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Abstract

Sea salt aerosols (SSA) play a vital role in Earth’s climate system by influencing radiative
balance and cloud formation. However, discrepancies between observed and modeled SSA
concentrations create uncertainties in climate projections. This dissertation examines SSA
emissions, radiative effects, and interactions with the global climate, focusing on their role
in atmospheric processes, climate modeling, and geoengineering.

Chapter 1 identifies emission errors, vertical transport errors, and subgrid variability
as key sources of discrepancies between modeled and observed SSA concentrations. By
combining in situ measurements from NOAA PMEL cruise expeditions with GEOS-Chem
model simulations, this chapter highlights the need for integrated approaches to improve
SSA representation in global climate models (GCMs). Chapter 2 evaluates the performance
of various sea spray generation functions in representing SSA emissions and aerosol optical
depth (AOD). Comparisons of four sea spray generation functions in a NOAA GFDL at-
mosphere model reveal that simulations using the mechanistic formulation by Deike et al.
(2022) achieve the highest correlation with global AOD observations. This chapter empha-
sizes the regional variability in SSA emission simulations and the challenges of reconciling
AOD retrieval methodologies with model outputs.

Chapter 3 explores the climatic impacts of geoengineering scenarios by examining the
rapid adjustments and atmospheric circulation responses to increased tropical SSA emis-
sions under the G4sea-salt protocol in a NOAA GFDL coupled model. Enhanced tropical
SSA emissions induce cooling, reducing equator-to-midlatitude temperature gradients and
weakening surface westerlies, which in turn partially offset increased emissions. The anal-
ysis reveals significant differences in climate responses to zonally uniform versus regionally
targeted SSA geoengineering scenarios, providing critical insights for marine cloud bright-
ening strategies. Chapter 4 assesses radiative forcing and climate feedback parameters in
the context of SSA geoengineering, comparing G4sea-salt simulations with the SSP2-4.5

baseline. By isolating the effects of SSA geoengineering, this chapter demonstrates that geo-
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engineered forcings and feedbacks can be analyzed similarly to traditional climate forcings,

though nonlinearities in Earth’s energy imbalance (EEI) complicate attribution.
Collectively, this dissertation advances the understanding of SSA dynamics, their rep-

resentation in climate models, and their potential role in geoengineering, providing critical

insights for future climate mitigation and adaptation strategies.
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Introduction

On December 17, 1956, Carl-Gustaf Rossby appeared on the cover of Time magazine. The
accompanying article highlighted not only his ongoing research on atmospheric circulation
but also his strong interest in atmospheric chemistry, particularly during his time at Stock-
holm. Rossby was especially intrigued by the heterogeneous chemical composition of the
atmosphere—focusing on sea-salt particles that contribute to certain types of rainfall. Al-
though these particles may influence global climate, much about them remains unknown.
For example, the chemical composition of airborne sea salts differs from that of oceanic salts.
“No one knows why,” the article states, “and Rossby wants to find out.”

Rossby passed away shortly after this article was published, and it is striking that more
than half a century later, many of the questions he raised remain largely unanswered. Sea-
salt particles, or sea salt aerosols (SSA), are one of the most abundant aerosols over the
global oceans, and present over 70% of the Earth’s surface (Chen et al., 2020). When newly
formed, SSA have a composition similar to that of seawater, primarily consisting of sodium,
chloride, magnesium, sulfur, calcium, bromine, and potassium (Adachi & Buseck, 2015).
During their atmospheric lifetime, SSA undergo transport, deposition and dispersion pro-
cesses. They may also interact with anthropogenic emissions. Chen et al. (2020) postulates
that such interactions can enhance the formation of particulate nitrate, which in turn alters
the size distribution of aerosols and shortens their atmospheric lifetime. This redistribution
effectively reduces the climate forcing associated with anthropogenic nitrate, highlighting

the complex and often indirect role SSA play in modulating aerosol-climate interactions.



In the atmosphere, SSA can impact the climate directly through cooling by scattering
solar radiation (Pachauri et al., 2014), and indirectly by acting as a source of marine cloud
condensation nuclei (CCN) which affects cloud formation (O’Dowd & Smith, 1993). As one
of the main sources of CCN over the oceans, SSA affects the radiative properties, amount,
and lifetime of shallow marine clouds (Salter et al., 2014; Pierce & Adams, 2006). However,
quantifying both the direct and indirect radiative effect of SSA on the climate remains a
challenge due to uncertainties in how sea salt emissions are represented in climate models
and the scarcity of comprehensive global observations of SSA concentration.

While the emissions and atmospheric burden of certain aerosols are expected to respond
to climate change, there is no clear consensus on the future trends of major natural aerosols
(Solomon, 2007; Stocker, 2014). It remains uncertain whether changes in cloud-aerosol
interactions will dampen or amplify anthropogenic warming. Because natural aerosols like
SSA are intrinsic to the climate system, they are not considered radiative forcing agents
when the base state is at equilibrium. However, as climate change alters key parameters
that influence aerosol production— such as wind and temperature — both the abundance of
these aerosols and the contributions of their indirect and direct effects to the global energy
budget are likely to change.

Most parameterizations of sea-spray production flux in global climate models assume
that the primary driver of SSA production is surface 10-meter oceanic wind speed (Gong,
2003; Monahan et al., 1986; Nair et al., 2005; Vignati et al., 2001). Projected changes in
surface wind speed under climate change scenarios vary regionally and seasonally, but the
overall trend is either relatively modest (Eichelberger et al., 2008), or weak (J. Ma et al.,
2016; Mclnnes et al., 2011; Paulot et al., 2020; Tegen & Schepanski, 2018; Yue et al., 2011).
Recent developments in SSA studies have suggested that sea surface temperature (SST) has
a significant effect on SSA production (Jaeglé et al., 2011; Martensson et al., 2003). Deike et
al. (2022) has introduced a mechanistic sea spray generation function based on the physics

of bubble bursting, which accounts for the influence of wind and waves through the breaking



distribution and entrained air flux, as well as temperature sensitivity via individual bubble-
bursting mechanisms. However, the temperature dependence predicted by this mechanistic
framework is not only weaker but also opposite in sign compared to the empirical relationship
inferred by Jaeglé et al. (2011). Overall, the prospective temperature dependency makes SSA
potentially responsible for climate feedback, although the sign and magnitude of this effect
in a warmer climate remains a source of active debate.

In order to constrain the direct and indirect radiative effect of SSA on the climate, sources
of errors between modeled and observed concentration of SSA must be adequately addressed.
This requires improvement of SSA representation in climate models that further requires
better understanding of the physical mechanisms that impact SSA production. To this end,
we construct a framework for SSA within the planetary boundary layer (PBL) and then
formulate and assess three key questions aimed at understanding the discrepancies between
simulated and observed SSA concentrations in Chapter 1. We compare in situ measurements
of SSA from NOAA PMEL cruises to model simulations of SSA from the GEOS-Chem global
chemical transport model. The three limiting cases that provide possible sources of errors
contributing to errors between modeled and observed SSA concentration are as follows: 1)
errors in SSA emission, 2) errors in the vertical transport of SSA concentration, and 3)
subgrid variability, sampling discrepancies, and/or temporal dependencies arising from the
horizontal transport of SSA.

To further explore the physical mechanisms influencing SSA production, we assess the
performance of various sea spray generation functions in Chapter 2, including their sensi-
tivity to sea surface temperature (SST) and wind speed. We include the new SSA emission
formula developed in Deike et al. (2022), which was developed based on the physics of bubble
bursting and does not require tuning parameters to obtain a particular wind or temperature
dependence. This formula has also not been implemented in climate model since its incep-
tion. We run the model with the four different sea-spray generation formulations and observe

how different representations of sea-spray generation affects the geographic distribution of



SSA emission and concentration through changes in aerosol optical depth (AOD). This al-
lows us to explore how changes in the representation of SSA emissions may influence the
coherence between modeled and observed AOD, though the conclusions are constrained by
the limited scope of the experiments and the use of model tunings optimized for MartMon.

SSA emissions have gained attention as one of the primary aerosols used for geoengineer-
ing via marine cloud brightening (MCB) due to its ability to cool the atmosphere. Latham
(1990, 2002) first proposed spraying sea salt aerosols in the tropical marine boundary layer
to offset global warming. Doing so would reduce temperatures by reflecting sunlight di-
rectly (Partanen et al., 2012), increase cloud albedo (Twomey, 1977), and extend cloud
lifetimes by altering cloud microphysical properties (Albrecht, 1989). In Chapters 3 and 4,
we deploy a Geoengineering Model Intercomparison Project (GeoMIP) protocol, G4sea-salt,
where SSA emission is increased uniformly over the marine tropics to reduce the top-of-
atmosphere (TOA) earth’s energy imbalance by 2 W m™2, in the GFDL AM4 and coupled
model (CM4; Held et al. (2019)). In Chapter 3, we analyze the rapid adjustments and circu-
lation responses occurring from this geoengineered increase in SSA emissions and compare
changes in the equatorial Pacific temperature gradient from G4sea-salt to that of a quadru-
pling of COy. Ahlm et al. (2017); Alterskjeer et al. (2012); Kravitz et al. (2013) and others
have looked at the radiative forcing from MCB following GeoMIP. However, geoengineered
increases in SSA emissions have not been analyzed as an external forcing applied to the
climate system. In Chapter 4, we attempt to isolate and quantify feedbacks resulting from
geoengineered increase in SSA emission, which is treated as a forcing on the climate system,
by applying a forcing analysis similar to that for abrupt-4xCO2.

Overall, this thesis aims to fill three knowledge gaps): 1) what are the physical processes
that are relevant for discerning why modeled SSA concentration differ from observations,
2) what are the limitations of improving the physical representation of SSA production and

3) what are the circulation feedbacks and radiative effects of regionally enhancing SSA in



the context of geoengineering. We address these questions in this order. Lastly, we present

conclusions and a discussion of these results.

0.1 Prior presentation & publication

Parts of this work has been previously presented as conferences and workshops. Chapter
1 has been presented at the American Geophysical Union (AGU) 2021 Fall meeting in the
session Aerosols, Clouds, Convection, and Precipitation III and as a guest speaker at the De-
partment of Earth & Atmospheric Sciences (EAS) seminars at the City College of New York
(CCNY). Chapter 3 and 4 have been presented at the 2023 Graduate Climate Conference
at Massachusetts Institute of Technology /Woods Hole Oceanographic Institution, and AGU
2023 Fall meeting in the session titled Solar Radiation Modification for Climate Interven-
tion, and the American Meteorological Society’s (AMS) 16th Symposium on Aerosol Cloud
Climate Interventions. Presentations of Chapter 3 and 4 received the Outstanding Student
Presentation Award (OSPA) from AGU and the Best Student Presentation and Poster Award
from the American Meteorological Society’s (AMS) 16th Symposium on Aerosol Cloud Cli-
mate Interventions. The contents of Chapter 3 have been prepared as a manuscript intended
for submission to Geophysical Research Letters and is currently undergoing internal review

at GFDL at the time of this thesis submission.



Chapter 1

Integrating in-situ measurements and
models to understand errors in sea
salt aerosol emissions, transport, and
sub-grid processes

1.1 Abstract

Sea salt aerosols (SSA) affect the climate radiative balance directly by reflecting incoming
solar radiation and indirectly as a source of marine cloud condensation nuclei which affect
cloud formation. However, differences between observations and model estimates of SSA
concentration have long plagued assessments of the magnitude and scale of the potential
cooling effect SSA has on the climate. This in turn translates into variabilities in global
climate model (GCM) estimates of climate sensitivity. To examine the possible sources
of errors between simulated and observed SSA, we combine in situ SSA measurements re-
trieved from NOAA PMEL cruise expeditions and simulations of SSA concentration from
the GEOS-Chem global chemical transport model to constrain the production of SSA using
an idealized model. We explore whether the discrepancies between modeled and observed
SSA concentration can be attributed to: 1) emission errors, 2) vertical transport errors, or
3) subgrid variability, sampling errors, and/or time dependence. Our analysis shows the

viability of our three alternative explanations, but it is likely that the differences between



the model and the observed SSA concentration result from a combination of all three expla-
nations. Therefore, efforts to accurately model SSA in the atmosphere must account for a

variation of these three explanations.

1.2 Introduction

Globally, the source of sea salt aerosols (SSA) is estimated to be about 0.3-30x 10 kg/yr,
which is a significant component of the total natural aerosol production (Lewis et al., 2004).
SSA concentration is relatively smaller than that of anthropogenic aerosols (Schulz et al.,
2004), but their role is significant because of their broad geographic distribution and role in
cooling the atmosphere. Despite their abundance over the marine boundary layer (MBL),
the impact of SSA on climate is not fully understood and the mechanisms of SSA production
in SSA source functions are relatively underdeveloped (Lewis et al., 2004).

Based on a synthesis of estimations, the negative direct radiative effect of SSA ranges
from -0.3 to -1.2 W m~2 (Heald et al., 2014a; Paulot et al., 2020; Grini et al., 2002). Although
the indirect radiative effects of SSA resulting from SSA altering cloud properties remain a
poorly constrained process with estimates ranging from -2.9 to +0.3 W m~2 (X. Ma et al.,
2008). Ultimately, the wide range of the radiative effects of SSA reflects the uncertainties in
the magnitude of the cooling effect SSA has on the climate, which arises from uncertainties
in the modeling of sea salt emissions and the formulation of emission functions (Ayash et
al., 2008; H. M. Horowitz et al., 2020).

The most prominent mechanism relevant for the production of SSA is the release of
entrained air bubbles that burst during whitecap formations. Early research attempts to
constrain the source function of the SSA were conducted through laboratory and field exper-
iments ranging from whitecap simulation tanks to photographic observations of whitecaps
(Callaghan, 2013; Monahan et al., 1986; M. Smith et al., 1993). However, because of limited

direct SSA flux measurements at the sea—atmosphere interface, it is difficult to evaluate SSA



production at a global scale. In initial modeling efforts, the formulation of SSA emission
flux was constrained by relating the production of SSA to the whitecap fraction expressed
as a function of particle size and surface wind speed (10 meters) (Gong et al., 1997; Gong,
2003; Monahan et al., 1986; Nair et al., 2005; Parameswaran et al., 1995; Woodcock, 1953;
Vignati et al., 2001). The source functions for SSA vary in the magnitude of their depen-
dence on wind speed, the range of SSA radii included in global mass flux estimates, and the
methodology used to generate the formulation (Andreas et al., 1995).

Wind speed is widely accepted to be a significant driver of SSA production, but the extent
to which it influences SSA concentrations and discrepancies between models and observations
can vary depending on the specific conditions and the location being studied. Furthermore,
there may be a possibility of horizontal transport of SSA in areas with high wind speeds
(Gong et al., 1997; Gong, 2003; Kinne et al., 2003). The possibility of horizontal transport of
SSA in areas with high wind speed leads to poor correlations between local wind speeds and
observed sea salt mass concentrations (Satheesh & Moorthy, 2005; P. Quinn et al., 2000).
In the context of large climate perturbations, global SSA emissions will change depending
on the response of the surface wind speed. Potential changes in surface wind speed due
to climate change vary geographically and seasonally; Expected changes in wind speed in
a warmer climate are estimated to be relatively modest (Eichelberger et al., 2008) or weak
(J. Ma et al., 2016; McInnes et al., 2011; Paulot et al., 2020; Tegen & Schepanski, 2018; Yue
et al., 2011).

However, recent developments in SSA studies have suggested that sea surface temperature
(SST) has a significant effect on SSA emission by modifying the physical properties of surface
ocean water (Forestieri et al., 2018; Jaeglé et al., 2011; S. Norris et al., 2008; Martensson
et al., 2003; Sellegri et al., 2006). This prospective temperature dependency makes SSA
potentially responsible for negative climate feedback, resulting in a more negative radiative
effect in a warmer climate (Forestieri et al., 2018; Jaeglé et al., 2011; Struthers et al., 2013).

Through direct and indirect effects, the increased quantity of SSA in the atmosphere leads



to more reflection of solar radiation from SSA. This culminates in cooling the atmosphere,
potentially damping the warming from climate change. Simulations adding the temperature
dependence to the SSA emission found a negative radiative feedback and a lower climate
sensitivity (Dunne et al., 2020; Paulot et al., 2020). Furthermore, incorporating the SST
dependency on the source function increases the correlation between the simulated and
observed SSA concentration, as shown in Barthel et al. (2019), Jaeglé et al. (2011), and
S. Liu et al. (2021).

Possible mechanisms to describe how SST affects SSA production refer to the rate of gas
exchange between the bubble and surrounding fluids and have been observed in laboratory
experiments in Martensson et al. (2003) and Sellegri et al. (2006). Martensson et al. (2003) is
noted for presenting a formulation of the SSA flux that includes an explicit SST dependency,
determined by laboratory measurements of the flux of particles produced from a whitecap
area.

However, Jaeglé et al. (2011) is best known for modifying the wind-speed-dependent
SSA source function from Gong (2003) into one that considers a potential SST dependency.
Jaeglé et al. (2011) compared in-situ observations of SSA concentration retrieved from the 6
NOAA Pacific Marine Environmental Laboratory (PMEL) cruises with model output from
the Goddard Earth Observing System (GEOS-Chem) global chemical transport model using
Gong’s wind speed-dependent SSA formulation. Jaeglé et al. (2011) then assumed that the
production of SSA particles in a given time and location is balanced by removal at the
same time and location and that small-scale advective properties of the atmosphere do not
affect the local production of SSA. Fitting a relationship between the mass concentration
of the PMEL observations and GEOS-Chem outputs to SST with a third-order polynomial
function, Jaeglé et al. (2011) presents an attempt to address the differences between the
model and observations by attempting to correct the modeled emissions.

Studies observe that high emissions of coarse-mode particles are caused by warm SST,

while the opposite is true for ulta-fine particles (Struthers et al., 2013). However, there



remains active discourse on the SST dependency of SSA emissions: whether SSA production
is independent of (Gong, 2003), suppressed by (Christiansen et al., 2019), or enhanced by
SST (Jaeglé et al., 2011; S. Liu et al., 2021; Martensson et al., 2003; Sellegri et al., 2006).
For example, Forestieri et al. (2018) reported an increase (2.1-4.1%/°C) in SSA production
with an increase in temperature over 2-25°C, while Christiansen et al. (2019) reported that
total particle production reaches a minimum at around 6-10°C and then asymptotes as
temperature increases up to 35°C. The disparate reported effects of SST on SSA production
demonstrates that the impacts of SST on SSA production remain unclear. Recent work from
Deike et al. (2022) developed a mechanistic sea spray generation function that is based on
the physics of bubble bursting. The physical mechanism of bubble bursting integrates the
role of wind and waves via the breaking distribution and entrained air flux, and sensitivity
to temperature via individual bubble-bursting mechanisms. However, they noted that the
temperature sensitivity coming from their proposed scalings is weaker than that empirically
derived by Jaeglé et al. (2011).

To explore the possible sources of errors between the modeled and observed concentra-
tions of SSA, we construct an idealized model to address the differences between the SSA
concentrations recovered from NOAA Pacific Marine Environmental Laboratory (PMEL)
cruise expeditions and modeled from the GEOS-Chem global chemical transport model to
constrain the production of SSA. The modeled and observed SSA concentrations used in this
study are identical to those employed by Jaeglé et al. (2011) to derive the SST dependency
on SSA production. Moreover, these concentrations have been shown to exhibit significant
discrepancies between the modeled and observed SSA values.

To explore the possible sources of errors between modeled and observed SSA concen-
trations, we constructed a framework for SSA within the planetary boundary layer (PBL),
subsequently proposing and evaluating three inquiries intended to elucidate the discrepancies
between simulated and observed SSA concentrations. The initial inquiry examines prevailing

interpretations of addressing the disparities between the modeled and observed SSA concen-
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trations by altering the SSA emission formulation, while presuming horizontal homogeneity
and the absence of the time rate of change for the mean quantities of the particles. The sec-
ond inquiry also has similar assumptions for mean quantities, but scrutinizes the treatment
of the vertical transport of SSA in the model and observations. The third inquiry consid-
ers the implications of subgrid variations, sampling errors, and/or temporal dependencies
arising from the horizontal transport of SSA. We argue that these three limiting cases play
an important role in explaining the differences between the model and the observed SSA
concentration. These limiting cases likely co-occur, and the magnitude of their impacts
could vary depending on the specific situations. However, here we will consider each of these
cases independently to explore their plausibility and as a foundation for our future analysis

exploring potential alternatives.

1.3 Methodology

1.3.1 1In situ observations of SSA concentration

~ T o~

.
-5 0 5 10 15 20 25 28 30 °c

Figure 1.1: Fig. 1 from Jaeglé et al. (2011) showing the location of the observations. The 6
PMEL cruise tracks are indicated by the color lines and plotted against (a) the mean surface
(10-m) wind speeds from QuikSCAT for 2008 for reference and (b) the annual mean sea
surface temperature from GEOS-5 for 2008. This study does not include observations from
the University of Miami-based sites (black diamonds).

We retrieve ocean observations of the SSA concentration from cruise expeditions con-

ducted by the https://saga.pmel.noaa.gov/data/PMEL between 1993 and 2008 (Table 1.1).
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The SSA concentration observations were collected on six PMEL cruises: the First Aerosol
Characterization Experiment (ACEL) cruise, Indian Ocean Experiment (AEROINDO99,
hereafter AERO), the Radiatively Important Trace Species cruise (RITS93), the Asian Pa-
cific Regional Aerosol Characterization Experiment (ACEAsia), the VAMOS Ocean-Cloud,
Atmosphere-Land Study (VOCALS), and the International Chemistry Experiment in the
Arctic LOwer Troposphere (ICEALOT). These observations were chosen because the ship
tracks cover a wide geographical range as shown in Fig. 1.1.

Table 1.1: The PMEL cruises, the date of their expedition, range of sampling time (hr),

average SSA concentration (ug/m?), range of observed wind speed (m/s) and SST (°C)
retrieved during the duration of the cruise.

Cruise Date Sampling  Average Wind SST (°C)
time range Coarse Speed
(hr) mode SSA range
(ng/m?) (m/s)
AERO Jan-Mar 1990 2.58-11.85 6.62 0.96-10.85 20.51-30.23
ACE Oct-Dec 1995 1.90-36.14 5.50 3.61-11.94 7.29-28.49
RITS93 Mar-Apr 1993  8.11-47.16 6.86 2.78-17.43 0.21-29.25
ACEASTA  Mar-Apr 2001  2.52-22.17 5.88 1.99-13.29 9.87-22.43
ICEALOT  Mar-Apr 2008  5.18-23.32 5.86 2.13-16.27 -0.08-12.09
VOCALS Oct-Dec 2008 5.48-35.03 5.32 3.44-10.35 17.18-20.51

SSA mass concentration is derived from the concentrations of Na™ and C1™ recovered by
ion chromatography from PMEL cruises and averaged over the impacter sampling period
ranging from 2 to almost 48 hours. Observations are retrieved from air drawn in at an
average of 18 meters above the sea surface through a heated mast 5 meters above the aerosol
measurement container. There, two-stage multijet cascade impacters are used to determine
the concentration of Nat and Cl~. However, RITS93 used a seven-stage impacter. Air drawn
into the instrument inlet is kept at constant relative humidity (RH): RITS93 — RH=30%,
ACE1 — RH=30-45%, ACE-ASIA, AERO and VOCALS — RH=55%, and ICEALOT —
RH = <25%. RITS93 samples particles with dry geometric radii of 0.3 to 3.05 um while

ICEALOT samples between 0.4 and 3.8 um. In GEOS-Chem, 0.01-0.4 pm is used for the
12



accumulation mode and 0.4 to 3.8 pum for the coarse mode. For all other cruises, bin sizes
0.01 to 0.3 pum are used for the accumulation mode and 0.3 to 3 um for the coarse mode.

The SSA concentration (Csgy) is calculated as P. K. Quinn and Bates (2005):

Caga = Cl” +1.47 x Na*t (1.1)

where C1™ and Na™ are expressed in mass concentrations (kg m~3) and the factor of 1.47
is the mass ratio of (Na* + KT + Mg™+Ca™+S0, +HCO37)/Na™ (Holland, 2020). This
assumes that all measured Na™ and Cl— are derived from seawater.

We convert units of PMEL SSA mass concentration from pug m™ to kg m™3 (hereafter,
60105) and are provided as duration averaged observations.

PMEL anemometer records wind speed observations as one-minute averages. The filtered
1 minute data are then averaged into 30-minute periods. Wind speed measurements are
taken from a mast at heights ranging from 10-20 m above sea level. The wind speed is then
converted to a wind speed at 10 m using the power law wind profile exponent in Hsu et al.
(1994). Wind speed data are taken in instantaneous 1-minute sets, averaged into 30-minute
bins and then averaged over the duration of the ship’s sampling time (Fig. 1.2). Note that
1-minute instantaneous observations of wind speed are not provided for ACE and RITS93.

The seawater temperature is measured using a thermosalinograph (Seabird SBE-21 serial
number 843) and recorded in the Scientific Computer System (SCS) system. Temperature
data were stored as 30-minute averages for all ships and then averaged over the duration
of the sampling period. This duration-averaging process smoothens large variances in wind
speed measurements and/or SST during these sampling durations, as illustrated in the inset

for ICE in Fig. 1.2.
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Figure 1.2: One-minute observations of wind speed (Vy; sky blue), thirty-minute observations
of wind speed (V3¢, dark blue), the average of the thirty-minute wind speed over the duration

of the sampling period (Vd; black) and SST (red) observed during the duration of the cruise.
An inset figure provides a zoomed-in view of averaged and high frequency (30-minute and
duration averaged) wind speed over a single sampling period for ICE.

1.3.2 Convective precipitation data from ERA5

The ERAS reanalysis for global climate and weather combines model data with observations
to provide a globally complete and consistent data set of hourly estimates for a large number
of atmospheric, ocean waves, and land surface quantities (Hersbach et al., 2018). The ERA5
reanalysis has been regridded to a regular lat-lon grid of 0.25 degrees for the reanalysis and 0.5
degrees for the uncertainty estimate (0.5 and 1 degree, respectively, for ocean waves). We use
single pressure level (pressure at 2m) hourly products. Convective precipitation retrieved
from ERA5 refers to the accumulated precipitation that falls to the Earth’s surface over

hourly intervals, as determined by the closest available hourly time step in the dataset. This
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is generated by the convection scheme in the FEuropean Center for Medium-Range Weather
Forecasts (ECMWF) Integrated Forecasting System (IFS). Units for convective precipitation
(centimeters of water depth) represent the depth of the water if it were evenly spread over

a grid box.

1.3.3 GEOS-Chem model simulations of SSA concentration

We compare PMEL cruise observations with GEOS-Chem simulations of SSA concen-
tration using the Gong (2003) SSA formulation. We use the GEOS-Chem results
reported and described by Jaeglé et al. (2011), using GEOS-Chem version v8-02-04
(http://acmg.seas.harvard.edu/geos/). For GEOS-Chem simulations, the native field is
degraded to a horizontal resolution of 2° x 2.5°. SSA concentration is modeled at 30-minute
intervals at the closest time and location along the cruise track and then averaged to match
the PMEL cruise ship sampling duration. We use a subscript of 'geos’ to refer to the
GEOS-Chem simulations of the SSA concentration (Clgeos)-

In GEOS-Chem, the Slinn and Slinn (1980) deposition model is used over the ocean. The
marine boundary layer is divided into a viscous sublayer with a surface layer above. In the
viscous sublayer, brownian diffusion, impaction, and gravitational sedimentation are taken
into account for aerosol deposition. In the surface layer, turbulent diffusion and gravitational
settling are taken into account. Furthermore, scavenging SSA in convective updrafts, rain
and washout are accounted for in the wet deposition of SSA (H. Liu et al., 2001).

GEOS-Chem incorporates assimilated meterological observations from NASA’s Goddard
Earth Observing System (GEOS). When the wind speed modeled in GEOS-Chem is com-
pared with the observed wind speeds in Jaeglé et al. (2011) (Fig. 1.3), it generally captures
the observed wind speed quite well, with a mean model/obs ratio of 0.99 and a correlation
of r = 0.84, although there are quite a few points for which the model and observation differ
by > 25%. Therefore, any mismatch in SSA concentration between model and observations

is likely not due to errors in modeled wind speed.
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Figure 1.3: Comparing model and observations for the 6 PMEL cruises: (a) the 10-m wind
speed, (b) coarse SSA mass concentrations modified from Fig. 4 from Jaeglé et al. (2011)

1.3.4 Calculating SSA emission

In this study, we used four emission formulation configurations: 1) MartMon (Martensson
et al. (2003) and Monahan et al. (1986)), 2) Gong (Gong, 2003), 3) Jaegle (Jaeglé et al.,
2011), and 4) Deike (Deike et al., 2022).

Martensson et al., 2003 & Monahan et al., 1986

The standard setup for AM4 uses the Martensson et al. (2003) for particles less than 1.4 um
radius) and Monahan et al. (1986) for particles greater than 1.4 pm).

Martensson et al. (2003) found a temperature dependence in the particle number emission
flux. This formulation was developed using observations of the size distribution of the
bubbles and aerosols produced retrieved from experiments conducted in a closed chamber

and is presented as follows:

dFmart
dlog D,

= (AkT+ Bk) x W (1.2)
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where A and By, are size-dependent polynomials fitted to coefficients (following Martensson
et al. (2003)), T is the sea surface temperature (K), D, is the dry diameter, and W is the
percent of the area covered by whitecap presented as a function of wind speed (m/s) from

Monahan et al. (1986).

Ak = C4D§ + Cng + CQDZQ7 + Cle + ¢o
By, = dyDj, + d3D; + dy D3 + dy D, + do

W =3.84 x 10~ w3

Although the Martensson formulation has both wind speed and temperature dependence,
the temperature dependence is much weaker than that present in Jaeglé et al. (2011) (Paulot
et al., 2020).

For supermicron particles, the Monahan et al. (1986) formulation is used to calculate
emissions. This formulation is derived from laboratory measurements of aerosol fluxes and

does not include any temperature dependence. The Monahan et al. (1986) emission flux is

defined as:

dF; mon
d’l“go

— 1373 x w3 x g x (140,057 x 10 x (1011977 (1.3)

where rgg is the particle radius at 80% humidity and B = (0.380 — log(rsp))/0.650.
A combination of the Martensson formulation for smaller submicron particles and Mon-

ahan formulation for larger particles will be referred to as MartMon.

Gong et al., 2004

Based on the semi-empirical formulation of SSA derived by Monahan et al. (1986), Gong

(2003) extended the range of the original equation to below 0.2 pum:

dF, on — -5
8 = 1373 x i, X g (14 0.057 x 15%) x 1017 ’ (1.4)
7’80
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where A = 4.7(1 4 6 X r5) 077" B = (0.433 — log(rso))/0.433, 6 is an adjustable

parameter which controls the size distribution of the submicron aerosols and is set to 30,

ngong

and &

is the density function in units of particles m=2 s7! um=. When evaluated
against observations for submicron SSA concentrations reported by O’Dowd et al. (1997),
the Gong equation captured the peak in submicron SSA concentration around rgg = 0.2 um
and increase going from rgy = 0.05 to 0.2 pm. This indicates significant improvement in the

applicability of this formulation to a wider size range to simulate both the number and mass

distribution of SSA down to 0.03 pm.

Jaegle et al., 2011

Jaeglé et al. (2011) investigated the possibility that emissions of SSA depend not only on
the wind speed but also on other environmental variables, in particular SST. As discussed
above, SSA emissions may be affected by SST as a result of the dependency of the kinematic
viscosity of water and the bubble behavior with temperature (Forestieri et al., 2018; Jaeglé
et al., 2011; S. J. Norris et al., 2013).

Jaeglé et al. (2011) compared in-situ observations of SSA concentration retrieved from
the 6 NOAA Pacific Marine Environmental Laboratory (PMEL) cruises with model outputs
from the GEOS-Chem global chemical transport model using Gong’s wind speed dependent
SSA formulation. Compared to the typical lifetime of SSA particles in the range of 1 to 10
pum, which is about 3 days (O'Dowd & Smith, 1993; Junge, 1972), the average atmospheric
residence time of coarse SSA particles with rgg = 0.6-9 pm in GEOS-Chem is 6 hours (Jaeglé
et al., 2011). Using GEOS-Chem, Jaeglé et al. (2011) found that dry deposition accounts
for 70% of the total deposition for PMEL cruise observations and is therefore a dominant
removal mechanism of SSA particles.

Jaegle assumes proportionality between SSA concentration and emission. For coarse
SSA particles (rgg = 0.6-8 pum) and observations with wind speeds greater than 6 m/s to

focus on regions with moderate to high wind speeds with locally generated SSA, Jaegle
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derived a relationship between concentration biases between modeled and observations with
SST. Fitting this relationship to a third-order polynomial function, they modified the source
function in Eq. 1.4 to derive an empirically derived temperature- and wind-speed-dependent
SSA source function. We consider the emission formulation derived in Jaeglé et al. (2011),
which is currently implemented in the Earth System Model Version 4 (ESM-4) configuration
used by Geophysical Fluid Dynamics Laboratory (GFDL):

dF'ae e
— el — (0.3 4 0.1 x T — 0.0076 x T2 + 0.00021 x T°)
drgo (1.5)

_n2
1.373 x udth x =414 0.057 x &) x 101607"

where T is the SST expressed in °C and the coefficients A and B are the same as referenced

for Eq. 1.4.

Deike et al., 2022

The SSA formulation from Deike et al. (2022) is a mechanistic sea spray generation function
that is based on the physics of bubble bursting. Deike et al. (2022) considers sea state effects
through breaking distribution, number flux of bubbles, and air entrainment. The sum of

these three mechanisms for SSA production is represented as:

Fdeike(Td) = ZFd(Td) (1-6)

Where F} refers to the bursting mechanism, the air entrainment from the spectral model
and the bubble production by the breaking wave and is defined as the number of drops per
unit of surface ocean area per unit time and ry refers to the mean drop radius. The resulting
SSA source is a function of the volume of air entrained (V). V4 (m/s) can also be recovered

as a function of 10-m wind speed (Deike et al., 2022) using the following equation:

Vi=15-10""(Uygm — 2.5)*° (1.7)
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Note that there is a limiting case at Uy ,, < 2.5 where V, is zero. We refer to the emission
calculated with the volume of air entrained recovered as a function of the 10-m wind speed

as EDeike .

Comparison of the 4 emission configurations

Figure 1.4 presents SSA emissions calculated using four parameterization configurations,
with 30-minute averaged wind speed and SST as inputs. The nonlinear relationship between
wind speed, SST, and SSA production flux implies that the averaging method used for
meteorological parameters can impact emission estimates. In particular, averaging emissions
calculated from high frequency wind speed data yields larger emission magnitudes compared
to emissions calculated using duration-averaged wind speed.

For AERO, which sampled over warm waters, Jaegle has the highest averaged emission
over the whole length of the ship, followed by Deike, Gong, and MartMon. For ACEASIA,
ACE, VOC, and RITS93, which also sampled at relatively warm temperatures, Deike has
the largest averaged emission, followed by Gong, Jaegle, and MartMon. In contrast, ICE,
which was sampled at cold temperatures, exhibits a different pattern, with Gong having the
highest average emission, followed by Deike, MartMon, and Jaegle.

In GEOS-Chem, SSA concentrations and emissions are output at 30-minute intervals.
To match the PMEL sampling period, these outputs are then averaged over the sampling
duration. For consistency, our subsequent analysis will use SSA emissions calculated using

30-minute average wind speeds, averaged up to the PMEL sampling period.

1.4 Governing framework

Breaking wave crests generate SSA emissions and are the main source of SSA production
(Fig. 1.5). SSA can be transported by vertical and horizontal advection, turbulent mixing,

and convective mass fluxes. SSA can be removed from the atmosphere by wet deposition and
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Figure 1.4: Calculations of emissions using Gong, Jaegle, MartMon and Deike for each
thirty-minute observation of wind speed.
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gravitational settling (to the surface at z=0). SSA particles can be scavenged by other parti-
cles or larger droplets (hence, coagulation scavenging), they could coagulate amongst them-
selves or with other aerosol particles to form bigger particles (hence, coagulation growth),
or they could have water vapor (or other vapors) condense onto them to make them grow in

size (hence, hygroscopic growth).

Eddy diffusion
and transport by
convective mass
. flux Z=2Zp
Well mixed Deposition
boundary layer (dry & wet)
H -1 ¢ Gravitational
: Emission § ol Settling
Horizontal mean
& eddy transport e 4o
Sea surface e

Figure 1.5: A diagram of sea salt aerosols (SSA) and their production, deposition, and
transport in the atmosphere.

We begin with a general dynamic equation of aerosols, which offers a governing equation
for the time evolution of atmospheric aerosol particles. This equation applies to both coarse
and fine SSA particles ranging from 0.055 to 10 gm in diameter and shows the mass conser-
vation of SSA and captures the physical processes shown in Fig. 1.5. However, focusing only
on coarse SSA particles, the change in distribution function resulting from particle growth
due to condensation of the vapor phase materials, collision of particles, or clustering of gas
molecules that act as condensation sites is negligible (Lewis et al., 2004; van den Berg et
al., 2000). Eq. 1.8 postulates that the local trend in SSA concentration is equal to the

difference between the emission of SSA and the deposition and transport (flux divergence
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and convergence) of SSA. This form is in height (z) coordinates.

(1.8)

é?a_)t(sz_Lx_< 0X 0X 8X)

where the flux is positive directed upwards, X refers to the SSA mass mixing ratio (kg of
salt / kg of air), P, (kg of salt/kg of air/s) refers to the production of SSA, L, (kg of salt/kg
of air/s) refers to the loss of SSA, and @ - VX reflects the horizontal and vertical transport
of SSA (7- VX = (u& + v%—)y( + w2X). The advective terms (7 - VX) describe the change
in SSA concentration due to the bulk flow of SSA.

We can also expand the terms of production (P,) and loss (L,). It is important to note

that we integrate this equation across all size bins for SSA. We get:

_1 8deepo,emis

P~ L, =
p 0z

where 61’(1% refers to the emissions/deposition of SSA in units of kg/m3/s and p is
the density in units of kg/m?. Using the definition of the advective derivative given by

% = %—f + - VX and substituting % into Eq. 1.8, we get the following:
dX o 1 0Fd6p07emis
dt — p 0Oz

To get Eq. 1.9 in the form of SSA concentration, we multiply Eq. 1.9 by p to get:

dX 1 0Fdepo emis
) = p( — —=depoemis 1.1
()=o) (110)

We apply the product rule to the left-hand side (LHS) of Eq. 1.10, and rearrange to get:

(1) - ) () am

ot
—
G
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The mass concentration of SSA can be represented as the product of the density of NaCl
(p) and the mixing ratio (X); C' = pX. For dry particles, we assume a density of 2200 kg
m~3 (Hess et al., 1998). Then the first term of the RHS of Eq. 1.11 (%) can be written as

4C Substituting Eq. 1.11 into Eq. 1.10, we get:
— - depoomis (1.12)

ac dp dp _ Op 4 ;7. ac _ 9C | 2. i
We can expand 7 and 37 where f = 32 +4-Vp and 7 = 57 +4- VC, so the expression

simplifies to:

oC 5 8,0 = aF’depo emis
. — X[ = . = 0 1.1
Fr +u-VC (615 +u Vp) P (1.13)

Using the Leibniz product rule, we can express the last term in the LHS of Eq. 1.13

— — — . . . o —
(@-Vp)as V- (pii) — pV -i. We apply the mass continuity equation where 2% +V - (pii) = 0:

oC N N aF’depo,emis
Sr - VO + OV - () = — ot

We rearrange the terms and use the vector identity (V - (Cu) = CV -d+ 4 - V) to get:

% + V.00 = _aFdepo,emis

1.14
ot 0z ( )

We introduce the term V that indicates horizontal components (i,j) of the wind. We then

expand V - (4C) to vertical (a(g’f)) and horizontal components (Vy - (VC)). We simplify to
get:
(90 = 8Fde o.emis 8(?1)0)
- -(VCO) = — 2% - 1.15
ot +Va - (VO) 0z 0z (1.15)

In Eq. 1.15, the local trend in concentration is due to the transport (flux divergence) of

the SSA concentration and the emission, and deposition of SSA.
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1.4.1 Applying Reynolds decomposition

Recall Eq. 1.15, which shows the local rate of change of SSA concentration. We in-
troduce the quantity of C' that represents the space (area) and the time average of C
(C = m 1 /. fy [, Cdzdydzdt). We introduce the decomposition C(z,y,z,t) = C +
C'(x,y, z,t), where SSA can be represented as the sum of the space and time average of C

and the fluctuating component of C. We first substitute the notation to get:

a(C + ")
ot

a(Fdepo,emis + Féepo,emis) o 8(@ + w’)(@ + Cl)
0z 0z

+Vy - V+V)C+ ") = -

Wind speed (u, v and w), deposition, emission flux (Fyepoemis), and SSA concentration
(C) are variables. The fluctuating component (denoted prime; C’) is defined as the departure
from the mean, so the average of the fluctuating component is zero (C’ = 0). However, if
the two fluctuations are correlated, then the average of their product is not zero. If the two
fluctuating terms are not correlated, then the average of their product is zero. The equation
simplifies to be:

oC =

E+VH-(V€)+6H-(V'—0):

_aFdepo,emis . 8(@6) o 5(w’C”)
02 G B (1.16)

1.4.2 Eddy transport

Reynolds decomposition gives us a relationship between the expected value of a product and
its fluctuations:

wC =wC +w'C’ (1.17)

where the overbar represents the average over a period of time. The left-hand side refers
to the space and time average of the product of the flux of SSA (vertical velocity and SSA
concentration). The W denotes the mean value (averaged in time) of w, and w’ refers to

the deviation from the expected value (fluctuations). The first term on the right-hand side
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refers to the flux of the mean tracer by the mean vertical velocity, or simply the product of
the averaged velocity and averaged SSA concentration. The last term on the right-hand side
of Eq. 1.17 refers to transport by the correlation between submean fluctuations in vertical
velocity and the tracer. The fluctuating component of vertical transient transport of SSA
(w'C") refers to both eddy diffusion and eddy transport by convective mass fluxes (Q. Li et

al., 2021; Witek et al., 2011).

WO = wl o 4+ wo” (1.18)
S—— ——

eddy diffusion  convective mass flux

This section discusses the components that make up eddy transport.

Vertical eddy transport

Eddy diffusion (vertical and horizontal, respectively) is represented as:

oC
OV — _ 1.1
w'C' Ky (1.19)
oC
107 — _ 1.
e i (1.20)
oC
v'C = —KHa—y (121)

Where sy and kg refer to vertical and horizontal (respectively) eddy diffusivity coefficient
in height coordinates. We again rewrite the equation using the finite difference method and
apply the constraint that C,,; refers to the concentration of SSA above the well-mixed

boundary layer, where there is a discontinuity. And so the equation simplifies to:

— oC

U}/C/ED == —I{VE
Co.—C.

AL

Cy

— 1.22
VAz ( )
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This equation is applicable at the top of the boundary layer due to the discontinuity in

the boundary layer, and Az can be defined at the boundary layer.

Eddy transport by convective mass flux

Consider eddy transport by convective mass flux (w’—C’MF) Assuming that all plumes have
the same properties, let us consider an ensemble of plumes. Considering a grid box with area
A, we can compose a picture of the updraft (plume) with an area a,, (see Fig. 1.6). The time
averaged properties of the grid box are composed of both the plume properties (denoted by

subscript u) and the surrounding environment (denoted by subscript e)

A = area of grid

Environment
We, Ce

2o N
well-mixed
boundary layer
Cb
Zo

Figure 1.6: A schematic representation of an ensemble of identical plumes in a grid box with
an area A.
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We can derive an expression for eddy transport by convective mass fluxes by using the

properties of a subgrid-scale ensemble of plumes and the environment.

_ %(au-wu—i—(A—au) w,)

= (a-wy) + (1 —a)-we

gl

C=(a-C)+1—-a) C,

(1.23)

(1.24)

where a,, refers to the area of the updraft (plume), a refers to the fractional area of

the updraft (plume) (a,/A), subscripts of u denote properties of the plume and subscripts

e refer to properties of the environment. Recall that Reynolds decomposition provides a

relationship that reflects the relationship between the expected value of a quantity and its

fluctuating component. We apply these relationships to derive a series of relationships for

the vertical velocity of the plume (w,) and environment (w.) and SSA concentration of the

plume (C,) and environment (C.):

w,, = w, — W
c'=C,-C
C'=C,-C

Consider the transient flux (w'C’). We can rearrange Eq. 1.23 and Eq. 1.24 to obtain

an expression for the environmental propertiesccc relative to the average of the entire grid
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box and plume as follows:

w'C" =a-w,C; + (1 —a)- (Clw)
=a-(w,—w)-(C,—C)+(1—a) (C.—C) - (w,— W)
=a- (w,Cy — w,C —wC, +wC) + (1 —a) - (w.C, — w.C —wC, +wC)

=a- (w,Cy —w,C —wC,) + (1 —a) - (w.Co — w,C —wC,) +wC

We substitute (after rearranging) into Eq. 1.23 as w, and Eq. 1.24 as C, to further simplify

the expression. Doing so, we get:

w'C =a-(C,) (wy —w) —a- (w,C)+ (1 —a)-(C.) - (we —w) — (1 —a) - (w,C) +wC

=a-(C,) (w, —w) —a- (w,C)+wC+

(Cre) (e —a) o ()]

=a-(C,) (wy—w) —a- (w,C)+ (C—a-C,)- M) —C - (W — aw,) +wC

+(1—a)-

_ = 1@)_((’;“ —C) (1.25)

We derived the preceding expression (Eq. 1.25) for the transient flux by relating the
subgrid-scale processes to larger-scale quantities (@ and C) and plume properties. The

expression applies if there are non-varying eddies in the boundary layer. Applying the
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constraint of the SSA above the boundary layer as very small (C = C,,, ~ 0):

ve (w, —w)(C, — O)

w(C" T =a
1—a
_ a(wu - w)<0b - Czb+>
1—a
B (wu—w)a,
=a T4 (1.26)

This expression is applicable at the top of the well-mixed boundary layer where there is a
discontinuity. This allows us to resolve eddy transport by convective (through updraft) mass
flux using properties resolvable by dynamical cores (specifically the mean vertical velocity
(w), and C}) and resolved using the cumulus (convective) parameterization (a and w,).

Recall Eq. 1.18, we can combine Eq. 1.22 and Eq. 1.26 to obtain an expression for the

transient eddy (w'C"):

R Cy (wu—w)C’b
/ A - -
wC’—/-iVAZ+a T
L A Yo
_<Az+a - >Cb (1.27)

Where Az refers to the thin layer in which eddy diffusion occurs at the top of the boundary

layer.

1.4.3 Apply to a well-mixed boundary layer

Now we consider a well-mixed boundary layer extending from the surface where z = z;
to the top of the boundary layer where z = z,. This assumes that the removal, sourcing,
and mixing of SSA particles within the boundary layer are occurring simultaneously. This
allows us to focus on the exchange between the boundary layer and the surface. We can

vertically average Eq. 1.16 from z = 2y to 2z = 2, to obtain the expression that governs the
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concentration of SSA within the confines of a well-mixed boundary layer.

— - L . o 1 a
9C G, VOV VI |de = L
8t Zb Z0

1 [

2b J 2

B 8Fdepo,emis _ 8@6 _ ow'C’

9% 5% ER dz (1.28)

We use the notation () to indicate a vertically averaged quantity. We restate the governing
equation and apply specific assumptions (i.e. emission of SSA is from the surface (z = 2)

to get the form:

HO) G, (VO) + %y (Vi) = L (E @), — (WO)rry + VieiCon

- ‘/t,effé) (129)

It’s important to note that emission is a function of 10-meter wind speed (E(u)) and
this relationship is nonlinear (F(u) oc u*'). The term V; g accounts for mechanisms such
as turbulent deposition, gravitational settling and wet deposition throughout the boundary
layer. However, there is also a sink from deposition on the surface. We previously described
(wC),—., as the vertical transport of SSA evaluated at the top of the boundary layer. The
term (wC),—,, represents the transport of SSA concentration due to the mean vertical mo-
tion.

In this well-mixed boundary layer (zg < z < z;), the SSA concentration is well mixed due
to the presence of turbulent fluxes. However, at the top of the well-mixed boundary layer
(z = z), there is a discontinuity. There is less turbulence causing the concentration of SSA
to be lower at z > z, than the concentration of SSA in the boundary layer. There is not
much sedimentation of the SSA concentration because the concentration of SSA above the
boundary layer is lower than in the boundary layer (C.-., < C,). As a result, the vertical
processes that dominate the budget of SSA in the PBL include deposition of SSA throughout
the PBL, diffusion at the top of the boundary layer (z,) and convective mass fluxes. Since

‘/meﬁ‘é refers to the settling of SSA from within the boundary layer and because C.- ., is
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quite small, we can rewrite the above equation as:

I - - 1 /— — - _
7 +Vy <V C> + Vg <V’Cl> = — (E —wCy — (w’C’b) — Vt,eﬁch) (130)
Zb

Eq. 1.27 relates the fluctuating component of the vertical transient transport of SSA
(w'C") to eddy diffusion and eddy transport by convective mass fluxes (Fig. 1.6). Substitut-
ing in Eq. 1.27 as w’C" evaluated at z = z,, we get the following:

Cb ('LUu — W)Ub

—— = — 1
——i—V <VC>+VH<V’O’> = % (E wOb—HVE—CL?

- Vi,effab>

We can simplify the following equation by introducing the term @ which refers to the
mean vertical velocity, the eddy diffusion, the convective mass flux (CMF) and the terminal
speed (vertical deposition) of the SSA (w 4 3% + a(wu_w + Vieff). Furthermore, because this
expression is integrated over all size bins, the contribution of the internal sourcing of SSA

from coagulation is negligible, so the expression simplifies to:

a<6> = N7 = TaA N L (= o7 kv a(wu —W) C
T+V <VC>+VH <VC> Zb(E_(fU—i_AZ—i_ l—CL +%,efi)'cb
ha &

(1.31)
Important quantities that are relevant to the local change in SSA concentration in

this domain include the emission of SSA from the sea surface due to bubbles bursting

from whitecaps (F), eddy diffusion from convective mass flux (a(“{:m), fluxes of SSA
caused by the mean vertical wind speed (w) and the deposition (dry and wet deposi-
tion and gravitational settling; V;.¢) and the divergence of any horizontal fluxes of SSA

(Vi - (VC) + Vg - (V7). We can group several terms referring to the divergence of hor-
izontal fluxes of SSA (Vy - (VC) + Vy - (VIC7)) and the local time rate of change of SSA
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(%?) in the LHS of the Eq. 1.31 as D. Whereas the term @ refers to the vertical transport

of SSA concentration.

Eq. 1.31 can be simply evaluated as:

E:i(ﬁ—a@) (1.32)

b

where D refers to the sum of the local time derivative of concentration and the horizontal
convergence (mean and eddy), @ refers to vertical transport through deposition, mean vertical
velocity, eddy diffusion and convective mixing (hereafter referred to as vertical transport
parameter), and E is the emission.

Equation 1.32 represents the SSA budget in the PBL, which incorporates all the mecha-
nisms of transport, production, and removal that impact the SSA particles. This theoretical
framework is applied to observations of SSA concentration retrieved from the PMEL cruise

and to model simulations of SSA concentration from GEOS-Chem in the following sections.

1.5 Q1 - Can SSA emission errors explain the differ-
ences between modeled and observed SSA concen-
tration?

In this section, we investigate whether errors in emission estimates can account for the
discrepancies between modeled and observed SSA concentrations in our simplified model. To
facilitate this comparison, we assume that PMEL shipboard observations are representative
of the larger model grid box, enabling a direct comparison between ship-based measurements
and GEOS-Chem simulations.

We retrieve the vertical transport parameter using GEOS-Chem. The horizontal grid
resolution of GEOS-Chem is 2°x2.25° with 55 vertical sigma levels for simulations driven
by GEOS-4 meteorological fields (years prior to 2005) and 72 hybrid eta vertical levels for
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simulations driven by GEOS-5 meteorological fields (years 2005-2008). Thus, D, which
refers to the sum of the local time derivative and horizontal convergence, is negligible due
to smooth gradients, steady state, and due to the model not resolving small-scale advection,
D = 0. For GEOS-Chem, SSA concentrations (Cigeos) are modeled using Gong emissions
(Egong) and modeled large-scale advective dynamics and convective vertical transport. Eq.
1.32 for GEOS-Chem becomes Egong = - Ugeos, which we use to estimate the vertical
transport parameter as @ = %

Next, we assume that the emission of SSA in the MBL is balanced by the removal of SSA
at the same time and location, an assumption that is consistent with previous interpretations
of SSA production in GCMs (De Leeuw et al., 2011; Jaeglé et al., 2011; Lewis et al., 2004;
M. Smith et al., 1993). Neighboring and local advective and turbulent processes are deemed
negligible. Furthermore, we assume that there is no local rate of change and no horizontal

advection, which implies that the D = 0.

Combining the following assumptions of D = 0, use of observed SSA concentration (Cops)

and the vertical transport parameter calculated from GEOS-Chem (@ = %"“g), we get the

following form of the simplified model, Eq. 1.32:
—  Eaone —
E = =578 x O (1.33)
C’geos

Applying these assumptions yields an expression that implies that there is a value of
emission (E) that will produce the observed concentration. We compare the emissions cal-
culated in Eq. 1.33 with a suite of SSA emission schemes (Deike, MartMon, Jaegle and
Gong) to compare various treatments of SSA emissions in Fig. 1.7. Although this compar-
ison yields various estimates of emissions, none of the parameterizations perfectly captures

the emissions calculated in Eq. 1.33. Next, we evaluate the different emission approaches

by generating estimates of the SSA concentration.
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(2003), Ejaegle fiom Jaeglé et al. (2011), Enartmon from Martensson et al. (2003) and Monahan
et al. (1986), Eqeike from Deike et al. (2022). The results were compared with emissions

85 90 95 100 105 110 115 120 125
Day of Year

The time series of duration-averaged SSA emissions were calculated using PMEL
observed wind speeds and SSTs, applying four different parameterizations: Egone from Gong

calculated using Eq. 1.33.
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1.5.1 Evaluating emissions using estimates of SSA concentration

SSA concentration from the simple model in Eq. 1.32 can be written as a function of D, &
and Ex:

Oy = Ox (Ex,a, 5) (1.34)

We generate estimates of the concentration using various emission schemes (Jaegle, Mart-
Mon and Deike) to assess what the estimated SSA concentration would be under the assump-
tions made in this framework and if these estimates are close to observed concentration.
Assuming D = 0 and using emission scheme X and the vertical transport parameter cal-
culated from GEOS-Chem (@ = %), the expressions for the estimated concentration for

each emission configuration X are derived as follows:

B _
Cgong = Cgong (Egonga o = Ug g7D = O) = Clgeos (1.35)
geos
- - - _ Egong -
Cjaegle = Ojaegle Ejaeglen = — 7D =0 (136)
C’geos
_ _ _ ...
Cmartmon = C1mart][non (Emartmona a = o g7 D= O) (137)
C1geos
N S
Caeike = Cleike | Edeike, O = C , D=0 (138)
geos

In Fig. 1.8 we compare estimates of SSA concentration using various emission schemes
with PMEL observations of SSA concentration. The concentrations calculated using the
four SSA emission configurations show minimal differences overall. However, in AERO, con-
centrations calculated using Jaegle emission parameterization are consistently higher than
those from the other three configurations. AERO was sampled over relatively warmer wa-
ters, significantly increasing emissions and subsequently estimated concentrations when using
Jaegle’s SSA production flux as a result of its strong temperature dependence. In contrast,
ICE was sampling over cooler waters, resulting in suppressed SSA emissions and concentra-

tions when using temperature-dependent production fluxes from MartMon and Jaegle. As a
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result, the concentrations calculated using the Gong emission parameterization for ICE are
greater than those in the other three configurations. Thus, demonstrating the impact of the
meteorological conditions on the calculated emissions and concentrations.

We compare the RMSE, correlation coefficient and bias between the emission-adjusted
concentration and the observed concentration in Table 1.2. Under the assumptions of this
limiting case, aJaeg]e exhibits the highest correlation to the majority of the observations, while
MartMon has the lowest RMSE for the majority of the cruises. Our analysis reveals that the
concentration estimates from Jaegle, Deike, and MartMon exhibit the highest correlation
coefficient, lowest Root Mean Square Error (RMSE), or lowest bias compared to observed
concentrations for at least one of the cruises. In contrast, Gong’s wind speed-dependent emis-
sion scheme does not outperform the other parameterizations in any of the cruises across
the evaluated metrics. Thus, incorporating a temperature dependence in Gong’s formula-
tion, as in Jaegle’s emission formula, yields improved concentration estimates. However, the
temperature-dependent fit to SSA emission (Jaegle) only partially reconciles the discrepan-
cies with observed SSA concentrations, leaving 36-81% of the variations unexplained (based
on the square of the correlation coefficient).

In this case, we assume D = 0, ship-based observations are representative of coarse-grid
box averages, and vertical transport errors in the model are negligible. This framework al-
lows us to isolate and investigate whether emission errors are responsible for the discrepancies
between modeled and observed SSA concentrations. Our analysis compares four emission
schemes and uses the simple model to calculate the concentration for each scheme under the
assumptions made in this limiting case. We find that overall none of the emissions can gen-
erate estimates of concentrations that completely match all of the observed concentrations.

Deike presents a more physically derived SSA formulation, but does not perform well
in generating estimates of concentration that match observed concentration. However, the
merits of improving the physical representation of SSA production processes may not be fully

disclosed in this analysis, since severe assumptions regarding observed SSA concentrations,
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Figure 1.8: SSA concentration for Jaegle, MartMon and Deike are calculated using @geos and
are compared to observed and modeled (GEOS-Chem) SSA concentration.

D, and the vertical transport parameter of GEOS-Chem were made. As a result, remaining

discrepancies can be attributed to errors in the treatment of emission, in addition to errors
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| AERO ACEASIA VOC ICE ACE RITS93

Gon Corrcoef 0.78 0.64 0.38 0.66 0.37 0.40
@ g) RMSE 3.78 4.50 294  T7.46 7.76 8.69
geos Bias —0.33 0.34 0.22 481 0.62 1.00
Jacgle Corrcoef | 0.81 0.65 043  0.69  0.49 0.72
© & ) RMSE 3.06 3.90 261 410 528 581
Jacgle Bias 0.07 0.09 0.01 1.62  0.40 0.55
MartMon Corrcoef | 0.79 0.65 0.45  0.67  0.40 0.53
© ) RMSE 4.13 3.85 2.55 445 522 4.70
MartMon/ | Biag —0.41 0.01 —0.09 2.73 0.19 0.37
Deike Corrcoef | 0.78 0.64 0.52  0.60  0.48 0.38
Cou) RMSE 5.42 4.33 285 544  5.86 7.23
Deike Bias —0.73 —0.35 —0.29 1.74 —0.06 0.52

Table 1.2: The correlation coefficient, root mean squared error (RMSE) and bias between
the calculated SSA concentration (using Jaegle, Deike and MartMon emission and vertical

transport parameter from GEOS-Chem) and observed SSA concentration (Cops). The values
that have highest correlation coefficient or lowest RMSE and bias are italicized.

in modeled vertical transport mechanisms, sampling, and sub-grid variability. For these

reasons, in the next two sections we will explore an alternative set of assumptions.

1.6 Q2 - Can errors in vertical transport explain the
differences between modeled and observed SSA
concentration?

In the previous section, we explored the potential impact of emission errors on the discrep-
ancies between modeled and observed SSA concentrations. Here we explore the possibility
of errors in the representation of vertical transport in GEOS-Chem and its potential role
in driving these differences. For comparison purposes, we treat PMEL shipboard observa-
tions as spatially representative of the larger GEOS-Chem grid box, allowing for a direct

comparison between ship-based measurements and the larger-scale GEOS-Chem simulations.
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In the atmosphere, SSA is transported vertically by processes including large-scale advec-
tion, convection, mixing, turbulence, and gravitational settling. With SSA concentrations
changing by a factor of 10-100 from the surface to the upper troposphere (Yu et al., 2019),
variations in vertical transport of SSA likely contribute to these variations of vertical profiles
of SSA concentration.

Amongst existing efforts to constrain SSA emission, there are few considerations of how
SSA varies with altitude due to the errors in modeled vertical transport mechanisms. SSA
removal is more efficient in liquid water clouds than in ice clouds; however, Murphy et al.
(2019) found that the GEOS-5 model may be removing aerosol too slowly in ice clouds,
leading to an overestimation of SSA. Furthermore, this overestimation may also be traced to
the improper removal of SSA from air transported in the subgrid convective parameterization.
S. Li et al. (2013); Kim et al. (2015); Xu et al. (2013) compared aerosol optical depth
(AOD) profiles of SSA from GEOS-Chem simulations and flight measurements and found
that GEOS-Chem underestimates AOD in the boundary layer, which indicates errors in
modeling the vertical distribution of SSA.

In general, vertical aerosol transport is widely regarded as a source of error in SSA
simulation in various chemical transport models. Recall Eq. 1.32, @ refers to the deposition

of SSA from the boundary layer (V; ), and the vertical transport of SSA by mean vertical

velocity (w) eddy diffusion (%%) and convective mixing (@)
gomt Sy WD)y (1.39)
A=W+ —+ ——F e :
Az l-a velt

This section investigates the hypothesis that discrepancies between observed and mod-
eled SSA concentrations may originate from inaccuracies in the representation of vertical
transport within the GEOS-Chem model. In contrast to our previous analysis, we do not
take the GEOS-Chem vertical transport parameter as given, but instead examine its valid-

ity. We explore how the vertical transport parameter varies when we use different emission
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formulations. The vertical transport parameter from Eq. 1.32 can be written as a function
of Ex, C and D:

iy = Tx (EX, c E) (1.40)

We assume D=0, and use various emission schemes X to generate estimates of vertical

transport that will produce the observed concentration (Cps).:

Qgong = Tgong (Egong, Cobs, D = 0) (1.41)
Qjaegle = Mjacgle (Ejaegle, Cops; D = 0) (1.42)
L [ —— ) (1.43)
Qdeike = Qdeike (Edeike; Cobs, D = 0> (1.44)

We generate estimates of @ using Eq. 1.41, 1.42, 1.43, and 1.44 needed to reconcile the
discrepancies between observed and modeled SSA concentrations using different emission
schemes shown in Fig. 1.9. We compare our estimates of the vertical transport parameter
with the vertical transport parameter retrieved from GEOS-Chem (%)

Estimates of @ in Fig. 1.9 seem to mirror the variability in emissions in Fig. 1.7. This
can be attributed to the fact that when the same observed concentration data are used in
evaluating @, any differences in estimates will be solely due to variations in emission schemes.
This implies that within this framework, the vertical transport required to reconcile the
observed and modeled SSA concentrations is constrained by the emission schemes.

Deike et al. (2022) presents a mechanistic SSA formulation that is based on the physics
of bubble bursting. We privilege it as the SSA emission parameterization with a higher
degree of physical accuracy. In Table 1.3, we calculate the correlation coefficient, RMSE and

bias between tigeie and alternative estimates of @ to evaluate differences among the emission

formulations via estimates of the vertical transport under the assumptions pertaining to this

limiting case. For AERO, ACEASIA, ACE and RIT93, Qg has the highest correlation
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Figure 1.9: Estimates of calculated vertical transport rates (@gong, ®jacgles Cmartmon, Qideike)
and Qgeos from GEOS-Chem. Note that the limits are different for the figures.
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coefficient, lowest RMSE and bias magnitude with @gong and/or @martmon. For VOC, the
correlation coefficient of @geike With @jacgle 15 tied to those of @gong and Wmartmon. For ICE
alone, @geike has the highest correlation coefficient with @jaegle.

In contrast to the empirically based formulation derived by Jaeglé, the production for-
mulations proposed by MartMon and Gong adopt a more physically based approach, aiming
to represent the fundamental processes governing SSA emissions (Martensson et al., 2003;
Monahan et al., 1986; Gong, 2003). The vertical transport parameters estimated using
MartMon and Gong show higher correlation coefficients and lower bias and RMSE to the
vertical transport parameter estimated using the physically derived Deike emission scheme.
In comparison, Jaegle exhibits a lower correlation and higher bias magnitude to Deike. This
highlights the advantages of formulations based on physical models in capturing the un-
derlying processes that govern SSA emissions and their impact on the vertical transport
parameter. Furthermore, agee shows a poor correlation with vertical transport retrieved
from GEOS-Chem. This suggests that, under the given assumptions, the vertical transport
modeled in GEOS-Chem may not accurately capture the underlying physical processes that
govern the vertical transport of SSA and may consequently lead to errors in the modeled
SSA concentrations.

We further explore the systematic behavior of the estimated vertical transport parameters
under the assumptions of this case. Recall that by assuming D = 01in Eq. 1.32, we get a linear
relationship between emissions and concentration in the form of: E = @- C. In cases where
modeled concentrations underestimate observations, this bias can be addressed by either
increasing emissions or decreasing @. Similarly, if the modeled concentrations overestimate
observations, this bias can be addressed by either decreasing emissions or increasing «. In
this study, we focus on correcting the concentration biases by changing @ while utilizing a
suite of emission schemes. The biases between the modeled and observed concentrations are
correlated with temperature, with models tending to underestimate the concentrations at

higher temperatures and overestimating at lower temperatures (Jaeglé et al., 2011). In Fig.
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| AERO ACEASIA VOC ICE ACE RITS93

Con Corrcoef | 0.97 0.99 0.99  0.96 0.99  0.99
@ & ) RMSE 0.01 0.01 0.01 0.11 0.01 0.01

gong Bias 0.97 0.38 0.48 0.45 0.38 0.20
Jacsle Corrcoef | 0.88 0.98 0.99  0.99  0.86 0.82
(a,g ) RMSE 0.02 0.01 0.01 0.05 0.01 0.02

jacgle Bias 2.20 0.17 0.27 —0.25 035 —0.13
MartMon Corrcoef | 0.96 0.99 0.99 0097 0.96 0.96
@ ) RMSE 0.01 0.01 0.01 0.0 0.01 0.01

martmon Bias 0.72 0.06 0.16 —0.06 0.04 —0.20
GEOS-Chem Corrcoef 0.65 0.78 0.76 0.50 0.61 0.51
(Egong) RMSE 0.03 0.03 0.01 0.15 0.01 0.03
Ceos Bias 2.89 0.79 0.36 —0.53 017 —0.13

Table 1.3: The correlation coefficient, root mean squared error (RMSE) and bias between
the vertical transport estimates (@gong: Fjacgle; Xmartmon ad GEOS-Chem modeled vertical

transport parameter (%)) and vertical transport parameter estimated using Deike emis-
geos

sion (@geike)- The values that have highest correlation coefficient and lowest RMSE and bias
are italicized.

1.10, we normalize the estimates of the vertical transport parameter (@) by their average
value at 20°C to highlight variations in @ at different temperatures. We find that for a given
emission rate, & decreases as a function of temperature to address the biases between the
modeled and observed concentration.

Most estimates of the vertical transport parameter show an inverse relationship with
temperature, except for those derived from GEOS-Chem, which display little to no relation-
ship. This suggests a systematic issue in the representation of @ and its underlying physics,
which appear to be temperature dependent. Among the emission schemes, Jaegle’s formu-
lation has the strongest temperature dependence, leading to increased emissions at higher
temperatures. This partially compensates for biases where the modeled concentrations un-
derestimate the observations at elevated temperatures, thus dampening the temperature
dependence of @. Consequently, this is reflected in the less pronounced decrease in @jaege
with temperature, as shown in Fig. 1.10. In contrast, emission schemes with weaker or no

temperature dependency (i.e., MartMon, Deike, and Gong) require a stronger temperature-
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dependent adjustment to @ to address concentration biases, leading to a more pronounced
decrease in @ with temperature in Fig. 1.10.

An alternative approach to correcting concentration biases is by modifying the emissions.
In this context, Jaeglé et al. (2011) derived a temperature-dependent fit for emissions, as-
suming no errors in the vertical transport parameter modeled in GEOS-Chem and setting
D = 0. This fit results in increased emissions with increasing temperatures to address bi-
ases between modeled and observed concentrations. This positive temperature dependence
of emissions contrasts with the inverse temperature dependence observed in @. However,
our analysis suggests potential errors in the GEOS-Chem modeled vertical transport and
reveals that vertical transport parameter exhibits a temperature dependence. This indicates
that the observed temperature-dependent fit for emissions might be an artifact of systematic
issues in the vertical transport parameter rather than an inherent temperature dependence
in SSA emissions. Errors in vertical transport physics at high temperatures could be linked
to mesoscale phenomena, such as convection, cold pools, and gusts, which are absent from
the model or poorly parameterized. Furthermore, warmer SSTs can create a more turbulent
boundary layer, which facilitates more mixing and aerosol deposition (Parajuli et al., 2020;
Waples & Klump, 2013).

In this section, we investigated the role of inaccuracies in vertical transport in explain-
ing the discrepancies between modeled and observed SSA concentrations. By generating
estimates of @ under the assumption of D = 0, utilizing Cops, and applying various SSA
emission schemes, we hypothesized that a specific estimate of @ could reconcile the observed
concentrations at a given location. However, our findings indicate that while it is always
possible to find a vertical transport parameter to satisfy the simple model for any single
observation, doing so does not provide a clear or general solution for remedying deficiencies
in vertical transport across the observational dataset.

This exposes limitations on assuming the absence of errors between modeled and large

scale advective dynamics and convective mass transport. It is possible that the vertical
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Figure 1.10: The estimates of the vertical transport parameter, normalized by its average
value at an SST of 20°C, are shown as a function of SST. The black lines represent the
best-fit third-order polynomial to the composite estimates.
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transport flux calculated by the model differs from the actual vertical transport processes
occurring during the PMEL cruise expeditions, potentially impacting comparisons between
modeled and observed SSA concentrations. Discrepancies in the estimated vertical transport
parameter can also result from the assumption that D = 0, inconsistencies between modeled
and observed concentrations, errors in the emission formulation, and mismatches between
observational sampling and model domains. Furthermore, the vertical transport parameter
exhibits a temperature-dependent relationship, indicating potential systematic issues in the
representation of @ and its underlying physics. As a result, the budget equations used to
formulate a relationship between observed and modeled quantities must account for possible

biases in the model estimates of vertical transport.

1.7 Q3 - Can subgrid variability, sampling error or
nonzero D explain the differences between mod-
eled and observed SSA concentration?

We have thus far considered the attribution of discrepancies between the model and observed
SSA concentration to errors in emissions and vertical transport. However, in both cases, we
have assumed both D = 0 and the observed SSA concentrations can be compared to grid-
box averaged concentrations from GEOS-Chem. Here we present a case that analyzes the
limitations of these assumptions and takes into account the effect of sampling discrepancies

and nonzero D.

1.7.1 Errors in sampling

The sampling period for the SSA concentrations on PMEL cruises ranges from 2 to 24 hours,
with a mean of 11 hours. For an average ship speed of 24 km/hour, this sampling period

can cover distance of approximately 50-580 km, with a mean of 265 km (Jaeglé et al., 2011).
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Due to the wide area covered during the atmospheric residence time of SSA, it is plausible
that events resulting in small-scale variability in SSA concentration may have occurred prior
to the ship sampling along the track.

Fig. 1.11 shows the full duration of one sampling period for March 2001 during one of
the PMEI cruises: the ACEASIA cruise. SSA concentration in the GEOS-Chem model is
reflected in a 2D space with a grid resolution of 2° x 2.5°. However, the SSA concentration
observed by the PMEL ship is 1D and constrained by the movement, speed, and track of the
ship, which samples only part of the GEOS-chem model grid. The convective precipitation
data from the ERA5 reanalysis is used here to show the presence of convective events and
a proxy for local-changes in 10-meter wind speeds along the cruise track and reflect a finer

grid resolution of 0.25° x 0.25°.
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Figure 1.11: Convective precipitation rate (cm/hr) from ERAS for every hour shown over the
duration of one sampling period event for the cruise ACEASIA. The red circle represents the
position of the research cruise during the hour of the sampling period. The figure displays
overlapping grids: red lines represent the GEOS-Chem grid, while gray lines denote the
ERAS5 grid-box.

In contrast to the GEOS-Chem grid resolution, the PMEL ship samples a small portion

of the full 2D domain. The environment where the ship is sampling within this grid-box
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is not horizontally homogeneous, and there are certain times when the ship is sampling
over this convective environment. When the ship samples during these events, the observed
concentration can be substantially different from the modeled concentration. Thus, the
actual SSA concentration averaged over the grid box may not match the concentrations
sampled by the PMEL ships or modeled in GEOS-Chem. In conclusion, the mismatch
between the GEOS-Chem resolution and the ship’s sampling methodology may be a primary
contributor to the discrepancies between the modeled and observed SSA concentrations. Fig.
1.11 illustrates one case where this is a problem but this is likely present elsewhere throughout

the cruise expeditions.

1.7.2 Estimating Dx

Both observed and modeled SSA concentrations refer to a sum of the contribution of the SSA
concentration generated in the large-scale environment and within convective plumes. The
SSA concentration can be expressed in both spaces in the form of: Cx = ay- Cp+(1—ax)-Ce,
where x is 1D or 2D, C,, refers to the concentration within the convective updraft plume, C,
refers to the concentration in the environment, and a, refers to the fraction of the domain
that contains convective plumes.

SSA concentration variations occur on small scales; therefore, variations in the SSA
concentration in the plume (C}) and the environment (C!) from the mean (C,) can be
written as the difference between the contribution from the plume or environment and the
total averaged SSA concentration. For 1D and 2D spaces, this is written in the form of:
C,.=0Cp— C, and Cl,=0Cec— C,.

The SSA concentration observed in the trajectory of the sampling period is not the same
as the SSA concentration modeled over the sampling period (Cip # Csp). In the model,
the SSA concentration is calculated using the grid-scale average of subgrid-scale convective
properties calculated in the atmospheric models GEOS-4 and GEOS-5. Consequently, Dx

of Eq. 1.31 is small for a 2D space because the model averages out the heterogeneity of
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the SSA concentration over a larger area, resulting in a smoother spatial distribution. In
contrast, in a 1D space, Dx is larger due to the irregular sampling of the ship’s track, which
captures more of the spatial variability and extremes in SSA concentration.

In Fig. 1.11, localized convection in the form of convective precipitation is evident within
the GEOS-Chem grid box. In particular, there are instances where the ship samples directly
over an area with convective activity, potentially producing a plume of enhanced SSA concen-
tration. The presence of convection has significant implications for the SSA concentrations
sampled by cruise ships, as it generates a time rate of change in SSA concentrations. There-
fore, the disparity between modeled and observed SSA concentration may be due to the
presence of subgrid variability of meteorological processes like convective precipitation and
gustiness that affects SSA concentration but is smoothened out in the coarser GEOS-Chem
grid scale. Subsequently, this raises the possibility of subgrid variability and thus Dx # 0.

We rewrite Dx, which represents local tendency and horizontal divergence (via advection

and turbulent mixing) of SSA concentration from Eq. 1.32 as a function of Ex, @, and C:
Dy = Dx (EX, 7, 6) (1.45)

Where X refers to emission schemes that can be used (MartMon, Deike, Gong, and
Jaegle) to generate estimates of SSA emission. Using observed concentration from PMEL
and the vertical transport parameter estimated from GEOS-Chem, we retrieve estimates of

Dx for observations of SSA concentration:

_ o B —
Dgong = Dgong <‘Eg0ng7a = _g g7 Cobs) (146)
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These expressions recover the contribution of small scale atmospheric imbalance on SSA
concentration. This also permits various estimates of Dx for different emission schemes
shown in Fig. 1.12 upon which we see a preponderance of negative values of Dy is observed
for all cruises.

In Eq. 1.45, Dx includes the local tendency of SSA concentration, advection, and hori-
zontal dispersion by turbulent mixing (recall Eq. 1.32). The magnitude of this term reveals
the contribution of any horizontal and temporal inhomogeneities to observations of SSA
concentrations and how this translates into differences between observed and modeled SSA
concentration. The magnitude of Dx is greatest for ACEASIA during the sampling period
shown in Fig. 1.11 (-9.15e-13 kg m 3 s7! for Gong, -9.52e-13 kg m™3 s~! for Jaegle, -1.00e-12
kg m™3 s7! for MartMon and -1.01e-12 kg m™ s~! for Deike), indicating the presence of
significant sub-grid scale local imbalance throughout this sampling period, which contributes
to the differences between modeled and observed SSA concentration.

Convective events occurring prior to the PMEL ship entering the domain where SSA
concentration measurements are taken can influence the observed SSA concentration but
may not be captured by the model due to a combination of mismatches between the 1D and
2D spatial sampling and the modeled SSA concentration failing to account for subgrid scale
convection in this region/time. Possible disruption events include shallow cloud systems
or precipitation events that cause washout or wet deposition of SSA (Junge & Gustafson,
1956). Convective wind gusts are another potential disruption event, leading to a temporary
increase in SSA production and the formation of SSA particle plumes. The total residence
time of the SSA particles within the radius range (rgp = 0.6-8 um) of 6 hours is short in
the interpretation of the budget equation of SSA (Jaeglé et al., 2011); however small-scale
atmospheric perturbations can still occur within the trajectory of these particles prior to their
deposition, sometimes prolonging their presence in the air or hastening their deposition. The
in situ observations of SSA then include the effect of this earlier small-scale disruption event

that occurred.
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Figure 1.12: Timeseries of estimates of D calculated for the PMEL cruises using various
emission schemes (Gong, Jaegle, MartMon and Deike).
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We conclude that the disparity in resolution of GEOS-Chem to the sampling done by the
ships contributes to the differences between modeled and observed SSA concentration. This
lends itself to the presence of subgrid variability of SSA concentration that is reflected in
observations but not model simulations due to their sub-grid scale nature. We present the
case for considering the effect of accounting for small-scale upstream disruptive events in the
form of convective gustiness or washout when modeling SSA production and the mechanisms
through which they affect SSA concentration which have not been previously considered when
remedying the differences between model and observations of SSA concentration. The effect
of convective gustiness and precipitation covarying with temperature has implications on the
strength of the climate feedback from SSA, but its magnitude is so far an unexplored area

of interest for future work.

1.8 Conclusion

This study was motivated by the potential implications for climate feedback effects from
SSA due to recent evidence for the SST dependency in SSA production (Jaeglé et al., 2011;
Martensson et al., 2003). The development of the temperature dependency on SSA pro-
duction means that SSA concentrations would likely increase in a warming climate, while
previously SSA concentration was thought to change very little, due to the weak response of
surface wind speed to climate change (IPCC (2007)). Current estimates of the negative ra-
diative effect from SSA range from -0.3 to-1.2 W m~2 (Grini et al., 2002; Heald et al., 2014b;
Paulot et al., 2020), and contribute to about 15% of the total cloud feedback (Gettelman et
al., 2016). Prior to this development, wind speed was considered to be the main driver for
SSA production, as SSA particles enter the atmosphere from bursting bubbles that form due
to wind-driven whitecaps. SSA production scales with wind speed, but wind speed only ac-

counts for a quarter of the variability between the modeled and observed SSA concentration.
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This encourages consideration of other parameters relevant for SSA emission, including sea
surface temperature (SST).

The explanations for the temperature dependency in SSA production are underdevel-
oped, which results in uncertainty on the strength of the possible feedback SSA poses in a
warming climate. Furthermore, the differences between observed and model estimates of SSA
concentration and emission have long plagued the accuracy of modeling the climatic impacts
of aerosols, including SSA. When comparing observed SSA concentration with SST, there is
no clear temperature dependence of the aerosol concentration. Chen et al. (2020) similarly
observed no direct dependence of SST on SSA concentration for particles ranging from 0.07
to 0.25 pm using model simulations. This raises further issues with the temperature depen-
dence of SSA and whether this temperature dependence is due either to another parameter
or to an SSA emission mechanism covarying with temperature. To address these questions
and uncertainties, we need to observe the departures between observed and modeled SSA
concentrations to determine the instances when other physical processes and meteorological
parameters that are currently not considered may be relevant for SSA production or loss.

We identify key bulk processes that are relevant for modifying and affecting the concen-
tration of SSA particles in chemical transport models and generate a simple 1-D model (Eq.
1.32). To this end, we conducted three separate inquiries into explanations for the differ-
ences between observed and modeled SSA concentration that are explained by: 1) errors
in emission (Ex), 2) errors in vertical transport (ax), and 3) subgrid variability, sampling
discrepancies, and non-zero Dx. We explore alternative explanations by assuming the error
lies in one term of Eq. 1.32. We then solve for the value of that term in our idealized model
that would eliminate the error. It is likely that these limiting cases co-occur. For example,
atmospheric convection impacts both the SSA vertical distribution and horizontal transport
of SSA.

The sea spray generation function from Deike et al. (2022) is presented as a more phys-

ically derived representation of SSA emission. However, our analysis suggests that under
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assumptions of D = 0 and the absence of vertical transport errors in the model, Deike does
not perform well in generating concentration estimates to match the observed concentra-
tion in Q1. The merits of improving the physical representation of the SSA production
mechanisms are not fully disclosed in the analysis for Q1, as severe assumptions were made
with respect to D and the vertical transport parameter of GEOS-Chem in this framework.
We suggest that improved representation of model physics and transport relevant for SSA
production, in addition to correcting SSA emission, would be relevant in resolving the dis-
crepancy between model and observations. Ultimately, accurately modeling and capturing
the full dynamics responsible for the budget of SSA in the atmosphere must account for the
variation of these three mechanisms. A related approach using remote sensing observations
of small-scale convective events, which are sampled at finer temporal and spatial resolutions
may provide an ideal setup for a more in-depth investigation. However, we lay the foun-
dation for future analysis to explore these potential alternatives. This work encourages the
examination of errors in the modeled vertical transport mechanisms, as well as sampling
errors and the local time tendency and horizontal divergence of the SSA concentration. The
impact of the small-scale atmospheric imbalance is reflected in the observed SSA concen-
tration but not in the model because of the coarser GEOS-Chem grid that smoothens out
these subgrid—scale properties. Subgrid—scale processes like convection and convective wind
gusts exhibit a temperature dependency and, therefore, are relevant, as it has implications
for the magnitude of the climate feedback effects resulting from SSA. Recent developments
indicate that the frequencies of hourly and daily wind gust events are projected to increase
in a warming climate (Cheng et al., 2012; Jeong & Sushama, 2019). Although the impact of
climate change on precipitation is somewhat more uncertain, many favor increased precipita-
tion due to increased evaporation (O’Gorman & Schneider, 2009; Solomon, 2007; Tebaldi et
al., 2006). The implications of these changes in a warming climate may subsequently affect

SSA production and the subsequent climate feedback from SSA.
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Chapter 2

Evaluating the performance of
different sea-spray aerosol emission
formulations in simulating aerosol

optical depth (AOD)

2.1 Abstract

This study investigates the impact of various sea spray generation functions on atmospheric
simulations, focusing on sea salt aerosol (SSA) emission and aerosol optical depth (AOD)
representation. We compare simulations using the mechanistic sea spray generation function
developed by Deike et al. (2022) with configurations employing functions from Martensson
et al. (2003), Monahan et al. (1986), Gong (2003), and Jaeglé et al. (2011) using the GFDL
AM4 model forced with observed sea surface temperature (SST). Our analysis validates
model simulations of AOD against a suite of observations: satellite retrievals (MISR and
MODIS), ground-site observations (AERONET), and cruise observations (MAN component
of AERONET). We find that different sea-spray generation functions show varied perfor-
mance across geographical regions, with Deike’s formulation achieving the highest global
correlation with all three groups of AOD observations globally. However, Deike exhibits an
overall negative bias, potentially due to lower emissions, differences in size distribution, or

variations in wind speed. Our findings highlight the complexities involved in comparing AOD
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retrieval methodologies with model simulations and underscore the need for further advances
in modeling SSA. Improving the representation of aerosol transport and removal processes,
alongside refining SSA production mechanisms, is thus essential for achieving greater model

accuracy.

2.2 Introduction

Originally sourced from the ocean, sea salt aerosol (SSA) rises to the surface as air bubbles
in white caps. Air bubbles then burst, releasing seawater droplets into the atmosphere. The
size of droplets vary depending on the production mechanism and are categorized into three
types: film drops, jet drops, and spume drops. Film drops are generated when bubbles
break at the surface of the ocean, releasing sea salt particles into the atmosphere; the film
drop radii are typically less than 0.5 ym (Andreas, 1998). Jet drops are formed from the
collapse of the internal cavity of bubbles, which produces a vertical jet of water, producing
jet drops with moderate radii ranging from 0.5 to 4 um. Spume droplets are generated in
high-wind environments where drops are torn from wave crests into the air and are generally
particles with radii greater than 4 pym. For large-scale simulations or long-range transport,
the production of film drops is typically more significant than the production of jet drops or
spume drops (Monahan et al., 1986).

Since there are no direct measurements of SSA flux at the sea-atmosphere interface, it
is difficult to evaluate the plethora of SSA formulations, except under idealized laboratory
conditions. However, methods relying on field measurements of SSA concentration face
practical difficulties, as low concentrations of SSA particles can result in poor counting
statistics and may require longer sampling times to accurately represent the variability and
trends of SSA concentrations over time. More difficulties arise when SSA particles are
in the presence of a marine atmosphere with other particles. The need to create adequate

techniques to accurately relate observed concentration to emissions flux offers an opportunity
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for improvements with respect to exploring SSA production. This necessitates an accurate
representation of the relationship of SSA emissions to SSA concentration, for which numerical
models are required for direct comparisons.

SSA emissions are commonly estimated using the whitecap fraction and are expressed
solely as a function of wind speed. As a result, accurate modeling of wind speed is crucial
for reliable SSA emission and concentration estimates. However, inter-model differences in
the transport and deposition of SSA can also translate to significant biases in estimated SSA
concentrations (X. Liu et al., 2007). These biases arise from variations in simulated transport
pathways, deposition mechanisms, and interactions with other atmospheric constituents,
leading to differences in the removal of SSA from the atmosphere (Athanasopoulou et al.,
2008; Kelly et al., 2009; Righi et al., 2013). SSA concentrations are directly affected by
air—sea interactions, such as near-surface winds, SST, sea surface salinity, precipitation, and
sea surface wind stress (Chen et al., 2020; Seinfeld & Pandis, 2016). Modeling SSA emissions
only as a function of wind speed neglects consideration of other properties relevant to the
sea-air interface where SSA are produced. This approach leads to biases when comparing
the simulated SSA concentration with in situ measurements. To remedy these biases, several
research groups have directed their focus on more comprehensive estimates of the whitecap
fraction through various approaches, such as using field site observations (Clarke et al., 2006;
M. Smith et al., 1993), advancing parameterizations of wave formulation (Shi et al., 2009),
or using a satellite-based whitecap fraction (Albert et al., 2016).

Monahan et al. (1986) used a laboratory whitecap simulation tank, designed to replicate
marine aerosol production mechanisms, and whitecap observations to develop a parameter-
ization for SSA production flux that is a function of the wind speed at 10 meters. This
parameterization considers the indirect production of SSA through bubbles and includes
the mechanisms of SSA production through jet drop and film drop using observational and
laboratory data between the radius of the SSA particle at 80% relative humidity, rgg, of 0.4

to 20 pm. The limitation of the applicable size range caused an unrealistic overestimation
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of SSA flux when extrapolated below rgg = 0.4 pm threshold. This occurred because the
flux number curve exhibited a monotonic increase below 0.4 um as particle size decreases
(see Fig. 1 in Gong (2003)), contradicting field measurements (O’Dowd et al., 1997) that
show submicron sea-salt aerosols peak around r = 0.2 um and decrease as the particle size
decreases to r = 0.05 um. This inconsistency required further improvements in the SSA
source production flux.

Following suit, Gong (2003) extended the range of the original equation to below 0.2 pm.
Further variations of the SSA emissions formulation assuming wind speed dependency as the
only driver follow the form of 4 = f(rgg)xuf;"!, where f is a function of particle size (pm)
at RH = 80%, uy( is the wind speed measured at 10 meters, which is raised to a power of
3.41 determined by whitecap laboratory experiments conducted by Monahan et al. (1986).
Other flux formulations of SSA production flux are reviewed by Andreas et al. (1995) and
De Leeuw et al. (2011).

Further work proposed a potential dependency of SSA production on temperature. The
possible mechanisms through which sea surface temperature (SST) may affect SSA produc-
tion include the rate of gas exchange between the bubble and surrounding fluids; such as
temperature dependence has been observed in laboratory experiments by Martensson et al.
(2003) and Sellegri et al. (2006). Recent field and laboratory observations suggest that SSA
emissions may be affected by SST as a result of the dependency of the kinematic viscosity of
water and the bubble behavior with temperature (Forestieri et al., 2018; Jaeglé et al., 2011;
S. J. Norris et al., 2013). Martensson et al. (2003) present a formulation of the SSA pro-
duction flux, including temperature dependence, determined by laboratory measurements of
the flux of particles produced from a whitecap area for particle radii smaller than 1.4 pum
and requires numerous coefficients for specific particle diameter ranges, a cumbersome factor
to account for when implementing this formulation in large-scale models such as general

circulation models (GCM). Further work integrating this dependency into a flux formulation
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leads us to the formulation derived by Jaeglé et al. (2011), which has a stronger temperature
dependence compared to the formulation derived by Martensson et al. (2003).

Recent work from Deike et al. (2022) proposed a mechanistic sea spray generation function
that is based on the physics of bubble bursting. The physical mechanism of bubble bursting
integrates the role of wind and waves via the breaking distribution and entrained air flux,
and sensitivity to temperature via individual bubble-bursting mechanisms. Furthermore,
this methodology does not require tuning of parameters to obtain a particular wind or
temperature dependence. They were able to retrieve the coherence between the model and
composites of various laboratory and field observations of SSA emissions, demonstrating the
effectiveness of a mechanistic approach towards constraining SSA production. However, they
noted that the temperature sensitivity coming from their proposed scalings is weaker than
that empirically derived by Jaeglé et al. (2011). This further supports our consideration of
alternative mechanisms other than a direct temperature dependence on SSA production.

In this study, we run an atmospheric chemistry-climate model with the mechanistic sea
spray generation function developed by Deike et al. (2022). We then compare this simulation
with configurations using other sea spray generation functions, including the standard set-
up for the atmospheric model, which combines the Martensson et al. (2003) and Monahan
et al. (1986) schemes, as well as configurations using the sea spray generation functions of
Gong (2003) and Jaeglé et al. (2011). The primary objective of this study is to perform a
comprehensive analysis and comparison of various sea spray generation functions, examining
their sensitivities to sea surface temperature (SST) and wind speed. Model simulations
are then evaluated against aerosol optical depth (AOD) observations to assess the extent
to which refinements in sea salt aerosol (SSA) emission representations can enhance AOD

simulation accuracy.
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2.3 Methodology

2.3.1 AM4

In this study, we use the Geophysical Fluid Dynamics Laboratory (GFDL) atmosphere model
(AM4) model (M. Zhao et al., 2018). AM4 has a horizontal resolution of approximately 100
km on a cubed-sphere grid with 33 layers. The model is run on a cubed-sphere grid and the
results are interpolated onto a 180 latitudes x 288 longitudes grid for analysis. We conduct
AMIP simulations with AM4 (1979-2014), but extended to 2019 using observed gridded sea
surface temperature (SST). However, years 2000-2019 will be mainly used in this analysis
because these years correspond to available aerosol optical depth (AOD) observations that
will be used for validation with our simulations.

There are four simulations, each corresponding to one of the four SSA production flux
configurations described in the preceding section. In this study, we retain the MartMon tun-
ing used in the CMIP6 configuration of GFDL-CM4, which increases both fine and coarse
mode SSA emissions by 33% above values MartMon generates (M. Zhao et al., 2018). This
tuning is also applied to simulations using the Gong and Jaegle emission scheme. By contrast,
no such scaling is applied to the simulation using the Deike scheme. Beyond SSA-specific
tunings, all simulations were conducted within the GFDL AM4 framework, which includes
a broader suite of model-wide tunings. For a general discussion of tunings in general circu-
lation models (specifically AM3), see Schmidt et al. (2017). These tunings impact surface
wind speed, which is important for SSA emissions. All simulations use identical scaveng-
ing efficiencies for sea salt in the wet deposition scheme, originally selected for use with
MartMon.

Figure 2.1 shows the 20-year climatology (2000-2019) of Deike and the differences between
Deike and the three other AMIP runs. Although SST is prescribed and identical across
simulations, wind speed and land temperature are not constrained to observations and evolve

over time, as highlighted by regional differences in Fig. 2.1. In particular, the AMIP run
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Figure 2.1: The 20002019 averaged (left) 10-meter wind speed and (right) surface temper-
ature for a and b) Deike and the difference in wind speed and temperature between Deike,
and the three other schemes: ¢ and d) Gong, e and f) Jaegle and g and h) MartMon.
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using Gong’s emission formulation exhibits higher wind speeds than those of Deike in the

Southern Ocean.

2.3.2 SSA emissions

In AM4, SSA are grouped into five size bins with dry radii ranging from 0.1 to 10 gm (Paulot
et al., 2020): 0.1-0.5 pm, 0.5-1.0 pm, 1.0-2.5 pm, 2.5-5.0 pm and 5.0-10 pm. The standard
setup for AM4 uses a combination of two schemes: Martensson et al. (2003) for particles
less than 1.4 pm and Monahan et al. (1986) for particles greater than 1.4 um, referred to
as "MartMon” in this work. In addition to this standard setup, we run AM4 with three
other SSA emission schemes: 1) Deike et al. (2022), 2) Gong (2003), 3) Jaeglé et al. (2011).
All of these emission schemes differ in their sensitivity to SST (Table 1), with Jaeglé et al.
(2011) having the strongest sensitivity to SST. However, Gong (2003), Jaeglé et al. (2011),
and Monahan et al. (1986) all have the same wind speed scaling (u**!). More details about

the four emission schemes (Deike, MartMon, Jaegle, and Gong) can be found in Chapter 1.

Smallest
sea-salt Largest
Name Description . sea-salt Emissions reference
particle article (pm)
(pm) P a
Wind speed &
MartMon | weak temperature 0.01 1.40 Martensson et al., 2003
Wind speed 1.40 10.00 Monahan et al., 1986
Gong | Wind speed 0.01 10.00 Gong et al., 2003
Jaegle Wind speed & 0.01 10.00 Jaegle et al., 2011
strong temperature
Deike Wind speed & 0.01 10.00 Deike et al., 2022
weak temperature

Table 2.1: A comparison of the four configurations of emission scheme that is used in the
AM4 AMIP simulations. The radius sizes are given in terms of dry radius (um).
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Emission sensitivity to temperature & wind speed

In Fig. 2.2, we compare the sensitivity of each emission formulation to a range of surface
temperatures and wind speeds. Among the four emission formulations, Gong’s parameteri-
zation is the only one without any temperature dependency. In contrast, the Deike, Jaegle,
and MartMon formulations exhibit dependencies on both temperature and wind speed, but
their responses to these changes differ. Jaegle has the strongest temperature dependency,
with emissions increasing almost five times as the temperature rises from 0 to 25°C (Fig.
2.2f). The dependence of wind speed is largely similar for all four emission configurations,
although Deike and MartMon exhibit a slightly lower emission sensitivity to wind speed at
high wind speed (>14 m/s; Fig. 2.2a and g). Furthermore, Gong’s emission formulation
appears to produce higher emissions than MartMon under the same wind speed and temper-
ature conditions. Jaegle’s formulation adopts Gong’s wind speed dependency but produces
higher SSA emissions at high wind speeds, particularly at high temperatures (Fig. 2.2e vs.
Fig. 2.2¢). However, Jaegle yields lower emissions than Gong at low temperatures and high
wind speeds. This is likely due to the strong temperature dependence in Jaegle’s param-
eterization, as shown in Fig. 2.2e when comparing emissions at T = 0 m/s and T = 25
m/s.

Fig. 2.3 illustrates the percentage change in emission per °C and m/s. While the pa-
rameterization of SSA in Deike et al. (2022) shows sensitivity to both temperature and wind
speed, the magnitude of the SSA emissions decreases with increasing temperature (Figs.
2.2b and 2.3a). This contrasts with the positive relationship between SSA emissions and
temperature observed in Jaegle and MartMon (Figs. 2.2f and h, respectively). Jaegle ex-
hibits greater temperature sensitivity, with emissions changing from 1% to 25%/°C over a
range of temperatures, whereas for MartMon, the percentage change in emissions per degree
increase is less than 1% over the same temperature range.

In Fig. 2.3b, Gong, Jaegle, and MartMon show similar percentage changes in emission
per change in wind speed (m/s). However, Deike’s behavior deviates, with a notably larger %
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Figure 2.2: In the first column (a, ¢, e and g), SSA emissions are computed for the Deike,
Gong, Jaegle and MartMon at a constant temperature (T = 5, 15 and 25°C) while altering
the wind speed. In the second column (b, d, f and h), the wind speed remains constant (U
=5, 10 and 15 m/s) and emissions are calculated as the temperature increases.

increase in emission observed at lower wind speeds. In general, Deike appears to suggest that
SSA production is perhaps suppressed at higher temperatures, consistent with the findings

of Christiansen et al. (2019). In general, the disparate effects of SST on SSA production

j=p)
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have been well documented in previous observational and laboratory studies (Barthel et al.,
2019; S. Liu et al., 2021; Anguelova & Webster, 2006; Lewis et al., 2004; Christiansen et al.,
2019; Jaeglé et al., 2011; Forestieri et al., 2018; Sellegri et al., 2006), making it challenging

to draw firm conclusions about the sensitivity of SSA production to SST.
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Figure 2.3: The % change in emission per unit increase in a) temperature (°C) and b)
wind speed (m/s) for the four emission configurations. This is computed by calculating
the emission when temperature is increased in increments of 0.5°C or when wind speed is
increased by increments by 0.1 m/s. This specific increment were calculated using finite
differences and verified to converge with smaller increments. Note that the curves for Gong
and Jaegle in panel b are not visible because they overlap with the MartMon line.

2.3.3 AOD (550 nm) validation

We will evaluate our simulated AOD against multiple observational datasets over the 2000

to 2019 period. These datasets include

- Ground-based measurements (516) from the AERONET sunphotometer network which

covers the 2000-2019 period (Holben et al., 1998)

- Regional monthly mean AOD observations from satellite instruments over the 2000-

2014 period:

66



a) MODIS Collection 6 Deep Blue and Dark Target merged aerosol product provided
monthly with a resolution of 1°x1° (Levy et al., 2007; Bilal et al., 2018; Sayer et

al., 2014)

b) MISR operational (V22) Dark Blue aerosol retrievals provided monthly with a
resolution of 0.5°x0.5° (Kahn et al., 2009; Kalashnikova et al., 2013)

- Maritime Aerosol Network (MAN) component of AERONET (Smirnov et al., 2011),
which covers the 2004-2019 period and provides ship-based observations over global

oceans.

All AOD observations and model simulations will be evaluated at a wavelength of 550
nm, allowing for consistent comparison. The four validation products offer distinct advan-
tages. MODIS and MISR provide satellite-retrieved AOD observations with broad spatial
coverage, while AERONET offers ground-site measurements from a global network of sites.
Furthermore, Maritime AERONET provides a compilation of cruise observations over the
global oceans, where SSA contributes to a substantial part of total AOD.

By comparing our model simulations with these diverse observational datasets, we can
gain valuable insight into the strengths and limitations of different AOD retrieval methods

and their geographic distributions.

2.4 SSA emission and concentration in AM4 - 2000-

2019

A comparison with the four model runs reveals significant differences in SSA emissions and
concentrations, particularly in the Southern Ocean and tropics (Figs. 2.4a and e). In the
Southern Ocean, Deike’s scheme produces higher SSA emissions and concentrations than
Jaegle and MartMon, but lower than Gong. This aligns with the stronger wind speeds
modeled in Gong’s simulation compared to Deike’s in the Southern Ocean (Fig. 2.1), which
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likely drive higher emissions in this region. Additionally, differences between Deike and Gong
(also Jaegle and MartMon) at a given wind speed may also contribute to the variations in
emissions between the two simulations (Fig. 2.3b). In the tropics, Deike’s model yields lower
SSA emission and concentration than Gong and Jaegle. Notably, Deike’s model shows the
highest correlation with both emissions and concentrations when compared to MartMon and
Gong. However, Jaegle exhibits the lowest bias magnitude relative to Deike’s emissions, while
MartMon shows the lowest bias magnitude and RMSE relative to Deike SSA concentration
(Fig. 2.4). Overall, variations in the evolution of wind speed, along with the differing
sensitivities of emission schemes to temperature and wind speed, likely drive the observed
differences in SSA emission and concentration patterns across model simulations and regions.

Figure 2.5 presents a comparison of the zonally averaged distribution of SSA emission and
surface mass concentration (2000-2019) simulated by AM4 using four different SSA emission
formulations, summed over all SSA size bins. In the Southern Ocean, where strong winds
enhance the emission of SSA (Derkani et al., 2020; Bertram et al., 2018), the amount of
SSA emissions from Gong and Deike are greater than the emission obtained with Jaegle
and MartMon parameterizations. Gong’s emissions are the largest in this region, likely
due to higher wind speeds in the Gong simulation (Fig. 2.1c¢) and the inherently higher
emission rates produced by Gong’s parameterization (Fig. 2.2d). In contrast, Jaegle yields
higher emissions than Gong, Deike, and MartMon in the tropics, likely due to contributions
from the stronger temperature dependence in Jaegle’s formulation. In the tropics, the SSA
emission calculated using Deike et al. (2022) is similar to that obtained with the combined
parameterization based on laboratory experiments Martensson et al. (2003) and Monahan et
al. (1986). Fig. 2.5b illustrates that the differences in emission among the four experiments
are also reflected in the resulting SSA concentration (at 997.9 mb). In the Southern Ocean,
the concentration of SSA for Deike does not appear to be proportional to emissions and

appears to be lower.
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Figure 2.4: The 2000-2019 averaged SSA emission and surface concentration for Deike and
the difference between the results from AMIP simulations with Deike and the other three
schemes. The RMSE, bias and correlation coefficient between Gong, Jaegle and Gong relative
to Deike are presented alongside.
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Figure 2.5: The zonal-mean SSA emissions and surface mass concentration (2000-2019)
calculated using Deike (blue), Gong (orange), and Jaegle (green), and MartMon (red) in the
lowest model layer. The global averaged emissions (kg m™2 s™!) is given after the scheme
name.

To better understand the emission to concentration discrepancies observed in Fig. 2.5,
we look at the size distribution, as outputted by the model, in Fig. 2.6. The SSA emission
from Deike et al. (2022) for film and jet droplets ranging from 0.01 to 5 um, is smaller than
that from Gong, Jaegle, and MartMon. This is consistent with the comparison of sea spray
generation functions presented in Fig. 4 of Deike et al. (2022), which shows that the Deike
production flux has a lower magnitude than those of Jaegle and Martenssen for smaller par-
ticles, particularly within the same range as the AM4 submicron bins (0.1 to 1 gm). Deike et
al. (2022) noted an apparent underestimation in their formulation for particle radii smaller

than 0.5 pum, as their model does not account for organic aerosol particles that dominate
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this size range. In contrast, for larger particles, comprising spume particles ranging from 5
to 10 pum, the average SSA emission of Deike et al. (2022) exceeds that from Gong, Jaegle
and MartMon in Fig. 2.6. This is consistent with Fig. 4 of Deike et al. (2022) showing
that Deike’s production flux is significantly higher than that of Jaegle and Gong for larger
particles. Thus, the total emission is mainly comprised of larger particles. The size distribu-
tion of SSA particles has significant implications for the lifetime of SSA. In particular, larger
particles have shorter atmospheric lifetimes due to size-dependent deposition rates (i.e., dry
deposition and gravitational settling), which limit their spatial distribution and resulting
concentrations (Gong et al., 1997; Kawakami et al., 2008; Lewis et al., 2004). This explains
why the zonally averaged concentration for Deike is similar to MartMon in the Southern
Ocean, despite Deike having higher emissions than MartMon in that region. The differences
in net gravitational settling associated with particle size distributions thus play a key role in
shaping concentration fields. As an illustrative example of how the physical characteristics
of particles beyond total mass, such as shape and density, can affect gravitational settling,
Ginoux (2003) emphasizes the role of non-sphericity in modifying settling velocities. There-

fore, the distribution of particle properties strongly modulates their atmospheric lifetime.

2.5 AOQOD validation

Aerosol Optical Depth (AOD) is a measure of the extinction of solar radiation by aerosol par-
ticles in the atmosphere and quantifies how much light is prevented from reaching the Earth’s
surface by aerosols in the atmosphere. AOD is a dimensionless number, with higher values
indicating higher aerosol concentrations or smaller particle sizes, both of which contribute
to more pronounced light extinction. In essence, AOD ranges from 0 for a completely clear
sky with no aerosols to values approaching or even exceeding 1 for conditions characterized

by significant haze or pollution.
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Figure 2.6: The 20 year (2000-2019) globally integrated SSA emissions (Tg yr—!) partitioned
into the 5 size bins used by AM4.

In AM4, aerosol optical properties are calculated based on dry mass concentration, spe-
cific extinction coefficients, and relative humidity, as described in Ginoux et al. (2006). The
model simulates the optical depth of five aerosol species: sulfate, black carbon, organic car-
bon, sea salt, and mineral dust, with the latter two further divided into small and large
particle size bins (L. W. Horowitz et al., 2020). Dust and sea salt are each partitioned into
five size bins ranging from 0.1 to 10 pm. For dust, the first size bin (0.1-1 um) is referred
to as "small dust particles”, while the remaining four size bins (1-10 pum) are collectively
defined as "large dust particles” (Pu et al., 2020).

Fig. 2.7 shows the zonal 20-year average of optical depths for each species. Since we are
only modifying the representation of SSA emissions in the four runs, we anticipate minimal
changes in optical depths for the other aerosol species. The zonal distribution of the total
AOD components supports this expectation, indicating that changes in SSA optical depths

drive the variations in total AOD.

72



a) Deike b) Gong
75 75
50 50
25 25
() Q
o e
2 0 2 0
5 5
-25 Total —-25
SSA
_50 Sulfate _50
—— Small dust
—— Large dust [ ==
=75 —— Black carbon =75 K
—— Organic carbon
0.00 0.05 0.10 0.15 0.20 0.25 0.00 0.05 0.10 0.15 0.20 0.25
AOD (550 nm) AOD (550 nm)
c) Jaegle d) MartMon
75 75
50 50
25 25
() Q
© ©
2 0 2 0
8 5
-25 -25
-50 —-50
-75 -75
0.00 0.05 0.10 0.15 0.20 0.25 0.00 0.05 0.10 0.15 020 0.25
AOD (550 nm) AOD (550 nm)

Figure 2.7: Components of the zonal mean total AOD from the AM4 model for the 4
simulations.

2.5.1 MODIS and MISR: 2000-2014

As mentioned above, the AOD observations from MODIS (Levy et al., 2007) and MISR

(Kahn et al., 2009) are derived from satellite tékrievals. MODIS employs separate algorithms



for retrieving AOD over land and ocean, utilizing the ” Deep Blue” algorithm for land surfaces
and the ”Dark Target” algorithm for ocean surfaces (Bilal et al., 2018; Sayer et al., 2014). The
Dark Target algorithm is not effective over bright land surfaces. The MODIS product used in
this study combines Deep Blue and Dark Target AOD retrievals to provide a comprehensive
global aerosol product at a high resolution of 3 km. Similarly, MISR uses two distinct
algorithmic approaches for land and water surfaces, but the product used in this study
includes retrievals over the ocean (dark blue) and land (light blue) (Kalashnikova et al.,
2013). Using both MODIS and MISR products in our analysis enables a more comprehensive
representation of satellite-retrieved AOD, enhancing spatial and temporal coverage, which is
useful for constraining and verifying aerosol parameterizations in global climate models (Liu
et al., 2006; Kinne et al., 2006; Ban-Weiss et al., 2014).

Fig. 2.8 presents the 15-year average AOD observations from MODIS and MISR, as
well as their difference. Both MODIS and MISR capture the geographic distribution of
high AOD in Saharan Africa and South Asia. The correlation coefficient between MODIS
and MISR is 0.877, indicating a strong spatial similarity between the two satellite retrievals
despite the different algorithms used for their retrievals. The differences between MODIS
and MISR reveal that MODIS tends to retrieve higher aerosol optical depths over oceanic
regions than MISR. This finding is consistent with previous work (Kahn et al., 2009) that
compared MODIS and MISR AOD retrievals and found that MISR AOD observations are
slightly lower than MODIS over both ocean and land for AOD values greater than 0.2, and
vice versa for low AOD areas. This suggests that the algorithm used in MODIS may be
more sensitive to the presence of aerosols in the oceans, leading to higher AOD retrievals
compared to MISR.

The zonal distribution of MODIS and MISR observations, as shown in Figure 2.9, re-
veals that differences in their retrieval algorithms affect observed AOD across all latitudes.

Notably, MISR, AOD observations are consistently lower than MODIS AOD observations.
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Figure 2.8: The 15-year (2000-2014) averaged AOD observation retrieved from a) MODIS
and b) MISR, and their difference ¢) MODIS minus MISR.
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Figure 2.9: The zonal-mean AOD (2000-2014) observation retrieved from MODIS and MISR,
alongside AOD modeled in Deike, Gong, Jaegle and MartMon.

To better account for these differences in our analysis, we stipple areas where the modeled
AOD falls out of the range of MISR and MODIS estimates in Fig. 2.10.

Deike exhibits the highest correlation with both MISR and MODIS observations but
largest RMSE and bias magnitude to MODIS observations, while Gong has the largest RMSE
and bias magnitude to MISR observations. A significant portion (84.46%) of the modeled
AOD in Deike falls outside the observational range. In comparison, a lower percentage of
AOD estimates from Gong (65.56%), Jaegle (60.5%) and MartMon (57.93%) fall outside the

range of observational uncertainty, particularly over tropical ocean regions (Fig. 2.9).
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Figure 2.10: The difference between the 15-year (2000-2014) averaged AOD from the 4 AM4
runs (Deike, Gong, Jaegle and MartMon) and AOD observations from the satellite retrievals,
MODIS and MISR. The ocean—only statistics for RMSE, bias (model-obs) and correlation
coefficient are shown below each panel. The stipple are over areas where the modeled AOD

falls outside of the range of MODIS and MISR estimates.
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Although many of the AOD values modeled in Deike fall outside the range of observa-
tional uncertainty, Deike only slightly underestimates the MISR observations (Fig. 2.9). In
contrast, Gong significantly overestimates AOD in certain regions, particularly the South-
ern Ocean (Fig. 2.9). This regional overestimation strongly skews the overall statistical
performance of Gong, leading to a lower correlation coefficient and higher RMSE. Deike
generally underestimates AOD globally (i.e., negative bias) compared to both MISR and
MODIS observations whereas MartMon has the lowest bias magnitude for MISR. This neg-
ative bias is potentially driven by lower winds in Deike or by the underestimation noted in
the Deike formulation for particle radius sizes less than 0.05 gym. Furthermore, Gong, Jae-
gle, and MartMon tend to underestimate MODIS AOD observations while overestimating
MISR AOD observations (Fig. 2.10), highlighting differences in how each emission scheme

compares with the respective satellite datasets.
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Figure 2.11: The panel-based groupings of regions of interest, superimposed on a map
showing the four-run averaged ratio of SSA AOD to total AOD.
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We next focus our analysis on seven geographical ocean regions where the contribution
of modeled sea salt AOD to total AOD is the largest, as shown in Fig. 2.11. These re-
gions represent aggregated spatial averages derived from the panels shown in Fig. 17 of
L. W. Horowitz et al. (2020). Figure 2.12 shows the 15-year averaged seasonal cycle of AOD
from MODIS, MISR, and the four AM4 simulations, spatially averaged over the seven corre-
sponding ocean regions. The model captures seasonal variations in the Atlantic and Indian
Oceans, with varying performance across all regions. The seasonal AOD cycle is reasonably
well represented in all regions, though the accuracy varies by location. For example, the
model captures the September AOD peak in the South Atlantic Ocean with remarkable ac-
curacy, whereas in the North Atlantic Ocean, the timing of the AOD peak is shifted by a
few months.

Table 2.2 provides statistical metrics, the correlation coefficient, the mean squared error
(RMSE), and bias, comparing the AOD model simulations with the observations of MISR
and MODIS in the seven ocean regions (Fig. 2.11). The simulation with the highest cor-
relation coefficient varies by region and satellite dataset. For example, Deike shows the
highest correlation coefficient with both MODIS and MISR in the North Atlantic Ocean and
with MISR in the Atlantic Ocean, while Gong slightly outperforms Deike in the South Pa-
cific Ocean for MODIS. For MISR, Deike consistently outperforms other simulations in the
Southern Ocean, with the highest correlation coefficient, lowest bias magnitude, and RMSE
compared to MISR observations. In contrast, Jaegle exhibits the highest RMSE in the South
Pacific Ocean, South Atlantic Ocean, Indian Ocean, and Pacific Ocean. These region-specific
patterns reflect broader trends seen in global comparisons: while Deike achieves the highest
global correlation with satellite-retrieved AOD, most estimates still fall below the observa-
tional uncertainty range. Gong, Jaegle, and MartMon tend to underestimate AOD compared
to MODIS but overestimate it relative to MISR. Collectively, these results underscore the
importance of using multiple satellite datasets to evaluate model accuracy across different

spatial domains.
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Figure 2.12: Monthly climatology (2000-2014) of AOD simulated by AM4 using Deike (blue
line), Gong (orange line), Jaegle (green line), MartMon (red line) and measured by MISR
(purple circle) and MODIS (black circle) satellite instruments for each geographic region.
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‘ ‘ Corrcoef RMSE Bias
| | MODIS MISR MODIS MISR MODIS MISR

North Deike 0.470 0.612 0.195 0.037 —0.545 —0.274
Pacific Gong —0.083 0.757 0.208 0.040 —0.150 0.369
Ocean Jaegle 0.364 0.841 0.202 0.035 —0.177 0.319
MartMon | 0.163 0.943 0.201 0.022 —0.264 0.184
South Deike 0.135 0.391 0.185 0.025 —0.603 —0.298
Pacific Gong 0.236 —0.039 0.184 0.020 —0.312 0.208
Ocoar Jaegle 0.200 —0.002 0.187 0.031 —0.219 0.377
MartMon | 0.161 0.008 0.184 0.016 —0.347 0.152
North Deike 0.495 0.852 0.192 0.040 —0.441 —0.209
Atlantic Gong 0.410 0.817 0.202 0.033 —0.186 0.182
Ocean Jaegle 0.446 0.734 0.199 0.037 —0.188 0.171
MartMon | 0.456 0.811 0.196 0.027 —0.247 0.085
South Deike 0.122 0.910 0.190 0.017 —0.316 0.022
Atlantic Gong 0.162 0.879 0.193 0.030 —0.171 0.236
Ocean Jaegle 0.085 0.887 0.197 0.039 —0.118 0.320
MartMon | 0.109 0.882 0.193 0.028 —0.190 0.212
Deike 0.110 0.893 0.190 0.018 —0.524 —0.156
Indian Gong 0.164 0.646 0.189 0.029 —0.280 0.270
Ocean Jaegle 0.079 0.574 0.194 0.047 —0.174 0.462
MartMon | 0.223 0.672 0.188 0.025 —0.301 0.230
Deike 0.301 0.417 0.190 0.033 —0.593 —0.287
Pacific Gong —0.104 0.845 0.190 0.015 —0.359 0.135
Ocean Jaegle —0.263 0.461 0.197 0.065 —0.148 0.514
MartMon | —0.289 0.821 0.191 0.016 —0.360 0.138
Deike —0.118 0.957 0.180 0.025 —0475 -0.260
Southern | Gong 0.336  —0.150 0.220 0.109 0.661 1.266
Ocean Jaegle 0.020 0.418 0.191 0.041 0.066 0.476
MartMon | 0.046 0.365 0.191 0.043 0.085 0.500

Table 2.2: Correlation coefficient, RMSE and bias for regional mean AOD in the four model
simulations against MODIS and MISR for seven regions of interest shown in Fig. 2.11. Bias
is computed as a relative (fractional) bias. For each region, the values with the lowest RMSE,
lowest absolute value of bias, and highest correlation coefficient are italicized.

2.5.2 AERONET: 2000-2019

We evaluate the simulated AOD against measurements from the AERONET sunphometer

network (2000-2019; Holben et al. (1998)), which captures local changes in AOD at hundreds
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of sites. Many of the sites in Fig. 2.13a are on land, where positive biases are associated
with a higher dust loading and nitrate aerosols (L. W. Horowitz et al., 2020). Although
SSA emissions originate over oceans, wind-driven advection can transport sea salt particles
to interior parts of continents, such as the Amazon (Ikegami et al., 1994; Patterson et al.,
1980; Talbot et al., 1990), the central Greenland ice sheet (Davidson et al., 1989) and the
interior of the USA (Junge & Gustafson, 1956).

In Figure 2.13b and ¢, we compare AOD observations from AERONET with satellite-
retrieved AOD from MISR and MODIS. Despite differences in the mechanisms of observation
retrieval, AERONET exhibits a high correlation with both MISR and MODIS data. Over
North America and oceanic regions, AOD observations from AERONET closely match those
from MISR. However, MODIS shows a higher correlation coefficient, lower bias, and lower
RMSE to AERONET compared to that for MISR. This is likely due to large discrepancies
in AOD observations between MISR and AERONET over South Asia and southern Africa.
However, despite the differing retrieval methods, the two types of AOD observational prod-
ucts show small discrepancies and significant similarities.

Notably, the spatial patterns and magnitudes of AOD differences for the Jaeglé, Gong,
and MartMon emission schemes (Fig. 2.10) show similarities to the observed discrepan-
cies between satellite retrievals (MODIS/MISR) and AERONET (Fig. 2.13). For example,
Gong’s positive AAOD over the Southern Ocean (Fig. 2.10b and f) mirrors the under-
estimation by MODIS and MISR relative to AERONET in the same region (Fig. 2.13b
and c¢). Moreover, the sign and magnitude of the bias and RMSE between the models
and MODIS/MISR are often comparable to those between MODIS/MISR and AERONET.
In contrast, model and AERONET biases tend to be smaller, suggesting better agreement
with ground-based observations (Fig. 2.14). The alignment in sign—and in some locations,
magnitude—between model-TAERONET and MODIS-MISR differences adds confidence in
the fidelity of the Jaegle, Gong, and MartMon sea salt aerosol formulations. These results

strongly suggest that a significant portion of the model-satellite discrepancies may arise from
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Figure 2.13: The 2000-2019 average AOD from the AERONET sun photometer network.
Sites in a) Bermuda, b) Barbados and c¢) Ascension Island are located in the Atlantic Ocean
and are highlighted in green. Sites in d) Reunion, e) Crozet Island and f) Amsterdam Island
are located in the Indian Ocean and are highlighted in purple. Sites g) Guam, h) Nauru, 1)
Dunedin and j) Tahiti are located in the Pacific Ocean and are highlighted in blue. Panels b
and c show the differences between AERONET and MODIS/MISR, respectively. Correlation
coefficients, bias, and RMSE are provided below figures b and c.
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Figure 2.14: The difference between modeled AOD and AERONET observations for
2000-2019 for a) Deike, b) Gong, c) Jaegle, and d) MartMon. Correlation coefficients,
bias, and RMSE are also reported for each model.

known limitations and regional biases in satellite retrievals rather than from deficiencies in
the emission schemes (Sayer et al., 2014).

In Fig. 2.14, the differences between the modeled and observed AOD are similar in all 4
simulations over land. Fig. 2.11 shows that SSA aerosols contribute negligibly to the total
AOD over land, suggesting that the observed biases over land are primarily attributed to non-
SSA aerosols. In contrast, oceanic sites exhibit high variability across model configurations,
with models underestimating or overestimating AOD depending on the simulation. For
example, near the Southern coast of South Africa, the Deike simulation underestimates
AOD, while Gong, Jaegle and MartMon overestimates it.

Following Fei et al. (2019), we identify 10 AERONET sites where SSA contributes more

than 50% of the total AOD. Fig. 2.15 shows the seasonal cycle of AOD for these sites,
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Figure 2.15: Comparison of AERONET observations and simulated AOD at the 10 sites
where SSA accounts for more than 50% of the total AOD, grouped by geographical region.

grouped by geographic region (Atlantic Ocean, Pacific Ocean, and Indian Ocean). Unlike

Figure 2.12, which averages all observations within each geographic region, Fig. 2.15 displays



the seasonal cycle for specific sites within each region. We find that seasonal variations in
AOD differ for each site within a geographic region. In the Atlantic Ocean, AOD peaks
in May in Bermuda (Fig. 2.15a), whereas it peaks in September on Ascension Island (Fig.
2.15¢). In the Pacific Ocean, most sites (Fig. 2.15g, h, and i) show less pronounced AOD
peaks, similar to the pattern observed in Fig. 2.12f, with Tahiti (Fig. 2.15j) being an
exception. Model simulations generally capture seasonality well at most sites in the Atlantic
Ocean, though their accuracy varies. However, the modeled AOD peaks for Barbados and
Bermuda (Figs. 2.15a and b) are delayed by a few months, similar to what was observed in
Fig. 2.12b. In contrast, the model significantly deviates for Reunion and Crozet Island in
the Indian Ocean, failing to accurately represent the observed seasonal patterns.

Table 2.3 reinforces our previous findings by the region-specific performance of each simu-
lation compared to observations. Deike exhibits the highest correlation with observations in
Ascension Island, Crozet Island, Guam, Dunedin, and Tahiti. However, Deike has a negative
bias throughout all of the AERONET sites, suggesting an underestimation of AOD observa-
tions. This is consistent with the comparison between Deike and the satellite-retrieved AOD
observations in the preceding section. Similarly, this may be related to wind speed changes
and/or the effects of a skewed size distribution, which can influence SSA lifetime and reduce
AOD per unit mass due to faster settling of coarser particles. On the contrary, schemes like
Jaegle and MartMon (temperature and wind speed dependent) and Gong (wind speed only)
exhibit positive bias. MartMon has the lowest bias in Bermuda, Amsterdam Island, Guam,
and Nauru, while Deike has the lowest bias for sites Reunion, Crozet Island, and Dunedin.
This suggests that some blend of a weaker temperature and wind speed dependence between
MartMon and Deike would minimize bias. However, errors in modeled-simulated winds,
transport and removal processes may also contribute to discrepancies between the model

and observations.
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‘ Corrcoef RMSE Bias
Deike 0.670 0.039 —0.023
Bermuda Gong 0.736 0.038 0.026
(32°N, 64.7°W) | Jaegle 0.626 0.051 0.040
Martmon 0.639 0.037 0.021
Deike 0.766 0.057  —0.033
Atlantic Barbados Gong 0.749 0.048 0.006
Ocean | (13.1°N, 59.6°W) | Jaegle 0.735 0.063  0.039
MartMon 0.790 0.044 0.008
Deike 0.912 0.084 —0.075
Ascension Island | Gong 0.849 0.052 —0.038
(8°S, 14.4°W) Jaegle 0.768 0.047 —0.023
MartMon 0.821 0.058 —0.043
Deike 0.603 0.024 —0.020
Reunion Gong 0.142 0.046 0.039
(20.9°S, 55.5°E) | Jaegle —0.172 0.082 0.069
MartMon 0.086 0.045 0.035
Deike —0.265 0.031 —0.010
Indian Crozet Island Gong —0.244 0.155 0.147
Ocean | (46.4°S, 51.9°E) | Jaegle 0.074 0.064 0.058
MartMon | —0.213 0.072 0.063
Amsterdam Deike 0.551 0.048 —0.042
Island Gong 0.888 0.043 0.042
(37.8°S, T7.6°E) Jaegle 0.785 0.026 0.021
R MartMon 0.895 0.021 0.017
Deike —0.279 0.036  —0.032
Guam Gong 0.102 0.025 0.020
(13.4°N, 144.8°E) | Jaegle 0.239 0.086 0.080
MartMon 0.279 0.024 0.020
Deike 0.475 0.040 —0.040
Nauru Gong 0.626 0.014 —0.010
(0.5°S, 166.9°E) | Jaegle 0.596 0.029 0.023
Pacific MartMon 0.605 0.012 —0.007
Ocean Deike 0.877 0.009 —0.007
Dunedin Gong 0.419 0.048 0.047
(45.9°S, 170.5°E) | Jaegle 0.668 0.031 0.030
MartMon 0.541 0.028 0.026
Deike 0.523 0.108 —0.078
Tahiti Gong 0.185 0.086 —0.039
(17.6°S, 149.6°W) | Jaegle 0.258 0.077 —0.009
MartMon | 0.352 0.086 —0.040

Table 2.3: The correlation coefficient, RMSE and bias calculated for each of the four model
simulations and the AERONET observations of AOD for 10 sites. The schemes with the
lowest RMSE, lowest absolute value of bias, and highest correlation coefficient are italicized.
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2.5.3 Maritime (MAN) AERONET: 2004-2019

The maritime aerosol network (MAN) component of AERONET (2004-2019; Fig. 2.16a)
provides AOD observations from cruises across various ocean regions, enabling a more focused
analysis of SSA’s impact on oceanic AOD. MAN AERONET shows a high correlation with
both MISR and MODIS data, although slightly lower than the correlation observed between
land-based AERONET sites and these satellite products. MISR demonstrates a marginally
higher correlation coefficient, along with lower bias and RMSE, when matched with ocean-
only MAN AERONET observations.

We proceed with a comparison of the observed AOD from the MAN AERONET stations
with the model simulations. Figure 2.17a presents the zonal mean distribution of maritime
AOD for MAN AERONET observations and AM4 simulations. Figures 2.17b, ¢, d, and e
show the difference between the model simulations and MAN AERONET observations.

Overall, Deike shows the highest correlation coefficient and lowest RMSE when compared
to MAN AERONET observations, while MartMon exhibits the lowest bias magnitude. Fig-
ure 2.17a illustrates that in the extratropics, the AOD simulated using the Deike SSA emis-
sion scheme aligns the most with MAN AERONET observations. However, in the tropics, the
Deike-based simulation fails to capture the observed large increase in AOD. Instead, simula-
tions using the Jaegle SSA emissions, which incorporate strong wind-speed and temperature
dependencies, followed by MartMon, more accurately replicate the observed tropical AOD
increase. It is important to note that most MAN network observations are concentrated in
the tropical Atlantic Ocean, while data from extratropical regions are limited. This lack of
extratropical observations may obscure the robustness of our comparison.

Our analysis suggests that Deike’s simulation excels in matching observed AOD from
MAN AERONET in the Southern Ocean (Fig. 2.17) and exhibits the highest correlation
coefficient across all MISR satellite retrievals in this region (Table 2.2). However, its perfor-
mance in the tropics, particularly in the Atlantic Ocean, is inconsistent. Although Deike’s
simulation matches (AERONET) site-specific observations well in the tropics, MartMon or
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Figure 2.16: The 2004-2019 average AOD from the MAN component of AERONET. Panels
b and ¢ show the differences between MAN AERONET and MODIS/MISR, respectively.
Correlation coefficients, bias, and RMSE are provided below figures b and c.
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Figure 2.17: The zonal-mean AOD (2004-2019) for the MAN component of AERONET
(black), Deike (blue), Gong (orange), Jaegle (green) and MartMon (red). The zonal means
are calculated by sampling the model at the locations of the MAN AERONET observations.
The AOD difference between the model and MAN AERONET is shown in b), ¢), d) and e).
Jaegle outperform it when validated against MAN AERONET and (MISR and MODIS)
satellite-retrieved observations (Fig. 2.17).

The performance of a particular scheme may vary between regions because these schemes
often apply the physical principles of SSA production to data from specific meteorological
conditions or geographical settings. For example, the Martensson and Monahan schemes
are based on laboratory experiments conducted under controlled meteorological conditions.
In contrast, Gong’s wind-speed-dependent formulation is tailored to fit observations from
three distinct geographic regions: the Tropical Pacific, North Atlantic, and Southern Ocean.
Notably, Jaegle’s scheme deviates from a physically-based approach by empirically introduc-
ing a SST-dependency to Gong’s wind-speed-dependent formulation. Meanwhile, the Deike
sea-spray production function is grounded in a theoretical interpretation of bubble-bursting
physics and has not been adjusted to match existing datasets. The varying performance of
these simulations underscores the necessity of accurately representing SSA emission processes

across diverse regions and meteorological conditions.
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2.6 Conclusion

In this study, we run AM4 AMIP simulations focusing on years 2000-2019 using various SSA
emission formulations to investigate how different sea-spray generation functions and their
sensitivity to SST and wind speed impact SSA emission and concentration distributions,
and subsequently AOD. We validate our model simulations by comparing the simulated
AOD with observations from three groups of AOD products: satellite-retrieved observations
(MISR and MODIS), ground-site observations (AERONET) and cruise observations (MAN
component of AERONET).

We compare satellite-retrieved MODIS and MISR observations with data from
AERONET sites and MAN AERONET, finding that MODIS and MISR provide com-
parable AOD estimates across AERONET sites. This result is consistent with previous
studies (Mishchenko et al., 2010; Farahat, 2019; Bibi et al., 2015). Satellite retrievals such as
MODIS and MISR are highly sensitive to landscape features, topography, and AOD ranges,
affecting data accuracy but provide a global coverage. However, ground-based measurements
such as AERONET provide a continuous time series of AOD with high temporal resolutions
and high accuracy over a specific location. Thus, the consistency and precision of various
datasets emerge as crucial considerations when comparing them with model simulations to
analyze and interpret global and regional aerosol patterns (J. Li et al., 2014).

The SSA production flux in Deike et al. (2022) exhibits a negative temperature depen-
dency unlike Jaegle and MartMon. In contrast to MartMon and Jaegle, the SSA emissions
derived from Deike et al. (2022) suggest that SSA emissions are suppressed at higher tem-
peratures, indicating a potential positive feedback in a warmer climate. This suppression
is observed when considering a composite of particle sizes. However, as shown in Fig. 2 of
Deike et al. (2022), the mechanisms of sea-spray production exhibit varying sensitivities to
temperature.

Validation of modeled AOD against observations reveals varying levels of agreement

across regions, metrics, and observational sources (Table 2.4). Globally, Deike consistently
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MODIS MISR AERQNET MAN AERONET
(ocean-only) (ocean-only) (10 sites)

Highest

Correlation | Deike Deike Deike Deike

Coeflicient

Lowest

Bias Gong MartMon MartMon MartMon

Magnitude

Lowest .

RMSE Jaegle MartMon MartMon  Deike/MartMon

Table 2.4: Summary of model performance in simulating aerosol optical depth (AOD) across
different observational datasets: MODIS (ocean-only), MISR (ocean-only), AERONET (10
sites), and MAN AERONET. The table reports which sea spray aerosol (SSA) emission
scheme yields the highest correlation coefficient, lowest bias magnitude, and lowest root-
mean-square error (RMSE) for each dataset.

shows the highest correlation, while MartMon performs best in terms of bias and RMSE
across most comparisons. However, significant geographical differences emerge in the agree-
ment between model simulations and observations. Deike performs best in matching extra-
tropical MAN AERONET observations, most AERONET sites in the Pacific Ocean, and
MISR observations over most ocean basins. In contrast, Gong outperforms Deike in align-
ing with MODIS observations across the majority of ocean basins and most AERONET
sites in the Indian Ocean. Meanwhile, Jaegle provides the best match for maritime (MAN)
AERONET observations in the tropics. The varied performance of each scheme across vari-
ous geographical regions stresses the importance of accurate representation of SSA emission
across different meteorological conditions and geographical regions.

The evaluation of simulations employing various SSA emission formulas against multi-
ple observational data sets facilitates a comprehensive assessment of the advantages and
limitations of each validation data set. In particular, even among satellite-retrieved obser-
vations from MODIS and MISR, the AOD detection algorithm utilized by MODIS exhibits
slightly greater sensitivity compared to MISR, precluding definitive conclusions regarding

the accuracy of model AOD values in relation to these datasets. AERONET ground-based
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measurements, focusing on 10 sites where SSA contributes more than 50% of total AOD,
reveal varying performance of each simulation in capturing seasonal variations across each
geographical region. Furthermore, AERONET’s MAN component suggests that Deike’s sim-
ulation best matches AOD observations in the Southern Ocean. However, Deike performs
poorly in tropical regions, likely due to its negative temperature dependence at high tem-
peratures.

It is important to note that AM4 is tuned for MartMon, not Deike. While key fea-
tures such as wind-speed dependency and source size distribution are primarily governed by
the emission parameterization itself, model-wide tuning parameters—such as those affecting
aerosol lifetime, wet scavenging efficiency, cloud properties, or radiative balance—were op-
timized with MartMon’s emission characteristics in mind. These tunings can inadvertently
influence variables relevant for sea spray aerosol production, such as surface wind speed,
thereby altering the resulting emissions even when using identical SSTs. Furthermore, the
CMIP6 configuration of GFDL-CM4 increases both fine and coarse SSA emissions by 33%
for MartMon, as well as for simulations using the Gong and Jaegle schemes, whereas no
scaling is applied to the Deike simulation. As a result, the negative bias in AOD observed
in simulations using the Deike scheme may partly reflect a mismatch between the model’s
underlying tuning and the emission characteristics of Deike, rather than limitations of the
emission scheme itself. Nonetheless, Deike exhibits strong correlation with observations,
comparable to — or in some cases better than — MartMon. However, an experiment with
nudged wind speeds in addition to observed SST would be a relevant study to remove poten-
tial impacts on wind speed changes arising from land surface temperature changes on SSA
emissions.

It is worth noting that, unlike in Chapter 1 — where no SSA emission scaling was applied
— this chapter evaluates the SSA emission schemes within a configuration where MartMon-
specific tuning factors are applied, which can influence comparative performance. The ap-

plication of MartMon-specific tuning parameters to the Gong and Jaegle emission schemes
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was inadvertent and likely suboptimal. As a result, the resulting AOD distributions from
Gong and Jaegle may reflect an artificial enhancement in SSA emissions, rather than intrin-
sic differences in the emission schemes themselves. This limits the interpretability of their
performance, especially when evaluating model-observation agreement. Nevertheless, this
analysis of these sets of simulations remains a useful framework for evaluating the sensitiv-
ity of modeled AOD to emission parameterizations and for identifying the spatial patterns
and magnitude of deviations relative to satellite and ground-based observations. If time
permitted, a more rigorous approach would involve either retuning the model for each emis-
sion scheme to optimize performance or, alternatively, disabling emission-specific tunings
altogether to isolate the raw behavior of each scheme.

When comparing simulations using various SSA emission formulas with multiple obser-
vational datasets, it is essential to acknowledge that discrepancies between simulated and
observed AOD values may not arise solely from differences in SSA emission formulations.
Model formulation errors, such as the inadequate representation of aerosol transport and
removal mechanisms, can also contribute to these discrepancies. As highlighted in Chapter
1, uncertainties in model parameters and physical processes (e.g., vertical and horizontal
transport mechanisms) may contribute to the emission formulation differences, complicating
assessments of their accuracy against observations. However, this study examines the various
treatments of SSA emission and validates simulated AOD against three different sets of ob-
servations, highlighting the limitations of refinements in the physical representation of SSA
production processes. Moving forward, we recommend that integrating these refinements,
combined with improvements in modeling aerosol transport and removal mechanisms, would

improve the model’s predictive capabilities and reliability.
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Chapter 3

Circulation responses to Sea Salt
Aerosol Engineering in a GFDL
Coupled Model

3.1 Abstract

We employ simulations of enhanced emissions of sea salt aerosol (SSA) in the tropics follow-
ing the G4sea-salt protocol using a NOAA GFDL climate model and examine the circulation
response. Increasing SSA in the tropics locally cools the deployment region, reducing the
Equator-minus-mid-latitude temperature difference. This triggers non-local changes on sur-
face wind speeds and SSA emissions, including weakened westerlies and decreased sea salt
emissions in the mid-latitudes. The combined effect of reduced extratropical and tropical
SSA emissions offsets the global impact of tropical geoengineered SSA increase by 23%.
Notably, our results show that a zonally uniform tropical SSA emission increase, like G4sea-
salt, induces less cooling in the eastern equatorial Pacific compared to the central to western
equatorial Pacific, contrary to regional SSA emission increases in other climate models. Our
findings highlight that aerosol injection climate intervention strategies, such as marine cloud
brightening via SSA emission increases, alter both aerosol distribution and circulation pat-

terns, which must be considered when designing such protocols.
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3.2 Introduction

Marine cloud brightening (MCB) is a proposed geoengineering approach to increase sea salt
aerosol (SSA) emissions to cool the planet (Latham, 1990, 2002). It is hypothesized that
increasing sea salt aerosol (SSA) emissions would lead to higher SSA concentrations, which
in turn would increase cloud droplet number concentration (the first aerosol indirect effect;
e.g., Twomey, 1977) as well as cloud cover and liquid water path (the second indirect effect;
e.g., Albrecht, 1989). SSA also has considerable direct aerosol-radiation interactions (e.g.,
Jones & Haywood, 2012; Partanen et al., 2012; Hill & Ming, 2012; Mahfouz et al., 2023). The
complex interactions between aerosols and the climate (e.g., uncertain rapid adjustments;
Bellouin et al., 2020) make it difficult to predict the outcome of climate interventions such
as sea salt emission increases, and the circulation and climate response to forcing from these
interventions can attenuate the intended climate effect.

The oceanic regions between 30°S and 30°N contain most of the radiatively important
stratocumulus cloud decks (Alterskjeer et al., 2012; Jones & Haywood, 2012; Partanen et
al., 2012). To study the radiative and climate response to brightening marine clouds by
increasing SSA emissions, experiments have employed a regional (Jones & Haywood, 2012;
Jones et al., 2009; Hill & Ming, 2012; C.-C. Chen et al., 2024) or zonally uniform increase
in SSA emissions (i.e., G4sea-salt in Ahlm et al. (2017); Mahfouz et al. (2023)) within
this latitude range. However, the climate, particularly global mean temperature change, is
sensitive to the latitude, altitude, and nature of the forcing (Hansen et al., 1997). This study
investigates circulation changes resulting from a zonally uniform increase in SSA emission
following the G4sea-salt protocol (Kravitz et al., 2013) applied to the intermediate shared
socioeconomic pathway scenario 4.5 (SSP2-4.5).

Mahfouz et al. (2023) employed the G4sea-salt protocol in a NOAA GFDL model to
assess radiative and cloud responses to geoengineered zonally uniform increases in tropical
SSA emission. They found that while increased tropical SSA has the potential to cool the

planet by scattering solar radiation and (modestly) enhancing cloud formation, its impact
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extends beyond the regions where SSA emissions are increased. Ahlm et al. (2017) applied
Gd4sea-salt in three different Earth System Models (ESM) (NorESM1-M, GISS-E2-R and
HADGEM2-ES) and suggested that direct radiative effects dominate in regions with less
cloudy skies, while indirect effects dominate in regions with persistent stratocumulus.

This study extends the analysis of Mahfouz et al. (2023) and previous work by examining
rapid adjustment and atmospheric circulation responses to G4sea-salt. We find that increas-
ing tropical SSA emissions cools the region, reducing the temperature difference between the
Equator and midlatitudes. This leads to a decrease in surface westerlies in the extratrop-
ics, leading to decreased SSA emission flux. The combined effects of changes in circulation,
which encompasses changes in both wind speed and temperature, on SSA emissions in both
the extratropics and the tropics offset 23% of the geoengineered SSA emission increase.
Furthermore, we find the eastern equatorial Pacific cools less than the western equatorial
Pacific. Thus, the temperature gradient from the eastern to the western equatorial Pacific
is reduced. This contrasts with the strengthened temperature gradient from the eastern to
western equatorial Pacific observed in previous studies where geoengineered emissions are
applied regionally in the tropical Pacific and Atlantic Ocean (see, e.g., CESM2, C.-C. Chen
et al. (2024); GFDL AM2.1, Hill and Ming (2012); UKESM1, Haywood et al. (2023)). This
suggests significant differences in the climate and circulation response to zonally uniform

versus regionally uniform increases in SSA emission, which must be considered in future

studies of MCB.

3.3 Background

Effective radiative forcing (ERF), rapid adjustments, and feedbacks provide a comprehensive
framework for understanding climate forcings and responses. Here, we discuss the concept
and conventional methods for calculating ERF, rapid adjustments, and feedbacks, as well as

their applications in geoengineering.
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Radiative forcing (RF) quantifies the perturbation of Earth’s energy balance caused by
natural or anthropogenic agents such as greenhouse gases, aerosols, and land-use changes.
ERF refers to the net change in the Earth’s energy budget after rapid adjustments have
taken place but before significant changes in sea surface temperatures occur.

There are two methods to calculate the ERF: 1) the fixed-SST method involves setting
SSTs and sea ice cover to average climatological values, while allowing other parts of the
system to respond until they reach a steady state (Hansen et al., 2005) and 2) the regression
method analyzes the global mean surface temperature response to an instantaneous forcing
and extrapolates the regression of the response to the start of the simulation (t=0) to derive
the initial ERF (Gregory et al., 2004).

The fixed-SST method is particularly beneficial for understanding rapid adjustments
because it removes the influence of sea surface temperature changes, providing a controlled
environment to study short-term radiative effects. However, changes on the land surface
can introduce artificial land-sea temperature gradients, potentially triggering small local
climate responses. In contrast, the regression method excludes the global mean temperature
response. However, analysis of both techniques shows that the fixed-SST method yields a
smaller spread across models (Andrews et al., 2012). Furthermore, estimates of the ERF
using the fixed-SST approach are available for a wider range of forcing agents in the current
generation of climate models, compared to estimates diagnosed using the regression method
(IPCC AR5, Chapter 8). In this chapter, we use fixed-SST simulations to analyze the ERF
and the encompassing rapid adjustments. However, in Chapter 4, we use the regression
method to quantify the ERF and compare with the ERF calculated using the fixed-SST
method.

The abrupt-4xCO2 experiment, which involves instantaneous quadrupling of COs con-
centrations, is widely used to diagnose the ERF of COs in models. For abrupt-4xCO2, the
ERF calculated using the fixed-SST counterparts from a multi-model analysis (Andrews et

al., 2012) is 7% higher than the ERF calculated using the regression method (IPCC AR5,
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Chapter 8). However, ERFs have also been diagnosed for short-lived climate forcers (SLCFs),
which are time-varying and have shorter atmospheric residence times (IPCC AR6, Chapter
6). The ERF calculated for SLCF includes contributions from both direct aerosol-radiation
interactions and indirect aerosol-cloud interactions. It is calculated as the difference in radia-
tive fluxes between two simulations: a simulation with time-evolving aerosols and a control
simulation with emissions held at their 1850 levels (W. J. Collins et al., 2017). Both simula-
tions use time-evolving SSTs and sea ice data from the respective coupled model historical
simulation (IPCC AR6, Chapter 6). This differs from the ERFs calculated using fixed pre-
industrial SST and sea ice fields (Pincus et al., 2016). However, the effects of this difference
are generally small (P. M. Forster et al., 2016).

With this precedent, we apply this framework to understanding ERF and rapid adjust-
ment in response to geoengineering using a pair of fixed-SST atmosphere-only simulations
(2020ssclimo and 2020climo). We compare these with the coupled simulations (G4sea-salt
and SSP2-4.5), allowing us to assess the circulation feedbacks versus rapid adjustments to
sea salt geoengineering.

Feedback describes the processes that amplify or dampen the climate response to an initial
radiative forcing, typically mediated through changes in surface temperature. The main feed-
back mechanisms include water vapor feedback, lapse rate feedback, surface albedo feedback,
and cloud feedback. Chapter 4 provides additional discussion and quantification concerning
these feedback mechanisms, both for abrupt-4xCO2 scenarios and sea salt geoengineering.
However, in this chapter, we focus on circulation feedbacks and rapid adjustments that are

particularly relevant for geoengineering applications.
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3.4 Methods

3.4.1 Model Description

The GFDL coupled model CM4 (Held et al., 2019) contributed to the sixth phase of the
Coupled Model Intercomparison Project (CMIP6). It consists of atmosphere and land models
(AM4 and LM4; M. Zhao et al., 2018) as well as ocean and sea ice models (OM4; Adcroft
et al. (2019)). AM4 has a horizontal resolution of 100 km (1°) with 33 layers, and OM4 has
a horizontal resolution of 0.25° with 75 layers.

As summarized by Mahfouz et al. (2023), the current emission and transport scheme for
SSA in CM4 uses five sectional size bins ranging from particle radius sizes 0.1 to 10 microns.
To approximate SSA emissions at the sea surface, two schemes are used: Martensson et al.
(2003) for particles smaller than 1.4 pm and Monahan et al. (1986) for particles greater
than 1.4 pym. The wind speed at 10 m drives emissions through a power-law dependence,
where emissions oc Ui, This relationship holds across particle sizes, with the exception that
particles smaller than 1.4 um, are also sensitive to sea surface temperature (SST; Martensson
et al., 2003).

GFDL models utilize a cloud droplet activation scheme that redistributes the submicron
mass of SSA to a prescribed size distribution (Ming et al., 2006, 2007). The prescribed size
distribution consists of three modes, with a predefined total number concentration ratio of
340 to 60 to 0.75. The geometric mean diameters for these modes are 10, 150, and 620 nm,
with geometric standard deviations of 1.6, 2.0, and 2.7, respectively. It should be noted
that this fixed-modal representation, which employs three modes for liquid cloud droplet
activation and indirect effects, is not consistent with the fixed sectional representation used

for emissions and direct radiative effects that utilizes five sectional bins.
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‘ Experiment Name ‘ Description

AM4 simulation using the annual mean SSTs from year 2020
2020climo of one of the SSP2-4.5 ensembles repeated for 30 years.

All radiative forcing agents kept to their 2020 values.

The 2020climo simulation with prescribed additional submicron
SSA emissions of 7.66 x 107! kg m~2 s! (constant in time) for
2020ssclimo each of the first two bin sizes in each marine grid cell between
30°S and 30°N. This amount was chosen to offset an ERF of 2
W m~? as specified in Kravitz et al. (2013).

Fixed-SST (2020)

CM4 simulation initialized from year 2015 of the historical
simulation and run following the SSP-based Representative
Concentration Pathway RCP4.5, which stabilizes radiative
forcing at 4.5 W m~2 in 2100.

The SSP2-4.5 simulation with prescribed additional submicron
SSA emissions of 7.66 x 107! kg m~2 s~! (constant in time)
for each of the first two bin sizes in each marine grid cell
between 30°S and 30°N.

Coupled SSP2-4.5 (ssp)
(2020-2070;
3 ensemble members)

Gdsea-salt (gdss)

Table 3.1: A summary of the experiments used in this work. The atmosphere-only simula-
tions are run using sea-surface temperatures from year 2020 of one of the SSP2-4.5 ensembles.
The coupled simulations are run using the SSP2-4.5 scenario, with interactive ocean and sea
ice components.

3.4.2 Simulation Protocol

In total, eight simulations are used in this study: a pair of fixed-SST simulations and 3
ensemble pairs of coupled simulations, summarized in Table 3.1. We first conduct a pair of
fixed-SST atmosphere-only cyclic AM4 simulations using the annual mean SSTs from year
2020 (repeated for 30 years) of one of the ensemble members from SSP2-4.5 simulations
and keeping the radiative forcing agents in the AM4 simulations at their 2020 values. The
reference simulation uses the present day aerosol emission scenario with all radiative forcing
agents kept to their 2020 values, hereafter 2020climo. In 2020ssclimo, we prescribe an addi-
tional submicron SSA emission of 7.66 x 10~!* kg m~2 s~! (constant in time) for each of the
first two bin sizes in each marine grid cell between 30°S and 30°N. Both the reference and
perturbed simulations feature interactive SSA emissions that respond to atmospheric condi-
tions. The fixed-SST experiments were run to determine the added SSA emissions required
to reduce the top-of-atmosphere (TOA) earth’s energy imbalance by 2 W m~2. This value

was chosen to offset an ERF of 2 W m~? as specified by Kravitz et al. (2013).
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We used two three-member ensembles of transient 50-year CM4 coupled simulations
(2020-2070) in our analysis of circulation response to geoengineering. The reference simu-
lations follow the SSP2-4.5 projections. The initial conditions of the SSP2-4.5 at 2020 are
obtained from historical simulations branched by CM4 in 2015 and run following the SSP-
based Representative Concentration Pathway RCP4.5, which stabilizes radiative forcing at
4.5 W m~2 in 2100 (O’Neill et al., 2014; O’Neill et al., 2016). In the perturbed simula-
tion, G4sea-salt, an additional emission of submicron SSA is prescribed for 2020-2070 as in
2020ss-climo (by 7.66 x 107" kg m™2 s™! for the first two size bins (submicron) in each
marine grid cell between 30°S and 30°N), providing a source of Egepeng = 1.532x10710 kg

2

m~2 s7! over tropical oceans. G4sea-salt will be denoted as subscript g4ss (e.g. emission is

Egyss). SSP2-4.5 will be denoted as subscript ssp (e.g. emission is Ep).

3.5 Response to SSA emission increase

The ensemble mean difference in SSA emissions (AFE), vertically integrated SSA concentra-
tion (A [ Cdz), 10-m wind speed (AU), and surface temperature (ATy) for the fixed-SST
(2020ssclimo minus 2020climo) and coupled (G4sea-salt minus SSP2-4.5) simulations are
shown in Fig. 3.1. The globally averaged SSA emissions imposed in our tropical geoengi-
neering experiment is 5.70x107 kg m~=2 s7!. Fig. 3.1a shows that the 30-year global
average emission difference between 2020ssclimo minus 2020climo is 3% greater than the
global geoengineered-only emissions, that is, the rapid adjustments to the geoengineered
SSA emissions result in an additional increase in SSA emissions globally. In contrast, the
averaged emissions from G4sea-salt minus SSP2-4.5 are 23% lower than the geoengineered-
only emissions (Fig. 3.1e), that is, circulation feedbacks result in a decrease in SSA emissions,
partially offsetting the increase in SSA emissions from geoengineering. The vertically inte-

grated SSA concentration, representing the total atmospheric column burden, mirrors the
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emission disparity. Specifically, higher emissions in the fixed-SST runs correspond to higher
concentrations compared to the coupled runs.

Although the same SSTs are used in 2020ssclimo and 2020climo simulations, changes in
land temperature are still observed (Fig. 3.1c). The land temperature changes drive wind
speed and subsequent emission changes as rapid adjustments shown in Fig. 3.1a and d. In
particular, increased wind speeds over the Southern Ocean (45°S to 65°S; Fig. 3.1d) lead to
higher SSA emissions and concentrations in this region (Fig. 3.1a and b).

In contrast, the coupled run with feedbacks exhibits decreases in wind speeds and emis-
sions in the Southern Ocean (Fig. 3.1e and g). The reduced SSA emissions in the Southern
Ocean (Fig. 3.1e) spatially coincide with the regions of the largest reductions in wind speed
in the Southern Hemisphere (SH) (Fig. 3.1h). These changes in wind speed are attributed
to the cooling effect of the tropical SSA enhancement in G4sea-salt (Fig. 3.1g), which weak-
ens the temperature gradient between the equator and the mid-latitudes. Consequently,
the prevailing surface westerlies in the extratropics, particularly in the Southern Ocean, are
dampened due to thermal wind balance (Deng et al., 2022). Thus, the rapid adjustments
characterized by increased wind speeds, emissions, and concentrations in the fixed-SST sim-
ulations appear to be opposite in sign to their coupled counterparts.

Figure 3.2 shows the geographical distribution of SSA emissions for the fixed-SST and
coupled simulations. To evaluate changes in emissions caused by rapid adjustments in the
fixed-SST simulations, we subtract the 2020climo emissions and prescribed geoengineered
SSA emissions (Egeoeng) from the 2020ssclimo emissions in the tropics (Fig. 3.2¢). We find
that rapid adjustments, primarily driven by changes in wind speed (Fig. 3.1d), result in
global increases in emissions, with a slight reduction observed in the Northern Hemisphere
(NH).

Fig. 3.2f further illustrates the impact of circulation changes-encompassing variations
in wind speed and temperature-on ocean-wide emissions, particularly in the tropics. In

addition to the non-local changes in SSA emissions observed in the Southern Ocean and NH
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Fixed-SST Coupled

(2020ssclimo minus 2020climo) (G4sea-salt minus SSP2-4.5)
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Figure 3.1: The global difference in SSA emissions (AFE; e), vertically integrated SSA con-
centration (A [ Cdz; f) surface temperature (ATy; g), and 10-m wind speed (AU; h) for
the ensemble-mean coupled simulations (G4sea-salt minus SSP2-4.5). The fixed-SST coun-
terparts (2020ssclimo minus 2020climo) are presented in a, b, ¢ and d. The global average

values for each are displayed in the title.
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Fixed-SST Coupled

E 2020ssclim
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Figure 3.2: The ensemble-mean SSA emissions for d) G4sea-salt (Egsss), €) SSP2-4.5 (Eyp),
f) Egiss-Egeoeng~ Essp- The fixed-SST counterparts are presented in a), b), and c).
(Fig. 3.2f), we identify circulation-induced reductions in tropical SSA emissions that offset
6% of the prescribed tropical geoengineered SSA emission increases. In contrast, emissions
resulting from rapid adjustments in the fixed-SST simulations increase tropical emissions by
0.27% of the geoengineered increase (Fig. 3.2c and Table 3.2).

While wind speed influences SSA emissions in both the fixed-SST and coupled simula-
tions, their effects lead to emission changes of opposite signs (Fig. 3.2f and Table 3.3). In the

coupled run, the global emission increase from tropical geoengineered emissions is dampened
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due to two main factors: lower-than-expected emissions in the tropics and significant reduc-
tions in the Southern Ocean. Conversely, in the fixed-SST run, the global emission increase
from tropical geoengineered emissions is enhanced due to slightly higher emissions in both
the tropics and the Southern Ocean. To better understand these changes in emissions, we

examine the dependence of the emissions on the 10-m wind speeds and SST.

3.5.1 Sensitivity of SSA emissions to wind speed and temperature

changes

To evaluate the impact of temperature and wind speed changes on SSA emissions, we cal-
culate SSA emissions offline using parameterizations from Martensson et al. (2003) and
Monahan et al. (1986), hereafter MartMon. The off-line calculations of SSA emissions emu-
late how emissions are calculated in the GFDL CM4 and AM4 model and are evaluated as
the aggregate of the same five sectional size bins used in the model. MartMon is presented
as a function of wind speed and SST, thus Fyn(U, SST).

Fig. 3.3 illustrates the absolute and relative changes in MartMon emission in response
to incremental changes in temperature and wind speed, confirming moderate temperature
sensitivity and greater wind speed sensitivity. Figs. 3.3a and b show the magnitude of
the emission changes in response to incremental changes in temperature and wind speed,
while Figs. 3.3c and d illustrate the corresponding percentage changes in emission due to
these changes in temperature and wind speed. Fig. 3.3a shows that at a given temperature,
emission increases with wind speed, but the rate of this increase remains consistent across
temperatures ranging from -15 to 25°C. Thus, the figure indicates that the functional de-
pendence on wind speed is the dominant factor influencing emission changes, rather than
the SST itself. In contrast, Fig. 3.3b illustrates the rate of change of emission with respect
to wind speed, revealing substantial increases in emissions for wind speeds between 2.5 and
15 m/s. The functional dependence on SST becomes a secondary factor that influences the

changes in emission within this wind speed range (see Appendix C.2).
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When Fig. 3.3a is normalized by the emission, the wind speed dependency is decoupled.
This is due to the specific form of the MartMon formulation (detailed in Appendix C.1),
which enables us to isolate and retrieve the percentage change in emission per degree Celsius
as a function of temperature (Fig. 3.3c). Similarly, normalizing Fig. 3.3b by the emission
decouples the temperature dependence, isolating the percentage change in emission per m/s
as a function of wind speed (Fig. 3.3d). Our analysis reveals that wind speed has a dominant
impact on MartMon emissions, with a 0.1 m/s increase in wind speed leading to a substantial
20-120% increase in emissions at wind speeds ranging from 14 to 2 m/s, respectively. In
contrast, temperature has a relatively modest effect, with a 0.5°C increase corresponding to

a less than 1% increase in emissions over a wide temperature range of -15 to 25°C.

3.5.2 Relating emission changes to rapid adjustments and circu-

lation changes

Since SSTs are the same in the 30-year 2020ssclimo and 2020climo simulations, we quan-
titatively evaluate rapid adjustments in wind speed and their affect on emissions. Emis-
sion values are presented as both ocean-averaged (e.g., F) and ocean-integrated (e.g., (E)).
Specifically, ocean integration refers to the total accumulated emissions for a region, while
ocean averaging refers to the average SSA emissions per unit of ocean area. We provide
both averages and integrals to facilitate comparisons of the magnitude of emission changes
between regions and the relative contribution of each region to the total emission increase.

In Table 3.2, we quantify the emission changes resulting from rapid adjustments in the
fixed-SST simulations by evaluating the ocean-averaged and ocean-integrated difference be-
tween the prescribed amount of geoengineered SSA emissions in the tropics (Egeoeng) and the
actual increase between 2020ssclimo and 2020climo. To assess how only the mean changes
in wind speeds over the basins contribute to emission changes, we generate estimates of the

rapid adjustments in emission for each ocean region by taking the difference between the
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Figure 3.3: The sensitivity of MartMon emissions to wind speed and temperature are pre-
sented as the change in emission per unit change in a) temperature (°C) and b) wind speed
(m/s). This is computed by calculating the emission when temperature is increased in in-
crements of 0.5°C or when wind speed is increased by increments by 0.1 m/s. This specific
increment were calculated using finite differences and verified to converge with smaller in-
crements. The corresponding percent changes in emission due to incremental increases in
temperature and wind speed are shown in ¢ and d.
MartMon emissions calculating using ocean-averaged wind speeds and identical SSTs for
2020ssclimo and 2020climo ( Exm (Uzo20ssclimo, SST2020ssclimo) = Eaint (Uz020ctimos SS T2020climo) )-
Compared to the changes in emission from rapid adjustments in AM4 (EQOQOSSChmO - Fgeoeng
- Egogodimo) for different ocean regions, the MartMon emissions calculated using the temporal
and geographical means of wind speeds and SST are consistently lower than the modeled
emissions. This discrepancy arises from limitations in using temporally and spatially aver-

aged wind speed and temperature values, which do not capture the inherent nonlinearities

and variabilities. Specifically, the MartMon formula is highly nonlinear, and using long-term
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Global Tropical SH . NH .
extratropical extratropical
Oceans Oceans

Oceans Oceans

‘ . Us020elimo 7.64 6.64 9.41 7.64

Ocean (xfig)ed R 7.65 6.65 9.42 7.63

P U2020ssclimo = U2020¢limo 0.01 0.01 0.01 —0.01

SST2020¢limo 290.49 299.11 280.95 281.01
i -avere T -
(Og anaveraged ST ST ancine 20049 20911 28095 281.01

SST2020ssclimo - 95 T2020climo 0.00 0.00 0.00 0.00

(Egeoeng) 2.91e+4 2.91e+4 0.00 0.00
Ocean-integrated SSA | {E2020climo) 2.60e+5 6.91e+4 1.39e+5 5.14e+4
emission (kg s71) (Ea020ssctimo) - {Egeoeng) 2.61e+5 6.92e+4 1.41e+5 5.12e+4
<E202(Jssclimo> - <Egeoeng> - <E2020clin10> 7.89e+2 1.90e+2 7.90e+2 —1.89e+2

Egeoeng 8.05e-11 1.53e-10 0.00 0.00
Ocean-averaged SSA E202001imo B 7.29e-10 3.64e-10 1.29e-9 8.16e-10
emission (kg m™2 s™1) | Espaossclimo - Egcoeng 7.32e-10 3.65e-10 1.30e-9 8.13e-10
EQOZUssclimo - Egeoeng - EQOZUclimo 2.21e-12 1.00e-12 7.30e-12 —3.00e-12
Evingt (Ungaossetimos SS Tao20ssclimo) = Enint (Uz020¢timos SS T2020climo) ‘ 5.04e-13 7.09e-13 1.00e-12 —1.00e-12

Table 3.2: We use Martensson and Monahan (MartMon) to compute emissions using 30-
year global and regional ocean-averaged wind speed and SST alongside ocean-averaged (e.g.,
E) and ocean-integrated (e.g., (E)) SSA emissions from 2020ssclimo and 2020climo. For
regional calculations, tropical oceans cover ocean areas between 30°S to 30°N, Southern
Hemisphere (SH) extratropical oceans cover ocean areas between 90°S to 30°S and Northern
Hemisphere (NH) extratropical oceans cover ocean areas between 30°N to 90°N. We compare
our computed emissions with the ocean-averaged emissions for 2020ssclimo and 2020climo,
and changes in SSA emissions from rapid adjustments (Egogossdimo - Egeoeng - Egogochmo). The
SSTs are fixed in the AM4 simulations, so we assess the contribution of the mean wind speed
to emission changes, by computing the difference in MartMon emissions calculated using
2020ssclimo and 2020climo wind speeds (Eymi(Usozossclimo, SS T2020ssclimo) - Faint (Uz020elimos
SST2020CIim0) ) .

spatial mean values instead of calculating emissions at high spatial and temporal resolu-
tion (every 30 minutes) and then averaging them geographically and temporally leads to an
underestimation of emissions. To better understand MartMon’s nonlinear behavior, calcu-
lating and analyzing its Probability Density Function using high-frequency data would be a
relevant analysis.

Following the enhancement of geoengineered SSA emissions in the tropics, rapid adjust-
ments increase ocean-averaged global emissions by 0.28% (calculated from Table 2). This
change is driven by a 0.78% increase in emissions in the SH extratropical oceans (90°S to
30°S), along with a slight increase in the tropical oceans and decrease in the NH extratrop-

ical oceans (30°N to 90°N), consistent with the emission changes shown in Figs. 3.la and
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3.2c. Using MartMon and ocean-averaged wind speeds, we calculate rapid adjustments in
emissions for 2020ssclimo and 2020climo (which share identical SSTs) and find qualitative
agreement with the AM4-modeled rapid adjustments in emissions across all regions, albeit
with lower magnitudes. Table 3.2 shows that the MartMon emissions estimated using the
sign of changes in mean wind speeds yield the same sign as the modeled emission changes.
Specifically, we obtain a global increase in emissions, accompanied by a decrease in emis-
sions in the NH extratropical oceans when considering wind speed changes alone in our
MartMon emission calculations. Thus, the adjustments are only driven by changes in wind
speed, characterized by global increases and localized reductions in the NH extratropics (Fig.
3.1d).

Next, we assess the impact of circulation changes as the ocean is allowed to respond and
fully coupled feedbacks operate following geoengineered SSA emission increases. In Table
3.3, we assess the impact of circulation changes, which encompass changes in wind speed
and temperature, on ocean-wide SSA emissions by evaluating the difference between the
prescribed amount of geoengineered SSA emissions in the tropics (Egeoeng) and the actual
increase in the coupled model simulations (G4sea-salt minus SSP2-4.5).

We find that the circulation-induced changes in SSA emission decrease the global contri-
bution of the tropical SSA emission enhancement by 23%. This reduction is primarily driven
by a large decrease in ocean-integrated SSA emission in the SH extratropical oceans (90°S
to 30°S), followed by the tropical oceans and then the NH extratropical oceans (30°N to
90°N). Upon examining the circulation-induced ocean-averaged SSA emission, we find that
the largest circulation-induced emission reductions per unit of ocean area occur in the SH
extratropical oceans, followed by the NH extratropical oceans and then the tropical oceans.
Although the circulation-induced decrease in ocean-averaged SSA emissions is greater in
the NH extratropical oceans than in the tropics, the tropics contribute more to the global
ocean-integrated value of the circulation-induced SSA emission due to their vast ocean area

compared to the NH extratropics.
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Global Tropical SH . NH .
Oceans Oceans extratropical —extratropical
Oceans Oceans
Ocean-averaged ﬁss" Tl 0.69 9.0d 767
wind speed (gU m s™!) Vgt _ 7.68 6.67 947 7.65
! ' Ug4ss - Ussp —0.03 —0.02 —0.07 —0.02
SST 291.22 299.66 281.83 282.67
Ocean- d SST P
(—Scse;fl;‘)’erage SSTise 200.67 29893  281.56 282.06
’ SST guse - STy —0.57 ~0.73 —0.27 —0.61
(Essp) 2.70e+5 7.10e+4 1.47e+5 5.25e+4
Ocean-integrated (Egass) 2.92e+5  9.83e+4  1.43e+5 5.16e+4
SSA emission (Egass) - (Essp) 2.23e+4 2.73e+4 —4.22e+3 —8.44e+-2
(kg s71) (Egtss) - (Egeoens) 2.64c+5  6.94c+d  1.43e+5 5.16e+4
(Eptss) - (Ereoong) - (Fesp) —6.79e+3 —17le+3 —4.22+3  —8.ddet2
:ssp 7.49¢e-10 3.74e-10 1.36e-9 8.33e-10
Ocean-averaged Eass 8.11e-10 5.18e-10 1.32e-9 8.20e-10
SSA emission Egiss - Eusp 6.17e-11  1.44e-10 —3.90e-11  —1.3de-11
(kgm™2s71) Futss - Freoeng 7.30e-10  3.65e-10  1.32e-9 8.20e-10
Friss - Byeoons - Bssp ~1.88¢-11 —9.00e-12 —3.90e-11  —1.34e-11
MartMon emissions By (Ussp, SSTep) 2.42¢-10 1.42e-10 4.29¢-10 2.05e-10
calculated using ocean- | Enm(Ugass, SSTgass) 2.36e-10 1.39e-10  4.17e-10 2.02e-10
averaged wind Em\,l(ggélss, SSTguss) - EMM(ESSp7 SSTep) | —5.25e-12 —2.04e-12 —1.20e-11 —3.00e-12
speed and SST Bt (Ugtss: SSTgis) - By (Ussps SSTgas) | —4.766-12 —1.99e-12 —1.10e-11  —2.03e-12
(kg m™?s7) Byt (Ugassr ST gass) - Bant (Ugass, SSTagp) | —5.09¢-13  —5.80e-14 —1.00e-12  —1.02¢-12
Contribution of wind speed to emission changes 90.33% 97.16% 91.67% 67.67%
Contribution of SST to emission changes 9.67% 2.84% 8.33% 32.33%

Table 3.3: The ocean-averaged wind speed and SST for SSP2-4.5, G4sea-salt and G4sea-salt
minus SSP2-4.5 are presented here alongside ocean-averaged (Appendix B.3) and ocean-
integrated (Appendix B.4) SSA emissions. The subscript g4ss and ssp refer to G4sea-salt
and SSP2-4.5, respectively. Circulation-induced changes in ocean-integrated and ocean-
averaged SSA emissions are calculated by taking the difference between the geoengineered
SSA emission and the G4sea-salt minus SSP2-4.5 emission (Appendix B.5). We use MartMon
to compute emissions using 50-year global and regional ocean-averaged wind speed and SST.
The MartMon emissions for the global oceans are calculated using the weighted averages of
the regions. Rows 3-5 from the bottom of the MartMon emissions sections are used to
compute the contribution of wind speed and SST separately to emission changes.

Circulation feedbacks in the G4sea-salt simulation, particularly changes in wind speed
and SST), lead to reduced natural emissions across all regions. This contrasts with the fixed-
SST simulations, where rapid adjustments resulted in increased natural emissions globally.
The largest SSA emission reductions from circulation changes occur in the SH extratropical
oceans, where the wind speed decreases the most, while the SST decreases the least. In

contrast, the tropics experience the largest reduction in SST but a smaller reduction in wind

speed.
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To evaluate the impact of mean changes in temperature and wind speed between G4sea-
salt and SSP2-4.5 and their emissions, we generate estimates of MartMon emissions using 50-
year ocean-averaged wind speeds and SSTs for G4sea-salt and SSP2-4.5 (Table 3.3). Taking
the difference between MartMon emissions calculated using ocean-averaged wind speeds and
SST from G4sea-salt and SSP2-4.5 (EMM(Ug4SS, SS_Tg4SS) - Exii(Ussp, SSTyp)), We generate
estimates of circulation-induced emissions for each ocean region.

To quantify the distinct influences of wind speed and SST on MartMon emissions, we
employ a sequential adjustment method that involves systematically adjusting one vari-
able at a time, while keeping others constant to analyze the impact of each variable. Ini-
tially, emissions are calculated for G4sea-salt using ocean-averaged wind speed and SST
for each region (Ey(Ugass,SSTeass)). We conducted two sensitivity experiments: adjusting
the wind speeds to match the wind speed of SSP2-4.5 while maintaining the original SST's
(Enim (USSP,SS_Tg4SS)) and adjusting the SST's to match the SSP2-4.5 SST while retaining the
original wind speeds (Enmi(Ugss;SSTssp)). We then subtract these sensitivity calculations
from EMM(Ug4SS,SS_Tg4SS) to quantify the individual contribution of wind speed and SST
to the total emission changes. The last two rows of Table 3.3 summarize the influence of
wind speed and SST on emissions, indicating that wind speed significantly impacts emissions
more than SST changes, with effects ranging from 97.16% in tropical oceans to 67.67% in
the NH extratropical oceans. These estimates are based on mean values and therefore do not
account for the strong nonlinearities in the emission responses to wind speed and tempera-
ture. A more comprehensive evaluation using the full PDFs of wind speed and temperature
differences could yield quantitatively different results.

In the fixed-SST simulations, rapid adjustments characterized by a global increase in
natural emissions occur solely due to wind speed, as the SST are the same in 2020ssclimo and
2020climo. However, the fully coupled system, where feedbacks operate after the imposition
of tropical geoengineered SSA emissions, shows a global reduction in natural emissions,

opposite in sign to the rapid adjustments in emission. These emission changes are driven by
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wind speed, with secondary contributions from SST. Although SST has a less direct impact
on emissions compared to wind speed, it influences wind patterns, particularly by weakening

westerlies in the Southern Ocean, through the thermal wind relationship.

3.5.3 The equatorial Pacific temperature gradient

This section examines the temperature gradient change in G4sea-salt minus SSP2-4.5, com-
paring it to abrupt-4xCO2. A key distinction between the two scenarios lies in their re-
spective forcings: G4sea-salt experiences negative forcing from geoengineered SSA increases,
whereas abrupt-4xCO2 experiences positive forcing from a quadrupling of COs. The geo-
graphic application of the forcing also differs, with the abrupt-4xCO2 scenario applying its
forcing globally, whereas the G4sea-salt scenario applies its forcing exclusively over tropical
ocean regions. Despite these differences in forcing type and application, our analysis reveals
that the east—to—west equatorial Pacific temperature gradient is weakened in both cases.
Figure 3.4 presents a comparison of the ensemble-mean 50-year averaged surface temper-
ature change, normalized by the magnitude of the global mean surface temperature change,
for two forcing experiments: G4sea-salt minus SSP2-4.5 and the 50-year period following an
instantaneous quadrupling of CO, starting from a pre-industrial CM4 run (abrupt-4xCO2)
(Eyring et al., 2016; Guo et al., 2018). Fig. 3.4 shows the surface temperature change (ATY)
normalized by the magnitude of the global mean surface temperature change (|ATgmst|)
for abrupt-4xCO2 and G4sea-salt minus SSP2-4.5. Both G4sea-salt minus SSP2-4.5 and
abrupt-4xCO2 exhibit Arctic amplified temperature changes between 65-90°N relative to
the global mean temperature change, although this effect is more pronounced in the abrupt-
4xCO2 scenario for the ensemble average and for two out of three of the members of the
SSA geoengineered increase simulation (Fig. 3.4a). Arctic amplification (AA) is a robust
change to various climate forcings such as CO, forcing, solar irradiance (Cai & Tung, 2012),
aerosols and aerosol precursors (Lambert et al., 2013), and methane (Stjern et al., 2019).

The occurrence of AA in response to these various climate forcings (Stuecker et al., 2018;
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Serreze & Barry, 2011; A. Xie et al., 2022; Zhu et al., 2023) suggests that AA is primarily
driven by feedbacks and internal mechanisms, rather than by the characteristics of the global
mean forcing (Previdi et al., 2021; Russotto & Biasutti, 2020).

The global mean change in surface temperature is -0.67 K for G4sea-salt minus SSP2-4.5
and +4.01 K for abrupt-4xCO2. In the equatorial Pacific, the warming is strongest in the
eastern Pacific compared to the western Pacific for abrupt-4xCO2 (Fig. 3.4b). Whereas, for
G4sea-salt minus SSP2-4.5, the cooling is strongest in the western Pacific compared to the
eastern Pacific (Fig. 3.4c). Despite differences in forcing and geographical application of the
forcing, both experiments display a reduction in the east-to-west temperature gradient in
the equatorial Pacific region. However, the extent of this weakening varies for each ensemble
member with ensemble member 2 in Fig. 3.4e showing less weakening of the east—to—west
SST gradient, highlighting the potential variability in how CM4 responds to the G4sea-salt
scenario and its influence on the east-to-west equatorial Pacific SST gradient.

The SST gradient in the Pacific is critical for modulating the frequency of atmospheric
rivers, tropical storms, and mesoscale convective systems (Zhao, 2024). Changes in the
tropical Pacific SST gradient are an important characteristic of El Nino-Southern Oscillation
(ENSO), including overall warming and spatial variability, by affecting atmospheric moisture
and ENSO-related circulation (Jiang et al., 2024; X. Xie et al., 2021). Under abrupt-4xCO2,
there is a more pronounced warming in the eastern equatorial Pacific relative to the western
Pacific similar to El Nino-like conditions (Fig. 3.4b). This behavior is consistent in multiple
models (Vecchi et al., 2008; Sun & Du, 2023; Kang et al., 2023); however how the tropical
Pacific SST gradient responds to positive GHG forcing has generally been an active topic of
debate for decades (Heede & Fedorov, 2023; Deser et al., 2010; Z. Liu et al., 2005; M. Collins,
2005).

This reduced east-to-west equatorial Pacific SST gradient weakens Walker circulation,
reducing easterly trade winds and moisture transport across the tropics (Tokinaga et al.,

2012). This has significant implications for regional hydroclimate, including intensified heat-
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Figure 3.4: Surface temperature change (A7) normalized by the magnitude of the global
mean surface temperature change (|ATgust|) are displayed for a) zonal mean abrupt-4xCO2
(red) and G4sea-salt minus SSP2-4.5 (blue), b) abrupt-4xCO2 and c¢) G4sea-salt minus SSP2-
4.5. Panels d-f present the normalized surface temperature change for the three individual
ensemble members of G4sea-salt minus SSP2-4.5.

waves in parts of the globe (Wu et al., 2024) and severe droughts in regions dependent on
Walker circulation, such as Southeast Asia and Australia (Huang et al., 2020; Zhao & Cook,
2021) Fig. 3.4 shows the east-to-west equatorial Pacific SST gradient is similarly reduced in
G4sea-salt minus SSP2-4.5, suggesting that a uniform negative forcing may yield comparable
effects on the Walker circulation and regional hydroclimate. This highlights the importance
of carefully considering how SSA emission increases are applied in geoengineering experi-
ments and underscores the need for a detailed analysis to understand the potential impacts

of geoengineering experiments on the Pacific SST gradient and regional hydroclimate.
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3.6 Conclusion

In this study, we investigate and compare rapid adjustments and circulation changes (e.g,
wind speed and temperature) that result from an increase in SSA emissions using the G4sea-
salt protocol in a NOAA GFDL model. In the fixed-SST experiments, we observed rapid
adjustments that involve changes in land temperature, intensifying the prevailing westerlies
in the SH while weakening them in the NH. In the coupled simulations, the implementation
of G4sea-salt not only produces the intended cooling effect, but also induces circulation re-
sponses. This includes a reduction in the equator-minus-mid-latitude temperature difference,
which in turn leads to a weakening of the prevailing westerly winds in the mid-latitudes.

We quantify the changes in SSA emissions induced by rapid adjustments and circula-
tion response to G4sea-salt by comparing the prescribed increase in SSA emissions in the
tropics with the resulting emissions in the fixed-SST and coupled model simulations, re-
spectively. Globally, we find that circulation-induced changes in SSA emissions reduce the
overall increase from geoengineered SSA emissions by 23% in the coupled simulations. The
circulation-induced reductions in global SSA emissions are primarily attributed to reduc-
tions in ocean-integrated SSA emissions in the SH extratropical oceans (14.3%), followed
by the tropics (5.8%) and lastly, the NH extratropical oceans (2.9%). This represents a
combination of ocean-averaged emission reductions and geographical extents. In contrast,
the rapid adjustments in the fixed-SST simulations lead to globally increased natural emis-
sions due to higher wind speeds. Natural emissions increase in nearly all ocean regions, with
one exception: the NH extratropical oceans, where decreased wind speeds resulted in lower
emissions.

To assess the impact of changes in temperature and wind speed on SSA emissions, we use
MartMon to calculate SSA emissions offline. MartMon incorporates the temperature and
wind speed dependent emission parameterization of Martensson et al. (2003) for particles
smaller than 1.4 ym and the wind-speed-dependent emission formulation of Monahan et al.

(1986) for larger particles. Our off-line SSA emission calculations mimic those in the GFDL
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CM4 and AM4 models. Emissions are aggregated from the same five sectional-size bins
used in the GFDL models, allowing for a direct comparison. Our analysis reveals that wind
speed is the primary driver of MartMon emissions. A 0.1 m/s wind speed increase yields a
significant 20-120% increase in emissions at wind speeds ranging from 2-14 m/s. In contrast,
temperature has a modest impact, with a 0.5°C increase resulting in less than a 1% increase
in emissions across a broad temperature range (-15° to 25°C).

A comparison of SSA emissions between the coupled G4sea-salt and SSP2-4.5 simula-
tions reveals that wind speed fluctuations are the dominant factor driving emission changes,
contributing 68-97% of the variations, while temperature changes have a minor impact, ac-
counting for only 2.8-32% of the changes. However, the relative contributions of wind speed
and temperature to circulation-induced changes in SSA emission, after geoengineered in-
creases in SSA emission, are sensitive to the specific SSA emission configuration used in the
model.

Although the two scenarios utilize different types and applications of forcing, both G4sea-
salt minus SSP2-4.5 and abrupt-4xCO2 exhibit a reduction in the east-to-west equatorial
Pacific temperature gradient. The geoengineered increase in SSA emissions through the
G4sea-salt protocol generally produces stronger cooling in the central to western equatorial
Pacific compared to the eastern equatorial Pacific. However, the extent of this cooling
pattern and the associated weakening of the east-to-west SST gradient vary among ensemble
members, with two out of three ensemble members showing a more pronounced gradient
reduction. This finding contrasts with previous studies that applied regional increases in
SSA emissions (Hill & Ming, 2012; C.-C. Chen et al., 2024; Haywood et al., 2023), and
found that such changes induce stronger cooling in the eastern equatorial Pacific than in the
western equatorial Pacific. These discrepancies may be attributed to intermodel differences
and variations in the application of SSA emission increases. Specifically, the G4sea salt

protocol increases SSA emissions throughout the tropical oceans, while other studies (Hill
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& Ming, 2012; Haywood et al., 2023) target specific regions, such as the eastern equatorial
Pacific.

This reduced temperature gradient has implications for hydroclimates and may alter
precipitation patterns, drought occurrences, and severe weather events in regions like the
western United States, South America, and Southeast Asia (Huang et al., 2020; Zhao &
Cook, 2021; Wu et al., 2024). Thus, the application of increasing SSA emissions to brighten
marine clouds has significant implications for the temperature gradient in the equatorial
Pacific, which is closely linked to the Walker circulation and its associated impacts on regional
hydroclimate.

This study highlights that uniform increases in SSA emission over the tropical oceans
can trigger significant climatic responses, altering the geographic distribution of aerosols due
to changes in the mean state of the climate system and circulation. Rapid adjustments
(2020ssclimo minus 2020climo) to geoengineered tropical emission increase yield increases in
SSA emission, changes that are opposite in sign to the circulation-induced changes in the
coupled simulation. In the coupled G4sea-salt simulation, reductions in SSA emissions over
the extratropical and tropical oceans, driven by decreased wind speed, counteract some of
the geoengineered SSA emissions, thus attenuating the intended effects of such interventions.
The resulting equatorial SST gradient in the Pacific exhibited in G4sea-salt minus SSP2-4.5
diverges from that observed in regional SSA emission increase experiments conducted with
other climate models. This discrepancy highlights substantial differences in climate responses
to regional versus zonally uniform SSA emission increases, emphasizing the need for further

investigation and consideration during the development of model experimentation for MCB.
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Chapter 4

The Radiative Feedback to Sea Salt
Aerosol Engineering in a GFDL
Coupled Model

4.1 Introduction

Climate geoengineering, particulary marine cloud brightening (MCB), has garnered signifi-
cant attention as a potential strategy to mitigate global warming. Building on the analysis
by Mahfouz et al. (2023) and the work presented in Chapter 3, this study investigates the
radiative feedbacks to geoengineered increased sea salt aerosol (SSA) emissions in the tropics
using simulations based on the G4sea-salt protocol (Kravitz et al., 2013) and the SSP2-4.5
base state with a NOAA GFDL climate model.

The traditional forcing-feedback paradigm provides a framework for understanding the
Earth’s climate response to external perturbations. Radiative forcing initiates a climate re-
sponse that is then shaped by feedback mechanisms. Although this analysis is typically pre-
scribed for understanding the climate response and feedbacks to anthropogenic (i.e., green-
house gases) and natural (i.e., land surface, volcanic and tropospheric aerosols) forcing, this
study attempts to apply this framework to geoengineering (i.e., increased SSA emissions).

This study assesses radiative forcing and climate feedback parameters in the context of
geoengineering using G4sea-salt and SSP2-4.5 simulations. We isolate the effects of SSA

geoengineering by considering the difference between the two coupled simulations (G4sea-
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salt minus SSP2-4.5), assuming that the forcing and feedbacks from increased SSA emissions
operate independently and do not interact significantly with those present in SSP2-4.5.
The fixed-SST counterparts of G4sea-salt and SSP2-4.5 are used to diagnose the effective
radiative forcing for the perturbations. We then apply a forcing analysis similar to that for
a quadrupling carbon dioxide experiment (abrupt-4xCO2) in a pre-industrial (PI) climate
to isolate feedbacks for an increase in geoengineered SSA emissions. Radiative kernels are
also employed in this study because they offer a powerful tool for attributing components of
the feedback.

This study aims to provide a comprehensive assessment of the potential impact of MCB
on the Earth’s climate system by examining the sensitivity of the GFDL model to radiative
forcing and feedbacks attributed to geoengineered SSA emission changes. We investigate
the differences in 50-year feedback between the G4sea-salt and abrupt-4xCO2 simulations,
considering factors such as model variability, climate state differences (time-varying versus
steady control state), and localized forcing from tropical SSA increases, all while acknowl-
edging that this comparison is limited due to internal variability and time-varying forcing

and feedback present in G4sea-salt minus SSP2-4.5.

4.2 Background

The Earth’s energy budget describes the balance between incoming solar radiation and out-
going radiation, comprising reflected solar radiation and thermal radiation emitted by the
climate system (P. Forster et al., 2021). In a steady-state climate, incoming and outgoing
radiation are generally balanced over the long term, despite fluctuations driven by interan-
nual variability (Brown et al., 2014). However, anthropogenic forcing can induce a global
mean imbalance in TOA radiation, known as the Earth’s energy imbalance (EEI; W m™2)
(Hansen et al., 2005; Raghuraman et al., 2021). EEI quantifies the change in the Earth’s

energy budget due to forcing and provides valuable insights into global climate change.
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Let us consider an instantaneous quadrupling of COy (abrupt-4xCO2; denoted as sub-
script 4xco2) that is applied to year 100 of a pre-industrial simulation (piControl) and then
run for 150 years. The initial positive EEI is the effective radiative forcing (FRF') due to
the imposition of 4xCO, and is gradually restored to equilibrium by feedbacks as the surface
temperature increases (Fig. 4.1). For each year in an abrupt-4xCO2 experiment, there is
a pair of AT, acoa(ty) = Tsaxco2(ty) - Tspicontrol A0 EFELieon. T'spicontrol 1S the 150 year
averaged surface temperature of piControl (years 100-250 of piControl with no COs forcing).
These pairs are sorted by increasing AT sxco2. The EEli02 is plotted as a function of
AT 4xco2 (see Fig. 4.2a). A linear regression is then applied to the plotted points, follow-
ing the methodology of Gregory et al. (2004). The forcing and feedback framework follows
Eq. 7.1 in Box 7.1 in the IPCC ARG assessment (P. Forster et al., 2021) that is applied to
abrupt-4xCO2:

EELLXCOQ(ATSAXCOQ) = ERF + >\4xc02 : ATSAXCOZ (41)

where EE oo (W m™2) is the TOA net energy flux. Ajyeo2 (W m=2 K1) is the climate
feedback, and defined as the slope of the linear regression in Fig. 4.2a. ERF (W m™2) is
the effective radiative forcing, the intercept of the linear regression on the Gregory diagram
at AT, =0.

The ERF quantifies the change in net TOA energy flux due to an imposed perturbation
(i.e. changes in GHG). As mentioned in Chapter 3, two methods have been used to estimate
ERF. As shown in Figure 1 Box 7.1 in the IPCC AR6 assessment, one method for estimating
ERF is to extrapolate from the regression of the EEI with changes in surface temperature
at zero temperature change (that is, for abrupt-4xCO2: EFEIjxc02(ATs 4xc02 = 0)). Another
method of estimating ERF include subtracting the net TOA radiation fluxes between a
perturbation experiment (i.e., abrupt-4xCO2) and a control experiment (i.e. piControl),
with fixed sea surface temperatures (SST) in both simulations. Both methods yield different
estimates of ERF (see Chapter 3). For abrupt-4xCO2, the multi-model mean ERF is 7.98

+ 0.38 W m~2 (C. J. Smith et al., 2020).
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The climate feedback, Aoz, is defined as the slope of the linear regression applied to
the sorted pairs of AT sxco2, and EE 1 xco2. For the full 150-year abrupt-4xCO2 simulation,
it is denoted as Agxeo2(0,150). Ayxco2 depends on the number of years considered in the
regression. We will consider other numbers of years for the regression later in the text.
Climate feedbacks are processes that either intensify or weaken the initial surface temperature
change (warming, in the case of abrupt-4xCO2) in response to external radiative forcing
(RF). The net feedback is negative, primarily due to the Planck temperature response. The
multimodel mean feedback for abrupt-4xCO2 is ~1.16 (-1.81 to -0.51) W m~2 K~! as reported
in IPCC ARG assessment (P. Forster et al., 2021).

The net climate feedback can be further decomposed into a sum of terms (A = > Ax)
where X represents changes in temperature (7), water vapor (w) and surface albedo ().
The remaining feedback (i.e. residual) is ascribed to changes in the cloud if the feedback
due to changes in aerosol is not large, such as that for abrupt-4xCQO2. Contributions of the
component feedbacks to the total feedback is computed using the “radiative kernel” method
(Soden et al., 2008). The residual feedback (i.e cloud feedback for abrupt-4xC0O2) is calcu-
lated as the difference between the total feedback calculated using the “Gregory” method
and the sum of the temperature, water vapor and surface albedo feedback calculated using
the “radiative kernel” method. This method of calculating the feedback and its components
is hereafter referred to as the combined Gregory-kernel method (Block & Mauritsen, 2013).

Feedbacks are evaluated on long timescales (typically 150 years) because this is the
timescale needed to bring the climate system to radiative equilibrium (Gregory et al., 2004).
M. Zhao (2022) has shown that the climate feedback parameter varies depending on the
time period to which the linear regressions are applied. Specifically, for an abrupt-4xCO2
simulation, Ajyco2(0,50) versus Agyeo2(0,150) yields different estimates, highlighting the effect
of time-varying feedback. To account for this, we will express feedbacks as a function of
start year, end year, and X (e.g., A(t1,tq, X) for feedback decomposition and A(tq,t2) for
total feedback).
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Although this traditional framework for quantifying the climate response to external
perturbations is prescribed to understand radiative responses and feedbacks to changes in
greenhouse gases (i.e., COy increases), we attempt to apply this framework to understand
the feedback to geoengineering using G4sea-salt and SSP2-4.5. The tropical increase in
SSA emissions in G4sea-salt is interpreted as a large forcing that is imposed on the SSP2-
4.5 simulation. However, this forcing is applied to a base state (SSP2-4.5) that is not at
equilibrium and contains both time-varying forcing and feedbacks from greenhouse gases and
aerosols in addition to interannual variability. Subsequently, we subtract the TOA energy
imbalance in SSP2-4.5 from G4sea-salt (hereafter G4sea-salt minus SSP2-4.5; denoted by
subscript gdss-ssp) in an attempt to isolate the effects of increased SSA emission and the
resulting radiative response and feedback, assuming they can be isolated from a background
of time-varying forcing and feedbacks in the SSP2-4.5 simulation.

The study proposes using the Gregory-kernel methodology, previously applied to abrupt-
4xCO2 scenarios, to quantify forcing and feedback from geoengineered SSA emissions in
G4sea-salt minus SSP2-4.5. In this case, pairs of AEFE I s sp and AT gue55p are sorted by
increasing AT g455.55p and plotted, with AEFE Iy o as a function of AT guesssp (s€€ Fig.
4.2b). A linear regression is then applied to the plotted points. The slope of this regression
line for G4sea-salt minus SSP2-4.5 is denoted as Agass-ssp (2020, 2070).

We consider the temperature, water vapor and surface albedo feedback in this analysis.
However, the residual feedback for G4sea-salt minus SSP2-4.5 encompasses changes in cloud,
as well as aerosol-cloud interactions (ACI) and clear-sky aerosol-radiation interactions, and
will be referred to as Agassssp (2020, 2070, cloud+-aerosol).

We compare the feedbacks to geoengineered SSA emission increase to that for the first 50
years after quadrupling of CO, while acknowledging the differences in climate state, appli-
cation of forcing and internal variability present between the simulations. In particular, the

G4sea-salt and SSP2-4.5 experiments introduce time-varying components due to the evolv-
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ing nature of the underlying forced state, unlike the abrupt-4xCO2 scenario. Nonetheless,
we propose that comparing these simulations can still provide valuable insight.

The feedback calculated for the first 50 years after quadrupling of CO, for abrupt-4xCO2
will be referred to as Ajxeo2(0, 50, X). The feedback calculated using the full 150 year abrupt-
4xCO2 simulation by Zelinka et al. (2020) is presented here for comparison with our esti-
mates of Agxeo2(0, 50, X) and Agxeo2(0, 150, X) calculated using the combined kernel-Gregory

method.

4.3 Methods

4.3.1 Model Description

We use the GFDL coupled model CM4 which is part of the sixth phase of the Coupled Model
Intercomparison Project (CMIP6). It consists of the atmosphere and land models (AM4 and
LM4; M. Zhao et al., 2018) as well as ocean and sea ice models (OM4; Adcroft et al. (2019)).
AM4 has a horizontal resolution of 1° (approximately 100 km) with 33 layers, and OM4 has
a horizontal resolution of 0.25° with 75 layers.

As summarized by Mahfouz et al. (2023), the current emission and transport scheme for
SSA in CM4 uses five sectional size bins ranging from 0.1 to 10 microns. To represent SSA
emissions at the sea surface, two schemes are used: Martensson et al. (2003) for particles
smaller than 1.4 ym and Monahan et al. (1986) for particles larger than 1.4 ym. In both cases,
emission depends on the wind speed at 10 m which holds across particle sizes, however smaller

particles less than 1.4 um are also sensitive to sea surface temperature (SST; Martensson et

al., 2003).

4.3.2 Simulation Protocol

In total, eight simulations are used in this study. We first conduct a pair of fixed-SST

atmosphere-only cyclic AM4 simulations using the annual-mean SSTs from year 2020 (re-
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peated for 30 years) of the CM4 SSP2-4.5 simulation and keeping the radiative forcing agents
in the AM4 simulations at their 2020 values. The reference simulation uses the present-day
aerosol emission scenario with all radiative forcing agents kept to their 2020 values. In AM4
G4sea-salt, we prescribe an additional submicron SSA emission of 7.66 x 107! kg m~2 s~*
(constant in time) for each of the first two size bins in each marine grid cell between 30°S and
30°N (Kravitz et al., 2013). The fixed-SST experiments were run to determine the added
SSA emissions required to reduce the top-of-atmosphere (TOA) earth’s energy imbalance by
2 W m~2. This value was chosen to offset an ERF of 2 W m~? as specified by Kravitz et al.
(2013).

We also conduct two three-member ensembles of 50-year CM4 coupled simulations (2020-
2070). The reference coupled simulations follow the SSP2-4.5 projections. The initial condi-
tions of the CM4 SSP2-4.5 at 2020 are obtained from CM4 historical simulations branched at
year 2015 and run following the SSP-based Representative Concentration Pathway RCP4.5,
which stabilizes radiative forcing at 4.5 W m™2 in 2100 (O’Neill et al., 2014; O’Neill et al.,
2016). In the perturbed simulation, CM4 G4sea-salt, the emission of submicron SSA is in-
creased for 2020-2070 by the same amount as in AM4 G4sea-salt (by 7.66 x 107! kg m™2
s7! for the first two bins (submicron) in each marine grid cell between 30° S and 30° N).

We use the 50-year (2020-2070) G4sea-salt and SSP2-4.5 CM4 simulations for the feed-
back and forcing calculations in Section 4.41. We compare the 2020-2070 feedback to the
negative forcing from the increased SSA with the feedback to the positive forcing from the
first 50 years after an instantaneous quadrupling of COs in a pre-industrial CM4 run. We also
present the feedback over 50 and 150 years following the quadrupling to show the sensitivity
of the feedback over time and to allow comparison to estimates of the feedback presented in

Zelinka et al. (2020) and M. Zhao (2022).
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4.4 Comparing Earth’s Energy Imbalance (EEI) in

Geoengineering and Abrupt-4xCO2 Scenarios

Time series of AEEI

8 T
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Figure 4.1: The time series of EEI as a function of year from imposition of forcing for abrupt-
4xCO2, G4sea-salt and SSP2-4.5 and the base states (piControl, historical and SSP2-4.5
(2015-2020)).

Figure 4.1 presents a comparison of the Earth’s energy imbalance (EEI) for various sim-
ulations: abrupt-4xCO2, G4sea-salt, SSP2-4.5, and the unforced base states (piControl and
historical). The abrupt-4xCO2 simulation is initiated from year 100 of piControl (Eyring et
al., 2016), therefore years 50-100 of piControl correspond to years -50 to 0 relative to the
imposition of forcing. Similarly, years 100-150 of piControl represent years 0 to 50 after the
imposition of forcing. To isolate the EEI change due to the increase in geoengineered tropi-
cal SSA emissions, we calculate the difference between G4sea-salt and SSP2-4.5 (G4sea-salt
minus SSP2-4.5) and compare it with the EEI for abrupt-4xCO2. The two forcing experi-
ments differ in magnitude and sign, leading to distinct EEI time series for G4sea-salt minus
SSP2-4.5 and abrupt-4xCO2, with the former exhibiting greater variability.

Despite the noisiness in EEI for G4sea-salt, the EEI responds to the imposition of forcing
(at t,=2020) by decreasing for G4sea-salt minus SSP2-4.5 and increasing for abrupt-4xCO2.

This suggests that the radiative response to the increase in geoengineered tropical SSA
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emissions (G4sea-salt minus SSP2-4.5) is amenable to forcing analysis, similar to that applied
to abrupt-4xCO2. However, we acknowledge that the noisiness in EEI for G4sea-salt minus

SSP2-4.5 may confound the interpretation of our analysis.

EEI Standard Deviation (W m~2)

historical (1970-2015) 0.57
SSP2-4.5 2020 2070) 0.51
G4sea—salt (2020- 2070 0.45
piControl (yr -50 to 0) ‘ 0.33

Table 4.1: The standard deviation of EEI for historical, SSP2-4.5, G4sea-salt, and piControl
(year -50 to 0 from imposition of forcing).

a) Abrupt-4xC02 b) G4sea-salt minus SSP2-4.5
1 | R2 =0.295

A=-1.56Wm-2K1!
F=-1.38Wm™2

£

E ________________

4

0.5 1.0

Figure 4.2: EEI and AEEI plotted as a function of global average surface temperature (A7)
for a) abrupt-4xCO2 and b) G4sea-salt minus SSP2-4.5, respectively. For abrupt-4xCO2,
EEI and AT are calculated as the difference between abrupt-4xCO2 (first 50-years) and
piControl (averaged from 100-250 year of piControl). For G4sea-salt minus SSP2-4.5, AEEI,
and ATy are calculated as the year-by-year differences between G4sea-salt and SSP2-4.5 over
the period 2020-2070. The slope of the regression line (A\; W m~—2 K1) is calculated for the
50-year period and the forcing (F; W m~2) is determined as the y-intercept of the regression
line.

In Fig. 4.2, we evaluate the 50-year climate feedback by regressing changes in EEI

(AEEI) against the change in surface temperature (AT;) following Gregory et al. (2004)

for two scenarios: a) abrupt-4xCO2 (Asxco2(0,50)) and b) Gdsea-salt minus SSP2-4.5
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(Agass-ssp (2020, 2070)). We calculate AT, as the differences between the respective simula-
tions and their control runs.

At the instantaneous quadrupling of CO,, EEI rises as outgoing longwave radiation
(OLR) decreases due to absorption of infrared radiation by the higher CO5 concentration in
the atmosphere (Fig. 4.1). However, over time, feedbacks (i.e., water vapor, Planck, cloud
and albedo) act to counteract the radiative forcing from quadrupling of CO2 as tempera-
ture increases until EEI reaches equilibrium. Thus, the initial positive energy imbalance is
gradually restored towards equilibrium as surface temperature increases for abrupt-4xCO?2
in Fig. 4.2a. In contrast, at the imposition of a negative forcing such as an increase in
SSA emissions, the EEI changes in response to this forcing and decreases due to reduced
absorbed short-wave radiation (Fig. 4.1). In the absence of internal variability and time-
varying forcing, EEI is expected to increase quite uniformly due to the presence of feedbacks
as the temperature decreases over time until EEI reaches equilibrium. However, the EEI for
G4sea-salt minus SSP2-4.5 with respect to the surface temperature change in Fig. 4.2b is
quite noisy, which is attributed to either SSA variability or internal variability from forcing
and response.

The 2020-2070 total climate feedback from increased tropical sea salt emissions in G4sea-
salt is 31% more negative than the feedback for years 0-50 of quadrupling CO, (-1.56 versus
-1.19 W m~2 K™!). Furthermore, the difference in EEI between G4sea-salt and SSP2-4.5
along the regression line when AT} y45 55p=0 (€.g., y-intercept) is -1.38 W m~2, which is 31%
less than the ERF of -2.00 W m~2 calculated using the fixed-SST counterparts. Fixed-SST
ERF values are consistently 11-32% higher than those obtained through linear regression
across various forcing agents and models (Tang et al., 2019). This discrepancy arises due to
the inclusion of land adjustments in the fixed-SST approach (IPCC ARG, Chapter 7).

To quantify the observed variability in EEI for G4sea-salt and SSP2-4.5, we calculate
their standard deviations and compare them with those of the base states (historical and

piControl) in Table 4.1. The standard deviation of EEI for SSP2-4.5 and G4sea-salt is
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Standard Deviation

SSA emission | SSA concentration dz
(x1le-12 kg m—2 s71) (x1le-7 kg m—2)
) Southern ) Southern
Global Tropics Ocean Global Tropics Ocean

SSP2-4.5 (2020-2070) 4.71 3.06 15.82 1.57 1.62 4.01
G4sea-salt (2020—2070) 4.09 2.52 13.82 1.19 1.08 3.10
G4sea-salt minus
SSP2-4.5 5.74 3.57 20.31 1.74 1.83 4.90
piControl
(yr 50-100) 5.96 4.15 20.58 1.73 2.15 4.59
Abrupt-4xCO?2 6.75  4.08 27.02 | 224  1.90 7.84
(yr 0-50)
Abrupt-4xCO2 894 542 3298 | 287  2.63 9.66
minus piControl

Table 4.2: The standard deviation of SSA emission and vertically integrated SSA concentra-
tion globally, in the tropics and Southern Ocean (60°S to 30°S). The abrupt-4xCO2, SSP2-4.5
and G4sea-salt are evaluated from years 0-50 from the onset of forcing while piControl is
evaluated from years -50 to 0 from the onset of forcing.
similar magnitude to that of the historical (1970-2015) and greater than that of piControl. A
comparison of the standard deviation of year-to-year SSA emission and vertically integrated
SSA concentration in Table 4.2 reveals that the standard deviation of SSA emission and
vertically integrated concentration for piControl, abrupt-4xCO2, and abrupt-4xCO2 minus
piControl all exhibit year-to-year variations in SSA that are equal to or greater than those
present in the geoengineered SSA experiments. This suggests that SSA variability is not
the primary cause of EEI variability in the geoengineering experiments. Instead, the EEI
variability for SSP2-4.5 and G4sea-salt can be attributed to contributions from time-evolving
forcing and feedbacks.

To further understand the difference between the 50-year feedbacks for G4sea-salt minus
SSP2-4.5 and abrupt-4xCO2, we analyze the differences between the base states for the two
forcing experiments. Fig 4.3 presents the EEI anomaly, along with its long-wave (LW) and

short-wave (SW) components, as functions of the surface temperature anomaly for the two
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Figure 4.3: The longwave radiation (LW) and shortwave radiation (SW) and EEI calculated
as the anomaly from the 100-year SW, LW, and EEI means (respectively) subtracted for each
(i.e, LW anomaly = LW - LW) plotted as a function of global surface temperature anomaly
(T, anomaly =T - T;) for piControl (year 100-250; a, ¢ and e) and historical (1970-2014) +
SSP2-4.5 (2015-2070) (hereafter hist+SSP2-4.5; b, d and f).
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base states: piControl and hist4+SSP2-4.5. The EEI anomaly is calculated as the difference
between the annual EEI and the global 100-year-averaged EEI. The LW and SW components
are defined as positive when directed into the system.

In piControl, changes in SW and LW radiation are driven by internal climate variability
(e.g., El Niflo-Southern Oscillation (ENSO) and other modes of variability such as Pacific
Decadal Oscillation (PDO), Madden-Julian Oscillation (MJO), etc) and model-specific fac-
tors (e.g., radiative scheme limitations or model drift). To obtain some insights on the vari-
ability, let us consider ocean-driven SST variability in the absence of SW responses. Then
warmer SSTs increase OLR, while cooler SST's decrease OLR. Thus the negative correlation
between LW radiation and surface temperature change is expected (Fig. 4.3¢). In addition
to changes in LW radiation, SW radiation also varies with SST. In piControl, SW radiation
exhibits a positive correlation with changes in surface temperature (Fig. 4.3a). This rela-
tionship arises from cloud and surface albedo responses to SST changes. For instance, as
SST increases, sea ice loss and modifications in cloud properties (e.g., cloud cover, thickness,
or optical depth) enhance SW absorption. This SW response aligns with SW feedbacks that
occur when SST increases in a forced run (Ceppi et al., 2017; Gettelman et al., 2016; Zelinka
& Hartmann, 2010).

The 100-year average EEI for piControl, which is subtracted from the EEI anomalies, is
0.24 W m~2. The radiative response to surface temperature change (AEEI/AT}) is -1.05 W
m~2 K~! (Fig. 4.3¢). However, there is a large amount of scatter present in the LW anomaly,
SW anomaly and EEI anomaly with respect to surface temperature change.

In contrast to piControl, hist+SSP2-4.5 contains the emergence of anthropogenic climate
drivers and aerosol changes in addition to interannual variability (M. Zhao et al., 2018).
Aerosols decline over this period, leading to less reflected SW radiation and this coincides
with increasing SSTs. Additionally, cloud and surface albedo feedback play a role in mod-
ulating SW radiation. Furthermore, transient GHG forcing muddies the system’s attempts

to equilibrate the original radiative forcing by emitting OLR, which dampens the amount of
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OLR emitted as the Earth warms. Subsequently, the combination of a 25.5% more positive
slope in SW and a 62% less negative slope in LW results in a positive slope in the EEI
anomaly with respect to surface temperature for hist+SSP2-4.5 (Fig. 4.3f).

Comparison of the base states (piControl vs. hist+SSP2-4.5) in Fig. 4.3 indicates that the
base states are intrinsically very different in the evolution of the EEI and their SW and LW
component with respect to surface temperature change. The piControl base state contains
interannual variability, while hist+SSP2-4.5¢ contains time-varying forcing in addition to
interannual variability. This has implications for the behavior of the SW and LW components
with respect to changes in surface temperature, as shown in Fig. 4.3. More studies are
needed to understand these differences, but we proceed with the limited analysis of the
forcing analysis on sea salt as a forcing on the base state, acknowledging these limitations.

To further decompose the total 50-year climate feedback into contributions from temper-
ature, water vapor, and surface albedo, we use radiative kernels, which will be discussed in

the subsequent section.

4.4.1 Decomposing the total feedback

We use radiative kernel method to calculate components of the total feedback; see Appendix
D for a general description. We attempt to isolate the forcing and feedback due to sea
salt geoengineering on SSP2-4.5 by considering the imposition of increased SSA emission
as forcing. While customarily used with equilibrium climate simulations, such as coupled
pre-industrial control (piControl) and quadrupling carbon dioxide, (4xCO2) (e.g., Wang et
al. (2021)), we argue it is possible to apply this method to SSA forcing, even though it is
a transient coupled simulation, following Gettelman et al. (2016), and references therein.
Furthermore, examining the ERF and climate response to other short-lived, time-varying
climate forcers has been described in Chapter 6 AR6 (P. Forster et al., 2021).

In our case, both simulations extend the historical GFDL CM4 simulation from 2015

onwards. We use the average of the 1985-2015 CM4 historical simulation as the reference
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with respect to which we calculate EEI using the kernels. The kernels can then be used to
calculate 0EEI x (,) in succeeding years, relative to the 1985-2015 EEI mean, by multiplying
the kernels by changes in X. Note that JEEI includes forcings and feedbacks in SSP2-4.5
and G4sea-salt.

For SSP2-4.5, we calculate the 0EEIx ggp2—45(t,), following Eq. D.3, by multiplying
the corresponding monthly-mean kernel by the difference in monthly-mean climate state
X between SSP2-4.5 (2020-2070) and the corresponding monthly-mean climate state from

1985-2015 CM4 historical:

SEEIxsspa-as(ty) = Y #ix(i,j, b tm) - AXsspo-as(i, k. t) (4.2)
irj,km

where AXggpoas(i,J, k,t) = Xsspo-a5(%, 7, k,t) — Xnistorical (¢, J, k. t, ty=1985-2015)-

We do a similar calculation using AXgasea—salt (2, J, k, t) to obtain 0EEIx Gasea—salt(ty). The
first column of Fig 4.4 shows 0EEIx(t,) for G4sea-salt and SSP2-4.5.

We take the difference in TOA energy imbalance between the two transient simulations,
assuming that SSA forcing and feedbacks can be isolated from a background of time-varying
forcing and feedbacks in the SSP2-4.5 simulation. Furthermore, this implicitly assumes
that the forcing and feedbacks from increased SSA emissions are independent of those from

time-varying forcing in SSP2-4.5. Thus:

AEEIx gsa(ty) = 0EEIx Gasea—salt (ty) — OEEIx sspa_4.5(ty) (4.3)

where AEEIx gsa(t,) is shown in the second column of Fig. 4.4.

To calculate the 2020-2070 feedback for G4sea-salt minus SSP2-4.5, we first sort pairs
of AEEIygsa and ATy in order of increasing AT,. AEEIx sg4 is then plotted as a function
of AT, (Fig. 4.5d, e and f). The slope of the linear regression fitted to these points is the

feedback for X, Agass-ssp(2020,2070, X) (column 3 of Fig. 4.5).
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Figure 4.4: The decomposition of the feedback due to contributions from temperature
(first row), water vapor (second row) and surface albedo (third row). The first column
shows the change in EEI calculated due to changes in climate state X for G4sea-salt and
SSP2-4.5 separately (relative to historical) using the radiative kernels, as in Eq. 4.2. The
second column shows the difference in EEI between the two transient experiments, i.e.
AEEIX’SSA(ty) = 5EEIX,G4sea—salt(ty> — 5EE1X’SSP2_4.5<ty). The third column shows the re-
gression line fit to AEEIy gsa plotted as a function of surface temperature change, ATy.

We present the results of the decomposition of the total feedback for G4sea-salt minus
SSP2-4.5 (i.e., last column of Fig. 4.4) compared to the abrupt-4xCO2 experiment in Fig.

4.5. Fig. 4.5d, e and f indicate that the relationship between AEEI x and surface temperature
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Figure 4.5: The change in EEI due to changes in temperature, water vapor and surface albedo
relative to changes in surface temperature for abrupt-4xCO2 (a, b, and c) and G4sea-salt

minus SSP2-4.5 (d, e, and f).
change is noisier and less correlated in G4sea-salt minus SSP2-4.5 compared to the abrupt-
4xCO2 experiment. Although interannual variability is present in piControl, the noisiness of

the EEI evolution for G4sea-salt minus SSP2-4.5 with respect to temperature change suggests
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that the presence of the complex mixture of time-varying forcing and feedback contributing
to variability is greater than the variability from SSA emissions. Since variability in SSA
emission and concentration cannot explain the large variabilities in EEI, it is unclear how
much the year 2020-2070 feedback from G4sea-salt minus SSP2-4.5 is picking up variability
versus a discernible response to tropical SSA emission increase.

In addition to the decomposition of the total feedback calculated for 150-years of abrupt-
4xCO2, 50-years of abrupt-4xCO2 and (2020-2070) G4sea-salt minus SSP2-4.5 using the
combined kernel-Gregory method, we present the feedback calculated by Zelinka et al. (2020)
using the 150-year abrupt-4xCO2 CM4 simulation in Table 4.3 for comparison with our
estimates. The sensitivity of the approximations to feedback for different time periods in
prognostic abrupt-4xCO2 simulation is referred to as the time-varying feedback (e.g., see
Fig 1 in M. Zhao (2022)). The total feedback for the first 50 years after imposition of the
forcing is 40% more than the feedback calculated using 150 years, demonstrating the effect
of the time-varying negative response (e.g, Winton et al. (2010); M. Zhao (2022)).

Decomposing the total feedback into its components, we see that the temperature feed-
back contributes the most to the more negative total feedback for G4sea-salt minus SSP2-4.5
compared to abrupt-4xCO2 (Table 4.3). However, there is also an increase in positive feed-
back due to changes in water vapor and reductions in positive feedback due to changes
in surface albedo and cloud+aerosol (residual) for G4sea-salt minus SSP2-4.5 compared to
abrupt-4xCO2 (Table 4.3).

The negative and positive forcing, if uniformly distributed, results in stronger negative
feedback to the negative forcing compared to a positive forcing. However the relative mag-
nitudes are model dependent (i.e, CCSM3.5 in (Schaller et al., 2014), SPEAR-LO in (Zhang
et al., 2023) and CESM1 in (Stolpe et al., 2019)). The spatial pattern of the forcing has
been explored by (Zhang et al., 2023), who suggested that the magnitude of the pattern re-
sponse is stronger than the climate response to the sign of the forcing for the total feedback

and lapse rate + Planck (temperature) feedback. Lastly, whether the climate response to
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forcing is independent of the simulated base state climate has been largely debated, and the
magnitude of the climate response varies amongst climate models (i.e., CESM1 (Stolpe et
al., 2019) suggests a weak base state dependency while HadCM3 (Brierley et al., 2009) and
FLOR (He et al., 2017) suggest a strong base state dependency).

Ultimately, the differences in feedback between G4sea-salt minus SSP2-4.5 and abrupt-
4xCO2 arise from a combination of factors, including: 1) climate response to negative vs.
positive forcing (Schaller et al., 2014; Zhang et al., 2023; Stolpe et al., 2019), 2) localization
of sea salt forcing in the tropics vs. uniform CO, forcing (Zhang et al., 2023), 3) imposition
of forcing on a warmer base state (Stolpe et al., 2019; Brierley et al., 2009; He et al., 2017),

and 4) type of forcing (quadrupling of CO, vs. increase SSA).

Abrupt-4xCO2 Abrupt-4xCO2  Gd4sea-salt

7elinka e[tl 2? ’}Eggg(s)]) [50 years] minus SSP2-4.5
Temperature —3.77 —3.75 —3.97 —4.21
Surface Albedo 0.55 0.48 0.49 0.31
Water Vapor 1.84 1.75 1.88 2.00
Cloud(+Aerosol) 0.56 0.70 0.41 0.34
Total feedback —0.82 —0.82 —1.19 —1.56

Table 4.3: The decomposition of the total feedback (W m=2 K™!) for abrupt-4xCO2 and
G4sea-salt minus SSP2-4.5. Values of the feedback decomposition using 150 years of the
CM4 abrupt-4xCO2 simulation from Zelinka et al. (2020) are presented in comparison to
our estimates retrieved using the radiative kernels from Soden et al. (2008) and the residual
method using Gregory et al. (2004). The cloud+aerosol feedback refers to the residual
feedback calculated for G4sea-salt minus SSP2-4.5, whereas the residual feedback is ascribed
to the cloud feedback for abrupt-4xCO2.

We use a bootstrap method to test the robustness of our estimates and calculate the
confidence interval [2.5%, 97.5%)]. This involves randomly selecting 10 values to remove from
both datasets (abrupt-4xCO2 and Gd4sea-salt minus SSP2-4.5), fitting a linear regression
line to the remaining data, and storing the slope (e.g., feedback). We iterate this process
for 100 times for the total feedback and its decomposition for both datasets (Table 4.4).
The averaged total feedbacks and decompositions from the bootstrap method are similar

to estimates obtained when all points in the 50 years are used for both G4sea-salt and
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abrupt-4xCO2. The confidence intervals for the cloud (4aerosol) feedback overlap between
G4sea-salt and abrupt-4xCO2, indicating that these estimates are sensitive to sampling to
the extent that differences between the experiments are not clearly detectable. This is
because G4sea-salt is very sensitive to sampling. In contrast, the confidence intervals for
water vapor feedback, surface albedo feedback, and temperature feedback show minimal to
no overlap, confirming that the differences in these feedbacks between the experiments are
robust, detectable, and unlikely to result from sampling alone. The confidence intervals for
the total feedback in the two experiments slightly overlap, primarily due to the substantial

overlap in the cloud (+aerosol) feedback confidence intervals.

Abrupt-4xCO2 G4sea-salt
[50 years| minus SSP2-4.5
Bootstrap Confidence interval Bootstrap Confidence interval

mean [2.5%, 97.5%] mean [2.5%, 97.5%]

Temperature —3.97 [—4.03, —3.83] —4.21 [—4.39, —4.06]

Surface Albedo 0.49 [ 048, 0.52] 0.31 [ 0.26, 0.35]

Water Vapor 1.87 [ 1.81, 1.91] 2.00 [ 1.89, 2.09]
Residual:

Cloud(+Aerosol) 0.42 [ 0.34, 0.61] 0.34 [ 0.12, 0.64]

Total feedback —1.18 [—1.29, —0.91] —1.56 [—1.93, —1.17]

Table 4.4: Estimates of the total feedback and its decomposition and the confidence interval
range (2.5-97.5%) calculated using a bootstrapping method.

4.5 Conclusion

In this analysis, we interpret the geoengineered SSA emissions in Gd4sea-salt as a forcing
imposed on the SSP2-4.5 simulation and thus analyze the differences in the TOA energy
imbalance between the two simulations (G4sea-salt minus SSP2-4.5) as forcing and feedback
from geoengineered SSA emissions. We then compare it to a quadrupling carbon dioxide

experiment (abrupt-4xCO2) applied on a pre-industrial (PI) climate.
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We begin by comparing the base state for abrupt-4xCO2 and G4sea-salt. We find that
hist+SSP2-4.5 contains internal variability and time-varying and increasing forcing and re-
sponse in addition to interannual variability, while piControl contains interannual variability.
As a result, the 2020-2070 feedback for G4sea-salt minus SSP2-4.5 exhibits less linearity be-
tween EEI and surface temperature change compared to the feedback for the first 50 years
of abrupt-4xCO2 due to the presence of interannual variability and the increasing forcing
and feedback present in SSP2-4.5.

The EEI decreases in response to the imposition of forcing in G4sea-salt minus SSP2-
4.5, mirroring the EEI increase observed in response to a quadrupling of CO, in abrupt-
4xCO2. This suggests that forcing and feedback can arise from tropial geoengineered SSA
emission increases, making G4sea-salt minus SSP2-4.5 amenable to a forcing and feedback
analysis. The forcing analysis employed herein, analogous to that in the abrupt-4xCO2
scenario, captures the aggregated effects of historical aerosol fluctuations and interannual
variability on TOA radation. We conduct our analysis comparing the forcing and feedback
mechanisms in G4sea-salt minus SSP2-4.5 with those in abrupt-4xCO2, while accounting for
key differences between the two scenarios: 1) the sign of the forcing, 2) the spatial distribution
of the forcing, 3) the nature of the forcing and 4) the base climate state. The 2020-2070
feedback for G4sea-salt minus SSP2-4.5 is 31% more negative than the feedback for the first
50 years of abrupt-4xCO2. This difference is primarily due to a more negative temperature
feedback and less positive surface albedo and cloud(+aerosol) feedback in G4sea-salt minus
SSP2-4.5.

The surface albedo feedback in abrupt-4xCO2 remains similar whether considered during
the first 50 or full 150 years after the imposition of forcing. However, the surface albedo
feedback for the first 50 years of abrupt-4xCO2 is 58% greater than that the surface albedo
feedback observed in sea salt geoengineering. The reduced surface albedo feedback in G4sea-
salt minus SSP2-4.5 aligns with the lower sea ice extent in the SSP2-4.5 base state, which

likely limits the potential for surface albedo feedback. However, it remains unclear whether
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this difference in surface albedo can be attributed solely to changes in sea ice within the
G4sea-salt minus SSP2-4.5 scenario, suggesting that further investigation may be warranted.
A bootstrap method shows that the confidence intervals for the surface albedo feedback,
the water vapor albedo and temperature feedbacks, between G4sea-salt minus SSP2-4.5
and abrupt-4xCO2 have minimal to little overlap. This confirms that the differences in
these feedbacks between the experiments are robust, detectable, and unlikely to result from
sampling alone.

The difference in the cloud (4-aerosol) feedback between G4sea-salt minus SSP2-4.5 and
abrupt-4xCO2 is quite large (20.6%). However, the differences in the cloud(+aerosol) feed-
back between G4sea-salt minus SSP2-4.5 and abrupt-4xCO2 are dwarfed by the differences
between cloud feedback calculated for 150 and 50 years of abrupt-4xCO2 (which is 70.73%).
Thus, it is unclear how the cloud (+aerosol) feedback in G4sea-salt minus SSP2-4.5 would
change if evaluated on a longer time scale. Using the bootstrap method, we find that the
confidence intervals for cloud (4aerosol) feedback in G4sea-salt minus SSP2-4.5 are wide and
overlap with those of abrupt-4xCO2, indicating high variability and a lack of statistically
clear differences between the experiments.

A central assumption of this analysis is that subtracting SSP2-4.5 from G4sea-salt isolates
the effects of geoengineered SSA emissions, disregarding potential interactions with SSP2-
4.5’s time-varying forcing and feedbacks. However, the nonlinearity of the EEI response
arising from time-varying forcing and feedbacks complicates the attribution of simulated
changes solely to tropical geoengineered SSA emissions. Despite these limitations, this study
is the first to attempt to quantify and analyze feedbacks resulting from geoengineering.
The findings suggest that forcings and feedbacks arise from geoengineering and thus are
amenable to a forcing analysis similar to that for abrupt-4xCO2, while highlighting the need
to account for the dynamic nature of the SSP2-4.5 baseline when interpreting the results.
One potential approach for future research is to investigate the effects of increased tropical

SSA emissions within a piControl base state, thus avoiding the confounding influence of time-
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varying forcings in SSP2-4.5. However, it is essential to note that real-world geoengineering
applications will likely occur in a warming climate. Therefore, alternative approaches may

be needed to isolate geoengineered radiative feedbacks in a non-stationary climate.
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Conclusions

This thesis investigates the processes governing sea salt aerosol (SSA) production, their rep-
resentation in climate models, and the climatic consequences of regionally enhanced SSA
emissions within a geoengineering framework. We begin with a theoretical framework to
examine three limiting cases and compare model outputs with observations of SSA con-
centration to identify the physical mechanisms driving discrepancies between modeled and
observed values. We then assess how the sensitivity of sea-spray generation functions to
temperature and wind speed influences the geographical distribution of modeled SSA emis-
sions and concentrations, while using aerosol optical depth (AOD) observations to validate
and evaluate the performance of each formulation. Lastly, we explore the climate impacts of
enhanced SSA emissions by analyzing circulation responses and radiative feedbacks resulting
from regionally applied SSA geoengineering, following a GeoMIP protocol.

In Chapter 1, we develop a framework to investigate discrepancies between modeled and
observed SSA concentrations by evaluating three limiting cases: (1) errors in SSA emissions,
(2) errors in vertical transport, and (3) subgrid variability, sampling discrepancies, and un-
resolved horizontal transport. By evaluating GEOS-Chem simulations against PMEL cruise
data within a simplified 1-D model framework, we examine how each mechanism contributes
to the addressing the mismatch between modeled and observed SSA concentrations. While
each case individually offers a plausible explanation for the model-observation discrepancies,
the discrepancies are likely driven by a combination of all three explanations. In particular,

the coarse spatial and temporal resolution of global models limits their ability to resolve
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subgrid-scale convection and gustiness—processes that may be especially important for SSA
production in warm, low-wind regimes.

We also assess the performance of the Deike et al. (2022) sea spray generation function—
designed to incorporate physical processes of bubble-bursting—under the assumptions of no
horizontal transport and idealized vertical mixing. Despite its physically grounded formu-
lation, the Deike scheme does not reproduce observed SSA concentrations well under these
constraints, underscoring the need to improve both emission parameterizations and trans-
port representations in models. This chapter sets the stage for evaluating the Deike scheme
alongside three other emission schemes—MartMon (a combination of Martensson et al. (2003)
and Monahan et al. (1986)), Gong (Gong, 2003), and Jaegle (Jaeglé et al., 2011)—in Chapter
2, and highlights the importance of developing physically consistent, observation-constrained
approaches for representing SSA emissions in climate models.

Building on these insights, Chapter 2 evaluates how different sea spray generation
functions—and their sensitivities to SST and wind speed—affect simulated SSA emission,
concentration distributions and AOD. We conduct AMIP-style simulations using the GFDL
AM4 model for four formulations: MartMon, Gong, Jaegle and Deike. Notably, Deike ex-
hibits an opposite-sign temperature dependence compared to MartMon and Jaegle. Model
outputs are evaluated against three observational datasets: satellite retrievals (MODIS and
MISR), ground-based measurements (AERONET), and cruise-based observations (MAN
AERONET). Deike shows the highest global correlation with observations. Regionally, it
performs best in matching MISR and MAN AERONET observations, particularly in the
extratropics. In contrast, Gong aligns well with MODIS across the majority of the ocean
basins and with AERONET sites in the Indian Ocean, while Jaegle provides the best match
for tropical MAN AERONET observations. These spatially distinct performance patterns
highlight the importance of using multiple observational datasets when evaluating SSA

emission schemes.
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However, interpretations of these results is complicated by the use of MartMon-specific
model tunings applied across all simulations. A 33% increase in both fine and coarse SSA
emissions—originally calibrated for MartMon—was applied to Gong and Jaegle, while no scal-
ing was applied to Deike. This tuning likely enhances MartMon’s performance and may
partly explain the underestimation (e.g. negative bias) of AOD in the Deike simulation.
Moreover, tuning can indirectly influence other variables such as wind speed, further con-
founding inter-scheme comparisons. As a result, this limits the extent to which performance
differences can be attributed solely to the intrinsic properties of the emission formulations.
Despite these limitations, Chapter 2 shows that the choice of SSA parameterization affects
modeled AOD and its agreement with observations. However, as emphasized in Chapter
1, improving SSA emission schemes alone is insufficient. Improvements in the representa-
tion of aerosol transport, removal processes, and model tuning practices are also critical for
resolving the discrepancies between models and observations.

Chapters 3 and 4 shift focus to the climatic impacts of SSA under idealized geoengi-
neering experiments, using the G4sea-salt protocol to uniformly increase SSA emissions in
the tropics. In Chapter 3, we analyze the rapid adjustments and circulation responses to
this perturbation. In fixed-SST experiments, tropical SSA increases lead to stronger wind
speeds and enhanced natural SSA emissions across most ocean regions. However, in the
fully coupled simulations, the same intervention cools the tropics, reducing the Equator-to-
midlatitude temperature gradient. This weakens the extratropical westerlies, resulting in a
reduction in SSA emissions outside the injection region. Circulation-induced changes offset
approximately 23% of the intended global increase in SSA emissions, with the largest re-
ductions occurring over the Southern Hemisphere extratropics, followed by smaller decreases
in the tropics and Northern Hemisphere. Wind speed changes account for the majority
(68-100%) of circulation-induced emission changes, while temperature plays a secondary

role, contributing less than one-third.
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The coupled simulations also reveal less cooling in the eastern equatorial Pacific compared
to the central and western regions, leading to a reduced east—west SST gradient—similar to
the pattern observed in abrupt-4xCO2 experiments. This contrasts with regional SSA geo-
engineering studies, which tend to produce stronger cooling in the eastern Pacific. Changes
in this temperature gradient have implications for the Walker circulation and downstream
hydroclimate impacts, potentially influencing precipitation, drought, and extreme weather
patterns in regions such as the western United States, South America, and Southeast Asia.
Overall, Chapter 3 highlights that uniformly applied tropical SSA emission increases can
trigger non-local and unintended responses in circulation and aerosol distributions. The dif-
fering outcomes between fixed-SST and coupled simulations underscore the need to account
for both rapid adjustments and circulation feedbacks in assessing the impacts of SSA-based
geoengineering.

Chapter 4 complements this by applying a radiative forcing and feedback framework to
assess the climate response to SSA geoengineering under the G4sea-salt protocol. Using a
Gregory-regression framework and radiative kernel decomposition, we isolate the feedback
components associated with G4sea-salt and compare them to those from an abrupt-4xCO2
experiment. Although both scenarios involve imposed forcings, they differ in sign, spatial
distribution, and base climate state. We find that the feedback structure under SSA geo-
engineering diverges notably from that of abrupt-4xCO2: the temperature feedback is 31%
more negative and surface albedo feedback is 58% weaker-likely due to reduced sea ice in
the SSP2-4.5 baseline. Despite challenges posed by variability and the non-stationary na-
ture of SSP2-4.5, the SSA geoengineering simulations produces some detectable and robust
feedback (i.e., surface albedo, water vapor and temperature feedback) signals distinct from
those associated with greenhouse gas forcing. However, wide confidence intervals—especially
for cloud+aerosol feedback—highlight the difficulty of isolating aerosol-induced responses in
a transient climate. These findings suggest that traditional forcing—feedback paradigms may

not be directly applicable to aerosol-based interventions and that future evaluations must
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account for the evolving background climate and potential nonlinearities in the Earth system
response.

Taken together, these chapters contribute to our understanding of both the production
mechanisms and climate impacts of sea salt aerosols. Chapter 1 identifies critical physical
processes—such as vertical and horizontal transport and subgrid variability—that are often
misrepresented in current models and contribute to mismatches between observed and mod-
eled SSA concentrations. These discrepancies are multi-faceted and cannot be resolved
through emission adjustments alone. Chapter 2 assess how changes in SSA emission formu-
lations affect global aerosol distributions. Physically based emission schemes like Deike show
improvements in certain regions but require careful integration and tuning within complex
models. Chapter 3 demonstrates that geoengineering strategies involving uniform increases
in tropical SSA emissions can trigger non-local consequences, with circulation feedbacks
that offset a significant portion of the intended increase in global aerosol loading. Chapter
4 reveals that radiative feedbacks from SSA geoengineering differ fundamentally from those
associated with greenhouse gas forcing, highlighting the need for diagnostic tools that can
account for transient climate states, spatial heterogeneity, and nonlinear responses within
the Earth system.

The diagnostic and evaluative work in Chapters 1 and 2 directly informs the geoengi-
neering experiments in Chapters 3 and 4 by identifying key uncertainties in SSA emission
representation and aerosol transport. These uncertainties shape the applied forcings, the
modeled circulation responses, and the diagnosed radiative feedbacks. Consequently, the
climate impacts of SSA geoengineering cannot be fully understood—or reliably projected—
without addressing the emission, transport, and tuning issues raised in the first half of
this thesis. Together, these chapters underscore the critical need for physically grounded,
observationally constrained approaches when evaluating the feasibility and implications of

SSA-based climate interventions.
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Future work should build on these findings by incorporating observational constraints
into model tuning strategies, testing SSA emission schemes in fully coupled model configura-
tions, and further disentangling the complex interplay between radiative forcing, circulation
responses, and aerosol-cloud interactions. As emphasized in Chapters 1 and 2, improving
SSA emission schemes alone is insufficient to resolve the persistent discrepancies between
models and observations. Addressing these gaps requires concurrent advances in the rep-
resentation of aerosol transport and removal processes, as well as careful reexamination of
model tuning practices. In particular, the analysis in Chapter 2 underscores that tuning cal-
ibrated for one emission scheme—such as MartMon—can bias intercomparisons and obscure
the intrinsic behavior of other formulations.

Moreover, either returning the model for each emission scheme or disabling emission-
specific tunings altogether should be applied consistently across schemes to avoid confounding
the evaluation of each scheme. The benefits of using consistent meteorological fields, such
as through nudging to reanalysis wind data, should also be explored to reduce variability in
simulated emissions and transport patterns. A similar framework applied across the suite
of emission schemes evaluated in this thesis would likely yield more robust diagnostics than
the current experimental design, where shifts in emissions are entangled with circulation and
tuning differences.

The results presented in this chapter are based on fully coupled simulations, in which
changes to the sea spray emission formulation also influence and are influenced by circulation,
aerosol transport, and removal processes. This complexity limits our ability to attribute
differences in SSA burden or AOD exclusively to the emission parameterization. A more
constrained experimental design, such as that used by Grythe, Strom, Krejci, Quinn, and
Stohl (2014), would offer a complementary perspective. Grythe’s study used a Lagrangian
trajectory model with analyzed wind fields to isolate the performance of different emission
schemes, and found that the Jaeglé et al. (2011) scheme outperformed Gong (2003), in line

with some of our findings. Future work could apply a similar offline or nudged modeling
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approach to the full suite of emission schemes considered here to more clearly disentangle
the role of the emission parameterization from that of the broader model environment.
Given the increasing interest in marine cloud brightening for climate intervention, it is
essential that modeling frameworks and analyses move beyond idealized representations and
account for the full spectrum of dynamic, radiative, and microphysical feedbacks associated
with SSA. Such efforts will be critical for assessing the feasibility, effectiveness, and risks of

using SSA-based geoengineering as a component of future climate strategies.
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Appendix A

Integrating density flux

Here we calculate the mass density flux of a production flux %. We start by assuming that

SSA particles are spherical and convert from droplet to mass density flux by multiplying by
density (pssa) and volume (3773). Doing so yields:

dFmass . dFX 4

= —r Al
d’l"g() d’l“go * [37TT ,OSSA] ( )

This now gives us the mass density flux of the production flux X, which is in units of kg
m~2 s7!. For dry particles, we assume a density (pssa) of 2200 kg m=3 (2.2e-15 kg ym=3),
which is the density of pure NaCl (Hess et al., 1998). To obtain SSA emission, we integrate

the particle number flux (Eq. A.1) across the particle range [ry, r5] of each cruise observation

to recover:

4 " dFy
Flass = = —r°d A2
BWPSSA /T drm?‘ T ( )

1
We approximate the integration of Eq. A.2 by using the quadrature midpoint method and
assume equally spaced quadrature intervals. We construct a rectangle for every subinterval

and evaluate the function at the midpoint of the subinterval. This results in the equation:

" dFmass 1+ 7o
dr = max — 7min Fmass —a A.
[ e = (e = ran) 3 P P 2) (A3)
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where the quadrature point ((ry + r1)/2) is the midpoint of [r1,75]. The interval [ry, 5] is a
finite interval, while the interval [rpn, Tmax] refers to the overall range of the particle radius
size measured for the PMEL cruise.

Integrating the density flux to get the emission flux requires careful consideration of the
aerosol size distribution. Applying a sensitivity test, we assess what resolution of particle
radius size will not compromise the accuracy of the model results while minimizing the
computational run time. Since we are conducting manual calculations, we use the finest
resolution appropriate for the radius size distribution (Ar = 0.0001 pm). This method is

applied for the four emission configurations to calculate the emission for the PMEL cruises.
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Appendix B

Calculations for global and regional

averages

For SSA, e refers to local emissions (kg/m?/s) while E refers to area averaged SSA emissions
(kg/m?/s). Meanwhile (E) refers to area-integrated SSA emissions (kg/s). X refers to
SSA mixing ratio (kg(salt)/kg(air)). b refers to the vertically integrated SSA concentration
(kg/m?) and B refers to the SSA mass (burden) (kg). SSA emissions vary in space (i,j)

where i (1)) = latitude and j (\) = longitude. SSA concentration vary in space (i,jk).

B.1 Geoengineered ocean-averaged SSA emission

In the G4sea-salt protocol, the emission of submicron SSA is increased by 7.66 x 107! kg
m~2 s7! (constant in time) for each of the first two bin sizes in each marine grid cell in
the tropics (30°S to 30°N). Therefore the geoengineered emission averaged over all tropical

marine grid cells is:

&y

geoeng,tropics,ocean — 7.66 X 10_11 X 2=1.53 x 10_10 kg m_2 S_1
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B.1.1 Geoengineered global averaged SSA emission

The area of the globe (Agopar) is 5.1x10" m? and is calculated as 47r?. The fractional area
of the tropics is 0.5 of the total area of the globe. Lastly, using the ocean mask (fractional
amount of land) output from the model, we calculate the fractional area of the ocean in the
tropics which is 0.744. Thus the area of the tropics (Atropicsmarine) 1S calculated as 5.1x 10

m? x 47r? x 0.5.

5 o 7.66 x 107 x 2 x Atropics,marine
geoeng,global,ocean —

Aglobal
766 x 1071 x 2 x 5.1 x 10M x 0.5 x 0.744
N 5.1 x 1014

=766x 107" x2x 0.5 x 0.744

=570 x 107" kg m™2 s7!

B.1.2 Geoengineered SSA emissions averaged over the global
oceans

Now, we calculate the geoengineered emissions ocean-averaged over the globe using the
geoengineered ocean-averaged emission in the tropical ocean, the NH ocean and the SH
ocean. The geoengineered ocean-averaged emission in the NH and SH ocean is zero, so the

expression simplifies to:

E o E Atropics,ocean
geoeng,global,ocean — geoeng,tropics,ocean ° A
global,ocean
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Using the ocean mask (fractional amount of land) output from the model, we calculate

the ratio of Ayyopics,ocean/Aglobalocean Which is (0.5x0.744)/0.708.

0.708

— 0.744 x 0.5
Egeoeng,global,ocean = (153 X 10710 X —>

=805x 107" kgm2 ™!

B.2 Globally and regionally averaged SSA emissions

(land+ocean)

We calculate global and regionally averaged SSA emissions over land and ocean in this

section. However, it is important to note that SSA emissions are naturally zero over land.

B.2.1 Global averaged SSA emission

For the global average, the bounds are ¢» = [-%,7] and A = [0,27]. The equation for the

globally averaged emissions is:

2w
E
global = 27rr2(s1n(§ —n(-T)) / /’; -2 cos (1) dipd\
47rr2/ /72r -2 cos (V) dipd\
2m
/ - cos(¥)dpdA

2

The discrete form of this is:

global - Z Z w, COS )A¢AA

For the model outputs, the indexes in the 1° lat x 1.25° model output ranges from i =
[0:nlat-1], where nlat is the total number of latitude points (180) and j =[0:nlon-1], where
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nlon is the total number of longitude points (288). The discrete form becomes

nlon—1 nlat—1

global — g E
i=

- cos(1; ;) A ;AN

nlon—1 nlat—1

=nﬁm@232wmmwm

j=0  i=0

Where 1); ; refers to the radian form of latitude, A);; = 27 and A j =

AN = and Ay = o and
simplifies to 7.
B.2.2 Tropical average SSA emission
For averaging SSA emissions over the tropics, the bounds are ¢ = [~%,¢] and A = [0,27].
The equation for the tropical average SSA emissions is
E //gw»2<wmx
tropics — 27TT2(SH1( —sin _% . e\, T COS
1

27Tr2/ /ﬂ e(, A) - r? cos(¢)dpd A

/ / ) - cos(¥)dyd\

6

The discrete form of this is:
Etropics =

o ; D e, A) - cos(i) Ap A

For model outputs, the indexes in the model output ranges from i = [60:119] and j = [0:nlon-
1], where nlon is 288. The discrete form becomes
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nlon—1 119
1

27r Z Z e(i, J) - cos(ij) Avh; jAN; ;

nlon—1 119

= Tt ion 2o 2 elisd) - cos(iy)

j=0 =60

E tropics ('L ]

Where 1); ; refers to the radian form of latitude, A);; = ﬁ and Ay;; = —— and %

simplifies to 7. The bounds of the summation change, but the grid spacing for A); ; remains

consistent and depends on the resolution of the model grid.

B.2.3 NH extratropics average SSA emission

For averaging SSA emissions over the NH, the bounds are ¢ = [F,5] and A = [0,27]. The

equation for the NH average SSA emissions is:

Exg = 27rr2(sm (Z) — sin(2) / / (¥, \) - 72 cos(vp)dipd

3) 5)
1

= / e(1, ) - 7% cos () dipd\

)

/27r/ (1, A) - cos(¢)dipdA

The discrete form for this is:

™
2w 3

Fan=— D230 v A) - cos(¥) B
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For model outputs, the indexes in the model output ranges from i = [120:179] and j =

[0:nlon-1], where nlon is 288. The discrete form becomes:

nlon—1 179

1
Exu(ing)=— Y Y elij) - cos(t) Aty ;AN
7=0 =120

nlon—1 nlat—1

:nlat nlon Z Z e(i,j) - cos(is)
=0

=120

Where 1); ; refers to the radian form of latitude, A); ; = =2 and Ay ; =

nlat

B.2.4 SH extratropics average SSA emission

For averaging SSA emissions over the SH, the bounds are ¢ = [~7,-%] and A = [0,27]. The

equation for the SH average SSA emissions is:

e(1, \) - 72 cos () dypd\

L /27r . e(1, \) - 72 cos(¥)dipd\

The discrete form for this is:

Esy = — ZZ (1, A) - cos(¢) Ay AN
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For model outputs, the indexes in the model output ranges from i = [0:59] and j = [0:nlon-1],

where nlon is 288. The discrete form becomes:

nlon—1 59

= .. 1 .
Esu(i,j) = — DD el g) - cos(thi ) A ;AN
j=1 =0
nlon—1 59

27T . .
= e Y D elig) - cos(y)
j 1=0

J=1

Where ; ; refers to the radian form of latitude, A\, ; = 2% and Aq); j = —

nlon nlat’

B.2.5 Globally averaged SSA emission from regional components

The globally averaged SSA emission is just the sum of the regional averages multiplied by

the ratio of the area of the region over the global area:

il Enl A ropics il A il A
Eglobal = (Etropics L > + (ENH : alll ) + (ESH : i )

Aglobal Aglobal A global

where:

Atropics 27TT2(Sin(E) - Sin(_%))

= 6 :05

Aglobal 4mr?

A 272 (sin(—I) — sin(— 2

Nn 27 (sin( 6) sin( 2))20'25
Aglobal 4mr?

A 272 (sin(T) — sin(T

su__ 27 (sin(%) — sin(%)) 095
Aglobal 4mr?

B.3 Globally and regionally averaged SSA emissions

(ocean-only)

Prepare the land-sea mask (M, ) where the ocean values have a value of 1 and the land
cells have a value of 0. For grid boxes between 0 and 1, grid boxes that are less than 0.5 are
rounded down to the nearest digit and grid boxes that are greater than 0.5 are rounded up
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to the nearest digit. This is consistent with how sea salt emissions are increased over marine
grid cells in G4sea-salt. Note that emissions (e) are zero over land and thus do not require
application of the land-sea mask. However, calculations involving properties with nonzero

land values will require multiplying the properties by the land-sea mask.

B.3.1 Global ocean-averaged SSA emission

The ocean-only global average is the weighted sum divided by the total area of the global

ocean.

1 2w g
Eglobal ocean — —, / / e(w, )\) : ’F2 COS(¢)d¢dA
7 Aglobal,ocean 0

_
2

Calculate the total global ocean area (Agiobalocean) Using the mask and the area weight

for each grid cell based on its latitude.

2 5
Aglobal,ocean = / qu,)\ : 72 COS(@b)d@Dd)\
0 _

us
2

2w z
— 2 / " My - cos(4b)dipd
0 _

[ME]

The ocean-only global average simplifies to:

1 27 g
Eglobal,ocean = om o E / / 6(1/}
0 ffg My » - cos(y)dypdX Jo /-3

, A) - cos(1)dipdA

For the model outputs, the indexes in the model output ranges from i = [0:nlat-1], where
nlat is the total number of latitude points (180) and j =[0:nlon-1], where nlon is the total

number of longitude points (288). The discrete form becomes:

o DDA it
’ im0 2uico  Mij - cos(¥y) A AN,
T M T e, ) - cos(ty)
ST S T My - cos(t)
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We next calculate the fractional area of the global ocean to the global surface area of the
Earth:

lon—1 lat—1
Aglobal,ocean . Z;L 0(? Z?% MiJ ' COS(’Q/}Z')

nlon 14 cos (1)
23369.53

33002.787
=0.708

Aglobal

B.3.2 Ocean-averaged SSA emissions over the tropics

The ocean-only tropical average is the weighted sum divided by the total area of the ocean
in the tropics.

[NE]

o 1 2w
Etropics,ocean = A
tropics,ocean J(Q

Calculate the ocean area in the tropics (Atropicsocean) Using the land-sea mask and the area
weight for each grid cell based on its latitude

(w, A) - 7% cos(1p)dpd\

@\:1

21 z
Atropics,ocean = / ' qu,)\ . 7‘2 COS(@U)d@Dd}\
0 _

The ocean-only average in the tropics simplifies to

ol

— 1
Etropics,ocean =

21 %
o2 % / / e
0 ffg My - cos(¢)dpdA Jo  J—

jus
6

(¢, \) - cos(y)dpd

The discrete form is:

Frropicsocean — Z?ljﬁllzji%g (i, 7) - cos(u) A AN,
Zn o imeo Mij - cos(i) A AN,

_ X il el ])-Cos(wi)
anon S0 M - cos(iy)
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We calculate the fractional area of the tropics that is ocean relative to the global area:

lon—1 119
Atropics,ocean _ Z;L:O(;L Zi:GO Mi,j ’ COS(wZ’)

Atropics nlon Z;i%O COS(Q/%‘)
12280

16501
= 0.744

B.3.3 Ocean-only averaged SSA emissions over the NH extratrop-
ics

The ocean-only average in the NH is the weighted sum divided by the total area of the ocean
in the NH.

o 1 27 z
ENH, ocean — —, / /2 e(lb, )\) : 7’2 COS(iﬂ)dwd)\
ANH,ocean 0 %

Calculate the ocean area in the NH (Anm ocean) Using the land-sea mask and the area

weight for each grid cell based on its latitude.

27 g
ANH,ocean — / / Mw,/\ . 72 COS(",D)d@bd)\
0 J

The ocean-only average in the NH simplifies to:

o 1 27 5
ENH, ocean — om o E / / G(w, )\) . COS(w)dwd)\
o J7Z My - cos(ip)dipd\ Jo Sz

6

The discrete form is:

St S eld, §) - cos(1h;) A AN,
ST S My - cos() A AN,
St S eld, §) - cos(ih)
STt S My - cos(vy)

ENH, ocean —
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We next calculate the fractional area of the NH that is ocean:

nlon— nlat— .o
ANH,ocean _ Zj 0 ' Zz 115201 M(Z J) ’ COS(¢¢)
Ann nlon Y1 1 cos (1)
4075.83

= 8250.69
— 0.494

B.3.4 Ocean-only averaged SSA emissions over the SH extratrop-
ics

The ocean-only average in the SH is the weighted sum divided by the total area of the ocean

in the SH.
Estocean = / / ' -2 cos (V) dpd\
ASH ocean %

Calculate the ocean area in the SH (Agp ocean) using the land-sea mask and the area weight

for each grid cell based on its latitude.

2 -z
AsH ocean = / ' My - r* cos(v)dipd\
0 _

The ocean-only average in the SH simplifies to:

E 1 2w _%
FE ocean — 7)\ ‘ I
SH, 027rf 2 My - COS(ZU)d@Dd)\/o /g e(1, \) - cos(¢)dyp

The discrete form is:

ST Y e, 5) - cos(vi) A AN,
anon ! Z Mi,j . COS(@ZJZ)A@ZJZA)\]
ST S eli, ) - cos(i)
anon 1 2?90 Mz] COS(ZZJZ)

ESH,ocean —
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We calculate the fractional area of the SH that is ocean:

ASH,ocean _ 2?1:01”_1 21520 M<Z7 j) ’ COS(%‘)
Asn nlon 377 cos(i;)
| 7012.742

~8250.69
= (.849

B.3.5 Global ocean-averaged SSA emission using the regional

Oocean-averages

Ocean-only global emissions is the sum of the regional ocean-averages multiplied by the ratio

of the regions respective ocean-only fractional area to the total global ocean area:

E _ E Atropics,ocean E ANH,ocean
global,ocean — tropics,ocean * A— + NH,ocean * A—
global,ocean global,ocean

ASH,ocean )

+ (ESH,occan : A
global,ocean

B.4 Converting from ocean-averaged to ocean-integrated
values

Ocean-averaged values (i.e., emission, wind speed, and SST) refer to the average value for
each marine grid cell globally and regionally; thus amount per unit of ocean area. For
instance ocean-averaged emission values will have units of kg m~2 s~!. Ocean-integrated
values refers to the total accumulated emissions for a region. For instance, ocean-integrated
emissions will have units of kg s~

To retrieve the ocean-integrated values from the ocean-averaged values, simply multiply

the ocean-averaged values by the ocean area of the region. For example, let us calculate the

area-integrated geoengineered emission, over areas where applied (marine tropics).
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Recall that the ocean-averaged geoengineered emissions (Egeoeng,tropics,ocean) OVEr the ma-

1

rine tropics is given in Appendix B.1 as 1.53x1071° kg m~2 s~!. The area-integrated geo-

engineered emissions ((Egeoeng, tropics,ocean)) 1 Written as:

<Egeoeng,tr0pics,ocean> = Egeoeng,tropics,ocean X Atropics,ocean
where

Atropics,ocean = area of globe x frac area of tropics x frac area of ocean in tropics
= 5.1 x 10" x 0.5 x 0.744

=1.90 x 10™

B.5 Circulation-induced changes in SSA emission

Circulation-induced changes in SSA emissions are calculated by taking the difference between
the prescribed amount of geoengineered SSA emissions in the tropics and the actual increase

in the coupled model simulations (G4sea-salt minus SSP2-4.5), as shown in Table 3.3.

B.5.1 Circulation-induced changes in ocean-integrated SSA emis-
sion

For the global oceans, the circulation-induced changes in ocean-integrated SSA emission
is calculated by taking the difference in the geoengineered ocean-integrated SSA emission
and the G4sea-salt minus SSP2-4.5 ocean-integrated SSA emission. The computation is as

follows:

2.24 x 10* - 2.91 x 10* = —6.79 x 10® kg s~ (B.1)
N—— N———
G4sea-salt minus SSP2-4.5 geoengineered

ocean-integrated SSA emission  ocean-integrated SSA emission
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B.5.2 Circulation-induced changes in ocean-averaged SSA emis-
sion
For the global oceans, the circulation-induced changes in ocean-averaged SSA emission is

calculated by taking the difference in the geoengineered ocean-averaged SSA emission and

the G4sea-salt minus SSP2-4.5 ocean-averaged SSA emission. The computation is as follows:

6.17 x 1071 - 805x 107" = —1.88x 107" kg m? s7* (B.2)
—— ———
G4sea-salt minus SSP2-4.5 geoengineered

ocean-averaged SSA emission  ocean-averaged SSA emission
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Appendix C

The sensitivity of MartMon emissions

Within the standard AM4 configuration, Martensson et al. (2003) is applied to particles
with radii less than 1.4 pym, whereas Monahan et al. (1986) is applied to particles with radii
greater than 1.4 pm.

The functional form of Martensson et al. (2003) can be written as:
Eyare = f1(U) x g(SST) (C.1)

where g(SST) refers to the functional temperature dependency (see Chapter 1 for more
details) and f;(U) refers to the area covered by the white cap presented as a function of
wind speed (m/s). g(SST) and f;(U) are functions independent of each other.

Separately, the functional form of Monahan et al. (1986) can be written as

EMon = f2<U> (02)

where fo(U) refers to the functional dependence on the wind speed in Monahan et al.
(1986).
However, the dependence of wind speed on emissions present in both f;(U) and f5(U) are

differentiated by their particle size-dependent coefficient and share the form of wind speed
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dependency calculated as U34, and so the relationship between f1(U) and f>(U) can be

written as:

ax fi(U) = f2(U) (C.3)

where « is a coefficient that is size-dependent and nonchanging.

As a result, MartMon can be written as a combination of iy, and Eyrae, hereafter Eypg:

Exivt = Envon + Eart (C.4)
= [1(U) x g(SST) + f2(U) (C.5)
——
ax f1(U)
= f1(U) x g(SST) + a x f1(U) (C.6)
= (9(SST) + @) x f(U) (C.7)

C.1 Temperature sensitivity

Taking Eq. C.7, we calculate the derivative of Eyp with respect to SST that corresponds
to the rate of change of the functional temperature dependence multiplied by the functional

wind speed dependency.
OB\
O0SST

dg

= f1(U)m (C.8)

This is what is presented in Figure 3.3a and shows that the functional dependence of the

9EMM
OSST *

0SST

wind speed dominates

Next, we normalize by the emission Fypy to get the following:

1 Obvu f(U)
Ea 9SST — (9(SST) + @) x f1(U)
Oy 1
~ 9SST ~ ¢(SST) + a
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We see that normalizing the derivative of MartMon emissions with respect to the SST
by the emission yields Eq. C.10 where the function for wind speed cancels out, and we are

left with just the function for temperature dependence. Figure 3.3c shows ﬁ% x 100.

C.2 Wind speed sensitivity

Taking Eq. C.7, we calculate the derivative of Eypy with respect to wind speed (U) as

follows:

OFvm 0fi  0f
au ~ISSNGE a0 (©1)
= % x (9(SST) + «) (C.12)

This is what is presented in Figure 3.3b and shows that the functional dependences for

temperature and wind speed are present there in %.

We normalize 8%% by the emission Fypy to get the following:

B 0U — |ou < WOST + o) | X e S ) (C19
Cof 1
= =5 % 70 (C.14)

Normalizing the derivative of MartMon emissions with respect to wind speed by the

emission yields Eq. C.14 where the function for SST cancels out, leaving only the function

1 OFEuMm
Eyvm OU

for the wind speed dependency. The % form of is shown in Fig. 3.3d.
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Appendix D

Calculating components of the total

feedback

To further analyze the components of the feedback in the coupled simulations in this study,
we use the radiative kernel method (Soden et al., 2008; Wang et al., 2021; Gettelman et al.,
2016). In particular, we use the radiative kernel developed by Soden et al. (2008) and used
recently by Wang et al. (2021). Radiative kernels can be used to quantify the contributions
of component feedbacks to the total feedback discussed in the preceding section.

As developed by Soden et al. (2008), the radiative kernel method uses offline kernels
corresponding to OR(t)/0X (A, ¢, p,t), denoting a change in the top-of-atmosphere global
mean radiation flux R in response to a change in atmospheric state (X) at a specific latitude
(A), longitude (v)), pressure (p) and time (t) (Gettelman et al., 2016). Our goal is to use
radiative kernels to understand climate feedbacks. Let R be the TOA flux in some climate
state, as a function of geographical position (i, j, p for all except albedo) and time (t). The
net TOA flux (R) in some climate state is the difference between the absorbed shortwave
component () and the outgoing longwave component (F), i.e Q — F. R is a function of
climate variables X including temperature, trace gas concentrations, cloud ice, cloud liquid,

cloud area, etc.
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We focus on the feedback related to 3D water vapor (w), 3D temperature (7), and 2D
surface albedo (a). The remaining feedback can be calculated as a residual between the total
feedback estimated from the ”Gregory” regression method and the sum of the temperature,
water vapor and surface albedo feedback. The residual feedback is ascribed to changes in
cloud for abrupt-4xCO2 (i.e. Agxeo2(0, 50, cloud)), whereas it is ascribed to changes in cloud
as well as aerosol-cloud interactions (ACI) and clear-sky aerosol-radiation interactions in
G4sea-salt minus SSP2-4.5 (i.e. Agsssssp(2020, 2070, cloud + aerosol)).

We use temperature, water vapor and surface albedo kernels from Soden et al. (2008)
obtained from an integration of the Geophysical Fluid Dynamics Laboratory (GFDL) atmo-
spheric model (version AM2p12b) (Team et al., 2004) with climatological, seasonally varying
sea surface temperature and sea ice distributions. The 3-hourly instantaneous TOA fluxes
and all variables required to calculate the TOA fluxes, as functions of lat (i), lon (j), and
height (k), are retrieved from a 1-year simulation.

Soden et al. (2008) then construct state changes for each feedback. For temperature ker-
nels, they impose a 1 K uniform increase in temperatures. Specific humidities are increased
such that the relative humidity would remain constant for a saturation specific humidity in-
crease for 1 K warming. The surface albedo kernel is constructed by applying a 1% additive
increase in surface albedo.

For 3D climate states (i.e. water vapor and temperature), the perturbation in the climate
state X is uniformly applied layer by layer throughout the column of the atmosphere at a
point 7, 7. For the temperature kernel, the change in the top-of-atmosphere global mean
radiative flux R in response to a unit perturbation in the temperature (") for layer k and

geographical position (7, j), can be written as:

OR
0T j i

(D.1)
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where k for temperature goes up to N + 1, where N is the number of model layers (24 in
AM2p12b) and +1 accounts for the surface. For water vapor (which follows a similar form of
the above equation), k goes up to N and for surface albedo (which follows a similar form of
the above equation but is 2D), &k = 1. The full vertical radiation computation is run 2N+2
times for each latitude and longitude (i,j). In total the full radiation computation is run
I-J-(2N + 2), where I is the number of latitudes (90) and J is the number of longitudes
(144) in AM2p12b. The radiative flux computation is performed eight times daily for a one
year simulation (Soden et al., 2008).

After discretizing longitude, latitude and height, there is a kernel for every latitude (4),

longitude (j), height (k, for 3D properties), and month (¢,,), therefore xx(i,7,k, t;,) =

OR(tm)

Xk The kernels are provided as monthly means (averaged from the eight times daily

one-year simulation), which will subsequently be used with longer model runs to evaluate

o OR
KT(lvjakatm) = <8T ‘k:t) (D2)
/L?]? b

feedbacks:

where t,, refers to month of year, and xx refers to the radiative kernel for the climate variable
X.

The N pressure layers are then interpolated to the 19 standard CMIP6 pressure levels
(e.g., k = 19; Smith et al., 2020). Thus, there are IxJx20 temperature and IxJx19 water

vapor kernels, and IxJ surface albedo kernels for each of 12 months.

D.0.1 Decomposing EEI due to feedback-related state changes

When a climate forcing is applied, the Earth has an energy imbalance due to the forcing.
This imbalance triggers a climate response, modulated by feedback mechanisms. The Earth’s
Energy Imbalance (EEI) is used to evaluate feedbacks, using kernels to decompose the EEI

into feedback-related components.
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For a forcing/feedback climate simulation, such as abruptly quadrupling carbon dioxide
(abrupt-4xCO2) (e.g., Wang et al. (2021)) in a CM4 piControl simulation, we must first
ensure that the latitude, longitude, and pressure grid is consistent with that of the kernel
(90,144,19). If this is not the case, grid interpolation must be applied for consistency.

The AEEI attributable to a change in a climate property Xyxc02(1, J, k, t) for a given month
in the forced 4xCO2 simulation is the product of the corresponding monthly-mean kernel
kx (1,7, k,ty) and the difference in climate state (AXuxeo2(?, J, k,t)) between the control (i.e
piControl) and the perturbed climate state (i.e abrupt-4xCO2). The contributions described
above are then summed over grid cells and months to obtain AEEI due to global annual

changes in X. For 3D climate properties X (i.e, temperature and water vapor) for year t,:

ABEIx sxco2(ty) = Y kix (i, 4,k tm) - AXigeoa (i, j, ki, 1) (D.3)

64 kst
where i goes up to I (90), j up to J (144), k up to K (19), and m (months) ranges from
1 to 12. The resulting AEEIx 4xc02 is a function of £, (50 or 150 years). This expression can
also be applied for surface albedo but only latitude, longitude, and monthly contributions
are summed. Fig. D.1 displays the AEEILy 4xc02(t,) for temperature, water vapor and surface

albedo for the CM4 abrupt-4xCO2 experiment relative to the piControl.

AEEIlr AEEI, AEEl,
9
5 2.00
8
_4 1.75
— — 7 —
& -6 N & 150
E g g6 £
E E 5 E 1.25
~ —10 = s
E E . E 1.00
Sl < < 075
-14 3
0.50
-16 2
0.25
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
t (year) t (year) t (year)

Figure D.1: Time series of the globally averaged change in TOA radiation imbalance due to
a change in climate property X (temperature (7'), water vapor (w) and surface albedo («))
for the first 50-years of abrupt-4xCO2.
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To calculate the feedback for the first 50 years after imposition of forcing for abrupt-
4xCO2, we sort pairs of AEEIy 4xc02 and the corresponding change in surface temperature
(AT} 4xco2; calculated as the difference between the first 50 years of abrupt-4xCO2 and pi-
Control (averaged over the 100-250 year period)) by increasing AT sxco2. We then plot
AEEIx 4xco2 as a function of AT sxc02 and apply linear regression to the plotted points.

Then Agxco2(0, 50, X)) is defined as the regression slope of this line (Agxeo2(0, 50, X); Fig D.2):

AT vs. AEElT AT, vs. AEEI, AT vs. AEEl,
_2 L4 9
8
-4
—~ 7
DI D
E E6
3 25
~ —10 =z
1 4
Q- S| 5
— Corr coef: 0.996 : Corr coef: 0.981
141 Siope: -3.968 (W m~2 k1) o P 2 k1) 0.50 Slope: 0,488 (W m~2 K1)
_16 2 0.25
[ ]
1 2 3 4 1 2 3 7 1 2 3 4
AT: (K) AT« (K) AT: (K)

Figure D.2: The regression of globally averaged change in TOA radiation imbalance due to
change in climate property X (temperature (7"), water vapor (w) and surface albedo («)) to
the change in surface temperature calculated as the difference between the first 50-years of
abrupt-4xCO2 and piControl (averaged over year 100-250 of the simulation).
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