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The Tropics are home to a wide variety of atmospheric phenomena that play major roles in

global weather and climate. Tropical convection and its associated clouds are notoriously

difficult to represent in global climate models, and as a result many cloud- and convection-

related processes remain sources of great uncertainty in our understanding of climate and

projections of future change. In this dissertation, I explore four distinct but interrelated

research projects, each using a variety of tools to address critical questions related to tropical

anvil clouds, convection, circulation, and climate. The overarching theme of this work is the

extraction of robust insights from idealized models of radiative-convective equilibrium (RCE),

a conceptual framework of great historical importance in the study of tropical climate and

one that remains instrumental to our understanding of complex phenomena.

Chapter 1 provides background and motivation for my key research questions. In Chapter

2, I use an energy balance framework to study how surface warming affects the amount of

cloud ice the tropical troposphere. In Chapter 3, I examine anvil cloud radiative feedbacks

in high-resolution models and consider the implications for climate change. In Chapter 4, I

investigate the congestus mode of tropical convection and explains its variability across cloud-

resolving models. Finally, in Chapter 5, I examine the coupled variability of deep convection,

atmospheric circulation, and sea surface temperature in an idealized simulation.
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Chapter 1

INTRODUCTION

In 2012, the World Climate Research Programme (WCRP) published a white paper

titled Clouds, Circulation, and Climate Sensitivity [Bony and Stevens , 2012]. The topic

had recently been designated one of seven “Grand Challenges” intended to inform the next

decade of research in climate science. The white paper contended that clouds were largely

to blame for the stubbornly large uncertainty in how Earth’s climate would respond to

rising greenhouse gas concentrations. A few years later, Bony et al. [2015] delineated four

specific focus areas for the grand challenge, three of which dealt explicitly or very closely with

tropical moist convection. Deep convection, in addition to being responsible for most of the

precipitation that falls across the tropics [Nesbitt et al., 2006], plays a critical role in many

aspects of the global atmospheric circulation and climate. The transport of mass by deep

convective updrafts forms the ascending branches of the Walker and Hadley circulations,

two fundamental components of the atmospheric general circulation. Deep convection also

excites vertically propagating gravity waves, which have myriad effects on the dynamics of

the stratosphere [Fritts and Alexander , 2003]. And the clouds generated by convection affect

local energy fluxes [Ramanathan et al., 1989] as well as the large-scale atmospheric circulation

[Voigt et al., 2021]. With these impacts in mind, it is no surprise that tropical convection

lay at the center of the WCRP grand challenge. Convection and its associated clouds are

governed by processes occurring at much smaller scales than the typical size of a general

circulation model (GCM) grid box. These processes must therefore be parameterized, and

these parameterizations have served as a major source of uncertainty since the advent of

numerical atmospheric modeling. Because uncertainty in convective processes can quickly

cascade through the global climate system, a better understanding of convective processes
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is critical for accurate predictions of future climate.

∗ ∗ ∗

The research presented in this thesis is motivated by two outstanding questions about

tropical convection and climate. The first deals with the expansive anvil clouds produced by

tropical deep convection: What controls their area on climatological scales, and do changes

in anvil act as a positive, negative, or neutral feedback on climate change? This question was

first tackled by Lindzen et al. [2001], who proposed that increases in sea surface temperature

(SST) would drive a large reduction in anvil cloud area and act as a strong negative feedback

on warming. This so-called “Iris hypothesis” was flawed and controversial at the time of its

publication [Hartmann and Michelsen, 2002; Lin et al., 2002; Chambers et al., 2002], but one

central aspect of it seems to have held up over time: that the area covered by deep convection

and anvil clouds decreases as the surface warms. This response is generally supported by

observational, theoretical, and model-based evidence [Ito and Masunaga, 2022; Zelinka and

Hartmann, 2010; Bony et al., 2016; Saint-Lu et al., 2020, 2022; Choi et al., 2017; Zelinka and

Hartmann, 2011]. Importantly, though, there is no evidence supporting Lindzen’s originally

proposed mechanism for this trend, which hypothesized that increases in the precipitation

efficiency within deep convective towers would reduce the amount of ice detrained into the

upper troposphere. More recent explanations for the decrease in cloud area typically rely

on the fact that, in the Tropics, the convectively driven overturning circulations slows down

as surface temperature increases [Held and Soden, 2006; Zelinka and Hartmann, 2010; Bony

et al., 2016].

Even if we knew exactly how anvil cloud area would respond to surface warming, deter-

mining the radiative feedback associated with such a change would still pose a challenge.

Unlike most other cloud types, anvil clouds can have a positive, negative, or neutral cloud

radiative effect (CRE) at different stages of their life cycle [Hartmann and Berry , 2017].

Deep convective towers and fresh, optically thick anvils have a CRE, while thinner, aged

anvils have a positive CRE. In the present climate, the relative abundance of thick and thin
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anvils and their respective CREs are such that the climatological CRE in regions of tropical

convection is near zero [Ramanathan et al., 1989; Hartmann et al., 2001]. If a reduction

in anvil cloud area were to affect thick and thin clouds in proportion to their present-day

abundance, the radiative feedback would be neutral [Pierrehumbert , 1995]. But if the frac-

tional changes in area vary, the radiative feedback could be positive or negative depending

on whether thick or thin clouds are most affected [Hartmann, 2016]. Until now, we lacked an

understanding of whether and why the thick and thin cloud responses may differ and, more

broadly, how large the reduction in total anvil area may be. For these reasons, the anvil

cloud area feedback was the least certain of all individual feedback processes considered in

a recent WCRP assessment of equilibrium climate sensitivity [Sherwood et al., 2020].

Chapters 2 and 3 of this dissertation address these important questions about tropical

convection, anvil clouds and climate. In Chapter 2, I investigate how the amount of cloud

ice in the tropical troposphere responds to changes in surface temperature. Using an energy

balance approach, I find that the increase in cloud ice mixing ratio is not as large as the

increase in radiative cooling or latent heating. This implies a reduction in the residence

time of ice in the atmosphere, which is achieved via a decrease in density at any particular

temperature level and a corresponding increase in ice fall speed.

In Chapter 3, I take a new approach to understanding the anvil cloud area and optical

depth feedbacks. I examine the anvil response to warming using an approach that treats

high clouds as part of an optical continuum rather than entities with fixed opacity. Applying

this approach to an ensemble of cloud-resolving models, I find that they do not support a

negative anvil cloud feedback. Rather, the models suggest that changes in cloud area and

opacity together act as a weakly positive feedback. The positive opacity component arises

from the disproportionate reduction in the area of thick, climate-cooling clouds relative to

thin, climate-warming clouds. This result implies a +0.3 ◦C shift in the median estimate of

equilibrium climate sensitivity relative to a previous community assessment.

∗ ∗ ∗
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The second motivating question of this work deals with the tropical overturning circula-

tion and its interaction with the underlying SST. It is well known that the overall sensitivity

of Earth’s climate to CO2 forcing depends on the spatial pattern of SST change [Zhou et al.,

2016; Andrews et al., 2018]. Of particular importance is whether the zonal SST gradient

across the equatorial Pacific increases, decreases, or remains the same in a warmer climate.

Most general circulation models (GCMs) predict a strengthening of this gradient, that is, an

El Niño-like response to warming [Wills et al., 2022]. Such a response would be expected to

produce a relative weakening of the Pacific Walker Circulation. On the other hand, observa-

tions over recent decades show a strengthening of the SST gradient and Walker circulation—a

La Niña-like trend [L’Heureux et al., 2013]. A La Niña-like response is more favorable for

low cloud formation over the relatively cool SSTs in the eastern Pacific, and it is therefore

associated with reduced climate sensitivity in models [Zhou et al., 2016; Dong et al., 2019].

Because the ocean and atmosphere in the equatorial Pacific are tightly coupled [Bjerknes ,

1969], future changes in the Walker circulation could impact the zonal SST gradient across

the Pacific and the trajectory of future climate change.

The rising branch of the Walker circulation in the western Pacific is driven by the upward

transport of mass by deep convection. Changes in the spatial organization of convection

and/or the mean vertical profile of convective mass flux have the potential to affect Walker

strength and are therefore important for the global response to forcing. The static stability

of the troposphere is an important factor for circulation strength and vertical structure

[Sohn et al., 2016]. It has long been known that tropospheric stability is sensitive to surface

temperature and convective organization [Knutson and Manabe, 1995; Held et al., 1993], but

these sensitivities are not fully understood.

Chapters 4 and 5 of this dissertation focus on the vertical structure and internal variabil-

ity of the tropical circulation using model configurations of various complexity. Chapter 4

examines the “forgotten” mode of tropical convection, referred to as the congestus mode. In

an ensemble of cloud-resolving models, I find that the congestus mode is stronger in models

that have a greater degree of large-scale convective aggregation. Aggregation invigorates
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the congestus mode via a positive feedback involving moisture and radiative cooling. Chap-

ter 5 examines the internal variability of a cloud-resolving model coupled to an interactive,

mixed-layer ocean. When the mean SST is close to present-day tropical values, this system

undergoes coherent, low-frequency oscillations in mean SST, SST contrast, and large-scale

convective organization. This variability is described in full, and various aspects of the os-

cillations are discussed. Both chapters examine the modulation of tropospheric stability in

idealized models of the tropical atmosphere. I find that upper-level stratification is modu-

lated first and foremost by the SST, while mid-level stratification is more sensitive to changes

in convective organization.

∗ ∗ ∗

An overarching theme of this work is the extraction of robust insights from idealized mod-

els of radiative-convective equilibrium (RCE). RCE—one of the simplest models of Earth’s

atmosphere—describes the statistical equilibrium between radiative cooling and convective

heating of the atmosphere. At large spatiotemporal scales, RCE is a good approximation

of the tropical atmosphere [Jakob et al., 2019]. RCE models of varying complexity have

long been used as a test bed for understanding many atmospheric and climatic phenomena,

such as the influence of CO2 on surface temperature [e.g., Manabe and Wetherald , 1967], the

effect of climate change on precipitation [e.g., Romps , 2011], and even the effects of nuclear

winter on the thermal structure of the atmosphere [Ramaswamy and Kiehl , 1985]. More per-

tinently to this work, RCE has been used extensively to understand the SST dependence of

convective cloud properties [e.g., Harrop and Hartmann, 2012; Seidel and Yang , 2022; Seeley

et al., 2019], convective organization [e.g., Bretherton et al., 2005; Wing et al., 2017], and

the tropical overturning circulation [e.g., Jenney et al., 2020; Jeevanjee, 2022]. By leveraging

RCE to address the questions described above, I seek to build on this rich tradition.
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Chapter 2

ENERGY BALANCE CONSTRAINTS ON THE AMOUNT OF
CLOUD ICE IN THE TROPICAL UPPER TROPOSPHERE

This work was published as: Sokol, A. B. and D. L. Hartmann (2022). Radiative cooling,

Latent Heating, and Cloud Ice in the Tropical Upper Troposphere. Journal of Climate,

35 (5), 1643-1654. doi.org/10.1175/JCLI-D-21-0444.1.

2.1 Introduction

Ice clouds produced by tropical convection play an important role in Earth’s climate yet

remain a significant source of uncertainty in projections of climate change [Bony et al., 2015;

Zelinka et al., 2017]. Changes in the properties and abundance of deep convective cores

and their associated anvil clouds could have wide implications for the tropical radiation

budget and global climate [Zelinka et al., 2012; Hartmann, 2016]. Predicting these changes

requires an understanding of complex dynamic, microphysical, and radiative processes that

are difficult to observe and model. This complexity is evident in the Radiative-Convective

Equilibrium Model Intercomparison Project (RCEMIP), in which different cloud-resolving

models (CRMs) with nearly identical domains produce wildly different cloud climatologies

and cloud responses to warming [Wing et al., 2020]. While the radiative feedbacks associated

with tropical convection remain difficult to constrain, recent work has advanced understand-

ing of how warming may impact more specific aspects of convection, including its large-scale

organization [e.g., Coppin and Bony , 2018], precipitation efficiency [e.g., Lutsko and Cronin,

2018], and anvil cloud evolution [e.g., Gasparini et al., 2021]. In this chapter, we examine

how warming may impact the mean profile of cloud ice amount.

The radiative-convective equilibrium (RCE) approximation provides a conceptual link
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between the formation of ice and the atmospheric radiative cooling rate QR. The formation of

ice during convection releases latent heat, which is transported to the upper troposphere (UT)

by deep convective plumes. This latent heating, along with the eddy heat flux convergence

associated with the convection, constitutes the total convective heating. In RCE, convective

heating is balanced by QR, which we can compute accurately for known temperature and

moisture profiles.

Models of varying complexity predict that QR in the UT will increase with warming

if the temperature profile approximately follows a moist adiabat. This result is supported

by prior work using early general circulation models [Mitchell and Ingram, 1992; Knutson

and Manabe, 1995], simple spectral models [Jeevanjee and Fueglistaler , 2020], and modern

line-by-line models [Jeevanjee and Fueglistaler , 2020]. Jeevanjee and Romps [2018] showed

that the radiative flux divergence (W/m2/K in temperature coordinates) at any particular

temperature is unaffected by surface warming in simulations of RCE. But warming drives

isotherms to lower pressures, where the ambient air is less dense. This produces an increase

in QR (K/day), which is inversely related to density. Hartmann et al. [2022] used the cooling-

to-space approximation to show that emission from the atmosphere is purely a function of

temperature and relative humidity, but as the surface warms and the emission moves to

a lower pressure, the transmission to space increases, which allows QR to increase. If the

temperature profile follows a moist adiabat, QR preferentially increases at the anvil cloud

level, causing the QR profile to become more top-heavy.

This chapter seeks to understand how the warming-driven increase in QR affects the

mean profile of cloud ice amount in an RCE framework. Doing so requires us to examine

the connection between radiative cooling, latent heating, and the ice mass mixing ratio qi

in the UT. In section 2.2, we describe a set of CRM simulations that allow us to examine

how the atmosphere responds to an increase in QR with and without a corresponding change

in surface temperature. This will show that the qi response to warming is tempered by an

increase in the efficiency by which ice imparts latent heat to the UT. To understand this

change, we develop a mathematical expression for the ice-related latent heating rate and use
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it to diagnose the CRM results (sections 2.3 and 2.4). This will show that the increased

efficiency of latent heating is caused by the migration of isotherms to lower pressures and

by the slight warming of the top of the convective layer. We discuss and contextualize these

results in section 2.5.

2.2 Cloud-Resolving Model Simulations

We conduct RCE simulations using the System for Atmospheric Modeling [SAM; Khairout-

dinov and Randall , 2003] with RRTM radiative transfer code [Iacono et al., 2000; Mlawer

et al., 1997]. The model domain is 96 km × 96 km with 2-km horizontal resolution and

periodic lateral boundaries. Because this small domain precludes convective aggregation, we

can be confident that changes in the degree of aggregation do not impact our results. The

vertical grid has 128 levels with variable spacing. The spacing is 50 m near the surface,

smoothly increases to ∼300 m by 5 km, and increases again between 25 and 39 km to a max-

imum spacing of 1 km. Gravity waves are dampened by a sponge layer extending upward

from 27 km. Sea surface temperature (SST) is fixed and uniform, there is no rotation, and

insolation follows a fixed diurnal cycle corresponding to January 1 at the equator. We use

the Predicted Particle Properties (P3) bulk microphysics scheme [Morrison and Milbrandt ,

2015], which has a single ice-phase hydrometeor category with four prognosed variables: to-

tal ice mass, total ice number, rime mass, and rime volume. Because P3 has only one ice

category, we do not differentiate between precipitating and nonprecipitating ice. We use the

term “cloud ice” to refer to all ice-phase hydrometeors and the symbol qi to denote the total

ice mass mixing ratio.

Three simulations are conducted:

1. con300 : 350-day control run with 300-K SST

2. con305 : 350-day warming run with 305-K SST

3. force300 : experimental run with 300-K SST and a forced cooling F intended to mimic



9

the upper tropospheric QR response to warming. This run is branched from con300 at

day 150 and integrated for another 150 days. F is sinusoidal in pressure coordinates

with positive (cooling) and negative (warming) lobes between 250-550 and 550-850

hPa, respectively, and a maximum amplitude of 0.26 K/day (Fig. 2.1a). Because of

its sinusoidal structure, F has a mass integral of zero and thus no direct effect on the

column-integrated cooling rate. We conducted an additional run in which F consisted

only of its upper lobe, but there were no significant differences in the upper tropospheric

quantities of interest.

The time-averaged results shown in the following sections reflect the last 75 days of each

model run.

In equilibrium, the convective heating rate must balance the sum of QR and F , which

we denote as QR+F . The solid lines in Fig. 2.1b-c show QR+F for each run. Because there

is no forcing in con300 and con305, QR+F is just equal to QR in those runs and is larger

in con305 for the reasons discussed in section 2.1. The increase in QR with warming is

limited to temperatures above ∼220 K, since the QR profile is constrained to decrease at

colder temperatures due to the scarcity of water vapor [Hartmann and Larson, 2002]. In

force300, QR (dashed red line) is similar to that in con300, reflecting the fact that the two

runs have equal SST and thus very similar temperature and moisture profiles. But because

F is nonzero in force300, upper tropospheric QR+F is more like that in con305, especially

when viewed in temperature coordinates (Fig. 2.1c). So while the temperature, moisture,

and QR profiles in force300 match its 300-K SST, the total cooling “experienced” in the UT

corresponds to a SST of 305 K. This is exactly the intent of the temperature forcing and

will allow us to compare the atmosphere’s response to increased QR+F in the presence and

absence of SST warming. An implication of this approach is that F does not capture the

warming-driven shift of the QR profile to lower pressures (Fig 2.1b).

The increase in upper tropospheric QR+F in con305 and force300 must be balanced by

an increase in convective heating. We can examine the energy budget of the UT to better
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Figure 2.1: a) The forced cooling rate F applied in force300. b) Dashed red line: the
radiative cooling rate QR in force300. Solid lines: the combined radiative and forced cooling
rate QR+F in all three simulations. c) As in b, but as a function of temperature. Note that
QR and QR+F are equal in con300 and con305. The radiative cooling rates are for all-sky
conditions.

understand how this is achieved. The thermodynamic variable used for this budget analysis

and throughout the rest of the chapter is the liquid-ice static energy:

s = cpT + gz − Lql − Lsqi. (2.1)

Cp is the specific heat of dry air at constant pressure, T is temperature, g is the gravitational

acceleration, ql is the mass mixing ratio of all liquid condensate, and L and Ls are the la-

tent heats of vaporization and sublimation, respectively. s is the prognostic thermodynamic

variable in SAM and is exactly conserved by the model’s governing equations. It is informa-

tive to use s for our analysis because it is approximately conserved during moist adiabatic

processes and is therefore unaffected by phase changes.

Fig. 2.2a shows the model-computed tendencies of s due to QR+F , advection, and latent

heating. These three tendencies, along with a very small diffusive tendency (not shown),

form a closed energy budget. The advective tendency is negative because s increases with

height, meaning that convective plumes deposit low-s air from the surface into the high-s
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Figure 2.2: a) Tendencies of the liquid-ice static energy s due to (dashed lines) latent heating,
(dotted) advection, and (solid) radiative and forced cooling QR+F . Tendencies are divided
by Cp so that they have units K/day. The sum of the three tendencies is approximately
equal to zero in equilibrium, since the diffusive tendency is small. b) Domain-averaged ice
mass mixing ratio qi. c) Latent heating efficiency of ice ϵ given by Eq. 2.3.

UT. Because there is no large-scale vertical motion in these runs, the advective tendency is

comprised solely of the heating by resolved eddies. The convective heating rate is thus equal

to the sum of the advective and latent heating tendencies.

Fig. 2.2a indicates that both the latent and advective components of the s budget

strengthen in response to the increase in QR+F in con305 and force300. The increase in

latent heating dominates, so the convective heating rate increases as a result. This increase

in latent heating must be associated with changes in ice, since liquid condensate is scarce

or nonexistent at temperatures below ∼245 K. To formally distinguish the ice-related latent

heating from the total latent heating, we define ṡice as the latent heating tendency of s due

to ice alone. To better conceptualize ṡice, let us consider a saturated air parcel rising in a

deep convective plume. Once the freezing level is surpassed, ice accumulates via freezing,

vapor deposition, and/or new nucleation. This releases latent heat, which warms the parcel

but does not change s, since s is conserved during phase changes. For as long as the ice

remains with the parcel, there is the possibility that it sublimates and consumes the latent
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heat released during its formation. But if the ice sediments out of the parcel, that latent

heat is irreversibly left behind, and by Eq. 2.1, s increases because qi has decreased. The

important point here is that the latent heating of s results not from the formation of ice but

from its irreversible sedimentation later on. This can be expressed mathematically as

ṡice = −Lsq̇ised (2.2)

where q̇ised is the tendency of qi due to sedimentation.

Because ṡice is determined by the net ice sedimentation rate rather than qi itself, the

relative differences in ṡice between the three simulations are not necessarily reflected in their

domain-averaged qi profiles. This is evident in Figure 2.2b. qi is highest in force300 despite

the fact that there is more latent heating in con305 over much of the same temperature range.

In con305, the fractional increase in ṡice relative to con300 far exceeds that in qi throughout

most of the UT. In force300, while the fractional changes in ṡice and qi are not exactly equal,

they are much more similar. This difference is encapsulated by what we define as the latent

heating efficiency:

ϵ ≡ ṡice
Lsqi

. (2.3)

As ϵ increases, a smaller mean qi is needed to achieve a given amount of latent heating. Fig.

2.2c shows profiles of ϵ for the three simulations. At air temperatures exceeding 215 K, ϵ is

nearly the same in con300 and force300 but is larger in con305, suggesting that ϵ increases

with SST. As will be shown later, additional simulations with SSTs of 295, 310, and 315 K

support this trend.

Changes in the domain-averaged qi can be caused both by changes in cloud fraction and

by changes in the in-cloud ice amount. These two factors have important implications for

both the top-of-atmosphere energy budget and atmospheric radiative heating rates, which

have been shown to play an important role in the circulation response to warming [Voigt

et al., 2019]. In con305, ice cloud fraction is lower at any particular temperature than in

con300 but the in-cloud qi is higher on average (Fig. 2.3). The fractional increase in in-cloud
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Figure 2.3: a) Cloud fraction, b) in-cloud ice mixing ratio, and c) domain-averaged ice mixing
ratio as a function of temperature in the three simulations. d-f) fractional changes in each
quantity with respect to con300. Note: model grid boxes are considered cloudy if the total
condensate mixing ratio exceeds 10−5 kg kg−1 or 1% of the saturation vapor pressure of
water, whichever is smaller.

qi dominates the decrease in cloud fraction for T > 224 K, and so the the domain-averaged

qi increases there. This results primarily from an increase in the amount of ice within deep

convective cores; if we were to exclude the 2% of the model domain with the highest column-

integrated ice water path (IWP) from the calculation of domain-averaged qi, then qi would

actually decrease with warming at most upper tropospheric temperature levels. Thus, it is

the increase in qi in the iciest parts of the atmosphere that is responsible for the increase in

domain-averaged qi at fixed temperature. In contrast, the large increase in domain-averaged
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Figure 2.4: a) Probability density functions (PDFs) of log10IWP for each simulation. b)
Changes in the IWP PDF with respect to con300.

qi in force300 comes mostly from an increase in cloud fraction, with a small increase in in-

cloud qi playing a lesser role. These differences make sense: as SSTs warm, the troposphere

deepens and warms at its base, and convective updrafts accumulate a greater amount of

condensate before reaching any particular isotherm in the upper troposphere. Because there

is no warming in force300, any significant increase in domain-averaged qi must come from

changes in cloud fraction.

Cloud changes can be further understood by examining the probability density functions

(PDFs) of IWP, shown in Fig. 2.4a. The PDFs are computed from instantaneous 2D
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snapshots taken at 6-hour intervals for the final 75 days of each simulation. None of these

snapshots contain grid cells with zero IWP, likely because the domain is relatively small

and is easily covered by ice spreading out from convective regions. Because true clear-sky

conditions do not occur, altering the IWP distribution is a zero-sum game: differences in

the PDFs at one IWP must be compensated for by differences at another IWP rather than

by differences in the total cloud coverage. In con305, SST warming reduces the coverage

of clouds with log10IWP between -0.3 and 3.5 (Fig. 2.4b), which include convective cores,

detrained anvil clouds, and other thin cirrus [Sokol and Hartmann, 2020]. This reduction

is compensated for by an increase in the area with log10IWP between -2 and -0.3, which is

as close as it gets to clear-sky conditions in these simulations. In essence, warming shifts

the IWP distribution towards lower values, and the mean IWP decreases by 6% as a result

(Fig. 2.4a). This may seem counterintuitive given the increase in domain-averaged qi at

fixed temperature shown in Fig. 2.2b, but the pressure and density at a fixed temperature

decrease with SST warming, and so the same qi (kg/kg) corresponds to a smaller ice water

content (kg/m3), which is the quantity used to compute IWP. In force300, the IWP changes

are reversed. The frequency of high IWPs increases at the expense of low IWPs, which shifts

the distribution towards higher values and increasing the mean IWP by 23%.

In this brief overview of the CRM results, we have found that RCE requires ṡice to increase

in response to an increase in QR+F whether it is driven by SST warming or an imposed

temperature forcing. On the other hand, latent heating efficiency is largely unaffected by

the temperature forcing but increases with warming. This allows the qi profiles in con305

and force300 to differ substantially even at temperatures where ṡice is equal. In con305,

an increase in convective core qi drives the slight increase in domain-averaged qi, while in

force300 the much larger increase in domain-averaged qiis due mainly to greater cloudiness.

These results raise some interesting questions. What is the relationship between latent

heating and qi? Why does the latent heating efficiency increase with SST? And what can

this tell us about the qi response to warming? We address these questions in the following

sections.
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2.3 An Analytical Model for Latent Heating

Our goal in this section is to develop an expression relating ṡice to qi. Eq. 2.2 defines ṡice in

terms of q̇ised , which is the sedimentation tendency of qi equal to

q̇ised = −1

ρ

∂Fsed

∂z
(2.4)

where ρ is the air density and Fsed is the sedimentation ice flux. In the P3 scheme, this is

given by

Fsed = ρqifVm (2.5)

where Vm is the mass-weighted ice crystal terminal fall speed calculated following Mitchell

and Heymsfield [2005]. f is an air density modification to Vm which, following Heymsfield

et al. [2007], is given by (ρ0/ρ)
0.54, where ρ0 is a reference density. Substituting in for f in

Eq. 2.5 gives Fsed = ρ0.540 ρ0.46qiVm. Combining this with Eqs. 2.2 and 2.4 yields

ṡice =
k

ρ

∂

∂z

(
ρ0.46qiVm

)
(2.6)

where k = Lsρ
0.54
0 . Expanding the derivative gives

ṡice =
k

ρ0.54

(
0.46qiVm

∂ ln ρ

∂z
+ qi

∂Vm

∂z
+ Vm

∂qi
∂z

)
. (2.7)

Using the ideal gas law p = ρRdTv and hydrostatic balance ∂p/∂z = −ρg, it can be shown

that
∂ ln ρ

∂z
≈ 1

T

(
Γ− g

Rd

)
(2.8)

where Γ is the lapse rate and Rd the gas constant for dry air. Here we have assumed that

the virtual temperature Tv is approximately equal to the absolute temperature T , which is a

good approximation over the range of temperatures that we will consider. Combining Eqs.
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2.7 and 2.8 and replacing ∂/∂z with −Γ · ∂/∂T gives

ṡice =
k

ρ0.54

[
Γ

(
0.46Vmqi

T
− qi

∂Vm

∂T
− Vm

∂qi
∂T

)
− 0.46cqiVm

T

]
(2.9)

where c = g/Rd. The conversion to temperature coordinates simplifies the comparison of sim-

ulations with different SSTs because the temperature at which QR falls towards zero—which

is also the top of the convective layer—is approximately fixed [Hartmann and Larson, 2002].

This is illustrated in Fig. 2.1c, in which the QR and QR+F curves collapse onto one another

at ∼220 K.

Eq. 2.9 is useful because it allows us to calculate the domain-averaged ṡice profile given

profiles of T , ρ, qi, and Vm. If we convert these profiles to temperature coordinates, we can

calculate ∂qi/∂T and ∂Vm/∂T , which we denote as q′i and V ′
m, respectively. Then, using the

total differential of Eq. 2.9, we can attribute changes in ṡice at some fixed T to changes in

six different variables:

∆ṡice ≈ ∆ρ
∂ṡice
∂ρ

+∆Γ
∂ṡice
∂Γ

+∆Vm
∂ṡice
∂Vm

+∆V ′
m

∂ṡice
∂V ′

m

+∆qi
∂ṡice
∂qi

+∆q′i
∂ṡice
∂q′i

. (2.10)

Here, ∆X denotes the change in X at fixed T relative to some baseline. Expressions for the

partial derivatives can be determined analytically from Eq. 2.9 and are provided in section

2.6.1. Eq. 2.10 is an accurate approximation of ∆ṡice over the range of atmospheric states

produced by the three model runs (section 2.6.2).

2.4 Application to Model Simulations

We can now use Eq. 2.10 to understand the differences in ṡice between the three simulations.

To do so, we must evaluate each term on the right hand side for con305 and force300, using

con300 as a baseline. The value of each term can be interpreted as the contribution of that

variable to the total change in ṡice at some particular T . The model provides hourly profiles

of domain-averaged T , ρ, qi, and Fsed in height coordinates. For each time step, we compute
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Γ and compute the qi-weighted Vm as Fsed/(fρqi), which follows from Eq. 2.5. We then

convert the vertical grid to temperature coordinates using the time- and domain-averaged

T at each vertical level, interpolate the profiles onto a common T grid, and calculate q′i and

V ′
m. We use output from con300 to compute the partial derivatives in Eq. 2.10, and the ∆

terms are computed for con305 and force300 with respect to con300.

Fig. 2.5 shows the results of this procedure, with each colored line representing one of

the six terms on the right hand side of Eq. 2.10. The bold black lines, which show ∆ṡice,

are equal to the sum of the six individual terms and correspond closely to the differences in

the latent heating profiles shown in Fig. 2.2a. The profiles have been normalized by Cp so

that they are in K/day. If a profile is near the zero line, then the variable it represents does

not change significantly at that T and therefore has little impact on ṡice.

In the following sections, we discuss each variable and its relevance to changes in ṡice

before synthesizing the results with a discussion of latent heating efficiency. All changes

(e.g., increases and decreases) mentioned in this section are with respect to con300 unless

stated otherwise. It is important to remember that ṡice is only equal to the total latent

heating of s when the effects of liquid condensate are negligible. In our model runs, ṡice

accounts for 90% or more of the total latent heating at temperatures colder than 245 K, and

we therefore restrict our analysis to that range.

2.4.1 Density and Lapse Rate

We begin by discussing ρ and Γ together because their values at any particular T are both

fundamentally linked to SST. This linkage arises from the fact that the tropical tempera-

ture profile is dynamically constrained to be close to a moist adiabat originating from the

boundary layer [Sobel et al., 2001], and the temperature of the boundary layer is determined

by the SST. Since con300 and force300 have the same SST, they also have similar T profiles

and therefore similar ρ and Γ at any particular T . Consequently, in force300 the ρ and Γ

contributions to ∆ṡice (blue and orange lines in Fig. 2.5b, respectively) are negligible.

On the other hand, SST warming in con305 drives isotherms upwards toward lower
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@ṡice

@°

¢qi
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Figure 2.5: Profiles of each term in Eq. 2.10 for a) con305 and b) force300. The terms
are normalized by Cp so that they are in K/day. Black lines show the total ∆ṡice relative
to con300, which is equal to the sum of the six individual terms and corresponds to the
differences in the latent heating tendencies in Fig. 2.2a.

pressures, and the ρ at any particular T decreases as a result. Since ṡice and ρ are inversely

related in Eq. 2.9, the decrease in ρ acts to increase ṡice, as evidenced by the positive

values of the ρ term (blue line) in Fig. 2.5a. The physical interpretation of this ρ effect is

straightforward: ice crystals fall faster at lower air densities because drag is reduced. As ρ

decreases, ice crystals are quick to sediment out of a parcel and leave their latent heat behind.

Mathematically, the ρ effect stems from the density modification f applied to the ice crystal

fall speed, and the magnitude of the ρ effect is therefore sensitive to the formulation of f .

But insofar as ρ and fall speed are inversely related, the sign of the ρ effect is robust.

Changes in Γ in con305 act to reduce ṡice, as shown by the orange line in Fig. 2.5a. This,

too, arises from the migration of isotherms to lower pressures with warming, which reduces

the moist adiabatic lapse rate at any particular T . The pressure dependence of the moist

adiabatic lapse rate is indirect, occurring by way of the saturation specific humidity. The

reduction in Γ with warming causes our temperature range of interest to expand vertically
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in Cartesian space, which “stretches out“ and weakens the sedimentation flux divergence,

reducing ṡice. The sign of the Γ effect seems robust considering that an increase in static sta-

bility (decrease in Γ) with warming has long appeared in observations and models [Knutson

and Manabe, 1995; Zelinka and Hartmann, 2010, 2011; Bony et al., 2016]. It’s magnitude,

especially in the uppermost UT, could be influenced by the model’s representation of ozone.

Γ could also be sensitive to model resolution if resolution impacts the entrainment rate, since

entrainment modifies the RCE temperature profile [Zhou and Xie, 2019].

The arguments in this section, grounded in first principles, tell us that the ρ and Γ

effects push ṡice in opposing directions as SST warms. Ice crystals fall faster but must travel

a greater distance from one isotherm to the next. The combined effect of ρ and Γ, which is

relatively small compared to their individual effects, is negative at temperatures below 220

K and positive at warmer temperatures, with a positive mass integral between 220 and 245

K. Thus, if all else is equal, warming causes the ṡice profile to increase in magnitude and

shift slightly towards warmer temperatures.

2.4.2 Ice Crystal Fall Speed

We turn now to Vm and V ′
m. Unlike ρ and Γ, Vm and V ′

m do not have an obvious SST depen-

dence that can be inferred from first principles, so we instead rely here on their prediction

by the P3 microphysics scheme. In P3, Vm is determined following Mitchell and Heymsfield

[2005] and depends on several microphysical quantities, including ice particle density. Ice

density is predicted from the scheme’s prognostic ice variables and accounts for the effects of

riming, which is critical for the simulation of certain convective structures [Morrison et al.,

2015]. This makes P3 well suited for the present analysis compared to schemes that sort ice

particles into predefined categories with prescribed fall speeds. Changes in Vm between the

three simulations reflect changes in ice microphysics and do not necessarily correspond to

changes in the actual fall speed, since we have separated Vm from its air density modification

factor f .

In force300, the Vm and V ′
m effects on ṡice (purple and brown lines in Fig. 2.5b, respec-
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tively) are negligible, indicating that changes in ice microphysical properties cannot explain

the increase in latent heating. In con305, the Vm and V ′
m effects are large enough to warrant

discussion but are still relatively small compared to the other terms. Vm increases (becomes

less negative) throughout the UT, which acts to reduce ṡice above the level of maximum

qi (234 K) and enhance ṡice below. The V ′
m effect has a more complicated vertical struc-

ture and is largest between 235-240 K, where a steepening of the Vm profile strengthens the

sedimentation flux divergence and enhances ṡice.

Understanding the slight differences in Vm and V ′
m between our three simulations requires

an in-depth analysis of their microphysics. We forgo such analysis here, since the Vm and

V ′
m effects are relatively small in both con305 and force300, and neglecting them produces

only minor changes in ∆ṡice. Moreover, the insights gained from such an analysis would

be specific to the P3 microphysics scheme and the Vm parameterization it employs. The

parameterization of Vm is an obvious source of uncertainty in our results, and while the

small size of the Vm and V ′
m effects alleviates some of this uncertainty, it is possible that

a different fall speed parameterization could produce very different results, although this

would likely require large microphysical changes. The importance of ice fall speed in the

tropical energy budget—underscored by the mere presence of Vm and V ′
m in Eq. 2.9 and by

a large body of research [e.g., Grabowski et al., 2000; Mitchell et al., 2008; Sanderson et al.,

2008]—is worthy of further study.

2.4.3 Cloud Ice

The two remaining terms in Eq. 2.10 are the qi and q′i terms, shown respectively by the

green and red lines in Fig. 2.5. In force300, the increase in qi acts to increase ṡice at all T .

The qi effect is largest at warmer temperatures, where the absolute change in qi is greatest

and where ṡice is especially sensitive to changes in qi because Vm is large. The q′i effect is also

significant in force300 and reflects a general steepening of the qi profile, which causes q′i at

any particular T to increase in magnitude but retain the same sign. If all else is equal, this

acts to enhance latent heating above the level of maximum qi and hinder it below. The q′i
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effect dominates the total change in ṡice at cold temperatures, whereas the qi effect dominates

at warmer temperatures.

In con305, the qi and q′i effects have a more complex vertical structure. This is due to

a slight (1-K) warming of the top of the convective layer, which results from an increase in

tropospheric stability with SST [Zelinka and Hartmann, 2011]. As the top of the convective

layer warms, so does the upper extent of the qi profile, but the lower extent is tied to the

freezing level and thus does not warm in the same way. As a result, the qi profile is vertically

squashed in temperature space towards warmer temperatures. One consequence of this shift

is that the qi and q′i effects are both negative at low T . Between 215-225 K, the q′i effect

increases rapidly with T and becomes larger in magnitude than the qi effect, which is still

negative. This is significant because it produces an increase in ṡice despite a decrease in the

amount of ice. The q′i effect has the largest magnitude of any term in con305 throughout

much of the UT and at some points is even larger than its counterpart in force300. At

∼239 K, the qi, q
′
i, ρ, and V ′

m effects all contribute equally to the increase in ṡice in con305.

This is in stark contrast to force300, in which only the qi and q′i effects are significant. This

has important implications for the latent heating efficiency, which is discussed in the next

section.

2.4.4 Latent Heating Efficiency

Having examined how ṡice changes in response to warming SSTs and an imposed forcing,

we can return to the question posed at the end of section 2.2: why does the latent heating

efficiency ϵ increase with SST, and what can this tell us about the qi response to warming?

Just as we did with ṡice, we can decompose changes in ϵ into contributions from the same

six variables (section 2.6.1). This decomposition is shown in Fig. 2.6, which is restricted to

the 215-245 K range over which ϵ shows a clear dependency on SST. The ρ, Γ, Vm, and V ′
m

contributions have been grouped into a single ”non-qi” term. These non-qi terms and q′i have

straightforward effects on ϵ: wherever they act to increase (decrease) ṡice, they also act to

increase (decrease) ϵ. The qi effect on ϵ is more complicated, since qi appears both explicitly
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and implicitly (via ṡice) in Eq. 2.3. It can be shown from Eq. 2.3 that

∂ϵ

∂qi
=

1

Lsq2i
(qi

∂ṡice
∂qi

− ṡice) =
kΓVmq

′
i

Lsρ0.54q2i
(2.11)

The algebraic signs on the right hand side work out such that ∂ϵ/∂qi takes the opposite sign

of q′i. Above the qi maximum at 234 K, q′i is positive and so ∂ϵ/∂qi is negative, meaning that

ϵ will decrease in response to an increase in cloud ice.

In force300, the total change in ϵ (solid black line in Fig. 2.6b) is relatively small. Since

the non-qi contribution is also small, it must then be the case that the qi (green line) and q′i

(red line) effects approximately cancel. Indeed, throughout most of the temperature range

shown in Fig. 2.6, the decrease in ϵ associated with enhanced qi is balanced by the increase

associated with steeper qi gradients.
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On the other hand, ϵ increases significantly in con305. The non-qi terms account for

approximately half of the ϵ increase at high T but work against the increase at colder T .

The rest of the ϵ change is explained by the qi and q′i effects, which differ significantly in

shape from those in force300 because of the slight warming of the top of the qi profile. To

examine this effect, we shifted the con305 qi profile towards colder temperatures by 1 K,

which brings the top of the profile in line with that from con300. We then recalculated q′i

and ϵ at each T . The dotted black line in Fig. 2.6a shows the resulting ∆ϵ profile, which is

reduced in magnitude by ∼50% or more compared to the actual con305 profile. This shows

that approximately half of the ϵ increase in the UT can be explained by the warming of

the convective layer top. At warmer temperatures, the non-qi terms and warming of the

convective layer top account for nearly all of the increase in ϵ from con300 to con305. At

cold temperatures, where the non-qi terms work against the ϵ increase, the rest is accounted

for by the portions of the qi and q′i effects that are not associated with the temperature at

the top of the convective layer.

The increase in ϵ with warming can be understood physically as a shortening of the

residence time of ice at some particular temperature against sedimentation. This residence

time can be expressed as τsed = −qi/q̇ised , where the negative sign converts the sedimentation

tendency to a removal rate. Using Eqs. 2.3 and 2.2, it can be shown that τsed = ϵ−1. When

ϵ is high as in con305, ice is cycled through the upper troposphere at a faster rate, and the

climatological qi at any particular T is kept low by rapid sedimentation. On the other hand,

when ϵ is low, ice lingers at a particular temperature for a greater amount of time before

sedimenting onward to the next isotherm, and the same latent heating rate is associated

with larger climatological qi. It is important that this shortening of τsed with warming not

be equated with an increase in the fall speed, which is only one of several factors that

determine τsed.

The pattern of increasing ϵ and decreasing τsed with warming is supported by three

additional model runs with SSTs of 295, 310, and 315 K, as shown in Fig. 2.7. Apart from

their SSTs, these three runs have identical setups to con300 and con305.
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2.5 Summary and Discussion

This chapter is motivated by the question of how the mean qi in the tropical UT would

respond to an increase in the radiative cooling rate. In our RCE simulations, the qi response

to warming SSTs is tempered by an increase in the latent heating efficiency ϵ, which allows

con305 and force300 to achieve the same latent heating rate with different amounts of ice.

The theoretical model developed in section 2.3 reveals that qi is only one of several factors

that determine ṡice and therefore ϵ. Applying this model to our simulations, we found that

the increase in ϵ with warming can be explained primarily by 1) changes in the non-qi terms

and 2) the slight warming of the upper branch of the qi profile. Another way to understand

these results is that ice is cycled across isotherms at a faster rate in con305 than in force300,

and the lingering of ice at an isotherm in force300 results in a larger climatological qi for a

given latent heating rate. These results are summarized schematically in Fig. 2.8.

An important limitation of this work is that we have used only one model with one cloud

microphysics scheme. Given the wide variety of cloud condensate profiles produced by the

CRMs participating in RCEMIP [see Fig. 10c in Wing et al., 2020], it is likely that the

qi response to warming varies considerably across models. But our finding that ϵ increases
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are isotherms. The radiative cooling and latent heating rates at a fixed temperature level
both increase. As isotherms rise to higher altitudes and lower pressures, the lapse rate Γ and
ambient density ρ decrease. Clouds contain a greater amount of ice, but the residence time
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with warming relies on some basic mechanisms that are widely supported by previous work,

namely that SST warming causes a slight warming of the convective layer top and a decrease

in ρ and Γ at fixed T . Barring drastic intermodel differences in the Vm response to warming,

it is reasonable to suspect that the increase in ϵ with warming is robust. It would be beneficial

to assess whether the RCEMIP models agree in this regard.

In this study, we have focused primarily on changes in the domain-averaged qi because

it can be theoretically linked to the energy balance requirements of RCE, as we have shown.

But when it comes to global climate, changes in cloud amount and cloud optical properties

with warming are of primary importance. In our RCE simulations, warming SSTs cause a

reduction in cloud fraction and an increase in mean in-cloud qi at fixed temperature (Fig.
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2.3). Decreasing ice cloud area is consistent with the long-debated iris hypothesis [Lindzen

et al., 2001] and the more recently developed stability iris hypothesis [Bony et al., 2016], both

of which predict a reduction in anvil cloud fraction with warming. It is also in agreement

with the majority of the cloud-resolving models in the RCEMIP ensemble [Wing et al., 2020].

But it is important to recognize that a reduction in high cloud fraction is not an inevitable

consequence of an increase in ϵ or an increase in mean qi. By themselves, increases in ϵ and

qi do not imply any specific changes in cloud amount or optical properties; because deep con-

vection is associated with a variety of cloud types, there are myriad ways by which increases

in ϵ and mean qi could be achieved. The link between mean qi and cloud fraction is further

complicated by, among other factors, warming-induced changes in convective organization

[Emanuel et al., 2014; Wing et al., 2017; Coppin and Bony , 2018; Cronin and Wing , 2017]

and the complexity of anvil cloud dynamics [Schmidt and Garrett , 2013; Hartmann et al.,

2018; Gasparini et al., 2019; Wall et al., 2020].

Future work may focus on the extension of the framework developed here to three di-

mensions, which would reveal how changes in the mean ice amount and latent heating effi-

ciency are manifested across the distribution of convective clouds. Recently, Beydoun et al.

[2021] developed a diagnostic framework that is useful for interpreting changes in anvil cloud

fraction. The integration of these two frameworks seems particularly promising and could

advance understanding of the links between radiative cooling, latent heating, convection,

and convective cloud cover.

2.6 Supplementary Information

2.6.1 Analytical expressions for the sensitivities of ṡice and ϵ

Here we provide expressions for the partial derivatives of ṡice on the right hand side of Eq.

2.10. These expressions are derived from Eq. 2.9 and used to construct the curves shown in

Fig. 2.5. q′i and V ′
m denote ∂qi/∂T and ∂Vm/∂T , respectively. As an approximation, qi and

q′i are treated as independent of one another, as are Vm and V ′
m.
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In section 2.42.4.4, ∆ϵ is decomposed in the same manner as ∆ṡice. The total differential

approximation for ∆ϵ, analogous to Eq. 2.10, is

∆ϵ ≈ ∆ρ
∂ϵ

∂ρ
+∆Γ

∂ϵ

∂Γ
+∆Vm

∂ϵ

∂Vm

+∆V ′
m

∂ϵ

∂V ′
m

+∆qi
∂ϵ

∂qi
+∆q′i

∂ϵ

∂q′i
.

Using Eq. 2.3, ∂ϵ/∂X can be expressed in terms of ∂ṡice/∂X and evaluated using the

expressions above, where X is ρ, Γ, qi, q
′
i, Vm, or V

′
m. The results are used to construct the

curves shown in Fig. 2.6.

2.6.2 Validation for the total differential approximation of ṡice

Here we validate the use of the total differential to assess changes in ṡice. Fig. 2.9 shows

∆ṡice (relative to con300) for con305 and force300. The solid lines show the true change,

calculated by evaluating Eq. 2.9 for each run and taking the difference at each T . Dashed
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lines show the approximate change given by the total differential (Eq. 2.10). For both con305

and force300, the total differential approximation is within 10% of the true change at all T

with the exception of T < 205 K, where the fractional errors are slightly larger because ∆ṡice

is small in magnitude. This close agreement validates the use of the total differential to

attribute changes in ṡice to changes in other factors. The accuracy of the approximation is

similar for changes in ϵ (not shown).
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Figure 2.9: Change in ṡice relative to con300 calculated using (solid lines) Eq. 2.9 and
(dashed lines) the total differential approximation given by Eq. 2.10.
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Chapter 3

THE ANVIL CLOUD RESPONSE TO WARMING IN RCE
AND ITS IMPLICATIONS FOR CLIMATE SENSITIVITY

This work was published as: Sokol, A. B., C. J. Wall, and D. L. Hartmann (2024).

Greater climate sensitivity implied by anvil cloud thinning. Nature Geoscience, 17 (5), 398-

403. doi:10.1038/s41561-024-01420-6.

3.1 Introduction

Anvil clouds produced by deep convection are widespread in the Tropics and are a leading

source of uncertainty in the recent assessment of climate sensitivity by the WCRP [Sherwood

et al., 2020]. Thermodynamic arguments predict that anvil cloud area decreases as the

surface warms [Zelinka and Hartmann, 2010; Bony et al., 2016], but this could produce a

positive, negative, or neutral radiative feedback, since, unlike other cloud types, anvils can

have both a positive or negative cloud radiative effect (CRE) at different stages of their

life cycle [Hartmann et al., 2018; Gasparini et al., 2019]. Deep convective towers and fresh,

thick anvils have a high albedo and a strong, negative CRE, while thinner, aged anvils exert

a modest, positive CRE [Hartmann and Berry , 2017]. Previous estimates of the anvil area

feedback are altogether inconclusive; nevertheless, the maximum likelihood value assessed by

the WCRP was substantially negative (−0.2 W/m2/K, with a Gaussian standard deviation

of 0.2 W/m2/K). Here, we will show that such a negative feedback is not supported by an

ensemble of state-of-the-art, cloud-resolving models (CRMs). To the contrary, the models

predict that reductions in high cloud area come mostly from thick, reflective anvil clouds

that cool the climate. The clouds left behind are optically thinner on average and have a

more positive climatological CRE.



31

Previous work examining the relationship between surface temperature (Ts) and con-

vective cloud area generally supports a reduction in cloud area with warming, albeit with

regional and methodological sensitivities [Ito and Masunaga, 2022; Kubar and Jiang , 2019;

Saint-Lu et al., 2020, 2022; Lindzen et al., 2001; Su et al., 2008; Zelinka and Hartmann,

2011; Choi et al., 2017; Igel et al., 2014; Liu et al., 2017; McKim et al., 2024]. Estimates

of the associated radiative feedback, however, range from significantly negative [Choi et al.,

2017; Lindzen et al., 2001; Mauritsen and Stevens , 2015] to nearly neutral [Ito and Ma-

sunaga, 2022] or slightly positive [McKim et al., 2024; Chambers et al., 2002; Lin et al.,

2002; Li et al., 2019; Williams and Pierrehumbert , 2017]. This continued uncertainty may

arise, in part, from the use of various cloud classifications (e.g., cirrus, high cloud, anvil,

stratiform, etc.) based on arbitrary thresholds that vary from study to study. In reality,

tropical convection generates a continuum of ice clouds, with thick cumulonimbi on one end

and thin cirrus on the other. This continuum perspective is valuable because it reflects

real physical processes—the production, gradual thinning, and eventual dissipation of ice

clouds—and provides an intuitive way of understanding the role of convectively generated

clouds in tropical climate.

Here, we examine the ice cloud continuum using ice water path (IWP) as a coordinate.

IWP—the total mass of condensed ice in the atmospheric column—can be estimated from

satellite observations, is easily calculated from model output, and is closely linked to CRE

and cloud optical depth (τ ; Figure 3.1). Changes in the frequency distribution of IWP are

therefore informative for understanding the impact of ice clouds on the top-of-atmosphere

radiative balance.

We apply the continuum perspective to an ensemble of CRMs in which deep convection

and anvil evolution are explicitly simulated. As part of the Radiative-Convective Equilibrium

Model Intercomparison Project (RCEMIP) [Wing et al., 2018], these models were run on

a limited-area, oceanic domain large enough to permit large-scale convective organization

(section 3.2.2). Simulations were conducted for three fixed, uniform Ts values (295, 300, and

305 K). We will show that the ice cloud response to warming is characterized by two regimes:
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a robust reduction in thick ice cloud area that is consistent with existing thermodynamic

arguments, and a small but uncertain change in thin ice cloud area. Such changes produce

an overall thinning of the cloud population and a positive opacity feedback, implying a +0.3

◦C shift in the WCRP estimate of equilibrium climate sensitivity (ECS).

3.2 Model Simulations and Satellite Data

3.2.1 Satellite retrievals of Ice Water Path

We use three different satellite retrievals to construct an observational baseline of the IWP

distribution in tropical convective regions. All three are combined radar-lidar retrievals that

use measurements from the CALIOP lidar [Winker et al., 2009] and the CloudSat radar

[Stephens et al., 2002]. Both instruments are part of the A-train satellite constellation. The

three retrievals are DARDAR-Cloud version 2.1.1 [Delanoë and Hogan, 2010], DARDAR-

Cloud version 3.1 [Cazenave et al., 2019], and 2C-ICE R05 [Deng et al., 2010]. The two

versions of DARDAR-Cloud differ principally in their treatment of cloudy volumes detected

by the lidar only [Cazenave et al., 2019]. All three products also include retrievals of cloud

optical depth, τ , which allows for an approximate conversion between IWP and τ to facilitate

100 101 102 103 104

IWP [g/m2]
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100

101

102 DARDAR v2.1.1
DARDAR v3.10
2C-ICE R05

Figure 3.1: Mean ice cloud optical depth τ as a function of IWP in the three combined
radar-lidar satellite retrievals. Bin widths are 0.1 for log10IWP.
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comparison with previous work (Figure 3.1).

3.2.2 RCEMIP Cloud-Resolving Model Simulations

This analysis uses output from the “RCE large” simulations of RCEMIP. The full simulation

protocol is described in [Wing et al., 2018]. Briefly, the simulations have a domain size

of ∼6,000×400 km2 with 3-km horizontal resolution. They used three fixed, uniform sea

surface temperatures (295, 300, and 305 K) and were integrated for 100 days. We use the

instantaneous 3D output (every 6 hours) from the last 25 days of each run. Instantaneous

IWP is computed by vertically integrating the total (precipitating and nonprecipitating)

atmospheric ice content. We included precipitating ice to be consistent with the satellite

observations, which do not distinguish between ice types.

Our analysis includes all of the RCEMIP CRMs for which the necessary, standardized out-

put is publicly available, with the exception of UKMO-RA1-T-nocloud and UKMO-CASIM.

UKMO-RA1-T-nocloud is the same as UKMO-RA1-T apart from its deactivation of a sub-

grid cloud scheme. UKMO-CASIM is excluded because the unique vertical structure of

convection in that model produces an IWP distribution that does not reflect deep convec-

tive cloud climatology, but rather expansive, stratiform ice clouds produced by convective

detrainment near the freezing level. We also include the RCEMIP large-style simulations

described in [Sokol and Hartmann, 2022], which use the SAM model [Khairoutdinov and

Randall , 2003] with P3 microphysics [Morrison et al., 2015] (referred to as SAM-P3).

3.3 Convective clouds as a continuum of ice

The continuum of tropical ice clouds can be represented by a discrete frequency distribution

of IWP [Berry and Mace, 2014; Chen et al., 2016]. We denote this distribution as f(IWP),

which can be interpreted as the IWP-resolved cloud fraction. Similarly, we denote the mean

CRE of convectively generated ice clouds as CRE(IWP). Satellite-derived estimates of

f from the tropical West Pacific, along with model-estimated CRE, provide an intuitive

understanding of convective cloud evolution (Figure 3.2). At high IWP (> 103 g/m−2), deep
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Figure 3.2: The tropical ice cloud continuum. (a) f(IWP) derived from satellite observations
of the tropical West Pacific (150-180◦E, 15◦S-15◦N) for 2009. Three satellite retrievals and
their mean are shown. (b) Multimodel mean CRE(IWP) for the CRM simulations with
Ts=300 K.

convective cores have a large, negative CRE but cover a small area. As IWP decreases,

f and CRE both increase rapidly, which reflects the thinning and spreading of detrained

anvils. Maximum f occurs around 15-35 g/m2 (τ ∼1-2), which approximately coincides with

the CRE maximum; the most abundant anvil clouds are therefore those with the strongest

warming effect. These clouds counteract the cooling effect of thicker clouds, leading to

a climatological CRE near zero in tropical convective regions [Ramanathan et al., 1989;

Hartmann et al., 2001].

The CRM ensemble produces a wide variety of IWP distributions with varying degrees of
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similarity to the satellite-derived f (Figure 3.3). In general, the models capture the maximum

IWP of 2-4×104 g/m2 and the rapid increase in f as IWP decreases from 103 to 102 g/m2.

More than half of the models produce a relative maximum or plateau near the observed range

of 15-35 g/m2. This suggests that the models are generally capturing the basic thinning and

spreading of anvil clouds after detrainment, and that the convective cloud continuum can be

captured even in idealized representations of the tropical atmosphere. While the individual

f(IWP) curves produced by each model vary significantly, we will show that the change in

𝑓(
IW
P)

Ts  [K]

Figure 3.3: Model representations of the ice cloud continuum. Panels show f(IWP) for each
model and Ts. Dashed grey lines show the mean of the three satellite-derived estimates of
f , scaled arbitrarily by a factor of 0.75 to aid comparison of distribution shapes. Vertical,
dotted grey lines mark the cutoff between thick and thin clouds.
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f in response to surface warming follows a robust pattern across the ensemble.

In the deep Tropics, the ice cloud continuum is dominated by clouds with tops near the

level of deep convective detrainment [Stephens et al., 2018]. Mid-level ice clouds are very rare

in the observations and model simulations considered here (Figure 3.4), so we are confident

that f reflects a continuum of high clouds consisting of deep convective towers, their attached

anvils, and thin cirrus of convective or in-situ origin. Based on Fig. 3.2, the continuum can

DARDAR v2.1.1

6

10

14

18
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Figure 3.4: Cloud fraction composited by IWP for the simulations with Ts=300 K and the
DARDAR v2.1.1 satellite retrieval (bootom right). Red lines show the mean cloud top height
(CTH; shading is 10th-90th percentile). For the simulations, grid boxes are considered cloudy
if the total condensate mixing ratio exceeds 10−5 kg/kg. CTH statistics do not extend all
the way down to IWP=1 g/m2 because such low IWPs can only result from ice mixing ratios
below the cloudiness threshold. For the satellite retrieval, cloudy volumes are those with
nonzero ice water content and visible extinction coefficients exceeding 0.125 km−1 [Sokol and
Hartmann, 2020]. Data are for 150-180◦E and 12◦S-12◦N for the 2009.
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be divided into two categories with physical relevance for cloud-climate interactions: clouds

with CRE < 0 and those with CRE > 0. We refer to these as thick and thin clouds,

respectively, and separate them by an IWP threshold corresponding to the change in sign of

the multimodel mean CRE. The area fractions covered by thick and thin clouds are then

fthick =
∞∑

200 g/m2

f(IWP)

fthin =
200∑

1 g/m2

f(IWP)

and the total ice cloud fraction is fice = fthick + fthin. Clouds with IWP< 1 g/m2 have

a small CRE and are excluded from our analysis due to the tendency of some models to

produce numerically small IWP values over large swaths of the domain. We exclude these

cirrus because they can have an outsized influence on cloud fraction statistics despite their

negligible influence on radiative fluxes. We repeated our analysis using alternative thresholds

of 0.1 and 10 g/m2, which does not have an appreciable quantitative effect on our results.

The domain-averaged CRE of ice clouds, denoted here as Cice, can be similarly decom-

posed into thick- and thin-cloud contributions, Cthick and Cthin, respectively. We first define

the area-weighted CRE as

C(IWP) = f(IWP) · CRE(IWP) (3.1)

which represents the CRE of a particular IWP bin averaged over the entire domain. Then,

as with f , Cice, Cthick, and Cthin are found by summing C over the relevant IWP intervals

(Table A3.1).

3.4 Ice cloud thinning in response to warming

The response of f to surface warming varies substantially across the ensemble (Fig. 3.3, Table

A3.2). To identify robust aspects of the response, we compute the multimodel mean fractional
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Figure 3.5: The ice cloud response to warming and its radiative effects. (a) fractional change
in f(IWP), CRE(IWP) for Ts = 295 K, and ∆fC, the change in domain-averaged CRE due
to changes in f alone. Lines show multimodel means and shading shows 25-75th percentiles.
(b) Fractional change in fice and its decomposition into thick- and thin-cloud components.
(c) ∆fCice, its thick- and thin-cloud components, and its area and opacity components. All
values are normalized by ∆Ts. For box plots, boxes show Q1-Q3, dashes show medians, red
triangles show means, and dots show individual models.

change in f between 295 and 305 K (Fig. 3.5a). This shows that f increases with warming at

the largest IWPs, reflecting an increase in the ice content of the strongest convective updrafts.

Otherwise, we find that thick clouds consistently contract across the entire ensemble, with a

mean change in fthick of −2 %/K. This change, reflective of a decrease in the area occupied by

deep convective cores and fresh anvils, is in line with the anticipated weakening of the mean

convective mass flux [Knutson and Manabe, 1995; Held and Soden, 2006; Jeevanjee, 2022]. In

theory, this weakening could manifest as a decrease in the convective area fraction, a decrease

in the vertical velocity within convection, or some combination thereof. Since convective

storms are expected to be more vigorous with warming [Singh et al., 2017; Romps , 2016],

it seems likely that convective area fraction decreases. This could arise from a reduction
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in the number of convective events or a decrease in their typical width, but the present

analysis does not discern between these two mechanisms. Regardless, the reduction in fthick

seen here suggests that changes in convective area fraction affect not only deep convective

cores, but also fresh, thick anvil clouds, which are typically attached to convective cores and

undergo relatively rapid thinning after their formation [Lilly , 1988; Jensen et al., 2018]. The

impressive agreement between the CRMs (Fig. 3.5b) suggests that this response is rooted in

fundamental physics shared by all of the models.

In contrast to the reduction in fthick, there is no model consensus on changes in thin

cloud area. The ensemble is evenly split on the sign of ∆fthin, resulting in a small ensemble

mean response despite wide intermodel spread (Fig. 3.5b). The mismatch between changes

in fthick and fthin suggests that the thin cloud response is not as tightly constrained by

changes in the convective mass flux. This is in line with our current understanding that the

spreading, thinning, and maintenance of aged anvils are driven by various microphysical and

radiative processes that are not directly related to the total convective mass flux [Schmidt and

Garrett , 2013; Gasparini et al., 2019; Hartmann et al., 2018; Wall et al., 2020; Dobbie and

Jonas , 2001]. Intermodel differences in the representation of these processes (particularly

microphysics) almost certainly impact the simulated thin cloud response. With these insights

into the anvil life cycle, it is perhaps unsurprising that ∆fthin is poorly constrained compared

to ∆fthick. Since thin clouds are much more abundant than thick ones, changes in fice largely

reflect those in fthin (Tables A3.1-A3.2). Intermodel spread in ∆fice is best explained by ∆f

at ∼20 g/m2 (r2=0.92; Figure 3.6), which closely corresponds to the most abundant IWP in

observations and some models.

With a robust reduction in fthick and a small mean change in fthin, the ensemble suggests

that the ice cloud population becomes thinner in response to surface warming. The ratio of

thin to thick clouds increases in all but one of the models, demonstrating that this thinning

can occur regardless of whether the total ice cloud fraction increases, decreases, or stays

the same. This thinning is qualitatively consistent with the previous finding that thick high

clouds respond more readily than thin high clouds to interannual Ts variability observed in
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the real Tropics [Kubar and Jiang , 2019; Höjg̊ard-Olsen et al., 2022; Liu et al., 2017; Li et al.,

2019; Stubenrauch et al., 2021].
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Figure 3.6: Correlation coefficients are shown for various quantities. Black: absolute changes
in f(IWP) and fice. Green: fractional changes in f(IWP) and fice. Pink: ∆fC(IWP) and
∆fCice.

3.5 A positive opacity feedback

3.5.1 Analytical Framework

We now seek to understand how changes in the ice cloud continuum affect Cice, the domain-

averaged CRE of ice clouds which can be expressed as

Cice =
∞∑

1 g/m2

C(IWP) =
∞∑

1 g/m2

f(IWP) · CRE(IWP) (3.2)

The Cess-type cloud feedback is defined as the change in domain-averaged CRE normalized

by ∆Ts [Cess and Potter , 1988]. It differs slightly from the formal cloud feedback parameter

computed by partial radiative perturbation Soden et al. [2004]. In traditional feedback

analysis, the total cloud feedback is often decomposed into cloud altitude, area, and opacity

components. Resolved across the IWP continuum, the total Cess-type, ice cloud feedback is
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expressed as

∆C(IWP) = CRE ·∆f + f ·∆CRE +∆f ·∆CRE (3.3)

where all variables are functions of IWP and all ∆ terms are assumed to be normalized by

∆Ts. The multimodel mean of the three terms on the right-hand side are shown in Figure

3.7. The final term on the right-hand side (purple line in Fig. 3.7) is a small nonlinear

term that we neglect here. The second term on the right-hand side (green line in Fig. 3.7)

accounts for changes in CRE(IWP), which may occur due to changes in clear-sky fluxes or

cloud temperature, altitude, and microphysical structure. This term encompasses so-called

cloud masking effects [Soden et al., 2004], the entire ice cloud altitude feedback, as well as

the microphysical part of the opacity feedback, which manifests as a change in the optical

depth associated with a particular IWP. While this term is significant, it is not our focus

here.

Our interest here is in the first term on the right-hand side of Eq. 3.3, which we define

as ∆fC:

∆fC(IWP) = ∆f(IWP) · CRE(IWP) (3.4)

This is the part of ∆C attributable to changes in the frequency of a particular IWP. ∆fCice,

equal to the sum of ∆fC across all IWP > 1 g/m2, is thus the change in the domain-averaged
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Figure 3.7: Decomposition of ∆C = ∆(f · CRE) into its three component terms (Eq. 3.3)
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CRE of ice clouds due to changes in f alone. This can be separated into thick- and thin-cloud

contributions by summing ∆fC(IWP) across the respective IWP ranges.

∆fCice encompasses the entire ice cloud area feedback and the remaining part of the ice

cloud opacity feedback, since nonuniform changes in f can drive changes in mean ice cloud

opacity. To formally separate the area and opacity components, we first define the fractional

change in f(IWP) as

g(IWP) =
∆f

f
(3.5)

which can be decomposed as

g(IWP) = G+ g′(IWP) (3.6)

where G = ∆fice/fice is the fractional change in total ice cloud fraction and g′ is the deviation

from G at a particular IWP. Combining Eqs. 3.5 and 3.6 yields

∆f = f · (G+ g′) (3.7)

which when substituted into Eq. 3.4 yields

∆fC = C(G+ g′) (3.8)

where we have employed Eq. 3.1. ∆fCice is then found by summing over all IWP > 1 g/m2:

∆fCice = G
∞∑

1 g/m2

C +
∞∑

1 g/m2

g′C (3.9)

which, using the definitions of Cice and G, simplifies to

∆fCice = ∆fice · CRE +
∞∑

1 g/m2

g′C (3.10)

where CRE = Cice/fice is the conditionally averaged ice cloud CRE. The first term on the
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right-hand side is the area component of ∆fCice, which is attributable to changes in total ice

cloud fraction assuming fixed CRE (i.e., a uniform fractional change in f across all IWP).

The second term is the opacity component, which accounts for deviations from a uniform

fractional change, which causes bulk thinning or thickening of the ice cloud population and

may affect CRE. The opacity component does not account for the microphysically driven

opacity changes included in the second term of Eq. 3.3.

Recently, McKim et al. [2024] developed a simplified expression for the anvil cloud area

feedback (their Eq. 9, which they refer to as the Iris feedback). Unlike the Cess-type

feedbacks discussed above, their expression aligns with traditional feedback formalism. Dis-

cretizing their expression shows that it is the same as the cloud area component of Eq. 3.10,

with the addition of a cloud overlap term. Therefore, ∆fCice can be interpreted as the sum

of the ice cloud area feedback and the part of the opacity feedback related to changes in f .

With regard to our treatment of cloud overlap here, the formulation of CRE(IWP) described

in section 3.5.1 must be kept in mind. Whether or not the radiative effects of cloud liquid

are included in ∆fC depends on IWP. At high IWPs corresponding to deep convective cores

and very thick anvil clouds, we have assumed that any liquid present in the column belongs

to the same cloud system as the ice, and the all-sky CRE is thus used to evaluate ∆fC.

On the other hand, at low IWPs, ∆fC is evaluated using the ice-only CRE. This means,

for example, that the ice-free area exposed by a reduction in f is partially occupied by low

clouds exerting a negative radiative effect. The low-cloud CRE in the newly exposed regions

is assumed to be equal to the difference between the all-sky and ice-only CREs. This is

likely an underestimate, since the CREs of overlapping low and high clouds are not simply

additive in reality. However, the impact of this bias on ∆fCice is small due to compensating

effects of models with increasing and decreasing thin cloud area. To account for this potential

uncertainty, our analysis of ECS includes sensitivity tests, described below.
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3.5.2 Model Results

We assess ∆fC and ∆fCice separately for each model between 295–305 K. All but three

produce positive ∆fCice (Fig. 3.5c; Table A3.2), demonstrating that cloud thinning can lead

to an increase in climatological CRE regardless of whether fice increases or decreases. The

ensemble mean ∆fCice is +0.09 W/m2/K; nearly all of this increase comes from thick cloud

changes, while the mean thin-cloud contribution is again very small but with considerably

more spread (Fig. 3.5c). Intermodel spread in ∆fCice is well explained by its thin-cloud

component (r2=0.95) and best predicted by ∆fC at 40-70 g/m2 (r2=0.97; Fig. 3.6).

∆fCice can be decomposed into two parts analogous to conventional cloud area and

opacity feedbacks (section 3.3). The area component assumes a uniform fractional change

in f and no change in CRE, the conditionally averaged CRE of ice clouds. In most of

the models, the area component is very small (Fig. 3.5c), either because ∆fice is small

or because the ice cloud population is about radiatively neutral to begin with. This is in

line with previous arguments suggesting that the radiative neutrality of convective clouds

constrains the area feedback to be small [Pierrehumbert , 1995].

The opacity component of ∆fCice accounts for changes in CRE brought about by nonuni-

form changes in f , such as the thinning of the cloud population described above. Unlike the

area component, the opacity 3.5c), reflecting a mean increase in CRE due to cloud thinning.

The ensemble mean opacity component accounts for nearly all of the magnitude of ∆fCice,

suggesting that when it comes to anvil radiative feedbacks, the total change in cloud area is

less important than how that change is spread across the ice cloud continuum. The CRMs

show impressive agreement in this regard, as does at least one general circulation model with

parameterized convection [Li et al., 2019]. Again, intermodel spread in the area and opacity

components is well explained by the spread in ∆fthin (Figure 3.8).
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Figure 3.8: ∆fice, ∆fthick, and ∆fthin versus ∆fCice and its area- and opacity-related compo-
nents. Correlation coefficients are marked with an asterisk if not statistically different from
zero with 95% confidence. All values are normalized by ∆Ts.

3.6 Implications for climate sensitivity

The positive feedback predicted by the CRM ensemble represents a significant departure

from the WCRP estimate of the combined anvil area and opacity feedback, suggesting that

clouds act to enhance global warming more than was assumed in the WCRP assessment of

ECS. To update that assessment, we seek to replace the previous feedback estimate with our

RCEMIP-informed value and generate a new probability density function (PDF) of ECS.

The PDF is generated using the Bayesian inference code from Sherwood et al. [2020] with

all three lines of evidence used in the original WCRP analysis (historical, process-based, and
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Figure 3.9: Updating the probability density function of ECS. Grey: baseline WCRP feed-
back estimate of N(−0.20, 0.20) W/m2/K, where N(x, y) is a Gaussian with mean x and
standard deviation y. Pink: updated calculation using the RCEMIP-informed value of
N(0.03, 0.06) W/m2/K. Above, the thin horizontal lines and boxes show 90% and 66% con-
fidence intervals, respectively, and white dashes show the central estimate (median).

paleoclimatological).

To derive the RCEMIP-informed feedback value, we must convert the multimodel mean

∆fCice to a global mean feedback. To that end, we multiply ∆fCice by the fractional area

of Earth’s tropical oceans (37%) and assume that the Tropics warm by 0.9 ◦C for every

degree of global mean warming [Lee, J.-Y. et al., 2021]. This gives a feedback estimate

of N(0.03, 0.06) W/m2/K, where, following the WCRP convention [Sherwood et al., 2020],

N(x, y) is a Gaussian with mean x and standard deviation y, which we set equal to the

feedback standard deviation across the RCEMIP ensemble. While the RCEMIP-informed

feedback is small in magnitude compared to other cloud feedbacks, it is a large change from

the previous estimate and corresponds to a 51% increase in the total cloud feedback assessed

by the WCRP.

Updating the feedback results in a broad +0.3◦C shift in the ECS PDF (Figure 3.9). The
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central estimate (median) increases from 3.1 to 3.4 ◦C, and the 66% likely range from 2.6-3.9

to 2.8-4.2 ◦C (Table 3.1). The ∼10% widening of the likely range is counterintuitive given the

reduction in anvil feedback uncertainty relative to the WCRP assessment. The reduction in

uncertainty is outweighed by the increase in the central estimate of the feedback, which acts

to broaden the PDF due to the nonlinear relationship between ECS and feedback strength

[Roe and Baker , 2007]. The likelihoods of extreme ECS values are most dramatically affected

by the feedback update: the probability of ECS > 6◦C doubles, while that of ECS < 2◦C is

reduced by 74%.

We conduct sensitivity tests to account for additional sources of uncertainty that may not

be captured by the standard deviation of the RCEMIP ensemble. For example, changes in

cloud microphysical structure could contribute to the opacity feedback but are not included

in our estimate due to model output limitations. Overlap between high and low clouds,

some of which is accounted for in our estimate, is another possible source of model bias

and feedback uncertainty. To assess the impact of greater feedback uncertainty, we run the

ECS calculations for additional feedback values of N(0.03, 0.16) and N(0.03, 0.20) W/m2/K

(Table 3.1). The value of 0.16 W/m2/K is the maximum deviation of any individual model

from the multimodel mean and thus encompasses the full ensemble spread. The value of

0.20 W/m2/K is the WCRP-assessed uncertainty from [Sherwood et al., 2020], intended to

serve as an upper bound. As shown in Table 3.1, changing the feedback uncertainty has

little effect on the resulting PDF. This suggests that the shift in the PDF seen in Figure

3.9 arises from the increase in the central estimate of the feedback rather than the reduced

uncertainty.

3.7 Discussion

A main takeaway of this work is that changes in tropical ice cloud opacity are a critical part

of the cloud response to warming. The possibility of a high cloud opacity feedback has been

noted before [Mauritsen and Stevens , 2015; Hartmann, 2016; Li et al., 2019] but has received

comparatively little attention in broader discussions of cloud feedback and ECS. Previous
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assessments have often assumed fixed anvil opacity [Lindzen et al., 2001; Lin et al., 2002],

perhaps due to the lack of a priori expectations for how changes in area would be spread

across the distribution of clouds observed in the present-day Tropics. By treating tropical ice

clouds as a continuum, this work provides an initial characterization of that response. While

our estimate of the combined area and opacity feedback is small, it constitutes a significant

increase from the WCRP estimate [Sherwood et al., 2020] and implies a substantial shift in

the PDF of ECS.

There are several possible explanations for the disagreement between the RCEMIP-

derived feedback estimate and that of the WCRP. The WCRP estimate of N(−0.20, 0.20)

W/m2/K was based on the results of Williams and Pierrehumbert [2017], who examined the

interannual variability of tropical CRE using CERES satellite measurements and ECMWF

reanalysis. We note, however, that we are unsure of the exact methodology used by the

WCRP to arrive at a central feedback estimate of -0.2 W/m2/K, and we have been unable

to arrive at that value ourselves. Nevertheless, there are several possible explanations for

the disagreement. First, Williams and Pierrehumbert [2017] computed CRE as a function

of B, a metric of cloud-base buoyancy that is used to identify convectively active regions of

the Tropics. The WCRP feedback estimate was based on the Ts-CRE relationship in the

parts of the Tropics where B > 0, which are taken to be deep convective regions. While

Percentile: 5th 17th 50th 83rd 95th Mode Mean

WCRP: N(−0.2, 0.2) 2.26 2.55 3.11 3.88 4.70 2.96 3.25

RCEMIP: N(0.03, 0.06) 2.44 2.77 3.37 4.23 5.11 3.02 3.52
RCEMIP: N(0.03, 0.16) 2.41 2.74 3.35 4.22 5.12 3.01 3.50
RCEMIP: N(0.03, 0.20) 2.38 2.72 3.33 4.22 5.13 3.11 3.49

Table 3.1: Percentile values and other statistics (in ◦C) for the posterior PDFs of ECS
generated from different feedback values. Statistics are given for the original WCRP feedback
estimate and for the RCEMIP-informed estimates, which use different values for the feedback
uncertainty.
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high ice clouds dominate the cloud distribution in those regions, shallow cumulus are also

present and could affect the Ts-CRE relationship in significant ways. It therefore seems likely

that other types of clouds were included in the WCRP estimate of the anvil area feedback.

Second, studies based on interannual variability are confounded by El Niño-Southern Oscil-

lation variability, which affects the large-scale distribution of convection and may plausibly

affect cloud properties. On the contrary, the RCEMIP experiments use uniform changes

in Ts. Lastly, our estimate of the feedback does not account for any significant changes in

cloud microphysical structure that would have been implicitly included in observations of

interannual variability. We stress that these three explanations are speculative, and that

there may be other reasons why the WCRP and RCEMIP-based feedback estimates differ.

Extrapolating from RCEMIP to a global mean feedback comes with the caveat that

certain atmospheric changes cannot be captured in such idealized simulation setups. For

example, our feedback estimate cannot account for warming-induced changes in planetary-

scale circulation or dynamical modes of variability, which could affect patterns of convection

and cloudiness. However, the RCEMIP CRMs produce a wide range of changes in large-scale

convective organization in response to warming [Wing et al., 2020]; these changes freely affect

cloud properties and are thus implicitly included in our analysis. We are therefore confident

that our estimate spans a wide range of possible changes in large-scale convective dynam-

ics. Furthermore, we have already shown that the CRMs capture the expected reduction in

deep convective area in response to warming; this, along with previous work showing that

the ensemble-predicted changes in cloud altitude and temperature are consistent with ob-

servational and theoretical expectations [Wing et al., 2020; Stauffer and Wing , 2022], adds

confidence that the most fundamental aspects of the convective response are well represented

by the CRMs.

The continuum framework has revealed that thick, climate-cooling and thin, climate-

warming clouds are affected differently by changes in Ts. The robust decrease in thick cloud

area mirrors expected changes in convective mass flux, whereas the uncertain thin-cloud

response appears to be influenced by other factors. In particular, thin clouds with IWP
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between 20-70 g/m2 (τ ∼1-3) are the leading source of uncertainty in changes in ice cloud

area and radiative effect. These clouds are known to be shaped by various radiative, dynamic,

and microphysical processes that may respond to warming in complex ways [Gasparini et al.,

2023]. Constraining these changes is a challenging undertaking that requires consideration

of a wide range of physical scales, but such an endeavor may prove critical for understanding

tropical climate change.

3.8 Supplementary Information

3.8.1 Calculation of CRE(IWP) and treatment of low clouds

For each column of model output, CRE is computed as the difference between hourly mean

all-sky and clear-sky radiative fluxes. We seek to calculate CRE(IWP) such that it reflects

the radiative effects of clouds produced by deep convection while excluding the effects of

unrelated liquid clouds below. To this end, we first compute the mean CRE of all columns

falling within each IWP bin (the “all-cloud” CRE) as well as that of the columns with liquid

water path below 1 g/m2 (the “ice-only” CRE) (Figure 3.10a). Liquid clouds found in low-

IWP columns are typically low clouds at the top of the boundary layer, which are unrelated

to the overlying ice clouds but nevertheless have an impact on the top-of-atmosphere CRE

[Kang et al., 2020]. Therefore, to exclude their radiative effects from CRE(IWP), we set

CRE(IWP) equal to the ice-only for IWP < 102 g/m2. On the other hand, liquid found in

high-IWP columns is typically part of same deep convective cloud as the ice above; we seek

to include these liquid effects and therefore set CRE(IWP) equal to the all-sky CRE for

IWP > 103 g/m2. Between 102 and 103 g/m2, we use a transition that is linear with respect

to log10IWP (Fig. 3.10a). These thresholds were selected based on the multimodel mean

liquid cloud fraction within each IWP bin (Figure 3.10b), which increases rapidly within this

range, signaling a shift from low clouds unrelated to the high clouds above to deep convective

clouds occupying a large portion of the atmospheric column. Our results are not sensitive to

the details of this transition, and the multimodel mean CRE(IWP) for Ts=295 K changes
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sign at ∼200 g/m2 (τ ∼4-5) , which is consistent with previous analyses [Hong et al., 2016;

Berry and Mace, 2014; Kubar et al., 2007].
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Figure 3.10: (a) Multimodel mean CRE computed three different ways, as described in the
text. (b) Multimodel mean liquid cloud fraction as a function of IWP for the 300-K run. A
column is determined to contain liquid cloud if the liquid water path exceeds 1 g/m2.
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3.8.2 Tables

Model fice fthin fthick Cice Cthin Cthick CRE

Ts = 295 K

SAM-CRM 0.2273 0.1960 0.0313 -1.3452 1.3769 -2.7220 -5.9175
DAM 0.3093 0.2477 0.0616 5.5146 6.1598 -0.6451 17.8271
UCLA-CRM 0.1916 0.1638 0.0278 1.6927 3.3738 -1.6810 8.8362
SCALE 0.2053 0.1763 0.0290 4.4638 4.7173 -0.2535 21.7375
WRF-COL-CRM 0.4048 0.3389 0.0660 -3.1959 2.9234 -6.1193 -7.8940
CM1 0.3634 0.3145 0.0489 4.5477 5.0635 -0.5158 12.5134
SAM-P3 0.3228 0.2808 0.0421 -1.3681 4.3847 -5.7529 -4.2378
ICON-NWP 0.4380 0.3669 0.0710 10.8685 13.6368 -2.7683 24.8167
ICON-LEM 0.4371 0.3920 0.0451 10.6213 12.3052 -1.6839 24.3001
UKMO-RA1-T 0.2631 0.2206 0.0425 0.1170 3.9020 -3.7850 0.4447
MESONH 0.6012 0.5371 0.0641 4.6222 7.8594 -3.2372 7.6885

Mean 0.3422 0.2941 0.0481 3.3217 5.9730 -2.6513 9.1013
St. Dev. 0.1175 0.1064 0.0148 4.4591 3.6782 1.8951 11.6571

Ts = 300 K

SAM-CRM 0.2018 0.1767 0.0251 0.0298 2.0116 -1.9819 0.1475
DAM 0.2948 0.2402 0.0545 5.6431 6.0633 -0.4202 19.1426
UCLA-CRM 0.1944 0.1678 0.0266 2.2951 3.6245 -1.3294 11.8078
SCALE 0.2090 0.1846 0.0244 4.3751 4.6433 -0.2683 20.9309
WRF-COL-CRM 0.4060 0.3452 0.0607 -1.2774 3.6637 -4.9411 -3.1466
CM1 0.3412 0.2967 0.0446 4.2264 4.6043 -0.3779 12.3855
SAM-P3 0.2778 0.2386 0.0392 -1.1071 4.0657 -5.1728 -3.9850
ICON-NWP 0.5514 0.5013 0.0501 17.4096 18.7798 -1.3702 31.5761
ICON-LEM 0.4569 0.4152 0.0417 11.7734 12.9995 -1.2260 25.7671
UKMO-RA1-T 0.1878 0.1552 0.0326 0.3212 3.2015 -2.8804 1.7101
MESONH 0.4515 0.4000 0.0515 4.2143 6.9136 -2.6993 9.3332

Mean 0.3248 0.2838 0.0410 4.3549 6.4155 -2.0607 11.4245
St. Dev 0.1203 0.1117 0.0120 5.4601 4.8018 1.6379 11.4356

Ts = 305 K

SAM-CRM 0.2010 0.1782 0.0227 0.4525 2.3056 -1.8531 2.2518
DAM 0.3102 0.2617 0.0485 3.0872 3.5621 -0.4749 9.9517
UCLA-CRM 0.2182 0.1927 0.0256 3.5113 4.6452 -1.1339 16.0896
SCALE 0.1769 0.1553 0.0216 4.1445 4.4591 -0.3146 23.4286
WRF-COL-CRM 0.3860 0.3295 0.0565 -0.2437 4.0894 -4.3331 -0.6313
CM1 0.2664 0.2325 0.0338 3.4477 3.7547 -0.3070 12.9441
SAM-P3 0.3247 0.2911 0.0337 1.2244 5.3036 -4.0792 3.7707
ICON-NWP 0.5301 0.4871 0.0430 14.9193 15.8377 -0.9184 28.1420
ICON-LEM 0.4809 0.4451 0.0357 13.1020 14.0538 -0.9518 27.2471
UKMO-RA1-T 0.1410 0.1133 0.0277 -0.4999 2.1195 -2.6194 -3.5462
MESONH 0.5833 0.5266 0.0567 7.4853 10.0338 -2.5485 12.8337

Mean 0.3290 0.2921 0.0369 4.6028 6.3786 -1.7758 12.0438
St. Dev 0.1423 0.1334 0.0121 4.9559 4.5164 1.3808 10.4886

Table A3.1. Values of select quantities for the individual models in the RCEMIP CRM
ensemble. All f values are unitless. All C values and CRE are in W/m2.
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Model ∆fice ∆fthin ∆fthick ∆fCice ∆fCthin ∆fCthick Area Opacity Global

SAM-CRM -0.0026 -0.0018 -0.0009 0.0772 -0.0045 0.0816 0.0156 0.0616 0.0257
DAM 0.0001 0.0014 -0.0013 0.0119 -0.0056 0.0175 0.0016 0.0104 0.0040
UCLA-CRM 0.0027 0.0029 -0.0002 0.0748 0.0606 0.0142 0.0236 0.0512 0.0249
SCALE -0.0028 -0.0021 -0.0007 -0.0792 -0.0856 0.0065 -0.0618 -0.0173 -0.0264
WRF-COL-CRM -0.0019 -0.0009 -0.0009 0.0857 -0.0075 0.0932 0.0149 0.0708 0.0285
CM1 -0.0097 -0.0082 -0.0015 -0.1382 -0.1526 0.0144 -0.1215 -0.0168 -0.0460
SAM-P3 0.0002 0.0010 -0.0008 0.1361 0.0329 0.1031 -0.0008 0.1368 0.0453
ICON-NWP 0.0092 0.0120 -0.0028 0.5671 0.4334 0.1337 0.2288 0.3383 0.1888
ICON-LEM 0.0044 0.0053 -0.0009 0.2249 0.1825 0.0424 0.1064 0.1186 0.0749
UKMO-RA1-T -0.0122 -0.0107 -0.0015 -0.0799 -0.2011 0.1212 -0.0054 -0.0745 -0.0266
MESONH -0.0018 -0.0011 -0.0007 0.0908 0.0452 0.0455 -0.0138 0.1046 0.0302

Median -0.00180 -0.00090 -0.00090 0.07720 -0.00450 0.04550 0.00160 0.06160 0.02570
Mean -0.00131 -0.00020 -0.00111 0.08829 0.02706 0.06121 0.01705 0.07125 0.02939
St. Dev. 0.00570 0.00583 0.00065 0.18191 0.16266 0.04467 0.08544 0.10445 0.06056

Table A3.2. Values of select quantities for individual models. All values correspond to
absolute changes between the 295- and 305-K simulations, normalized by ∆Ts. ∆f values
are in 1/K and all other values are in W/m2/K. “Area” and “Opacity” refer to the area
and opacity components of ∆fCice. “Global” refers to the global mean feedback, which is
computed from ∆fCice as described in the text. Note that ∆fice, ∆fthin and ∆fthick shown
here differ from the values shown in Fig. 3.5b, which are fractional changes.
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Chapter 4

CONVECTIVE AGGREGATION AND THE CONGESTUS
MODE OF TROPICAL CONVECTION

This work was published as: Sokol, A. B. and D. L. Hartmann (2022). Congestus mode

invigoration by convective aggregation in simulations of radiative-convective equilibrium.

Journal of Advances in Modeling Earth Systems, 14 (7). doi.org/10.1029/2022MS003045.

4.1 Introduction

Convection in the tropical atmosphere is known to be trimodal [Johnson et al., 1999]. The

first and dominant mode is deep convection, marked by towering cumulonimbus clouds ex-

tending from the boundary layer to the tropopause. Deep convection is typically front and

center in conceptual models of the tropical circulation because of its close relationship to the

Hadley and Walker circulations, which play an important role in global climate. The second

mode is shallow convection, which produces shallow cumulus clouds (also called trade wind

cumulus) at the top of the boundary layer. The final mode, the congestus mode, describes

convection that reaches the mid-troposphere. Congestus cloud tops are typically found in

the vicinity of the freezing level, distinctly between shallow and deep cumulus. This third

mode is the primary focus of this chapter.

In previous work, the term shallow has often been used to refer to any convective feature

that is distinct from the deep mode. But such features could be either shallow or congestus

in nature; to avoid this ambiguity, we refer to features as shallow if they are restricted to

pressures greater than 750 hPa and congestus if their upper extent lies between 400 and 750

hPa.

The three modes of tropical convection were first recognized by Johnson et al. [1999] in
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the observed distribution of clouds over tropical oceans. However, overturning circulations

observed in the tropics or derived from global wind reanalyses have generally been only

bimodal, with a deep mode and a second mode that is either shallow, congestus, or something

in between [Zhang et al., 2004, 2008; Schulz and Stevens , 2018; Chen and Yu, 2021; Trenberth

et al., 2000]. There are several possible explanations for this discrepancy. It could be the case

that the three modes are not expressed simultaneously, or that the shallow and congestus

modes fuse together when averaged over large regions or periods of time. It could also

be the case that the relatively fine structures of the shallow mode are not well resolved

in reanalyses. Or, perhaps the shallow and congestus modes of convection simply do not

translate into distinct modes of the tropical overturning circulation due to interference from

other dynamical factors.

The situation is somewhat different in model simulations of radiative-convective equi-

librium (RCE), in which each mode of convection is associated with a closed overturning

circulation. This is because traditional “RCE-in-a-box” simulations, unlike the real tropics,

have no mean large-scale vertical motion, so all convective detrainment must be compensated

for by subsidence at the same vertical level. Many model simulations successfully capture

the trimodal character of convection [Bretherton et al., 2006; Posselt et al., 2008; Muller

and Held , 2012; Holloway and Woolnough, 2016; Beydoun and Hoose, 2019; Chen and Wu,

2019], but others produce just two modes [Grabowski et al., 2000; Nolan et al., 2007; Arnold

and Putman, 2018]. The congestus mode is especially fickle but has received little attention

compared to the deep and shallow modes. Our primary goal here is to better understand

the variability and sensitivities of the congestus mode in simulated RCE.

Previous work has provided valuable insight into the nature of congestus overturning.

Yano et al. [2002] argued that cloud-resolving models (CRMs) develop congestus-like circu-

lations (what they refer to as “shallow double-cell” circulations) because the deep circulation

is linearly unstable when the model domain is a few thousand kilometers in length. The de-

viation of model temperature profiles from the real atmosphere has also been implicated

[Grabowski et al., 2000]. Others have described congestus convection as a precursor to deep
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convection that imports moist static energy until the latent heating is strong enough to

support deep updrafts [Wu, 2003; Masunaga and L’Ecuyer , 2014; Chen and Yu, 2021]. Ad-

ditionally, congestus clouds have long been associated with mid-tropospheric stable layers,

which are thought to inhibit the vertical development of convection by reducing updraft

buoyancy and promoting midlevel detrainment. These stable layers have been attributed to

various causes, including: latent cooling associated with the melting of frozen precipitation

from stratiform clouds [Mapes and Houze, 1995; Johnson et al., 1996; Yasunaga et al., 2006];

evaporative cooling of detrained liquid condensate and subsequent radiative cooling [Posselt

et al., 2008; Nuijens and Emanuel , 2018]; and the radiative [Mapes and Zuidema, 1996] and

microphysical [Zuidema et al., 2006] responses to dry air intrusions. This previous work

suggests that careful consideration of moisture, radiative transfer, and static stability is nec-

essary in order to fully understand how the congestus mode is expressed in cloud-resolving

RCE.

The apparent linkages to moisture and static stability also beg the question of how the

congestus mode is affected by the large-scale self-aggregation of convection (aggregation for

brevity). Aggregation describes the process by which convection spontaneously organizes

into distinct regions characterized either by mean ascent (the moist or convecting regions)

or by radiatively driven subsidence (the dry or nonconvecting regions). The convecting and

nonconvecting regions correspond to the rising and subsiding branches, respectively, of the

convectively coupled circulation modes. Aggregation affects the mean RCE climate in several

important ways, two of which will be especially relevant throughout this chapter. First, the

troposphere becomes warmer and more stable [Held et al., 1993; Bretherton et al., 2005;Wing

and Cronin, 2016]. Because stable layers are thought to promote congestus-level detrainment,

we may a priori expect the congestus circulation to strengthen in response to aggregation.

Second, the troposphere becomes drier on average as the dry, nonconvecting regions grow to

occupy a large fraction of the horizontal area [Bretherton et al., 2005]. Dryness aloft allows

for strong radiative cooling at the top of the moist boundary layer in nonconvecting regions,

which is thought to play an important role in driving shallow circulations [Nigam, 1997;
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Bretherton et al., 2005; Nishant et al., 2016; Naumann et al., 2017, 2019]. These shallow

circulations have been shown to support aggregation by transporting moist static energy

up-gradient from nonconvecting to convecting regions [Bretherton et al., 2005; Muller and

Held , 2012; Muller and Bony , 2015; Schulz and Stevens , 2018]. Despite extensive study of

convective aggregation, its impact on congestus circulations has, to our knowledge, not been

investigated.

This chapter explores three different aspects of the congestus mode in cloud-resolving

RCE. First, we seek to understand its intermodel variability. To do so, we examine the

circulation structures produced by the ensemble of CRMs participating in the Radiative-

Convective Equilibrium Model Intercomparison Project [RCEMIP; Wing et al., 2018]. Be-

yond contributing to the ongoing exposition of RCEMIP results, which is valuable in its

own right, this analysis will illustrate that different models produce very different RCE cir-

culations even when the experimental configurations are identical. It will also show that

stronger congestus circulations are associated with higher degrees of convective aggregation

and greater tropospheric stability.

Second, we ask why the congestus circulation is invigorated by convective aggregation.

This question is difficult to answer using the RCEMIP ensemble, since the RCEMIP models

differ in countless ways. We overcome this difficulty by performing a new set of idealized,

two-dimensional RCE simulations that use a single model but span a wide range of aggrega-

tion states, which offers a more compelling account of the relationship between aggregation,

congestus strength, and static stability. In this new ensemble, aggregation invigorates the

congestus circulation at the expense of the shallow circulation. We will show that the con-

gestus circulation is subject to a positive feedback involving vertical gradients of moisture

and radiative cooling. An additional simulation with prescribed radiative cooling will show

that this feedback is central to congestus invigoration, whereas greater tropospheric stability

is not necessary.

Lastly, we investigate why the troposphere is more stable when convection is aggregated.

This will show that congestus invigoration is a cause, rather than a consequence, of en-
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hanced stability. Previously identified sources of enhanced stability are also found to play

an important role.

In section 4.2, we describe the RCEMIP model output, explain the transformation to

“moisture space” used to characterize atmospheric circulations, and discuss the RCEMIP

results. In section 4.3, we introduce the new, 2D simulations and investigate the causes of

congestus invigoration. Section 4.4 focuses on static stability, its dependence on aggregation,

and its relationship to the congestus mode. In section 4.5, we summarize and discuss our

results.

4.2 Circulation variability in the RCEMIP CRM ensemble

4.2.1 Simulations and Output

The RCEMIP simulation protocol is described in Wing et al. [2018]. We use output from

the “RCE large300” CRM runs obtained from the public RCEMIP repository hosted by the

German Climate Computing Center. We refer to the different models using the same naming

conventions as in Wing et al. [2020]. There are twelve CRMs for which full RCE large300

output is available at the time of writing; all are included in our analysis with the exception

of the UKMO-RA1-T-nocloud simulation, which differs from the UKMO-RA1-T run (which

we include) only in that that sub-grid cloud scheme is disabled.

The RCE large300 simulations use a domain size of ∼6000 km × ∼400 km, a horizontal

grid spacing of 3 km, and a uniform sea surface temperature (SST) of 300 K. There is no

rotation. Each model run was integrated for at least 100 days. Our analysis uses the last 25

days of each simulation, for which instantaneous 3D output is available at six-hour intervals.

An exception to these specifications is the DAM model, which has 2.5-km horizontal grid

spacing and 3D output available at 24-hour intervals. The RCEMIP CRMs use a variety of

vertical coordinates. To facilitate comparison across models, we convert all output to pressure

coordinates by taking the time- and domain-averaged pressure at each vertical level.

In addition to the 11 RCEMIP simulations, we conduct a new, RCEMIP-style run using
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the System for Atmospheric Modeling [SAM; Khairoutdinov and Randall , 2003] with the

Predicted Particle Properties (P3) microphysics scheme [Morrison and Milbrandt , 2015] and

RRTM radiation [Iacono et al., 2000; Mlawer et al., 1997]. We will refer to this run as SAM-

P3 to distinguish it from the RCEMIP SAM-CRM run, which uses a different microphysics

scheme. The SAM-P3 run uses a 6144×384-km2 domain. All other specifications (horizon-

tal resolution, vertical grid, insolation, trace gases, etc.) follow the RCEMIP protocol for

RCE large300 simulations.

4.2.2 Transformation to Moisture Space

We will examine atmospheric circulations in “moisture space”, as has been done in the past

[e.g. Bretherton et al., 2005; Holloway and Woolnough, 2016; Schulz and Stevens , 2018; Bey-

doun and Hoose, 2019]. In this approach, vertical columns of the atmosphere are rearranged

and binned according to some measure of column-integrated moisture; here, we use the

column relative humidity (CRH) percentile. Because horizontal temperature gradients are

weak in the tropics [Sobel et al., 2001], CRH corresponds closely to the column-integrated

moist static energy. We use all of the model output from the 25-day compositing period

to compute the mean atmospheric state as a function of CRH percentile. The result is a

transformation of the modeled atmosphere from four dimensions (x, y, p, t) to two (CRH

percentile, p). The circulations that emerge from this transformation reflect the exchange of

mass between moist regions typically associated with convection and dry regions associated

with subsidence.

For each simulation, we begin by computing CRH for each atmospheric column at every

time step in the 25-day compositing period for which 3D output is available. CRH is com-

puted from the 2D output as the ratio of the column-integrated water vapor to the saturation

column-integrated water vapor. The calculation of saturation vapor pressure is not specified

in the RCEMIP protocol and therefore varies from model to model. CRH percentiles are

then assigned to each grid cell at each time step; the percentiles are computed relative to the

entire set of CRH values for the 25-day compositing period, as opposed to the values from
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Figure 4.1: CRH percentiles for the RCEMIP CRMs (RCE large300 simulation). The CRH
variance σ2

CRH for each model is given in parentheses.

each individual time step. The grid cells are then sorted by CRH percentile into 100 equally

sized bins, with each bin thus representing 1% of the domain area over time.

Figure 4.1 shows the CRH percentiles for each of the RCEMIP models. Differences in the

curves reflect intermodel differences in how moisture is distributed across the domain, which

are closely related to differences in the degree of convective aggregation. In this chapter, we

quantify the degree of aggregation using the spatial and temporal variance of CRH (σ2
CRH),

which has been used by others in the past [Wing et al., 2020]. We prefer this metric because

it is simple and physically intuitive within the moisture space context. Fig. 4.1 shows that

the models are tightly clustered when it comes to the CRH in the moistest part of the

domain. The intermodel spread is much larger in the driest regions, suggesting that σ2
CRH is

determined primarily by how dry the dry regions become.

Following Schulz and Stevens [2018], we compute the mass streamfunction Ψ (kg m−2

s−1) in pressure coordinates as

Ψi(p) = Ψi−1(p) +
α

g
ωi(p) (4.1)

where i is the CRH percentile bin rank (1-100) and Ψ0(p) = 0. ω is the bin-averaged vertical

velocity in pressure coordinates, g is the acceleration due to gravity, and α = 0.01 is the
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fraction of total grid boxes contained in the i-th bin. The algebraic sign of Ψ is such that

flow is counterclockwise around Ψ maxima and clockwise around Ψ minima in all subsequent

figures.

From Ψ, we can compute the horizontal velocity in moisture space, v, as

vi(p) = −g
∂Ψi(p)

∂p
. (4.2)

v represents the horizontal exchange of mass between CRH percentile bins. It has unconven-

tional units of time−1 because, in moisture space, “distance” is measured as a dimensionless

fraction of the domain area. We have chosen these particular formulations of Ψ and v because

they are independent of domain size, which varies slightly across the RCEMIP ensemble for

computational reasons. They are also easily applicable in both two and three dimensions,

allowing us to use the same formulations in our analysis of the 2D ensemble in section 4.3.

In moisture space, we quantify the strength of the congestus circulation asvcong, equal

to the 400-750-hPa mass average of the negative values of v at the 50th CRH percentile.

The 400-750 range was chosen because it excludes outflow associated with the deep and

shallow circulations but captures the range of congestus detrainment heights produced by

the different simulations. If v is positive throughout this entire range, as it is in two of the

RCEMIP models (SCALE and WRF-COL-CRM), vcong is set to zero. More negative values

of vcong indicate stronger congestus-level flow from high to low CRH and thus a stronger

congestus circulation.

4.2.3 Circulation

Streamfunctions (Ψ) for the RCEMIP models are shown in Figure 4.2a. While there is clearly

great diversity among the models, there are some common features to note. All models

produce a dominant deep circulation that extends from the lower troposphere to ∼200 hPa.

The rising branches of the deep cells are confined to the top few CRH percentiles, meaning

that the upward convective mass flux is concentrated within a small horizontal area. A
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Figure 4.2: (a) Streamfunction Ψ, (b) relative humidity, and (c) radiative heating rate in
moisture space for the RCEMIP CRMs. The black contours in (b) and (c) show Ψ and have
a spacing of 1 g m−2 s−1 (the outermost contour is 1 g m−2 s−1). Flow is counterclockwise
around Ψ maxima. The orange contour in (b) indicates a cloud fraction of 0.1 using a cloud
condensate threshold of 10−5 kg kg−1. The hatching in (c) shows where the radiatively driven
divergence Drad exceeds 0.05 day−1; hatching is only shown between 350 and 750 hPa. Note:
While not visible, Ψ goes to zero at the highest CRH percentile.
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majority of the models have negative Ψ near the surface in the top few CRH percentiles,

which is the signature of below-cloud downdrafts driven by the evaporative cooling of rain

(i.e., cold pools).

The deep circulation in ICON-NWP is unique in several ways. First, the rising branch

extends to much lower CRH percentiles than in the other runs. This does not mean that

updrafts occupy a larger fraction of the domain (they do not), but that ω is not tightly

linked to CRH in ICON-NWP. Second, the deep overturning circulation is weak compared to

those in the other models. This is consistent with the previous finding that the integrated,

atmospheric radiative cooling rate is smaller in ICON-NWP than in any other RCEMIP

model, including the general circulation models (see RNet in Table A2 in Wing el al., 2020).

The weak atmospheric cooling is partially due to especially high cloud fraction in the upper

troposphere (Fig. 4.2b). The ubiquitous high clouds are also responsible for the distinct

circulation cell between 150-300 hPa that flows in the opposite direction as the deep cell,

with ascent in dry regions and subsidence in moist regions. This circulation is driven by

cloud radiative effects, which heat the upper troposphere at low CRH and cool it at high

CRH(Fig. 4.2c).

Shallow circulations centered near the top of the boundary layer are present in a majority

of the models. As one would expect from previous work, the models with strong shallow

circulations are generally those with strong radiative cooling at the top of the dry-region

boundary layer (Fig. 4.2c). This cooling is remarkably strong in UCLA-CRM due to the

combination of high humidity and cloud fraction within the boundary layer and low humidity

immediately above.

The most notable difference between the model circulations is the representation of the

congestus mode. In the moisture-space framework, the clearest marker of the congestus cir-

culation is its upper branch, which manifests as a layer of moist-to-dry outflow (negative v)

in the mid-troposphere. UCLA-CRM and SAM-P3 produce distinct congestus cells with out-

flow between 400-600 hPa (Fig. 4.2a). MESONH also has a trimodal circulation with lower

outflow layers at 400-500 and 650-800 hPa. UKMO-CASIM and DAM both have weak con-
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gestus outflow layers, although in DAM the flow is restricted to low CRH percentiles, which

suggests that it may not originate from surface-based convection. Interestingly, UKMO-RA1-

T produces a circulation with four distinct cells, the middle two of which have outflow in the

congestus range. The remaining models produce bimodal circulations without a congestus

cell.

When present, the congestus circulation has a large impact on relative humidity (RH;

Fig. 4.2b) and radiative cooling (Fig. 4.2c). Congestus outflow layers are associated with

plumes of moisture extending from the convective regions into the nonconvective regions,

which tend to be drier in the runs with strong congestus cells. As the moist outflow travels

away from its convective source, the atmosphere above it becomes increasing dry, and a

strong vertical gradient in RH develops at the top of the outflow layer. The sharp drop-off

in RH with height allows for strong radiative cooling, which causes the layer to gradually

subside as it moves further from convection. This structure is most evident in UCLA-CRM,

UKMO-RA1-T, and SAM-P3.

The sharp vertical gradients in RH and radiative cooling are similar in many respects to

those thought to induce shallow circulations at the top of the boundary layer [Bretherton

et al., 2005; Naumann et al., 2017]. It is easy to envision an analogous mechanism acting

as a positive feedback on congestus detrainment. Because horizontal temperature gradients

in tropical RCE are weak, the dominant thermodynamic balance in the free troposphere in

nonconvective regions is that between radiative cooling and subsidence warming. The rate

of subsidence needed to exactly balance radiative cooling is ωrad = Qrad/s, where Qrad is the

radiative cooling rate and s the static stability. In nonconvective regions, where radiative

cooling is the principal diabatic process, ωrad is a good approximation of mean ω. Vertical

gradients in ωrad produce radiatively driven divergence

Drad =
∂

∂p
ωrad. (4.3)

To satisfy mass continuity, radiatively driven divergence in nonconvective regions must be
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Figure 4.3: Domain-averaged static stability s for each RCEMIP CRM. Dots indicate the
freezing level for each run.

filled by horizontal outflow from convective regions at the same vertical level. These outflow

plumes undergo strong cooling, which generates radiatively driven divergence and, in turn,

leads to more congestus outflow. We will refer to this as the radiative-divergence feedback.

The hatching in Fig. 4.2c indicates Drad in excess of 0.05 day−1. While every model

produces widespread divergence above 300 hPa associated with the deep mode, hatching

is only shown between 350-750 hPa for clarity. About half of the models have notable

divergence within this pressure range. In the two ICON models, the divergence is associated

with cloud radiative heating. In the others, it is coincident with the top of the congestus

outflow layer, where the radiative cooling rate rapidly decreases with height. This shows

that the patterns of radiative cooling produced by congestus detrainment are qualitatively

consistent with the radiative-divergence feedback mechanism.

4.2.4 Static Stability and Aggregation

As previously discussed, static stability may also play an important role in congestus dynam-

ics. Figure 4.3 shows the mean static stability for each RCEMIP model, which in pressure
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σ2
CRH vcong

a sb Drad
c

σ2
CRH 1.00 -0.82 0.52 0.84

vcong
a -0.82 1.00 -0.63 -0.81

sb 0.52 -0.63 1.00 0.66
Drad

c 0.84 -0.81 0.66 1.00
a vcong decreases with increasing congestus strength
b400-600-hPa mean.
c400-750-hPa and 1-50th-CRH percentile mean.

Table 4.1: Correlation coefficients for measures of convective aggregation (σ2
CRH), congestus

strength (vcong), midlevel stability (s), and radiatively driven divergence (Drad) across the
RCEMIP CRM ensemble.

coordinates is given by

s = −T

θ

∂θ

∂p
(4.4)

All of the models produce relative maxima somewhere between 400-650 hPa. In a few of

the models, the maxima are located very close to the freezing level (indicated by the colored

dots), suggesting that they are directly related to microphysical phase transitions. In the

other models, the maxima are generally located above the freezing level. Apart from large

differences in stability at the top of the boundary layer, the intermodel spread is greatest

near the midlevel maxima. This is likely due to differences in entrainment and microphysical

processes between the models, which may in turn be related to the degree of convective

aggregation. Vertical gradients in Qrad may also contribute to the spread in stability, as will

be discussed in section 4.4. There is much better model agreement in the upper troposphere

(250-400 hPa), where water vapor is scarce and the lapse rate is constrained to be close to

the dry adiabatic limit.

We turn now to the question of how stability, aggregation, and congestus strength covary

across the RCEMIP ensemble. Correlation coefficients for these three factors, along with the

midlevel Drad in nonconvective regions, are provided in Table 4.1.

As expected from previous work, aggregation is generally associated with greater midlevel
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stability. But σ2
CRH explains only about a quarter of the variance in stability (r2=0.522=0.27),

suggesting that other factors are just as important. This is not particularly surprising; the

many differences in model physics across the RCEMIP ensemble will impact the stability in

a variety of ways, which limits the explanatory power of any single quantity such as σ2
CRH.

Congestus strength is generally associated with greater aggregation and midlevel stabil-

ity. Our a priori reasoning was that aggregation could invigorate the congestus circulation

precisely through its impacts on stability. Therefore, it is somewhat surprising that vcong is

more tightly linked to σ2
CRH than to s (Table 4.1). This alone does not dismiss the importance

of stability, but it does invite us to consider alternative explanations for why the congestus

circulation strengthens with aggregation.

One such explanation may be the radiative-divergence feedback identified in the previous

section. Congestus-level Drad and vcong are strongly correlated across the RCEMIP ensemble,

which is to be expected from basic mass continuity constraints. Less obvious is the strong

relationship between Drad and σ2
CRH, which we may expect now given both variables’ rela-

tionships with vcong but which we did not expect a priori. These results raise the possibility

that congestus invigoration is caused not by increasing stability but rather by the activation

of the radiative-divergence feedback. If this is the case, the relationship between stability

and vcong may simply reflect underlying changes in aggregation rather than a causal link;

this relationship will be revisited in section 4.4.

We have now identified two possible mechanisms of congestus invigoration: the stability

mechanism—in which increasing stability with aggregation reduces updraft buoyancy and

promotes congestus-level detrainment—and the radiative-divergence mechanism, in which

aggregation activates the radiative-divergence feedback. This leaves us with two impor-

tant questions: How, physically, does aggregation affect the radiative-divergence feedback?

And what is the relative importance of the two mechanisms? It is difficult to pursue these

questions further using the RCEMIP output, since the output variables are limited and the

various relationships in question are complicated by myriad differences in model physics. For

these reasons, we turn now to the new ensemble of 2D simulations.
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4.2.5 Summary

• Some RCEMIP CRMs simulate trimodal convection, while others produce bimodal

convection. One model produces a circulation with four modes.

• Through its impacts on moisture and radiative cooling, the congestus circulation is

subject to a positive feedback (the radiative-divergence feedback).

• Aggregation is associated with congestus invigoration and with midlevel increases in

stability and radiatively driven divergence.

4.3 Congestus invigoration in two-dimensional RCE

4.3.1 Model Simulations

Our goal with the new 2D simulations is to examine the relationship between aggregation,

stability, and congestus strength in the absence of other changes in model physics. To

do this, we will use a single model (SAM) and microphysics scheme (P3) to generate a

range of equilibria with varying degrees of aggregation and tropospheric stability. The two-

dimensional domain makes the runs computationally efficient and allows us to simulate a

large number of aggregation states.

The control run is a normal RCE run with uniform 300-K SSTs. In the other runs, we

apply small adjustments to the model physics or configuration that are thought to impact

aggregation and stability in some way. The adjustments are listed in Table 4.2. With the

exception of the control run, each simulation uses a unique combination of up to three

adjustments. There are 20 runs in total.

This experimental approach allows us to interpret ensemble trends with confidence. On

their own, each model adjustment may introduce confounding factors that would make it

difficult to interpret changes in congestus strength. But any physical relationships gathered

from the full ensemble of simulations are unlikely to be spurious, since the adjustments target

completely different parts of the model setup and code. The full ensemble thus constitutes a
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Notation Description Intended Effect

u0 Domain-averaged horizontal wind is nudged to zero
on a one-hour timescale

promote aggregationa

SSTa1 Sinusoidal SST distribution (299 K at domain edges
and 301 K in the center with a mean of 300 K)

promote aggregation since
convection clusters over the
warmest SSTsb

sfchomo Interactively computed surface fluxes are horizon-
tally homogenized to the domain average at each
time step

inhibit aggregationc

radhomo Interactively computed radiative heating rates are
horizontally homogenized to the domain average at
each time step

inhibit aggregationc

noacre Cloud radiative effects are turned off. inhibit aggregationd

5xVT The fall speed of rain is multiplied by a factor of 5 to
shorten the residence time of rain in the atmosphere
and reduce evaporative cooling

promote aggregation by in-
hibiting the formation of
cold poolse

5xACC The rate of accretion of cloud droplets by rain is
multiplied by a factor of 5 to decrease cloud droplet
residence time

inhibit stable layer forma-
tion due to cloud droplet
evaporationf

nomelt Ice cannot melt; it must either sublimate (which can
only occur at T < 273.15 K ) or fall to the surface

inhibit stable layer forma-
tion due to meltingg

RADCAM Uses the radiation scheme from the Community At-
mosphere Model 3h rather than RRTM

provide another possible
climate realization

aHeld et al. [1993]. bLindzen and Nigam [1987]. cBretherton et al. [2005]. dPope et al. [2021]
eJeevanjee and Romps [2013]. fPosselt et al. [2008]. gMapes and Houze [1995]. hCollins et al. [2004].

Table 4.2: Model adjustments used in the 2D simulation ensemble

powerful tool for addressing our scientific questions. Moreover, it is not important whether

each adjustment actually achieves its intended effect listed in Table 4.2, so long as the full

ensemble encompasses a range of aggregation states.

Apart from the various adjustments, all other aspects of the 2D simulations follow the

RCEMIP protocol. The domain is 5,832 km long with 3-km horizontal resolution. For

computational reasons, the vertical grid excludes the uppermost two levels of the standard

RCEMIP grid. The runs are initialized with an equilibrium sounding from a 3D RCE run

with 300-K SSTs and are integrated for 150 days, with full instantaneous output collected

every 3 hours. The final 60 days of each run are used to perform the transformation to
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moisture space described in section 4.2.2. In some of the subsequent figures, results are

shown for each individual run; in others, we split the 2D ensemble into terciles based on

σ2
CRH and compute averages for each tercile. The most and least aggregated terciles contain

7 runs each, while the middle tercile contains 6.

4.3.2 Circulation and Mean Climate

The various model adjustments used in the 2D runs successfully produce a range of ag-

gregation states (Figs. 4.9 and 4.10), and the ensemble captures several known impacts

of aggregation on mean climate. These trends are illustrated in Figure 4.4, in which the

color of each line corresponds to degree of aggregation (red is high σ2
CRH). Aggregation is

associated with tropospheric warming (Fig. 4.4a), greater midlevel stability (4.4b), lower

mean RH (4.4c), and reduced high cloud fraction (4.4d). The profiles shown in Fig. 4.4

are domain averages; Figures 4.12-4.16 show the complete distributions of RH, Qrad, static

stability, cloud fraction, and Drad in moisture space.

The circulation response to aggregation can be seen in Figure 4.5, which shows the mean

Ψ for each of the σ2
CRH-based terciles (Figure 4.11 shows Ψ for each individual run). Nearly

all of the simulations produce a trimodal circulation, and the relative strength of the three

modes clearly changes with aggregation. As in the RCEMIP ensemble, the congestus cell

strengthens with aggregation and even dominates the deep circulation in the most aggregated

runs. Congestus invigoration evidently comes at the expense of the shallow circulation,

which is also apparent in the profiles of v at the 50th CRH percentile (Fig. 4.4g). In the

unaggregated runs, there is strong shallow outflow (negative v) at ∼900 hPa and very weak

congestus outflow. In the aggregated runs, the congestus outflow strengthens by a factor of

∼5 and the shallow outflow weakens. This trade-off is unexpected considering the previous

finding that shallow circulations promote aggregation [Bretherton et al., 2005; Muller and

Held , 2012]. We suspect that the weakening of the shallow circulation is in part due to the

formation of a strong inflow (positive v) layer above the boundary layer in the aggregated

runs, which may interfere with the shallow convective outflow that would otherwise occur
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Figure 4.4: Selected profiles from the 2D SAM runs, with the color of each line corresponding
to the degree of aggregation. (a) Temperature anomaly ∆T with respect to the control run,
(b) static stability, (c) mean RH, (d) cloud fraction, (e) radiative cooling rate Qrad, (f)
radiatively driven divergence Drad, (g) horizontal velocity v at the 50th CRH percentile, and
(h) RH within 9 km of a convective updraft. With the exception of (g), all profiles are
domain averages.

at a similar level. The inflow is seemingly forced by convergence of the radiatively driven

subsidence (negative Drad) between 800-900 hPa at low CRH percentiles (Figs. 4.4f, 4.16).

This convergence, which is weak or absent in the unaggregated runs, works against the

radiatively driven divergence at the top of the boundary layer that normally draws outflow

from the convecting regions. This competition between the shallow and congestus circulations
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is worthy of closer study but is not our primary focus here.

The 2D ensemble exhibits the various components of the radiative-divergence feedback

and allows us to assess why the feedback is amplified by aggregation. Fig. 4.4f shows that

the aggregated runs have a peak in radiatively driven divergence at the congestus level,

while the unaggregated runs are approximately nondivergent there. This difference arises

from a change in the vertical structure of the radiative cooling rate Qrad (Fig. 4.4e). In

the unaggregated runs, Qrad is relatively uniform above the boundary layer. As convection

aggregates, Qrad nearly doubles in the mid-troposphere and decreases slightly aloft, creating a

sharp gradient between 400-600 hPa. The shift generally reflects changes in the nonconvective

regions, which occupy a majority of the domain (Figs. 4.13, 4.16).

The changes in Qrad and Drad with aggregation are ultimately driven by changes in the

distribution of moisture. Aggregation is associated with a reduction in RH throughout the

free troposphere, but the 600-700 hPa layer is an important exception. At that level, the

aggregated runs are moistened by congestus outflow and have a mean RH similar to the

unaggregated runs (Fig. 4.4c). Despite similar RH there, the aggregated runs undergo much
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stronger radiative cooling because aggregation reduces the emissivity of the upper tropo-

sphere. The reduction in emissivity results from upper tropospheric drying and reduced

high cloud amount, which simultaneously allow the midlevel moist layer to cool more effi-

ciently and inhibit cooling aloft, since there is less water vapor there to do the emission. The

combination of stronger congestus-level cooling and weaker cooling aloft creates the large

Qrad gradient that ultimately generates midlevel divergence.

The important insight here is that changes in the distribution of moisture with aggrega-

tion allow the radiative-divergence feedback to flourish. The formation of a dry patch with

aggregation is crucial because it fosters radiatively driven divergence at the congestus level.

Without aggregation, the upper troposphere stays moist, congestus outflow plumes cannot

cool as strongly, and there is little or no divergence.

4.3.3 Mechanisms of congestus invigoration

The radiative-divergence mechanism of congestus invigoration is distinct, but not mutually

exclusive, from the stability mechanism. To understand the relative importance of the two,

we conduct another 2D simulation in which we artificially inflate Drad in the absence of

aggregation and its associated increase in stability. To do so, the radiative cooling rate is

prescribed as the mean Qrad profile from one of the highly aggregated runs; here we use u0

5xVT, but the results are similar if another aggregated run is used. The prescribed radiative

cooling is horizontally uniform, which prevents aggregation. The u0 and 5xVT adjustments

are not actually applied, and everything else about the prescribed radiation (PR) run is

identical to the control.

Results from the PR run are shown in Figure 4.6. The temperature profile in the PR run

is free to vary but stays within 1 K of the control run profile up to 300 hPa. As a result,

midlevel stability remains close to the control (Fig. 4.6a). On the other hand, the vertical

structure of Drad is more similar to the aggregated run, which is by design (Fig. 4.6c). So,

the PR run captures the aggregation-related increase in meanDrad without the increase in

stability that would normally accompany it.
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Figure 4.6: Results from the prescribed radiation (PR) run. (a) Static stability, (b) radiative
cooling rate Qrad, (c) radiatively driven divergence Drad, and (d) convergence of the in-cloud
mass flux −∂pωCLD. All profiles are domain averages. Clouds are defined as grid boxes with
a cloud condensate mixing ratio exceeding 10−5 kg/kg.

How does this affect the congestus circulation? In the PR run, vcong changes very little

from its value in the control run, which seemingly suggests that the increase in Drad alone

does not invigorate the congestus circulation. However, it is important to remember that

vcong is simply a measure of the strength of the horizontal flow from high to low CRH. This is

different than the amount of congestus-level detrainment from convection, which we quantify

as the convergence of the in-cloud mass flux, −∂pωCLD. In the rest of the 2D ensemble, vcong

and −∂pωCLD are tightly coupled (Figure 4.17) because strong radiatively driven divergence

occurs in low-CRH regions while convection occurs in high-CRH regions; as a result, nearly

all of the mass detrained from convection flows toward lower CRH to satisfy mass continuity

there. This is not the case in the PR run, in which the prescribed cooling is horizontally

uniform and Drad is decoupled from CRH. While some of the mass detrained from convection

must still flow towards low CRH to satisfy continuity there, some of it must also remain at
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high CRH to satisfy the local divergence that we have imposed, resulting in a decrease in the

magnitude of vcong relative to −∂pωCLD. Thus, for equal domain-averaged Drad, the PR run

will have similar −∂pωCLD but smaller vcong than a run with interactive radiation. Fig. 4.6d

shows that congestus-level −∂pωCLD in the PR run is similar to the aggregated run, which

confirms that congestus-level detrainment scales with the mean Drad. This result is to be

expected for an atmosphere in RCE; since convective heating must exactly balance radiative

cooling, the prescribed decrease in Qrad with height between 600 and 400 hPa requires the

convective heating rate to also decrease with height. This manifests as convective mass flux

convergence (i.e., detrainment) at the same level.

The PR run shows that the increase in congestus-level detrainment with aggregation can

be attributed to the concurrent increase in domain-averagedDrad; the increase in midlevel

stability is not necessary. However, invigoration of the congestus circulation in moisture

space requires horizontal gradients in Drad and does not occur when radiative cooling is

horizontally uniform. When radiation is interactive, the formation of a dry patch with

aggregation allows for both an increase in domain-averaged Drad and the development of

strong Drad gradients. The takeaway here is that the radiative-divergence feedback, rather

than the increase in midlevel stability, is responsible for congestus invigoration. This leads

us to our final question: what is the nature of the stability response to aggregation? Does it

have anything to do with congestus invigoration?

4.3.4 Summary

• In the 2D RCE ensemble, aggregation invigorates congestus overturning at the expense

of the shallow circulation.

• Aggregation creates a favorable environment for the radiative-divergence feedback by

reducing the emissivity of the upper troposphere.

• A simulation with prescribed radiation shows that greater radiatively driven divergence
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leads to more congestus detrainment even when there is no increase in static stability.

4.4 Why does static stability increase with aggregation?

We focus now on the increase in tropospheric static stability that accompanies aggregation

and congestus invigoration (Fig. 4.4b). While we have established that the stability increase

is not critical for congestus invigoration in the 2D RCE runs, we remain interested in its

causes and its relationship to the congestus mode.

To simplify our discussion, we compare the mean stability profiles for the most and least

aggregated terciles of the 2D ensemble runs. The yellow line in Fig. 4.7b shows the change

in domain-averaged stability between the unaggregated and aggregated terciles. Stability

increases everywhere between 250-950 hPa, with the largest increases at the congestus level

and the top of the boundary layer. Our goal here is to determine the causes of the stability

increase and to explain its vertical structure.

Previous work has typically attributed the stability increase to changes in convective

processes (we will discuss the exact mechanisms shortly). The red line in Fig. 4.7b shows the

change in stability within portions of the model domain that are actively convecting, which

we define as those with a 400-600-hPa mean ω less than -5 Pa s−1 and total condensate

mixing ratio greater than 10−5 kg kg−1. Within active convection, stability increases with

aggregation at all tropospheric levels. But the vertical structure of the stability change looks

nothing like that of the change in domain-averaged stability. At the congestus level and

at the top of the boundary layer, the increase in domain-averaged stability is much greater

than one would expect from the changes within active convection, while the opposite is

true other levels. This tells us that the mean RCE temperature profile is not simply “set”

by deep convection. While changes in convective processes provide a baseline increase in

stability throughout the troposphere, radiative processes are also important, and the effect

of these processes on the mean temperature profile evidently changes with aggregation. In

the remainder of this section, we discuss and evaluate the convective and radiative sources

of enhanced stability.
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Figure 4.7: Difference between aggregated and unaggregated 2D runs in (a) differential ra-
diative cooling and (b) three different static stability profiles. Yellow: domain-averaged
stability; red: stability in grid boxes containing active convection; blue: stability of a undi-
luted moist adiabat computed as described in the text.

4.4.1 Convective Sources

Why does the static stability within active convection increase with aggregation? Here,

we discuss two explanations from the literature and evaluate their importance in the 2D

ensemble.

The first explanation is that aggregation increases the initial moisture content of convec-

tive updrafts, which causes convection to follow a warmer, more stable moist adiabat. Held

et al. [1993] suggested that the increase in initial moisture content occurs because convection

begins closer to the surface, where it more humid. But in the 2D ensemble, aggregation

is associated with a decrease in the fraction of actively convecting columns that have up-

ward motion throughout the boundary layer, so this mechanism does not explain the present
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results. Alternatively, Bretherton et al. [2005] found that the near-surface RH in convec-

tive regions increases with aggregation, which would boost the initial moisture content of

updrafts without any change in their initiation height. In the 2D ensemble, aggregation is

indeed associated with an increase in boundary layer RH in convective regions. We assess

the impact of this increase on stability by computing moist adiabatic temperature profiles

(and associated stability profiles) for each run, using as the starting point the 1000-hPa

temperature and RH in the top CRH percentile, where most of the upward convective mass

flux occurs. The moist adiabats are computed using the MetPy Python package, which com-

putes saturated pseudoadiabats neglecting the difference in saturation vapor pressure over

liquid and ice [May et al., 2008]. The blue line in Figure 4.7b shows the change in moist

adiabatic stability between the aggregated and unaggregated terciles. The magnitude of the

increase is far too small to account for the increase in stability within active convection, so

we can conclude that changes in surface RH play only a minor role in the stability response

to aggregation. This result is not sensitive to the exact level at which the moist adiabats are

initialized.

The second explanation deals not with the initial moisture content of convection but with

the impact of entrainment mixing once convection has begun. The tropical temperature

profile deviates from a perfect moist adiabat due to the entrainment of unsaturated air

into convective updrafts, which leads to evaporation and causes the lapse rate to exceed

that of an undiluted plume [Singh and O’Gorman, 2013]. It has been hypothesized that

aggregation mitigates this entrainment cooling [Mapes and Neale, 2011; Feng et al., 2015],

leading to an increase in stability. Large-eddy and convection-permitting simulations support

this prediction, but with an important caveat: the reduction in entrainment cooling does not

occur because entrainment itself is reduced (in fact, the opposite occurs) but rather because

the entrained environmental air is more humid and thus cannot cause as much evaporative

cooling [Becker et al., 2018; Becker and Hohenegger , 2021]. In essence, aggregation creates a

“moist shell” that protects convective plumes from entrainment cooling [Becker et al., 2018].

This is physically intuitive, considering that what it means to be aggregated in the first place
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is that convection occurs in the vicinity of other convection, where it is already likely to be

moist. But aggregation as indicated by large σ2
CRH by no means guarantees the presence of a

moist shell. First of all, CRH is skewed towards the RH of the warm lower troposphere and

therefore provides limited information about RH at higher levels. Furthermore, as shown by

Figs. 4.1 and 4.9, variability in σ2
CRH is driven mostly by how dry the dry regions are, which

tells us nothing about the RH distribution in moist regions.

Is a moist shell detectable in our 2D simulations? We define the convective shell as the

portion of the model domain that is within three grid boxes (9 km) of active convection

but is not actively convecting itself. Fig. 4.4h shows that the mean shell RH increases

with aggregation throughout the entire troposphere. It is not surprising to see this result at

the level of congestus detrainment, since congestus invigoration itself moistens the convective

shell there. But the greatest difference in shell RH (10-15%) is found below this level, between

700-900 hPa. Relative to a unaggregated shell RH of 80%, a 10-15% increase constitutes a

50-75% reduction in saturation deficit, suggesting that the moist shell effect has a substantial

impact on the efficiency of entrainment cooling. Within the 700-900 hPa layer, the within-

convection stability becomes increasingly sensitive to aggregation with height (Fig. 4.7b),

which is consistent with the accumulating impact of the moist shell on a rising parcel. Of

course, some of the impact may be offset if the entrainment rate increases with aggregation,

as was found by Becker et al. [2018]. While an in-depth study of entrainment rates is beyond

our scope here, the development of a moist shell with aggregation and the insufficiency of

the alternative explanations both suggest that the moist shell plays an important role in

stability enhancement. These results are not sensitive to the threshold used to define the

convective shell.

4.4.2 Radiative Sources

We have now shown that decreases in entrainment cooling are likely more important than

increases in surface RH when it comes to the increase in stability within active convection.

We now turn to radiative sources of increased stability.
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Posselt et al. [2008] suggested that differential radiative cooling at the top of congestus

outflow layers could lead to enhanced stability, as the moist outflow layer cools more rapidly

than the dry air immediately above. As we have already shown, the vertical gradient of Qrad

in the mid-troposphere is stronger when convection is aggregated. This is illustrated again in

Fig. 4.7a, which shows the difference in −∂pQrad (where ∂p = ∂/∂p) between the aggregated

and unaggregated terciles. At levels where −∂pQrad increases with aggregation (350-650, 825-

900 hPa), changes in the Qrad profile are acting to increase stability. Comparison of Figs.

4.7a and 4.7b shows that this occurs where the increase in domain-averaged stability exceeds

that within active convection. The opposite is true where changes in −∂pQrad act to decrease

stability. The structural similarity between the changes in differential radiative cooling and

the changes in domain-averaged stability suggests that the former plays an important role

in shaping the latter.

How can we be sure that the link between differential radiative cooling and enhanced mean

stability is causal? Examining their association over space and time provides compelling

evidence. Fig 4.8a shows an instantaneous snapshot of stability and Qrad in one of the highly

aggregated runs (u0 SSTa1 5xVT ). The convective region is in the center of the domain,

where the SST is slightly elevated. The sloping bands of strong radiative cooling mark the

top of the congestus outflow layer. Stable layers, enclosed by the black contours, are found

at the top of the outflow layer and remain linked to it as it subsides. In the driest regions

(both ends of the periodic domain), the stable layer has detached from the outflow layer

and is located just above it. We speculate that this has to do with the horizontal spreading

of stability anomalies by gravity waves emanating out from convection. After detrainment,

stability anomalies grow via differential cooling at the top of the outflow layer as it subsides.

Eventually, the stability anomalies are “ripped off” of the outflow layer by gravity waves,

which work to erase the horizontal temperature gradients that develop from the vertical

displacement of the stability anomaly.

The link between stability and differential radiative cooling can also be seen over time.

Fig. 4.8b shows the domain-averaged stability and Qrad over a 10-day period in the same
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Figure 4.8: Stability and radiative cooling in a highly aggregated run (u0 SSTa1 5xVT ). (a)
Colored shading shows the instantaneous radiative heating rate. The black contour indicates
static stability in excess of 0.075 K hPa−1 and the red contour relative humidity above 60%.
(b) Blue shading shows the domain-averaged radiative heating rate over a ten-day period.
Black contours indicate domain-averaged stability of 0.065 and 0.073 K/day.

aggregated run. Bands of strong radiative cooling originate at the congestus outflow level

approximately every 2.5 days. These oscillations have been noted in previous work and have

a period that depends on the size of the model domain [Grabowski et al., 2000]. Stability

anomalies can be seen growing at the top of the outflow plumes and subsiding with them. At

a fixed pressure level, stability is greatest when there is strong differential radiative cooling.

4.4.3 Summary

• The static stability response to aggregation in the 2D ensemble is shaped by both

convective and radiative processes; both are of similar importance.
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• In convective regions, a reduction in entrainment cooling with aggregation is a more

plausible driver of increased stability than changes in surface RH. These changes are

not directly related to congestus invigoration.

• In nonconvective regions, strong differential Qrad at the top of congestus outflow plumes

act to increase midlevel stability. This change is directly tied to congestus invigoration.

4.5 Discussion

This chapter began with a discussion of the third mode of tropical convection: the congestus

mode. We examined congestus representation and variability in the RCEMIP CRM ensemble

and in a new ensemble of 2D RCE simulations conducted with SAM, a widely used cloud-

resolving model. A wide variety of congestus representations were found in both ensembles,

underscoring the need to better understand the nature of the congestus mode in cloud-

resolving RCE.

The most significant finding of this work is that the congestus mode is invigorated by

large-scale convective aggregation. The invigoration mechanism is, at its core, very similar

to that which is thought to drive shallow circulations at the top of the boundary layer.

Both rely on the presence of sharp vertical gradients in the longwave cooling rate, which

are ultimately caused by sharp gradients in moisture. In the shallow circulation case, these

gradients are found at the top of the moist boundary layer, whereas in the congestus case they

are found at the top of congestus outflow plumes. Aggregation is an important part of this

process because it dries out the upper troposphere in nonconvecting regions, which allows

for stronger cooling at the top of the moist layer. This invigoration mechanism relies on

basic principles of radiative transfer and mass conservation, and its components are present

in both the RCEMIP and 2D RCE ensembles. While the impact of aggregation on congestus

overturning is clear, whether or not the congestus mode affects initiation and development

of aggregation remains uncertain.

Notably, congestus invigoration in the 2D ensemble is accompanied by a slowdown of the
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shallow circulation. This may be explained by radiatively driven convergence just above the

dry-region boundary layer, which drives dry-to-moist convective inflow at the level where

shallow convective outflow would otherwise be found. Further study of this apparent com-

petition between the shallow and congestus modes would be worthwhile and would improve

our understanding of convective dynamics.

This work also examined how static stability affects and is affected by congestus invigora-

tion. Previous work has largely assumed that mid-tropospheric stable layers are the cause of

congestus-level detrainment. With this logic, congestus invigoration might be attributed to

an increase in midlevel stability. But the results presented in sections 4.3.3 and 4.4 suggest

that enhanced stability is largely the result, rather than the cause, of congestus invigoration.

The crux of this finding was a model experiment showing that congestus-level detrainment

increases without any change in stability in response to a prescribed increase in the mean

radiatively driven divergence. It is important to reiterate that this result may be inevitable

in simple RCE simulations such as these, in which any imposed gradient in radiative cooling

must be matched by a gradient in convective heating. For this reason, we caution that this

specific result may be limited in scope, and it is unclear to what extent it applies to the

real tropics, where approximate RCE is realized only on large spatial and time scales [Jakob

et al., 2019].

In section 4.4, we asked why the mean static stability increases as convection aggregates.

Much of this stability enhancement can be attributed to congestus invigoration: stability

anomalies grow by differential radiative cooling atop congestus outflow plumes before being

smoothed out by gravity waves. The stability increase is likely supported by a moistened

convective shell, which reduces the efficiency of entrainment cooling and allows convecting

parcels to adhere more closely to a moist adiabatic temperature profile. Aggregation also

increases the surface RH in convecting regions, but this has a relatively small impact on

stability compared to the other factors. These results are helpful for understanding the sen-

sitivity of mean climate to aggregation, and they illustrate how the response to aggregation

can be significantly affected by congestus dynamics. Our understanding of the stability re-
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sponse to aggregation would benefit from simulations with finer horizontal resolution, which

would provide a more complete picture of entrainment processes.

This work leaves us with many questions worthy of further study. How is congestus

overturning affected by climate warming? The answer to this question will almost certainly

depend on how warming affects the degree of convective aggregation, which remains very

uncertain. And how may the congestus circulation itself affect the climate sensitivity of the

RCE state? Given its impacts on moisture and radiative transfer, we suspect that congestus

strength has a direct bearing on the surface and top-of-atmosphere energy budgets. Perhaps

most importantly, how realistic are model representations of the congestus mode? Without

a doubt, the findings reported here are helpful for understanding RCE simulated by cloud-

resolving models. Their applicability to the real world remains an open question.

Deepening our knowledge of how clouds, convection, and circulation interact is a pressing

priority within climate science and is critical to the advancement of the field [Bony et al.,

2016]. Cloud-resolving RCE simulations, such as those discussed here, have proven to be

a valuable research tool in this endeavor. As we have shown, RCE climates can be greatly

affected by the congestus mode. Careful interpretation of cloud-resolving RCE therefore

requires continued study of the “forgotten mode” of tropical convection.
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4.6 Supplementary Figures
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Figure 4.9: Column relative humidity (CRH) distributions for each run in the 2D RCE
ensemble. The color of each line corresponds to the degree of aggregation (red is high σ2

CRH).
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Figure 4.10: Hovmöller diagrams of column relative humidity for three of the simulations in
the 2D ensemble. The three runs were chosen because they illustrate low, moderate, and high
degrees of aggregation. Data are coarsened to 12-km horizontal and 6-hour time resolution
before plotting.
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Figure 4.11: Streamfunctions for each simulation the 2D RCE ensemble. The simulations
are ordered by increasing σ2

CRH, which is given in the top left corner of each plot.
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Figure 4.12: Relative humidity as function of pressure and CRH percentile for each simulation
in the 2D RCE ensemble. Black contours show the streamfunction Ψ reproduced from Fig.
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Figure 4.13: As in Fig. 4.12 but for the radiative heating rate.
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Figure 4.14: As in Fig. 4.12 but for static stability. The color scale is intended to accentuate
differences in stability in the mid-troposphere. The red contours enclose regions where the
radiative cooling rate exceeds 2 K day−1.
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Figure 4.15: As in Fig. 4.12 but for cloud fraction.
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Figure 4.16: As in Fig. 4.12 but for the radiatively driven divergence Drad. Drad is not shown
within the boundary layer, where it is undefined due to near-zero stability.
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Chapter 5

INTERNAL VARIABILITY IN KILOMETER-SCALE
SIMULATIONS OF COUPLED RADIATIVE-CONVECTIVE

EQUILIBRIUM

I acknowledge the contributions of the following co-authors to the work in this chapter:

Vlad Munteanu, Pedro Angulo-Umana, Peter N. Blossey, and Dennis L. Hartmann.

5.1 Introduction

The spatial distribution of sea surface temperature (SST) in the tropical Pacific plays a

critical role in the internal variability of Earth’s climate as well as its response to forcing

[Bjerknes , 1969; Andrews et al., 2018]. The tropical SST pattern is set not only by ocean

dynamics, but also by interactions between tropical convection, clouds, and the large-scale

atmospheric circulation [Knutson and Manabe, 1995; Vecchi and Soden, 2007; Latif et al.,

2023; Ramanathan and Collins , 1991; Deser et al., 2010]. Understanding these interactions

and their role in internal climate variability is critical for making sense of future climate

projections [Wills et al., 2022]. Our primary focus here is on the atmospheric component of

that variability, which we explore using a model in which ocean dynamics are neglected but

SST is responsive to atmospheric processes.

The upward transport of mass by tropical deep convection is an important factor in

tropical variability. The strength and organization of convective mass flux affects large-scale

overturning circulations such as the east-west Walker circulation in the equatorial Pacific.

Walker circulation strength can, in turn, impact the spatial pattern of SST [Vecchi and Soden,

2007], which feeds back on the large-scale organization of convection. Even in the absence

of SST feedbacks, convective organization may affect the climatological convective mass
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flux and circulation via its impact on the structure of the tropical troposphere. Convective

organization is known to affect the dry static stability of the troposphere [Bony et al., 2016;

Becker et al., 2018], which in models has important implications for circulation strength

[Knutson and Manabe, 1995; Ma et al., 2012; Sohn et al., 2016]. Organization also impacts

the area covered by convectively generated anvil clouds, which themselves affect the large-

scale circulation via cloud radiative heating [Voigt et al., 2019]. In fully coupled general

circulation models (GCMs) with parameterized convection and realistic geometry, it can be

difficult to disentangle these intertwined pathways of SST-convection-circulation interactions.

Idealized modeling paradigms, such as the radiative-convective equilibrium (RCE) approach

taken here, are useful for understanding the fundamental processes at play.

Several previous studies have examined the mean state and internal variability of coupled

RCE using GCMs with parameterized convection. These simulations have typically adopted

some variation of a “Tropic World” protocol [Hartmann and Dygert , 2022], in which the

Earth is a non-rotating, spherical aquaplanet with horizontally uniform insolation. In the

first of such experiments, Popke et al. [2013] found that convection organized into features

of various size and that the mixed-layer SST varied by 6-9 K across the globe, depending on

the convection scheme. Reed et al. [2015] found that interactive SSTs were associated with a

reduced degree of convective organization compared to fixed-SST runs, although there were

clearly defined convective and subsiding regions in both configurations. In their simulations,

the global mean SST was relatively steady after the initial equilibration period. In contrast,

experiments by Coppin and Bony [2017] featured oscillations in global mean SST, SST

contrast, convective aggregation, and low cloudiness with a timescale dependent on mixed-

layer depth. Mean SST and convective organization were out-of-phase with one another,

and periods of enhanced SST contrast were associated with global mean cooling. Drotos

et al. [2020] performed experiments with varying CO2 levels and found irregular oscillations

in global mean SST of ∼8 K. The cycles were driven by variability in inversion strength at

the top of the planetary boundary layer (PBL), which drove the rather abrupt formation and

collapse of low stratiform cloud decks. Notably, this large-amplitude variability only occurred
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for CO2 concentrations of at least 8 times the preindustrial reference of 278 ppm. Dygert and

Hartmann [2023] described a unique mode of variability in which the SST contrast varied

substantially but the mean SST was relatively steady. In those cycles, SST contrast developed

due to spatial contrasts in low cloud amount, surface evaporation, and free tropospheric

moisture content and collapsed due to the transport of energy from warm to cool regions by

the large-scale atmospheric circulation, among other factors.

In this work, we examine internal variability in coupled RCE simulations using a cloud-

resolving model (CRM) that explicitly resolves convection. CRMs are widely used to inves-

tigate tropical cloud and convective processes but, in contrast to the GCM studies described

above, are most often run for short integration times on limited-area, doubly periodic do-

mains with fixed, uniform SSTs [e.g., Wing et al., 2018]. Mixed-layer oceans have been used

in a handful of experiments [Hohenegger and Stevens , 2016; Chen and Wu, 2019; Shamekh

et al., 2020; Tompkins and Semie, 2021], most of which investigated the impact of inter-

active SSTs on the initial onset of convective aggregation. Here, we focus on much longer

timescales by integrating a coupled CRM for over 21 years on a domain that is as long as the

equatorial Pacific basin. On these timescales, the coupled system develops an internal cycle

in which SST (both its mean value and its spatial distribution), convective organization, and

the atmospheric circulation vary coherently.

In the first part of this chapter, we describe the CRM simulation (section 5.2) and the

cycles of coupled variability that it produces (section 5.3). In the second part, we leverage

this variability and a simple entraining plume model to investigate the convectively driven

overturning circulation (section 5.4) and the stratification of the tropical troposphere (section

5.5). Along the way, we use atmospheric and SST reanalyses to contextualize the simulation

within the observed Tropics. Finally, we explore the sensitivity of the internal cycle to

domain length (section 5.6) and mean climate (section 5.7). Section 5.8 offers a summary

and conclusions.
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5.2 Data and Methods

5.2.1 Model Simulations

We use the System for Atmospheric Modeling [Khairoutdinov and Randall , 2003, SAM;]

with the P3 microphysics scheme [Morrison and Milbrandt , 2015]. The model domain is

two-dimensional (x and z), has 3-km horizontal resolution, and has a length of 13,122 km—

similar to the size the tropical Pacific basin. The variable-resolution vertical grid has 81

levels with a spacing of 80 m near the surface, 333 m throughout most of the troposphere,

and ∼1 km near the model top at 29.4 km. The mean horizontal wind is nudged to zero

on a one-day timescale to avoid oscillations in the mean wind that are known to develop in

two-dimensional RCE [Held et al., 1993].

The atmosphere is coupled to a 25-m mixed-layer ocean. At each model time step, the

SST at each grid point evolves in response to local energy fluxes at the surface:

ρwCwH
d

dt
SST (x, t) = SW (x, t) + LW (x, t)− LHF (x, t)− SHF (x, t)−Q (5.1)

Here, ρw and Cw are the density and specific heat capacity of water, and H = 25m is

the ocean depth. SW and LW are the net downward shortwave and longwave fluxes at the

surface, respectively. LHF and SHF are surface latent and sensible heat fluxes, respectively,

and Q is the parameterized ocean heat export (i.e., the Q-flux), which is applied uniformly

in space and time. The Q-flux is intended to mimic the export of heat from the Tropics to

the midlatitudes, and it is necessary for achieving reasonable SSTs under realistic tropical

insolation, which in these experiments follows a diurnal cycle with a mean of 413.8 W/m2.

The simulation described here uses Q = 35 W/m−2.

To speed up the initial ocean adjustment process, we first integrated a run with H = 10

m for 100 days. This run was initialized with uniform SST. At day 100, we switch H to 25 m

(without changing the spatial SST field) and began the main run examined in this chapter

which was integrated for 7,900 days (more than 21 years). Unless stated otherwise, results
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generally reflect the last 4,900 days of the simulation, over which the time-averaged SST is

301.2 K. Results requiring full, vertically resolved model output (x, z, and t) rely on the last

900 days, during which the full output was collected every six (day 7000-7500) or every two

(day 7500-7900) hours.

5.2.2 Analysis tools and metrics

We use several metrics to quantify various aspects of the SST distribution throughout the

simulation. We first define the domain-averaged SST as SST . In conceptual models of the

tropical atmosphere, the temperature of the free troposphere is tightly linked to the sub-

cloud entropy in regions of active convection [Emanuel et al., 1994], which itself depends

on the underlying SST. We may therefore expect the thermodynamic variability of the free

troposphere to be more directly tied to the SST in actively convecting regions than to SST .

For this reason, we define SSTc as the mean SST in the warmest 30% of the model domain,

which we take to represent regions of active convection. The 30% threshold was selected

based on the SST percentile-sorted precipitation rate and 500-hPa vertical velocity, shown

in Fig. 5.1a. The warmest 30% of the domain accounts for 73% of the total precipitation

and undergoes mean ascent at 500 hPa, compared to mean subsidence elsewhere. Indeed,

Fig. 5.1b shows that SSTc is significantly more predictive of free tropospheric temperatures

than SST . We thus adopt SSTc in lieu of SST for certain parts of the subsequent analysis.

We quantify the degree of spatial SST contrast using the standard deviation of SST

across the domain, which we denote as σSST. To understand variability in SST contrast, we

compute the budget for the spatial variance of SST, σ2
SST . Following [Tompkins and Semie,

2021] and [Hartmann and Dygert , 2022], the prognostic equation for σ2
SST is

d

dt
σ2
SST = (ρwCwH)−1(SST ′SW ′ + SST ′LW ′ − SST ′LHF ′ − SST ′SHF ′) (5.2)

where bars denote the domain mean and primes the deviation from that mean. The terms

on the rhs are computed from instantaneous 2D output collected every 2 hours.
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Figure 5.1: (a) Mean (blue) precipitation and (red) 500-hPa vertical velocity sorted by SST
percentile. SST percentiles are computed for each day of the simulation such that 0 and 1
represents the coldest and warmest SSTs on any given day, regardless of the domain-averaged
SST. Bin widths: 0.05. (b) Correlation coefficients between the daily mean temperature at
each model level and (black) SSTc and (dashed grey) SST .

5.2.3 Reanalysis

As a point of comparison throughout this chapter, we use the ERA5 reanalysis produced by

the European Centre for Medium-Range Weather Forecasts [Hersbach et al., 2020]. Monthly

mean temperature and SST were retrieved at a horizontal resolution of 0.25◦x0.25◦. We use

data from 1998-2013 and limit our analysis to the equatorial Pacific (15S-15N, 140E-258E).

The study region was selected such that its zonal extent is approximately equal to the length

of the model domain. The 1998-2013 mean SST for the region is 300.9 K, only 0.3 K cooler

than the model simulation.

In section 5.5, we will investigate the relationship between static stability, surface tem-

perature, and convective organization. For the reanalysis, we compute dry static stability

from monthly mean temperature data. As for the model output, SSTc is computed as the

mean SST in the warmest 30% of the study area and is intended to approximate the SST in

convectively active regions.

We also compute two proxies for convective organization, the use of which is justified in
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section 5.5:

1. σ2
CRH: the spatial variance of column relative humidity (CRH) across the study region

2. σSST: the spatial standard deviation of SST across the study region

Monthly mean reanalysis is not well suited for the calculation of these two metrics, since

forms of convective organization in the real Tropics, such as tropical waves, operate on faster

timescales. To this end, we retrieve hourly temperature and specific humidity reanalyses,

compute the two metrics for four times each day (0000, 0800, 1200, and 1600 UTC), and

compute the monthly mean by averaging together all samples from each month. For σ2
CRH, we

compute the column-integrated water vapor (CWV) and the saturation column-integrated

water vapor (CWV∗) from the specific humidity and temperature data, respectively. CRH is

then calculated as CWV/CWV∗ and the spatial variance of CRH across the study is taken.

5.3 Description of the cycle of internal variability

Figure 5.2 provides an overview of the cycle and time series of its important components.

The cycle is defined by two phases, which are seen clearly in Fig. 5.2a: a cooling phase,

in which σSST is high and SST steadily declines, and a warming phase, in which SSTs are

relatively uniform and SST increases. In other words, uniform SSTs are associated with

mean warming, while spatially varying SSTs are associated with mean cooling. σSST hovers

around 0.28 and 1.2 K, respectively, during the warming and cooling phases of the cycle. The

latter is similar to the typical standard deviation of SST across the equatorial Pacific study

region (0.93 K). The boxcar-like variability of σSST (Fig. 5.2a) indicates that the transitions

between the two phases are fast relative to the timescale of the full cycle. The period of

the cycle, which we expect to be dependent on H [Coppin and Bony , 2017], is 680 days on

average but ranges from 500 to 900 days. The warming and cooling phases are approximately

equal in duration.

Over the 4,900-day simulation period used for results, there are seven full iterations of

the cycle. Two iterations were completed prior to this period. During the results period, the
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Figure 5.2: Time series of various quantities for a 2250-day period of the simulation. (a)
various SST metrics; (b) net top-of-atmosphere downward radiation; (c) low cloud fraction;
(d) the three leading terms of SST variance budget; (e) ∆cpSST , the metric developed in
section 5.3.1 that quantifies the SST difference between the warmest and coldest parts of the
cold, nonconvective region. For clarity, all time series except SST and ∆cpSST are low-pass
filtered using a 4th-order Butterworth filter with a 50-day cutoff.



102

typical amplitude of the SST cycle is 2.8 K (range: 2.0-3.6 K), greater than the 1.7 K range

of monthly mean SSTs in the equatorial Pacific over the 16-year reanalysis period. Notably,

the iteration immediately preceding the results period had an anomalously large amplitude

of 4.6 K. The evolution of σSST was typical during this iteration, but the maximum value of

SST achieved during this iteration was nearly 2 K higher than most subsequent iterations.

This suggests that the transition from the warming to the cooling phase of the cycle does

not occur at a fixed SST. Nevertheless, we exclude this period from our analysis due to its

outsized influence on variability statistics.

The SST cycle is almost entirely driven by variability in absorbed shortwave (SW) radi-

ation. Fig. 5.2b shows that, like σSST, top-of-atmosphere SW anomalies follow boxcar-like

variability, with a difference of about 25-30 W/m2 between the warming and cooling phases

of the cycle. The dramatic shifts in SW reflectance are driven by changes in low cloud cover

(Fig. 5.2c); during the cooling phase of the cycle, low cloud fraction is about a factor of

two greater than during the warming phase. Compared to SW, variability in the top-of-

atmosphere longwave (LW) flux is subtle (∼10 W/m2). LW anomalies are dominated by the

Planck response to SST variability and, unlike SW, are not tightly coupled to σSST.

Throughout the cycle, spatial contrasts in SST are associated with similar contrasts in

deep convective activity and precipitation (Figure 5.3). It is important to distinguish here

between convective aggregation—which describes the tendency of convection to cluster into

a well defined region(s) in numerical simulations [Wing et al., 2017]—and convective organi-

zation, which refers to broader, non-specific ways in which convection clusters in space and

time [Pendergrass , 2020]. Figure 5.3b shows that convection remains aggregated throughout

the entire cycle, as there are always well defined regions of moisture and precipitation amidst

a domain that is otherwise dry. The large-scale organization of convection, however, varies

systematically throughout the cycle. During the high-σSST cooling phase, deep convection

and heavy precipitation are confined to a single region over the warm pool. Regions of en-

hanced low cloudiness are found over the cooler SSTs on both side of the convective region.

During the low-σSST warming phase, there are two convective regions and, as previously
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Figure 5.3: Hovmöller diagrams of weekly mean (a) SST, (b) precipitation, and (c) albedo
for a 1800-day period of the simulation. Data are coarsened to a horizontal resolution of
81 km for plotting. The black contour indicates a column relative humidity of 0.6 and is
intended to loosely enclose regions of active convection. (d) Time series of SST and σSST

reproduced from Figure 5.2a.

mentioned, low clouds are less abundant. The relationship between σSST and the number of

large-scale convective regions (one or two) is one-to-one throughout the cycle, which allows

σSST to be used as a proxy for large-scale convective organization going forward.

The variability described so far is similar in some respects to previously described experi-

ments and different in others. As in our simulation, GCM simulations of global, non-rotating

RCE by Drotos et al. [2020] featured an irregular cycle of global mean SST driven by low

cloud variability. A caveat is that this variability only occurred once the time-averaged SST
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reached 305.8 K and was not present in simulations with a similar time-averaged SST to

ours. Similarly, Coppin and Bony [2017] described a cycle in which enhanced SST contrast

and convective organization was associated with global mean cooling, although it was not

specified whether this cooling was primarily SW or LW driven. On the other hand, Dygert

and Hartmann [2023] described cycles of SST contrast that did not involve significant vari-

ability of global mean SST. As in our simulation, greater SST contrast was associated with

enhanced low cloudiness and more organized convection.

The remainder of this section examines the cooling and warming phases of the cycle in

detail. The cooling phase is also referred to as the “high-contrast” or “high-σSST” phase,

while the warming phase is also referred to as the “low-contrast” or “low-σSST” phase.

5.3.1 High-Contrast Cooling phase

The cooling phase of the cycle is broadly analogous to the equatorial Pacific during La Niña

conditions, when the zonal SST gradient and Walker circulation are anomalously strong.

The model domain features distinct warm and cold regions, with a difference of ∼3-3.5 K

between the minimum and maximum SSTs (Fig. 5.4e). Deep convection, precipitation, and

large-scale ascent are confined to a single region over the warmest SSTs, while cooler SSTs

and large-scale subsidence occupy the rest of the domain (Fig. 5.4a,c,e).

The SST variance budget, given by Eq. 5.2 and shown in Fig. 5.2d, shows that spatial

contrasts in SST are maintained by longwave and latent heat fluxes and damped by shortwave

fluxes. In the warm region, longwave cooling of the surface is ineffective due to a stronger

greenhouse effect there, and latent heat fluxes are weak due to high near-surface humidity

and relatively weak surface winds (Fig. 5.4e). In the cold region, the surface cools more

effectively by LW emission due to the dryness of the free troposphere above. In addition,

strong surface winds and reduced near-surface humidity generate enhanced latent heat fluxes

that cool the surface. Shortwave fluxes act to reduce σSST at all times, since deep convective

clouds shade the warmest SSTs.

Within the cool, subsiding region of the domain, SST is far from uniform (Figs. 5.3a,
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Figure 5.4: Characteristics of the (a,c,e) high-contrast cooling phase and (b,d,f) low-contrast
warming phase. (a, b) Relative humidity. (c, d) Total nonprecipitating cloud condensate.
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periods within each phase of the cycle.
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5.4e). The coldest SSTs are found at the edges of the subsiding region, while the center

of the subsiding region is ∼1 K warmer than the edges (albeit still colder than the warmer

convecting region; Fig. 5.4e). This “cold edge-warm center” pattern, as we shall see later

on, is a critical component of the cycle of internal variability. It arises due to the contrast in

SW absorption between the edges of the subsiding region, which are shaded by abundant low

clouds, and the center, which is nearly cloud-free. These spatial contrasts can be understoof

by examining the profiles in Fig. 5.5. In the center of the subsiding region, where the large-

scale circulation drives horizontal divergence near the surface, mean subsidence extends deep

into the PBL, drying it out (Fig. 5.5b). As the large-scale, near-surface flow accelerates from

the center of the cool region toward the convective region, the PBL becomes more turbulent

and is gradually moistened, as shown by the difference in the standard deviation of w and

the RH, respectively (Fig. 5.5c,d). Differences in temperature and RH at the lowest model

level suggest that the lifting condensation level (LCL) decreases from 1300 m at the center of

the cold region to ∼600 m at the edges, consistent with a marked increase in low cloudiness

(Fig. 5.5e).
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Figure 5.5: Profiles of (a) potential temperature, (b) vertical velocity, (c) the standard
deviation of the vertical velocity, (d) RH, and (e) cloud fraction averaged over the (gold)
relatively warm, cloud-free center and (purple) the cold, cloudy edges of the cold region.
Profiles are computed from 3D output over a 50-day period during the high-contrast phase.
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Because the contrast in low cloudiness across the subsiding region is relatively steady, the

amplitude of the “cold edge-warm center” pattern gradually grows throughout the cooling

phase of the cycle. We quantify this amplitude as ∆cpSST , which we define as the SST

difference between the warmest 25% and the coldest 50% of the subsiding region. For this

calculation, we define the subsiding region as the part of the domain where the 15-day column

relative humidity is less than 0.5, which closely traces the part of the domain with below-

average SST. Figure 5.2e shows that ∆cpSST increases by nearly 1 K over the course of the

cooling phase.

The end of the cooling phase is marked by the appearance of a second convective cell

over the relatively warm center of the subsiding region. Figure 5.2e shows that this generally

occurs once ∆cpSST reaches ∼1.4 K. The new convective region begins as an organized,

shallow cell with compensating subsidence on both of its sides. The subsidence causes the

PBL to shoal near the cold pool edges, eroding the low clouds there. The reduction in

low cloud area reduces the domain-averaged albedo, flips the sign of the net surface energy

balance, and kicks off the warming phase of the cycle. This transition takes 30-50 days, and

by the time the warming phase begins, the new convective region has developed mature,

deep convection, and the domain-averaged low cloud fraction has been reduced by half (Fig.

5.2a-c).

5.3.2 Low-Contrast Warming phase

The warming phase is characterized by the relatively rapid homogenization of SSTs over ∼50

days, followed by domain-wide warming. The homogenization is achieved by the warming

of the coldest SSTs at the edges of the cool, subsiding region. To understand this rapid

warming, we examine the SST variance budget composited around the minimum SST for

seven iterations of the cycle (Fig. 5.6a). This shows that the homogenization of SSTs, which

begins at the same time that SST reaches its minimum value, is initially driven by the LHF

term. The appearance of the second convective region interrupts the large-scale circulation,

slowing the surface winds over the cold edges of the subsiding region and dampening surface
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evaporation there. The reduction in σSST is further supported by delayed changes in the LW

term: the second convective region moistens the atmosphere over the cool SSTs, inhibiting

LW cooling there.

Once SSTs have been homogenized, the remainder of the warming phase is characterized

by the presence of two distinct convective regions (Figs. 5.3, 5.4b) and domain-wide warming.

As in the cooling phase, the convective regions are flanked by areas low cloudiness on both

sides, but these areas are small and the cloud cover within them is low compared to the

cooling phase. As a result, the mean low cloud fraction is smaller, albedo is lower, and the

domain warms. The reduced low cloudiness relative to the cooling phase is associated with

drier conditions within the PBL (Fig. 5.4a,b). The reduction in PBL moisture is consistent

with the expected influence of the large-scale circulation on PBL moistening. During the

warming phase, the large scale circulation is split into two overturning cells that are weaker

and half as wide as the single cell present during the cooling phase. Wind shear within

the PBL is greatly reduced, which would be expected to hinder the turbulent transport of
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moisture up from the surface. Moreover, because each overturning cell is half as wide as

during the cooling phase, the fetch of the low-level flow over the sea surface is reduced by

half. Both of these factors would be expected to slow the moistening of the PBL, making it

a less favorable environment for low cloud formation.

The transition out of the warming phase of the cycle is more gradual than the abrupt

termination of the cooling phase. At the start of the warming phase, the conditions in the

two subsiding regions are similar. As time progresses, a modest SST difference typically

develops between the two subsiding regions (Fig. 5.3a), giving rise to a modest difference in

surface pressure. This affects the large-scale flow in such a manner that the two convective

regions drift toward one another, allowing the subsiding region with higher surface pressure

to expand at the expense of that with lower surface pressure. As the two convective regions

near, the large-scale circulation in the growing subsiding region strengthens, which cools the

SST there via enhanced surface evaporation. As a result, SST contrast begins to develop.

Fig. 5.6b shows that, on average, LHF-driven contrast starts developing about ∼30 days

prior to the SST maximum at t = 0. The growth in SST contrast is enhanced by LW

radiation as the two convective regions converge over the warmer SSTs, enhancing the water

vapor greenhouse there. The large-scale circulation continuously dries the subsiding region,

allowing for more efficient LW cooling over cool SSTs. When the two convective regions

finally join, the large-scale circulation is again comprised of a single overturning cell, and the

cooling phase starts anew.

5.4 Circulation throughout the cycle

Having generally described the cycles of internal variability, we turn now to variability in

the overturning circulation, which we examine using the vertical profile of the convective

mass flux M . In simple conceptual models of the tropical atmosphere, the net detrainment

from convection is approximately balanced by the radiatively driven divergence in clear-sky

regions, Dr:

∂pM ≈ Dr (5.3)
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where M is defined as positive when the convective mass flux is upward and

Dr = ∂pωr (5.4)

ωr = −Qr/s (5.5)

where ωr is the radiatively driven subsidence in clear-sky regions, Qr is the clear-sky radiative

heating rate, and s is the dry static stability. Note that Eq. 5.3 is only an approximation,

since radiation is not the only source of diabatic heating in clear-sky regions [Jeevanjee,

2022]. This conceptual model has long been used to understand the dynamics of RCE, and

the vertical structure of this system is well documented in previous work [e.g., Knutson and

Manabe, 1995; Hartmann and Larson, 2002; Zelinka and Hartmann, 2010; Bony et al., 2016;

Jeevanjee, 2022]. Briefly, there is a peak in Dr around the ∼220 K level arising from the

rapid decline in radiative cooling rate with height there. M decreases rapidly with height

at this same level, resulting in upper-level maximum in net detrainment that approximately

balances the peak in Dr. The maximum in net detrainment corresponds closely to the level

of peak anvil cloud formation.

Previous work has also identified robust responses of this system to surface warming. M

is expected to broadly decrease with warming [Knutson and Manabe, 1995; Jeevanjee, 2022],

and the upper-level maximum in Dr is expected to decrease in magnitude [Bony et al., 2016;

Saint-Lu et al., 2020] and shift upward to lower pressure such that it maintains roughly

the same temperature [Hartmann and Larson, 2002; Zelinka and Hartmann, 2010]. If Eq.

5.3 is valid, these changes in Dr would be accompanied by a similar decrease and upward

shift in the upper-level ∂pM maximum. This is the basis of the Fixed Anvil Temperature

and Proportionally Higher Anvil Temperature hypotheses, which specify that changes in the

temperature of anvil cloud top are small compared to changes in surface temperature.

We use this conceptual framework to understand variability in circulation and cloudiness

throughout the cycle. M is set equal to −ω for cloudy grid cells and zero elsewhere, then

averaged across space and time at each vertical level. Grid cells are considered cloudy if the
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total condensed water mixing ratio exceeds 10−5 kg/kg; precipitating condensate is included

here to avoid non-physical patterns arising from the fact that the P3 microphysics scheme

distinguishes between precipitating and nonprecipitating condensate for liquid but not ice.

We first examine variability in M by finding the empirical orthogonal functions (EOFs)

of the daily mean profile of M from 100-850 hPa. The PBL is excluded in order to focus on

free tropospheric convection. Prior to computing the EOFs, M is low-pass filtered (4th-order

Butterworth filter with a 50-day cutoff) to remove the high-frequency variability associated

with fast gravity wave propagation. The EOFs thus explain variability of free-tropospheric

M on timescales similar to that of the internal cycle. The first two EOFs are shown in Fig.

5.7c, and their vertical gradients, which indicate net detrainment, are shown in Fig. 5.7d.

Corresponding principal components (PCs) are shown in Fig. 5.7f.

The first EOF accounts for 51% of the low-frequency variance in M and represents vari-

ability driven by changes in large-scale convective organization. The corresponding PC is

highly correlated with σSST (r=0.93; Fig. 5.7f), suggesting that EOF1 represents the sensi-

tivity of M to SST contrast and the number of convective regions present across the domain.

Its vertical structure shows reduced mass flux between 250-650 hPa and only minor changes

in M elsewhere, which implies an increase in net midlevel (600-700 hPa) detrainment at the

expense of deep detrainment aloft (Fig. 5.7c-d). This shift toward a more bottom-heavy cir-

culation is accompanied by a decrease in anvil cloud area (not shown), as would be expected

from reduced upper-level detrainment [Zelinka and Hartmann, 2010; Bony et al., 2016]. That

the circulation is more bottom-heavy when there is only one convective region is consistent

with the finding by Sokol and Hartmann [2022] that midlevel detrainment is enhanced by

convective organization in idealized RCE simulations.

To understand these changes in vertical structure, we turn to the conceptual model

described earlier in this section. Figure 5.8 shows profiles of relevant quantities from the

conceptual model averaged over the high- and low-σSST phases of the cycle. The averaging

is done so that the mean SSTc during the two averaging periods is roughly equal (within

0.1 K), such that differences between the two periods result solely from differences in σSST
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Figure 5.7: (a) the mean convective mass flux M and (b) its vertical gradient ∂pM . (c) The
first two EOFs of M and (d) their vertical gradient. The numbers in the EOF labels show
the fraction of variance explained, and the horizontal dashed lines in (b) and (d) indicate
the level of maximum ∂pM . (e) Time series of the normalized anomalies of SSTc and σSST.
(f) The first two principal components (PCs) corresponding to the EOFs shown in (c).

and large-scale convective organization. To achieve this balance, we only consider periods

when SSTc is between 301.1-303.0 K (∼70% of the simulation). The resulting profiles of

M (Fig. 5.8d) are in line with the expectations from EOF1: M is lower during the high-

contrast phase between 250-650 hPa and relatively insensitive to σSST above and below

that layer. This pattern is also seen in profiles of ωr (Fig. 5.8c), which in equilibrium

should roughly balance M . The reduction in ωr during the high-σSST phase can arise from
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dotted black line shows ωr computed using Qr from the low-σSST phase and s from the high-
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weakened radiative cooling and/or greater stability (Eq. 5.5). The dotted line in Fig. 5.8c

shows the impact of enhanced stability on ωr during the low-σSST phase. The increase in

500-850 hPa s during the high-σSST phase acts to slow the circulation throughout all the

troposphere, with the exception of a narrow layer between 350-450 hPa. The reduction in

ωr is largest at lower levels, meaning the change in s acts to reduce the bottom-heaviness of

the circulation. The dashed line in Fig. 5.8c shows the impact of changes in the radiative

cooling profile: the change in Qr strengthens low-level subsidence and weakens mid-level

subsidence, making the circulation more bottom-heavy. These changes result from a shift in
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radiative cooling to lower levels during the high-contrast phase (Fig. 5.8a), which is a known

impact of convective organization [Emanuel et al., 2014]. Thus, during the high-contrast

phase, changes in stability act to slow the circulation while changes in Qr affect its vertical

structure. The notable, ∼20% increase in mid- and low-level stability during the high-σSST

phase will be explored in the next section.

The second EOF of M accounts for 28% of its low-frequency variance. PC2 is well corre-

lated with SSTc (r=0.89), suggesting that EOF2 represents temperature-driven variability,

that is, the impact of absolute SST on the convective mass flux. The vertical structure of

EOF2 (Fig. 5.7c) contains two important features. First, it shows the expected upward shift

of the M profile to lower pressure in response to SSTc warming. The upward shift is evident

in the vertical gradient of EOF2 (Fig. 5.7d), which represents net detrainment and has two

dipoles centered at 210 and 500 hPa. These levels coincide with the mid- and upper-level

maxima in the mean detrainment profile (Fig. 5.7b), indicative of an upward shift. The shift

can also be seen in Fig. 5.8e-h, in which the high-SSTc and low-SSTc averages each reflect

30% of the total simulation time and include equal time from the high- and low-contrast

phases of the cycle. The second important feature of EOF2 is the general decrease in M

between 600-850 hPa associated with warmer SSTc, which is also seen in Fig. 5.8h. This,

too, is in line with the expectation that M decreases as the surface warms. Here, the de-

crease in M applies only from 600-850 hPa; at higher levels, warmer surface temperatures

drive compensating changes in radiative cooling and static stability such that ωr and M are

relatively unaffected. As a result, the profile of M is more bottom-heavy during the cooler

parts of the cycle, although the difference in vertical structure is significantly smaller than

that associated with changes in σSST and convective organization.

The EOF analysis shown here provides a convenient separation between σSST-driven and

SSTc-driven variability in the convective mass flux, which we interpret here as variability

driven by convective organization and temperature, respectively. The dominant mode of low-

frequency M variability is the organization-driven trade-off between the deep and congestus

modes of the large-scale overturning circulation. SSTc-driven variability is secondary and
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acts primarily to shift the profile of M such that its main features maintain roughly constant

temperature. It seems likely that the relative importance of organization- and temperature-

driven variability is sensitive to the organization and SSTc cycle amplitudes. For example,

if the range of SSTc realized throughout the cycle were doubled but the cycle of convective

organization remained the same, SSTc could feasibly overtake convective organization as the

dominant driver of M variability.

5.5 Tropospheric stratification throughout the cycle

We now examine how the dry static stability, s, of the free troposphere varies throughout

the internal cycle. Stability affects many important tropical phenomena, such as convective

intensity and overturning circulation strength [Singh and O’Gorman, 2015; Knutson and

Manabe, 1995; Sohn et al., 2016]. Here, we are interested in stability because of its role in

modulating the M variability discussed in the previous section.

In pressure coordinates, the static stability s is given by

S = −T

Θ

∂Θ

∂p
= (Γd − Γ)/ρg. (5.6)

where θ is potential temperature, Γ the lapse rate, and Γd the dry adiabatic lapse rate. Free-

tropospheric s is known to be affected by several factors. The first is the temperature and

humidity of the sub-cloud layer in the convecting region, which determine the moist adiabatic

temperature profile assumed by rising convective updrafts [Betts , 1982; Xu and Emanuel ,

1989]. The convective temperature profile is efficiently transmitted across the Tropics by

gravity waves [Bretherton and Smolarkiewicz , 1989], which couples the Tropics-wide s to the

SST in the convective region. Because warmer moist adiabats are more stable, we expect

warmer SSTs to be associated with greater s [Knutson and Manabe, 1995; Bony et al., 2016].

Second, s is affected by the deviations of rising updrafts from an undiluted moist adiabat.

These deviations, which decrease s, arise from the entrainment of dry air into convective

updrafts [Bao and Stevens , 2021; Becker and Hohenegger , 2021; Keil et al., 2021; Wing and
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Singh, 2024]. Their magnitude depends on the entrainment rate, ϵ, and the saturation deficit

of the entrained air. If ϵ is large and/or ambient air is dry, updrafts will follow a less stable

temperature profile. When convection is highly organized, updrafts are surrounded by air

that is, on average, moister. Therefore, under constant ϵ, greater convective organization

is associated with reduced entrainment drying, and convective updrafts adhere more closely

to an undiluted moist adiabat. Following Becker et al. [2018], we refer to this effect as

the “moist shell” effect, which implies an increase in s with greater convective clustering.

Finally, vertical gradients in Qr are thought to affect s, both in the real Tropics [Mapes and

Zuidema, 1996] and idealized RCE simulations [Sokol and Hartmann, 2022]. We diagnose

the tendency of s due to radiative heating as (∂tS)r = −∂pQr. While other processes may

also affect s, we will show that the s variability examined here can be largely explained by

these three factors.

Figure 5.9a-b shows that s variability throughout the cycle has different drivers in dif-

ferent parts of the troposphere. Between the freezing level and ∼250 hPa, monthly mean

s anomalies closely follow those in SSTc (r2=0.7-0.9, depending on the pressure level; Fig.

5.9b). The association of warmer SSTc with enhanced upper-level stability is consistent with

the expectations outlined above: when SSTc is anomalously warm, isotherms shift upward

to lower pressure. Since the moist adiabatic lapse rate is primarily a function of temperature,

the lapse rate at fixed pressure decreases (s increases) as the surface warms.

On the other hand, between the top of the PBL and the freezing level, monthly mean s

is entirely uncorrelated with SSTc (Fig. 5.9b). Rather, variability in s at these levels follows

variability in σSST (r2 =0.6-0.7). s is large during the high-contrast phase of the cycle,

when there is one convective region, and small during the low-contrast phase, when there are

two. This pattern is seemingly consistent with the “moist shell” effect described above, in

which greater convective clustering mitigates the effects of entrainment on the temperature

profile. In the remainder of this section, we consider whether the moist shell effect can indeed

account for this pattern of s variability. For this analysis, we compare two 50-day periods for

which the full, vertically resolved model output is available: one high-contrast period (day
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Figure 5.9: (a) Shading shows monthly s anomalies. The grey line shows the freezing
level. Normalized anomalies of SSTc (black) and σSST (green) are shown on a separate y-
axis. (b) Correlation coefficients between monthly mean s and (black) SSTc and (green)
σSST. (c) Difference in convective-region RH between the high- and low-contrast phases.
(d) Black: difference in (solid) the domain mean stability ∆s and (dashed) the convective-
region stability ∆sc. Colored lines: difference in s predicted by the spectral plume model
for various entrainment rates (expressed in km−1.) and a LCL of 500 m. (e) difference in
domain-averaged (∂tS)r. Note the difference in y-axis limits between the top and bottom
rows.

7620-7670) and one low-contrast period (day 7800-7850). The two periods were chosen to

have equal SSTc, ensuring that differences in s reflect differences in large-scale convective
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organization. To identify convective regions, we compute the 50-day, 400-700 hPa mean ω at

each grid point then block-average the domain into 162-km blocks. Blocks with mean ascent

are defined as the convective regions, and our results are not very sensitive to the details of

this procedure.

Figure 5.9d shows the difference in domain-averaged stability (∆s) and convective-region

stability (∆sc) between the high- and low-contrast periods. Surprisingly, ∆s is significantly

larger than ∆sc throughout the 500-800 hPa range. This indicates (1) that the model domain

is long enough to support non-negligible horizontal temperature gradients, and (2) that

convective-region processes can only explain some of the relationship between s and σSST.

At ∼800 hPa, s is affected by the stability at the top of the PBL in nonconvecting regions,

which varies throughout the cycle due to low cloud variability. Above this level, the difference

between ∆s and ∆sc must arise from diabatic processes in the subsiding region(s), which are

limited to radiative cooling. Fig. 5.9e shows that (∂ts)r is greater during the high-contrast

period, meaning that changes in the profile of Qr act to enhance s during the high-contrast

phase. As discussed in section 5.4, this results from a shift in the Qr profile to lower levels,

a known effect of convective aggregation [Emanuel et al., 1994].

Recognizing that radiative cooling plays a significant role in s variability, we now focus

exclusively on ∆sc and consider whether it can be attributed to the moist shell effect. The

basis of the moist shell effect is that the ambient air entrained into convective updrafts is

more humid when convection is more aggregated. Indeed, Fig. 5.9c shows that the mean

convective-region RH is significantly greater during the high-contrast phase, with the largest

difference of 0.22 found at 750 hPa. To test whether this RH enhancement can explain ∆sc,

we employ the spectral plume model (SPM) developed by Zhou and Xie [2019]. The SPM

can be used to construct the equilbrium temperature profile resulting from a spectrum of

convective plumes with varying entrainment rates and levels of neutral buoyancy. We use

the SPM to find the ∆sc resulting from the environmental RH enhancement shown in Fig.

5.9c, assuming negligible changes in the ϵ0 between the high- and low-contrast phases. Our

implementation of the SPM takes as inputs a cloud-base entrainment parameter ϵ0 and a
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profile of environmental RH, among others, and outputs a profile of s. The full details of

our model implementation and experimental protocol can be found in section 5.9.1. Since

the entrainment rate cannot be diagnosed directly from out model output, we test a range

of reasonable values for ϵ0 informed by a recent analysis by Hu et al. [2023], which used

the same model and a similar horizontal resolution (4 km rather than our 3 km) as our

simulation.

The colored lines in Fig. 5.9d show the SPM-estimated ∆sc due to the moist shell effect

for various values of ϵ0. The SPM-predicted profiles and the SAM-simulated ∆sc (dotted

black line) have different shapes throughout the lower troposphere, which is to be expected

due to the many simplifying assumptions made by the SPM. Our goal here is simply to

determine whether the SPM predicts stability enhancement of the same order of magnitude

as the SAM-simulated ∆sc. For ϵ0 = 0.2-0.4 km−1, the SPM-predicted stability enhancement

is on par with the SAM-simulated ∆sc between 550-750 hPa. This range of ϵ0 overlaps

with the diagnosed entrainment rate of 0.25 km−1 in Hu et al. [2023] for SAM simulations

with a horizontal resolution of 4 km. This suggests that the enhancement of RH within

convective regions can, under typical entrainment rates, produce an increase in midlevel s

that is commensurate with the change in midlevel s throughout the cycle. We therefore find

support for the moist shell explanation of midlevel s variability, with two important caveats.

First, we have assumed constant entrainment rates between the high- and low-contrast phases

of the cycle. Second, while the moist shell effect may plausibly explain s variability within

the convective region, variability in domain-averaged s cannot be explained by convective

processes alone and is very likely influenced by radiative cooling.

5.5.1 Summary of s variability and applicability to the real Tropics

We have found that internal s variability is controlled by different factors at different levels,

with a clear split between SSTc-modulated and organization-modulated parts of the tropo-

sphere (Fig. 5.9b). This finding, however, is likely sensitive to the amplitude of internal

variability in SSTc and convective organization; for example, the effect of SSTc on midlevel
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S could feasibly overtake that of convective organization if the amplitude of the SSTc cycle

were greatly increased but the cycle of organization remained unchanged. To understand

the applicability of these findings to the real Tropics, we examine S variability in ERA5

reanalysis. Using 4x daily reanalysis data from the equatorial Pacific, we compute monthly

mean SSTc and two proxy metrics for convective organization. The first is σ2
CRH—the spatial

variance of the column relative humidity (CRH)—which is a well established metric of large-

scale convective organization [e.g., Wing et al., 2017]. The second is σSST, which has been

used as a metric of organization in modeling studies [e.g., Tompkins and Semie, 2021] but

not, to our knowledge, in observational assessments. While σSST and convective organization

track each other very closely in our simulation, we caution that a relationship between σSST

and organization in the real world has not been established. Nevertheless, we include it here

for comparison with the simulation. A description of how these metrics are calculated from

the reanalysis data is given in 5.2.3.

The relationships between s and the three predictor variables (SSTc, σSST, and σ2
CRH),

shown in Figure 5.10, are generally weaker in ERA5 than in the model simulation. This is

to be expected, since there are many factors that may affect s in the real world that are

not included in the idealized RCE simulation. However, as in the model simulation, the

strength of the s-SSTc relationship in ERA5 is strongest in the upper troposphere (250-

500 hPa), while the relationships with the two organization proxies are strongest in the

mid-troposphere (400-700 hPa). That the SSTc- and organization-modulated levels align

so well with the simulation is somewhat surprising given the simplicity of our analysis and

the indirect nature of the two proxies for convective organization. While the dependence of

upper-level s on surface temperature has been documented in previous work [Saint-Lu et al.,

2020], the dependence of midlevel s on convective organization has not, to our knowledge,

been examined in any observationally derived data. Because σSST and σ2
CRH are only indirect

proxies of organization, and because tropospheric temperature in the equatorial Pacific could

be affected by factors outside of our reanalysis study region, we caution against a causal

interpretation of this result. Nevertheless, this finding is consistent with the simulation
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Figure 5.10: Vertical profiles of the correlation coefficient between monthly mean s and
(black) SSTc, (green) σSST, and (purple) σ2

CRHin ERA5. Data reflect the equatorial Pacific.
Shading shows the 95% confidence interval generated from 10,000 bootstrapped samples.

results, and it underscores the fact that the physical mechanisms connecting s, SSTc, and

convective organization are rooted in first principles and may therefore be expected to apply

to the real Tropics. This can be summarized by the following two insights:

1. The impact of surface temperature on tropospheric temperature and stratification is

amplified aloft. This has long been known [Manabe and Stouffer , 1980] and arises from

the physics of idealized, moist adiabatic ascent.

2. The influence of the “moist shell” effect on stratification decreases with height. At

upper levels, cold temperatures reduce the saturation deficit of environmental air en-

trained into convective updrafts. Since the impact of entrainment on the temperature

profile is weaker at the cold temperatures, the same amount of environmental RH en-
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hancement should have less of an effect in the upper troposphere than at lower levels.

As we shall see in the next section, these insights into tropospheric stratification can help

understand the internal variability of the convectively driven overturning circulation.

5.6 Sensitivity of the cycle to domain length

5.6.1 Additional model runs

To test the sensitivity of the cycle to the length L of the 2D model domain, we conducted

similar simulations with various values of L, all shorter than the control run described above

(L=13,122 km). The exact values of L, shown in Table 5.1, were chosen to provide a spread

in domain sizes while meeting computational requirements.

These simulations are configured as similarly to the control run as possible, with a few

exceptions. First, the sensitivity runs are only integrated for 2,000 days after the initial 100-

day spin-up period that uses a shallower mixed-layer. Second, to meet SAM’s computational

requirements, the run with L =10,800 km uses 90 vertical levels instead of 81. The 90-level

grid is constructed by extending the 81-level grid upwards using a layer depth equal to the

uppermost layer of the 81-level grid. The bottom of the damping layer is kept at the same

altitude in all simulations. Lastly, the Q-flux is adjusted for the sensitivity runs in order to

keep the time-averaged SST as similar to the control as possible (Table 5.1). These values

were selected based on trial and error.

5.6.2 Sensitivity test results

We find that the cycle of internal variability described in the sections above is present in the

runs with L = 13,122 and 11,664 km but absent in the runs with smaller domains (Table

5.1, Fig. 5.11). For the smallest domain (L =7,776 km), SST is nearly uniform in space and

time. But for L = 10,800 and 9,720 km, there is significant SST variance across the domain,

yet SST is steady over time. These runs resemble the high-σSST, cooling phase of the control

run, with well defined warm and cold regions, a single convective region over the warm SSTs,
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and two regions of enhanced low cloudiness flanking the convective region. But, unlike in

the control run, this state is stable over the integration times tested here. We therefore seek

to understand why the cycle disappears as L decreases even when high σSST persists.

It was shown in section 3.1 that, in the control run, the end of the cooling phase occurs

when the “cold edge-warm center” SST pattern within the cold region reaches a certain

amplitude. The center of the cold region becomes progressively warmer than its edges until

a second convective region develops in the relatively warm center. The cold edge-warm

center pattern is present in all of the runs with significant σSST, but its amplitude greatly

diminishes as L becomes smaller. Figure 5.11c shows ∆cpSST for all of the runs in which

the cold edge-warm center pattern is present. In the two cycling runs (L =13,122 and

11,664 km), ∆cpSST grows throughout the cooling phase until the appearance of a second

convective region, whereas in the non-cycling runs ∆cpSST remains relatively steady at low

values, reflecting more homogeneous SSTs within the cold region. We hypothesize that the

stunted growth of this SST pattern in smaller model domains inhibits the instability that

brings about the end of the high-σSST phase, shutting down the cycle of internal variability.

We must then ask why the cold edge-warm center SST pattern weakens as L decreases.

Fig. 5.11d shows the contrast in surface energy flux terms between the warm center and cool

edges of the subsiding region. For these calculations, we compare the high-σSST cooling phase

L Q-flux SST σSST Cycle?
(km) (W/m2) (K) (K)

13,122∗ 35 301.2 0.83 Yes
11,664 40 300.2 0.75 Yes
10,800 27.5 299.7 1.08 No
9,720 32.5 298.9 0.95 No
7,776 45 302.6 0.38 No

∗control run.

Table 5.1: Details for the sensitivity tests of varying domain length L. SST and σSST

represent averages over time (not including the equilibration period).
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Figure 5.11: Weekly average (a) SST , (b) σSST and (c) ∆cpSST for model runs with various
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budget terms between the warm center and cold edges of the subsiding region; positive values
act to increase the amplitude of the cold edge-warm center SST pattern and negative values
act to dampen it.

of the cycling runs with the steady state of the two non-cycling runs that have substantial

σSST. We first compute the time-averaged surface fluxes over an entire iteration of the

cooling phase for the cycling runs (a 275-day period for L = 13, 122 km and a 391-day
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period for L = 11,664 km) and over an arbitrary 275-day period for the non-cycling runs.

We then normalize the x coordinate of each run by the total domain length L such that

0 < x < 1. We determine the location of the relatively warm center of the cold region, x′, by

locating the local SST maximum. Mean surface flux terms are computed over the interval

x′ − 0.03 < x < x′ + 0.03, which we take to be representative of the relatively warm center

of the cold region. We then compute mean fluxes for the colder edges of the cold region by

averaging over x′ − 0.15 < x < x′ − 0.09 and x′ + 0.09 < x < x′ + 0.15, which corresponds

to the local SST minimum in the control simulation.

Since the cold edge-warm center pattern itself is caused by a contrast in low cloudiness, we

may first suspect that changes in pattern amplitude are driven by changes in SW contrast.

However, Fig. 5.11d shows that this is not the case; rather, changes in SW flux at the

surface act to increase the amplitude of the SST pattern as L decreases from the control run

to 10,800 km. On the other hand, changes in LW and, to a much lesser degree, LHF both

act to weaken the pattern over this range of L. The changes in LW contrast between the

center and edges of the cold region are mostly due to clear-sky effects, with clouds playing a

very minor role. The physical interpretation of this is that, as L decreases from the control

run to 10,800 km, the greenhouse effect over the center of the cold region weakens relative

to that over the edges, and LW cooling of the surface becomes more efficient over the center.

This change results from a drying of the free troposphere over the center of the cold region

as L decreases (not shown). This enhanced surface cooling prevents the growth in amplitude

of the cold edges-warm center SST pattern.

The important takeaway from this sensitivity analysis is that SST patterns within the

subsiding region are a critical component of the cycle of internal variability in the control

run. The high-σSST state associated with the cooling phase of the cycle is stable on longer

timescales if the cold edge-warm center SST pattern is reduced in amplitude or absent

entirely. Changes in the amplitude of the SST pattern can be brought about by changes

in the moisture content of the free troposphere in the subsiding region; understanding the

dynamic and thermodynamic controls on humidity in tropical clear-sky regions may thus be
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of interest in studies of tropical variability.

5.7 Sensitivity of the cycle to mean climate

In these section we provide a brief overview of the sensitivity of internal variability to forced

changes in SST . We conducted several additional simulations in which we perturb the mean

climate by changing the value of the Q-flux (Table 5.2). The simulations are identical to the

control run in all other respects, and all use the same domain length (L= 13,122 km). Two

of the runs are initialized from day 4,000 of the run with Q=32.5 W/m2 (Table 5.2, Fig.

5.12); the remainder are initialized in the same manner as the control run: beginning with

uniform SST, the model is run for 100 days with a 10-m mixed layer before the mixed-layer

depth is switched to 25 m, marking day 0.

As shown in Fig. 5.12, the character of internal variability is very sensitive to the mean

climate. The internal cycle described in this chapter is present in all of the runs that have

a mean SST close to that of the control run, regardless of the Q-flux. In the cooler climate

(Q=50 W/m2), there is an internal cycle that is clearly different in nature from that in

Q-flux SST σSST Cycle?
(W/m2) (K) (K)

251 N/A2 0.86 No
30 309.9 0.89 No
301 301.8 0.98 Yes
32.5 301.7 0.83 Yes
35∗ 301.2 0.83 Yes
50 299.2 0.56 Yes (modified)

∗control. 1branched from day 4,000 of the run
with Q=32.5 W/m2 (Fig. 5.12).
2equilibrium SST was not reached.

Table 5.2: Details for the sensitivity tests with different mean climates achieved by changing
the Q-flux. Results reflect the last 2,000 days of each run with the exception of the control
run (Q=35 W/m2), for which we use the same time period used for the rest of the chapter.
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Figure 5.12: SST (lines) for the sensitivity tests with different Q-fluxes. The blue line is
the control run that is the primary subject of this chapter. Shading is between the 10th and
90th SST percentiles found across the domain.

the control (black line in Fig. 5.12). The amplitude of SST variability is greatly reduced

compared to the control, and the warming phase is significantly longer than the cooling

phase. SST contrast grows gradually throughout the warming phase and continues to grow

throughout the onset of the short cooling phase. The contrast then abruptly collapses, at

which point the warming phase starts again. This suggests that the coupling between SST

and σSST in this model setup is dependent on the mean state.

In warmer climates, such as that achieved in the run with Q=30 W/m2 (purple line in

Fig. 5.12), there is high SST contrast but no regular cycle of variability; rather, SST is

relatively steady for the entire 7,000-day simulation period. We refer to this warmer run as

SST310. In the control run, high SST contrast is associated with decreasing SST due to

the abundance of low clouds that form in high-contrast conditions. That SST is steady in

SST310 run despite high contrast suggests that low cloud fraction is smaller in SST310 than

in the control. Indeed, low cloud fraction in SST310 is ∼0.19 (not shown), much smaller than

the mean of ∼0.31 during the high-contrast phase of the control run. Why is this the case?

Further investigation of SST310 reveals a significant shift in the relationship between deep

convection and SST. This can be seen in Figure 5.13, which shows Hovmöller diagrams of
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Figure 5.13: Hovmöller diagrams of SST’, the SST anomaly relative to the instantaneous
domain average, for (a) the control run and (b) SST310, the warm, non-cycling run with
Q=30 W/m2. The black contour shows CRH above 0.6 and is intended to loosely trace the
parts of the domain with active convection. Note: domain-average SSTs vary with time and
between the two panels, so the same SST’ does not indicate the same absolute SST.

SST and the moist convective envelope for a 300-day period of the control run and SST310.

In the high-contrast phase of the control run, the moist region remains parked over the

warmest SSTs. On the other hand, in SST310, convection develops as a narrow cell over

relatively moderate SSTs and is advected by the mean flow towards the warm pool. New

convective regions develop on each side of the warm pool every ∼25 days, giving rise to the

fishbone pattern seen in Fig. 5.13b. The systems develop on the edges of the cool, subsiding

region, exactly where low clouds are most abundant in the control run. This inhibits the

development of a moist, capped PBL and suppresses low cloud formation, ultimately allowing

SST to reach a steady state. Thus, in a warmer climate, a shift in SST-convection dynamics

leads to a fundamental change in the nature of internal variability. Future work will seek to

explain this shift in dynamics and understand its applicability to the real Tropics.

These sensitivity tests demonstrate several other interesting properties of the coupled
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RCE system. First, multiple equilibria are possible for the same Q-flux depending on initial

conditions. Whereas SST310 enters a warm, non-oscillatory state of high contrast, a run with

the same Q-flux (30 W/m2) initialized in the cool, oscillatory regime remains in that regime.

Second, time-averaged SSTs between ∼303 and ∼309 K are unstable on long timescales. Fig.

5.12 shows that the runs with SSTs in this range eventually enter the warmer, non-oscillatory

regime or the cooler-oscillatory regime. It seems exceedingly likely that this result is specific

to this model and/or experimental configuration; nevertheless, understanding why it is the

case may lead to valuable insights and may be explored in future work.

5.8 Summary and Conclusion

This chapter has examined internal variability in a ∼20-year, cloud-resolving, coupled RCE

simulation. The model produces internal oscillations in which the mean SST, the spatial pat-

tern of SST, and the large-scale organization of deep convection vary systematically. These

oscillations are summarized in Figure 5.14. Strong spatial contrasts in SST are associated

with enhanced convective organization, greater low cloudiness, and mean SST cooling. On

the contrary, uniform SSTs are associated with reduced convective organization, suppressed

low cloudiness, and mean warming. The internal oscillations generated by these two regimes

share certain characteristics with previously described GCM experiments [Coppin and Bony ,

2017; Drotos et al., 2020; Dygert and Hartmann, 2023] but are unique amongst them, and

this is the first description of such variability in a cloud-resolving model.

In addition to describing the cycle in detail, we have also leveraged the model’s internal

variability to understand various aspects of the tropical overturning circulation and the

stratification of the free troposphere. When convection is highly organized during the cooling

phase of the cycle, the overturning circulation is more bottom heavy and the lower half of

the free troposphere is more stable than during the warming phase. Both of these shifts are

due in part to changes in the vertical profile of radiative cooling. We further found that the

moist shell effect could plausibly explain part of the enhanced stratification. A key takeaway

from this analysis was that organization-driven variability in the strength and structure
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Figure 5.14: Overview of the cycle in SST -σSST phase space. Each scatter point represents a
7-day period and is shaded according to the domain-averaged albedo anomaly. Low-contrast
and high-contrast refer to the amount of SST variability across the domain. The circular
arrow represents the direction in which the cycle progresses over time.

of the tropical circulation can be just as, if not more, significant than temperature-driven

variability.

An additional source of uncertainty in this analysis is the degree to which 2D simula-

tions are representative of the 3D tropical atmosphere. Fully understanding the dimensional

dependence of convective organization is beyond our scope here, but a previously published

result suggests that differences between 2D and 3D simulations of convective organization

are minor [Yao and Yang , 2023].

The sensitivity tests discussed in sections 5.6 and 5.7 have generated several questions
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that remain unanswered. What sets the lengthscale of the tropical overturning circulation

cell? What is the role of SST patterns in setting this lengthscale? And what explains the

strong and abrupt dependence of internal variability on the mean SST? These questions will

be investigated in future work.

5.9 Supplementary Information

5.9.1 Spectral Plume Model Calculations

To understand changes in static stability throughout the cycle, we employ the spectral plume

model (SPM) developed by Zhou and Xie [2019] (hereafter ZX19). The SPM builds on the

zero-buoyancy plume model developed by Singh and O’Gorman [2013] and can be used to

understand the vertical structure of the atmosphere resulting from a spectrum of entraining

plumes with different levels of neutral buoyancy. Its equations predict the deviation of the

mean moist static energy (h) profile from an undiluted moist adiabat. The formulation used

here, copied from ZX19, is

d∆h

dz
− λ∆h = −ϵ(z)(1−RH)

Lvq∗v
Cp

(5.7)

λ ∼= 1

1 + ηϵ(z)(z − zb)

d ln ϵ

dz
(5.8)

where ∆h is the deviation of the mean h profile from that of an undiluted moist adiabat, q∗v

is the saturation vapor pressure of the entrained environmental air, Lv is the latent heat of

vaporization, and Cp is the specific heat capacity of air at constant pressure. η is a constant

equal to 0.75, as shown in ZX19. ϵ(z) is the entrainment rate of a plume reaching its level

of neutral buoyancy at height z and is given by

ϵ(z) =

ϵ0

(
zt−z
zt−zb

)k
, zb < z < zt

0, elsewhere

(5.9)
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where ϵ0 is the cloud-base entrainment rate, zt is the top of the convectively mixed layer, zb

is the height of cloud base (i.e., the LCL), and, following ZX19, k = 1.

As shown in ZX19, Eq. 5.7 can be integrated upward to find the vertical profile of ∆h.

The deviation of the mean temperature profile from the undiluted moist adiabat can then

be found by

∆T (z) = −
(
1 +

Lv

RvT
2

Lvq∗v
Cp

)−1

∆h (5.10)

where Rv is the gas constant for water vapor and T is the environmental temperature profile

equal to T u +∆T , where T u is the temperature of the undiluted moist adiabat.

Our implementation of the SPM takes the following paramters as inputs: the near-surface

air temperature T0, the LCL, ϵ0, and a vertical profile of environmental RH. We find T0 by

extrapolating the temperature at the lowest model level to the surface along a dry adiabat.

We then use T0 to construct the undiluted moist adiabat T u[z] with LCL = zb = 500m. The

moist adiabatic lapse rate transitions linearly from liquid to ice saturation between 273.15

and 253.15 K. Then, we compute ϵ(z) from Eq. 5.9 and integrate Eq. 5.7 upwards to get

∆h(z). To find ∆T (z) using Eq. 5.10, we must make a first guess of T (z), which we have not

yet solved for. We use T u(z) as a first guess, solve for ∆T (z) via Eq. 5.10, then recompute

T (z) = T u(z) + ∆T (z). We then solve for ∆T (z) again using the updated T (z) and iterate

until convergence. The resulting profile of T (z) is then used to compute s.

Our goal is to determine whether the RH enhancement shown in Fig. 5.9c can account

for the difference in convective-region s between the low- and high-contrast phases of the

cycle. We first run the SPM using inputs from the 50-day, low-contrast sample period. The

input RH profile is set to the mean RH within the convective parts of the domain, and a

profile of s is generated for each test value of ϵ0. We then run the model again using the same

near-surface air temperature but the RH profile from the high-contrast sample period, which

allows us to compute the change in s resulting from RH enhancement within the convecting

regions. Results are shown in Figure 5.9d, with each line corresponding to a different value

of ϵ0.
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