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ABSTRACT 
 
 
 

ASSESSING OUTCOMES IN STRATOSPHERIC AEROSOL INJECTION SCENARIOS SHORTLY  

AFTER DEPLOYMENT 
 
 
 

 Current global actions to reduce greenhouse gas emissions are very likely to be 

insufficient to meet climate targets outlined under the Paris Agreement. This motivates 

performing research on possible methods for intervening in the Earth system to minimize 

climate risk while decarbonization efforts continue. One such hypothetical climate intervention 

is stratospheric aerosol injection (SAI), where reflective particles would be emitted into the 

stratosphere to cool the planet by reducing solar insolation. The climate response to SAI is not 

well understood, particularly on short-term time horizons frequently used by decision makers 

and planning practitioners to assess climate information. This knowledge gap limits informed 

discussion of SAI outside the scientific community. We demonstrate two framings to explore 

the climate response in the decade after SAI deployment in modeling experiments with parallel 

SAI and no-SAI simulations. The first framing, which we call a snapshot around deployment, 

displays change over time within the SAI scenarios and corresponds to the question “What 

happens before and after SAI is deployed in the model?” The second framing, the intervention 

impact, displays the difference between the SAI and no-SAI simulations, corresponding to the 

question “What is the impact of a given intervention relative to climate change with no 

intervention?” We apply these framings to annual mean 2-meter temperature, precipitation, and 

a precipitation extreme in the first two experiments to use ensembles of Earth system models 

that comprehensively represent both the SAI injection process and climate response, and 

connect these results to implications for other climate variables. The parallel SAI and no-SAI 

simulations in these experiments allow us to explore the climate response in the context of the 
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response to SAI, the underlying greenhouse gas forcing scenario, and the noise from internal 

climate variability.  



 iv 

ACKNOWLEDGEMENTS 
 
 
 

 I would like to thank my co-advisors Dr. James Hurrell and Dr. Elizabeth Barnes for their 

insight and mentorship in my time at Colorado State University, as well as Dr. Richard Conant 

for serving on my graduate committee. Dr. Jadwiga Richter and Dr. Lantao Sun were insightful 

collaborators on the paper that makes up Chapter 2 and the Appendices of this thesis. Charlotte 

Connolly and Dr. Ariel Morrison provided constructive comments throughout the development 

of this work, and Dr. Mari Tye provided early information on useful metrics of climate extremes. 

 The GLENS and ARISE datasets were produced and maintained by the National Center 

for Atmospheric Research (NCAR). The work in this thesis was supported by the LAD Climate 

Fund, the Defense Advanced Research Projects Agency (grant no. HR00112290071), and the 

National Science Foundation Graduate Research Fellowship Program. The views, opinions, 

and/or findings expressed are those of the authors and should not be interpreted as 

representing the official views or policies of the Department of Defense or the U.S. government. 

 On a personal note, I am grateful to all of my friends, family, and mentors (at CSU, in NC, 

and elsewhere!) who have supported and worked with me throughout the last two years. Moving 

across the country in the middle of 2020 presented a challenging start to graduate school, and I 

was able to thrive because of this awesome community. I want to especially recognize Dr. 

Sandra Yuter at NC State University for her guidance–scientific and personal–both during and 

after my undergraduate studies. 

 

  



 v 

TABLE OF CONTENTS 
 
 
 

ABSTRACT ............................................................................................................................................ ii 

ACKNOWLEDGEMENTS ...................................................................................................................... iv 

CHAPTER 1. INTRODUCTION .............................................................................................................. 1 

1.1 A BRIEF HISTORY OF CLIMATE CHANGE AND CLIMATE INTERVENTION ......................... 1 

1.2 THE PRESENT WORK .............................................................................................................. 3 

CHAPTER 2. ASSESSING OUTCOMES IN STRATOSPHERIC AEROSOL INJECTION SCENARIOS 
SHORTLY AFTER DEPLOYMENT ......................................................................................................... 5 

2.1 INTRODUCTION ....................................................................................................................... 5 

2.2 METHODS ................................................................................................................................. 8 

2.2.1 DESCRIPTION OF SIMULATIONS ........................................................................................ 8 

2.2.2 ANALYSIS METRICS .......................................................................................................... 12 

2.3 RESULTS ................................................................................................................................ 16 

2.3.1 WHAT HAPPENS BEFORE AND AFTER SAI IS DEPLOYED IN THE MODEL? ................. 17 

2.3.2 WHAT IS THE IMPACT OF A GIVEN INTERVENTION RELATIVE TO CLIMATE CHANGE 
WITH NO INTERVENTION? ......................................................................................................... 21 

2.4 CONCLUSIONS ...................................................................................................................... 26 

CHAPTER 3. SUMMARY AND FUTURE RESEARCH ........................................................................ 29 

3.1 SUMMARY OF THESIS .......................................................................................................... 29 

3.2 SURVEY OF FUTURE RESEARCH DIRECTIONS ................................................................... 29 

REFERENCES ..................................................................................................................................... 32 

APPENDIX A. ROBUSTNESS ............................................................................................................. 54 

APPENDIX B. ARCHIVE OF TIMESERIES ......................................................................................... 57 

APPENDIX C. SUPPLEMENTARY FIGURES ..................................................................................... 58 



 1 

CHAPTER 1 
 
 
 

INTRODUCTION 
 
 
 

1.1 A BRIEF HISTORY OF CLIMATE CHANGE AND CLIMATE INTERVENTION 

 In 1856, Eunice Foote was the first to infer that altering the composition of Earth’s 

atmosphere could affect global temperatures and change the climate (Foote 1856). Over the 

subsequent 166 years, anthropogenic climate change due to the emission of greenhouse gases 

by the burning of fossil fuels has become a grave threat to human society and ecological 

systems (e.g., Pal & Eltahir 2016, USGCRP 2018, Keys et al. 2019, Ainsworth et al. 2020, Song et 

al. 2021, IPCC 2021). Governments have been slow to respond to climate change, in large part 

due to efforts by fossil fuel companies to cast doubt on climate science (Oreskes & Conway 

2011). Countries party to the United Nations Framework Convention on Climate Change 

established the Paris Agreement in 2015 with the goal of preventing global mean temperature 

from exceeding 1.5 ˚C above pre-industrial conditions (UNFCCC 2016). This goal has spurred 

many countries to pledge reductions in greenhouse gas emissions (e.g., Pauw et al. 2018, 

Depledge et al. 2022). 

 Despite global pledges and actions, anthropogenic climate change is anticipated to 

greatly surpass the Paris Agreement targets (Matthews & Wynes 2022). Consequential warming 

is guaranteed to occur on mid-century time horizons due to inertia within physical systems 

(IPCC 2021). Climate change already affects everyday climate and high-impact extreme events 

(e.g., Otto 2017, Fischer et al. 2021, IPCC 2021, Philip et al. 2021). Additionally, poorly-

understood feedbacks within the Earth system could exacerbate climate change and its effects 

beyond what is anticipated in current models (e.g., Swann et al. 2010, Genet et al. 2013, Bjordal 

et al. 2020, King et al. 2020, Boulton et al. 2022, Weldeab et al. 2022). The United Nations 
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Secretary-General memorably framed the present state of the climate as signaling a “code red 

for humanity” (United Nations 2021). 

 The risks from unavoidable anthropogenic climate change motivate the study of climate 

intervention, broadly defined as possible methods to reduce climate risk and impacts through 

deliberate intervention in the Earth system. Climate intervention methods fall into two 

categories: solar climate intervention and carbon removal (The Royal Society 2009, National 

Research Council 2015). Solar climate intervention (also called “solar radiation management” or 

“solar geoengineering”) describes potential techniques to directly cool the planet, while carbon 

removal (often called “negative emissions technologies”) involves reducing atmospheric 

concentrations of greenhouse gases (NASEM 2019, NASEM 2021). The focus of this thesis is 

on the first method, specifically, the subset of solar climate intervention approaches known as 

stratospheric aerosol injection (SAI). SAI is a proposed method to cool the planet by injecting 

reflective aerosols into the stratosphere, where they would reflect away a small portion of 

incoming solar radiation (NASEM 2021). SAI is analogous to processes occurring naturally after 

volcanic eruptions (e.g., Timmreck et al. 2018). 

 Like the science of climate change, the study of climate intervention is not a new topic. 

As early as 1965, researchers speculated on the mitigation of climate impacts through methods 

such as spreading reflective substances over the ocean surface (Presidents Science Advisory 

Committee 1965). SAI, specifically, was first proposed in 1977 (Budyko 1977). However, 

scientific knowledge about climate intervention advanced slowly during the subsequent 

decades due to the fragmented nature of the research community and extensive ethical 

concerns around the discipline (Kintisch 2010).  

 A surge of interest in climate intervention began in 2006 with essays from two 

prominent atmospheric scientists calling for research into SAI to study its potential to minimize 

climate impacts and buy time for decarbonization efforts (Crutzen 2006, Wigley 2006). These 
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essays prompted the first coordinated modeling effort across institutions through the 

GEOengineering Model Intercomparison Project (GeoMIP) (Kravitz et al. 2011). GeoMIP and 

contemporary modeling efforts illuminated general implications of SAI, however, many models 

used in these experiments had poor representations of relevant parts of the Earth system and 

implemented SAI scenarios in highly idealized ways (Kravitz et al. 2011, Bony et al. 2013, 

Kwiatkowski et al. 2015, Richter et al. 2017, Bednarz et al. 2022a). SAI modeling advanced with 

the advent of Earth system models (e.g., Hurrell et al. 2013) capable of better representing the 

Earth system including the ocean, cryosphere, land, atmosphere, biogeochemistry, and 

interactions of these systems. The Geoengineering Large Ensemble (GLENS, Tilmes et al. 

2018a) and Assessing Responses of the Assessing Responses and Impacts of Solar climate 

intervention on the Earth system with stratospheric aerosols (ARISE, Richter et al. 2022) 

projects were the first modeling experiments to use ensembles of Earth system models that 

simulated both the aerosol injection process and the climate response. GLENS and ARISE 

provided depictions of two scenarios of SAI deployment in much higher fidelity than previous 

experiments. 

 In 2021, the United States National Academies of Sciences, Engineering, and Medicine 

(NASEM) called for the establishment of a transdisciplinary research program on SAI and other 

proposed climate intervention techniques. This research program would be focused on 

supporting the informed discussion of climate intervention. The NASEM report identified many 

open research questions related to SAI relevant to the work in this thesis, including the “global- 

and regional-scale impacts,” and the “distribution of impacts across different parts of the world” 

from SAI. 

1.2 THE PRESENT WORK 

The global and regional climate responses to SAI are not well understood. This is 

particularly true on short-term timescales of 10 years or fewer, which are consistent with how 
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policymakers and planning practitioners assess climate information (e.g., Bolson et al. 2013, 

DePolt 2021, Pearman & Cravens 2022, Keys et al. 2022). In Chapter 2 of this thesis, we 

demonstrate two framings to analyze data from experiments with parallel SAI and no-SAI 

simulations, and apply them to GLENS and ARISE. The first framing, which we call the snapshot 

around deployment, describes the change over time in the SAI simulations and corresponds to 

the question “What happens before and after SAI is deployed in the model?” The second, the 

intervention impact, describes the difference between the SAI and no-SAI simulations. This 

corresponds to the question, “What is the impact of a given intervention relative to climate 

change with no intervention?” We apply these framings to 2m annual mean temperature, annual 

mean precipitation, and the simple intensity index (a measure of precipitation extremes) in 

GLENS and ARISE, while connecting these results to impacts across the Earth system. 

Chapter 2, alongside Appendices A, B, and C as supplementary material, is in preparation to 

be submitted as the following paper: 

• Hueholt, D.M., Barnes, E.A., Hurrell, J.W., Richter, J.H., Sun, L. Assessing Outcomes in 

Stratospheric Aerosol Injection Scenarios Shortly After Deployment. To be submitted. 

In Chapter 3, we summarize this work and provide a discussion of some potential future 

directions for research. 
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CHAPTER 2 
 
 
 

ASSESSING OUTCOMES IN STRATOSPHERIC AEROSOL INJECTION SCENARIOS SHORTLY 

AFTER DEPLOYMENT 

 

 

2.1 INTRODUCTION 

Despite ongoing global pledges and actions to reduce greenhouse gas emissions, 

warming from anthropogenic climate change is expected to far exceed the targets set under the 

Paris Agreement (Matthews & Wynes 2022). On mid-century time horizons, substantial 

increases in global temperature are expected to occur both in no-mitigation pathways (Figure 

1a) and in more plausible scenarios with moderate mitigation (Figure 1b) (Hausfather & Peters 

2020). Near-term climate risk includes severe impacts to vulnerable communities already 

disproportionately affected by climate change (e.g., Shearer 2012, Carr 2016), as well as 

terrestrial and marine ecosystems (e.g., Frieler et al. 2013, Panetta et al. 2018, Abatzoglou et al. 

2021). Poorly-understood feedbacks in Earth systems such as clouds, ice, and ecology may 

worsen climate change or its impacts beyond what is anticipated in current models (e.g., Swann 

et al. 2010, Genet et al. 2013, Bjordal et al. 2020, King et al. 2020, Boulton et al. 2022).

 

Figure 1: Maps of annual mean 2m temperature change between the snapshot periods in the no-SAI scenarios: 
RCP8.5 [a] and SSP2-4.5 [b]. 
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These realities of unavoidable anthropogenic climate change have motivated the study 

of climate intervention, broadly defined as possible methods to reduce climate risk and impacts 

through deliberate intervention in the Earth system (The Royal Society 2009). Stratospheric 

aerosol injection (SAI) is one proposed climate intervention to emit reflective aerosol particles 

into the upper atmosphere, where the particles would reflect away some incoming solar 

radiation and decrease global mean temperature. SAI is inspired by processes that occur 

naturally after volcanic eruptions and large wildfires (e.g., Timmreck 2012, Das et al. 2021). SAI 

does not reduce greenhouse gas emissions, which are the root cause of anthropogenic climate 

change, but may complement climate change mitigation by reducing climate risk while 

emissions reductions and carbon removal technologies are implemented (Long & Shepherd 

2014, Buck 2022). The United States National Academies of Sciences, Engineering, and 

Medicine (NASEM) have called for the establishment of a transdisciplinary research program on 

SAI and other proposed climate intervention techniques to support informed discussion of 

these methods (NASEM 2021). 

 Global and regional climate responses to SAI are not well understood. Previous SAI 

modeling experiments have provided useful insight into general implications of the intervention, 

such as the risk of rapid climate change if SAI is halted (“termination shock”) and the inability of 

SAI to counteract impacts linked directly to CO2 concentration (Jones et al. 2013, Bony et al. 

2013, Kwiatkowski et al. 2015, Trisos et al. 2018). Many of these experiments (e.g., the 

Geoengineering Model Intercomparison Project; Kravitz et al. 2011) have relied on models with 

poor representations of relevant Earth system processes including atmospheric chemistry, 

stratospheric dynamics, and aerosol microphysics (Richter et al. 2017, Quaglia et al. 2022). The 

SAI scenarios in these experiments are implemented in highly idealized ways, such as by 

prescribing the aerosol optical depth fields or reducing the model solar constant (Kravitz et al. 

2011), which can produce a very distinct climate response from when SAI is more realistically 
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represented with interactive aerosols (Bednarz et al. 2022a). These limitations leave large gaps 

in scientific knowledge of the climate response to SAI scenarios on spatiotemporal scales 

relevant to policymakers, planning practitioners, and questions of how SAI would affect climate 

risk inequality (Buck et al. 2014, NASEM 2021, Pearman & Cravens 2022). 

The Geoengineering Large Ensemble (GLENS, Tilmes et al. 2018a) and Assessing 

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

aerosols (ARISE, Richter et al. 2022) projects are the first modeling experiments using 

ensembles of Earth system model simulations to comprehensively represent the aerosol 

injection process and the climate response to SAI. GLENS and ARISE each contain parallel 

ensemble simulations: one following a climate change trajectory with no SAI, and one where SAI 

is deployed. This design helps separate the forced response to SAI from the influence of 

climate change and internal variability. The GLENS and ARISE projects provide high-fidelity 

depictions of two SAI deployment scenarios that more fully capture the global and regional 

climate response to SAI than previous experiments. 

The parallel simulations in GLENS and ARISE provide extensive insight into the climate 

response to SAI, however, the plethora of data presents a challenge for effective data 

visualization and analysis. We propose two framings that utilize the parallel simulations of 

GLENS and ARISE to efficiently display multiple perspectives on the climate response to SAI. 

The first, which we call a snapshot around deployment, displays the change over time within the 

SAI simulations. This corresponds to the question, “What happens before and after SAI is 

deployed in the model?” The second, the intervention impact, describes the difference between 

the SAI and no-SAI simulations. This addresses the question, “What is the impact of a given 

intervention relative to climate change with no intervention?” We apply these two framings to 

explore the climate response to SAI in the decade after SAI is deployed in GLENS and ARISE. 

Decision makers and planning practitioners frequently assess climate information on 
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timescales of 10 years or fewer (e.g., Bolson et al. 2013, DePolt 2021, Pearman & Cravens 

2022). We apply these framings to annual mean 2m temperature, annual mean precipitation, 

and the simple intensity index (a measure of extreme precipitation). We connect these results to 

global and regional impacts on an assortment of climate variables selected for their familiarity 

in Earth science and importance for human and ecological impacts. 

Our work addresses the goals of the NASEM (2021) report to “advance knowledge 

relevant to decision making” and “develop policy-relevant knowledge.” Consistent with this 

NASEM report and the broader social science literature, we explicitly distinguish our goals from 

research on the practical deployment of SAI about which critical ethical and governance 

concerns exist (Burns et al. 2016, NASEM 2021). We intend our study simply to support the 

informed discussion of the potential risks and benefits of SAI. 

2.2 METHODS 

2.2.1 DESCRIPTION OF SIMULATIONS 

We use model output from the GLENS (Tilmes et al. 2018a) and ARISE (Richter et al. 

2022) experiments to explore the climate response to SAI. These are the first SAI modeling 

experiments performed by ensembles of fully-interactive Earth system models. We summarize 

key aspects of the design of GLENS and ARISE, and refer readers to Tilmes et al. (2018a) and 

Richter et al. (2022) for more comprehensive descriptions of the experiments. Both GLENS and 

ARISE employ the Community Earth System Model (CESM) with the Whole Atmosphere 

Community Climate Model (WACCM) as its atmospheric component. WACCM includes 70 

vertical layers (model top 140km) to explicitly simulate the stratosphere. GLENS and ARISE 

have identical 1.25˚ longitude x 0.9˚ latitude horizontal resolutions. The representation of 

processes thought to be most important for SAI and its climate response, including 

stratospheric dynamics, heterogeneous chemistry, and aerosol production, show good 
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agreement with observations of the mean state and anomalous conditions under volcanic 

aerosol loading (Mills et al. 2017, Richter et al. 2017, Gettelman et al. 2019).  

Each of the two experiments contains two parallel ensemble simulations: one following 

a future greenhouse gas forcing scenario with no SAI, and one where SAI is also deployed. A 

proportional-integral feedback-control algorithm (known as the “controller”) annually adjusts the 

amount of sulfur dioxide continuously released at four latitudes (30˚ and 15˚ N/S, all at 180˚E) 

intended to maintain global mean temperature, the pole-to-pole temperature gradient, and the 

pole-to-equator temperature gradient at some specified target value (MacMartin et al. 2014, 

Kravitz et al. 2017, MacMartin et al. 2017, MacMartin & Kravitz 2019). These targets ensure 

planetary circulations under SAI change less than if only global mean temperature were to be 

targeted (Tilmes et al. 2018a, Visioni et al. 2021, Cheng et al. 2022). 

GLENS and ARISE depict two scenarios intended for SAI research. GLENS uses a no-

mitigation emissions trajectory (Representative Concentration Pathway [RCP] 8.5; van Vuuren et 

al. 2011) with SAI deployed to maintain a global mean temperature target of approximately 1.2 

˚C above pre-industrial conditions (Tilmes et al. 2018a). This yields a large signal-to-noise ratio 

useful to isolate the forced response to the SAI intervention over time. ARISE is run with a 

moderate-mitigation scenario (Shared Socioeconomic Pathway [SSP] 2-4.5; Riahi et al. 2017) 

and a temperature target of 1.5 ˚C above preindustrial. ARISE illustrates one plausible future 

where the use of SAI complements current mitigation strategies to achieve Paris Agreement 

goals (Richter et al. 2022). There are fundamental differences between the experimental design 

of GLENS and ARISE. We summarize these in Table 1, and provide details on their implications 

here. 

1. The two experiments use different model versions: GLENS uses CESM1(WACCM5) 

while ARISE uses CESM2(WACCM6). Thus, GLENS and ARISE exhibit different 

spatial patterns of the forced response due to model dependencies, particularly the 
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depiction of subtropical and Southern Ocean low clouds (Gettelman et al. 2019, 

Fasullo & Richter 2022). CESM1 is described by Hurrell et al. (2013) and CESM2 by 

Danabasoglu et al. (2020). 

2. The two experiments have different forcing scenarios: GLENS uses RCP8.5 while 

ARISE uses SSP2-4.5, which yields distinct spatial patterns of the forced response. 

RCP8.5 and SSP2-4.5 differ in many ways that affect these spatial patterns, including 

the depiction of land use and aerosol emissions, but the primary influence is the 

different CO2 concentration which operates through a direct effect on clouds and 

precipitation (e.g., Sherwood et al. 2015, Rugenstein et al. 2016, Fasullo & Richter 

2022). These scenario dependencies are largest in the mid-latitudes and subtropics 

(Fasullo & Richter 2022). 

3. The global mean temperature target is ~1.2 ˚C above preindustrial in GLENS, while 

it is 1.5 ˚C in ARISE; SAI is deployed in 2020 in GLENS and 2035 in ARISE. The 

impacts due to differences in temperature target and deployment year are not well 

understood. Targeted modeling experiments to provide insight into these parameters 

have recently been completed (MacMartin et al. 2022), but no formal analysis of 

these simulations has yet been published. 

4. The Atlantic Meridional Overturning Circulation (AMOC) increases through the 

simulation in GLENS but decreases in ARISE. The ocean state in GLENS is branched 

off of a single member of the CESM Large Ensemble (Kay et al. 2015) in which the 

AMOC is strengthening. Thus, each realization of GLENS begins with a strengthening 

state of the AMOC. On the decadal time horizons we emphasize in this study, the 

memory of these ocean initial conditions has not fully dispersed (Tilmes et al. 2018a, 

Fasullo et al. 2018). This increases heat transport into the North Atlantic and 

influences European climate (Fasullo et al. 2018). Longer-term trends in AMOC 
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strength may be caused by changes in precipitation that impact salinity and 

temperature gradients in the ocean (Fasullo & Richter 2022). The ocean state in 

ARISE is branched off of five separate SSP2-4.5 simulations which have dispersed 

over multiple decades (Richter et al. 2022). Thus, ARISE samples ocean internal 

variability more widely than GLENS. 

5. Aerosol is injected at higher altitudes in GLENS (~25 km) than in ARISE (~21 km). 

Injection height affects stratospheric chemistry, but has few other effects on the 

climate as long as the altitude is above the tropopause (Tilmes et al. 2018b, Zhang et 

al. 2022). Injection heights near 20 km are consistent with near-future aerospace 

technology (D’Oliveira et al. 2016, Moriyama et al. 2017, Smith et al. 2022). 

Table 1: Contrasts key aspects of the experimental design of GLENS and ARISE. Compiled from Tilmes et al. (2018a) 
and Richter et al. (2022). 

 
GLENS ARISE 

Model version CESM1(WACCM5) CESM2(WACCM6) 

Ensemble size (SAI) 21 members from 2020-2099 10 members from 2035-2069 

Ensemble size (no-SAI) 21 members from 2010-2030, 3 
from 2010-2097 

5 members from 2015-2069, 5 
from 2015-2100 

Forcing scenario RCP8.5: No mitigation SSP2-4.5: Moderate mitigation 

Global mean surface 
temperature target 

~1.2 ˚C above preindustrial 
(model value in the year 2020) 

1.5 ˚C above preindustrial 
(model mean 2030-2039) 

Temperature gradient 
targets 

2010-2030 mean 2020-2039 mean 

SAI deployment year 2020 2035 

Injection height ~25 km ~21 km 

 

Because the controller maintains meridional temperature gradient targets under 

different spatial patterns of the forced response, it injects aerosol in disparate latitudinal 

amounts throughout the simulation in each experiment. This leads to distinct global 

distributions of aerosol optical depth (Figure 1 in Fasullo & Richter 2022) with corresponding 
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differences in the regional climate response. GLENS and ARISE can be contrasted in 

generalities to illuminate the differences in the climate response produced by two SAI scenarios 

simulated in physically comprehensive models. However, unless the model dependencies and 

scenario dependencies themselves are of interest, it is not appropriate to directly, quantitatively 

compare a given variable across GLENS and ARISE. 

2.2.2 ANALYSIS METRICS 

We use the five years prior to SAI deployment (2015-2019 in GLENS, 2030-2034 in 

ARISE) as pre-intervention reference periods, and the five-year period beginning five years after 

deployment (2025-2029 in GLENS, 2040-2044 in ARISE) as a post-intervention reference period 

while remaining close to the deployment year. The ensemble sizes of the GLENS and ARISE 

experiments (Table 1) increase the number of years available for analysis, allowing us to 

average over many realizations of relatively short spans of time (Deser et al. 2012, Maher et al. 

2021, Tebaldi et al. 2021). We develop two framings to investigate the climate response to SAI. 

Our first framing, which we call a snapshot around deployment, depicts change over time within 

the SAI experiments: the difference between 2025-2029 and 2015-2019 in GLENS, and 2040-

2044 and 2030-2034 in ARISE. This can be phrased as answering the question: “What happens 

before and after SAI is deployed in the model?” Our second framing, the intervention impact, is 

the SAI and no-SAI difference for the 2025-2029 period in GLENS and the 2040-2044 period in 

ARISE. This can be expressed as answering the question: “What is the impact of a given 

intervention relative to climate change with no intervention?” This was inspired by the “world 

avoided” perspective used to study the Montreal Protocol (e.g., Morgenstern et al. 2008).  

We structure our framings to focus on the short-term climate responses occurring in the 

first 10 years after SAI deployment. This near-term timeframe has been analyzed with respect to 

the atmospheric dynamical response to SAI (e.g., Tilmes et al. 2017, Richter et al. 2018), but has 

seen little exploration with respect to climate impacts. Policymakers and planning practitioners 
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often assess climate information on short-term time horizons of 10 years or fewer (e.g., Bolson 

et al. 2013, DePolt 2021, Pearman & Cravens 2022, Keys et al. 2022). Thus, we portray our 

results consistently with how information could hypothetically be used for decisions about SAI 

deployment, governance, and evaluation. The signal-to-noise ratio of the forced response to SAI 

is smaller on this time horizon than when trends are calculated over a longer span of time. We 

use timeseries (Figure 2) to complement ensemble mean global maps of our two framings 

(Figures 3-8). These allow us to display the longer-term evolution of a variable and emphasize 

the contribution of internal variability for a specific region. We show timeseries for 2010-2069 to 

span the period where output from both GLENS and ARISE are available. 

As an Earth system model, CESM provides a breadth of model output including variables 

that represent the atmosphere, ocean, land surface, and ecology. This allows for many aspects 

of the climate response to SAI to be assessed holistically. We examined a wide variety of 

variables in developing this paper. Here, we present a subset that are familiar in Earth science, 

have links to human impacts, and whose representation in CESM has been evaluated against 

observations (Hurrell et al. 2013, Danabasoglu et al. 2020, Fasullo 2020). We describe our 

selected variables below. 

• Temperature: We calculate annual mean 2-meter temperature from monthly output. For 

temperature and all other variables, we define regions following the IPCC Working Group 

1 Fifth Assessment Report Annex (van Oldenborgh et al. 2013), except when specified 

otherwise. We illustrate the regions we discuss in this work in Figure C1. In addition to 

the regions highlighted in Figure 2, we provide timeseries of 2-meter annual mean 

temperature for all IPCC-defined regions in Appendix B. 

• Tropical nights: We use tropical nights from the World Climate Research Program’s 

Expert Team on Climate Change Detection and Indices (ETCCDI) set of extreme indices 

as an example of a temperature extreme. Tropical nights is the annual count of days 
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where minimum temperature exceeds 20 ˚C (68 ˚F) (Zhang et al. 2011). High nighttime 

temperatures increase mortality, particularly in urban areas without widespread air 

conditioning (Buechley et al. 1972, Sillmann & Roeckner 2008, Laaidi et al. 2012, Rathi et 

al. 2021). We calculate tropical nights from daily minimum temperature using Pyclimdex 

(Groenke 2020/2022). Tye et al. (2022) comprehensively explore ETCCDI extremes in 

GLENS; no such assessment has been completed for ARISE. 

• Sea surface temperature (SST): We calculate annual mean SST from monthly output at 

the surface level of the ocean component in CESM. 

• Marine heatwaves: We identify marine heatwaves as events where daily mean SST 

exceeds the daily local 90th percentile (computed over 2010-2020) for longer than 5 

days (Hobday et al. 2016, Oliver 2015/2022). This definition is standard in public 

communication and the scientific literature (e.g., Benthuysen et al. 2018, Holbrook et al. 

2020, MHIWG 2022). Marine heatwaves occur at many locations around the world 

(Smith et al. 2021), and we select a point in the Leeuwin Current (30.63˚S, 112.5˚E) 

where they have been frequently observed to harm local ecology (Chandrapavan et al. 

2019, Holbrook et al. 2020). We apply a left-aligned 5-year rolling sum of days with 

marine heatwaves to smooth interannual variability in Figure 2l. 

• Sea ice extent: We show sea ice extent in its minimum month for both hemispheres– 

September for the Arctic and February for the Antarctic (Stroeve et al. 2012, Parkinson 

2019). Sea ice extent is the sum of grid cell areas with ice fraction greater than 0.15 in 

the atmospheric component of CESM (NSIDC 2020). 

• Precipitation: We derive annual mean precipitation from monthly total precipitation. To 

describe South Asian Monsoon rainfall, we use the conventional dynamical definition of 

June through September mean precipitation between 10˚N to 40˚N and 80˚E to 100˚E 
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(Geen et al. 2020). We provide timeseries of annual mean precipitation for all IPCC-

defined regions in Appendix B. 

• Simple intensity index: We use the ETCCDI simple intensity index to illustrate changes in 

a precipitation extreme. The simple intensity index measures the precipitation amount 

divided by the number of days with precipitation (Zhang et al. 2011). This is a standard 

metric to analyze trends in precipitation intensity (e.g., Alexander et al. 2006, Ayugi et al. 

2021). Following Ayugi et al. (2021), we define the East African region as spanning 12˚S 

to 5˚N and 28 ˚E to 42˚E to capture relevant regional climate features. We highlight East 

Africa due to its high exposure to extreme precipitation events (Adhikari et al. 2015, 

Nicholson 2017, Wainwright et al. 2021), and include additional timeseries of the simple 

intensity index for all IPCC-defined regions in Appendix B. We calculate the simple 

intensity index using Pyclimdex (Groenke 2020/2022). 

Regional trends in the model output are due to combinations of the forced response to the 

SAI intervention, the direct effects of CO2 concentration, and internal variability (Fasullo & 

Richter 2022). We use a metric based on the spread of the parallel ensemble simulations in 

GLENS and ARISE to evaluate where the signal from the SAI intervention is or is not robust 

relative to contributions from other sources. We detail the calculation of this metric, which we 

call robustness, in Appendix A. In the text of this work, we refer to results with high robustness 

as “robust.” Maps of robustness for each figure discussed in the Results section are displayed 

in Figure C2. These figures can be used to assess robustness visually by interpreting areas 

colored in yellow or green as being robust, while grayscale colors (“muted” regions, Tomkins et 
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al. 2022) are not robust.

 

Figure 2: Timeseries of selected climate variables in the GLENS and ARISE experiments. Bold line shows the 
ensemble mean for each scenario; shading illustrates the range of the ensemble members given by the maximum 
and minimum values at each year. The vertical dashed lines mark the deployment of SAI in 2020 (GLENS) and 2035 
(ARISE). See Methods for detailed descriptions of variables and regions. 

2.3 RESULTS 

GLENS and ARISE both maintain global mean temperature at their respective target values, 

while the no-SAI RCP8.5 and no-SAI SSP2-4.5 scenarios continue warming globally throughout 

the period (Figure 2a). Thus, global mean temperature shows a clear forced response to the SAI 

intervention. For each timeseries shown in Figure 2, the envelope around the ensemble mean 

illustrates a range of internal climate variability by spanning the maximum to minimum member 

at each year. The ensemble sizes for each scenario differ and are given in Table 1. While forced 

trends are visible in the ensemble mean for many of the timeseries (Figure 2), internal climate 

variability is substantial especially for regional scales and noisier variables such as precipitation 

(e.g., Figure 2h). The ensemble spreads of the SAI and no-SAI scenarios overlap for all 

quantities in the time periods shortly after deployment when the forced response is small. Thus, 
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internal variability can mask the forced response to the SAI intervention for any individual 

realization–especially on short time horizons (Keys et al. 2022). 

We use global maps corresponding to the snapshot around deployment and intervention 

impact framings (Figures 3-8, see Methods for details) to explore the ensemble mean response 

of temperature, precipitation, and the simple intensity index within the decade after SAI 

deployment. We refer to timeseries in Figure 2 to connect results from our framings to the 

evolution of a variable over a longer period of time and to display the spread due to internal 

variability. 

2.3.1 WHAT HAPPENS BEFORE AND AFTER SAI IS DEPLOYED IN THE MODEL? 

We begin our discussion with 2-meter temperature (Figure 3), as it is the variable directly 

targeted by the SAI intervention. Some global warming is visible in the GLENS snapshot due to 

the rapid warming rate in the underlying RCP8.5 emissions trajectory. The GLENS experimental 

design halts global mean temperature at 2020 levels, which leaves some warming relative to the 

2015-2019 mean which defines our pre-intervention snapshot baseline. The SSP2-4.5 forcing 

scenario used in ARISE yields a much more moderate rate of warming as compared to RCP8.5 

and a smaller relative change between the 2030-2034 baseline and the deployment of SAI in 

2035. Hence, the snapshot around deployment for ARISE does not display substantial planetary-

scale warming.

 

Figure 3: Maps of annual mean 2m temperature change between the snapshot periods within the SAI scenarios: 
GLENS [a] and ARISE [b]. 
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The subpolar North Atlantic Ocean stands out as the region experiencing the largest 

temperature trends (Figure 3). The sign of the trend is opposite in each experiment: warming in 

GLENS (Figure 3a), but cooling in ARISE (Figure 3b). This difference is driven by the opposite-

signed AMOC evolution in GLENS and ARISE. The strengthening AMOC throughout the 

simulation period in GLENS increases heat transport into the North Atlantic (Fasullo et al. 2018); 

in contrast, the AMOC weakens in ARISE (Richter et al. 2022). These trends in the AMOC are 

likely due to memory of the ocean initial conditions on the short timescales shown in the 

snapshot around deployment (Tilmes et al. 2018a, Fasullo et al. 2018). On a longer time horizon, 

the direct effect of CO2 concentration on precipitation may drive a forced response in the AMOC 

by altering oceanic salinity and temperature gradients (Fasullo & Richter 2022), however, this 

long-term effect would not be visible in our snapshot around deployment. 

In general, regional changes in annual mean 2m temperature after SAI deployment are 

much smaller in GLENS and ARISE (Figure 3) than in no-SAI RCP8.5 and no-SAI SSP2-4.5 (Figure 

1). All regions (save Northern Europe in GLENS, discussed shortly) defined by the IPCC WG1-

AR5 Atlas (van Oldenborgh et al. 2013) have a similar temperature response over time to the 

global mean. We provide 2m annual mean temperature timeseries for each IPCC region in the 

Appendix B to illustrate the universality of this response. We highlight the Amazon region 

(Figure 2e) as an example of the typical evolution of annual mean temperatures on a regional 

scale. The response in the Amazon is very similar to the global response: GLENS and ARISE are 

maintained near their pre-deployment values, while the no-SAI scenarios continue to warm 

through the period. Temperature trends are robust for all land area in GLENS, and almost all 

land area in ARISE (Figure C2a,b). A description of the metric we use to assess robustness of 

trends can be found in Appendix A. 

Northern Europe (Figure 2i) is the sole IPCC-defined region to experience sustained 

surface warming after deployment in any of the SAI scenarios. This region undergoes moderate 
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warming throughout the period in GLENS. One cause of this warming may be a forced positive 

trend in the North Atlantic Oscillation driven by stratospheric heating from the absorption of 

radiation by the sulfate aerosols injected by the SAI intervention (Banerjee et al. 2021). The 

strengthening AMOC could also contribute to this regional warming by importing heat from 

lower latitudes (Fasullo et al. 2018). Northern European warming does not occur in ARISE 

(Figure 2i, 3b), which requires a smaller amount of aerosol injection to maintain its climate 

goals against a more moderate radiative forcing than in GLENS. This lower aerosol burden 

results in less stratospheric heating which reduces the corresponding circulation response 

(Bednarz et al. 2022b). The SSP2-4.5 radiative forcing after 2100 becomes comparable to mid-

century RCP8.5 (Meinshausen et al. 2020), and the aerosol injected on these timescales could 

induce a more substantial circulation response via stratospheric heating. The differing 

responses in Northern Europe emphasize that climate responses in an individual scenario may 

be particular to that strategy, and cannot be assumed to be general features of all SAI 

interventions. 

We now turn to the snapshot around deployment for precipitation (Figure 4). The ITCZ 

shifts southward in both GLENS and ARISE (Figure 4). While this trend is robust in GLENS 

(Figure C2c), it is less so in ARISE (Figure C2d). The controller in GLENS and ARISE minimizes 

the magnitude of the perturbation to the ITCZ by maintaining the pole-to-pole and pole-to-

equator temperature gradients which strongly influence ITCZ location (Kang et al. 2018, Undorf 

et al. 2018, Cheng et al. 2022). However, the controller does not target every factor that 

influences the ITCZ location, which include differences in the relative aerosol burden between 

the Northern and Southern Hemispheres and changes in heat transport by the AMOC (Haywood 

et al. 2013, Iles & Hegerl 2014, Moreno-Chamarro et al. 2019, Ciemer et al. 2021). Thus, GLENS 

and ARISE reduce but cannot fully eliminate their respective perturbations to the ITCZ location 

(Cheng et al. 2022). Targeted modeling experiments and observations after volcanic eruptions 
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indicate that much larger ITCZ migrations are possible under SAI strategies that do not consider 

hemispheric temperature gradients (Haywood et al. 2013, Cheng et al. 2022).

 

Figure 4: Maps of annual mean precipitation change between the snapshot periods within the SAI scenarios: GLENS 
[a] and ARISE [b]. 

Precipitation decreases over much of the western Pacific in GLENS and ARISE (Figure 

4). While this change is not robust during the decade immediately after SAI deployment, a 

sustained trend eventually emerges in GLENS and is responsible for a decrease in globally-

averaged precipitation throughout the simulation (Figure 2b). Since these changes primarily 

affect precipitation over the ocean, land-only precipitation trends in GLENS are small (Figure 

C3). The decrease in tropical oceanic precipitation may be related to the direct effect of CO2 

concentration in the RCP8.5 emissions pathway or the circulation response to stratospheric 

heating, but the precise underlying dynamics are not well understood (Bony et al. 2013, Simpson 

et al. 2019). Changes in global precipitation over time in ARISE are difficult to identify (Figure 

2b), which indicates a more moderate injection strategy may minimize impacts on the global 

hydrologic cycle. 

Early modeling results indicated certain SAI strategies could cause large decreases in 

South Asian Monsoon precipitation (Robock et al. 2008). Any changes to the monsoon directly 

affect water availability and agricultural productivity in a densely populated region, with further 

impacts on global food supply (Gadgil & Rupa Kumar 2006, Kulkarni et al. 2016). South Asian 

Monsoon precipitation robustly decreases in GLENS (Figure 4a), although the magnitude of the 
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change is smaller than the increase throughout the period in no-SAI RCP8.5 (Figure 2j). Late in 

the century in GLENS, monsoon failures double in frequency due to circulation changes induced 

by stratospheric heating from the enormous aerosol burden (Simpson et al. 2019). In contrast, 

South Asian Monsoon precipitation remains largely unchanged in both SSP2-4.5 and ARISE. 

Thus, impacts on monsoon precipitation are dependent on the SAI strategy rather than a 

general feature of this type of intervention. 

On our short time horizon of the decade after deployment, global changes in the simple 

intensity index are very noisy with small changes seen overall. The largest regional feature is a 

decrease in the simple intensity index in Western Australia in ARISE (Figure 5b). When examined 

over the 2035-2069 period, it appears this is a transient anomaly likely due to internal variability 

(Figure C4). Precipitation extremes exhibit the largest internal variability of any quantity 

examined here. The 10-member ensemble of ARISE is not sufficient to isolate the forced 

response to SAI on precipitation extremes for regional spatial scales and short timescales. An 

ensemble size of 40 members or more may be necessary to reliably isolate these forced trends 

(Kirchmeier-Young & Zhang 2020).

 

Figure 5: Maps of annual mean simple intensity index change between the snapshot periods within the SAI scenarios: 
GLENS [a] and ARISE [b]. 

2.3.2 WHAT IS THE IMPACT OF A GIVEN INTERVENTION RELATIVE TO CLIMATE CHANGE 

WITH NO INTERVENTION? 
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GLENS and ARISE both avert warming around the globe (Figure 6); that is, they robustly 

remain cooler than their respective no-SAI scenarios (Figure C2a, Figure C2b). This impact is 

evident even in the decade immediately following deployment and is nearly single-signed 

worldwide (Figure 6). The Arctic experiences the greatest averted warming (Figure 6), because 

the controller greatly reduces Arctic amplification by maintaining the pole-to-equator 

temperature gradient in addition to global mean temperature. In either GLENS or ARISE, no 

regions experience robust warming relative to climate change in the ensemble mean. Regions 

that warm relative to a pre-intervention baseline, namely Northern Europe in GLENS, still 

experience averted warming relative to climate change (Figure 6a). This illustrates the value of 

using our two framings together: the snapshot around deployment shows the tangible climate 

response, while the intervention impact places these changes in context to climate change with 

no SAI. 

 

Figure 6: Maps of the intervention impact (SAI - no-SAI difference) for annual mean 2m temperature: GLENS [a] and 
ARISE [b]. 

In highly localized areas where trends are weak in both the SAI and no-SAI scenarios, the 

intervention impact is small and noise from internal variability can make it appear as if the 

intervention has exacerbated warming. This effect can be seen in the very small areas of the 

Southern Ocean in GLENS (Figure 6a) and the northeastern Pacific Ocean in ARISE (Figure 6b) 

that display a positively-signed intervention impact. Note that these regional features are not 

considered robust (Figure C2a, Figure C2b). Internal variability may mask the impact of SAI for 
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any individual realization, which complicates how the effectiveness of an intervention could be 

perceived after deployment (Keys et al. 2022). 

We connect the averted warming in global mean temperature to implications for the 

evolution over time of other Earth system variables. Global sea surface temperature (Figure 2c) 

responds very similarly to global 2m temperature (Figure 2a). Sea ice loss is halted in the Arctic 

and Antarctic (Figure 2g, Figure 2k) in both GLENS and ARISE. The impact is most dramatic in 

GLENS; in the no-SAI RCP8.5, the Arctic experiences ice-free minima by mid-century while 

GLENS keeps sea ice near present-day values. The SAI scenarios have the potential to slow or 

avert feedbacks involving sea and land ice. Arctic sea ice thickness is maintained alongside sea 

ice extent (Figure C5), indicating that ice-insulation feedbacks that can cause abrupt sea ice 

loss (e.g., Burt et al. 2016) could be averted. In Antarctica, halting sea ice loss prevents the 

exposure of coastal ice shelves to ocean waves which may make land ice less likely to collapse 

(Massom et al. 2018). Exploring impacts from SAI on the cryosphere in more depth is a clear 

avenue for future research. 

Mid-latitude tropical nights increase drastically in the no-SAI scenarios (Figure 2d) and 

are associated with the planetary-scale expansion of the tropics (Rajaud & Noblet-Ducoudré 

2017). SAI interventions in GLENS and ARISE both halt this process, maintaining tropical nights 

near their pre-intervention values. Averting increases in tropical nights could mitigate impacts 

from heat waves, as high overnight temperatures worsen mortality during these events (e.g., 

Buechley et al. 1972, Laaidi et al. 2012). While heat extremes are mitigated under GLENS or 

ARISE, extreme cold may be worsened relative to no-SAI climate change scenarios (Tye et al. 

2022). More in-depth risk analysis is necessary to quantify tradeoffs in exposure to extreme 

cold and heat. 

Temperature extremes in the ocean are also impacted by the averted warming under 

SAI. In GLENS and ARISE, increases in marine heatwave frequency are prevented for a point off 
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the coast of Western Australia (Figure 2l). In the no-SAI scenarios, this location reaches a near-

permanent marine heatwave state by mid-century. Marine ecosystems are increasingly affected 

by compound hazards: combinations of stressors including direct anthropogenic impacts, 

ocean acidification, and temperature extremes (e.g., Chandrapavan et al. 2019, Gruber et al. 

2021). While SAI only mitigates temperature extremes, lessening one component of compound 

hazards may allow ecosystems to stay within their capacity for resilience (Bernhardt & Leslie 

2013). 

Precipitation trends in the SAI scenarios oppose the no-SAI climate change response 

where the sign of the intervention impact (Figure 7) is opposite to that of the snapshot around 

deployment (Figure 4). Some of the large-scale changes in precipitation opposing the no-SAI 

climate change trends include the southward shift of the ITCZ, which overcompensates for the 

northward shift occurring under no-SAI RCP8.5 or no-SAI SSP2-4.5, and the moistening of the 

Southern Hemisphere subtropics, which opposes subtropical drying. The decrease in 

precipitation over the west Pacific in GLENS (Figure 7a), in contrast, is of the same sign as in 

the snapshot around deployment (Figure 4a). This implies that the SAI intervention exacerbates 

the no-SAI climate change trend in this region. As discussed previously, the decrease in 

precipitation in this region is responsible for the global decrease in precipitation in GLENS on 

longer timescales.

 

Figure 7: Maps of the intervention impact (SAI - no-SAI difference) for annual mean precipitation: GLENS [a] and 
ARISE [b]. 
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Due to the large internal variability of precipitation (Deser et al. 2012), regional trends are 

not robust over much of the globe in the decade after deployment (Figure C2c, Figure C2d). 

Robust regional precipitation responses are particularly difficult to identify in ARISE (Figure 

C2d), as both the ensemble size and SAI forcing are smaller than in GLENS (Figure C2c). Still, 

GLENS and ARISE both robustly oppose increases in precipitation in the Arctic that occur in the 

no-SAI scenarios (Figure 7) associated with rapid warming from Arctic amplification (Figure 2f). 

Warmer air temperatures support exponentially larger saturation vapor pressures, a trend which 

is reinforced by increased evaporation from the open ocean due to sea ice loss (Bogerd et al. 

2020). Alaska Native communities are highly vulnerable to climate change impacts, particularly 

those from increased precipitation (Shearer 2012, Melvin et al. 2017). The potential to avert 

these impacts indicates SAI could mitigate regional climate risk inequality in certain cases, 

although far more analysis is needed to draw any broader conclusions. Increased temperature 

and precipitation together yield more vegetation growth in the Arctic (Elmendorf et al. 2012, Dial 

et al. 2022). Arctic vegetation can exacerbate warming by decreasing surface albedo and 

increasing local water vapor mixing ratios, which accelerates ice loss and encourages further 

plant growth (Swann et al. 2010). This positive feedback is considered a possible tipping point 

in the Earth system (Crump et al. 2021, Heijmans et al. 2022). SAI may prevent this process by 

preventing increases in temperature and precipitation, although further research would be 

necessary to examine this in detail. 

Globally, GLENS and ARISE both reduce the simple intensity index over land relative to 

the no-SAI scenarios (Figure 8). Certain robust regional trends (Figure C2e, Figure C2f) are more 

apparent relative to climate change in the intervention impact than relative to the pre-

intervention baseline in the snapshot around deployment. The simple intensity index in East 

Africa robustly decreases in GLENS and is maintained in ARISE (Figure 2h), while it increases 

through the period in the no-SAI scenarios. Elsewhere, regional trends in the simple intensity 
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index are generally not robust. We provide timeseries of the simple intensity index for each 

IPCC-defined region in Appendix B.

 

Figure 8: Maps of the intervention impact (SAI - no-SAI difference) for annual mean simple intensity index: GLENS [a] 
and ARISE [b]. 

2.4 CONCLUSIONS 

We present two ways to frame output from Earth system modeling experiments with 

parallel intervention and no-intervention ensemble simulations, which we call the snapshot 

around deployment and the intervention impact. Our framings directly address the research 

questions: “What happens before and after the intervention is deployed in the model?” and 

“What is the impact of the intervention on a variable relative to climate change with no 

intervention?” We apply our framings to GLENS and ARISE, the first SAI modeling experiments 

performed by ensembles of fully-interactive Earth system models. We explore these questions 

in the decade after SAI deployment, a policy-relevant time horizon that has not been widely 

explored in the literature with respect to SAI impacts. GLENS and ARISE should not be directly, 

quantitatively compared to each other due to differences in their experimental designs; thus, we 

restrict each of our analyses to a single SAI scenario and contrast GLENS and ARISE only in 

generalities. We use our framings to efficiently describe many aspects of the climate response 

to SAI, including 2-meter temperature, annual mean precipitation, and the simple intensity index 

(a measure of precipitation extremes). 
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Our study is the first to synthesize results from GLENS and ARISE together. We focus on 

a short-term time horizon of the 10 years after deployment, which is consistent with timescales 

frequently used by policymakers and planning practitioners to assess climate information (e.g., 

Bolson et al. 2013, DePolt 2021, Pearman & Cravens 2022, Keys et al. 2022). This differentiates 

our work from existing literature on the climate response in GLENS or ARISE, which usually 

examines time horizons later in the century in order to obtain a larger forced signal from the SAI 

intervention (e.g., Tilmes et al. 2018a, Simpson et al. 2019, Pinto et al. 2020, Camilloni et al. 

2022, Richter et al. 2022, Tye et al. 2022). We intend our data analysis to provide a point of entry 

for researchers or educators unfamiliar with SAI, and include an archive of timeseries depicting 

each of the variables used with our framings for all IPCC regions (Appendix B). 

Our framings can be used with any modeling experiment that has parallel intervention 

and no-intervention simulations. In particular, we see an opportunity to apply these framings to 

planned ARISE-SAI experiments that explore a wider variety of temperature targets, deployment 

dates, and Earth system models (MacMartin et al. 2022). As our framings directly address 

concrete questions of the climate response to SAI, they could also motivate a more 

comprehensive regional risk analysis constructed in collaboration with planning practitioners 

and members of affected communities (e.g., Adelekan & Asiyanbi 2016, DePolt 2021). 

We show that while large forced responses to SAI are visible in the ensemble mean 

within the decade after deployment in GLENS and ARISE, internal variability can mask impacts 

in individual realizations. The noise from internal variability has important implications for three 

key open problems highlighted by NASEM (2021): detection, monitoring, and social perception 

of any climate intervention. Machine learning methods have shown promise for rapid detection 

of the surface climate response to SAI despite the influence of internal variability (Barnes et al. 

2022). Improved understanding of the data most useful to detect SAI could help constrain 

potential observational platforms for long-term monitoring. Regardless of the true forced 
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climate response, the noise from internal variability may influence the perceived success or 

failure of any climate intervention–or climate action more broadly (Keys et al. 2022, Diffenbaugh 

et al. 2022).  

GLENS and ARISE provide high-fidelity depictions of two useful scientific knowledge-

building scenarios (Talberg et al. 2018). However, these scenarios are geopolitically idealized: 

they depict SAI as an uninterrupted worldwide project (“global action” scenarios) with a 

controller limiting disruptions to global mean climate. Thus, the results from these specific 

scenarios do not generalize to any given SAI intervention. The large differences between GLENS 

and ARISE demonstrate that even global action scenarios with many commonalities can 

produce distinct climate responses, due to factors such as model dependency, the perturbation 

of the ocean initial conditions, and the direct effects of the underlying greenhouse gas 

emissions forcing scenario. To explore a scenario of interest, it will be necessary to explicitly 

model that scenario; the results cannot be assumed to track those of GLENS or ARISE. Future 

modeling should widely explore the scenario design space, with possible examples of 

candidates including unilateral (“rogue actor”) deployment and environmental peacebuilding 

(Fitzgerald 2016, Buck 2022). 
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CHAPTER 3 
 
 
 

SUMMARY AND FUTURE RESEARCH 
 
 

3.1 SUMMARY OF THESIS 

We apply our framings to annual mean 2m temperature, precipitation and the simple 

intensity index in GLENS and ARISE, which are the first two SAI modeling experiments to use 

ensembles of Earth system models that comprehensively represent both the aerosol injection 

process and the climate response. Our work is the first to analyze climate impacts from GLENS 

and ARISE together. We focus on the time horizon of the first 10 years after SAI deployment, 

consistent with timescales frequently used by policymakers and planning practitioners to 

assess climate information. We design our data analysis and visualization to provide a point of 

entry for researchers and educators new to the subject of climate intervention, and provide an 

additional archive of timeseries depicting all of the variables used with our framings for each 

IPCC-defined region (Appendix C). 

Our results apply only to the two scenarios of climate intervention modeled here. The 

GLENS and ARISE scenarios are designed for scientific knowledge-building (Talberg et al. 2018) 

and depict SAI as an uninterrupted, worldwide project (“global action scenarios”) with a 

controller to limit impacts on the global climate. These strategies are geopolitically idealized–

they do not attempt to consider political constraints that would affect the implementation of 

SAI. The substantial differences between GLENS and ARISE illustrate that even two global 

action scenarios with many commonalities can produce distinct climate responses. 

3.2 SURVEY OF FUTURE RESEARCH DIRECTIONS 

Our framings could be used to explore the upcoming ARISE experiments planned by 

NCAR (MacMartin et al., 2022), and are broadly applicable to any experiments using parallel 

intervention and no-intervention simulations regardless of what kind of intervention is studied. 
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As our framings directly address concrete questions of the climate response to SAI, they could 

also motivate a more comprehensive regional risk analysis constructed in collaboration with 

planning practitioners and members of affected communities (e.g., Adelekan & Asiyanbi 2016, 

DePolt 2021). 

Broader exploration of the space of SAI scenarios will inform discussion of the possible 

climate responses to different SAI strategies. Future ARISE simulations planned by NCAR will 

provide detailed insight on the impacts of temperature targets, starting year, interruptions, and 

phase-out in global-action SAI scenarios with a controller (MacMartin et al. 2022). Modeling of 

unilateral deployment (“rogue actor” scenarios) would explore the climate implications of 

geopolitically relevant SAI deployment scenarios (Fitzgerald 2016). Scenarios of environmental 

peacebuilding may provide new insight on the potential for climate intervention to complement 

ambitious mitigation strategies (Buck 2022). Developing tools to probe large numbers of 

scenarios, such as idealized circulation models or nonlinear response machine learning models, 

could help researchers identify small numbers of candidates to target with resource-intensive 

Earth system modeling (e.g., Vallis et al. 2018, Mansfield et al. 2020, McGovern et al. 2022). 

NASEM (2021) highlighted the rapid detection, long-term monitoring, and public 

perception of an intervention as key open problems independent of the hypothetical scenario of 

deployment. Satellite platforms that measure aerosol optical depth would be able to detect SAI 

within 2 years (Seidel et al. 2014). It would also be straightforward to observe the airplane 

flights needed to implement SAI at scale (Smith & Wagner 2018). On their own, however, these 

methods provide little information about the surface climate response. Machine learning has 

shown promise for detecting the presence of SAI even in highly variable quantities such as 

temperature extremes and precipitation extremes (Barnes et al. 2022), and could be explored 

across other variables and spatial scales. Better understanding of the quantities useful for 

detection of SAI may help constrain platforms for long-term monitoring. Internal variability can 
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mask the effects of SAI and may lead to the “perceived failure” of any intervention, or climate 

mitigation policy more generally (Diffenbaugh et al. 2022, Keys et al. 2022). Transdisciplinary 

social science research can provide insight on effective ways to communicate climate 

information despite the noise from climate variability. 

Many of the processes relevant to SAI, such as middle atmosphere dynamics and 

aerosol microphysics, are poorly constrained by observations which makes it challenging to 

evaluate their modeled representations (e.g., SPARC 2022). There are natural analogues to SAI 

that can provide real-world insight on these Earth system processes without undertaking 

ethically controversial field experiments (NASEM 2021). Natural analogues include the volcanic 

emission of sulfate aerosols and the stratospheric injection of smoke by extreme wildfires (e.g., 

Mills et al. 2017, Das et al. 2021). Additionally, the study of natural analogues provides 

opportunities for collaboration between the Earth system modeling and observational 

meteorology communities. 

Many fields outside of climate intervention have engaged with relevant questions of 

ethics and governance. Lessons from the literature in these disciplines, such as renewable 

energy development, energy policy, and climate adaptation (e.g., Jasanoff 2018, Batres et al. 

2021, Leonard 2021), can be applied in the climate intervention community. Engaging with 

research from these other fields will help us to continue to grow a socially conscious tradition 

of research in climate intervention. 
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APPENDIX A 
 
 
 

ROBUSTNESS 
 
 

We define a metric called robustness to quantify where the signal from the forced 

response to SAI is large relative to noise from internal variability and the response to climate 

change. The use of robustness is enabled by GLENS and ARISE containing parallel SAI and no-

SAI ensemble simulations. Described qualitatively, robustness is the number of SAI realizations 

whose time mean falls outside (exceeds or subceeds) a chosen quantity of time means of no-

SAI realizations for a given time period at a point. A variable that showed perfect robustness 

would have each SAI ensemble member fall outside the chosen quantity of no-SAI realizations 

every time. More formally, robustness can be described mathematically as the following 

statement: 

𝜌!,# = max&'n &𝑟$!,#$%%$&!,#${'}'''''''''''	
	* ,	n &𝑟$!,#$%)$&!,#${'}'''''''''''	

	*, , - ∀𝑡 ∈ {0,… , 𝑧}				* 

In this equation, 𝝆𝜽,𝝓 denotes the robustness at some longitude and latitude. 𝑺𝜽,𝝓𝒓𝒕88888888 is the 

time mean over a given period for a variable at some longitude 𝜽 and latitude 𝝓 for each SAI 

realization 𝑟- ,  𝑆<𝜽,𝝓𝒓{'}888888888 denotes time means of a variable at a longitude 𝜽 and latitude 𝝓 for 𝑩 

number of no-SAI realizations 𝑟{/}, and 𝒛 is the size of the SAI ensemble. The robustness 

calculation is repeated for every latitude and longitude to generate a map of robustness for a 

given variable. The unit of robustness is “number of ensemble members” as inherited from the 

cardinality operator n(). Robustness is always non-negative and can never be larger than the 

size of the SAI ensemble, i.e. 𝝆𝜽,𝝓 = 𝑧 is the upper bound for robustness. 

Robustness is shown for each variable analyzed in the text in Figure C2. The maximum 

values for robustness are 21 ensemble members in GLENS and 10 ensemble members in 

ARISE. We consider regions where robustness is greater than 13 members (GLENS) or 7 
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members (ARISE) to be “robust.” In Figure C2, robustness can be assessed visually by 

interpreting areas colored in green or yellow as being robust, while grayscale colors (“muted” 

regions, Tomkins et al. 2022) are not robust. However, we emphasize that the choice of 

threshold is subjective. We encourage interested readers to assess results to their own 

standard using Figure C2. 

The algorithm to calculate robustness is detailed here. In the archive accompanying this 

thesis, robustness is implemented in the module fun_robustness.py.  

1. Choose the time period of interest. We define this time period as 2025-2029 for GLENS 

and 2040-2044 for ARISE. 

2. The user defines the value B. A given SAI member must exceed or subceed this number 

of no-SAI members to be considered to have a robust signal. The value of B and the time 

period of interest are the only user choices required to calculate robustness. We set B 

equal to 11 for GLENS and 6 for ARISE given their differing ensemble sizes. 

3. Choose a realization from the SAI ensemble. 

4. Compare the mean value of the given SAI member during the time period to the mean 

values from the corresponding time period of every no-SAI member. Calculate the 

number of no-SAI realizations that the SAI member exceeds and subceeds. These two 

numbers are retained as Gexc and Gsub. 

5. Repeat steps 3 and 4 for each SAI member. In this way, each SAI member will be 

compared to every no-SAI realization. 

6. The number of SAI realizations surpassing B is summed for each of Gexc and Gsub 

ensuring both negative- and positive-signed forced responses from SAI can be captured. 

Mathematically, this describes the calculation of 

&'n &𝑟$!,#$%%$&!,#${'}'''''''''''	
	* ,	n &𝑟$!,#$%)$&!,#${'}'''''''''''	

	*, , - ∀𝑡 ∈ {0,… , 𝑧} in the equation provided earlier. 
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7. The maximum of the two numbers from the previous step is the robustness at the given 

grid point and time period. 

8. The calculation is repeated for every grid point to generate a map of robustness.  
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APPENDIX B 
 
 
 

ARCHIVE OF TIMESERIES 
 
 

In order to comprehensively illustrate the regional climate response in GLENS and ARISE, 

we provide timeseries for annual 2m temperature, annual precipitation, and the simple intensity 

index at all IPCC WG1-AR5 regions. These figures are located at the following archive hosted by 

the Open Science Foundation: doi.org/10.17605/OSF.IO/TEV3R. This archive also contains the 

Python code necessary to calculate the robustness metric described in Appendix A. 

In the figures in this archive, GLENS is referred to as “GLENS-SAI” and ARISE as “ARISE-

SAI-1.5.” These full names provide additional clarity on the experiments used in the figures in 

case readers encounter these images out of context. 
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APPENDIX C 
 
 
 

SUPPLEMENTARY FIGURES 
 
 

 

Figure C1: Regions used for panels in Figure 8. Definitions are from IPCC (2013), except for East Africa (Ayugi et al. 
2021), South Asian Monsoon (Geen et al. 2020), and Western Australia (Hobday et al. 2016). 
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Figure C2: Robustness of data shown in Figures 1-7. See Appendix A for definition of robustness. 

 

Figure C3: Timeseries of annual mean precipitation over land only in GLENS and ARISE. 
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Figure C4: Timeseries of simple intensity index for land-only Western Australia. Region definition: 38˚S to 11˚S, 112˚E 
to 136˚E. 

 

Figure C5: Timeseries of grid cell mean sea ice thickness in GLENS and ARISE. 

 


