/yr
(c, h), and 16Tg/yr (d, i) and stippling represents a p-value of less than 0.05. Panels (e) and (j )are global
average anomalies for year one (purple triangle) and year two (green circle). Dark purple and dark green
indicate ensemble means and light green and light purple show global mean anomalies for each ensemble
member. Black horizontal line denotes zero.

Bednarz et al., (2022), found a similar response looking over longer timeframes. That work also

identifies a similar response in the Southern Hemisphere to injection in the Northern Hemisphere,

however, that signal is not present in the near surface temperature composites in Figure 3.4a-d.

This indicates that SAI deployments in the Southern Hemisphere can impact circulation and near

surface temperature in the Northern Hemisphere as soon as two years after deployment.

3.3.3 Precipitation

Moisture content in the atmosphere is expected to increase as a result of warming induced by

additional greenhouse gases [78]. Thus, SAI is expected to reduce global mean precipitation along

with reducing global mean temperatures. However, SAI does not perfectly reverse the impacts of

greenhouse gases on precipitation [10], some injection scenarios have been documented to reduce
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Figure 3.4: Average near surface temperature anomaly for SO2 injections at 30°N (a-e) and 30°S (f-j). The
injection scenarios are split into four injection rates 1Tg/yr (a, f), 4Tg/yr (b, g), 8Tg/yr (c, h), and 16Tg/yr
(d, i) and stippling represents a p-value of less than 0.05. Panels (e) and (j) are global average anomalies for
year one (purple triangle) and year two (green circle). Dark purple and dark green indicate ensemble means
and light green and light purple show global mean anomalies for each ensemble member. Black horizontal
line denotes zero. Note the different y-axis on panels (e) and (j).

global mean precipitation too much [31] or drive unique regional responses [79, 80]. Calculating

average precipitation anomalies based on injection scenarios can quantify if precipitation responds

shortly after deployment and by how much.

Figure 3.5 shows the precipitation anomaly for year two for injections at 30°N (a-e) and 30°S

(f-g). Due to precipitation having large regional variability [81], there are fewer notable and signif-

icant anomalies for precipitation compared to near surface temperature. The global mean anomaly

values in Figure 3.5e-j shows very little change across injection rates, however, the variability in

possible global mean precipitation from year one to year two does greatly change. Similar to near

surface temperature, the variability in year two is greater than the variability in year one.
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Figure 3.5: Average precipitation anomaly for SO2 injections at 30°N (a-e) and 30°S (f-j). The injection
scenarios are split into four injection rates 1Tg/yr (a, f), 4Tg/yr (b, g), 8Tg/yr (c, h), and 16Tg/yr (d, i) and
stippling represents a p-value of less than 0.05. Panels (e) and (j) are global average anomalies for year
one (purple triangle) and year two (green circle). Dark purple and dark green indicate ensemble means and
light green and light purple show global mean anomalies for each ensemble member. Black horizontal line
denotes zero. Note the different y-axis on panels (e) and (j).

While precipitation has little response to single hemispheric injections in this timeframe, pre-

cipitation does show measurable response to equatorial injections shortly after deployment. As

previously mentioned, equatorial injections have been shown to reduce equatorial precipitation.

Previous studies show that this is due to heating of the lower stratosphere [82, 83] which causes a

stalling of the quasi-biennial oscillation [84].

Figure 3.6e highlights a lag in global precipitation response as almost no change in global

mean precipitation occurs during year one for any injection rate. For year two there are linearly

larger decreases in global mean precipitation in response to increases in injection rate. In global

mean precipitation, an injection of 4Tg/yr or larger is needed to see a reduction in global mean

precipitation in year two. However, the global mean precipitation values for individual samples
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Figure 3.6: Average precipitation anomaly for SO2 injections at the equator. The injection scenarios are
split into four injection rates 1Tg/yr (a), 4Tg/yr (b), 8Tg/yr (c), and 16Tg/yr (d) and stippling represents a
p-value of less than 0.05.. Panel (e) is global average anomalies for year one (purple triangle) and year two
(green circle). Dark purple and dark green indicate ensemble means and light green and light purple show
global mean anomalies for each ensemble member. Black horizontal line denotes zero.

show increased variability in possible mean climate states in year two with injections of only 1

Tg/yr. This includes increased occurrences of mean climate states with increases in precipitation

and decreases in precipitation.
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3.3.4 Ozone

Sulfate aerosols can impact ozone concentrations by catalyzing heterogeneous chemistry and

impacting ozone transport [14, 36, 85, 86]. These impacts on ozone concentrations depend on the

region and the injection scenario. For example, injection scenarios that strengthen the polar vortex

will drive a decrease in ozone concentration at the high latitudes due to a reduction of poleward

ozone transport [85]. Understanding how an injection scenario may impact ozone concentrations is

important since some injection scenarios could slow down the recovery of the stratospheric ozone

layer. Ozone responses shortly after a single actor deployment are uncertain and CRASSULA

provides an opportunity to explore how quickly these changes occur.

When investigating ozone responses shortly after a single actor deployment, it is important to

note that the impact SAI has on stratospheric ozone depends on the deployment year. The process

of ozone loss happens via heterogeneous chemistry and depends on the chloroflourocarbon (CFC)

load in the stratosphere. Since CRASSULA is simulated with continuous year 2000 emissions and

the CFC load has continued to decrease each year in the real atmosphere [87], the magnitude of

ozone impacts shown here will be larger than the ozone responses to future single actor deploy-

ments. CRASSULA can still provide information about the pattern of ozone response and how

quickly ozone responds to single actor deployments. For this reason, only ozone response to injec-

tions of 16Tg/yr and global averages are shown in Figure 3.7 so that attention can be placed on the

pattern of ozone response and changes from year one to year two.

The ozone responses shown in Figure 3.7 indicate that ozone responses can occur as quickly

as two years after deployment. The patterns of ozone loss are similar, but weaker in magnitude,

to those found in Bednarz et al. (2023) when looking at ozone responses over a 15-year period.

These responses are summarized briefly here. Equatorial injections result in a layered ozone re-

sponse in the stratosphere where ozone decreases in the lower stratosphere, increases in the middle

stratosphere, and decreases in the upper stratosphere. This tiered response occurs due to changes

in tropospheric circulation (equatorial upwelling and the Brewer-Dobson circulation) and changes
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to heterogeneous chemistry [85]. When averaged across the entire stratosphere and troposphere,

an equatorial injection drives an overall decrease in stratospheric ozone (Figure 3.7b, d, f).

In a single hemisphere injection there is a decrease in stratospheric and tropospheric ozone

in response to ozone destruction in the stratosphere and less ozone available for transport at the

high latitudes from the stratosphere into the troposphere. The opposite is true for the hemisphere

opposite of the injection where stratospheric ozone increases. Previous research shows that as

ozone is created in the tropical stratosphere, the stronger northern hemisphere component of the

Brewer-Dobson Circulation carries the new ozone northward [85].

Given the long recovery time of stratospheric ozone [88] some features of 3.7 are likely lin-

gering responses from previous injections. For example, all panels of zonal mean ozone show a

negative ozone anomaly in the hemisphere opposite of the injection. Given that aerosols predomi-

nantly stay contained in the hemisphere of the injection on this timeframe [17,74], these reductions

are likely not a response to the current injection. Furthermore, the feature does not reach statistical

significance (p > 0.05). While significant values (stippling) do not confirm that a value is or is not

a response of the current injection, they do offer evidence that the anomaly was unlikely to have

occurred by chance alone. Overall, we find that ozone responds quickly to SAI. Single actor in-

jections can impact stratospheric ozone, tropospheric ozone, and circulations as soon as two years

after deployment.

3.4 Conclusion

Single hemisphere or equatorial injections come with a number of undesirable impacts [30,31,

61]. However, this does not mean that single actor scenarios are not possible in the future. As

technology improves, making climate intervention methods possible and cheaper, and climate im-

pacts become more extreme, a single actor may be motivated to deploy SAI. Given the possibility

of undesirable consequences, it is crucial that these scenarios receive attention so that responses

shortly after a single actor deployment are understood, can be properly communicated, and any

necessary mitigation strategies can be implemented. CRASSULA provides a unique opportunity
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to investigate atmospheric responses to different injection scenarios shortly after deployment. The

results highlighted here indicate that some atmospheric responses to SAI scenarios can occur as

quickly as one to two years after deployment, depending on the rate of injection. Additionally, in

smaller injection rates that have no response in the ensemble mean, this work indicates that there

is increased variability in possible global mean precipitation and global mean near surface temper-

ature states after a deployment. These atmospheric responses may be short lived but have major

impacts on communities.

These results call attention to important nuances when considering future climate states after a

single actor deployment. Even if a single actor injection were halted quickly after deployment, it

does not mean that the atmospheric responses will be minimal. Additionally, the longer any single

actor deployment continues, the larger probability of significant atmospheric responses. This work

highlights why these scenarios, although not favorable, cannot be ignored.
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Figure 3.7: Average precent change in ozone for SO2 injections at 30°S (a,b), equator (c,d), and 30°N (e,f). Stippling represents a p-value of less
than 0.05. Panels b, d and, f are global average anomalies for year one (triangle) and year two (circle). Pink and purple are averages with tropospheric
ozone. Blue and orange are averages with stratospheric ozone. Dark purple, pink, blue, and orange indicate ensemble means and light purple, pink,
blue, and orange show global mean anomalies for each ensemble member. Black horizontal line denotes zero.

33



Chapter 4

Emulating the Temperature Response to

Stratospheric Aerosol Injection Scenarios

4.1 Introduction

Earth system models are a powerful tool to simulate the response to hypothetical climate inter-

vention strategies, but limited resources constrain which SAI scenarios can be simulated [19]. To

help scientists decide which possible futures to simulate in an Earth system model, scenario design

methods are often used. Scenarios constrain what climate futures are simulated by directing ef-

forts towards plausible futures that can inform decision-making under uncertainty and are used to

understand possible climate futures in response to decisions [89, 90]. The focus on past and future

decisions in scenario design means that what is considered a plausible scenario changes based on

the person designing the scenario and with changes in policies and society.

Scenario design can direct the planning process for creating future scenarios surrounding the

deployment of SAI. Designing scenarios enable scientists to evaluate a range of potential climate

futures, factoring in changes to emissions, culture, and political landscapes. Scenarios are es-

pecially beneficial when evaluating plausible climate futures that involve single actor scenarios,

scenarios where an SAI deployment is in response to a previous SAI deployment, or for an SAI

deployment that is in response to an extreme weather event [24, 91].

To inform future decisions about SAI deployment, it is important to have a sufficient under-

standing of the range of possible climate responses under SAI. Since running an Earth system

model can be slow and expensive, emulators have been proposed as a tool that can cheaply and

quickly explore a large range of climate responses to SAI scenarios. To date, there are emula-

tors designed to emulate the impact of terminating an SAI deployment [92] and a linear emulator

34



to investigate how reducing the solar constant (reducing incoming shortwave radiation) impacts

temperature and precipitation [93].

This work introduces an initial version of a machine learning emulator which will be updated

for a future publication. The emulator is designed to explore SAI deployment scenarios by predict-

ing the near surface temperature response to a multi-year SAI scenario. By generating data at one

year increments, the generated data can be used for considering the motivation of subsequent ac-

tors by being able to sample different internal variability patterns and possible SAI impacts. After

using the machine learning SAI emulator to design the deployment scenario, the parameters can

then be simulated in an Earth system model.

This machine learning emulator is created by independently training multiple interpretable

models that together create the complete SAI emulator. This novel method for creating a machine

learning emulator allows for greater interpretability so that a user can better understand why a

prediction was made. In total, this machine learning emulator is comprised of four machine learn-

ing models that are trained on simulations from CESM2 [38], including the novel dataset titled,

CRASSULA. These four machine learning models independently predict internal variability, tem-

perature responses to the total CO2 in the atmosphere, aerosol optical depth (AOD) responses to

SAI, and temperature responses to changes in AOD. Details about how each of these models are

designed and trained is found in Section 4.3, with additional information in Appendix B.

4.2 Data

To train the machine learning emulator, annual mean temperature, annual mean AOD, and

annual mean global CO2 amount in parts per million (PPM) are used from five existing CESM2

simulations and the novel CESM2 simulation named CRASSULA (Table 4.1). Details about the

simulations are found in the following sections.

Perpetual 1850 Control Simulations: Two perpetual 1850 pre-industrial control simulations

are used. The first simulation is run with the Whole Atmosphere Community Climate Model

version 6 (CESM2-WACCM6; [66, 94]) with a 0.9 latitude by 1.25 longitude grid (piControl-
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Table 4.1: Data used to train machine learning models

Short Name Reference
piControl-WACCM [94]

piControl-CAM [95]
SSP2.4-5 [96]
LE-HIST [97]

ARISE-SAI-1.5 [37]
CRASSULA documented in Chapter 3

WACCM). The second perpetual 1850 pre-industrial control simulation is run with Community

Atmosphere Model version 6 (CAM6; [98]) with a 0.9 latitude by 1.25 longitude grid (piControl-

CAM). Two different simulations were utilized rather than just one to provide additional samples

of 1850 internal variability. While these simulations utilize different atmospheric components of

the CESM2 model, both were selected for specific goals. The piControl-WACCM simulation uses

the same atmospheric component as CRASSULA and the piControl-CAM is larger and provides

additional training years.

Shared Socioeconomic Pathways Middle of the Road Rcenario: The Shared Socioeconomic

Pathway 2-4.5 (SSP2-4.5; [37, 96]) simulation is a future emission scenario, often referred to as

the “middle of the road” scenario [99]. This simulation uses CESM2-WACCM6 with 0.9 latitude

by 1.25 longitude grid. SSP2-4.5 has 10 ensemble members, where five members simulate years

2015-2100 [96] and five members simulate years 2015-2070 [37].

Historical CESM2 Large Ensemble: The CESM2 Large Ensemble is a 100 member ensem-

ble simulated with a 0.9 latitude by 1.25 longitude grid (CESM2-LE; [97]) and uses CAM6 as

the atmosphere model. The ensemble members are forced with historical forcing from 1850 to

2014. To train and evaluate the machine learning emulator, only 10 members from CESM2-LE

are used so as to not overwhelm the training data with data simulated with the CAM6 atmospheric

component.

ARISE-SAI-1.5: The ARISE-SAI-1.5 ensemble is designed to simulate a plausible coordi-

nated global deployment of SAI where SAI is deployed to maintain global mean temperature at
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about 1.5°C above pre-industrial temperature while minimizing impact to global temperature gra-

dients [37]. These goals are accomplished through the use of a control algorithm which determines

how much sulfur dioxide to inject into the stratosphere across the four locations (15°S, 15°N, 30°S,

30°N and 180°E at height 21.5 km; [29, 37, 39]). ARISE-SAI-1.5 uses CESM2-WACCM6 with

0.9 latitude by 1.25 longitude grid. It has 10 ensemble members simulating the years 2035-2070.

This simulation provides the emulator information about simultaneous injections. Refer to Richter

et al., (2022) and Kravitz et al., (2017) for more details about the ARISE-SAI-1.5 ensemble or the

control algorithm.

CRASSULA: CRASSULA was introduced in detail in section 3.2. For training the machine

learning emulator, CRASSULA required a bias correction as the average land surface temper-

ature calculated from the CRASSULA control simulations is about 1K cooler than year 2000

in the CESM2-LE or the historical simulations that accompany SSP2-4.5 simulation. CESM2-

WACCM6 has been documented to have a cold bias in the global surface temperature compared to

the CESM2-WACCM6 full atmosphere component [70].

To correct the bias, the average difference between the SSP2-4.5 historical simulation and the

CRASSULA control is determined. Ten years (1995-2005) from the SSP historical simulations are

used to reduce noise from internal variability. The bias correction is defined as the ensemble mean

of the SSP historical ten year average minus the average of the near surface temperature from the

CRASSULA control. To adjust the near surface temperature in CRASSULA, the bias correction

map is added onto each annual mean near surface temperature map.

4.3 Machine Learning Training and Validation

Four individual U-net machine learning models make up the machine learning emulator [100]:

termed the internal variability machine learning model (IV M ), the CO2 machine learning model

(CO2M ), the AOD machine learning model (AODM ), and the SAI machine learning model

(SAIM ) (Figure 4.1). When put together, these four machine learning models makeup the com-

plete SAI scenario emulator. The machine learning emulator requires four user defined inputs:
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Figure 4.1: Schematic of the four machine learning models that comprise the machine learning emulator
(black boxes). Inputs are indicated by purple squares and blue squares indicate inputs that are predictions
from other machine learning models. Arrows represent the flow of information within this multi-model
architecture.

an initial annual mean temperature map (T0), an initial annual mean AOD map (AOD0), a CO2

amount in PPM (PPM ), and the injection scenario (S). SAI scenarios are often identified by the

location (latitude, longitude, and height) of injection along with the rate of injection. The task of

the SAI scenario emulator is to predict the near surface land temperature for the following year.

Future versions of the SAI scenario emulator can be trained to predict temperature over the oceans

and SAI responses in other variables. Figure 4.1 shows how the four models (black boxes), the

four user defined inputs (purple boxes), and how the information flows through the four U-nets to

create the SAI scenario emulator (arrows).

Individual machine learning models are more interpretable as they allow for impacts (I) on the

future climate state to easily be attributed to either internal variability, additional CO2 (ICO2), or

the SAI scenario (ISAI). This is accomplished by calculating the difference in the predicted future

state from each of the machine learning components as shown in equation 4.1 and equation 4.2.

ISAI = TSO2 − TCO2 (4.1)
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ICO2 = TCO2 − TIV (4.2)

where TSO2 is the annual mean temperature predicted by the SAI machine learning model, TCO2 is

the annual mean temperature predicted by the CO2 model, and TIV is the annual mean temperature

predicted by internal variability model.

Model components are trained and validated individually. Average global mean error is re-

ported in Figure 4.2 along with coefficient of determination (R2); defined as the ratio of explained

variance by the model to the total variance [101]. Additional validation metrics and information

about the machine learning models, such as model architectures and loss functions, can be found

in Appendix B.

4.3.1 Internal Variability Machine Learning Model

The atmospheric response to volcanic eruptions, the natural analog to SAI, is known to depend

on internal variability [102]. Therefore, to use the SAI machine learning emulator for scenario

design, it must have information about the current state of the atmosphere. For this reason, the

foundation of this machine learning emulator is a model that predicts internal variability for the

following year. Predicting annual mean temperature for the following year based on the annual

mean temperature of the current year is a challenging problem [103]. The goal of this model is not

to perfectly predict the future annual mean temperature map, but instead, provide a best guess of

the following year’s internal variability to build the rest of the machine learning emulator off of.

While the R2 score in Figure 4.2a is negative, the internal variability model does do better than a

persistence prediction (Figure B.2 in Appendix B).

The internal variability machine learning model is trained on near surface temperature from

both 1850 control simulations. Figure B.1 summarizes which simulations are used to train each

machine learning model. This model takes in a centered and standardized annual temperature

map as an input (T0). The centering preprocessing removes the global mean temperature in each

sample so that all inputs have the same mean. The prediction from the internal variability machine
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Figure 4.2: Mean absolute error the on piControl-WACCM data using the internal variability machine
learning model (a), on SSP2-4.5 using the CO2 machine learning model (b), on CRASSULA using the AOD
machine learning model( c), and on CRASSULA using the SAI machine learning model (d) for respective
testing data set.
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Figure 4.3: Global mean near surface land temperature from an ARISE-SAI-1.5 ensemble member (black
line) compared to data generated with the machine learning models. The internal variability machine learn-
ing model predicts temperature anomaly relative to 281.5K (green line), the CO2 machine learning model
adds heating associated with the amount of CO2 globally (red line), and the SAI machine learning model
adds cooling in response to SAI scenario (blue line)
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learning model predicts the following year’s temperature by including an additional layer as the

final layer of the machine learning model. This forces the model to learn the change in near surface

temperature from one year to the next and add it onto the input temperature.

Figure 4.3 is an example of generating ARISE-SAI-1.5 global mean near surface land temper-

ature using the full SAI emulator. The green, red, and blue lines represent output from the internal

variability, CO2, and SAI machine learning models respectively. The prediction from the internal

variability machine learning model varies around 281.5K, the average global mean near surface

land temperature of the training data. This shows how the internal variability model creates a

foundation for the other machine learning models to build off of.

4.3.2 CO2 Machine Learning Model

The CO2 model takes the initial annual temperature map (T0), the prediction from the internal

variability model, and a single value describing the global amount of CO2 (PPM ). The task of

the CO2 model is to update the map predicted by the internal variability model with warming in

response to the global average CO2. Mathematically, the CO2 machine learning model predicts the

difference between the internal variability prediction and the truth. The CO2 model prediction is

added to the prediction from the internal variability model to return a predicted future temperature

updated with warming in response to the amount of CO2 in the atmosphere.

This model is trained using the piControl-WACCM, the piControl-CAM, the SSP2-4.5 and the

CESM2-LE simulations. During training, the truth of the 1850 control simulations are artificially

set to zero so that when there is no additional CO2 in the atmosphere, the machine learning model

learns not to update the prediction. Conversely, when there is additional CO2 in the atmosphere,

the machine learning model learns to update the prediction.

In Figure 4.3, the red line shows the predicted global mean near surface land temperature as

predicted from the ARISE-SAI-1.5 simulation. This represents how the CO2 machine learning

model takes the predicted internal variability from the internal variability machine learning model

and adds the warming in response to the global amount of CO2. Note that the T0 input is sampled
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from ARISE-SAI-1.5 as the centering processing step allows for any temperature map to be used

as an input. This means the CO2 machine learning model prediction (red line) represents SSP2-4.5

data generated by sampling data from ARISE-SAI-1.5 for the initial temperature input.

4.3.3 AOD Machine Learning Model

Training the AOD machine learning model is completed using the piControl-WACCM, the

piControl-CAM, the ARISE-SAI-1.5, and the CRASSULA simulations. The design of the AOD

machine learning model has two inputs, an initial state of AOD anomalies (AOD0) and the injec-

tion scenario (S). In order to account for the four simultaneous injections in ARISE-SAI-1.5 and

to allow for SAI deployment scenarios with multiple injections, the AOD machine learning model

takes up to four injections. From the initial AOD anomalies and the injection scenario, this model

predicts a map of AOD anomalies for the following year. Note that the AOD model does not have

an additional layer as the final layer in the machine learning model but instead directly predicts the

annual AOD anomalies of the following year. The mean spatial average error of the AOD model is

shown in Figure 4.2c.

The AOD machine learning model is the only model of the four that is autoregressive, allowing

a predicted AOD to be used as the next initial AOD input. While training autoregressive models

can have many challenges, the AOD response to SAI is distinct enough that the AOD machine

learning model works well when run autoregressively.

Figure 4.4 compares the average error when running the AOD machine learning model autore-

gressively (orange line) versus if the user were to make the same predictions for one year at a time

(purple line) for 30 years chunks. Calculating errors for 30 year chunks is repeated 10 times. The

shading in Figure 4.4b shows the full spread of errors and the solid line represents the mean error.

Due to the distinct AOD response to SAI, the skill of the autoregressive AOD machine learning

model is similar to that of the AOD machine learning model predicting a single year at a time.

The autoregressive ability of the AOD machine learning model allows the full emulator to

quickly explore SAI scenarios as injection scenarios can be identified by the user and an entire
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Figure 4.4: Globally average error from the AOD machine learning model using 10 sets of 30-years from
CRASSULA to identify the distribution of errors. The purple line is the average error for using the AOD
machine learning model to predict a single year with the shading representing the min and max error. The
orange line shows the globally averaged error when using the AOD machine learning model autoregressively
with the orange shading representing minimum and maximum error.
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AOD timeseries can be generated. Figure 4.5 shows an example of two generated AOD timeseries

using the AOD machine learning model autoregressively. Scenario one contains a single contin-

uous 5Tg/yr injection (pink line) at 50◦N, 180◦E and Scenario two has the same 5Tg/yr injection

with an additional second 5Tg/yr injection at 50◦S, 180◦E starting at year four (purple line).

For scenario 1, the globally averaged AOD remains constant across the 10 years (Figure 4.5c)

with most of the AOD response constrained to the Northern Hemisphere (Figure 4.5a). Scenario 2

experiences an increase in globally averaged AOD in year five after the second deployment begins

(Figure 4.5c) with greater AOD values in the Northern and Southern Hemispheres in response to

injections in both hemispheres.

The locations and year of the second deployment selected for Figure 4.5 are selected here

for demonstration, however, this represents how the AOD machine learning model allows the ma-

chine learning emulator to facilitate more strategically designed scenarios. Consider an experiment

where a user initially generates only the first four years in Figure 4.5, representing a single actor

deploying SAI at a single location continuously for four years. The SAI emulator can use this

timeseries to predict the temperature response to this single point injection. The resulting temper-

ature response can be used to consider human responses by asking questions such as, how might

these temperature responses motivate additional SAI deployments? Answers to questions like this

one will impact what the final six years will look like.

4.3.4 SAI Scenario Learning Model

The SAI machine learning model takes an initial annual temperature map (T0), the prediction

from the CO2 model (TCO2), the initial state of AOD anomalies (AOD0), and the predicted AOD

anomalies (AOD1). This machine learning model is trained using the piControl-WACCM, the

SSP2.4.5, the ARISE-SAI-1.5, and CRASSULA simulations. The task of the SAI model is to

update the map predicted by the CO2 machine learning model in response to the SAI scenario by

the same means as the CO2 machine learning model. During training, the truth of the piControl-

WACCM simulation and the SSP2.4 simulation are artificially set to zero so that when there is no
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Figure 4.5: (c) The global mean change in AOD in response to a single continuous injection (pink line)
compared to a scenario where a second party deploys SAI at a new location at year 4 (purple line). Panels
(a) and (b) shows the AOD in year 10 for scenario 1 and scenario 2.

additional SO2 in the atmosphere, the machine learning model learns not to update the prediction.

Conversely, when there is additional SO2 in the atmosphere, the machine learning model learns to

update the prediction.

The mean spatial average error of the SAI machine learning model is shown in Figure 4.2d.

The R2 value for the SAI model is not has high as the R2 value for the CO2 machine learning

model or for the AOD machine learning model. This is because the near surface temperature

response to changes in AOD is noisier than the temperature response to CO2 or changes in AOD to

additional SO2 in the stratosphere. We show in the next sections and in Appendix B that the SAI

machine learning model can skillfully predict an average near surface temperature response to an

SAI scenario.

The blue line in Figure 4.3 shows the output from the SAI machine learning model, the final

output from the entire SAI emulator. Here, the blue line falls on top of the true global mean

temperature (black line) from one of the ARISE-SAI-1.5 ensemble members. In summary, Figure

4.3 shows how the internal variability, CO2, AOD, and SAI machine learning models work together
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and can be useful for scenarios with different patterns of internal variability, different levels of CO2

emissions, and different SAI scenarios.

4.4 The Multi-Model Approach for Scenario Exploration

To use this machine learning emulator to explore SAI scenarios, the user needs to determine

the four user defined inputs. The CO2 PPM input represents the emission scenario of interest.

The injection scenario relates to the injection scenario of interest. Data will need to be sampled

from existing data for the initial AOD input and the initial temperature input. The initial AOD

input can come from existing CESM2 data such as an 1850 control simulation, ARISE-SAI-1.5, or

CRASSULA. It is recommended that an 1850 control simulation be used for the initial temperature

input; however, any CESM2 data can be used.

The detailed process for generating a near surface temperature timeseries for a 10-year scenario

using this machine learning emulator goes as follows.

1. Identify a 10-year injection scenario (injection rate, latitude, and longitude for the 10 years

of the scenario) and the CO2 emission scenario of interest.

2. Using an annual AOD map from existing data as the initial AOD input and the user-created

injection scenario, a timeseries of AOD is generated by running the autoregressive AOD

machine learning model.

3. 10 years of annual mean temperature from piControl-WACCM are used as the initial tem-

perature inputs for the internal variability machine learning model.

4. Pass the predictions form the internal variability machine learning model and the 10 years of

user-created CO2 totals into the CO2 machine learning model.

5. Finally, pass the prediction from the CO2 machine learning model and the AOD timeseries

into the SAI machine learning model. This will update the CO2 prediction with the response

associated with the AOD pattern.
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Figure 4.6: Global mean land temperature for SSP2-4.5 (red shading), ARISE-SAI-1.5 (green shading),
data generated by the SAI emulator to replicate SSP2-4.5 (purple lines), and data generated by the SAI
emulator to replicate AIRSE-SAI-1.5 (green lines). Shaded areas represent the range between the minimum
and maximum values in SSP2-4.5 and ARISE-SAI-1.5.

With the steps outlined above, ensembles can be generated by sampling different annual tem-

perature maps from existing data as the initial temperature input. Theses steps are used to generate

the autoregressive data in Figure 4.4 and Figure 4.5 and for the data in the following Figures 4.6

and 4.7.

Take for example Figure 4.6 which shows both real (shading) and generated (solid lines) data

for the SSP2-4.5 simulations and the ARISE-SAI-1.5 simulations. The machine learning gener-

ated data uses CO2 values from SSP2-4.5, the SAI scenario from ARISE-SAI-1.5, and internal

variability sampled from the piControl-WACCM simulation. The AOD input is generated using

the recursive steps outlined above starting from the year 2034. The AOD machine learning em-
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ulator begins drifting after 15 years and so only years 2035 to 2050 are generated here. The full

ARISE-SAI-1.5 timeseries with the drift is shown in Figure B.6. By sampling internal variabil-

ity from the piControl-WACCM simulation and using the CO2 and SAI scenarios from already

existing simulations, the machine learning emulator can generate data similar to that of the data

simulated with CESM2 but quicker (Figure 4.6). The ability of this machine learning emulator

to consider internal variability and responses to changes in CO2 makes it a more useful tool for

looking at future climate scenarios that involve SAI. Users that use this emulator for looking at

future scenarios can also consider changes to CO2 emissions as well as deployment scenarios.

Consider the work by Keys et al., (2022) which used the ARISE-SAI-1.5 simulations to calcu-

late what regions are more likely to experience warming after deployment. This warming, when

cooling is expected, can be perceived as a failure of the deployment. This experienced warming

is referred to as perceived failure. This work finds that some of the wealthiest nations have the

highest chances of experiencing perceived failure (Figure 4.7a adapted from Keys et al., (2022)),

which could influence potential retaliation or motivate additional actors to deploy SAI or other

climate intervention strategies. By using the ARISE-SAI-1.5 data as the initial temperature input

(T0), the machine learning emulator can sample the same internal variability and then calculate the

probability of perceived failure following the same steps in Keys et al., (2022). Results from using

the machine learning generated data is shown in Figure 4.7b. When sampling the same internal

variability, the emulated data highlights many similar regions as shown in Keys et al., (2022) such

as North America, Europe, and parts of Asia.

The authors of Keys et al., (2022) had only 10 ensemble members and concluded that the

regions identified as most likely to experience perceived failure may be a result of the sampled

internal variability in the ARISE-SAI-1.5 simulation.

Given the ability of the SAI emulator to replicate the results in Keys et al., (2022), the SAI emu-

lator is now used to calculate the probability of perceived failure from a 10 member ensemble with

different sampled internal variability. This indicates whether these regions most likely to experi-

ence perceived failure are a function of the sampled internal variability, or a possible response to
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Figure 4.7: Probability ensemble members experience perceived failure in the 10 year period following an
SAI deployment. Perceived failure is categorized as a positive trend in near surface temperature across the
10 years post deployment. (a) Probability of perceived failure of the 10 member ARISE-SAI-1.5 simulation
adapted from Keys et al., (2022). (b) Probability of perceived failure from the 10 member AIRSE-SAI-1.5
as predicted by the SAI emulator (c) Probability of perceived failure sampling internal variability from the
piControl-WACCM simulation. (c) Probability of perceived failure sampling internal variability from the
SSP2-4.5 simulation.
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SAI as learned by the SAI emulator. These ensembles will use the same CO2 values from SSP2-4.5

and SO2 values from one of the ten ARISE-SAI-1.5 ensemble members. The initial temperature is

sampled from the piControl-WACCM simulation for Figure 4.7c and from the SS2-4.5 simulation

for 4.7d.

When sampling initial temperature from the piControl-WACCM simulation, almost all regions

experience a greater than 50% chance of experiencing perceived failure. When sampling initial

temperature from the SSP2-4.5 simulation, similar areas appear as most likely to experience per-

ceived failure. This difference in what regions are most likely to experience perceived failure

indicate that the measure of perceived failure is dominated by the internal variability.

Calculating the probability of perceived failure from data generated with the machine learn-

ing emulator is a good way to represent how this SAI scenario emulator may be used to explore

possible SAI impacts alongside internal variability. While the SAI emulator is not perfect in it’s

recreation of the perceived failure work in Keys et al., (2022), it does motivate similar questions

such as, how might these communities respond if an SAI deployment is perceived as a failure? The

benefit of the machine learning emulator is that it is cheaper and faster than Earth system models.

4.5 Conclusion

This chapter introduces an initial version of a novel machine learning emulator. This machine

learning emulator is designed for a specific task rather than emulating the entire atmosphere and

it contains multiple smaller machine learning models. Importantly, one of the machine learning

models is autoregressive which allows it to be used for scenario design. This multi-model approach

provides an interpretable machine learning workflow to quickly explore future climate scenarios

with different decisions surrounding SAI. The internal variability machine learning model allows

scenarios to consider the impact of internal variability on possible human responses. The CO2 ma-

chine learning model allows a user to create scenarios with changes in CO2 emissions. Finally, the

AOD machine learning model and SAI machine learning model allow a user to explore scenarios

that contain SAI.
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While this specialized emulator generates near surface temperature responses to SAI quickly

and cheaply compared to Earth system models, it is not designed to replace Earth system models for

SAI impact research or be used to identify physical responses to deployment strategies. Machine

learning emulators rely on statistical relationships between inputs and outputs learned during the

training process. The goal of this emulator is to aid in scenario design and therefore, training

and evaluation focused on determining its skill and usability for these specific tasks. Additional

emulators for different variables such as precipitation and atmospheric circulation could be trained

with the same setup outlined here to explore atmospheric responses to different variables.
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Chapter 5

Closing Remarks

It is important to prioritize lowering greenhouse gas emissions, however, it is also crucial to

be prepared for the range of possible futures we may find ourselves in. As the remainder of the

century is expected to bring ongoing and potentially intensifying climate change impacts, there is

increasing motivation and incentive to research and understand methods of climate intervention

[3–5].

The ways in which climate intervention may happen in the future are vast, with unique and

impactful consequences [20, 26, 28]. These three projects are among a select few leading efforts

to redefine the way in which climate intervention research is approaching scenarios of climate

intervention. This dissertation works to better understand possible future scenarios that involve

a deployment of a climate intervention known as SAI by accomplishing two goals. These goals,

along with how the author sees this work continuing to develop, are described in the next two

sections.

5.1 Future of SAI Scenarios

The first goal of this work is to investigate how climate intervention scenarios are currently

designed and simulated. When researching future climates that involve climate intervention, much

work goes into considering what scenarios are plausible and therefore worth researching in detail.

What scenarios are plausible changes based on the person designing the scenario and evolves with

changes in technology, politics, and economies. However, it is easy for a field to converge on a set

of scenarios that then dominate the field of research [104]. For instance, the Shared Socioeconomic

Pathways and the Representative Concentration Pathways are designed to simulate a variety of

plausible climate futures with different predetermined future changes (i.e. changes in emissions,

land use, and population to name a few). Despite the limited scope of these scenarios and the

fact that some rely on carbon capture technology on a scale that does not exist yet [99], these
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scenarios have become foundational for climate change research. While these scenarios provide

benefits such as standardizing output from Earth system models, they may also restrict the plausible

climate change futures studied since they are often misinterpreted to represent the complete set of

possible climate change futures [104, 105].

Since atmospheric responses to SAI are more dependent on where and when SO2 is injected

than where and when CO2 is emitted, and since climate intervention has many possible political

and social impacts, it is important that scenarios involving SAI remain diverse and constantly

challenged. The work discussed in this dissertation does this by quantifying the impact of internal

variability on a control algorithm and accessing impacts shortly after a single actor deployment.

Chapter 2 quantifies the sensitivity of a commonly used control algorithm to internal variability.

These control algorithms are often used to determine where and how much SO2 to inject into the

stratosphere in response to experienced warming. While this algorithm is used to show an example

of a deployment strategy that minimizes negative consequences associated with SAI, it is important

to question whether these algorithms are appropriate for a realistic deployment scenario. These

algorithms have been documented to amplify and attenuate the frequency of internal variability

within climate models and to be sensitive to the current state of the atmosphere-ocean system [29].

As mentioned previously, is it acceptable that more SO2 is injected only because the atmospheric-

ocean system is in an El Niño phase rather than a La Niña phase? This demonstrates that even

commonly used SAI injection scenarios require additional consideration about their implication

for real world validity.

Single actor scenarios with single point injections typically have unfavorable atmospheric re-

sponses, and therefore, are often categorized as an undesirable climate scenario. However, unde-

sirable does not mean unlikely. With the increasing climate change impacts and technology de-

velopments, its worth understanding possible atmospheric responses to single actor deployments.

Since single actor scenarios have little to no cooperation, this deployment strategy may have po-

litical and social impacts along with atmospheric impacts. The work shown in Chapter 3 indicates

measurable atmospheric responses at one to two years after deployment, albeit with large injec-
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tions. More importantly, this work highlights increased variability in global precipitation and near

surface temperature in the second year after deployment with injections at 1Tg/year.

Analyzing atmospheric responses this quickly after deployment is novel because the signal-to-

noise ratio of the response to internal variability is small. However, the size and composition of

CRASSULA allow these possible impacts to be quantified in a new way. Future work in the single

actor space should look at smaller injections and simulate data that does not have a continuous

injection such as CRASSULA has. These possible atmospheric responses may play a crucial role

in communication and mitigation strategies in the case of a single actor deployment.

The decision of whether to deploy SAI or not is one of complex social, environmental, and

political consideration [26, 28], but also, the decision about the research surrounding climate in-

tervention, including the scenario design is also a decision of complex social, environmental, and

political consideration. Chapter 2 and Chapter 3 emphasize the need to question how SAI scenarios

are simulated, what assumptions are made, and what possible scenarios are being ignored. These

three goals can be accomplished by including multiple perspectives, experiences, and expertise

into the design space which needs to continue to be an emphasis in the field.

5.2 Future of SAI Machine Learning Emulators

The second goal of this work is to design and train a machine learning emulator that will make

it cheaper and quicker to explore a vast range of SAI scenarios. Through statistical evaluation and

comparing emulator generated results to peer-reviewed results, this work shows how the machine

learning emulator introduced in this dissertation is a tool that can help explore SAI scenarios. The

author hopes that the specialization, interpretability, and autoregressive capabilities of this machine

learning emulator will inspire additional emulators for different specialized tasks.

A major contributor towards the success of the SAI emulator is the variety of CESM2 training

data already available and the tailored training data CRASSULA. As far as the author knows,

CRASSULA is the first data simulated with an Earth system model specifically to train a machine

learning model. This means that during the development of CRASSULA, important questions
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about the data and emulator’s future use had to be considered before any data was simulated.

Some of these questions included:

1. How will the SAI emulator be used and how can the data support that?

2. What will the machine learning model learn if injections occur back-to-back?

3. How long should the injections occur to allow the machine learning model to learn possible

nonlinearities?

4. How much data is needed to train this model?

This author hopes that CRASSULA is not the last dataset simulated specifically to train a

machine learning model. This is because designing data specifically for training a machine learning

model gives more freedom to the scientist to determine which assumptions are made and what

details are necessary for machine learning training. However, given how much data is required

to train a machine learning model and the environmental footprint of creating this data, it is the

author’s opinion that the data should be designed in a way to allow it to be used beyond training

a machine learning model. For example, future versions of the SAI emulator introduced here

may require additional data. Additionally, Chapter 3 concluded that additional data with smaller

injections and single injections would provide valuable insight about the atmospheric responses

identified. Therefore, additional data could have the primary goal of training a future version of

the machine learning emulator and a secondary goal of further supporting the work in Chapter 3.

Climate scenarios allow us to systematically investigate possible futures that are found to be the

most probable. Understandably, in doing so, assumptions are made and scenarios are ignored. Cli-

mate intervention research needs to stay open to new scenarios whether that comes from changes

in technology, politics, or society. The author hopes that work here shows why being critical about

how scenarios are simulated and about what scenarios are simulated is important when consider-

ing what a future with SAI might look like. This range of possible futures and the dependency

climate intervention has on the deployment scenario makes it a prime use for emulators. The au-

thor believes that many more emulators, each with different goals and biases, will enter the climate
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intervention field and allow more of these climate intervention scenarios to be studied. While em-

ulators provide an obvious benefit, with a decision as impactful as climate intervention, the author

believes it is important to not solely rely on climate intervention emulators. Just as we know that

Earth system models do not perfectly replicate the real Earth system, emulators do not perfectly

replicate the system they are trained on.
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Appendix A

Supporting Information for Chapter 2

Figure A.1 demonstrates the process to calculate temperature anomalies associated with the Mt.

Pinatubo eruption for global average temperature. To calculate the temperature patterns associated

with the Mt. Pinatubo eruption used in Chapter 2, this process is completed at each grid point

rather than for the global mean. Figure A.2 shows the temperature change from the 2035 base state

to the 2045 base states. Figure A.3 shows which base state and internal variability patterns are

used to make each figure in the manuscript. Figure A.4 shows the ENSO, NAO, and SAM driven

portion of the injection as a function of index. Figure A.5 shows the percent change in total SO2

injection as a function of two internal variability indices but using composites from the ARISE-

SAI control simulation rather than the CESM Large Ensemble. Figure A.6 shows the deviations

in T0, T1, and T2 for the ENSO and NAO internal variability patterns together. Figure A.7 shows

the total SO2 injection as a function of keeping either T0, T1, or T2 constant and varying the other

two errors.
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Figure A.1: Black line shows the global average temperatures. Red line is the linear trend fit to the global
averaged temperatures 10 years prior to Mt. Pinatubo. The blue line is extrapolating the red line for an
additional 2 years and is used to calculate the temperature anomalies associated with the Mt. Pinatubo
eruption.

Figure A.2: Difference between the 2045 base state and 2035 base state.
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Figure A.3: Table showing which base state and internal variability patterns are used to make each of the
figures in the manuscript.
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Figure A.4: The portion of the SO2 injection (Tg/year) in response to (a) ENSO, (b) NAO, and (c) SAM
using the base state years 2035 (green line) and 2045 (orange line). Solid lines use data from ARISE-SAI-
CTRL and dashed lines use data from CESM2-LE.
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Figure A.5: Percent change in total SO2 injection as a function of two internal variability indices but using
composites from ARISE-SAI-CTRL. Top row uses the year 2035 base state and bottom row uses the year
2045 base state. Black line in each panel separates positive percent change (red shading) from negative
percent change (blue shading).
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Figure A.6: Deviations in T0, T1, and T2 as a function of ENSO and NAO using composites from CESM-
LE. Top row uses the year 2035 base state and bottom row uses the year 2045 base state. Black line in each
panel separates positive error (red shading) from error (blue shading).

Figure A.7: Total SO2 injection as a function of keeping either T0, T1, or T2 constant and varying the other
two errors.
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Appendix B

Supporting Information for Chapter 4

All machine learning models are trained with the RELU activation function [106] and using

the Adam optimizer [107]. The random seed was set to 200. It was selected at the beginning of the

project and was not changed other than to ensure no major sensitivity to the random seed selected.

The learning rates for all machine learning models are .0001.

Following sections provide additional details about the machine learning models individually.

Figure B.1: Figure showing what simulations were used to train each individual machine learning models

B.1 Details about the internal variability machine learning model

This chapter covers the details for the internal variability machine learning model. Equation

B.1 is the loss function used to train this model

Loss =

∑
((|Ytrue − Ypred|) ∗ (|Ytrue|+ 1)2 ∗ weightslat ∗maskland)

n
(B.1)

where Ytrue is the truth and Ypred is the prediction. n is the number of samples. weightslat

weights the loss function by latitude and maskland is a mask of zeros and ones so that the model
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can focus on learning the land temperature response. Figure B.2a show true and predicted global

mean near surface temperature from the piControl-WACCM simulation. Figure B.2b shows the

average error of the prediction compared to the error of a persistence prediction. Vertical lines

indicate times when a persistence prediction outperforms the machine learning model prediction.

The architecture of the internal variability machine learning model is found in Figure B.7.

Figure B.2: Panel (a) shows 50 years of global mean temperature from piControl-WACCM (black line)
compared to predicted global mean temperature (red line). Panel (b) shows average errors of the machine
learning model prediction (red line) compared to the error of a persistence prediction (purple line). Blue
vertical lines show when a persistence prediction out performs the machine learning model prediction.

B.2 Details about the CO2 machine learning model

This chapter covers the details for the CO2 machine learning model. Equation B.2 is the loss

function used to train this model
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Loss =

∑
((|Ytrue − Ypred|) ∗ weightslat ∗maskland)

n
(B.2)

where Ytrue is the truth and Ypred is the prediction. n is the number of samples. weightslat

weights the loss function by latitude and maskland is a mask of zeros and ones so that the model

can focus on learning the land temperature response. Figure B.3a show true and predicted global

mean near surface temperature from the SSP2-4.5 simulation along with the prediction from the

internal variability machine learning model. Figure B.3b shows the average error of the prediction

compared to the error of a persistence prediction. Vertical lines indicate times when a persistence

prediction outperforms the machine learning model prediction. The architecture of the CO2 ma-

chine learning model is found in Figure B.8.

Figure B.3: Panel (a) shows 50 years of global mean temperature from piControl-WACCM (black line)
compared to predicted global mean temperature (red line). Panel (b) shows average errors of the machine
learning model prediction (red line) compared to the error of a persistence prediction (purple line). Blue
vertical lines show when a persistence prediction out performs the machine learning model prediction.
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B.3 Details about the AOD machine learning model

This chapter covers the details for the AOD machine learning model. Equation B.3 is the loss

function used to train this model. Figure B.4 shows the true and predicted global mean AOD from

the CRASSULA simulation. The green line shows prediction where the SO2 input is kept constant

and only the initial AOD map changes. This shows that the model has learned that changes in AOD

can persist into the following year but at reduced amounts. The blue line in Figure B.4 is the model

prediction when the initial AOD map is held constant and only the SO2 input is changed. First,

the two-year injection period of CRASSULA is visible. More importantly this shows how AOD

increases differently compared to the different injection scenarios. This figure shows how the SO2

input and initial AOD map input work together when predicting the AOD for the following year.

The architecture of the AODmachine learning model is found in Figure B.9.

Loss =

∑
((Ytrue − Ypred)

2 ∗ weightslat)

n
(B.3)

where Ytrue is the truth and Ypred is the prediction. n is the number of samples. weightslat

weights the loss function by latitude.

Figure B.4: Predicted global average AOD (black line) compared to the true global average AOD (black
line). Green line represents predictions when the SO2 input is kept constant and only the initial AOD input
is changed. The blue line represents predictions when the initial AOD input is kept constant and only the
SO2 input is changed.
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B.4 Details about the SO2 machine learning model

This chapter covers the details for the SO2 machine learning model. Equation B.4 is the loss

function used to train this model

Loss =

∑
((|Ytrue − Ypred|) ∗ weightslat ∗maskland)

n
(B.4)

where Ytrue is the truth and Ypred is the prediction. n is the number of samples. weightslat

weights the loss function by latitude and maskland is a mask of zeros and ones so that the model

can focus on learning the land temperature response.The architecture of the SAI machine learning

model is found in Figure B.5. This model is not a typical U-net model. It contains two encoder

branches that are concatenated at the center nodes. This is so the skip connection can provide

information about the predicted AOD. When the skip connection included information about the

temperature, the model learned to identify whether the data came from CRASSULA or ARISE-

SAI-1.5, reducing the model’s ability to generalize.
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Figure B.5: Schematic of the SAI machine learning model architecture. Each layer is labeled with the input
dimensions. Layers are colored to represent the type of layer. Dark purple in a convolutional layer. Pink is
an average pooling layer. Purple is a dense layer. Light blue is a upsampling layer. Arrows indicate skip
connection and Teal squares represent the inputs and outputs.
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Figure B.6: Global mean land temperature for SSP2-4.5 (red shading), ARISE-SAI-1.5 (green shading),
data generated by the SAI emulator to replicate SSP2-4.5 (purple lines), and data generated by the SAI
emulator to replicate AIRSE-SAI-1.5 (green lines). Shaded areas represent the range between the minimum
and maximum values in SSP2-4.5 and ARISE-SAI-1.5.
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Figure B.7: Schematic of the internal variability machine learning model architecture. Each layer is labeled with the input dimensions. Layers are
colored to represent the type of layer. Dark purple in a convolutional layer. Pink is an average pooling layer. Purple is a dense layer. Light blue is a
upsampling layer. Arrows indicate skip connection and Teal squares represent the inputs and outputs.
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Figure B.8: Schematic of the CO2 machine learning model architecture. Each layer is labeled with the input dimensions. Layers are colored to
represent the type of layer. Dark purple in a convolutional layer. Pink is an average pooling layer. Purple is a dense layer. Light blue is an upsampling
layer. Arrows indicate skip connection and Teal squares represent the inputs and outputs.
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Figure B.9: Schematic of the AOD machine learning model architecture. Each layer is labeled with the input dimensions. Layers are colored to
represent the type of layer. Dark purple in a convolutional layer. Pink is an average pooling layer. Purple is a dense layer. Light blue is a upsampling
layer. Arrows indicate skip connection and Teal squares represent the inputs and outputs.
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