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ABSTRACT

ASSESSING THE IMPACT OF STRATOSPHERIC AEROSOL INJECTION ON

CONVECTIVE WEATHER ENVIRONMENTS IN THE UNITED STATES

Continued climate warming, together with the overall development and implementation of

climate mitigation and adaptation approaches, has prompted increasing research into the potential

of proposed solar climate intervention (SCI) methods, such as stratospheric aerosol injection

(SAI). SAI would reflect a small amount of incoming solar radiation away from the Earth to

reduce warming due to increasing greenhouse gas concentrations. Research into the possible risks

and benefits of SAI relative to the risks from climate change is emerging. There is not yet,

however, an adequate understanding of how SAI might impact human and natural systems. To

date, little or no research has been done to examine how SAI might impact environmental

conditions critical to the formation of severe convective weather over the United States (U.S.), for

instance. We use parallel ensembles of Earth system model simulations of future climate change,

with and without hypothetical SAI deployment, to examine possible future changes in

thermodynamic and kinematic parameters critical to the formation of severe weather during

convectively active seasons over the U.S. Southeast and Midwest. We find that simulated forced

changes in thermodynamic parameters are significantly reduced under SAI relative to a no-SAI

world, while simulated changes in kinematic parameters are more difficult to distinguish. We also

find that unforced internal climate variability may significantly modulate the projected forced

climate changes over large regions of the U.S.
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CHAPTER 1: INTRODUCTION

Global carbon dioxide (CO2) emissions have increased every decade since the 1960s, and

they are projected to continue to increase over at least the next several decades (Friedlingstein et

al., 2022; Jiang & Guan, 2016; Peters et al., 2012). It is therefore very unlikely that global climate

warming will be limited to 1.5◦ or even 2◦C above pre-industrial temperatures unless action is

taken soon to drastically reduce emissions (IPCC, 2021). In fact, climate warming is projected to

be over 2◦C by the end of the century under moderate and current policy-relevant emissions

scenarios, surpassing what is considered to be a safe threshold of warming (IPCC, 2021; Riahi et

al., 2017; UNEP, 2022). Climate impacts such as drought intensification (Mukherjee et al., 2018;

Strzepek et al., 2010), increases in extreme precipitation (Allen & Ingram, 2002; Donat et al.,

2016) and continued sea ice loss (Stroeve et al., 2012; Wang & Overland, 2012) are projected to

worsen over the coming decades (IPCC, 2021). Future changes also include the potential for

increases in the frequency and intensity of severe convective weather over large portions of the

United States (U.S.) (Diffenbaugh et al., 2013; Hoogewind et al., 2017; Lepore et al., 2021;

Rasmussen et al., 2020; Seeley & Romps, 2015; Tippett et al., 2015; Trapp et al., 2007, 2009,

2019).

Given the urgency to limit continued temperature warming, the U.S. National Academies of

Science, Engineering and Medicine (NASEM) recommended the formation of a transdisciplinary

research program to identify the potential benefits and risks of solar climate intervention (SCI)

relative to the risks posed by climate change (NASEM 2021). Most SCI approaches would cool

the planet by reflecting a small amount of incoming solar radiation away from Earth, potentially

minimizing some of the worst consequences of anthropogenic climate change while buying more

time for mitigation and the deployment of CO2 removal technologies. Stratospheric aerosol

injection (SAI) is one proposed form of SCI that would involve, perhaps, the injection of sulfur
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dioxide (SO2) into the stratosphere, which would react with hydrogen and oxygen to form highly

reflective sulfate aerosols (Crutzen, 2006; Rasch et al., 2008; Richter et al., 2022).

Several Earth-system models have been used to simulate a future climate with SAI under

different climate change scenarios (Kravitz et al., 2011; Kravitz et al., 2015; Richter et al., 2022;

Tilmes et al., 2018; Visioni et al., 2023). Research to date has included examining changes in

global and regional temperature and precipitation (Hueholt et al., 2023; Richter et al., 2022;

Tilmes et al., 2018), atmospheric circulation patterns (Bednarz et al., 2022; Haywood et al.,

2022), extreme temperature and precipitation events (Barnes et al., 2022; Ji et al., 2018), and

ecological responses (Zarnetske et al., 2021), in addition to potential deployment technologies

(Lockley et al., 2020; Smith & Wagner, 2018). Such studies have demonstrated that SAI could

potentially be deployed to stabilize or reduce global mean temperature to a specific temperature

target (Richter et al., 2022; Tilmes et al., 2018; Visioni et al., 2021); however, research that has

been more regionally focused has indicated that regional impacts of SAI could be both positive

and negative. For example, major African river basins may have enhanced drought risk because

SAI is projected to cause precipitation decreases that overcompensate for projected increases due

to climate warming (Abiodun et al., 2021). On the other hand, future projections indicate that SAI

has the potential to reduce Greenland ice sheet mass loss (Moore et al., 2019) and minimize the

loss of Arctic sea ice (Lee et al., 2023).

While research on the potential impacts of SAI has been increasing and broadening in

recent years, current research remains scattered and ad hoc, so a holistic understanding of how

SAI would impact Earth and human systems is limited (NASEM, 2021). For instance, while there

have been studies documenting the impact of climate change on the large-scale environments in

which severe weather (as defined by Galway, 1989) forms (Diffenbaugh et al., 2013; Franke et al.,

2023; Hoogewind et al., 2017; Lepore et al., 2021; Rasmussen et al., 2020; Seeley & Romps,

2015; Trapp et al., 2007, 2009), we are not aware of any studies that have examined the potential

impact of SAI on those environments. The topic is of relevance given the increasing costs of U.S.

severe weather disasters in recent decades (NCEI 2022). Large-scale parameters and proxies have
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been used to identify what environmental conditions are favorable to the formation of severe

weather phenomena, largely in order to improve short-term predictability and overcome

limitations in the limited observational record of severe weather (e.g., Doswell et al. 1996;

Rasmussen & Blanchard 1998; Brooks et al. 2003; Craven & Brooks 2004). More recently,

however, such parameters and proxies have been used to predict how the behavior of severe

weather might change on longer time scales, such as through the end of the century (e.g.,

Diffenbaugh et al., 2013; Franke et al., 2023; Hoogewind et al., 2017; Lepore et al., 2021;

Rasmussen et al., 2020; Trapp et al., 2007). In part, this is because running convection-permitting

models over long periods of time is computationally expensive, and these parameters and proxies

are resolvable using coarser resolution Earth-system models.

Parameters commonly analyzed include convective available potential energy (CAPE),

convective inhibition (CIN), and the wind shear from the surface to ∼6 km (S06). With climate

change, the magnitudes of both CAPE and CIN are projected to increase in the U.S. east of the

Rocky Mountains in both the spring and summer (Diffenbaugh et al., 2013; Franke et al., 2023;

Hoogewind et al., 2017; Lepore et al., 2021; Rasmussen et al., 2020; Trapp et al., 2007).

Increases in the magnitude of CAPE and CIN have been attributed to increases in temperature and

moisture throughout the troposphere (Rasmussen et al. 2020; see also Fig. 12). Wind shear (S06)

is also generally projected to decrease in both the spring and summer seasons in the U.S.,

especially east of the Rockies (Trapp et al. 2007; Hoogewind et al. 2017; Lepore et al. 2021), a

change that largely reflects decreases in the zonal wind at ∼6 km (Diffenbaugh et al., 2013;

Franke et al., 2023).

Combined proxies that consider the integrated effects of more than one convective

parameter have also been analyzed (Diffenbaugh et al., 2013; Hoogewind et al., 2017; Lepore et

al., 2021; Seeley & Romps, 2015; Trapp et al., 2007, 2009). Proxies that consider both the

thermodynamic and kinematic characteristics of the environments have been shown to better

discriminate between environments conducive to ordinary thunderstorms, supercells, and tornadic

supercells than individual thermodynamic or kinematic parameters alone (Rasmussen &
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Blanchard, 1998). CAPES06, defined as the product of CAPE and S06, has been used to

distinguish significant severe storms from those that are less severe (Brooks et al., 2003;

Rasmussen & Blanchard, 1998). This proxy is often used in tandem with other convective

weather parameters to describe whether an environment is favorable to the formation of severe

weather on a given day (Diffenbaugh et al., 2013; Hoogewind et al., 2017; Lepore et al., 2021;

Seeley & Romps, 2015; Trapp et al., 2007). The number of days with high magnitude CAPES06

are projected to increase with future warming across the eastern U.S. (Seeley & Romps, 2015).

Diffenbaugh et al. (2013) suggests that CAPES06 is expected to increase across the eastern U.S.

even though S06 is projected to decrease, because decreases in S06 are expected to occur on days

when CAPE is already low.

Previous research examining projections of convective weather environments has mostly

considered high emissions trajectories that are not consistent with current climate policies. In this

study, we examine the potential impact of climate warming on convective weather environments

in the U.S. using a 10-member ensemble of Earth-system model simulations under the Shared

Socioeconomic Pathway 2-4.5 (SSP2-4.5) emissions scenario. This is a “middle of the road”

scenario consistent with current climate policies that projects ∼2.7◦C of global warming by the

end of the century (O’Neill et al., 2017). It considers the slow development and deployment of

sustainability practices such as CO2 emissions reduction and removal technologies (IPCC, 2021;

Riahi et al., 2017). In addition, we examine parallel climate change integrations with a

hypothetical SAI deployment to examine the potential impact of SAI on large-scale convective

weather environments, relative to the impacts from climate change alone. To our knowledge, this

is the first study to examine the potential influence of SAI on future convective weather

environments.
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CHAPTER 2: METHODS

2.1 Model Information

This study utilizes a set of parallel simulations of climate change with and without SAI;

specifically, the Assessing Responses and Impacts of Solar climate Intervention on the Earth

system using stratospheric aerosol injection (ARISE-SAI; Richter et al., 2022). These simulations

were performed using the freely available Community Earth System Model version 2 (CESM2), a

fully coupled model with the Whole Atmosphere Community Climate Model version 6

(WACCM6) as the atmospheric component (Danabasoglu et al., 2020; Gettelman et al., 2019).

WACCM6 is a high-top model with a well-represented stratosphere that includes 70 vertical

levels with a model top of 4.5x10−6 hPa (∼130 km) and a horizontal resolution of 1.25◦ longitude

and 0.9◦ latitude (Danabasoglu et al., 2020). ARISE-SAI consists of two 10-member ensembles

of climate change with and without SAI. Both ensembles follow the moderate SSP2-4.5

emissions scenario (O’Neill et al., 2017). The ARISE-SAI climate change simulations consist of

five members that run from 2015-2100 and were carried out as a part of the Coupled Model

Intercomparison Project Phase 6 (Eyring et al., 2016). Five other ensemble members cover the

period from 2015-2069 and were branched off from three existing historical CESM2-WACCM6

simulations (1850-2014) with the addition of a small temperature perturbation at the first model

time step (Richter et al., 2022).

The first five members of the ensemble with a hypothetical SAI deployment were initialized

in 2035 using the first five members of the climate change (SSP2-4.5) ensemble. The last five

members were initialized in a similar way, but with the addition of a small temperature

perturbation (Richter et al., 2022). Each of the 10 SAI simulations extend through 2069, with

SO2 being injected into the stratosphere continuously beginning in 2035 in order to maintain

global mean temperature at ∼1.5◦C above its pre-industrial value. In addition, the ARISE-SAI

injection strategy is designed to maintain the equator-to-pole and interhemispheric temperature
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gradients to values consistent with those observed at the 1.5◦C temperature target (Kravitz et al.,

2017; MacMartin et al., 2014; Richter et al., 2022). The stabilizing influence of SAI is clear when

examining not only the time series of global 2 m temperature change (Hueholt et al., 2023;

Richter et al., 2022), but also that for the contiguous U.S (CONUS) (Figure 1).

Figure 1 : Annual mean near-surface (2 m) temperature from the SSP2-4.5 simulations (2015-

2069) and the simulations where SAI is deployed (2035-2069). Results averaged over the globe

are given by the tan (SSP2-4.5) and blue (SAI) lines, while those averaged over the contiguous

U.S. are given by the gray (SSP2-4.5) and red (SAI) lines. Ensemble means are shown by the

thick solid lines, while the minimum and maximum ranges of the individual ensemble members

are shown by the corresponding color shading.

2.2 Convective Weather Environment Parameters and Proxies

CAPE (J kg−1) and CIN (J kg−1) are thermodynamic parameters which consider the

temperature and moisture content of the atmosphere (Doswell & Rasmussen, 1994). CAPE is a
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measure of potential energy that is defined by the vertical integral of buoyancy from the level of

free convection to the equilibrium level, and is analogous to updraft velocity (Doswell &

Rasmussen, 1994; Rasmussen & Blanchard, 1998; Trapp et al., 2007). CIN represents the

negative buoyancy and is indicative of the potential to suppress convective motions (Rasmussen

& Blanchard, 1998). CAPE and CIN were calculated as the most-unstable parcel in the lowest

3000 m of the atmosphere, which is a useful method for capturing cases of elevated instability,

while being effective at identifying low-level or surface-based instability when present (Doswell

& Rasmussen, 1994).

S06 (m s−1) is a kinematic parameter which is representative of the change in the horizontal

wind vector from ∼10 m above ground-level to approximately 6 km altitude. This measure of

wind shear is used to diagnose whether or not an environment is favorable to the formation of

significant severe thunderstorms (Brooks et al., 2003; Rasmussen & Blanchard, 1998). In

particular, small magnitudes of S06 are typically associated with the development of relatively

small, short-lived single-cell thunderstorms, while larger magnitudes of S06 are typically

associated with the potential for development of supercell thunderstorms, which are longer-lived,

more organized, and more intense (Weisman & Klemp, 1982).

CAPES06 (m3 s−3) is a good discriminator for significant severe thunderstorm events

(Brooks et al., 2003; Marsh et al., 2007; Rasmussen & Blanchard, 1998; Trapp et al., 2007). We

consider CAPES06 as simply the product of CAPE and S06. Some previous studies have

weighted S06 more heavily than CAPE (Brooks et al., 2003; Seeley & Romps, 2015), but Seeley

& Romps (2015) note that varying the weight of S06 in calculations of CAPES06 did not have a

large impact on future projections of favorable convective weather environments. Additionally,

CAPES06 has not been frequently looked at as a standalone quantity. It is typically used with

other parameters such as CAPE and S06 to identify convective weather environment days

(Diffenbaugh et al., 2013; Hoogewind et al., 2017; Lepore et al., 2021; Seeley & Romps, 2015;

Trapp et al., 2007). We elect to examine CAPES06 in this way since we are using daily mean
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rather than sub-daily temporal resolution (see further discussion below), rendering commonly

used minimum thresholds inappropriate for use.

While we present results as spatial maps over the CONUS, we also compute area-averaged

statistics over the Southeast and Midwest regions. Analysis of area averaged quantities is

beneficial since it allows for an additional analysis of the time evolution of the quantities

considered with and without SAI. The Southeast is defined as the grid points bounded by

39◦-48◦N and 255◦-274◦W, while the Midwest is defined as the region within 30◦-39◦N and

255◦-280◦W (Figure 2). While we examined all seasons and other regions over the U.S., we

restrict our analysis here to the Southeast region during the boreal spring season (MAM) and the

Midwest region during the boreal summer season (JJA). These regions and seasons were chosen

subjectively based on the climatological seasonal distributions of both convective weather

environments and severe weather events (e.g., Kelly et al., 1985; Doswell et al., 2005; Brooks et

al., 2007; Taszarek et al., 2020). The representation of convective weather environments in both

the Community Atmosphere Model version 6 (CAM6) (Danabasoglu et al., 2020), an atmosphere

only model, and CESM2-CAM6, a fully coupled Earth-system model, have been validated

against the fifth generation of the high resolution global reanalysis dataset produced by ECMWF

(ERA5) (Franke et al., 2023; Li et al., 2020). CAM6 is the low-top version of WACCM6, where

the two models have the same vertical structure up to 87 hPa and nearly identical

parameterizations (Danabasoglu et al., 2020). These validations have shown that both CAM6 and

CESM2-CAM6 are able to well represent convective weather environments over the eastern

CONUS, as well as the synoptic features (Li et al., 2020) and the influence of large-scale modes

of variability, such as the El Niño Southern Oscillation (ENSO; Franke et al., 2023).

Most previous studies that have considered convective weather environment parameters

have calculated these indices using model output at 00 Z, which is known to represent the time

when CAPE is maximized (e.g., Trapp et al., 2007; Diffenbaugh et al., 2013; Seeley & Romps,

2015). However, only daily mean data are available for all 10 of the ARISE-SAI ensemble

members. To assess the suitability of using daily averaged data, we extracted data at 00 Z from
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one ensemble member from the CESM2 Large Ensemble (CESM2-LE) (Rodgers et al., 2021) and

compared results to those computed from daily average data. The CESM2-LE is a 100-member

ensemble that runs from 1850-2100 and follows the SSP3-7.0 emissions scenario, which warms

more and has slower development of mitigation and adaptation practices relative to SSP2-4.5

(O’Neill et al., 2017). The CESM2-LE utilizes the low-top atmospheric component of CESM2

(CAM6; Rodgers et al., 2021).

Figure 2 : The Midwest and Southeast regions. The Midwest is defined by the grid points bounded

by 30◦-39◦N and 255◦-280◦W. The Southeast is defined by the grid points bounded by 39◦-48◦N

and 255◦-274◦W.

We compared the time evolutions of CAPE, CIN, S06, and CAPES06 computed at 00 Z to

those computed as a daily mean quantity from 2015-2069. The analysis was based on anomalies

relative to 1971-2000 climatologies. The time evolution of CAPES06 anomalies for the Southeast

in MAM and the Midwest in JJA indicates high correlation between the sub-daily and daily mean

anomalies in both regions (r = 0.988 and r = 0.946) (Figure 3). Correlations between sub-daily

and daily mean anomalies are similarly high for CAPE, CIN and S06 (not shown). Thus, while

differences exist in the absolute magnitude of the convective parameters when computed from

sub-daily relatively to daily mean data (especially for CIN, which is maximized at night rather

than in the afternoon), the changes over time of the parameters computed from daily mean data,

as well as the differences between the SAI and no-SAI simulations, are very similar to the
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temporal changes of the parameters computed from 00 Z data only. Using the daily mean data

that is available from all 10 ARISE-SAI ensemble members allows us to better estimate forced

changes in climate, as well as better examine how the forced changes might be modified by

decadal and multi-decadal internal climate variability.

Figure 3 : Time series of CAPES06 anomalies in the Southeast in MAM and in the Midwest in JJA

from 2015-2070 from one member of the CESM2 Large Ensemble. Anomalies are relative to the

2015-2034 mean. The tan line represents CAPES06 anomalies calculated from daily mean data,

while the blue dashed line represents CAPES06 anomalies from 00 Z data only. The correlation

between the two time series is the r-value in the top left of each graph.
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CHAPTER 3: RESULTS

3.1 Forced Responses

Differences in future projections with and without SAI are evident in many convective

weather environment parameters averaged over the Southeast and Midwest regions (Figure 4).

Without SAI deployment, CAPE increases throughout the time period relative to the base period

(2015-2034), but with SAI deployment CAPE stabilizes (Figure 4a, 4e). Similarly, climate

change causes an increase in the magnitude of CIN (increasingly negative values) in both regions

while SAI stabilizes CIN near 2035 levels in these simulations (Figure 4b, 4f). S06 decreases in

magnitude throughout the time period in the no-SAI simulations, but the influence of SAI on wind

shear is less clear (Figure 4c, 4g). The sign of future greenhouse-gas induced changes in CAPE,

CIN and S06 are in general agreement with previous studies (Diffenbaugh et al., 2013; Lepore et

al., 2021; Trapp et al., 2009), although magnitudes differ, at least in part, because earlier studies

examined climate change scenarios other than SSP2-4.5. Projected increases in the magnitude of

CAPES06, which are dominated by increases in CAPE with continued climate warming (Figure

4d, 4h,) are also in line with earlier studies (Diffenbaugh et al., 2013; Seeley & Romps, 2015;

Trapp et al., 2007). It thus follows that changes in CAPES06 mirror the simulated changes to

CAPE in the SAI runs, with anomalies stabilizing to approximately 2035 levels (Figure 4d, 4h).

The underlying climatological (2015-2034) distributions of these parameters from the

ARISE-SAI simulations (Figure 5) provide context for projected changes with and without SAI,

and they are in good agreement with observations (e.g., Franke et al., 2023; Li et al., 2020). In

MAM, maximum values of CAPE are found over the south-central U.S., especially just west of

the Gulf of Mexico (Figure 5a). The area of maximum CAPE becomes much larger in JJA, with

large values generally east of the Rockies and the greatest magnitudes over the far southern U.S.

(Figure 5e). The changes between MAM and JJA are especially notable over the Northern Plains
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and the Midwest, where CAPE in the summer has magnitudes near those of the Southeast in

MAM (Figure 5e).

Figure 4 : Time series showing CAPE (J kg−1) (a and e), CIN (J kg−1) (b and f), S06 (m s−1)

(c and g), and CAPES06 (m3 s−3) (d and h) anomalies relative to the 2015-2034 mean for the

Southeast in MAM (top row) and the Midwest in JJA (bottom row) from 1980-2069. The tan line

represents the three-member ensemble mean from CESM2(WACCM6) historical runs, the gray

line represents the 10-member ensemble mean from the SSP2-4.5 simulations, and the red line

represents the 10-member ensemble mean from the simulations with SAI deployment beginning

in 2035.

As for CAPE, the magnitude of CIN increases greatly from MAM to JJA (Figure 5b, 5f),

although we again note the magnitudes of the climatological values from daily mean data are

larger than in previous studies that have utilized data from the afternoon only. In particular, the

largest magnitudes of CIN are concentrated over Texas, Oklahoma and Kansas in MAM, but by

JJA the largest magnitudes are shifted to the central Great Plains. The deep-layer shear (S06) is

positive over the entire U.S. during both seasons, although it is larger in spring than summer

(Figure 5c, 5g). In both seasons, maximum values of shear are over the northern third of the U.S.

The distribution of CAPES06 largely mirrors the distribution of CAPE in both MAM and JJA

(Figure 5d, 5h), although CAPES06 has a more uniform distribution across the eastern half of the

U.S. in JJA compared to CAPE (5d, 5h).
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Figure 5 : Climatological CAPE (a and e), CIN (b and f), S06 (c and g) and CAPES06 (d and h)

for MAM (top row) and JJA (bottom row) over 2015-2034 for the SSP2-4.5 simulations.

To examine how climate change affects these environmental parameters, we examine the

average changes in the last decade of the ARISE-SAI simulations (2060-2069) relative to the

climatological period (2015-2034; Figure 6). In the spring and summer, CAPE, CIN, and

CAPES06 are all projected to increase in magnitude with climate change (Figure 6). Over most

regions, these increases are statistically significant at the α=0.05 level for the two-sample t-test (to

account for issues related to multiple testing across the U.S. domain, the method outlined in Wilks

(2016) was used to control the false discovery rate). Wind shear (S06) is projected to decrease in

magnitude during MAM across much of the U.S., with decreases largest in the eastern U.S.

(Figure 6c). S06 is also projected to decrease in the summer months, with the largest decreases in

the northwest U.S. where convective activity is not as significant historically (Figure 6g). While

decreases in wind shear are evident across much of the U.S., the magnitude of the decrease is

relatively small compared to the magnitude of the underlying climatology (Figure 5c, 5g, 6c, 6g):

climatological S06 values exceed 20 m s−1 across much of the U.S., while projected changes by

2060-2069 exceed 1 m s−1 over only limited regions (Figure 6c, 6g). Projected increases in

CAPE, CIN and CAPES06, as well as projected decreases in S06, are broadly consistent with

previous literature (Diffenbaugh et al., 2013; Franke et al., 2023; Hoogewind et al., 2017; Lepore

et al., 2021; Rasmussen et al., 2020; Seeley & Romps, 2015; Trapp et al., 2007, 2009).
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Figure 6 : The differences between 2060-2069 (SSP2-4.5) and 2015-2034 (SSP2-4.5) ensemble

mean CAPE, CIN, S06, and CAPES06, in MAM (top row) and JJA (bottom row). Stippling

indicates statistical significance at the α=0.05 level.

In the SAI simulations, future changes in the magnitudes in CAPE, CIN and CAPES06 are

generally much smaller and less statistically significant across the U.S. (Figure 7) than in the

no-SAI simulations (Figure 6). This suggests that if SAI were to be deployed, the convective

weather environment parameters analyzed here would not change appreciably from today,

although that conclusion may be specific to the ARISE-SAI simulations. Future changes in S06

with SAI, however, are generally similar to those projected in the no-SAI simulations. For

instance, the spatial patterns of projected decreases in S06 with SAI are similar to those without

SAI in MAM (Figure 6c, 7c), although regions of maximum decrease differ. Since an objective of

the ARISE-SAI experiment is to not only keep global average temperature near its 2035 value but

also to preserve the equator-to-pole temperature gradient (Richter et al., 2022), it is difficult to

attribute the S06 decreases in the no-SAI simulations (Figure 6c) to changes in the thermal wind

balance, as has been done previously (Trapp et al., 2007; Seeley & Romps, 2015). This suggests

that there could be a different mechanism driving future changes in S06. We explore this aspect

further in the Discussion. Another way to examine the impacts of SAI on convective weather

parameters relative to the effects from increasing greenhouse concentrations alone is to directly

difference the SAI and no-SAI simulations. Here we do so for differences averaged over the

2060-2069 decade. For CAPE, CIN, and CAPES06, the differences follow a similar spatial
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pattern and magnitude, but are of opposite sign, to the projected future changes in the no-SAI

simulations (Figure 6 and 8). Further, the differences between the SAI and no-SAI simulations for

CAPE, CIN and CAPES06 are widely statistically significant across the eastern U.S. for

2060-2069, while the differences for S06 are not (Figure 8).

Figure 7 : Differences between 2060-2069 (SAI) and 2015-2034 (SSP2-4.5) ensemble mean

CAPE, CIN, S06, and CAPES06, in MAM (top row) and JJA (bottom row). Stippling indicates

statistical significance at the α=0.05 level.

Figure 8 : Differences between SAI and SSP2-4.5 ensemble means for 2060-2069 in MAM (top

row) and JJA (bottom row). Stippling indicates statistical significance at the α=0.05 level.

In addition to examining changes in each convective environment parameter separately,

understanding their co-variability can provide insight into the potential change in the distributions

of convective modes and frequency with and without SAI (Diffenbaugh et al., 2013; Lepore et al.,
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2021; Rasmussen et al., 2020). To this point, bivariate distributions of convective parameters from

2060-2069 were created from daily data for the SAI and no-SAI simulations, respectively. For

each individual ensemble member, daily mean values of CAPE, CIN and S06 were collected for

each gridpoint over the Southeast in MAM and the Midwest in JJA. Distinct bivariate

distributions (CAPE versus CIN, and CAPE versus S06) were then plotted for the difference of

the SAI and no-SAI simulations (Figure 9 and 10). Positive numbers indicate that the SAI

simulations had more days in a given bin than the no-SAI simulations, whereas negative numbers

indicate the opposite.

In the Southeast in MAM and the Midwest in JJA, there are more days with low magnitudes

of CAPE and CIN in the SAI simulations than in the no-SAI simulations, indicating that projected

increases in the number of days with increased CAPE and CIN under SSP2-4.5 could be largely

avoided with SAI (Figure 9). The shift in the distribution of these parameters is due to decreases

in both CAPE and CIN, which is evident in the straight diagonal region that separates the red and

blue points. The difference in the shape of the distributions between the Southeast in MAM

(Figure 9a) and the Midwest in JJA (Figure 9b) is largely due to the climatology of CIN, where

values have much higher magnitudes in the Midwest in JJA (Figure 5b, 5f).

The difference between the SAI and no-SAI simulations for the daily bivariate distribution

of CAPE and S06 is illustrated in Figure 10. While the simulations suggest fewer days with high

CAPE if SAI were to be deployed, the number of days with high shear is comparable between the

SAI and no-SAI simulations. Thus, with SAI, there may be fewer days with high magnitude

CAPE and S06, but the number of days with low-moderate CAPE and high shear may be similar

with and without SAI (Figure 10).

The analyses in Figures 9 and 10 also begin to highlight the potential role of unforced,

internal climate variability in projected future changes in convective weather environments with

and without SAI. The potential for internal variability to significantly modulate projected forced

changes in climate is known to be significant (e.g. Deser et al., 2012; Deser, 2020; Schwarzwald

& Lenssen, 2022). In the next section, we are motivated by these and similar studies to go beyond
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descriptions of only forced changes in climate warming in order to more completely examine the

range of plausible future convective weather environments with and without SAI.

Figure 9 : The difference between the SAI and no-SAI simulations (i.e. SAI - SSP2-4.5) for the

bivariate distribution of CAPE (x-axis) and CIN (y-axis) for the Southeast in MAM (a) and the

Midwest in JJA (b) over 2060-2069. Red (blue) pixels represent bins where there are more (less)

days with corresponding CAPE and CIN values in the simulations with SAI.

Figure 10 : As for Figure 9, but the difference between the SAI and no-SAI simulations (i.e. SAI

- SSP2-4.5) for the bivariate distribution of CAPE (x-axis) and S06 (y-axis).
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3.2 The Role of Internal Climate Variability

Other studies have examined the impact of internal climate variability on the behavior of

severe weather related phenomena. However, they have tended to focus on

sub-seasonal-to-interannual variations, such as those associated with the Madden Julian

Oscillation (Baggett et al., 2018; Thompson & Roundy, 2013) or the El Niño Southern Oscillation

(ENSO) phenomenon. For instance, Allen et al., (2018) examined the role of ENSO in

modulating the annual cycle of tornadoes over the U.S., while Tippett et al., (2022) studied how

ENSO and the phase of the Arctic Oscillation (AO) impacted the predictability of the tornado

environment index. What has not been often considered, however, is the potential role that lower

frequency (e.g., decadal) internal climate variability could play in future projections of severe

weather. Ensemble simulations from climate and Earth system models indicate that even though

the forced response to increasing greenhouse gas concentrations shows warming across the U.S.

and other land regions, decadal and longer-timescale internal climate variability has the potential

to significantly enhance or dampen the forced response (Deser et al., 2012; Hawkins & Sutton,

2009; Kay et al., 2015). It is thus relevant to consider how internal climate variability may impact

future projections of convective weather environments both with and without SAI.

Histograms of changes in CAPE and CAPES06 by 2060-2069 relative to the reference

period (2015-2034) show that while the forced response (ensemble mean) increases in magnitude

under SSP2-4.5, changes in individual no-SAI simulations could be notably smaller or larger due

to unforced variations in climate (Figure 11; gray bars). Specifically, individual ensemble

members project changes in CAPE that depart as much as 60 J kg−1 from the ensemble mean

increase of 107 J kg−1 by 2060-2029 (Figure 11a). Similar results are evident for CAPES06. For

instance, while the ensemble-mean projected change in CAPES06 is an increase of 392 m3 s−3

across the Midwest in JJA, one member projects a decrease of 226 m3 s−3 by mid-century (Figure

11h). Such results confirm the large role that internal climate variability will play in the future

evolution of climate, a point also emphasized recently by Franke et al. (2023) who examined
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future decadal trends in convective environment variables using the CESM2 Large Ensemble

under SSP3-7.0 (Rodgers et al., 2021).

Figure 11 : Histograms of the 10 ensemble members of the SSP2-4.5 (gray bars) and SAI (red

hatched bars) simulations, illustrating the change in CAPE, CIN, S06, and CAPES06 for 2060-

2069 relative to the 2015-2034. The black dotted and solid tan lines represent the ensemble mean

values of the SSP2-4.5 and SAI simulations, respectively. Results are for the Southeast in MAM

(a-d) and the Midwest in JJA (f-h).

A similarly wide range of possible changes in CAPE, CIN and CAPES06 are evident in the

SAI simulations as well (Figure 11; red hatched bars). Thus, while the forced signals in the

convective parameters examined here are distinct in future worlds with and without SAI, internal

climate variability could produce similar climate outcomes in the decades ahead (Keys et al.,

2022). For example, an ensemble member in the no-SAI simulation projects that CIN decreases

in magnitude by 5.2 J kg−1 in JJA by 2060-2069, while a member in the SAI simulation projects

an 8.5 J kg−1 increase in CIN over the same period (Figure 11f). Additionally, the distribution of

possible future changes in S06 with and without SAI are very similar across ARISE-SAI

ensemble members when averaged over the Southeast and Midwest regions, as is the case for the

ensemble-mean changes (Figure 11c, 11g). This further supports the idea that the thermal wind

relationship may not be the primary mechanism governing future changes in the deep-layer

tropospheric wind shear over the U.S.
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Figure 12 : The ensemble members with the maximum (a) and minimum (b) changes in CAPES06

by 2060-2069 relative to 2015-2034 over the Southeast in MAM in the SSP2-4.5 simulations,

calculation described in text. The forced response, or ensemble mean, is shown in (b) and repeated

in (e). The change in CAPES06 due only to internal variability is shown for the ensemble member

with the maximum and minimum change in (c) and (f), respectively.

To further illustrate the extent to which internal climate variability can produce a climate

outcome that differs significantly from the forced response alone, we subjectively chose the

ensemble member with the maximum change in CAPES06 by 2060-2069 when averaged over the

Southeast in MAM, and contrasted it against the ensemble member with the smallest change. The

spatial patterns of change for each of these two ensemble members is shown, along with the

ensemble mean changes (Figure 12). By subtracting the ensemble mean changes from the total

changes in CAPES06, the regional changes due only to internal climate variability are revealed.

The main point is that internal climate variability may either significantly enhance the forced

response due to climate change (Figure 12c) or suppress it (Figure 12f) on decadal time scales. It

is also notable that the magnitudes of the changes due solely to internal climate variability are

spatially coherent over large regions, and they are of similar magnitude to the force changes (e.g.,

Deser, 2020).
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CHAPTER 4: DISCUSSION

In ARISE-SAI, projected future changes in CAPE, CIN, and CAPES06 are smaller with

simulated SAI deployment than what is projected with climate change alone (Figure 6, 7). This is

consistent with lower temperatures and dew points on average throughout the troposphere in

MAM and JJA in an SAI future (Figure 13). It thus follows that the SAI simulations have fewer

co-occurrences of high magnitude CAPE and CIN in the future (Figure 9), whereas changes in the

bivariate distribution of CAPE and S06 are primarily driven by smaller values of CAPE in a

future with SAI (Figure 10).

Figure 13 : Ensemble mean changes in the vertical profiles of temperature (a and c) and dew point

(b and d) over the Midwest in JJA and the Southeast in MAM for 2060-2069 relative to 2015-2034.

The SSP2-4.5 simulations are shown in gray and the SAI simulations are shown in red.
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Future differences in tropospheric wind shear are more difficult to understand than

SAI-induced changes in thermodynamic parameters. Under climate change with and without SAI,

S06 is expected to decrease across much of the convectively active regions in the U.S. in the

spring and summer seasons (Figure 6c, 6g, 7c, 7g). Although the decreases are small in

magnitude relative to the climatology (Figure 5c, 5g), similar decreases have been documented in

other studies of future climate change. Trapp et al. (2007), for instance, concluded that future

decreases in tropospheric wind shear are consistent with decreases in the middle latitude thermal

wind, as would be expected as the equator-to-pole temperature gradient decreases over the 21st

century (Cohen et al., 2014; Francis & Vavrus, 2012). However, changes in S06 with SAI are

broadly consistent with those in the no-SAI simulations examined here (Figure 6c, 6g, 7c, 7g),

even though ARISE-SAI is configured so that the equator-to-pole temperature gradient remains

near its 2035 value when SAI is deployed (Richter et al., 2022).

While a thorough analysis of these changes in wind shear are beyond the scope of this

study, we do note that precipitation is projected to increase over the eastern equatorial Pacific

during the seasons examined here under both the SAI and no-SAI simulations, although the

increases projected with SAI are smaller in magnitude (Figure 14; see also Richter et al., 2022).

Simpson et al. (2019) also indicated that precipitation is projected to increase in magnitude in the

eastern equatorial Pacific in a future with SAI. Further, they examined the precipitation response

to the addition of stratospheric heating in the absence of a greenhouse gas forcing, and found that

precipitation is also projected to increase in the eastern equatorial Pacific. This suggests that

precipitation changes in this region are influenced by dynamical responses that may result from

the introduction of aerosols into the stratosphere. Upper-level divergence due to tropical

convective heating in the equatorial Pacific can be the source of anomalous vorticity that drives

the propagation of Rossby wave trains that impact the extratropics (Qin & Robinson, 1993;

Sardeshmukh & Hoskins, 1988). This idea is broadly consistent with the spatial patterns of 300

hPa winds in both the SAI and no-SAI simulations, with alternating bands of increasing and

decreasing winds emanating from the tropical eastern Pacific (Figure 15). In other words, future
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changes in S06 in the SAI and no-SAI simulations may be driven by changes in tropical

precipitation and associated large-scale climate circulations, which are similar whether or not SAI

is deployed.

Figure 14 : Ensemble mean change in precipitation (2060-2069 relative to 2015-2034) for the

SSP2-4.5 and SAI simulations during the boreal spring and summer seasons.

A novel aspect of this study is the use of individual ensemble members to examine the

variability around the forced responses to climate change and SAI in large-scale convective

weather environment parameters relevant to severe weather (Figure 11). Recall that each

individual ensemble member represents an equally-plausible climate outcome in the decades

ahead (e.g., Deser, 2020). Our results illustrate the large role internal climate variability will

likely have, especially on regional scales. This large role also means that future convective

weather environments in an SAI world could be indistinguishable from a world without SAI, even

though the forced responses are distinguishable. We note that a 10-member ensemble is likely
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insufficient to statistically capture the full breadth of possible outcomes (Deser et al., 2012;

Franke et al., 2023). There are also shortcomings in the ability of Earth-system models to

accurately represent internal variability (Orbe et al., 2020; O’Reilly et al., 2021).

Figure 15 : Ensemble mean change in 300 hPa wind speed (2060-2069 relative to 2015-2034) for

the SSP2-4.5 and SAI simulations during the boreal spring and summer seasons.

Other limitations of this study include the fact that the use of large-scale parameters to

assess how the behavior of severe weather may change in the future is itself a caveat, since a

favorable environment does not imply that convection will actually occur. Further, this method

assumes that the frequency of convective initiation will not change with climate warming

(Hoogewind et al., 2017; Trapp et al., 2007, 2009), and that the rate of initiation would not be

affected by SAI deployment. Convective initiation is dependent on a variety of factors such as

orography and large-scale dynamics, the latter of which have the potential to be impacted by
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climate warming and potential SAI deployment. The representation of convective initiation is also

likely sensitive to model configuration (Carlson et al., 1983; Trapp et al., 2007).

Finally, our analysis is based on a single model; namely CESM2-WACCM6. While it is a

state-of-the-science Earth-system model that is improved over earlier versions, biases remain, for

instance in the spatial distribution of tropical rainfall (Danabasoglu et al., 2020; Simpson et al.,

2020; Wei et al., 2021). Future work could examine how model-specific biases impact future

projections of convective weather environments with and without SAI. For instance, the exact

ARISE-SAI scenarios examined here were recently completed using the first version of the U.K.

Earth System Model (Archibald et al., 2020; Sellar et al., 2019). Ultimately, it will also be

important to examine Earth system model simulations with different SAI deployment goals and

timelines (e.g., MacMartin et al., 2022) or simulations under different climate change scenarios,

such as the Stratospheric Aerosol Geoengineering Large Ensemble Project (Tilmes et al., 2018).

It would also be interesting to use the output from Earth-system models to force high-resolution,

regional climate models to explicitly examine how projected changes in the large-scale

environment impact the distribution of convective modes (Ashley et al., 2023; Gensini et al.,

2023; Gensini & Mote, 2015; Rasmussen et al., 2020; Trapp et al., 2019).
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CHAPTER 5: ARISE-SAI-UKESM1.0 AND GLENS

5.1 Model Information and Introduction

Another ensemble of simulations that utilized the ARISE-SAI protocol were recently

completed using the first version of the U.K. Earth-system Model (UKESM1.0) (Sellar et al.,

2019). The atmospheric component of the UKESM1.0 is the United Kingdom Chemistry and

Aerosol Model (UKCA), a high-top model with 85 vertical levels that extend from the surface to

85 km and a horizontal resolution of 1.875◦ longitude and 1.25◦ latitude (Archibald et al., 2020).

The ARISE-SAI simulations with UKESM1.0 include five no-SAI ensemble members which

span from 2015-2100 and five SAI ensemble members which span from 2035-2069. In this

chapter we denote these simulations as ARISE-SAI-UKESM1.0 and we use ARISE-SAI to

denote the CESM2 simulations that were discussed in the previous chapter.

Also, the Stratospheric Aerosol Geoengineering Large Ensemble (GLENS) project (Tilmes

et al., 2018) is another set of parallel simulations of climate change with and without SAI that

follows the Representative Concentration Pathway 8.5 (RCP8.5) emissions scenario, a high

emissions scenario with little to no mitigation (van Vuuren et al., 2011). These simulations were

run using the Community Earth System Model, version 1 (Hurrell et al., 2013). GLENS utilizes

WACCM version 5, the high-top atmospheric component of CESM that includes a

well-represented stratosphere. WACCM5 has 70 vertical levels extending from the surface to

∼140 km and has a horizontal resolution of 1.5◦ longitude and 0.9◦ latitude (Marsh et al., 2013;

Mills et al., 2017). GLENS features the same controller as ARISE-SAI and maintains

global-mean surface temperature, the interhemispheric temperature gradient and the pole-to-pole

temperature gradient near their 2020 values (∼1.2◦C above pre-industrial levels) via the injection

of SO2 into the stratosphere (Kravitz et al., 2017; MacMartin et al., 2014). We focus on three

ensemble members from GLENS with no-SAI that run from 2010-2097 and three ensemble

members with SAI that run from 2020-2099. There are additional ensemble members in GLENS,
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but they do not have the output necessary to calculate the convective weather environment

parameters examined here.

The ARISE-SAI-UKESM1.0 and GLENS ensembles present an opportunity to increase

understanding of how the model and scenario used affects how climate change and SAI impact

convective weather environments over the U.S. In particular, ARISE-SAI-UKESM1.0 is useful

because it provides the opportunity to compare directly to the ARISE-SAI simulations, potentially

highlighting inter-model differences and sensitivities. By utilizing the RCP8.5 emissions

scenario, GLENS provides insight into how convective weather environments might be impacted

by a worst-case climate change scenario and a correspondingly aggressive SAI-deployment

scenario. Differences in projections of annual mean near-surface (2 m) temperature in each of the

simulations begin to illustrate some of these issues (Figure 16). For instance, even though

ARISE-SAI and ARISE-SAI-UKESM1.0 were run under identical climate change and SAI

deployment scenarios, CONUS mean near-surface temperature is ∼2◦C cooler in UKESM1.0,

and a slight reduction in temperature occurs shortly after deployment begins (Figure 16). This is

because global mean near-surface temperature in ARISE-SAI-UKESM1.0 exceeds 1.5◦C above

the pre-industrial temperature before SAI deployment begins in 2035, likely due to its stronger

equilibrium climate sensitivity relative to CESM2 (Meehl et al., 2020). Thus, SAI injections do

not stabilize the global mean temperature as in ARISE-SAI, but rather must cool it for the first

decade or so after deployment. In GLENS, temperature increases more rapidly than in the ARISE

scenario (Figure 16), due to the higher greenhouse gas emissions in RCP8.5 relative to SSP2-4.5.

5.2 ARISE-SAI-UKESM1.0

In the simulations of ARISE-SAI-UKESM1.0, future increases in CAPE, CIN, and

CAPES06 due to climate change have the potential to be avoided with SAI deployment (Figure

17). This signal, however, is less evident in ARISE-SAI-UKESM1.0 than in ARISE-SAI, perhaps

because there are fewer ensemble members, which leads to a noisier response relative to

ARISE-SAI (Figure 4, 17). We note that CAPE, CIN, and CAPES06 decrease slightly before
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stabilizing in the SAI simulations, since UKESM1.0 is above the 1.5◦C target when SAI is

deployed (e.g., Figure 16). Similar to ARISE-SAI, S06 decreases throughout the time period in

the no-SAI simulations in the Southeast and Midwest (Figure 4c, 4g, 17c, 17g). When SAI is

deployed, S06 is projected to decrease as in the no-SAI simulations in the spring, but S06

decreases less in the summer with SAI relative to the simulations with no-SAI (Figure 17c, 17g).

Figure 16 : CONUS mean temperature for ARISE-SAI (red), ARISE-SAI-UKESM1.0 (blue), and

GLENS (brown) with and without SAI. Simulations with climate change only are represented by

the dark colors and simulations with SAI deployment are represented by the lighter colors. ARISE-

SAI-CESM2 and ARISE-SAI-UKESM1.0 run from 2015-2069 with SAI deployment beginning

in 2035. GLENS runs from 2010-2099 with SAI deployment beginning in 2020. The shading

represents the maximum and minimum range of the ensemble members and the solid line is

representative of the ensemble mean.
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Figure 17 : CAPE, CIN, S06, and CAPES06 anomalies relative to the 2015-2034 mean in the

Southeast in MAM (a-d) and the Midwest in JJA (e-h) for the ARISE-SAI-UKESM1.0 simulations.

The red line represents the ensemble mean of the SAI simulations and runs from 2035-2069. The

gray line represents the ensemble mean of the SSP2-4.5 simulations and runs from 2015-2069.

The climatology of CAPE, CIN, S06 and CAPES06 in ARISE-SAI-UKESM1.0 has a

similar spatial distribution to ARISE-SAI in the spring and summer (Figure 3, 18). The

magnitude of the 2015-2034 climatologies of CAPE, CIN, and CAPES06 are lower in

ARISE-SAI-UKESM1.0 than in ARISE-SAI, and this is consistent with this model’s lower

temperatures across the CONUS (Figure 16). In the no-SAI simulations, CAPE, CIN and

CAPES06 are projected to increase in magnitude in the spring and summer, with the largest

increases occurring where magnitudes are largest climatologically (Figure 19). In the simulations

with SAI, these increases are mostly avoided (Figure 20), as in ARISE-SAI (Figure 7).

S06 is projected to decrease in the simulations with no-SAI in the spring and summer across

much of the U.S. in ARISE-SAI-UKESM1.0 (Figure 19c, 19g), as in ARISE-SAI (Figure 6c, 6g).

When SAI is deployed, S06 is still projected to decrease across the northern two-thirds of the U.S.

in the spring, but increase in magnitude in the southern U.S., especially along the Gulf Coast

(Figure 20c). In the summer, projected decreases in S06 in the no-SAI simulations are mostly

avoided, and S06 is projected to increase slightly in magnitude in some regions of the western
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U.S. (Figure 20g). The difference between the SAI and no-SAI simulations indicates that S06 will

be larger in magnitude in the simulations with SAI relative to the no-SAI simulations in the spring

and summer (Figure 21c, 21g). To further understand changes in S06 in ARISE-SAI-UKESM1.0

both with and without SAI and how these changes differ from those projected in ARISE-SAI,

changes in global precipitation and 300 hPa wind speed were examined.

Figure 18 : 2015-2034 ensemble mean CAPE (a and e), CIN (b and f), S06 (c and g) and CAPES06

(d and h) for MAM (top row) and JJA (bottom row) in the SSP2-4.5 simulations in ARISE-SAI-

UKESM1.0.

Figure 19 : The difference between the 2060-2069 (SSP2-4.5) and 2015-2034 (SSP2-4.5) ensemble

mean CAPE, CIN, S06, and CAPES06 in MAM (top row) and JJA (bottom row) in ARISE-SAI-

UKESM1.0.
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Figure 20 : The difference between the 2060-2069 (SAI) and 2015-2034 (SSP2-4.5) ensemble

mean CAPE, CIN, S06, and CAPES06 in MAM (top row) and JJA (bottom row) in ARISE-SAI-

UKESM1.0.

Figure 21 : The difference between SAI and SSP2-4.5 for the 2060-2069 ensemble mean in MAM

(top row) and JJA (bottom row) in ARISE-SAI-UKESM1.0.

ARISE-SAI-UKESM1.0 projects that precipitation in the equatorial Pacific will increase in

the simulations with no-SAI (Figure 22a, 22c) , similar to in ARISE-SAI (Figure 14a, 14c). When

SAI is deployed, these increases are smaller in magnitude in the spring and are very small in the

summer, and the spatial pattern of these changes differs between the SAI and no-SAI simulations

(Figure 22b, 22d). Because the changes in precipitation are not as similar in the SAI and no-SAI

simulations in ARISE-SAI-UKESM1.0 as in ARISE-SAI in both magnitude and spatial pattern

(Figure 14, 22), it is likely that the resulting changes in the Rossby wave train pattern will be
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distinct in the SAI and no-SAI simulations in ARISE-SAI-UKESM1.0. Changes in 300hPa wind

speed over this same time period with SAI are characterized by alternating bands of increasing

and decreasing wind speeds that are slightly phase-shifted relative to the no-SAI simulations in

the spring, and are even more phase-shifted from the no-SAI simulations in the summer, when

300 hPa wind speed is projected to increase across much of the U.S. (Figure 23).

Figure 22 : Ensemble mean change in precipitation (2060-2069 relative to 2015-2034) for the

SSP2-4.5 and SAI simulations during the boreal spring and summer seasons in ARISE-SAI-

UKESM1.0

In ARISE-SAI-UKESM1.0, the difference between the SAI and no-SAI simulations for

bivariate distribution of CAPE and CIN over 2060-2069 is similar to that in ARISE-SAI in the

Southeast and Midwest, where there are fewer days with high magnitude CAPE and CIN and

more days with moderate CAPE and CIN in the SAI simulations (Figure 9, 24). One difference is

that in both the SAI and no-SAI simulations, the range of CAPE and CIN magnitudes are smaller

in ARISE-SAI-UKESM1.0 than in ARISE-SAI, likely due to lower temperatures across the U.S.
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in UKESM1.0 (Figure 16) relative to CESM2 (Figure 16). The difference between SAI and

no-SAI simulations for the bivariate distribution of CAPE and S06 indicate that there will be

fewer days with high magnitude CAPE in the SAI simulations across the Southeast, and that this

shift will be independent of the magnitude of S06 in ARISE-SAI-UKESM1.0, as in ARISE-SAI

(Figure 10a, 25a). In contrast to ARISE-SAI, there will be fewer days with low magnitude S06 in

the Midwest in the simulations with SAI compared to the simulations with no-SAI in

ARISE-SAI-UKESM1.0 (Figure 25b). This shift is in agreement with projections of changes in

S06 over the simulation period, where projected decreases in S06 in the no-SAI simulations in the

summer are avoided across much of the U.S. (Figure 19g, 20g).

Figure 23 : Ensemble mean change in 300 hPa wind speed (2060-2069 relative to 2015-2034) for

the SSP2-4.5 and SAI simulations during the boreal spring and summer seasons in ARISE-SAI-

UKESM1.0

33



Figure 24 : The difference between the SAI and no-SAI simulations (i.e. SAI - SSP2-4.5) for the

bivariate distribution of CAPE (x-axis) and CIN (y-axis) for the Southeast in MAM (a) and the

Midwest in JJA (b) over 2060-2069 in ARISE-SAI-UKESM1.0. Red (blue) pixels represent bins

where there are more (less) days with corresponding CAPE and CIN values in the simulations with

SAI.

Figure 25 : The difference between the SAI and no-SAI simulations (i.e. SAI - SSP2-4.5) for the

bivariate distribution of CAPE (x-axis) and S06 (y-axis) for the Southeast in MAM (a) and the

Midwest in JJA (b) over 2060-2069 in ARISE-SAI-UKESM1.0. Red (blue) pixels represent bins

where there are more (less) days with corresponding CAPE and CIN values in the simulations with

SAI.
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5.3 GLENS

Future changes in convective weather environment parameters in GLENS are analyzed by

observing changes at the end of the simulation period (2080-2089) relative to the 2010-2019

mean. The GLENS simulations are useful to examine potential forced changes due to climate

change with and without SAI because GLENS considers an extreme emissions scenario paired

with an aggressive SAI deployment scenario, resulting in a high signal to noise ratio (Tilmes et

al., 2018). This is evident when examining the time series of anomalies of CAPE, CIN, S06 and

CAPES06 over the Southeast in MAM and the Midwest in JJA, where the stabilizing influence of

SAI deployment on the magnitudes CAPE, CIN and CAPES06 is clearly evident (Figure 26).

Figure 26 : CAPE, CIN, S06, and CAPES06 anomalies relative to the 2010-2019 mean in the

Southeast in MAM (a-d) and the Midwest in JJA (e-h) for the GLENS simulations. The gray line

represents the ensemble mean of the SSP2-4.5 simulations and runs from 2010-2097. The red line

represents the ensemble mean of the SAI simulations and runs from 2020-2099.

The underlying climatology (2010-2019) of the convective weather environment parameters

considered across the U.S. in the spring and summer is shown in Figure 27. Future changes in

CAPE, CIN, and CAPES06 exhibit increased magnitudes due to climate change that are largely

avoided by the deployment of SAI (Figure 28, 29, 30). In the SAI simulations, there will be fewer
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days with high magnitude CAPE and CIN, and more days with moderate CAPE and CIN in the

spring in GLENS, relative to the simulations with SAI (Figure 31a). In the summer, there will be

fewer days with high magnitude CIN in the simulations with SAI, and this is largely independent

of the magnitude of CAPE (Figure 31b). The difference in projections of CAPE, CIN and

CAPES06 with and without SAI are likely driven by the avoidance of continued temperature

increases in the simulations where SAI is deployed (Figure 16).

Figure 27 : 2010-2019 ensemble mean CAPE (a and e), CIN (b and f), S06 (c and g), and CAPES06

(d and h) for MAM (top row) and JJA (bottom row) for the RCP8.5 simulations in GLENS.

Figure 28 : The difference between the 2080-2089 (RCP8.5) and 2010-2019 (RCP8.5) ensemble

mean CAPE, CIN, S06, and CAPES06 in MAM (top row) and JJA (bottom row) in the GLENS

simulations.
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In GLENS, S06 is projected to decrease less in the simulations with SAI than in the

simulations with no-SAI in the spring and summer (Figure 28c, 28g, 29c, 29g). These differences

are especially apparent in the summer (Figure 30g). In the spring, there will be fewer days with

high magnitude CAPE with SAI compared to the simulations with no-SAI in GLENS (Figure

32a). In the summer, there will be fewer days with low magnitude S06 in the simulations with

SAI in GLENS (Figure 32b). The difference in the shift in the bivariate distribution of CAPE and

S06 in the SAI and no-SAI simulations in the spring and summer could be because in the spring,

there is little difference in S06 between the no-SAI and SAI simulations in the Southeast, and so

the shift is dominated by decreasing magnitude CAPE in the SAI simulations (Figure 32a, 32c).

In the summer, the magnitude of S06 is larger in the simulations with SAI compared to the

no-SAI simulations, especially across the northern half of the U.S., which includes much of the

Midwest, indicating the potential for difference between the magnitude of S06 in the SAI and

no-SAI simulations to play a more dominant role in the bivariate distribution of CAPE and S06

(Figure 30g).

Figure 29 : The difference between the 2080-2089 (SAI) and 2010-2019 (RCP8.5) ensemble

mean CAPE, CIN, S06, and CAPES06 in MAM (top row) and JJA (bottom row) in the GLENS

simulations.
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Figure 30 : The difference between SAI and RCP8.5 for the 2080-2089 ensemble mean in MAM

(top row) and JJA (bottom row) in GLENS.

Figure 31 : The difference between the SAI and no-SAI simulations (i.e. SAI - RCP8.5) for the

bivariate distribution of CAPE (x-axis) and CIN (y-axis) for the Southeast in MAM (a) and the

Midwest in JJA (b) over 2080-2089 in GLENS. Red (blue) pixels represent bins where there are

more (less) days with corresponding CAPE and CIN values in the simulations with SAI.

5.4 Conclusion

Forced changes of CAPE, CIN, S06, and CAPES06 in the no-SAI simulations in

ARISE-SAI-UKESM1.0 are largely similar to those projected by ARISE-SAI and are in general

agreement with previous literature (Figure 6, 19) (Diffenbaugh et al., 2013; Franke et al., 2023;
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Hoogewind et al., 2017; Rasmussen et al., 2020; Seeley & Romps, 2015; Trapp et al., 2007).

Forced changes of CAPE, CIN and CAPES06 in the simulations where SAI is deployed are

generally similar across the two models (Figure 7, 20). Projected changes in S06 differ from

ARISE-SAI in the simulations with SAI, especially in the summer, where S06 is projected to be

larger in the simulations with SAI compared to the no-SAI simulations especially in the northern

half of the U.S. (Figure 6c, 6g). The differences in future projections of S06 in both models have

been linked to differences in projections of precipitation change in the equatorial Pacific (Figure

14, 22).

Figure 32 : The difference between the SAI and no-SAI simulations (i.e. SAI - RCP8.5) for the

bivariate distribution of CAPE (x-axis) and S06 (y-axis) for the Southeast in MAM (a) and the

Midwest in JJA (b) over 2080-2089 in GLENS. Red (blue) pixels represent bins where there are

more (less) days with corresponding CAPE and CIN values in the simulations with SAI.

Analysis of future changes of convective weather environment parameters in GLENS

provide more evidence for the potential of SAI deployment to stabilize CAPE, CIN, and

CAPES06 magnitudes similar to how annual mean near-surface temperature is stabilized (Figure

16); in particular, with more climate change and stronger SAI deployment to counter it, future

projections of these parameters are very distinct in GLENS simulations with and without SAI

(Figure 26). Projected changes in S06 indicate that future decreases in S06 in the no-SAI
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simulations could be lessened with SAI deployment (Figure 28c, 28g, 29c, 29g). Future work

could investigate if these changes are linked to changes in tropical precipitation, as was done for

ARISE-SAI and ARISE-SAI-UKESM1.0.
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