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Abstract

Physical Constraints and Modeling Uncertainties
on the Intensification of the Global Hydrologic Cycle

by

Benjamin Fildier

Doctor of Philosophy in Earth and Planetary Science

Designated Emphasis in Computer Science and Engineering

University of California, Berkeley

Professor William Drew Collins, Chair

Climate change induces shifts in the statistical distribution of rain in the form of more
intense rainfall events and longer dry spells. This acceleration of the hydrologic cycle can
be characterized by tiered increases in mean and extreme rainfall in response to warming.
This dissertation revisits how this behavior is driven by the energetic, thermodynamic and
dynamic properties of the atmosphere: by summarizing these processes into a few physical
constraints, it evaluates the general performance of climate models and underscores the
need for better understanding the interactions between cloud processes and the atmospheric
circulation.

Changes in the atmospheric energy balance robustly contrains the 1-2%/K increase in
global mean precipitation, and we use it to demonstrate that parameterizations shortwave
radiative transfer for water vapor are a large source of modeling uncertainty. We then use
a formula which approximates heavy precipitation rates to investigate changes in extreme
events in a global climate model, in a superparameterized climate model and in an idealized
cloud-resolving model. Detailed comparison of convective dynamics in these three modeling
frameworks led to the following conclusions: (1) increases in extreme rainfall closely follow the
6-7%/K thermodynamic increase in humidity dictated by the Clausius-Clapeyron formula,
while changes in convective instability and in the large-scale circulation have a negligible
impact, and (2) an additional acceleration of 1-2%/K could arise from the reinforcement
of mesoscale circulations associated with convective organization. These circulations are
likely a crucial ingredient that connects the large-scale atmospheric flow to local convective
processes, and their omission from current convective parameterizations might be a source
of error when modeling changes in the hydrologic cycle.

Capturing shifts in the entire distribution of rain from first principles is not realistically
achievable on global scales. However, a better understanding of the physics that constrain
the spatiotemporal and statistical properties of rain in smaller idealized modeling setups is
a promising avenue towards reducing uncertainties in global climate models.
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Chapter 1

Introduction

1.1 Capturing changes in the global character of rain

Rising Earth surface temperatures cause shifts in the global characteristics of rain. Over
land areas, it manifests into disastrous impacts, with higher flood risk (Milly et al., 2002;
Winsemius et al., 2016) and drought severity (Dai, 2013), and causes the loss of human lives,
international migrations and political instabilities (Amery, 2002; Gleick, 2014). These re-
gional impacts arise because these hydrologic changes do not occur uniformly. To first order,
precipitation tends to increase in the wettest regions of the globe and during the wettest
seasons, but decrease in the driest (Chou et al., 2013; Polson and Hegerl, 2017); in other
words, the preexisting spatiotemporal patterns of rain are generally exacerbated. However,
rainfall regimes and storm tracks are subject to large geographical shifts (Yin, 2005), so a
realistic understanding of future hydrologic impacts requires the use of global climate models
(GCMs). Despite being our best tools to for such investigations, GCMs strongly disagree
on the magnitude of these changes (IPCC, 2013). Therefore, a general strategy is needed to
reduce their uncertainties towards more reliable hydrological projections.

This goal is contingent upon the models’ ability to replicate systematic transformations of
the Earth’s hydrology. Such changes can be measured by shifts in the global statistics of rain,
which happen despite the chaotic nature of individual and short-term weather events (Slingo
and Palmer, 2011). Global mean precipitation increases with warming (Mitchell et al., 1987),
but unevenly: half of the global annual rainwater falls within the equivalent of 12 days only,
and this skewness amplifies with warming (Pendergrass and Knutti, 2018). Equivalently,
dry spells become longer and the heaviest rain events intensify at a faster pace than mean
precipitation does (Trenberth et al., 2003).

These systematic shifts can be understood by using simple physical principles and by
analyzing the range of uncertainties emerging from GCMs projections. This dual approach
can be traced back to the pioneering work of Allen and Ingram (2002). They provided the
first physical explanation for changes in the global character of rain: mean precipitation



CHAPTER 1. INTRODUCTION 2

increases at 1 or 2% per degree warming, accordingly to changes in the atmospheric energy
budget, while extremes follow a rate closer to the 7%/K thermodynamic change in humidity.
This dissertation is part of a larger scientific effort to refine and extend their work, and is
articulated around two main axes:

• Investigating physical constraints on the hydrologic cycle: are the energetic and thermo-
dynamic constraints enough information to explain changes in the rainfall distribution?
Alternately, can changes in atmospheric convection and the large-scale atmospheric cir-
culation provide additional constraints on the acceleration of the hydrologic cycle?

• Assessing the reliability of climate model projections: how robust are changes in mean
and extreme precipitation predicted by climate models, and what are the main causes
for their uncertainties?

These two questions are mutually supportive. Differences between models can unveil the role
of specific physical processes, and conversely, modeling errors can be more easily reduced
once the physical processes from which they originate have been identified.

This dissertation will makes use of a combination of modeling and diagnostic tools. The
hydrological constraints, summarized in section 1.2, will allow to attribute the response
of precipitation and the model uncertainties to specific processes. It will not be assumed
that disagreements between traditional GCMs is the only good proxy for uncertainty quan-
tification: instead I will answer these questions using a suite of complementary modeling
frameworks (section 1.3) and a simple formalism is proposed to categorize different sources
of uncertainty (section 1.4). Finally, I introduce a general statistical framework to represent
the hydrologic cycle and its response to warming (section 1.5) before giving an outline of the
dissertation (section 1.6).

1.2 Known and unknown physical constraints on the

hydrologic cycle

Physical processes controlling the formation of rain happen on a large range of spatial and
temporal scales. For our purposes, some of these complex interactions can be highly simpli-
fied, and others need to be explicitly modeled. After a general overview of these processes and
the scales on which they occur, two simple formulas are introduced to relate these physical
constraints to specific modes of change in precipitation.

1.2.1 Multiple scales involved in the formation of rain

The processes of interest in this thesis, as shown by the red arrow on Figure 1.1, are those
that connect the global climate to local convective processes.
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To first order, the energy balance and convective dynamics independently set the magni-
tude of global mean rainfall and local rain intensities. Condensation of cloud water releases
energy and heats up the atmosphere to compensate for its net radiative cooling to space
and to the Earth’s surface. This balance is known as radiative-convective equilibrium (RCE,
Manabe and Wetherald, 2002). In the global mean, 3 mm of rain are produced daily and
it allows to renew the tropospheric water on a characteristic time of 10 days. In contrast,
individual rainfall events occur on timescales of a few hours and over spatial scales of a
few kilometers. Although radiative cooling destabilizes slowly the atmosphere, the latter
overturns quickly in the form of deep convective clouds. Because of this time separation,
convective instabilities can act independently from the mean energy budget to set the speed
of cloud updrafts, the condensation rate and the precipitation that locally reach the surface.

Processes occurring on intermediate scales could also affect the global statistics of rain.
The large-scale atmospheric circulation is tied to the global energy budget, and hence mean
rainfall amounts, because regions with active convection have different radiative properties
than the drier subsidence regions. This circulation can also interact with convection by mod-
ulating the thermodynamic properties and spatial patterns of these different rainfall regimes.
Strong convective storms can organize into mesoscale convective systems (MCSs, Maddox,
1980) and tropical cyclones, which form on scales of tens to hundreds of kilometers and
can persist for a few hours to tens of days. Because MCSs contribute to more than 50% of
tropical rainfall (Tao and Chern, 2017), they constitute a large component of the hydrologic
cycle, but their actual influence on global rainfall statistics and their overall response to
global climate change are mostly unknown.

Future changes in cloud turbulence and microphysics, occurring on smaller scales, could
also affect the statistics of rain, but these effects are outside the scope of this thesis. On a few
centimeters to a few hundred meters, atmospheric turbulence controls the ability of buoy-
ant cloud parcels to mix with their dry neighboring environment, modulating their speed
of rise and the condensation rate. At the microscale, the atmospheric chemical composition
modulates the efficiency of water droplets to form and coalesce, a process which can also
affect convective mixing and the local rainfall rate. For our purposes, these processes will be
summarized into a bulk property of precipitation efficiency, which quantifies the fraction of
condensed water that actually reaches the surface.

This thesis aims at understanding the extent to which changes in atmospheric radia-
tive cooling, the large-scale circulation, convection and convective organization can control
the strengthening of the hydrologic cycle. The current understanding of these hydrologic
constraints is summarized next.
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Figure 1.1: Processes relevant for the characteristics of rain (section 1.2.1), corresponding
scales where the physical constraints apply (section 1.2.2) or resolved by the atmospheric
models used in this work (section 1.3).

1.2.2 Known drivers of hydrological change

As surface temperatures rise, the atmosphere becomes moister. At fixed relative humidity,
the concentration of atmospheric water vapor remains a fixed fraction of its saturation value
q?v , and both increase accordingly to the Clausius-Clapeyron formula:

1

q?v

dq?v
dT

=
Lv
RvT 2

≈ 6 or 7%/K (1.1)

where Lv is the latent heat of condensation and Rv the specific gas constant for water vapor.
The sensitivity of atmospheric moisture to temperature has two main implications for the

properties of rain (Allen and Ingram, 2002). First, the moistening of the atmosphere directly
interacts with the radiative budget in the atmosphere and will impose an energetic constraint
on global-mean precipitation changes. Second, this thermodynamic change directly affects
the amount of moisture available for condensation as well as atmospheric instabilities, and
that imposes a thermodynamic-dynamic constraint on individual precipitation intensities.

Energetic constraint on mean precipitation changes

As the atmosphere moistens, it cools down more efficiently via an enhancement of its net
radiative flux to space and to the Earth’s surface. In a fixed climate, the net atmospheric
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radiative cooling Q is balanced by condensation heating H = LvP , where P is the mean
precipitation, and to a lesser extent by direct fluxes of sensible heat S from the surface.
Because changes in S are negligible, the increase in mean rainfall ∆P per unit temperature
change ∆T can be written as:

∆P

∆T
=

1

Lv

∆Q

∆T
(1.2)

This energetic constraint drives a change in mean precipitation of 1-3%/K (Jeevanjee and
Romps, 2018; Pendergrass and Hartmann, 2013). However, the exact number varies across
climate models and the source of this uncertainty is not fully understood. This will be the
object of the analysis in Chapter 2.

Dynamic-thermodynamic constraint on extreme rain intensities

To first order, equation (1.1) translates into an increase in extreme rainfall intensities of
7%/K (Allen and Ingram, 2002) because the heaviest rain events tend to occur where the
surface air is closest to saturation. Although this number serves as a reference for changes in
precipitation extremes, disagreements remain on the contributions from changes in convective
instabilities (Romps, 2016a), large-scale dynamics (O’Gorman and Schneider, 2009b) and
precipitation efficiency (Singh and O’Gorman, 2014) in warmer climates. So, can these
changes in atmospheric dynamics amplify the increase in extreme rainfall, or do they only
cause uncertainties and differences between models?

We will investigate these questions by using a formula that closely approximates extreme
precipitation intensities based on typical profiles of vertical velocity w and temperature
T (O’Gorman and Schneider, 2009b):

P ext ≈ ε

∫ trop

surf

w
∂q?v(T )

∂z
ρdz. (1.3)

The term inside the integral represents the condensation rate required to maintain air parcels
close to saturation during their ascent in cloud cores. ε is a tuning coefficient which quan-
tifies the bulk “precipitation efficiency of extremes” as the fraction of condensed water that
actually reaches the surface.

Although equation (1.3) had been derived to attribute changes in precipitation extremes
to thermodynamic and dynamic effects, it will also appear as a useful tool for uncertainty
quantification. In particular, its interpretation has different meanings depending on the
scales on which it is applied: w represents the speed of updrafts on small convective scales,
but corresponds to large-scale ascent resulting from an average of updrafts and downdrafts
when measured on synoptic scales. Despite these different interpretations, this formula has
powerful explanatory power on a variety of scales (Chapter 4). It will allow us to attribute
modeling uncertainties to the parameterization of convective dynamics (Chapter 3), and to
some extent, to changes in the circulation and precipitation efficiencies (Chapter 5).
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1.2.3 Unknown contributions from changes in the atmospheric
circulation

Among the main processes that can affect the statistics of rain, the large-scale circulation is
one that is harder to capture in a simple formula. It is usually diagnosed as a time average
between fast convective overturning and slow subsiding motions driven by diabatic cooling
and convective activity. As such, it can be estimated by equation (1.3) on moderately large
spatial and time scales, but when doing so it does not allow to understand the relationship
between large-scale mass fluxes and precipitation rates on shorter and smaller scales.

One approach that can be used instead is to perform simulations with atmospheric mod-
els which resolve simultaneously local convective processes and the large-scale circulation
(section 1.3). In steady state, the larger circulations are in balance with the faster con-
vective dynamics, so that the relationship between circulation and precipitation intensity
can be directly analyzed. Chapter 3 investigates the role of the large-scale circulation on
precipitation extremes in a superparameterized model, and Chapter 5 relates it to changes
in mean and extreme precipitation in the context of convective organization.

1.3 Different flavors of atmospheric models

In the process of implementing physical processes in numerical models of the atmosphere,
uncertainties are introduced. These errors arise because the full range of scales spanned can-
not be resolved simultaneously due to limitations in computational power. Consequently, the
most important processes to resolve have to be chosen; remaining processes can be parame-
terized when their scales of occurrence are too small or too large for the model to handle, or
can be omitted if they are considered irrelevant. These parameterizations, or closures, are
simplified versions of preexisting physical equations that are more computationally efficient
but contain various levels of approximation. For example, in the case of radiative processes,
these simplifications can arise from the reduced number of spectral bands (e.g. Tiwari,
1975), and in the case of convective parameterizations, they can arise from strong simplifica-
tions made to couple the large-scale circulation with subgrid-scale cloud processes (Emanuel
and Raymond, 1993): for instance, the quasiequilibrium assumption (Randall et al., 1997).

We aim at quantifying how radiative processes, convective processes and the large-scale
atmospheric circulation control the statistics of rain, and whether their parameterizations
can induce errors. To do so, we will use three complementary types of modeling frame-
works, shown on Figure 1.2. The range of processes that each can resolve is summarized on
Figure 1.1:

• The current suite of General Circulation Models (GCMs) part of the Coupled Model
Intercomparison Project (CMIP5) (Taylor et al., 2012): these state-of-the-art climate
models serve as the reference for international reports on climate change (IPCC) and
have coarse grid spacing of O(100km). They represent realistic large-scale atmospheric
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motions consistently with other components of the climate system such as continents,
oceans and ice caps. Processes occurring on smaller scales such as cloud convection,
turbulence and microphysics are parameterized. Radiative transfer, which quantifies
the interactions between chemical compounds and radiation at different wavelengths,
is also parameterized.

• The superparameterized climate model SPCAM (Khairoutdinov and Randall, 2001):
this model is an extension of the atmospheric model CAM (Collins et al., 2006b),
where parameterizations for atmospheric convection are replaced by a series of finer
cloud-resolving models (CRMs) that run in parallel. This hybrid model is more compu-
tationally expensive but resolves both the large-scale circulation and convective cloud
processes. It assumes that both happen on distinct range of scales and parameter-
izes the coupling between the two. Radiation, turbulence and microphysics are also
parameterized.

• The cloud-resolving model SAM (System for Atmospheric Modeling; Khairoutdinov
and Randall, 2003): the model configuration that we will use (4km resolution, 1000km
of domain size) allows to resolve explicitly convective processes and the large-scale
circulation, as well as the interactions between the two that occurs in the form of con-
vective organization. However, the circulation is highly idealized compared to GCMs,
and SAM requires to parameterizations for radiative transfer, turbulence and cloud
microphysics.

1000km

General circulation models (GCMs) Cloud-Resolving Models (CRMs)
(e.g. SAM)

Parameterized convection 
(e.g. CMIP5 models, CAM5)

100-200km

Super-parameterized 
climate models (e.g. SP-CAM)

100-200km

Figure 1.2: The hierarchy of modeling frameworks used.
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The use of global CRMs is not computationally achievable today. Other modeling con-
figurations could also be used, such as variable resolution models (Rhoades et al., 2016;
Staniforth and Mitchell, 1977) or CRMs with larger simulation domains (Cronin and Wing,
2017), but the hierarchy of models chosen here is another good alternative when going from
the coarse and widely-used GCMs down to the smaller convective scales. These different
models will help us to gain insights on the physics that govern the statistical properties of
rain in RCE, and quantify the corresponding uncertainties inherent to the formulation of
current GCMs. The next section explains which types of uncertainty exist and those that
we are after.

1.4 Different kinds of uncertainty

When numerical models are used to emulate possible futures of the true atmosphere, two
main types of uncertainties need to be considered: structural uncertainties, which come from
the model themselves, and methodological uncertainties, which can be rather understood as
human errors.

1.4.1 Structural uncertainties

We call structural uncertainties the intrinsic limitations of GCMs that we want to identify,
and ultimately, improve. They affect our understanding of precipitation changes not because
of differences in the design or interpretation of the simulations, but because certain processes
(convection, radiation, microphysics, etc.) cannot be simulated accurately, as explained in
section 1.3. The manifestation of structural uncertainty on the statistics of rain can be
summarized in a simple expression. The mean error E caused when simulating a statistic
X can be written as a sum of two terms that represent differences between climate models
and a mean bias of the models:

E ≡ E (Xm −Xtrue)
2 = E

(
Xm −X

)2︸ ︷︷ ︸
Variability across models

+ E
(
X −Xtrue

)2︸ ︷︷ ︸
Common model bias

. (1.4)

Superscript m indexes the model, the overbar denotes the multi-model mean and Xtrue is
the true value that we seek to quantify. Accordingly, there are two main ways in which
structural uncertainty can emerge in a GCM:

– an important physical process is present but not adequately parameterized. If its
parameterization differs from model to model, it would likely cause variability across
model predictions. It is arguably the case for parameterizations of radiative transfer
(Chapter 2) and deep convection (Chapter 3). Alternately,

– the main culprit is an important process parameterized similarly in all models, or
absent from all models. In this case, errors can emerge as a general model bias. Chap-
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ter 5 argues that convective organization, and more generally the coupling between
convective processes and the large-scale circulation, could induce such a bias in GCMs.

This work emphasizes structural uncertainties in climate projections, but some effort
was also necessary to reduce methodological uncertainties in the characterization of the
hydrologic cycle.

1.4.2 Methodological uncertainties

Methodological uncertainties result from the choices made when running a numerical simu-
lation and diagnosing its outcomes. For example, they can appear in the experiment design
from differences in the forcing or boundary conditions, or during the analysis because of dif-
ferences in the metrics and procedures used to quantify a given process. Even though they
do not explicitly appear in equation (1.4), methodological uncertainties do affect estimates
of Xm. So, reducing these uncertainties helps to gain physical understanding and quantify
the model’s structural errors more reliably.

Diagnosing the behavior of extreme rainfall in climate models is a practice where method-
ological uncertainties tend to thrive. A few examples are highlighted in this thesis:

• there is no universal definition for extreme event (Schär et al., 2016), and the behavior
of extremes can depend on the percentile chosen (Chapter 3);

• extremes defined on different spatial and temporal scales do not have the same rain
intensity, and can correspond to distinct rainfall events with opposite global-warming
behaviors (Chapter 3);

• different methods of analysis can lead to different interpretations of the thermodynamic
and dynamic contributions to changes in extreme rainfall (Chapter 3);

• different rates of increase in extreme rainfall have been found when the domain of
analysis is subject to large-scale inflow (e.g. zonal bands analyzed in O’Gorman and
Schneider, 2009b) or isolated for the large-scale environment in RCE (e.g. Muller and
O’Gorman, 2011; Romps, 2011). This also motivates the experimental setups of Chap-
ters 3 and 5 in order to study the effect of atmospheric circulations on convection
within RCE.

This thesis uses a unified statistical framework to quantify the different modes of change in
the hydrologic cycle, introduced in section 1.5.

1.5 Statistical characterization of the hydrologic cycle

Following the general energetic and thermodynamic constraints of (Allen and Ingram, 2002),
we can first understand changes in the hydrologic cycle using a minimal model for rainfall.
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If it is assumed that the occurrence of precipitation is binary, so that it rains a fraction f of
the time at a unique intensity P , then mean precipitation can be written as

P = fP . (1.5)

It results a simple relationship between fractional changes in mean and extreme precipitation,

1

P

∆P

∆T
=

1

f

∆f

∆T
+

1

P

∆P

∆T
· (1.6)

If the first term is driven by the energy constraint and increases at 2%/K, and if the last term
increases at 7%/K due to the thermodynamic constraint, then the frequency of precipitation
would decrease at about -5%/K. Despite its simplicity, this model thus captures qualitatively
the changing character of rain described at the very beginning of this Chapter. We will now
generalize it to capture the behavior of the entire distribution of rain.

Energetic constraint

Thermodynamic-
dynamic constraint

1/10 1/100 1/1000f: 1/100001/10 1/100 1/1000f: 1/10000

(a) (b)

Figure 1.3: Distribution of rainfall intensities (left) and exceedance rain amounts (right) at
300K (black) and 304K (red) in the SPCAM model at 200km resolution.

The global structure of the rain distribution is shown in Figure 1.3a. It shows the corre-
spondence between precipitation intensities PQ and frequencies fQ modeled by the SPCAM
simulations analyzed in Chapter 3, at 200km resolution. The x-axis shows percentile ranks
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Q (...,99th,99.9th, 99.99th,...) which can be understood as frequencies of occurrence, or
return times (...,1/10,,1/100,1/1000,...), for each rain intensity. This distribution can then be
transformed into an equivalent distribution of “rain exceedance amounts” shown on Fig-

ure 1.3b, by computing the average rain that falls above each percentile, P
Q

=
∫ 1

Q
PQ′

dfQ′
.

This formulation allows to evaluate how much of the global-mean precipitation falls in the

form of extreme events, since global mean precipitation P = P
0

can be seen at the left end
of the curve.

This new representation of the water cycle is an extension of equation (1.5) and can be
interpreted as follows:

• In this model, the 1% most rainy points have a rain intensity that exceeds 45 mm/day
in the cold climate (Figure 1.3a).

• The 1% most rainy points contribute to about 20% of total rain amount (Figure 1.3b)

and experience an effective rain intensity of P
99.9

/f 99.9 = 0.6 × 100 = 60 mm/day in
the cold climate.

• The fraction of global mean rain occurring in the 1% most rainy regions increases from
19% to 22% for a warming of 4K and the corresponding effective rain intensity increases
from 60 to 73 mm/day.

The two main modes of change in the hydrologic cycle (Pendergrass and Hartmann, 2014c)
can be visualized on Figure 1.3b. In lack of a better theory to connect it with the dis-
tribution of rain, the energetic constraint (equation (1.2) can simply be understood as an
upward shift of the curve with increasing surface temperatures (blue arrows). Then, the
dynamic-thermodynamic constraint (equation (1.3)) can be seen as a shift to the right (red
arrows), because more intense extreme rainfall cause an overall reduction in rain frequency.
The validity of these two modes of change will be discussed in Chapter 6.

These two modes of change are often considered independently because they invoke dis-
tinct physical processes (Pendergrass and Hartmann, 2014c). Similarly, in this thesis, Chap-
ter 2 focuses on global mean rainfall alone, while Chapters 3 and 4 focus on extreme rain
intensities as represented by Figure 1.3a. However, the independence between these shifts
is questionable; in particular, the blue curve on Figure 1.3b makes the strong (and likely
wrong) assumption that the energy constraint applies to all percentiles uniformly. Chapter 5
will use the more complete representation shown in Figures 1.3a and 1.3b, and discuss the
relevance of physical processes that can affect mean and extreme rain simultaneously.

1.6 Dissertation outline

This dissertation is organized as follows.
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Chapter 2 investigates causes for the disagreement between GCMs on the increase in
global mean precipitation. Based on equation (1.2) and on a scaling relationship for the
spatial sensitivity of sunlight absorption by water vapor, it identifies parameterizations of
shortwave radiative transfer as source of structural uncertainty that brings variability be-
tween models.

Chapters 3 and 4 both focus on extreme precipitation intensities, using the climate model
CAM and superparameterized model SPCAM. They show that extreme rainfall closely agree
with the Clausius-Clapeyron increase on a large variety of length scales and time scales in
SPCAM. This suggests that changes in convective strength and the large-scale circulation
likely do not actually play a significant role on the change in extreme rain.

Chapter 3 reduces methodological uncertainty in the characterization of extremes, by
modeling tropical convection with the multi-scale modeling framework SPCAM, by analyz-
ing the behavior of extremes defined on two separate scales and by extending the decompo-
sition in thermodynamic and dynamic contributions. It uses the second physical constraint
(equation 1.3) to analyze changes in extreme rainfall and attribute the structural uncertainty
in CAM to its convective parameterization.

Chapter 4 focuses on the scope of validity of the dynamic-thermodynamic constraint.
Because this simplistic formula actually mimics the behavior of rainfall extremes in CAM
and SPCAM quite well, it implies that the projected increases in extreme rainfall could be
biased in these two models.

Chapter 5 uses simulations of convective organization in the model SAM as a way to
represent the interactions between convection and the large-scale circulation explicitly. Its
results suggest that changes in the mesoscale circulations induced by convective organization
could affect the speed of increase in mean and extreme rainfall with warming and be source
of a substantial bias in GCMs.

Finally, Chapter 6 summarizes the results in a discussion around the two main axes pre-
sented above: the physics that affect the character of rain, and the uncertainties arising from
climate modeling. I comment on the difficulties of capturing changes in the full distribution
of rain from simple physical constraints, and on the GCMs’ aptitude to emulate its behavior
as climate warms.
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Chapter 2

Structural Uncertainties in Global
Mean Precipitation Changes

This chapter focuses on the modeling uncertainties in future projections of mean precipita-
tion, constrained by changes in the atmospheric energy budget through radiative convective
equilibrium. Significant differences persist between climate models on the rate of increase
per unit warming, mostly arising from the clear-sky radiative response: while the inter-model
spread in clear-sky longwave cooling has been explained by climate feedbacks, the sources
of spread in clear-sky shortwave heating are still unclear.

Here we focus on the latter. Since water vapor contributes most of the atmospheric
shortwave absorption, both inter-model differences in its spatial distribution and in radiative
transfer parameterizations are plausible hypotheses for the spread. This work reestablishes
the primary contribution from water vapor relative to other shortwave-absorbing species and
evaluates the validity of both hypotheses. We show that the inter-model spread in the rate of
increase in shortwave absorption most likely originates from the radiation schemes, possibly
because of simplifications induced by their low spectral resolutions.

The content of this chapter is published as Fildier and Collins (2015).

2.1 Introduction

Projecting the evolution of rainfall in a changing climate is an essential task for climate
adaptation purposes but also an extremely complex problem in climate science. At present,
ensembles of state-of-the-art Earth System Models (ESMs) do not provide consistent es-
timates of the expected magnitude of the increased global annual-mean precipitation in
warmer climates (e.g. Lambert et al., 2008). While water vapor concentration and extreme
precipitation increase at a rate close to 7%/K as predicted by the Clausius-Clapeyron re-
lationship (Pall et al., 2006), global mean precipitation increases at a rate of about 2%/K
because of an atmospheric energy constraint on precipitation increase (Allen and Ingram,
2002; Held et al., 2006; Stephens and Hu, 2010). This constraint follows from the inter-
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actions between radiative processes and hydrological processes in an atmosphere in global
radiative-convective equilibrium.

Atmospheric radiative agents and in particular water vapor emit more longwave radiation
from the atmosphere than is absorbed from the surface, resulting in a net cooling effect. This
cooling is partially offset by a net heating due to atmospheric absorption of shortwave radi-
ation (Collins et al., 2006a; Takahashi, 2009). The residual atmospheric cooling is balanced
by heating from large latent and smaller sensible surface heat fluxes. This process sets the
global mean precipitation rate since the flux (source) of vapor introduced from latent heating
by surface evaporation must balance the flux (sink) of precipitation in equilibrium. As the
planet warms, the water vapor feedback causes an increase in atmospheric radiative cool-
ing and thus a commensurate increase in global mean precipitation (Allen and Ingram, 2002).

This energy constraint can be expressed in terms of the magnitudes of global-mean clear-
sky shortwave absorption SWabs and clear-sky longwave cooling LWc since these terms de-
termine both the multi-model mean and inter-model spread of precipitation change. This
has been shown for CO2-only experiments (Lambert et al., 2008; Pendergrass and Hartmann,
2014b) and for the A1B emission scenario (Pendergrass and Hartmann, 2012). The mainte-
nance of radiative convective equilibrium in a warming climate characterized by a variable
global-mean surface temperature T implies that:

L
∂P

∂T
= −∂SWabs

∂T
+
∂LWc

∂T
+ C (2.1)

where L is the latent heat of vaporization, P is the global mean precipitation rate, and C
is a term containing the responses of cloudy-sky and sensible heat to changes in T . This
expression differs from the usual forms used for the atmospheric energy balance (Allen and
Ingram, 2002; Lambert and Allen, 2009; O’Gorman et al., 2011) insofar as it only focuses
on transient changes of latent heat and clear-sky radiative fluxes for unit changes in T . The
first two clear-sky terms on the right-hand side of equation (2.1) include both direct radia-
tive effects from changing greenhouse gases and indirect effects from temperature-mediated
changes in absorber concentrations, in particular the water vapor feedback arising from the
Clausius-Clapeyron relation. Figure 2.1 shows how this equation captures changes in mean
precipitation for the models analyzed in later sections, and the corresponding upwelling and
downwelling fluxes are shown for completeness.

2.1.1 Possible uncertainties in LWc and SWabs

Absorption and emission in the Earth’s atmosphere depend on the concentration on various
atmospheric species. Water vapor is the primary radiative agent and its increase tends to
enhance precipitation due to a net increased atmospheric cooling, as SWabs increases more
slowly than LWc. Well-mixed greenhouse gases (GHGs), especially carbon dioxide (CO2),
are the main direct drivers of change in longwave cooling with indirect amplification via the
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Figure 2.1: Upwelling and downwelling clear-sky energy fluxes at the top of atmosphere and
at the surface; the size of each arrow is proportional ro their CMIP5 multimodel mean values
(left); and correspondence between changes in global mean precipitation and atmospheric
radiative cooling in clear-sky, for the CMIP5 models used in this study (right). Model names
are labeled on Figure 2.2.

water vapor feedback (Previdi, 2010). The radiative impact of aerosols is twofold: conser-
vatively scattering aerosols reflect solar radiation back to space, thus reducing SWabs, while
absorbing aerosols intercept and thermalize solar radiation, thereby increasing SWabs (Ming
et al., 2010; O’Gorman et al., 2011). The main driver for the increase in SWabs with higher
surface temperatures is the increased near-infrared absorption by water vapor elevated via
the Clausius-Clapeyron relation. Nonetheless, differences in black carbon forcing have also
been advanced as a possible source of scatter in ∂SWabs/∂T for the A1B scenario based on
results from a small number of models (Pendergrass and Hartmann, 2012; Previdi, 2010).

In the case of CO2-only experiments, Pendergrass and Hartmann (2014b) show that lapse
rate and moisture feedbacks can explain inter-model differences in ∂LWc/∂T . However, the
explanation for the inter-model spread in ∂SWabs/∂T is subject to debate. One hypoth-
esis (hereafter H1) was formulated by Takahashi (2009), who attributes the differences in
shortwave absorption to variations in the spatial distribution of water vapor. H1 could be
plausibly manifested in a variety of ways; for instance, an anomalously strong water va-
por feedback in the Tropics would lead to anomalously large ∂SWabs/∂T . Support for this
hypothesis would follow if the spread in SWabs be reproduced for a statistically significant
number of models when only accounting for their spatial distributions in water vapor. Using
one accurate radiative transfer model and water vapor fields from CO2 experiments, Pender-
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grass and Hartmann (2014b) implemented this experiment and were able to reproduce the
spread for ∂LWc/∂T but not for ∂SWabs/∂T .

Another reasonable hypothesis is that the inter-model spread in SWabs could be due
to spurious diversity among the shortwave radiative parameterizations across the General
Circulation Model (GCM) ensemble (hypothesis 2, hereafter H2). Indeed, other intercom-
parisons focused on aerosol direct radiative forcing have produced direct evidence of such a
diversity among radiation schemes relative to benchmark line-by-line calculations (Randles
et al., 2013). Thus, a contribution to the spread from a similar diversity in radiation schemes
for water vapor seems plausible. However, Pendergrass and Hartmann (2014b)’s result only
provides a necessary condition for H2, and a sufficient condition is required to settle the
question. A complementary experiment would require applying each GCM’s radiation code
to one mean spatial field of water vapor and check whether such a diversity can explain an
appreciable fraction of the inter-model spread in ∂SWabs/∂T . Since this experiment is not
readily implementable due to the challenges of accessing and running the radiative transfer
schemes from a representative sample of GCMs, an alternative test is necessary to assess
and compare the validity of H1 and H2.

2.1.2 Contents of this chapter

The present chapter aims at identifying the main cause for inter-model spread in ∂SWabs/∂T
for a typical 21stC global warming scenario including all radiative agents. The work is
structured as follows. Section 2.2 introduces the data and some calculation details. In
section 2.3, we quantify the relative contribution of relevant variables, including shortwave-
absorbing species, and narrow down the study to the physics of water vapor. Because the
radiative effect of water vapor is found to be the main source of inter-model spread in the
near-infrared, then both H1 and H2 could be valid. Section 2.4 introduces a diagnostic tool
to disentangle the effects of water vapor spatial distributions and radiative transfer schemes
in order to choose between these two hypotheses. Finally, section 2.5 derives an estimate for
typical errors that could arise in radiation schemes at low spectral resolutions in order to
provide a plausible explanation for the inter-model spread in clear-sky shortwave absorption.
Section 2.6 summarizes the results.

2.2 Data and Methods

The analyses performed in sections 2.3 and 2.4 are based on climate model simulations for the
Representative Concentration Pathway RCP8.5 (Riahi et al., 2011), including all GCMs for
which the fields required for our analysis were available in the CMIP5 archive (Taylor et al.,
2012). These simulations include the radiative effects of water vapor (column-integrated
precipitable water W is used here), carbon dioxide (CO2), methane (CH4), nitrous oxide
(N2O), ozone (O3), and black carbon (BC).
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SW abs values are computed from the net shortwave radiation fluxes at the surface and
top-of-atmosphere (TOA) as a negative divergence. Surface albedo is computed from the
ratio of global mean values of upwelling and downwelling shortwave fluxes at the Earth’s
surface. If only provided as 3D variables, 2D-fields are derived using mass-weighted vertical
integrals. Global means are computed as area-weighted spatial averages. Unit changes in
X per unit warming (∂X/∂T ) are derived from linear regressions of successive 10-year av-
eraged data for the periods 2006-2015, 2016-2025, . . . , 2086-2095. The Earth’s geometry is
represented using the annual mean cosine µ of solar zenith angles derived from the latitude,
precession, and nutation angles.

The line-by-line model with simplified physics formulated in section 2.5 uses values of
water vapor optical depths derived from the GENLN3 line-by-line model (Edwards, 1992).
The spectral properties are given at 43 levels in the atmosphere and derived from reference
profiles of temperature and specific humidity under typical summer conditions for the north-
ern hemisphere mid-latitudes. Present-day estimates for SWabs are compared with those
computed from GENLN3 in a subsequent study (Collins et al., 2006a). The approach de-
scribed in section 2.5 is meant to provide a reliable reference for conditions of maximum
shortwave absorption that occur on the planet. Based on these reference calculations, we
will estimate typical errors that can arise from common approximations in GCM radiation
schemes.

2.3 Primary Role of Water Vapor on SWabs

Here we aim at emphasizing the dominant contribution of water vapor to the spread in
∂SWabs/∂T between models. We quantify the roles of various possible sources of spread,
denoted by X: solar forcing, surface albedo, well-mixed shortwave absorbers, and spatially
heterogenous quantities. Results of inter-model correlations between ∂SWabs/∂T and ∂X/∂T
are summarized in table 2.1. The sign of change in X with increasing temperature and the
number of models used to compute these correlations are also reported.

The first section of table 2.1 shows the contribution from the solar constant S (r = 0.28)
and global-mean surface albedo a (r = 0.45) to the spread in ∂SWabs/∂T . While the role
of S appears negligible, one can wonder whether the small correlation found for ∂a/∂T ac-
tually provides evidence for some causality between the intermodel spreads in∂a/∂T and
∂SWabs/∂T . First note that a does not drive the increase in SWabs: decreasing values of a
with global warming would effectively reduce the optical path of solar radiation and thus in-
duce smaller values of SWabs, but we simultaneously observe ∂a/∂T < 0 and ∂SWabs/∂T > 0
in all models. However, intermodel differences in ∂a/∂T may still be the cause of some spread
in ∂SWabs/∂T . Indeed, these two quantities are positively correlated: models with the most
negative ∂a/∂T values also show the smallest (positive) ∂SWabs/∂T , consistently with the
idea that a reduction in albedo could mitigate the increase in SWabs. But albedo only affects
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Table 2.1: Inter-model correlation coefficients r between ∂SWabs/∂T and ∂X/∂T , where X
represents different possible contributors to the inter-model spread in SWabs.

X sign
(
∂X
∂T

)
r Model count

Solar constant S ± 0.28 25
Albedo a − 0.45 26

Tropospheric ozone O3 + 0.22 16
Methane CH4 + 0.24 8

Black carbon BC − 0.22 19
Carbon dioxide CO2 + 0.54 12
Precipitable water W + 0.71 25
SWabs([BC] ≥ [BC]∗) + 0.06 19

SWabs(rS ≥ r∗S) + 0.31 26
SWabs([O3] ≥ [O3]∗) + -0.38 14
SWabs(W ≥ W ∗) + 0.90 25

a small fraction of the total SWabs in the atmosphere: the mean transmittance in the near-
infrared being less than 50% and the planetary albedo about 10%, the upwelling surface flux
represents less than 5% of the top-of-atmosphere solar radiation. We will later demonstrate
the negligible role of albedo when accounting for its spatial variations.

The second section of table 2.1 shows the role of shortwave absorbers: here, global mean
atmospheric concentrations are used to evaluate their contribution regardless of spatial dif-
ferences. Tropospheric ozone, methane and black carbon have negligible roles (r < 0.25),
while carbon dioxide and water vapor are sources of greater spread between models. The low
correlation is enough to show the negligible role of CH4: since it is a well-mixed greenhouse
gas, spatial disparities between models cannot contribute to the spread in SWabs. The con-
tribution from well-mixed CO2 seems to be important, but its role is thought to be mostly
indirect through its effects on water vapor concentration due to the Planck and water vapor
feedbacks. Therefore water vapor is the most plausible cause of the intermodel spread in
global mean SWabs with a correlation r = 0.7.

Among the variables considered above, black carbon loading ([BC]), precipitable wa-
ter vapor (W ), ozone concentration ([O3]) and surface reflectivity (rS, or “local albedo”)
are heterogenous and hence their spatial variability could affect the inter-model spread in
global mean shortwave absorption. Their contribution to the spread should be larger in
regions where their values are the highest. For each model and at each time period, we
identify four categories of regions in which [BC], rS, [O3] and W exceed typical thresholds:
[BC]∗ = 3.36 × 10−7 kg.m-2, r∗S = 0.395, [O3]∗ = 0.488 ppm and W ∗ = 28.2 mm. These
thresholds are defined as the third quartiles of their present day frequency distributions,
averaged between models with available data. Inter-model correlations are then computed
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between changes in global mean SWabs and in SWabs averaged over the corresponding re-
gions (third section of table 2.1). For regions of large black carbon amounts, the correlation
r = 0.06 is extremely low: even if black carbon possibly contributes to some of the spread in
the A1B scenario (Pendergrass and Hartmann, 2012; Previdi, 2010), it does not appear so
for the RCP8.5. The values of ∂SWabs/∂T averaged over these regions are up to 4 times as
large as in the global mean (not shown) but their contribution to the spread seems negligible.
Changes in rS only weakly explain the spread in SWabs (r = 0.31). The correlation found
with regions of large [O3] is also small and its negative sign is inconsistent, so it does not
explain the spread either. Regions of large W explain most of the spread (r = 0.9).

These results strongly suggest that water vapor is the main driver of inter-model spread
in atmospheric shortwave absorption. Section 2.4 aims at identifying the exact origin of this
spread.

2.4 Parameterizations in the Near-Infrared vs. Water

Vapor Spatial Distributions

Here we formulate a method to estimate ∂SWabs/∂T for each model based upon the spatial
distributions of precipitable water and a set of fitted parameters that represent the model’s
radiative parameterization in the near-infrared. The goal is to quantify each contribution to
the inter-model spread separately.

2.4.1 Estimating SWabs from Water Vapor Amounts

We neglect the effects of surface albedo to design our model for SWabs. The value of SWabs

is first approximated at each grid point with a simple Beer’s law. The spatial dependence
then comes from the heterogeneity in water vapor that affects the optical depth τ and from
the Earth’s geometry embedded in the solar zenith angle Θ, or rather its cosine µ. With
decreasing µ (increasing Θ), the effective incoming solar flux Sµ is reduced but the effective
optical path τ/µ is increased, leading to competing effects on SWabs that should both be
included. The estimated SWabs will be of the general form:

SWabs ∼ Sµ
(
1− e−τ/µ

)
(2.2)

Three parameters α, κ and β are introduced to represent the specific features of each
model based on the assumption that a single realization for the parameter set θ = (α, κ, β)
is sufficient to describe the behavior of each unique radiative transfer scheme. The optical
thickness is modeled as τ ∼ κW + β, where W denotes precipitable water, κ represents an
effective water vapor extinction coefficient, and β is an optical thickness for all shortwave
absorbers other than water vapor. In addition, a multiplicative constant α is used to account
for the fraction of the spectrum which can effectively be absorbed in the near-infrared.
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Figure 2.2: Example of frequency distribution of precipitable water (a) and corresponding
values of SWabs (b) for the GFDL-ESM2G model’s present day values. The blue shading
represents the smoothed joint density of (W,SWabs), overlaid by the discretized SWest,i

(dots) and the fitted estimate SW est
abs,i (red solid line). The scatter plots (c-e) show inter-

model correlations between ∂SWabs/∂T and the corresponding estimate, computed from:
each model’s fitted radiative coefficients and spatial distributions of water vapor (c), the
radiative coefficients alone (d) and the distributions of water vapor alone (e).

Typically, the value of the solar constant results from the integration of blackbody emission
over all wavelengths, not only those that can be absorbed by the atmospheric constituents,
so the quantity of interest is this effective solar constant αS. When writing equation (2.2) in
terms of the parameters θ, the estimated shortwave absorption at each location x becomes:

SW est
abs(x) ≡ αSµ(x)

[
1− exp

(
−κW (x) + β

µ(x)

)]
(2.3)

The spatial dependence induced by water vapor is embedded in the horizontal fields of
µ and W . It can be described comprehensively by their joint probability density function
(PDF) p(W,µ), or equivalently by a marginal PDF p(W ) and a conditional PDF p(µ|W ).
p(W ) is derived using a regular discretization of W spatial values (example in Fig. 2.2(a));
each discrete value Wi corresponds to a set of grid points (a region i) over which we can
compute the conditional PDF p(µ|W=Wi

). In the end, for a given θ, the mean absorption in
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all regions i and the global mean value can be computed as:

SW est,m
abs (θ,Wi) =

∑
µ

αS
(

1− e−
κWi+β

µ

)
p(m) (µ|Wi

) (2.4)

SW est,m
abs (θ) =

∑
i

SW est,m
abs (θ,Wi)p

(m)(Wi) (2.5)

where m marks the model dependence. The actual model estimate of global mean clear-sky
shortwave absorption will be obtained by taking θ equal to a corresponding coefficient fit

θ̂m ≡
(
α̂m, κ̂m, β̂m

)
. To compute θ̂m, first note that Eq. 2.4 defines a parametric curve

SW est,m
abs,i = fθ(Wi) for each model m, as shown in Fig. 2.2(b). θ̂m is then defined as the value

that minimizes the distance between the actual and parameterized SWabs curves (respec-
tively: the dots and the solid line in Fig. 2.2(b)). It is estimated by minimizing an error
metric, defined as the sum of the squared difference between both curves:

θ̂m = argmin
θ

∑
i

(
SW est,m

abs,i − SW
(m)
abs,i

)2

(2.6)

This analysis is performed for all consecutive 10-year averages between 2006 and 2095 for
each model; we end up with an estimate for SW

(m)
abs ≡ SW est,m

abs (θ̂m) at each time of interest

that we use to compute the rate of change in SW
(m)
abs per unit temperature increase.

2.4.2 Contributions to the Inter-Model Spread

The correspondence between the actual and estimated values of ∂SW
(m)
abs /∂T is shown in

Fig. 2.2(c-e). According to the correlation found (r = 0.93), our approach seems to per-
form remarkably well in view of the strong approximations made. The inter-model spread
in SWabs is slightly larger for the estimates (0.87 W.m-2.K-1) than for the original values
(0.66 W.m-2.K-1), so this simple estimate slightly exaggerates the spread between models by
about 0.2 W.m-2.K-1.

The individual contributions from radiative parameterizations and water vapor distri-
butions are quantified by computing two new estimates: (1) using each model’s radiative
parameters and the multi-model mean water vapor spatial distributions, and (2) using the
multi-model mean radiative parameters and each model’s water vapor distributions. It can
be tempting to compute contributions from different combinations of α, κ and β. For in-
stance, as β represents a lumped optical depth for species other than water vapor, one may
want to compute the contribution from α and κ alone. But these parameters are interdepen-
dent and represent radiative transfer in a very simple fashion, so this would lead to erroneous
interpretations. Varying the water vapor distributions alone is equivalent to Pendergrass and
Hartmann (2014b)’s experiment presented in section 2.1. In agreement with their results,
the correlation obtained here (r = 0.07, panel (e) in Fig. 2.2) shows almost no contribution
from the spatial distributions of water vapor. On the other hand, most of the variance is
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reproduced when varying the radiative parameters alone (r = 0.91, panel (d) in Fig. 2.2).
This suggests that most of the spread is explained by radiative transfer parameterizations.

We note that the total range in SW est
abs is similar for the three estimates in Fig. 2.2, so an

objection could be made to our interpretation. However, the total range strongly depends
on outliers and may not be representative of what happens to the whole set of GCMs. We
then compute the inter-quartile range: it equals 0.35 W.m-2.K-1 for the full estimate, 0.34
W.m-2.K-1 for the “radiation code” estimate, and drops to 0.22 W.m-2.K-1 for the “water
vapor distributions” estimate. So, the contributions of water vapor distributions to the
inter-model spread seems significantly smaller than the contribution from radiation schemes.

2.5 Potential Magnitude of Errors from Radiative

Transfer Codes

Line-by-line (LBL) radiative transfer models, which represent the most accurate radiation
codes currently available, are very computationally intensive and are not used in GCMs for
this reason. Instead, parameterization techniques are employed to emulate these models
while simultaneously reducing the number of spectral bands and hence the computational
cost. Those used in the shortwave mostly include wide-band models and only a few of them
use the correlated-k method (Arking and Grossman, 1972) according to the description
of the models evaluated in CMIP5 provided by the Earth System Documentation (Earth
System Documentation). As an example, Briegleb (1992)’s parameterization for atmospheric
transmittance is expressed as a weighted sum of exponentials, each of which represents one
spectral interval. The weighting factors are tuned to match LBL calculations and are then
used for radiative transfer calculations in GCMs.

Although current parameterizations may be reasonably accurate for present day condi-
tions, these codes may lead to aberrant results when applied to future climate conditions
due largely to the small number of spectral intervals used in GCMs. Previous studies have
highlighted the risk of using a small number of spectral bands for such parameterizations
by showing that it could lead to strong biases and systematic errors in the calculation of
shortwave absorption in clouds (Slingo, 1989; Wild, 1999). This section illustrates how errors
in clear-sky shortwave absorption could arise from such simplifications in radiation codes.
We investigate the role of the spectral resolution in these errors by constructing a simplified
LBL model neglecting scattering and progressively degrading its resolution down to the small
number of coarse spectral bands characteristic of most GCM shortwave parameterizations.

2.5.1 Simplified Line-By-Line Model

We formulate a LBL model with simplified physics for SWabs in the near-infrared. Following
section 2.4, we account for the direct absorption of the downwelling shortwave radiation as
modeled by equation (2.2), but we also include the absorption of the upwelling fluxes after
reflection at the surface. We neglect their diffusive nature, so that the additional absorption



CHAPTER 2. STRUCTURAL UNCERTAINTIES IN GLOBAL MEAN
PRECIPITATION CHANGES 23

for upwelling radiation is equal to the downwelling absorption 1− exp(−τ/µ) multiplied by
the transmittance T = e−τ/µ and the albedo a:

SWabs ∼ Sµ
(
1− e−τ/µ

) (
1 + ae−τ/µ

)
(2.7)

This equation is implemented for an atmospheric column typical of middle latitudes sum-
mer conditions; it accounts for typical vertical profiles of temperature T and specific hu-
midity q at 43 levels l in the atmosphere, giving a value of SWabs for each wavenum-
ber ν. Denoting τν(l) = κνq(l, T (l)) the water vapor optical depth at each level and

Tν(µ) = exp
(
− 1
µ

∑
l τν(l)

)
the transmittance, the spectrally-integrated shortwave absorp-

tion becomes:

SWabs(a, µ) =

∫
∆ν

Sνµ (1− Tν) (1 + aTν) dν (2.8)

The change in SWabs per unit temperature change is then estimated, for a uniform 1K
increase in temperature at each level. We derive new values of specific humidity q under
constant relative humidity according to the Clausius-Clapeyron relationship. Using the
expressions for τν(l) and Tµ, we get a new value of shortwave absorption SW 1K

abs and an
estimate for ∂SWabs/∂T ≈

(
SW 1K

abs − SW 0K
abs

)
/1K.

Equation 2.8 is implemented in a simplified version of the GENLN3 model, which has
previously been used to estimate the effect of increased water vapor on near-infrared at-
mospheric absorption (Collins et al., 2006a). This expression is able to reproduce typical
present day values of SWabs with good accuracy (117.0 W.m-2 for GENLN3 and 117.4 W.m-2

for the estimate). We will now use it to estimate the range of errors that could be caused by
insufficiently accurate parameterizations at spectral resolutions common to GCM radiation
codes.

2.5.2 Effects of Degrading the Spectral Resolution

We now compute the errors that arise when the spectral bands are drastically coarsened. We
start with the N0 = 223 bands in the range ∆ν = [0.125, 1.8]µm−1 used in 2.5.1 to estimate
SWabs and ∂SWabs/∂T at full resolution. These are chosen as reference values to compute
the absolute and relative errors at all spectral resolutions. The protocol is the following:

(a) the width dν = ∆ν/N is successively doubled as each pair of adjacent spectral intervals
are aggregated into a single interval;

(b) we approximate the spectral properties in all new intervals in two ways, as the mean
and median of the set of full-resolution values of κν for ν ∈ (ν, ν + dν],

(c) we use these new values to estimate SWabs and ∂SWabs/∂T using the simplified LBL
model (section 2.5.1), and

(d) we compute the consequent absolute and relative errors.
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Figure 2.3: Absolute and relative errors for present-day SWabs (a) and its change per unit
temperature (b) when the spectral resolution is reduced. The optical properties are approx-
imated by their means (solid line, circles) and by their medians (dotted line, crosses). The
shading corresponds to a range of typical number of bands in current GCMs.

Results are shown in Fig. 2.3. Shadings correspond to the typical number of bands of
GCM radiation codes as reported in the Earth System Documentation. Changes in error
with decreasing resolution are monotonic until reaching a few tens of spectral bands. The
two ways of approximating the radiative properties lead to errors of opposite sign. We use
their difference as an estimate for the range of values accessible for GCMs’ radiation schemes.
This range stays close to zero down to 216 spectral bands and rapidly increases afterwards.
One remarkable result to note is that this range takes values of 0.70 W.m-2.K-1 when the
number of bands gets closer to that of GCMs, which directly compares to the inter-model
range computed in section 2.4 (0.66 W.m-2.K-1).

2.6 Conclusions

Global changes in precipitation are strongly constrained by the atmospheric energy budget,
so that errors in the calculation of its radiative components directly impact the estimate
of global mean rainfall. This chapter aimed at determining the main cause of inter-model
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spread in global mean rainfall; because sources of uncertainty in the atmospheric longwave
cooling had been extensively studied in the past, this chapter focused more specifically on
atmospheric shortwave absorption. We intended to check whether water vapor is indeed
responsible for most of the spread and identify whether these differences mainly come from
the spatial distributions of water vapor or the accuracy of radiative transfer codes.

In section 2.3 we started by investigating the relative contribution of various physical quan-
tities to the inter-model spread in SWabs. We examined inter-model correlations with multi-
decadal changes in the solar constant, the surface albedo and the main shortwave absorbers
by accounting for (a) the long-term trends in global mean variables and (b) spatial variations
of these variables. In both cases, water vapor is found to have a dominant role. Contrary
to what was previously found with the A1B scenario (Pendergrass and Hartmann, 2012;
Previdi, 2010), the contribution from black carbon seems negligible in the RCP8.5.

The effects of water vapor spatial distributions and radiative transfer parameterizations
in the near-infrared were then evaluated individually in section 2.4. An estimate for SWabs

was formulated based on these two components as a simple Beer’s law, embedding the effects
of radiative transfer codes in three effective parameters. Inaccuracies in the parameteriza-
tions of water vapor radiative effects seems the most likely explanation for the inter-model
spread in shortwave absorption.

The lack of accuracy in GCMs’ radiation schemes is likely a consequence of the drastic
simplifications required by their low spectral resolutions. In section 2.5, we designed a
simplified LBL model and degraded its resolution down to typical GCMs’ number of spectral
bands. It results in an estimate for the range of errors that is similar in magnitude to the
inter-GCM spread in ∂SWabs/∂T computed in section 2.4 from the CMIP5 archive. This
provides a plausible explanation for the inter-model spread in clear-sky shortwave absorption.

Providing additional evidence that the current representation of shortwave radiative
transfer is indeed responsible for large discrepancies in climate models would create a stronger
imperative to update radiation codes in current GCMs. Using more accurate radiative trans-
fer parameterizations is of primary importance to improve the reliability of climate models,
and it could have strong implications for the evaluation of future changes in the global
hydrologic cycle.
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Chapter 3

Dynamics and Thermodynamics of
Tropical Rainfall Extremes on
Mesoscales and Convective-Scales

The Superparameterized Community Atmosphere Model (SPCAM) is used to identify the
dynamical and organizational properties of tropical extreme rainfall events on two scales.
This chapter compares the mesoscales resolved by General Circulation Models (GCMs) and
the convective scales resolved by Cloud-Resolving Models (CRMs) to reassess and extend on
previous results from GCMs and CRMs in radiative-convective equilibrium.

We first show that the improved representation of subgridscale dynamics in SPCAM al-
lows for a close agreement with the 7%/K Clausius-Clapeyron rate of increase in mesoscale
extremes rainfall rates. Three contributions to changes in extremes are quantified and appear
consistent in sign and relative magnitude with previous results. On mesoscales, the ther-
modynamic contribution (5.8%/K) and the contribution from mass flux increases (2%/K)
enhance precipitation rates, while the upward displacement of the mass flux profile (-1.1%/K)
offsets this increase. Convective-scale extremes behave similarly except that changes in mass
flux are negligible due to a balance between greater numbers of strong updrafts and down-
drafts and lesser numbers of weak updrafts.

Extremes defined on these two scales behave as two independent sets of rainfall events,
with different dynamics, geometries, and responses to climate change. In particular, the in-
creases in mesoscale mass flux directly contribute to the intensification of mesoscale extreme
rain, but do not seem to affect the increase in convective-scale rainfall intensities. These
results motivate the need for better understanding the role of the large-scale forcing on the
formation and intensification of heavy convective rainfall.

• A method is introduced to simultaneously characterize mesoscale and convective scale
rain extremes

• The dynamical and thermodynamic contributions are consistent with previous GCM
and CRM results
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• Mesoscale and convective-scale extremes differ in location, dynamical behavior, and
internal distributions of rain intensity

The content of this chapter is published as Fildier et al. (2017).

3.1 Introduction

Extreme rainfall events in the tropics are projected to increase in frequency and intensity
with global warming (Trenberth et al., 2003). Especially given their devastating social and
economic consequences, understanding this increase is crucial to our ability to adapt to
climate change. To first order, this increase is explained through simple physical arguments:
atmospheric water vapor concentrations increase more rapidly with surface temperature than
the global mean rainfall does (Allen and Ingram, 2002; Pendergrass and Hartmann, 2014b),
leading to an increase in water vapor residence time (Stephens and Hu, 2010), a decrease
in overall rain frequency, and a shift of the rainfall distribution towards more intense and
more frequent downpours (Pendergrass and Hartmann, 2014a). Since extreme rain events
happen where the air is close to saturation (Peters and Neelin, 2006), their rate of change in
intensity has been shown to match the 7%/K increase in boundary layer saturation specific
humidity dictated by the Clausius-Clapeyron (CC) relationship (Allen and Ingram, 2002).

3.1.1 How robust is the Clausius-Clapeyron scaling?

Departures from this expected 7%/K are noted for local or regional precipitation extremes
within the tropics (Emori and Brown, 2005; Pall et al., 2006; Pfahl et al., 2017) and on time-
scales of a day or shorter (Loriaux et al., 2013; Westra et al., 2014), shaped by the response of
convective dynamics and shifts in the atmospheric circulation. These local dynamical contri-
butions also affect the intensity of extremes when computed over a sampling domain defined
as the whole tropical region – that is the definition we will use in this study. Comparisons of
General Circulation Model (GCM) simulations from the CMIP3 and CMIP5 archives have
showed super-CC rates of about 10%/K (O’Gorman, 2012) with a large intermodel spread
of 1%/K to 30%/K attributed to the spread in mesoscale updraft speeds (O’Gorman and
Schneider, 2009b) and possibly due to convective feedbacks (Chou et al., 2012).

3.1.2 Methodological disagreements across previous diagnostics

Cloud-Resolving Model (CRM) simulations of radiative-convective equilibrium (RCE) have
been used to investigate the dynamic processes involved in tropical extreme rainfall. Sim-
ulations of disorganized convection (“pop-up convection”) show that changes in extreme
rainfall intensities can be approximately understood through changes in boundary layer hu-
midity (Muller et al., 2011; Romps, 2011). However, these studies disagree on the nature
and magnitude of the dynamical and thermodynamic contributions that lead to this 7-8%/K
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increase. Muller et al. (2011, hereafter MOE11) find a strong enhancing effect from ther-
modynamic changes alone, and a strong reducing effect from dynamical changes that results
from a vertical shift in the vertical velocity profiles inside the strongest updrafts. In contrast,
Romps (2011, hereafter R11) found an enhancing dynamical contribution from increases in
the mean vertical mass flux.

Additional uncertainties arise from intrinsic limitations of GCMs and CRMs that stem
from the limited spatial and temporal ranges of physical processes that are directly simulated,
as opposed to parameterized, in these models. GCMs simulate the large-scale circulation
and show a rich variety of sea-surface temperature (SST) patterns and other emergent phe-
nomena. However, most current GCMs feature relatively coarse horizontal resolutions of
O(100 km), and the resulting reliance on diverse and uncertain parameterizations of deep
convection leads to biased precipitation statistics (Dai, 2006; Kopparla et al., 2013; Lu et al.,
2014; O’Brien et al., 2016; Stephens et al., 2010). CRMs use finer grid spacings of a few
km at most that allow realistic representations of convective dynamics, but the resulting
much higher computational costs has usually imposed serve constraints on the spatial and
temporal domains accessible to simulation. As a result, CRMs are often run in idealized
RCE conditions with zero-mean resolved vertical velocity that by construction omit the ef-
fects of large-scale circulation on convective rainfall. Other convective-scale processes that
are still not well understood, for example convective organization, could also affect the rate
of increase in extreme precipitation intensities (Muller, 2013). These complementary global
and cloud-resolving model frameworks provide a rich variety of results, but a direct com-
parison and comprehensive assessment of tropical extremes remains challenging because of
differences in the analysis methods used. In addition, rainfall extremes diagnosed in GCMs
and CRMs have different meanings: in GCMs, rainfall intensities represent smoothed values
over large grid cells that include rain events and their dry surroundings, whereas in CRMs
they represent the actual rain intensity experienced under deep convective clouds. R11 shows
that the local precipitation flux, “the precipitation rate divided by the area over which it
is actively raining”, has substantially different properties than the mean precipitation flux
over the whole CRM domain. This can lead in particular to different interpretations of the
dynamical contribution in GCMs and CRMs: changes in mass flux reflect changes in the
large-scale circulation for GCMs, and in the convective dynamics for CRMs.

3.1.3 Approach to unify these views on extremes

This study reassesses our understanding of tropical daily precipitation extremes in three
ways. First, we remove some dynamical limitations of GCMs and CRMs by coupling the
dynamics happening on both small convective scales and larger mesoscales in the multiscale
modeling framework of SPCAM, the Super-Parameterized version of the Community At-
mosphere Model (Khairoutdinov and Randall, 2001). Second, we quantify simultaneously
the strength of three contributions due to changes in the saturation specific humidity profile
from increased atmospheric temperatures (thermodynamic contribution, T), the column-
integrated vertical mass flux (first dynamical contribution, D1), and the vertical shift of
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the mass flux profile (second dynamical contribution, D2). And third, we implement this
calculation on two spatial scales, the mesoscales resolved by current GCMs (a few hundred
kms) and the convective scales resolved by CRMs (a few kms), in order to formally evaluate
whether we should expect extreme rainfall events to have the same dynamics on different
scales as is often assumed. To date, the three contributions T, D1 and D2 have not been
jointly quantified in CRMs and GCMs in a systematic manner. T is expected to dominate
as a strong positive contribution on both scales. However, while D1 has been found to be
positive in CRM studies [R11], its sign is still unknown for GCMs, and while D2 has been
determined to be negative in CRMs [MOE11], this term has not yet been quantified for
GCMs.

Compared to traditional GCMs, SPCAM has been shown to improve mesoscale precipi-
tation statistics both regionally (Kooperman et al., 2014; Li et al., 2012) and globally (Koop-
erman et al., 2016b), due to its enhanced ability to represent various hydrological features
such as monsoon systems (McCrary et al., 2014a,b), the MJO (Benedict et al., 2009) and
mesoscale convective systems (Pritchard et al., 2011). Other additional processes that mat-
ter to tropical precipitation are still misrepresented or missing in SPCAM, such as terrain
effects, orographic precipitation and a detailed representation of surface fluxes. Also, the
experimental setup used in this study will not enable to quantify the importance of ocean-
atmosphere interactions and interannual variability. Instead, this study aims at showing the
added value of a more realistic representation of convective processes in climate models, and
compare the dynamics of extreme rainfall events across scales when coupled to the large-scale
circulation.

Section 3.2 introduces the model, simulations, the physical and statistical analysis frame-
work used, and its relationship with the methodologies employed in previous studies of trop-
ical rainfall extremes. Section 3.3 shows the benefits of super-parameterization compared to
the standard convective parameterizations in CAM. In section 3.4 we quantify the thermo-
dynamic and dynamical contributions to changes in precipitation extremes on both scales,
and we evaluate their consistency with previous GCM and CRM studies. Section 3.5 ex-
plains why the dynamic behavior of extreme rainfall does not necessarily have to be identical
on both scales by demonstrating that these two types of events differ in their nature and
internal distributions of rainfall intensity and mass flux. We finally discuss the benefits and
limitations of our approach (section 3.6) before summarizing and concluding with a few open
questions for further investigation (section 3.7).

3.2 Methods

3.2.1 Model description and simulation setup

The multi-scale atmospheric model SPCAM (Khairoutdinov et al., 2005; Khairoutdinov and
Randall, 2001) is the superparameterized version of the Community Atmosphere Model
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(CAM, version 5.0), the atmospheric component of the Community Earth System Model
(CESM, version 1.1.1). In SPCAM, a simplified CRM is embedded in each of the GCM
grid cell as a substitute for parameterizations of moist convection and large-scale condensa-
tion (Randall et al., 2016). The host GCM CAM5.0 runs a finite-volume dynamical core at
1.9◦ × 2.5◦ horizontal resolution and a 30-minute time step. The CRM is a coarse version
of the System for Atmospheric Modeling (SAM, Khairoutdinov), 2D in the x-z directions,
periodic in x. It uses an anelastic dynamical core, double-moment microphysics and runs
32 columns at each CAM5 grid point with 4km resolution over 30 vertical levels that match
the GCM levels. The CRM is forced by the large-scale temperature and moisture tenden-
cies arising from GCM-scale dynamical processes and runs continuously (Benedict et al.,
2009; Khairoutdinov et al., 2005). The model parameterizes subgrid-scale (SGS) transport
by turbulence and subgrid total kinetic energy (TKE) using the Smagorinsky-type 1.5-order
turbulence closure scheme. Radiative transfer is performed on individual CRM columns us-
ing the Rapid Radiative Transfer Model for GCMs (RRTMG) (Iacono et al., 2008; Mlawer
et al., 1997). We save hourly averages over the CRM grids to compute tail statistics for
rainfall intensities at the mesoscale and convective-scale (section 3.2.3).

Four simulations are run and summarized in table 3.1. Two simulations use the conven-
tional convective parameterization used by CAM5 and the others use SPCAM. All simula-
tions are run in AMIP configuration by prescribing ocean SSTs and sea-ice with their cli-
matological values from a pre-industrial control climate and a warm climate equilibrated in
conditions of quadrupled CO2 concentrations that we label with suffixes CTRL and 4×CO2,
respectively. These SST and sea-ice climatologies are computed from the standard output
of these two scenarios available for the fully-coupled CESM model in the CMIP5 archive
by averaging over the last 30 years available (years 120 to 150) to ensure that equilibrium
has been reached. In SPCAM, the SST forcing via latent and sensible heat fluxes is com-
puted in the GCM grid cell, and is uniformly applied to each column of the corresponding
CRM. Similarly, land surface processes and elevation are uniform within each GCM grid
cell. Greenhouse gas (GHG) and aerosol concentrations used are the same as in the refer-
ence CESM simulations. CO2 concentrations are prescribed as their 1850 values for CTRL
and are four times larger for 4×CO2, while all other GHG and bulk aerosol concentrations
are prescribed as their 1850 values for all simulations (Lamarque et al., 2010; Neely et al.,
2016). The land model is initialized as the default values for year 1850 and is the same
for all simulations. Each simulation is run for 15 months to limit the computational cost,
with a 3 month spin-up and a remaining 12 months of data for analysis. Since we aggregate
precipitation intensities over the whole tropical domain, 12 months are enough to compute
tail statistics with good accuracy up to very large percentiles of the distribution. One year
of simulation is the minimum duration to capture changes in the statistics between the
reference climatologies chosen, since this study does not intend to quantify the effects of
changing interannual variability as the planet warms. A comparison of results from CAM5
and SPCAM is given in section 3.3. Sections 3.4 and 3.5 only use results from SPCAM.
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Table 3.1: Setup of simulations performed in this study. See section 3.2.1 for details.

Simulation ID # levels # CRM columns CRM dx CRM extent Scenario

CAM5 CTRL 30 - - - PI-control

CAM5 4xCO2 30 - - - abrupt4×CO2

SPCAM CTRL 30 32 × 1 4000 m 128 km PI-control

SPCAM 4xCO2 30 32 × 1 4000 m 128 km abrupt4×CO2

3.2.2 Decomposition into thermodynamic and dynamical
contributions

Earlier studies focused on single-valued quantities to decompose precipitation extremes
changes into their thermodynamic and dynamical contributions and attributed regional de-
partures from CC to changes in the atmospheric circulation (Emori and Brown, 2005). These
contributions are related to boundary layer humidity or column-integrated water vapor and
to vertical velocity or mass flux at the lifted condensation level or at 500hPa, respectively.
Instead, the decomposition introduced here is based on full vertical profiles in saturation
specific humidity q∗v and convective mass flux ω. We use the following scaling expression to
approximate the intensity of extreme precipitation (O’Gorman and Schneider, 2009a):

PQ ≈ ε

〈
ωQ ∂q∗v

∂p

∣∣∣∣
TQ

〉
(3.1)

where PQ is an extreme quantile of the distribution of precipitation intensities with percentile
rank Q. ωQ, TQ, and q∗v are the corresponding profiles of pressure velocity, temperature, and
saturation specific humidity averaged over the GCM points where P ≈ PQ. Since the
pressure velocity ω = −ρgw and the convective mass flux ρw only differ by a constant, we
will mostly use the term “mass flux” to emphasize that ω contains the same information
as the mass flux and is different from the fluid velocity w. The angle brackets denote a
vertical integral over the troposphere: 〈X〉 =

∫ 0

1000hPa
X dp

g
(positive for negative X), and ε is

a constant coefficient often interpreted as a precipitation efficiency. The three contributions
of interest appear when rewriting (3.1) as:

PQ ∼ ε
〈
ωQ
〉

︸ ︷︷ ︸
M

〈
ωQ

〈ωQ〉︸ ︷︷ ︸
µ

(
∂q∗v
∂p

∣∣∣∣
TQ

)
︸ ︷︷ ︸

γ

〉
. (3.2)

Here M is the column-integrated mass flux, µ is the normalized mass flux profile (to within
a constant g), and γ is the vertical gradient in q∗v . Let us denote the fractional changes
in precipitation intensity per unit increase in tropical-mean surface temperature (%/K) by
δPQ ≡ ∆PQ/PQ/∆Ts. This fractional change can then be computed as the sum of the
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following contributions:

δPQ ≈ δε︸︷︷︸
E

+ δM︸︷︷︸
D1

+
〈γ∆µ〉
〈γµ〉∆Ts︸ ︷︷ ︸

D2

+
〈µ∆γ〉
〈γµ〉∆Ts︸ ︷︷ ︸

T

+ N, (3.3)

where N is the summation over higher order terms. This decomposition encompasses the
two different decompositions used by MOE11 and R11 and allows a direct comparison with
their results: R11 uses the mass flux change D1 as his dynamical contribution and D2 + T
as the thermodynamic contribution, while MOE11 defines the dynamical contribution as
D1 +D2 and the thermodynamic contribution as T . However, R11’s scaling slightly differs
in that it uses a vertical integral weighted by the rate of condensation, which could introduce
small additional differences. We quantify each term on mesoscales and convective scales in
section 3.4.

3.2.3 Defining daily precipitation intensities on mesoscales and
convective scales

The decomposition (3.3) is implemented simultaneously on mesoscales resolved by the GCM
(∼2◦ exterior resolution) and convective scales resolved by the CRM (4km interior reso-
lution). The tail statistics for the rainfall distribution are computed by aggregating daily
precipitation intensities over the whole tropics (30S-30N). We define two values of rainfall
intensity per GCM grid per day, with one representing the mesoscales and the other repre-
senting the convective scales.

Mesoscale daily rainfall intensity PGCM is the default output of the GCM (total rainfall)
and can also be computed by averaging the CRM surface rainfall intensities in space and time
over the course of a day. Convective-scale rainfall intensities PCRM are computed similarly,
but averaging the CRM hourly rainfall rates over a subset of CRM points in space and
time. This subset represents the locations of convective clouds and is defined as the points
that contribute to the most intense 50% of the total amount of surface rain in each CRM
during each day. An illustration is shown in Fig. 3.2, and a formal definition of PCRM is
given in appendix A.2. The reference convective-scale mass flux profiles used to compute
the scaling expression (3.1) are derived by averaging vertical velocities over these points (see
Appendix A.1).

The method used to extract the convective-scale rainfall values is similar to the method
developed by R11 to compute the “local precipitation” intensities. It is used in R11 in the
x-y dimensions at each time step over the whole domain with a threshold fraction α = 90%,
and here it is implemented in the longitude-time dimensions within each GCM grid cell
with α = 50%. This choice of α results from a trade-off when sampling the updrafts while
preserving information about their vertical structure. Namely, if the fraction is too small
and hence is sampling just the “extremes of the local extremes” we could sample the wrong
CRM columns and miss the correct vertical velocity structure of the cloud core because of
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Figure 3.1: Rain percentile intensity PQ (left panel; CTRL in dashed, 4xCO2 in solid) and
fractional change in precipitation intensity δPQ (right panel, solid curves) as a function of
percentile rank Q for SPCAM, comparing PGCM (black) and PCRM for different values of α
(colors).

lateral advection by the large-scale flow. On the other hand if the fraction is too large, we
would smooth out the dynamics happening at the convective scale. Results shown in Fig. 3.4
and table 3.2 use α = 50%, and the sensitivity to alpha is shown on Fig. 3.1 (also see Fildier
et al. (2017), supplementary Fig. S2).

This method defines a spatial and temporal region of CRM columns confined within a
single GCM grid cell and diurnal cycle that is also used to define the mean thermodynamic
and dynamic conditions of each convective-scale rainfall event. The latter conditions will be
used in section 3.4 to examine the contributions to extremes at both GCM and CRM scales.
This region is called the contributing rainy area. Its normalized size, the fraction area fwet,
is defined as the number of rainy points divided by the number of CRM points considered
within a GCM grid cell and a day (32 CRM columns × 24 hour samples=768 points). fwet is
different from the threshold fraction α used to define the convective-scale rainfall events and
will be used in section 3.5 to investigate the internal distribution of the rainfall intensities for
both types of extremes. Our definition of daily convective-scale rainfall area does not allow
to differentiate between the number and size of individual rainfall events. The low number
of CRM points, the use of hourly resolution and the presence of large-scale advection from
the GCM on individual CRMs are all reasons that prevent us from writing fwet as a product
of these two quantities with good confidence.
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Figure 3.2: Hovmoller diagram of hourly CRM rainfall values over a day for an intense
convective-scale rainfall event. The mesoscale rainfall rate PGCM is computed by averaging
the rain rate over all CRM points (left panel) and the convective-scale rainfall PCRM is com-
puted by averaging over the most intense rainy points only (right panel). See appendix A.2
for further details.

3.3 Convective Parameterizations vs.

Super-Parameterization

This section focuses on mesoscale precipitation extremes only, i.e. the spatial scales resolved
by GCMs (100-200km).

We compare the behavior of mesoscale tropical extremes PGCM between CAM5 and SP-
CAM by using a percentile-based approach to provide more insights on the departures from
the CC scaling in traditional GCMs. The left panel of Fig. 3.3 shows the rainfall intensi-
ties PQ for the largest percentiles of the distribution. O’Gorman and Schneider (2009b)’s
scaling approximation (equation 3.1) captures the tail of the distribution remarkably well.
SPCAM’s ability to resolve convective updrafts seems to enable stronger extreme rainfall in-
tensities in both climate scenarios. For both CAM5 and SPCAM, these intensities increase
with warming at all percentiles, although this increase is more consistent across percentiles
in SPCAM. The fractional changes in PQ for both parameterizations in the right panel of
Fig. 3.3 show that SPCAM’s extremes follow the 7%/K Clausius-Clapeyron rate of increase
extremely closely while strong departures can be seen in CAM5. The CC scaling used here
is computed from changes in tropical-mean boundary layer specific humidity at the 925hPa
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Figure 3.3: Rain percentile intensity PQ (left panel; CTRL in dashed, 4xCO2 in solid) and
fractional change in precipitation intensity δPQ (right panel, solid curves) as a function
of percentile rank Q, for CAM5 (blue) and SPCAM (black). Both panels show OS09’s
scaling approximation (dotted curves), here plotted for ε = 1. The mass flux contribution
D1 (dotted-dashed) and the boundary-layer humidity CC scaling (dashed) are included for
comparison.

level and surface temperatures, and the rate is the same for both models because the same
ocean SST forcing is used. Changes in vertical mass flux (D1) seem to dictate the shape of
this curve, leading to sub-CC rates below and super-CC rates above the 99.9th percentile in
CAM5.

The percentile-dependent behavior of extremes and the largest departures from Clausius-
Clapeyron both observed in CAM5 seem unrealistic. There is some evidence from previous
simulations that the rate of increase in tropical extreme intensities should converge at large
percentiles, both in CRMs (Muller et al., 2011; Romps, 2011) and GCMs (Pall et al., 2006). In
these cases, the solid curve in Fig. 3.3b systematically shows a concave shape that asymptotes
at approximately 7%/K. In the present work, CAM5 (solid blue) shows a convex percentile
profile diverging at high percentile ranks. In addition, it can be demonstrated that the
largest departures from CC observed in CAM5 are probably unrealistic, assuming that the
Earth’s tropics are in RCE. First, tropical extreme rainfall rates may be approximated by
PQ ∝ ρwqq

?
v,BL (Lu et al., 2014; Muller et al., 2011). Second, we assume that the strongest

vertical velocities wmax increase with the convective available potential energy (CAPE) as
w2
max ∝ CAPE. CAPE is expected to follow a CC increase (Romps, 2016a; Seeley and

Romps, 2015), but changes in the fastest vertical velocities actually increase at a slower
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rate. Specifically, within convective plumes, lateral entrainment reduces updraft buoyancy
through changes in mean stratification and updraft properties (Singh and O’Gorman, 2015)
and horizontal averaging over scales of 100km results in additional smoothing and reduced
rates of increase. Finally, w attains its maximum value in the mid- to upper-troposphere,
whereas the bulk of the condensation occurs in the lower troposphere where changes in w are
smaller and thus less impacted by increases in wmax. Using the notation δx = ∆x/x/∆Ts,
this pair of approximations can be combined to give an upper bound on the fractional increase
in extreme precipitation with temperature as:

δPQ ≈ δq?v,BL + δwq (3.4a)

≤ δq?v,BL + 1/2 δ(CAPE) (3.4b)

≤ 7%/K + 3.5%/K (3.4c)

δPQ ≤ 10.5%/K (3.4d)

This suggests that the largest super-CC rates seen in CAM5, which are as large as 18%/K
(Fig. 3.3b), are indeed unrealistic for atmospheres that are approximately in RCE.

The applicability of CC scaling to extreme rainfall is confirmed by the fractional increases
observed in SPCAM, however the level of agreement is percentile-dependent as shown in
Fig. 3.3. This has implications for interpreting previous GCM studies that use a percentile-
based approach. Most analyses focus on an arbitrary percentile (Allen and Ingram, 2002;
Chou et al., 2012; Lau et al., 2013; Lu et al., 2014; O’Gorman and Schneider, 2009b; Pall
et al., 2006, for instance), a limitation that may lead to misleading results. Here, fractional
changes converge to 7%/K above the 99.9th percentile, a result which supports the GCM
analyses employing larger percentiles.

3.4 Contributions to Changes in Extremes on Both

Scales

In this section we will quantify the physical contributions to changes in extreme precipita-
tion intensities on mesoscales and convective scales according to the decomposition of those
contributions derived in section 3.2.2. Fig. 3.4 shows changes in PQ on both scales along
with the OS09 scaling approximation and the dynamic and thermodynamic terms in Eq. 3.3
above the 90th percentile. Fractional increases δPQ are sub-CC on convective scales, which
is apparently explained by a smaller response of the mean mass flux in the CRM relative
to the GCM. Table 3.2 reports the individual contributions computed by averaging results
for percentiles within a logarithmic decade (on the inverse-logarithmic axis) centered around
the 99.9th percentile (grey shading on Fig. 3.4). This 99.9 reference is chosen for consistency
with previous studies and enables to avoid the noise and potential biases existing at the very
largest percentiles. The sensitivity of these results to the value of α is shown in Fildier et al.
(2017), supplementary Fig. S2.
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Figure 3.4: Fractional changes δPQ and corresponding contributions computed from equa-
tion (3.3), for mesoscale extremes (left) and convective-scale extremes (right). The grey
shading defines the region used to fill Table 3.2.

Table 3.2: Comparison of dynamical and thermodynamic contributions on both scales, in
%/K, as defined in equation (3.3). The values are averaged over a logarithmic decade centered
on the 99.9th percentile, region shaded in grey in Fig. 3.4.

D1 D2 T N

In GCMs
[OS09]

Positive (multimodel mean)

w/ large intermodel spread
–

≈ +5
Good agreement

–

SPCAM,
mesoscales

+1.9 -1.1 +5.8 +0.50

In CRMs
≈ +3
[R11]

Small & negative

[MOE11]

+6 . T . +9
[MOE11, Muller

(2013)]

–

SPCAM,
convective-scale

-0.060 -1.8 +6.2 +0.16
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The dominant mode of change in PQ is the thermodynamic increase in moisture content
(T ≈ 6 %/K on both scales). This is consistent with expected changes in the vertical gradient
of q?v (O’Gorman and Schneider, 2009b). Muller et al. (2011) and Muller (2013) found larger
values for contribution T , which could be explained by a different vertical symmetry of the
mass flux profile in those simulations. Indeed, if ω is skewed towards larger values in the
upper troposphere, non vertically-uniform increases in q?v will affect T through the vertical
integral of ω×∂q?v/∂p. The present results show a vertical profile of ω much more symmetric
than the mass flux profiles ρw shown for instance in Muller (2013) (Fig. 13)..

Contributions from the upward shift of the ω profile (D2) are negative on both scales
(D1 = −1.1 %/K and -1.8 %/K for meso- and convective scales respectively). This finding
is consistent with the upward shift in the radiative cooling profile (Hartmann, 2002; Singh
and O’Gorman, 2015), and it is consistent in sign and magnitude with the behavior inferred
from CRM studies in RCE (Muller et al., 2011).

The main difference between both scales comes from the mass flux contribution. D1
is positive on mesoscales and stabilizes at about 2%/K at large percentiles. This result is
consistent in sign with super-CC rates found in the multi-GCM mean (O’Gorman, 2012)
and in magnitude with the CAPE argument discussed in section 3.3. In contrast, changes
in convective-scale D1 are negligible and similar in magnitude to the nonlinear residual N ,
which is in apparent contradiction with previous CRM results of RCE (Romps, 2011). An
interpretation of this is given in section 3.5.2.

The remaining component of Eq. 3.3 is the change in the so-called “precipitation ef-
ficiency” ε. In this work, ε should rather be interpreted as the accuracy of the scaling
approximation. In a cloud core at a fine scale, it is the ratio of the amount of water con-
densed to the precipitation intensity, but on mesoscales and convective scales defined here
it is affected by the horizontal smoothing of precipitation rates across wet and dry areas.
We compute it by least square fit in the percentile range represented by the grey shading
on Fig. 3.4. On mesoscales, εGCM = 0.97 in the pre-industrial simulation, which implies
that the OS09 scaling performs very well because of horizontal smoothing of precipitation
rates and vertical mass fluxes comparable in magnitude. Since δεGCM = −0.0063 %/K, the
performance of the scaling holds well in various climates. On convective scales, ε ≡ εCRM
is a product of condensation and precipitation efficiencies (Romps, 2011), although it is also
sensitive to horizontal smoothing in our case because of our definition of convective-scale
rainfall and the coarse sampling time step used (1 hour). The scaling also performs well on
these scales, with εCRM = 0.97 for the CTRL experiment and εCRM = 1.04 for the 4×CO2

experiment, which correspond to a fractional change δεCRM = +1.67 %/K.
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Figure 3.5: Mass flux vertical profiles at locations of mesoscale (left) and convective-scale
(right) tropical rainfall extremes, for SPCAM CTRL (dashed) and the SPCAM 4×CO2

(solid). Three percentiles of the rainfall distributions are displayed and correspond to the
ticks on the color bar.

3.5 Roles of Internal Distributions of Rainfall and

Mass Flux

The sensitivities of extremes to increased temperature reported in section 3.4 shows differ-
ences in the dynamics between convective-scale and mesoscale extremes (Table 3.2, lines 2
and 4) although both derivations use the same SPCAM CTRL and SPCAM 4×CO2 sim-
ulations. In this section, we address three issues arising from these differences. First, we
explore the origins of the differences in between the GCM and CRM-scale extremes. Second,
we investigate why the convective mass flux contribution D1 (line 4) is small and why our
estimate of D1 differs from those of previous CRM studies (line 3). Finally, we comment
on the link between the dynamics that happen on mesoscales and convective-scales at loca-
tions of rainfall extremes. We address these issues by considering the size of extreme rainfall
events, the internal distribution of updrafts and downdrafts, and their change with climate.

3.5.1 Distinction between mesoscale and convective-scale
extremes

Convective-scale (CS) and mesoscale (MS) rainfall extremes are separate sets of rainfall
events since they need not necessarily occur at the same points in space and time. The
actual reason for this lack of coincidence is discussed further below. The clear distinction
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Figure 3.6: Joint probability distribution of mesoscale (y axis) and convective-scale (x axis)
extreme rainfall events for the SPCAM CTRL experiment. At each point the probability
value is normalized by the number of rainfall events along the corresponding cross diagonal.
More details in appendix A.4.

between of MS and CS extremes is shown by the scattered joint density in Fig. 3.6. To
first order, one could argue that rainfall extremes on both scales correspond to the same
locations, assuming that the intensities of MS rainfall extremes increase monotonically with
the intensities of the collocated CS rainfall events. If this were the case, we can show that
the joint probability density function (PDF) plotted in Fig. 3.6 would be highly concentrated
around the 1:1 diagonal. In fact, since rainfall intensity is an increasing function of percentile
rank for both scales, their percentiles would match exactly (appendix A.3). Instead, the
points are scattered around the diagonal, indicating that both types of extremes mostly
occur independently from each other and that both rainfall metrics are constructed from
different sets of extreme events.

In particular, it is possible to identify single rainfall events that are extreme at the con-
vective scale but not at the mesoscale, and vice-versa, as shown by the cartoons in Fig. 3.6.
Differences in the internal distributions of rainfall intensity are consistent with the way they
are defined, since the largest CS extremes tend to “peak” (large local rainfall rates over
significantly smaller rainy areas), while the largest MS extremes span larger fractional areas
regardless of the local CRM rainfall rates. The fractional areas of the CS and MS have
an opposite dependence on percentile rank: the largest percentiles correspond to smaller
(larger) fwet values at locations of CS (MS) rainfall extremes (Fig. 3.7).
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Figure 3.7: Precipitating fraction area of the embedded CRMs at locations of mesoscale
(black) and convective-scale (blue) rainfall extremes for both SPCAM simulations (SPCAM
CTRL in dashed, SPCAM 4×CO2 in solid).

These two types of extremes also respond differently to global warming in the change in
their fractional areas (Fig. 3.7). At locations of MS rainfall extremes, we can look at the
area of the corresponding CS rainfall events: it decreases with warming. This decrease in
rainy area would tend to reduce the MS rainfall rate since it is averaged over a GCM grid cell
containing dry areas that expand with warming. Since we know that MS extremes actually
increase in intensity (section 3.3), it implies that the CS rainfall rate at locations of MS
extremes is strongly enhanced with warming to counterbalance this effect. On the opposite,
the area of CS extremes becomes larger with warming (Fig. 3.7 or red curves in Fig. 3.9b).
This implies that an increasing number of CRM points are raining, and that they are raining
more intensely overall.

3.5.2 Unchanged convective mass flux at locations of
convective-scale extremes

While CS extremes increase in intensity with warming, the corresponding CS mass fluxes
barely change (section 3.4). This can be seen on Fig. 3.8a (blue curves) as the PDF of CS
mass fluxes remains unchanged. This section aims at understanding why this is happening,
and whether these results are consistent with previous CRM studies which predict an increase
in the strongest updraft speeds.

Fig. 3.8b shows the PDFs of CRM-level column-integrated mass fluxes aggregated over
all corresponding rainy points in the 99.9th percentile bin. Unlike Fig. 3.8a in which the



CHAPTER 3. DYNAMICS AND THERMODYNAMICS OF TROPICAL RAINFALL
EXTREMES ON MESOSCALES AND CONVECTIVE-SCALES 42

average mass flux in convective-scale rain events is shown, in Fig. 3.8b we retain the in-
ternal structure of these events by aggregating the local mass flux values in all rainy CRM
columns across all relevant extremes. We first note that the present results are consistent
with previous CRM studies in RCE, since the strongest updrafts intensify with warming
(left tail of the distribution). Another important detail is that convective-scale extremes
consist of a mix of updrafts and downdrafts. The fastest updrafts and downdrafts become
stronger with warming, and the number of weak updrafts decreases. One drawback is that
our current sampling methodology cannot capture the increase in CS mass flux, because the
threshold fraction of α = 50% we have adopted is larger than that of α = 10% used in the
CRM studies. Consequently, the internal dynamics are smoothed across each rainy event and
the increase in updraft speeds is approximately balanced by the increase in downdraft speeds.

The analysis framework developed here is limited by the coarse horizontal and time
resolutions used, and the fact that individual CRMs are subject to the effects of horizontal
advection by large-scale flow: the value of α has to be large enough to ensure that we do
sample the CRM columns that are convecting. Similar PDF curves for the CRM columns in
dry surroundings of convective-scale extremes (Fildier et al., 2017, supplementary Fig. S3)
show that updrafts also occur in these drier regions. When averaged in the surroundings
of each rainy event, these mass fluxes become slightly positive (〈ωdry〉 in Fig. 3.8a) and
negligible in comparison to 〈ωwet〉. The connection between surface rainfall rates and local
mass fluxes on small scales thus appears more complex in SPCAM than in idealized RCE
conditions.

3.5.3 Increase in mesoscale mass flux at locations of
convective-scale extremes

The tropical-mean mass flux is known to weaken with global warming (Held et al., 2006).
However, at locations of both convective-scale and mesoscale rainfall extremes, mesoscale
mass fluxes strengthen with warming (Fildier et al., 2017, supplementary Fig. S4). For
convective-scale extremes, there seems to be a mismatch between the strengthening mesoscale
mass fluxes and the convective-scale mass fluxes that remain unchanged. In this section we
provide a rule of thumb for understanding this apparent inconsistency and how it results
from the multiscale coupling approach in SPCAM.

The strength of mesoscale mass fluxes 〈ωGCM〉 can be understood as a product of the
contributing fraction area fwet and convective-scale mass flux 〈ωCRM〉 for both climates.
This formulation can be obtained from a simple relationship between CS and MS rainfall
intensities: in a given GCM grid cell for a given day, it rains a volume of water W =
PGCM ×AGCM over a GCM grid cell area AGCM and a volume 0.5W = PCRM ×Awet in the
corresponding convective-scale events of area Awet. Since fwet = Awet/AGCM , the relationship
becomes PGCM ∝ fwetPCRM . A simple scaling formula is then used to approximate the
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Figure 3.8: For the 99.9th convective-scale rainfall extremes: (a) probability densities of
convective-scale column-integrated mass fluxes averaged in the rainy areas (〈ωwet〉, blue)
and in their dry surroundings (〈ωdry〉, green); and (b) probabilty densities of CRM-level
column-integrated mass fluxes aggregated across all convective-scale events and all GCM
grid cells for that percentile bin. The left panel shows the values used to compute the
dynamic contributions at the 99.9th percentile, and the right panel shows the mass flux
behavior in all corresponding CRM columns.

intensities of extreme rainfall: P ∝ 〈ω〉q?v(Ts). By replacing P in the previous expression
and simplifying by q?v , we have:

〈ωGCM〉 ∝ fwet〈ωCRM〉 (3.5)

This expression holds percentile-wise on both climates for both scales (Fildier et al.,
2017, supplementary Fig. S5).Since convective-scale mass fluxes do not vary with warming,
an increase in mesoscale mass flux 〈ωGCM〉 directly translates into an increase in rainy area
fwet:

δ〈ωGCM〉 ≈ δfwet +���
���:0

δ〈ωCRM〉 (3.6)

Fig. 3.9 indeed shows that the widening in fwet match the strengthening of 〈ωGCM〉, with
the strongest departures between the 99th and 99.99th percentiles.

This result shows that an increase mesoscale-scale mass fluxes is not necessarily correlated
with an increase in convective-scale mass fluxes of local precipitation events because the
contributing rainy area acts as an independent degree of freedom. Equation (3.5) holds well
across climates and highlights a clear direct forcing from mesoscale mass fluxes. This is rather
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Figure 3.9: Percentile-averaged values of 〈ωGCM〉, 〈ωCRM〉 and fwet at locations of convective-
scale extremes for both climates (left; SPCAM CTRL in dashed, SPCAM 4×CO2 in solid),
and the correspondence between the fractional changes in mesoscale mass fluxes and rainy
fraction area (right). A linear fit is included (dashed).

unexpected considering the approach used in SPCAM to couple the CRMs dynamics with
the large-scale flow. Indeed, the dynamic forcing by mesoscale mass fluxes is only indirect
since it happens via heat and moisture convergence into the CRMs, and no domain-mean
vertical ascent is directly prescribed. Here we observe increases in mesoscale mass fluxes
that directly translate into changes in the convective dynamics internal to the CRMs. In the
case of CS extremes, they translate into increases in fraction area alone (Fig. 3.8b), while for
MS extremes they also have a significant effect on the corresponding CS mass fluxes (Fildier
et al., 2017, supplementary Fig. S6).

3.6 Discussion

The framework introduced in this work extends the previous methodologies to provide a more
comprehensive and robust understanding of extreme rainfall on convective-scales resolved by
CRMs and on mesoscales resolved by current GCMs. In particular, previous percentile-
based analyses have often focused on a single percentile, a limitation that may have led to
biased measures of fractional changes δP (Fig. 3.3b) and different estimates of the mass flux
contributions (Fig. 3.4). Besides, previous GCM studies often focused on single-level quan-
tities such as the vertical mass flux at a fixed pressure level (Emori and Brown, 2005; Lu
et al., 2014), which can introduce finite errors because of the strong sensitivity of mass flux
changes to the vertical level and percentile rank chosen (Fig. 3.5). Instead, we remove this
uncertainty by using OS09’s scaling approximation, which makes use of vertical atmospheric
profiles. We expand changes in extreme precipitation into a sum of two dynamical contribu-
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tions and one thermodynamic contribution, a more complete formulation that encompasses
the decompositions used by R11 and MOE11.

This analysis framework and the improved convective dynamics of SPCAM yield good
confidence on the results obtained at the mesoscale, but the behavior of convective-scale
extremes should be interpreted with care. Differences in the sampling technique and in the
understanding of intense precipitation events persist because of the new definition introduced
for convective-scale rainfall intensities. This definition was chosen as the most convenient
and systematic way of quantifying the contributions to changes in convective-scale rainfall
extremes in a planetary-scale domain. As a result, these extremes are defined and sampled in
a slightly different manner than R11 or MOE11, so that a direct comparison with their results
can be misinterpreted, as discussed in section 3.5.2. In particular, one could erroneously
attribute the muted convective-scale mass flux contribution to the effects of the large-scale
circulation.

However, despite these differences in experimental setup and sampling approach, the
dynamical and thermodynamic constraints on the intensity of extremes are shown to be con-
sistent with previous results, both on mesoscales in previous GCM studies and on convective-
scale studies in CRM studies of RCE. To a large extent, our results imply that changes in
the large-scale dynamics as resolved by GCMs and shaped by varying SST patterns internal
to the tropics only have little impact on extreme convective-scale rainfall intensities. This
is confirmed in section 3.5.3 by showing that an increasing mesoscale mass flux can locally
reflect two independent convective-scale behaviors: an increasing mean convective-scale mass
flux or an increasing number of rainy columns. Whether the large-scale dynamics can in-
deed affect the magnitude of the different contributions shown at the convective-scale, is a
question that cannot be answered with our results. These contributions should be quantified
by explicitly comparing the sampling techniques used by R11, MOE11 and the present study.

Our interpretation of the precipitation event geometry and its behavior with climate is
also subject to some limitations, particularly with respect to the effects of convective ag-
greggation that are not accounted for. In particular, our metric of rainy fraction area does
not make a distinction between the number of rain events and their individual sizes. Since
it is defined based on a fixed fraction of GCM-scale daily rainfall, it is rather a measure of
the width of the CRM-level rainfall distribution, independently from the way rainy columns
are distributed in space and time within the GCM grid cell, so that differences between
mesoscale and convective-scale extremes cannot be seen as the manifestation of convective
aggregation. Convective organization has been observed on larger scales in SPCAM (Arnold
and Randall, 2015), but the small number of CRM points and the 2D CRM setup prevent
from diagnosing aggregation on smaller convective-scales. The influence of convective-scale
aggregation is not represented in SPCAM although it is a crucial aspect of the convective
dynamics for the intensity of precipitation extremes (Muller, 2013; Pendergrass et al., 2016).
Improvement on this work could consist in quantifying the interactions between large-scale
circulation and convective aggregation, and their joint effects on extreme convective-scale
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rainfall intensities and corresponding precipitation event geometries.

To ensure the significance of this work, it is necessary to further validate the tail statis-
tics of convective-scale precipitation against observations and other numerical simulations. It
would be useful to compare them with remote-sensing estimates such as the TRMM precipi-
tation radar data analyzed in (Hamada et al., 2014). Robustness against changing modeling
setup should be further established by refining the CRM resolution in a systematic manner
(as is being pursued in the emerging high resolution CRMs (e.g. Parishani et al., 2017)), by
changing the archiving frequency to smaller time steps and by changing the CRM configu-
ration to a 3D domain. Finally, in this framework that assumes a scale separation between
convective and large-scale processes, it is necessary to estimate the sensitivity of these results
to some aspects of the coupling between individual CRMs and the GCM: for instance, the
horizontal periodicity imposed in CRMs, and the absence of direct forcing by the large-scale
velocities.

3.7 Conclusion

We introduce a unified approach to characterize the dynamics of extreme rainfall events si-
multaneously on large scales and convective scales, making full use of the coupled multiscale
framework of SPCAM. The reliability of SPCAM for representing realistic mesoscale ex-
treme rainfall events is first established. It is shown that a wide range of rates of increase in
extreme rain can be obtained with standard convective parameterizations, while the super-
parameterization framework provides more robust increases in rainfall intensity that match
the 7%/K Clausius-Clapeyron increase in boundary layer specific humidity. The different
behavior in CAM5 arises from the simplified representation of the vertical mass flux in this
convective parameterization.

We decomposed the extreme rainfall change into three components: one thermodynamic
and two dynamical contributions. These contributions are consistent in sign and relative
magnitude with previous results on tropical rainfall extremes obtained from GCMs (for
mesoscale rainfall extremes) and from CRM simulations of radiative-convective equilibrium
(for convective-scale extremes), as summarized in table 3.2.

• The thermodynamic contribution, an increase in saturation specific humidity at all
levels in the troposphere, dominates the increases in extreme rainfall and is about
6%/K on both scales, uniformly covering all extreme rainfall intensities.

• The dynamical contribution D2, an upward shift of the vertical mass flux profile, offsets
the increase in extreme rainfall by 1.1 to 1.8%/K. It is also uniform across rainfall per-
centiles, which supports the idea that this shift is essentially thermodynamics-driven,
following the upward shift of the radiative cooling profile with global warming.
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• The dynamical contribution D1, the increase in column-integrated vertical mass flux,
dictates the differences between rainfall percentiles, and tends to enhance the increase
in extreme rain on mesoscales (+1.9%/K). It is negligible on smaller scales as a re-
sult of changes in updraft and downdraft strengths within convective-scale extreme
events: strong updrafts and strong downdrafts intensify with warming at the expense
of the more numerous weaker updrafts that become more scarce. This behavior is
consistent with previous CRM results that predict an intensification of the fastest up-
drafts [MOE11,R11], but does not reflect in the contribution D1 because of differences
in the sampling approach.

Mesoscale and convective-scale extreme events are shown to be distinct and to behave
as independent types of events. Mesoscale extremes are characterized by weaker rainfall
intensities over larger fraction areas and decrease in size as the planet warms, while the
corresponding local convective mass flux increases. Convective-scale rainfall extreme events
tend to have larger CRM-rainfall intensities that peak within narrower areas but increase in
size with warming. Despite unchanged convective-scale mass fluxes within convective-scale
extreme events, mesoscale mass fluxes show large increases with warming for both types of
extremes.

A direct implication is that there is no clear causality between an increase in mesoscale
mass flux and an increase in convective-scale extreme rainfall intensity. While a strengthened
mesoscale mass flux appears to be a necessary condition for the intensification of convective-
scale extremes, the contributing rainy area is a significant and more volatile degree of freedom
that modulates the response of local convective rainfall to large-scale dynamic forcing. How-
ever, when rainy areas become large enough, convective-scale precipitation events become
similar to mesoscale events, are less sensitive to changes in event size and the convective-scale
mass fluxes evolve in line with the increases in large-scale convergence.

The present results bring up other new scientific questions which will have to be tack-
led to better understand the dynamics of convective-scale extreme rainfall events and ulti-
mately allow for more robust representations of extreme rainfall in climate models. Although
the strength of the mesoscale mass flux must be accurately represented to obtain accurate
mesoscale extreme rainfall, and even though the explicit simulation of subgrid scale dynam-
ics enables more accurate rainfall intensities, there is no clear causality between mesoscale
mass flux strengths and convective-scale rainfall intensities. So, how does the large-scale
forcing affect the dynamics involved in the formation of intense convective-scale rainfall in
the tropics? What constrains the geometry of convective-scale rainfall events? And, to what
extent does convective organization affect the properties of convective-scale extreme events
as defined in this study? The multiscale modeling framework of SPCAM and its recent
developments appear as promising tools to start answering these questions in a systematic
and holistic manner.
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Chapter 4

Prognostic Power of Extreme Rainfall
Scaling Formulas

Some studies documenting changes in extreme precipitation use scaling formulas to approxi-
mate the large percentiles of the rainfall distribution from average dynamical and thermody-
namical variables, called predictors. One of these formulas is the dynamic-thermodynamic
constraint introduced in equation 1.3 and already used in Chapter 3. In this chapter, we
assess the performance of these formulas as approximations to the rain rates in individual
events. Focusing on individual events instead of conditional averages, as is traditionally done,
is a way of exploring the domain of validity of this constraints. It also allows to assess how
atmospheric dynamics and thermodynamics could constrain the shape of the distribution of
rain in current and future climates.

We evaluate the accuracies of the scaling relationships as functions of spatial and temporal
scales by analyzing tropical rainfall in a superparameterized model. Relationships using full
vertical profiles of the predictors are found more accurate than those using their values
at specific vertical levels because they better characterize the specific dynamics of each
event. Both types of scaling relationships perform well over a range of length scales from
200 to 2000 km and time scales from an hour to a week, and their precision is higher in
the case of simulations with superparameterization than with parameterized convection.
Uncertainties emerging from the local use of the scaling relationships suggest that they may
only characterize the intensification of individual extremes for a warming of 4-5K or larger.

Finally, we argue that these formulas can be used to reconstruct the tail of the rainfall
distribution directly from its predictors without prior information on P . While scalings have
been used as diagnostic equations conditioned on the occurrence of extreme rainfall, they
are actually able to mimic the prognostic behavior of climate model parameterizations on a
variety of scales when estimating the intensity, frequency and spatial patterns of extremes.
Because it mimics the prognostic behavior of complex convective parameterizations at loca-
tions of extreme events, this formula appears as a potential tool to compare the performance
of climate models.
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• Scaling formulas can approximate individual extreme rain rates in SPCAM above the
99.9th percentile.

• This approximation holds on hourly to weekly time scales and spatial scales of 200km
to 2000km.

• Extreme rain intensities can be accurately reconstructed from thermodynamic and
dynamic variables.

The content of this chapter is published as Fildier et al. (2018).

4.1 Introduction

Extreme rainfall events in the Earth’s atmosphere are expected to intensify in a warming
climate due to a moistening of the troposphere and a strengthening of deep convection in
the tropics. Quantitatively, this intensification is explained to zeroth order by the Clausius-
Clapeyron (CC) relationship. Since warmer air can hold exponentially more water vapor with
increasing temperature due to the CC relationship, heavy rain rates are predicted to increase
at a rate of 7%/K (Allen and Ingram, 2002). This result holds when limiting the analysis
to a fixed percentile rank of the rainfall distribution, typically the 99th or 99.9th percentiles,
over a domain such as a representative tropical region in radiative-convective equilibrium
(RCE) (Romps, 2011). A more complete description of the environmental factors governing
extreme rainfall includes thermodynamic and dynamical contributions to intensification of
these extremes. Steeper lapse rates cause increases in both humidity and convective instabil-
ity (or convective available potential energy, CAPE) and hence in updraft speed within cloud
cores, thereby leading to higher condensation rates. This dynamic mechanism causes depar-
tures from CC when evaluated on regional domains departing from RCE (Lenderink et al.,
2017) and is also an important source of disagreements among general circulation models
(GCMs) on the intensification of tropical extremes (O’Gorman and Schneider, 2009a). Such
dynamic uncertainties arise from the diversity in convective parameterizations and from the
interactions between local convection and the large-scale circulation (Fildier et al., 2017).
While the traditional framework focuses on explaining trends in extreme rainfall in a warm-
ing climate, the present chapter explores whether this framework can be used to approximate
the strength of individual extreme rainfall events in steady climates.

4.1.1 Origin and scope of approximations for extreme rainfall

This framework originates from a statistical method developed to separate thermodynamic
and dynamic contributions to cloud changes (Bony et al., 2004) and subsequently applied
to illuminate the role of large-scale dynamics on regional changes in extreme rainfall (Chen
et al., 2011; Emori and Brown, 2005). The original formulation of this statistical method
has since been enhanced by incorporating better representations of physical processes. The
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current procedure combines thermodynamic and dynamic variables, for example vertical
pressure velocity ω and saturation specific humidity q?v (called predictor variables here), into
a scaling formula S(ω, q?v). Since the pressure velocity ω ≈ −ρgw only differs from the
mass flux ρw by a multiplicative constant, we will use these two terms interchangeably. A
scaling formula combines the most important physics driving changes in rainfall into a simple
physical parameterization in order to approximate rainfall rates PQ at the largest percentile
ranks Q.

Two broad classes of scalings have been used: (a) single-level scalings SSL are products of
predictor variables evaluated at specific geometric heights or pressure levels (Li et al., 2012),
and (b) full-tropospheric scalings SFT account for the vertical structure of these predictors to
estimate a condensation rate c at each atmospheric level and approximate PQ by integrating
c in the vertical dimension. The condensation rate c ≈ −ω ∂q?v

∂p
is an advection term that

quantifies the amount of rain needed to maintain saturation along a reference temperature
profile, typically either a moist adiabat (O’Gorman and Schneider, 2009a) or a domain-mean
profile (Muller et al., 2011). A typical formulation of these two types of scalings is:

PQ
SL = SSL(ωQ, q?,Qv ) = αSLω

Q
500hPaq

?,Q
v,925hPa (4.1a)

PQ
FT = SFT(ωQ, q?,Qv ) = αFT

∫ 200hPa

900hPa

ωQ∂q
?,Q
v

∂p
dp (4.1b)

where the coefficients α are free parameters known as precipitation efficiencies that are
adjusted so that PQ

SL,FT ≈ PQ. Following upon the original statistical approach, ωQ and q?,Qv
in equation (4.1) are derived as statistical averages across extreme events of a given PQ, as
follows: {

ωQ ≡ E
[
ω|P = PQ

]
q?,Qv ≡ q?v

(
TQ, pQ

)
= q?v

(
E
[
T |P = PQ

]
,E
[
p|P = PQ

])
.

(4.2)

This is a straightforward way of ensuring a one-to-one correspondence between a rainfall
rate PQ and a thermodynamic and dynamic environment (ωQ, q?,Qv ). It allows one to quan-
tify the contributions to the increase in extreme rainfall by perturbing ωQ and q?,Qv inde-
pendently (Muller et al., 2011; O’Gorman and Schneider, 2009a; Romps, 2011). In par-
ticular, the FT scaling (4.1b) is more comprehensive and exhibits three distinct modes of
change (Fildier et al., 2017). It has been used in a wide range of studies, including regional
extremes (Sugiyama et al., 2010), with convective entrainment (Loriaux et al., 2013), for
orographic precipitation extremes (Shi et al., 2015), and for changes in regional precipita-
tion extremes (Pfahl et al., 2017).

The statistical origins of this procedure, however, raise new questions:

(Q1) Can we fully characterize individual convective storms? The contributions inferred
from these scalings do not capture the whole range of dynamical and thermodynamic
responses of specific extreme rainfall events to climate change, since in equations (4.1a)
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and (4.1b) the predictors ωQ and q?,Qv are statistical means across several extreme
events. The resulting dynamic and thermodynamic contributions can only be inter-
preted as average conditions accompanying the change in rain intensity at a fixed
statistical frequency, as they do not describe the precise characteristics of individual
precipitation extremes nor the diversity that exists across extreme events at a given
rainfall percentile (Fig. 4.1). In other words, the unique character of each extreme
event is erased because the predictors (the cause) are conditioned on the precipitation
rate (the effect).

(Q2) On what range of scales are these approximations valid? While the dependence of
precipitation statistics on scale is currently an open problem (O’Brien et al., 2016,
2013), these scalings have been used on a wide range of spatial and temporal reso-
lutions (Muller et al., 2011; O’Gorman and Schneider, 2009a). However, the general
validity of these formulas is yet to be established, and the physical meaning of the cor-
responding thermodynamic and dynamic contributions is still unclear on length and
time scales larger than an individual storm. Indeed, the functional form of (4.1b) can
be understood through parcel theory, which is only valid over scales of cloud updrafts
(O(1km)), consistently with simulations of Cloud Resolving Models (CRMs) for in-
stance. On these spatial scales, the FT scaling was found to perform well from hourly
to daily time scales but the factor α was highly variable (Singh and O’Gorman, 2014).
On scales resolved by current GCMs (O(100km)), the increase in vertical mass fluxes
cannot be readily interpreted as an intensification of updraft strengths since it can also
arise from a weakening of downdraft mass fluxes, an increase in the number of inde-
pendent updrafts, or even an enlargement of the area occupied by convective updrafts
versus large-scale subsidence (Fildier et al., 2017; Romps, 2011). What is the range of
space and time scales where these approximations hold, and why?

(Q3) Do these scalings express causality? To date, these relationships have primarily been
used as a posteriori diagnostics to infer average conditions under which precipitation
extremes have occurred. Establishing these relationships requires knowledge of the
full rainfall distribution and the value of the “predictors” where extremes happen, or
equivalently the joint distribution of (P, ω, q?v). This information is required to compute
the conditional averages discussed in Q1 (Equation 4.2) and to tune parameters αSL

and αFT. However, can we use these formulas as predictive tools instead? In other
words, can we get free of the conditional knowledge of P and reconstruct the value of
the percentiles PQ from ω and q?v alone?

Tackling these questions would help to expand our knowledge of precipitation extremes. Q1
and Q2 concern the behavior of extremes on mesoscales as resolved by GCMs and their
connection to the strength of the atmospheric circulation. In addition, quantifying the
predictive power of these scalings (that is, their ability to estimate an outcome from a cause)
via resolution of Q3 would refine our understanding of the intensification of extremes. It
could allow to establish a link between theories for future changes in the statistics of vertical
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Figure 4.1: Individual profiles of saturation specific humidity (left) and vertical mass flux
(right) in a subset of extreme rainfall events corresponding to the 99.9th percentile of the
hourly rainfall distribution in SPCAM CTRL. The black line are the percentile-mean profiles.

mass fluxes (Chou et al., 2012; O’Gorman et al., 2018) and changes in the tail distribution
of precipitation intensities and might also provide insights about the collocation between
temperature extremes and rainfall extremes (Chen and Zhai, 2017; Hao et al., 2013).

4.1.2 Content of this chapter

The aim of this article is to quantify the accuracy of the rainfall predicted by these scaling
expressions for individual storms, and to identify the physical conditions required for the ap-
proximations to hold across the range of temporal and spatial scales accessible in standard
GCMs. We have chosen the tropics (30S to 30N) as the analysis region in this study because:
1) it hosts the largest extreme rainfall intensities (Fig.1 in O’Gorman and Schneider, 2009b)
and 2) tropical rainfall is mainly convective: it allows us to use simulations of superparame-
terized convection to characterize the behavior of tropical precipitation extremes in a more
realistic modeling setting than traditional GCMs or CRMs (see sections 4.2 and 4.6). We
first address Q1 and Q2 by assuming full knowledge of the precipitation distribution and by
considering the points that correspond to its largest percentiles (sections 4.3 and 4.4). From
numerical simulations of tropical rainfall with parameterized and superparameterized con-
vection (section 4.2), we quantify the uncertainty in approximating precipitation intensities
with both scalings (section 4.3.1), identify the thermodynamic and dynamic sources of this



CHAPTER 4. PROGNOSTIC POWER OF EXTREME RAINFALL SCALING
FORMULAS 53

uncertainty (section 4.3.2), and assess the performance of these formulas across scales and
climate states (section 4.3.3). Section 4.4 examines the implications for characterizing the
rate of increase in precipitation extremes, and section 4.5 investigates the predictive power
of these scalings (Q3). We conclude by discussing the relevance of these results for the real
climate system (section 4.6) and summarize the results (section 4.7).

4.2 Simulations and methods

The data analyzed here are simulation results from the Community Atmosphere Model ver-
sion 5 (CAM5) and its superparameterized version (SPCAM). In SPCAM, the convective
parameterization is replaced by a 2-dimensional CRM at each GCM grid point (Khairout-
dinov et al., 2005; Khairoutdinov and Randall, 2001). The adoption of SPCAM is driven
by the necessity of simultaneously resolving dynamical processes that occur on scales of
convective clouds and on the mesoscale grids of general atmospheric circulation. Both are
crucial requirements for simulating realistic statistics of precipitation over the entire trop-
ics. The first range of scales spans the physical processes that govern convective processes
and the formation of rain, and the second range of scales is important for the relative
occurrence of different regimes of precipitation. Superparameterization has improved the
representation of mesoscale convective systems (Pritchard et al., 2011), the Madden-Julian
oscillation (Benedict et al., 2009), monsoon systems, (McCrary et al., 2014a), and the statis-
tics of deep convective precipitation in the tropics (Fildier et al., 2017; Kooperman et al.,
2016b; Li et al., 2012). These improvements are measured relative to the standard CAM5
model using the conventional parameterization for deep and shallow convection (Zhang and
McFarlane, 1995). Two classes of simulations are run, one representing a control climate
in climatological preindustrial conditions (SPCAM CTRL and CAM5 CTRL), and one rep-
resenting a steady-state climate where carbon dioxide concentrations are quadrupled and
surface boundary conditions adjusted consistently to their climatological values (SPCAM
4×CO2 and CAM5 4×CO2). These simulations are those used by Fildier et al. (2017), and
the reader can refer to this study for more details about the model configuration, initial
spin-up, boundary conditions, and forcing.

Although current GCMs have resolutions of 1◦, we will use SPCAM and CAM5 at a
resolution of ∆x0 = 2◦, approximately 240km, because SPCAM has been calibrated and
extensively used at that resolution. While this will allow a direct comparison between the
two forms of parameterizations, it will not allow to make any statement on the behavior
of extremes on the scales smaller than 2◦ that are now resolved in climate models. Spatial
scales are varied from the native resolution of the GCM to 9 times coarser by averaging
the simulation outputs over adjacent grid cells in the meridional and zonal directions, i.e. a
resolution of k∆x0 corresponds to values averages in space over rectangles of k × k points.
Similarly, temporal scales are varied by averaging from ∆t0 = 1h, the shortest ∆t archived, up
to 8 days. The effect of coarsening in space and time is shown in Fig. 4.2 for the precipitation
field in SPCAM CTRL. For given spatial and temporal scales, statistical distributions are
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Figure 4.2: Effects of coarsening in time and in space on the precipitation field. The spatial
resolution is compared to the native GCM resolution ∆x0. The snapshots displayed are
selected at the beginning of the 12 months of simulation used for the analysis.
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calculated by aggregating values in space over the entire tropical domain (30S-30N) and in
time over the last 12 months of simulation. Extreme rainfall percentiles are calculated from
the entire dataset including dry points, on an inverse-logarithmic scale (...,90th,99th,99.9th,...)
with 10 bins per decade regularly spaced in log(1−Q). This formulation is commonly used
and allows us to understand rainfall extremes in terms of return times, or equivalently,
percentile ranks. But it is worth noting that the intensity of these extremes can depend on
several aspects of the metric chosen, such as the spatial extent of the domain of analysis
and the consideration of dry days when computing the rainfall distribution (Schär et al.,
2016). Sample means and variances are calculated within all percentile bins of the rainfall
distribution. When doing so, errors could arise due to a lack of convergence of the statistical
estimators simply because the largest percentile bins have the smallest sample sizes (Fildier
et al., 2018, Fig. S3). To ameliorate this effect, which is stronger on large scales because
coarsening reduces the sample size, and to ensure sufficient statistical significance, we only
report variance estimates for sample sizes larger than 30. Values are otherwise hatched
in the figures and discarded when averaging the results across spatial and temporal scales
(table 4.1).

4.3 “Pointwise” estimates of convective extremes PSL

and PFT

In this section, individual extreme rainfall events are considered for each percentile of the
rainfall distribution in the tropics. The rainfall intensities of the events aggregated in each
bin are similar but the predictors ω and q?v are not necessarily constrained. The aim is to
investigate how the variability in dynamics and thermodynamics across storms can affect
the uncertainty on the scaling approximations (equations 4.1a and 4.1b).

4.3.1 The choice of percentile rank affects the uncertainties

Figure 4.3 shows the largest rainfall percentiles for the distribution of daily rainfall at the na-
tive spatial resolution of SPCAM CTRL. The error range ∆e shown in green is the 5th-to-95th

percentile range in the pointwise scaling approximation. Since the conditional distributions
within percentiles are approximately normal (Fildier et al., 2018, Fig. S4), this range is
approximately equal to a 4-σ range, and therefore a 2-σ half-width will be used in the re-
mainder of this chapter as a metric of error. The green shading, representing uncertainty
in the scalings, can be compared to the dark shading around the black curve, representing
uncertainty in the precipitation percentile itself. The latter arises from the fact that per-
centile bins have finite width and is computed as the distance between midpoint values of
consecutive percentile bins. It is negligible compared to ∆e, which implies that variability
in the scalings are not caused by variability in the percentile itself. In fact, for large sample
sizes and infinitesimal bin widths, it is expected that the dark shading shrinks to zero while
∆e converges to a fixed positive value, namely the “noise” around the true percentile PQ.



CHAPTER 4. PROGNOSTIC POWER OF EXTREME RAINFALL SCALING
FORMULAS 56

99.9999.999.090.0
Percentile rank (%)

0

20

40

60

80

100

120

Ra
in

fa
ll 

pe
rc

en
til

e 
(m

m
/d

)

(a)
Single level

99.9999.999.090.0
Percentile rank (%)

0

20

40

60

80

100

120

Ra
in

fa
ll 

pe
rc

en
til

e 
(m

m
/d

)

(b)
Full troposphere

Figure 4.3: Extreme rainfall percentiles (solid black) for SPCAM CTRL for scales ∆t = 1day
and ∆x = ∆x0. The median (solid green) and the 90% uncertainty range (green shading) are
shown in each bin for the pointwise rainfall approximations computed from the SL scaling
(left) and the FT scaling (right). The dashed black curves show the traditional use of the
scaling formulas using conditional averages in each bin (see point Q1 in the introduction).
The dark shading around the black line shows the uncertainty on the precipitation percentile
due to the finite bin sizes used. The light gray region corresponds to the reference percentile
ranks chosen for tuning coefficient α and computing averages on table 4.1 and Fig. 4.5 and
4.6.

Fig. S5 in Fildier et al. (2018) also show the corresponding relative errors induced by the
variability in the pointwise scaling ∆e/P

Q
FT and coming from the mean bias in each percentile

bin (PQ − PQ
FT)/PQ.

The uncertainty induced by both scalings seems independent of percentile rank chosen
above the 90th percentile. The FT scaling shows a smaller spread than the SL scaling
across storms of a given intensity according to the narrower green region in Fig. 4.3b com-
pared to that in Fig. 4.3a: averaged in the gray region centered on the 99.9th percentile,
∆e = 29.2mm/day for the SL scaling and ∆e = 18.7 mm/day for the FT scaling. Neither
scaling can approximate the intensity of storms for less extreme percentiles: the scalings
become strongly biased and the variability in each bin becomes large relative to the smaller
precipitation rates (Fig. S5).

For small percentile ranks such as 90 or 95, the corresponding dynamical and thermody-
namic contributions should not be interpreted on a storm-by-storm basis. Fig. S5 and 4.4
show that in our analysis, a minimum percentile threshold for the scaling theory to be an
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accurate approximation is 99. It is important to note that this minimum threshold does not
necessarily apply to other studies and should be derived in each case because the type of
events counted as extreme depends on the definition chosen. This is true in particular if the
definition of extremes excludes dry days or if the physical domain is subject to substantial
synoptic forcing, such as for Lenderink et al. (2017) and Panthou et al. (2014). Even though
no statement can a priori be made about the accuracy of scaling approximations in previous
work, one should be careful when interpreting results focusing on low percentile ranks.

4.3.2 Thermodynamic and dynamic contributions to the error

In order to understand the sources of error and the potential advantages of using the FT
scaling (equation 4.1b) instead of the SL scaling (equation 4.1a), we calculate the variability
in the thermodynamical and dynamical conditions across storms at a given rainfall intensity.
There are two distinct metrics of error. First, the parameter α quantifies the scaling bias,
or accuracy, and does not depend on percentile rank. Second, the 2σ relative error εQ can
be used as a measure of uncertainty at each rank Q:

εQ = 2σQ (4.3)

where σQ is the conditional standard deviation of the scaling approximation in a percentile
bin normalized by the corresponding percentile. Since the SL scaling approximation PQ

SL is
a simple product of two variables, the normalized variance σQ2

SL can be decomposed into a
sum of terms related to the variability in the thermodynamics and dynamics:(

σQ
SL

)2

≡ υQ(PSL)

PQ2
SL

≈ υQ(q?v)

(q?Qv )2︸ ︷︷ ︸
Thermodynamic

+
υQ(ω)

(ωQ)2︸ ︷︷ ︸
Dynamic

+
cQ(q?2v , ω

2)

(q?Qv ωQ)2
− 2

cQ(q?v , ω)

q?Qv ωQ︸ ︷︷ ︸
Dynamical-thermodynamic covariance

(4.4)

where υQ and cQ are the conditional variance and covariance at percentile rank Q, and ω
and q?v are the single-level quantities used to compute the SL scaling in equation (4.1a). A
formal derivation of equation (4.4) is given in appendix A.

A similarly complete decomposition cannot be readily derived from an analytic approach
for the FT scaling since its expression depends upon the full vertical profiles of ω and q?v .
However, one can calculate empirically the thermodynamic and dynamical components of
the variability from a more generic approach. The thermodynamic component is defined
as the normalized variance in SFT (equation 4.1b) computed with individual instances of
thermodynamic profiles q?v and the mean dynamic profile ωQ for all extreme events at rank
Q. The dynamic component is defined similarly using individual profiles ω and the mean
profile q?Qv :(

σQ
FT

)2

≡ υQ (PFT)

PQ2
FT

=
υQ

(
SFT

(
ωQ, q?v

))
PQ2

FT︸ ︷︷ ︸
Thermodynamic

+
υQ

(
SFT

(
ω, q?Qv

))
PQ2

FT︸ ︷︷ ︸
Dynamical

+
RQ

PQ2
FT︸︷︷︸

Covariance & nonlinear residuals

(4.5)
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Figure 4.4: Within-percentile variance of pointwise scaling approximation computed for
the single-level scaling (left) and full scaling (right) and the decompositions into dynamical,
thermodynamical, and cross-correlated contributions introduced in equations (4.4) and (4.5).
The gray region corresponds to the reference percentile ranks chosen for tuning coefficient α
and computing averages on table 4.1 and Fig. 4.5 and 4.6.

These definitions of the dynamical and thermodynamic components of the variability are
equivalent to those used in equation (4.4) for the SL version. The residual RQ/PQ2

FT is a non-
linear term but cannot be neglected because it contains information about the covariance
between predictors ω and q?v .

Decompositions (4.4) and (4.5) are shown in figure 4.4 as a function of percentile rank.
In the case of the single-level scaling (Figure 4.4a), the thermodynamic term is half the
magnitude of the dynamical term, and both contribute additively to increase the variability
in PSL. The negative covariance terms act to reduce the variability in decomposition (4.4).
The terms involving ω, the dynamic and covariance terms, are the largest in magnitude.
It suggests that the dynamics may play an important role on the resulting variability σSL

and indicates that the SL scaling might be too simplistic to properly capture the dynamics
in convective storms. In addition, the fact that the covariance term is not negligible shows
that predictor space (ω500, q

?
c,925) is not orthogonal at a given rain percentile. While the

traditional use of the scalings is to characterize independent dynamic and thermodynamic
contributions to percentile-mean changes in the extremes as climate warms, the presence of a
covariance term suggests that such a decomposition may not be appropriate when applying
the scaling to single events.

The problematic cross-correlation of dynamics and thermodynamics is smaller when using
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the FT scaling, as shown in Figure 4.4b: the magnitude averaged in the grey region is reduced
from 0.0073 with the SL scaling to 0.0052 with the FT scaling. The thermodynamic term
is unchanged (respectively 0.0055 and 0.0057).The dynamical term is reduced from 0.016 to
0.0057 and becomes comparable to the thermodynamic term. Taking into account the full
vertical structure of the dynamic and thermodynamic predictors brings the contributions
slightly closer to orthogonality and reduces the total error from 0.013 to 0.0063 because of a
better characterization of the dynamics.

4.3.3 Robustness across scales, climate states and convective
parameterizations

We now investigate the performance of both scaling formulas on a variety of spatial and
temporal scales. The smallest resolutions attainable for the climate simulations in hand are
2◦ and 1h, and the simulation outputs are coarsened by averaging adjacent grid cells in space
and time (see section 4.2). This approach facilitates determining whether the intensity of
extreme rainfall can be connected to the strength of the large-scale circulation and large-scale
mean thermodynamic states across scales often unexplored.

Parameter α and the normalized variance σ2 are plotted in Fig. 4.5 for both scalings
in the SPCAM CTRL simulation and at the 99.9th percentile. With the exception of the
smaller resolutions ∆x = 240km and ∆t = 1h (lower left corner), both metrics are uniform
across scales, and in particular σ2 is uniformly small on time scales of 3h and longer. These
results imply that both relationships can be used to approximate rainfall intensities in indi-
vidual extreme events on these scales. For all combinations of scales except the smallest, the
parameter α lies between 0.8 and 0.9 for the SL scaling and between 0.95 and 1.05 for the
FT scaling. This implies that the SL scaling consistently overestimates rainfall intensities
while the FT scaling is more accurate. The normalized variance is significantly smaller for
the FT scaling than the SL scaling on all scales, thereby demonstrating that including the
full vertical profile of ω and q?v yields better approximations to the rainfall intensity. Ther-
modynamic and dynamic contributions to the normalized variance can be computed on each
scales following section 4.3.2, and an illustrative example is shown for SPCAM CTRL for
the SL scaling in Fildier et al. (2018, Fig. S6). The good agreement across scales suggests
that a similar interpretation applies to all scales, namely that the dynamics are the main
source of uncertainty in the SL scaling.

Departures from the mean can be seen on the smallest scales where α and σ2 are sig-
nificantly larger than average. This arises because the time resolution is comparable to the
characteristic convective time scale, and therefore the dynamical/thermodynamic charac-
teristic of a rainfall event and the subsequent rain rate at the surface cannot be identified
simultaneously within a given time slice. Smaller departures from the mean can also be noted
in the limit of large spatial resolutions ∆x where α and σ2 are also larger than average. This
arises from the fact that variables ω, q?v and P are possibly averaged across different rain-
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Figure 4.5: Coefficient α (top row) and normalized variance (bottom row) for the SL scaling
(left) and FT scaling (right) approximations. The normalized variances shown are averaged
in over decade centered around the 99.9th percentile (gray band in Fig. 4.3 and 4.4, same
percentiles used in the definition of α). Results are hatched when the corresponding sample
sizes are too small. Black dots, denoting values of α close to 1 with a 3% margin, and white
dots, denoting values of ε99.9 below 0.01 (a 2σ error below 20%)have been added as a guide
to the eye to complement the color scale. 20% is the average uncertainty reported in table
1 for the FT scaling, and both error ranges in panels (b) and (d) correspond to the similar
fraction of their respective color scale (1/7).
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Table 4.1: Accuracy and uncertainty metrics for both scalings and all four experiments at
the 99.9th percentile, averaged across all spatial and temporal scales analyzed.

Simulation
Accuracy α 2-σ relative error ε99.9 (%)

SL FT SL FT

SPCAM CTRL 0.84 1.00 28.65 21.67

SPCAM 4xCO2 0.83 1.00 24.60 20.09

CAM5 CTRL 0.87 1.06 35.99 33.23

CAM5 4xCO2 0.90 1.07 34.83 36.42

fall regimes, thereby introducing some additional error. However, the normalized variance
remains below 0.07 over all scales, which corresponds to a 2σ relative error of 50% on the
99.9th rainfall percentile.

Table 4.1 presents a comparison of these results between the preindustrial and 4×CO2

climates and between the CAM5 convective parameterization and SPCAM superparame-
terization. For simplicity of comparison, results are averaged across a range of extremes
centered on the 99.9th percentile (gray region on Fig. 4.3) and across the combination of
scales shown in Fig. 4.5. Overall these metrics appear robust to changes in the climate state
but sensitive to the choice of scaling or convective parameterization. This confirms that these
errors either arise from the lack of adequacy between the scalings and the parameterizations.
This disagreement can come from assumptions in the subgrid-scale representation of convec-
tion in these models, or from the simplistic functional forms of the scalings that are unable
to capture the whole range of dynamics characterizing extremes events. When comparing
between our two representations of convective processes for both scalings, it appears that
extreme rainfall intensities are best approximated in a superparameterized model using the
FT scaling, as there is negligible bias (1 − αFT = 10−3 for SPCAM and 0.07 for CAM5)
when averaging across scales and the uncertainties are minimized at values close to 20% on
average. This surprisingly low bias should be interpreted with care and is partly the result
of averaging α across scales. However, it does show a remarkable agreement between these
simple scaling formulas and the complex representation of convection in SPCAM.

4.4 Implications for fractional changes in extreme

precipitation

Because both scaling expressions are often used to quantify contributions to changes in ex-
treme rainfall with climate change, we can use results from the previous section to assess
the ability of these formulas to characterize increases in the strength of individual extreme
events. We will focus on the FT scaling in this section because it better approximates ex-
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Figure 4.6: Fractional change in P 99.9 and corresponding 2σ uncertainty in the FT scaling
approximation in response to the temperature increase between the CTRL and 4×CO2

climates. White dots are plotted at scales where the signal-to-noise ratio is of order 1 or
larger, with large (small) dots showing ratios above 1 (0.8).

treme rainfall intensities (section 4.3.3) and allows for a more complete decomposition into
dynamic and thermodynamic contributions 3.

Denoting the difference between the climate simulations CTRL (labeled “PI” below)
and 4×CO2 by ∆, the fractional increase in extreme precipitation is defined as δP 99.9 ≡
∆P 99.9

P 99.9
PI

∆T
. Similarly to previous sections, uncertainties in δP 99.9 can come from a change in

bias of the scaling (fractional changes in αFT) or from the variability in the pointwise scaling
approximation for each climate. Uncertainties coming from the bias appear negligible when
averaging across scales (table 1) as well as on most scales individually (Fildier et al., 2018,
Fig. S7). In order to assess the main source of uncertainty on δP 99.9

FT which comes from
variability in the scaling for individual storms, we can define a measure of error at the 2σ
level (see appendix C) by

e
(
δP 99.9

)
≈ 2

∆T

P 99.9
FT,4×CO2

P 99.9
FT,PI

√(
σ99.9

FT,PI

)2
+
(
σ99.9

FT,4×CO2

)2
(4.6)

where
(
σ99.9

FT,PI

)2
and

(
σ99.9

FT,4×CO2

)2
are the normalized variances in the FT scaling at the

99.9th percentile for both climates as defined in section 4.3.2. The fractional change in P 99.9

and its corresponding uncertainty are shown in Fig. 4.6. While the reference number 7%/K
provides an order of magnitude estimate of changes in extremes that is independent of scale,
panel 4.6a highlights the dependence on the scale of interest when calculating the value of
δPQ. Panel 4.6b reports the uncertainties in approximating the modeled increase in extreme
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rainfall with the FT scaling. It shows that the FT scaling can be used to approximate δP 99.9

with diminishing uncertainty as time scale increases.

This figure has strong implications for the information that the FT scaling formula is able
to capture about individual rainfall extremes. In particular, one plausible hypothesis is that
the FT scaling could only be used to explain the increase of rain in individual events if the
warming is larger than 4-5K. As a matter of fact, the “noise” e (δP 99.9) derived in equation 4.6
decreases with warming because ∆T appears in the denominator while P 99.9

FT,4×CO2
is only

expected to increase by a few percents and σFT is approximately constant with warming
(Table 1). In comparison, the “signal” δP 99.9 is approximately constant, which implies
that the signal-to-noise ratio decreases for increasing ∆T . For our simulations the tropical
warming is ∆T ≈ 4.3 K, and the corresponding signal-to-noise ratio in δP 99.9 is close to
1 over most scales where ∆t ≥ 3h (white dots in Fig. 4.6b). Further work is necessary to
characterize this error precisely for various ∆T and find the value corresponding to a signal-
to-noise ratio of 1. The hypothesis discussed here implies that understanding changes in
convective rainfall extremes in terms of dynamical-thermodynamical contributions based on
these formulas would not apply to individual events if ∆T is only 1K or 2K, and this shoud
be verified using more simulations.

4.5 Towards a statistical reconstruction of rainfall

extremes

This section is an attempt to demonstrate the potential of the scaling formulas beyond the
traditional framework for quantifying the thermodynamical and dynamical contributions to
increases in extreme rainfall with climate change. We argue that the FT scaling can be used
to reconstruct the tail distribution of precipitation from the joint distribution of ω and q?v .
The first piece of evidence is the joint probability density of the pointwise FT scaling ap-
proximation and the actual precipitation simulated in SPCAM CTRL (Fig. 4.7). The values
are normalized by the density that we would obtain if both quantities were independent (see
appendix B), with densities greater (lesser) than 1 if the two precipitation values are more
(less) likely to occur simultaneously. The graph shows its largest values along the first diago-
nal towards the largest percentiles, which means that the points corresponding to the largest
percentiles in the rainfall distribution directly map onto the points corresponding to the
largest percentiles in the pointwise FT scaling approximation. Note that this result does not
depend on the value of αFT but only on εQ

FT. In order to extend this 1-to-1 mapping to per-
centiles themselves (that is, to actual precipitation intensities), it is required that αFT = 1.
This condition is met on average in SPCAM CTRL for the FT scaling (table 4.1) and holds
over most scales analyzed within 3% (Fig. 4.5b, white dots). In particular, αFT = 1.00 for
daily precipitation at the model spatial resolution of 240 km.
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Figure 4.7: Normalized 2D joint probability density of simulated rainfall (x-axis) and
pointwise-approximated rainfall using the FT scaling (y-axis) for daily rainfall at the lowest
spatial resolution.

Further evidence for the statistical correspondence between precipitation extremes and
the tail distributions of the pointwise scaling approximations is shown in Fig. 4.8. We
compare rainfall percentiles to the scaling approximations divided by their tuning constant
α because the α’s cannot be calculated a priori without knowing the largest percentiles
PQ in the first place. Instead, the scaling kernels PSL/αSL and PFT/αFT are independent
of α. Fig. 4.8a shows that the FT scaling can be used to reconstruct the precipitation tail
despite a small overestimate across all percentiles. The error is quantified and displayed on
Fig. 4.8b, showing that the FT scaling can be use to reconstruct the extreme percentiles
with an accuracy of 7%.

Besides approximating the tail distribution to a certain degree of accuracy, the scaling
can be used to reconstruct the spatial pattern of extreme rain. Fig. 4.9 shows the mass of
rain water per unit area during the 12 months of simulation above the 99th percentile as
well as the pointwise FT scaling kernel PFT/αFT that approximates it. The figure clearly
shows the similarity between the actual precipitation values and the scaling approximation.
The scaling is able to reproduce the spatial pattern with a surprisingly high level of detail,
including the convergence zones over the ocean and the monsoon systems in India, West
Africa and Central America. However the scaling approximation slightly overestimates the
rainfall amount over South America and East Africa. Pfahl et al. (2017) had also shown
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Figure 4.8: Comparison between the distributions of simulated rainfall P and approximated
rainfall intensities PSL and PFT (left) and corresponding relative errors (right) as a function
of percentile rank Q, for SPCAM CTRL on a daily time scale at the resolution of the GCM
grid.The gray shading around the percentile rank 99.9 correspond to the reference percentile
ranks chosen for tuning coefficient α and computing averages on table 4.1 and Fig. 4.5 and
4.6.

Figure 4.9: Annual mass of water per unit area falling as extreme rain above the 99th

percentile, for P (top) and P 99
FT (bottom) during the simulation year.
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that the FT scaling successfully reproduces the spatial pattern of extremes. It is particularly
interesting to compare both analyses because the metric differs: Pfahl et al. (2017) show an-
nual maximum precipitation rates averaged over a 20-year period, while we sum rain rates
across the largest percentiles to obtain the total mass of water that falls as extreme rain.
Another difference with this previous study is that the patterns shown in Pfahl et al. (2017)
compute extremes with respect to a local baseline while we focus on extremes with respect
to the tropics-wide rain distribution, and these two approaches are conceptually different.

In summary, it appears that prior knowledge of the rainfall distribution is not necessary
to provide first-order, statistical, and spatially resolved estimates of extreme precipitation
intensities across the entire tropics. Direct estimation of rainfall intensities is possible using
the FT scaling formula applied to fields of ω and q?v with the coefficient α set to 1.

4.6 Discussion

Deducing a convincing physical interpretation for the good performance of the FT scaling
across such a wide range of scales is challenging. On the spatial scales considered the term
ω∂pq

?
v represents the humidity “advected” upwards by the mean large-scale flow and is thus

substantially smaller than the local condensation rate in individual plumes. The present dis-
cussion seeks to start developing the physical interpretation by considering several inferences
from the results presented so far. We also assess the relevance of these results for convective
extremes in the real climate system.

We can gain intuition by considering the FT scaling from a water conservation perspective
of the form “any excess of water advected in a saturated environment must fall down as
rainfall”. By invoking mass conservation in an atmospheric column close to saturation and
by neglecting surface evaporation on the scales of interest, the scaling can be rewritten as
the vertically-integrated horizontal convergence of specific humidity minus a storage term.
Consequently, the FT scaling connects to the condensation rate through a series of four
equalities:

SFT(ω, q?v) ≡
∫
ω∂pq

?
vdp ≈

∫
ω∂pqvdp = −

∫
u · ∇qvdp− ∂tW ≈ C (4.7)

where W is the precipitable water vapor, and C is the condensation rate integrated along
the vertical. The first equality is the definition of the scaling applied in a given atmospheric
column. The second equality holds if vertical variations in relative himidity H are negligible,
so that ∂pqv = ∂pq

?
v + ∂pH ≈ ∂pq

?
v . This appears to be valid mostly in the lower tropo-

sphere (Fildier et al., 2018, Fig. S8). Since the lowest half of the troposphere is the most
humid and thus contributes to most of the integral, the second equality could approximately
hold. The third equality is a simple mass balance mentioned above. For the fourth equality
to be true and then equal the rainfall rate at the surface, the following conditions have to be
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met: (a) all the vapor advected in the atmospheric column condenses, (b) any subsequent
mixing or additional condensation can be neglected (so that the amount of vapor in the
column is roughly constant, or ∂tW ≈ 0), and (c) the timescale for droplets to form and fall
down to the surface is smaller than the sampling time scale considered (so that C ≈ P ). A
detailed analysis of these conditions is outside the scope of this article and cannot be done
with the data in hand, but a closer look can help identify which of these aspects deserve
more attention.

Conditions (a) and (b) can hold if condensates do not reevaporate through mixing in
the environment (such that ∂tW ≤ 0), and if no additional vapor already present in the
column condenses (such that ∂tW ≥ 0). Both inequalities taken together would then guar-
antee ∂tW ≈ 0. Additional condensation may occur if destabilization by the large-scale
flow pushes the system towards a different level of convective organization that makes the
local environment ever so drier, thereby leading to ∂tW � 0 and invalidating the scaling
approximation. In the case of SPCAM, individual CRMs often show an internally organized
structure: 70% of the local CRM rainfall is contained in one single subgrid-scale rain event
at locations of hourly extremes (Fildier et al., 2018, Fig. S9), and the subgridscale rainy
columns span about a third of the domain at locations of GCM-scale daily extremes (Chap-
ter 3, Fig. 3.7). The internal structure of these extremes suggests that efficient suppression
of condensation by detrainment of cloudy air is quite unlikely to occur. In addition, exceed-
ingly large rates of condensation as compared with the rate of advection in water vapor may
be unlikely since tendencies in moisture and heat are considered uniform inside GCM grid
cells for both models. These different arguments, if verified, would give credit to conditions
(a) and (b). In the SPCAM “parameterization”, moisture tendencies are defined uniformly
across CRM columns as ∂tqL ≡ −ωL∂pqL where subscript L denotes large-scale quantities,
implying that updrafts, downdrafts and dry subsiding air are subject to the same forcing.
However, such an ideal coupling between convection and the large-scale circulation might
be worth questioning in order to assess the validity of this behavior in the real atmosphere.
Other aspects of SPCAM configuration should be questioned as well, such as the use of 2D
CRMs, the coarse CRM resolutions and their limited horizontal extent.

Finally, condition (c) clearly holds for the longest sampling time scales but could be
partially violated when ∆t becomes comparable to the convective time scale. For instance,
processes of collision-coalescence involved in the formation and growth of cloud droplets can
lead to droplet residence times of an hour or more (Rogers and Yau, 1976, Fig 8.5). The in-
fluence of hydrometeor fall speeds and microphysics on instantaneous precipitation extremes
has been studied on small spatial scales (Singh and O’Gorman, 2014), and could also play
a role on the low performance of the scaling approximations on mesoscales on hourly time
scales, as seen in our case on Fig. 4.5c,d and 4.6a.

It is interesting to note that some degree of averaging over convective events seems nec-
essary for the scalings to perform well: in our case the statistical averaging across rainfall
events of a given intensity is replaced by an averaging across adjacent rain events in space
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and time. So, what actually makes it possible for the scaling approximations to hold when
averaging over large spatial scales? Since some of the errors that arise on small scales seem
to be averaged out when coarsening the dataset, one answer can be searched in relation
to the spatio-temporal distribution of these extremes. The hypothesis is that errors would
cancel out on large scales if the autocorrelation time scales and length scales of P , ω and q?v
are all large, ie if extreme events and the predictors are clustered in space and time. If so,
coarsening the dataset would result in averaging over rainfall events with similar character-
istics. One may also verify this idea by quantifying the coincidence between precipitation
extremes of different scales. This hypothesis is consistent with the fact that SPCAM can
represent realistic mesoscale convective systems (Pritchard et al., 2011) and produces pat-
terns of large-scale convective organization (Arnold and Randall, 2015). Along these lines,
future analyses could also be conducted to assess whether the performance of these scaling
approximations and their predictive power depends on the spatial structure of SST.

It is remarkable that the simple formulations of these scalings agree more closely with
the complex and expensive formulation of superparameterized convection than with the
relatively simpler convective parameterization of CAM5.

On the one hand, finding that scaling formulas are more accurate in the version of the
model producing more realistic precipitation (Benedict et al., 2009; Kooperman et al., 2016b;
McCrary et al., 2014a; Pritchard et al., 2011) suggests that these scalings may capture char-
acteristics of convective rainfall extremes occurring in the real atmosphere. This hypothesis
could be further tested by extending our analysis to a larger number of models with diverse
configurations and types of parameterizations.

On the other hand, this finding could also mean that the behavior of CAM5 extremes is
harder to capture in a single expression than that of SPCAM extremes: CAM5 represents
rain as the sum of three terms: components of precipitation are resolved on the GCM grid and
also parameterized by the deep and shallow convection schemes; while SPCAM only uses the
embedded CRMs to represent all types of precipitation systems. In addition, the hypothesis
presented above uses the assumption that superparameterization can emulate convective
processes with high fidelity, while the formulation of SPCAM makes strong assumptions.
This fidelity can be questioned since its agreement with observations of extremes has only
been tested against one remote sensing dataset, TRMM3B42 (Kooperman et al., 2016b)
while different observational datasets sometimes disagree because they are calibated for
different purposes (Gehne et al., 2016). Biases could arise in SPCAM from the assumed
scale separation between the large-scale flow and local convective processes, the nature of
their coupling, and the simple configuration of the embedded CRMs. In other words, the
resemblance between simple scalings and the more complex representations of convection in
CAM and SPCAM also highlights that superparameterization may be subject to the same
types of biases as other forms of parameterization.
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4.7 Conclusion

The present chapter provides an assessment of the scaling relationships that are typically
used to characterize the dynamics and thermodynamics of extreme rainfall. A first objective
was to quantify the uncertainty in a widely-used scaling relationship for convective precip-
itation extremes over a wide range of scales. Indeed, uncertainties are often ignored when
using scaling formulas to characterize the dynamical and thermodynamical conditions in
which extremes occur. Two types of uncertainties exist: structural uncertainties, linked to
the physical processes left aside in various model configurations; and methodological uncer-
tainties, inherent to the simplicity of the analysis procedure and scaling relationships.

Structural uncertainty in GCMs can arise from the use of idealized convective parame-
terizations, and in CRMs from the omission of the effects of the large-scale circulation on
convective activity and precipitation statistics, because the relative occurrence of different
precipitation regimes also affects what is considered as an extreme at a given percentile.
We reduce this uncertainty by using a superparameterized GCM in order to provide a novel
detailed examination of the scaling formulas when coupling the large-scale and convective
dynamics. However, more work should be done to extend the scaling relationships in the
presence of organized convection that is known to affect extreme rainfall intensities (Bao
et al., 2017; Muller, 2013; Pendergrass et al., 2016).

The second type of uncertainty is methodological: the traditional dynamical-thermodynamic
analysis usually limits our analyses to ensembles of extremes instead of individual events,
and invokes prior knowledge of the distribution of rainfall. This is all the more important
because this type of uncertainty diverges at moderately extreme percentiles for the scaling
of individual extreme events (Fig. 4.3): convergence only appears above the 99.9th percentile
when rainfall events become dynamically and thermodynamically uniform at a given rainfall
rate (Fig. 4.4). We have expanded the traditional dynamical-thermodynamic paradigm to
approximate local precipitation rates in individual storms, and a procedure was introduced
to quantify the uncertainty inherent to the choice of scaling relationship (appendix C). An
hypothesis is advanced about the ability of scaling formulas to characterize increases in indi-
vidual extremes due to global warming. It seems likely that even for a domain in approximate
conditions of RCE, namely in the absence of dynamical forcing from large-scale flows into
the domain, our understanding of the dynamical/thermodynamic contributions only applies
to individual convective storms for a warming gap larger than 4 or 5K (section 4.4). More
simulations with different amplitudes of warming are necessary to confirm this possibility.
Current results hold over a range of spatial scales from 200 km to 2000 km and a range of
time scales from 1 hour to 1 week (Fig. 4.5 and 4.6).

We finally argue that the scaling formula introduced by O’Gorman and Schneider (2009a)
has potential for reconstructing of the tail distribution of mesoscale precipitation intensity
from well-chosen predictor variables. Originally developed for a posteriori diagnostics of
extreme rainfall events, this expression actually has predictive power and can be used to
identify the potential locations and intensity of such events if the predictors are known.
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Extreme rainfall intensities can be approximated from the joint probability distribution of
ω and q?v over the range of scales that meet the condition α = 1 (Fig. 4.7). Practical use
of these formulas to approximate extreme rainfall events is still premature: applying them
to observational datasets is challenging because of a lack of comprehensive measurements of
vertical velocities, and climate models already provide joint information about ω, q?v and P .
In the future however, using these formulas in conjunction with a physical theory for the
tail distribution of vertical velocities would allow to give quick estimates of rainfall extremes
and their change with warming.

Whether or not the better performance of the FT scaling for superparameterized over
parameterized rainfall (table 4.1) actually provides support for the validity of that scaling
in the real climate system (as discussed in section 4.6) is a question worth investigating in
greater depth. If these scalings do not hold in the real atmosphere, it could imply that
superparameterization can actually have similar biases as other forms of parameterizations.
These results would benefit from complementary analyses that make use of other modeling
frameworks and configurations to further assess the robustness of these ideas and their scope
of validity. In particular, the uncertainty of these approximations should be quantified on
smaller spatial scales, in the case of organized convection, and when the domain of analysis
is subject to external forcing from large-scale atmospheric flows.
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Chapter 5

Sensitivity of Mean and Extreme
Precipitation to Mesoscale
Organization

This chapter investigates the behavior of mean and extreme rainfall with warming in an
idealized cloud-resolving model in radiative convective equilibrium, and compares simulations
of disorganized and organized convection. Convective organization is used as a proxy for the
large-scale circulation in order to resolve the interactions between circulation and convection
explicitly. The main results can be summarized as follows:

• At fixed SST, convective organization enhances domain mean rainfall due to a larger
mean radiative cooling and an increased surface latent heat flux by the circulation;

• Fractional increases in mean precipitation with warming are not affected by convective
organization;

• At fixed SST, extreme precipitation seems enhanced by larger precipitation efficiencies.
It could result from the environmental air in the convective region being closer to
saturation, which can reduce the mixing and dilution of convective parcels in their
environment.

• The general global-warming trend of extreme precipitation exceeds the Clausius-Clapeyron
(CC) rate by 2.5%/K. Intermediate regimes with superCC and subCC scaling occur
due to a nonlinear response of precipitation and convective dynamics with warming.

5.1 Introduction

To first order, extreme precipitation intensifies at a speed dictated by the atmosphere’s mean
thermodynamic state: warmer air can hold more water vapor, and this would induce increases
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in heavy rainfall intensity at 6-7%/K. This number comes from the Clausius-Clapeyron (CC)
formula which captures the increase in saturation specific humidity close to the Earth’s sur-
face, as a proxy for the increase in moisture available for precipitation. The CC-scaling is
robust in the framework of radiative-convective equilibrium (RCE), where the atmospheric
cooling by radiation is fully balanced by latent convective heating, in the absence of lateral
inflow or outflow. However, changes in atmospheric dynamics might cause additional depar-
tures from the CC scaling: local strengthening in atmospheric instabilities could enhance pre-
cipitation beyond the thermodynamics-driven increase in moisture (Lenderink et al., 2017).
Such departures from CC have been noted in GCM simulations in which the large-scale
circulation is resolved but convection is parameterized, as well as in idealized CRM simula-
tions in which cloud dynamics are resolved more accurately but the atmospheric circulation
is mostly omitted. One common feature of these studies is that extremes are calculated
over regions where substantial lateral advection can occur, thereby departing from the RCE
framework. The question remains open whether in a system such as the real tropical at-
mosphere, where convection and the large-scale circulation are both present but where the
RCE assumption still applies, convective precipitation extremes would increase faster than
dictated by changes in the thermodynamics alone because of unknown interactions between
deep convection and the large-scale circulation.

5.1.1 Convective organization as a proxy for the large-scale
circulation

One possible approach is to use more comprehensive climate models that account for these
two classes of processes. Multiscale modeling frameworks such as SPCAM (Khairoutdinov
and Randall, 2001), also known as superparameterized climate models, offer such oppor-
tunity by replacing convective parameterizations by small CRMs in each of the GCM grid
cells (Grabowski, 2001). Although extreme rain intensities are larger on small convective
scales (a few kms) than on the large scales resolved by the GCM (about 100km), the influence
of the large-scale atmospheric flow does not induce strong departures from the CC-scaling
on small scales 3. However, strong assumptions remain, such as the scale separation inher-
ent to large-scale GCMs, and raise the question whether superparameterization realistically
emulates the interactions between convection and the large-scale atmospheric flow 4. An al-
ternate solution that will be explored in this chapter is to use an idealized CRM over a large
simulation domain in RCE, in order to explicitly resolve the coupling between convective
processes and internal circulations that develop within the domain. These circulations can
serve as a proxy for the large-scale circulation. These mesoscale circulations also provide
an idealized representation of Mesoscale Convective Systems (MCSs) by concentrating deep
convection into stable moist patches. These systems, known to produce more than 50%
of tropical rainfall, are only crudely simulated by GCMs because they are too small to be
accurately resolved on typical GCM grids and too large to be parameterized as subgrid-scale
processes (Tao and Chern, 2017).
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The internal circulations of interest here are those that arise spontaneously in the form
of convective organization, or self-aggregation, in response to feedbacks or external forc-
ing which drive and maintain the system into a lower energy state (Emanuel et al., 2014).
Although we will focus on small idealized CRM domains, organization can also occur in
GCMs (Coppin and Bony, 2015), with or without convective parameterization, and under
various conditions of forcing (Wing et al., 2017). Under homogeneous boundary conditions,
convection can organize in squall lines due to imposed wind shear, but this form of organi-
zation does not lead to substantially different intensification of precipitation extremes with
warming (Muller, 2013). Another form of organization, called self-aggregation, is driven by
internal feedbacks that involve in particular the spatial heterogeneities in longwave radiative
fluxes (Muller and Held, 2012) and wind-induced evaporation (Bretherton et al., 2005). In
this case, it takes the form a moist patch where convection is active, surrounded by a much
drier region which lets the system lose more energy radiatively to space. This organized RCE
state corresponds to different mean climate properties and climate sensitivity than the dis-
organized RCE state, as well as heterogeneous thermodynamic properties which could have
substantial – but still largely unquantified – effects on the characteristics of the hydrologic
cycle.

The potential role of self-aggregation on precipitation extremes in RCE has been advanced
by several studies. On coarse resolutions of GCMs, Pendergrass et al. (2016) show that
precipitation extremes could increase faster with warming than the CC rate because of
a changing degree of organization, and because aggregation may be more likely to occur
above a critical SST threshold (Emanuel et al., 2014; Held et al., 1993; Wing and Emanuel,
2014). Bao et al. (2017) further confirmed this diagnostic by showing that the ratio extreme-
rainfall-increase-to-mean-rainfall-increase is larger when organization is stronger. However,
using an idealized CRM and fixed SST, Bao and Sherwood (2018) noticed that the statistical
distribution of instantaneous precipitation does not change with the degree of aggregation
because increases in precipitation efficiency are compensated by the reduced updraft speeds
of condensing parcels. This behavior appears independent from the microphysics scheme
chosen in their study. These apparent contradictions raise the question: can self-aggregation
lead to stronger mean and extreme precipitation, and can it amplify their increase with
global warming?

5.1.2 Contents of this chapter

The present work explores in greater detail the effects of convective organization associ-
ated with self-aggregation feedbacks on the intensification of the hydrologic cycle, and in
particular convective precipitation extremes. We perform a series of CRM simulations in
radiative-convective equilibrium (RCE) with fixed SSTs between 300 K and 308 K. The ra-
diative and surface-flux feedbacks are alternately turned on or off to constrain the system
in organized and disorganized states and further isolate a few mechanisms of relevance for
precipitation extremes. The general procedure and simulations are introduced in section 5.2.
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The rest of the chapter proceeds as follows. Section 5.3 quantifies the separate roles of con-
vective organization and surface temperatures on the distribution of rain and describes the
different behavior of organized and disorganized precipitation with warming. Section 5.4
investigates which mechanisms involved in self-aggregation affect the strength of extremes,
in particular the circulations induced and reinforced by the radiative and surface-flux feed-
backs. Section 5.5 investigates the thermodynamic and dynamic response of extreme events
themselves, in order to explain their sensitivity to the circulation. Because the relevance of
convective organization for current and future climates is still an active area of research, we
discuss the sensitivity of our results to the simulation design and their possible limitations
for understanding the dynamics of the atmosphere (section 5.6).

5.2 Methodology

5.2.1 Numerical experiments

We perform a series of experiments using the System for Atmospheric Modeling (SAM)
version 6.10.10 (Khairoutdinov and Randall, 2003). This anelastic CRM uses as prognostic
variables liquid and ice static energy and non-precipitating and precipitating water. Outputs
are saved on hourly averages. All runs analyzed use a 4km grid resolution and a 1024-km
square domain with doubly-periodic horizontal boundary conditions. The vertical grid has 64
levels with a resolution of 500m at the tropopause and 50m at the surface; in the upper levels
a sponge layer is added to prevent gravity wave reflection. The following parameterizations
are used: a 1.5-order subgrid-scale TKE closure for turbulent processes, the native 1-moment
scheme for microphysics, and the CAM3 radiation scheme (Collins et al., 2006b). Surface
fluxes are calculated from Monin-Obukhov similarity theory. The model is forced with a
fixed solar constant of 650.83 W/m2 at a 50.5◦ angle, typical mean insolation of equatorial
regions (Tompkins et al., 1998), and with uniform SSTs of 300, 302, 304, 306 and 308 K. It
is run to RCE before analysis.

The experiments performed here are summarized in table 5.1 at each SST. The reference
simulations are the first two lines. The organized run Oref has interactive surface fluxes
and interactive and locally-resolved radiation to allow spontaneous aggregation due to the
surface and radiative feedbacks. In the reference disorganized run Dref, the radiative feedback
is removed by homogenizing the radiative heating rates Q at each time step in the horizontal
dimensions similarly to Muller and Held (2012), while the surface fluxes are kept interactive
to allow the simulated atmosphere to reach mass and energy equilibrium. Both Oref and
Dref are initialized from a disorganized RCE state obtained beforehand on a smaller square
domain 128-km wide used for spinup at each SST. Because the equilibration time scale
of atmospheric humidity is about 40 days for disorganized runs and 80 days for organized
simulations, Dref is run for 100 days and Oref for 150 days, and the last 50 days of each run
is used for analysis. Comparisons of Oref and Dref for different SSTs provide the data needed
to quantify the overall effect of organization on extreme rainfall.
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Table 5.1: Simulations run performed for SST ∈ {300, 302, 304, 306, 308} K.

Name Radiative heating Q Surface fluxes F Expected state Duration

Oref interactive, heterogenous interactive, heterogenous organized 150 days
Dref interactive, homogenized interactive, heterogenous disorganized 100 days

O (FOref
) interactive, heterogenous prescribed from Oref organized 100 days

O (FDref
) interactive, heterogenous prescribed from Dref organized 100 days

D (QOref
)

radiative heating profile
prescribed from Oref

interactive, heterogenous disorganized 100 days

5.2.2 Separate effects of aggregation: circulation-reinforcing
feedbacks and mean climate shift

The additional experiments shown on the lower three lines of Table 5.1 are designed to
separate the distinct roles that organization can have on the strength of mean and extreme
rainfall intensities: “circulation effects”, associated with the horizontal heterogeneities main-
tained by the radiative feedback and further strengthened by the surface flux feedback, and
“mean-climate effects”, associated with shifts in the domain-averaged atmospheric radiative
cooling and surface fluxes. Although this distinction is artificial because these elements likely
interact in a nonlinear fashion, this exercise will help to emphasize the role of the spatial
heterogeneities on the strength of extremes, and highlight how the statistical distribution of
rain is affected by changes in mean climate properties (mean radiative cooling and surface
fluxes). Figure 5.1 explains which pairing of experiments can be used to estimate the role
of these individual processes on the intensity and change in extreme rainfall. These three
simulations are initialized from the end state of Oref and run for 100 days to achieve a robust
steady state.

Dref
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Figure 5.1: Summary of the experiments and their relation to individual mechanisms. The
same color coding is used in later figures.

Simulations O (FOref
) and O (FDref

) are run with fixed sensible and latent heat fluxes
but include active radiation to allow organization to persist. These prescribed surface fluxes
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are diagnosed from the end states of Oref and Dref respectively, as averages in space across
the domain and in time over the last 50 days of simulation. The comparison proceeds as
follows. The organized O (FDref

) and the disorganized Dref have the same mean surface
fluxes, so their differences result from the role of the circulation induced by the radiative
feedback alone (yellow arrow). The only difference between Oref and O (FOref

) are the spatial
anomalies in surface fluxes, so their differences highlight how the circulation is reinforced
by the spatial structure of the surface-flux feedback (dark blue arrow). Differences between
O (FOref

) and O (FDref
) represent the mean changes in surface fluxes between the disorga-

nized and organized states, which arise from the increased winds associated with the overall
circulation and balance the additional radiative cooling resulting from the thermodynamic
heterogeneities in the domain.

The last simulation D (QOref
) is based upon a prescribed radiative cooling profile chosen

as the domain mean profile at equilibrium in the Oref simulation and has interactive surface
fluxes. This experimental setup is common in CRM simulations and leads to a disorganized
state constrained in a similar manner as Bao and Sherwood (2018), which facilitates com-
parison with their results. Comparison of D (QOref

) with Dref facilitates isolating how the
shift in mean atmospheric radiative cooling that is induced by organization directly affects
precipitation intensities without confounding adjustements in the circulation since convec-
tion remains disorganized. Instead, differences between D (QOref

) and Oref represent the full
effect of the circulation independently from changes in the domain mean radiative cooling.

The relationships between these simulations and their physical interpretation introduced
above are summarized in Figure 5.2. The main effect of organization (central arrow) will
be described in section 5.3 and the upper and lower pathways shown in the figure will be
further analyzed and commented in section 5.4.

5.2.3 Simulations to discard

Figure 5.2 shows 2D snapshots of precipitable water PW at the end of the simulation for
all simulation types and all SSTs. In some cases with fixed surface fluxes at the lowest
SSTs, represented with a dashed frame on Figure 5.2, the system cannot maintain its aggre-
gated states. These runs display oscillations in the spatial pattern of convection, where the
convectively-active regions alternate between small circular shapes and elongated stripes, and
this behavior gradually leads to a strong drying of the entire domain (not shown). Because
of the lack of robustness of the organized state, these runs will not be analyzed here.
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Figure 5.2: Snapshots of precipitable water for all SSTs (rows) and all simulation types
(columns) at the end of each simulation.



CHAPTER 5. SENSITIVITY OF MEAN AND EXTREME PRECIPITATION TO
MESOSCALE ORGANIZATION 78

5.3 Organized precipitation is heavier and intensifies

faster with warming

5.3.1 Acceleration of the hydrologic cycle amplified by
organization

We first investigate differences in the distribution of precipitation and the change in these
statistics with uniform warming between the organized and disorganized simulations, using
the 300K to 304K range as a reference (Figure 5.3).

Simultaneous characterization of mean and extreme rainfall

Characteristics of the hydrologic cycle are quantified by calculating the full distribution of
rainfall intensities and rainfall amounts. Rainfall intensities, or percentiles, are expressed
in kg/m2/s or mm/day and are calculated on hourly time scales at each percentile of the
distribution of rain, by accounting for all atmospheric columns in the domain. Percentiles
PQ are chosen on an inverse-logarithmic scale (...,90th,99th,99.9th,...) with 10 bins regularly
spaced per decade, to zoom in on the extremes. This metric is traditionally used as a way to
quantify extreme precipitation (Chapter 4; Muller and O’Gorman, 2011; Pall et al., 2006) and
facilitates interpreting rain intensities in terms of return times or frequencies of occurrence

(...,1/10,,1/100,1/1000,...). The second metric is rainfall exceedance amount P
Q

, also used by
Pendergrass and Knutti (2018): it has the same units as PQ and is calculated by summing
the rainfall intensities above each percentile rank Q:

P
Q ≡

∫ 1

Q

PQ′
f(Q′)dQ′ (5.1)

where f(Q) is the frequency of points in the Qth percentile bin. This integrated approach
allows a more comprehensive characterization of the hydrologic cycle by quantifying mean

and extreme rainfall simultaneously. At the lowest percentiles, P
0

corresponds to the domain
mean rainfall and is controlled by the domain mean atmospheric energy budget, while at the

largest percentiles, P
Q

is the mean water falling inside the most intense events, controlled

by physical processes happening on shorter time scales. As a result, P
Q
/P

0
represents the

fraction of global rain which falls in the form of extremes.

The distributions of exceedance amounts P
Q

(Figure 5.3a) reveal several coherent changes
in the hydrologic cycle induced by convective organization and SSTs. Two modes of change in
the distribution of rain (Pendergrass and Hartmann, 2014b) can be observed on these curves:
a horizontal shift to the right which shows that rain becomes more extreme, meaning that
larger amounts of rain fall within fewer precipitation events; and a vertical shift, character-
istic of the increase in domain-mean rainfall consistently with changes in the atmospheric
energy budget (Chapter 2; Pendergrass and Hartmann, 2014b). As shown on Figure 5.3a,
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Figure 5.3: Comparison of statistical distributions of precipitation for the organized (solid)
and disorganized (dashed) experiments at 300K (yellow) and 304K (red). The statistics are
shown on individual climates (upper row) as well as their fractional changes with warming
(lower row), for percentiles of precipitation intensity PQ (left panels) and exceedance amounts

P
Q

(right panels).
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these two shifts can either occur from changes in SSTs or from the occurrence of convective

organization. When fractional changes in P
Q

are calculated for all percentiles (Figure 5.3c),
it also becomes apparent that convective organization could be simultaneously associated
with larger rates of increase in domain mean rainfall (left end of the curve) and extreme
rainfall (right end) as surface temperatures rise.

Focusing on the response of extreme rain intensities, it appears that PQ can be enhanced
by convective organization or SSTs (Figure 5.3b) and that the aggregation-driven enhance-
ment of extremes is exacerbated by warming (Figure 5.3d). Note that the magnitudes of PQ

are large because they are computed on scales of 1h and 4km; for example 1000 mm/day is
approximately equal to 40 mm/hr, which is a realistic rain rate for hourly extremes. Consis-
tently with the CC scaling, extreme disorganized precipitation intensities increase at about
6%/K, whereas organized extremes increase faster with warming, around 14.5%/K for this
specific pair of SSTs (Figure 5.3d).

Linking the skewness of the rain distribution to the circulation

The skewness of the distribution of rain, shown by the sharpness of the curves on Figure 5.3a,
express the unevenness of precipitation (Pendergrass and Knutti, 2018). In our simulations,
it appears that this unevenness is amplified by the circulation, regardless of its effect on the
mean climate.

It so happens that domain-mean rainfall rates are identical to within 0.1% in the O300K
ref

and D304K
ref simulations (see Figure 5.3a) as a result of similar radiative cooling and mean

surface fluxes in these two simulations. This implies that at fixed SST, the reorganization of
convection induces a mean climate shift equivalent to a 4K warming for disorganized rain-
fall. This equivalence does not hold for extreme precipitation, as can be seen by comparing
the distributions of rain intensities and exceedance amounts between O300K

ref and D304K
ref . So,

for equivalent mean climates, an organized state corresponds to a stronger skewness of the
distribution of rain towards more intense extreme events. Later sections will confirm that
this skewness is likely associated with differences in the circulation and in thermodynamic
heterogeneties.

Following this reasoning, the enhancement of extremes by self-aggregation circulations
alone can be estimated as:

P 99.9(O300
ref )− P 99.9(D300

ref )

P 99.9(D300
ref )

= 46.7% > 27.6% =
P 99.9(D304

ref )− P 99.9(D300
ref )

P 99.9(D300
ref )

(5.2)

This “4K-warming equivalence” seems also valid at higher SSTs: O302
ref and D306

ref have similar
domain mean rainfall and mean climates. As a consequence, the same exercise can be done to
quantify how changes in the circulation affects the sensitivity of extreme rainfall to warming.
The amplification of the fractional increase in extremes by the circulation alone can then be
estimated as

δP 99.9(Oref)
∣∣
300→302

− δP 99.9(Dref)
∣∣
304→306

= 1.35%/K at 300 K. (5.3)
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More robust estimates of the amplification of extremes will be calculated next (sec-
tion 5.3.2), followed by a more detailed attribution of this amplification to effects of the
circulation (sections 5.4 and 5.5).

5.3.2 Super Clausius-Clapeyron trend and alternating regimes

Mean and extreme rainfall intensities are shown on Figure 5.4 across the complete range of
SSTs. Each dot shows the value of mean and extreme rain for each simulation analyzed at
a each SST and the black curves represent exponential fits to the Oref and Dref simulations.
The large offset between the two exponential fits on both graphs shows that convective
organization induces a clear amplification of mean and extreme rainfall in fixed climates.
This systematic effect from organization on mean rain was not always found in previous
studies (Craig and Mack, 2013). Mean rainfall is enhanced by a fixed fraction (≈15%) which
leads to global-warming trends of similar magnitude for Oref (3.7%) and Dref (3.4%).

300 302 304 306 308
SST (K)

3.5

4.0

4.5

5.0

5.5

P 
(m

m
/d

ay
)

(a)

Domain-mean rainfall
ref: 3.66 %/K
ref: 3.41 %/K
ref

(F ref)
(F ref)
(Q ref)
ref

300 302 304 306 308
SST (K)

600

800

1000

1200

1400

1600

PQ
 (m

m
/d

ay
)

(b)

Extreme rain intensity
ref: 8.15 %/K
ref: 5.59 %/K

300

302

304

306

308

SS
T 

(K
)

300

302

304

306

308

SS
T 

(K
)

Figure 5.4: Magnitude of mean precipitation P (left) and extreme precipitation calculated
as the average PQ between the 99.9th and 99.99th percentiles (right) as a function of SST
for all simulation types. Four simulations are excluded, as explained in section 5.2.2 and
displayed in Figure 5.2. Curves show the expected Clausius-Clapeyron increase of precipi-
tation extremes that corresponds to the reference Dref (solid) and Oref (dashed) simulations
at each SST (color scale).

In contrast to mean precipitation, the global-warming trend of extreme rainfall intensities
is accelerated in the case of convective organization, thereby leading to super-CC rates of
increase. Figure 5.4b shows in color the trends that would be consistent with the Clausius-
Clapeyron formula for each point (SST, PQ) in the reference simulations Oref and Dref. Here
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the trends are calculated using the Buck’s formula for accuracy (A. L. Buck, 1996; Buck A.
L., 1981):

P 99.9(T ) ∝ q?v(T ) ∝ exp

((
18.678− T

234.5

)
T

257.14 + T

)
. (5.4)

For disorganized convection, the CC curves collapse onto each other, indicating a robust CC
increase with warming. The dashed curves, representing CC trends for organized precipita-
tion, do not lie onto each other, indicating departures from the CC scaling. While the overall
contribution of organization is a positive departure from CC of about 2.5%/K, these simu-
lations exhibit several regimes, further detailed in section 5.5. Notably, super-CC increases
occur below 304K and above 306K, while sub-CC increases occur in between, demonstrating
a nonlinear global-warming behavior in the dynamics of extreme events due to changes in
organization.

Section 5.4 emphasizes the multiplicity of effects that self-aggregation can have on the
overall offset and trends in mean and extreme rainfall. Section 5.5 will investigate more
specifically the reasons for the overall superCC trend in extremes and the three separate
regimes that appear as SST rises.

5.4 Shifts in mean climate and circulation

strengthening

In this section we will use the intermediate simulations O (FOref
), O (FDref

) and D (QOref
) in

an attempt to discuss the role of aggregation on mean and extreme rainfall via two general
mechanisms, using the decomposition shown on Figure 5.1:

(a) shift in the mean climate state: changes in the atmospheric radiative cooling can be
measured by comparing Dref and D (QOref

) (light blue arrow), and shifts in mean surface
fluxes can be measured by comparing O (FOref

) and O (FDref
) (red arrow);

(b) changes in the circulation affect the local thermodynamic environment in which con-
vective clouds can form. D (QOref

)→Oref (green) quantifies the total contribution from
changes in the circulation, Dref→O (FDref

) (yellow) quantifies the role of the circulation
induced by the radiative feedback alone, andO (FDref

)→O (FOref
) (red) andO (FOref

)→Oref

(dark blue) both quantify the reinforcement of the circulation by the surface-flux feed-
back.

Interpreting each contribution separately is obviously difficult, because these mechanisms are
interdependent. In particular, the red arrow (O (FOref

)→O (FDref
)) can be understood as a

change in the mean climate, because it corresponds to a mean increase in sensible and latent
heat fluxes, but also as a change in the circulation, because surface fluxes in Oref are larger
in response to the stronger surface winds caused by the radiative and surface flux feedbacks.
In addition, there is no unidirectional causality running to the strength of the circulation
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to the strength of convection, because one adjusts to changes in the other. However, this
decomposition will associate changes in precipitation preferentially to shifts in mean climate
or in the circulation, and will also reveal the importance of the simulation design for the
distribution of rain.

We first aim at explaining the offsets between the exponential fits to Dref and Oref shown
in Figure 5.4. They are calculated as

P (S) ≈ exp(δST + βS) (5.5)

where δS is the overall fractional change in P ∈ {P , PQ} for simulation S. Besides, the two
pathways drawn on Figure 5.1 can be decomposed into a product of enhancement factors E ,
as follows:

P (Oref) =
PQ (Oref)

P (O (FOref
) )︸ ︷︷ ︸

Esurf

× P (O (FOref
) )

P (O (FDref
) )︸ ︷︷ ︸

EshiftF

× P (O (FDref
) )

P (Dref)︸ ︷︷ ︸
Erad

×P (Dref) (5.6a)

and P (Oref) =
P (Oref)

P (D (QOref
) )︸ ︷︷ ︸

Ecirc

× P (D (QOref
) )

P (Dref)︸ ︷︷ ︸
EshiftQ

×P (Dref) (5.6b)

Then, the enhancement factor between two simulations S and S ′ can be written

ES→S′ = exp((δS′ − δS)T + βS′ − βS) (5.7)

The enhancement factors are reported in Table 5.2. In the case of mean precipitation,
the enhancement E is roughly independent of T , for its fractional change is similar in all
simulations: δ ≈ 3.5%/K. The mean total enhancement is Etotal = 1.17, which corresponds
to a 17% amplification. In the first pathway (equation (5.6a)), it is mostly explained by the
increase in mean surface fluxes EshiftF = 1.19 while the two other enhancing components are
negligible Erad = 1.00 and Esurf = 0.99. This pathway simply highlights the consistency of
a closed water budget in steady state, so that changes in mean precipitation must match
changes in evaporation from the surface. In the second pathway (equation (5.6b)), the shift in
mean radiative cooling alone cannot explain the mean rainfall shift (EshiftQ = 1.11), because it
is partly compensated by an increase in surface sensible heat fluxes in simulation D (QOref

)
which dims the latent heat response (not shown). The last term, corresponding to the
experimental setup of previous studies (Bao and Sherwood, 2018), shows a complementary
enhancement (Ecirc = 1.05). Because D (QOref

) and Oref have equal mean radiative cooling,
this last term can be interpreted as the effect of the circulation on the surface enthalpy
fluxes, via stronger surface winds and the drier near-surface air in the subsidence region.

At fixed SST, these contributions can also be calculated for the enhancement of precipi-
tation extremes, as shown on Figure 5.5a for the largest percentiles at 306 K. EshiftQ is close
to 1, which suggests that for disorganized convection, changes in domain mean radiative



CHAPTER 5. SENSITIVITY OF MEAN AND EXTREME PRECIPITATION TO
MESOSCALE ORGANIZATION 84

Table 5.2: Enhancing factors E to mean (P ) and extreme precipitation averaged between
percentiles 99.9 and 99.99 (δP ext), and contributions to the departures from CC (dCC):

Etotal (T) Erad (R) EshiftF (F) Esurf (S) EshiftQ (Q) Ecirc (C)

P : E (all SSTs) 1.17 0.99 1.19 1.00 1.11 1.05
P ext : E (304-308K) 1.72 1.27 1.27 1.06 1.00 1.71
dCC: δE (304-308K) 2.57 0.73 1.62 0.22 0.91 1.66

cooling has little effect on precipitation extremes at this particular SST. It confirms recent
results showing that radiative cooling mostly affects weaker rain rates (Chua et al., 2018)
and leaves the extremes unchanged despite the adjustment of the mean surface fluxes. As a
consequence, the response of extremes to self-aggregation at fixed SST can be attributed to

the overall circulation and its effect on surface fluxes: Ecirc ≈ Etotal = PQ(Oref)

PQ(Dref)
. On the upper

pathway, the spatial redistribution of surface enthalpy fluxes (Esurf) only enhances PQ by a
few percents. The overall contribution is evenly split between the circulation induced by the
radiative feedback and the mean effect of the surface-flux feedback: Erad ≈ EshiftF ≈ 1.3.

The decomposition is then applied to the super-CC rates of increase in PQ (Figure 5.5b).
Departures dCC from the CC scaling can be decomposed as a sum of contributions coming
from changes in the enhancing factors. Denoting δPQ ≡ ∆PQ/PQ/∆T the fractional change
in precipitation extremes for a given warming gap ∆T , departures from CC can be written
as

dCC ≡ δPQ (Oref)− δPQ (Dref) = δEsurf + δEshiftF + δErad (5.8a)

= δEcirc + δEshiftQ. (5.8b)

Each term is independent of SST and can be calculated as a difference in fractional changes
for pairs of simulations: δES→S′ = δS′ − δS . Surprisingly, the increase in mean radiative
cooling δEshiftQ does bring a small contribution of about 1%/K to the superCC rate, despite
its small role on extreme precipitation in fixed climates. This occurs because the latent heat
flux increases more rapidly than the sensible flux in the D (QOref

) simulation, reinforcing
convection. The remaining contribution comes from the overall circulation and the addi-
tional surface evaporation that it causes (δEcirc ≈ 1.5%/K). On the upper pathway, most of
the change is attributable to the mean enhancement in evaporation due to the surface-flux
feedback (δEshiftF ≈1.6%/K). Changes in the radiatively-driven circulation have its strongest
contribution between the 99th and 99.9th percentiles (δErad ≈ 1.7%/K) and affects less the
heaviest rain events (≈ 0.7%/K).

Further testing the sensitivity of mean and extreme rainfall to specific self-aggregation
mechanisms would likely require a more physically-based analytic framework which connects
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Figure 5.5: Enhancement of precipitation intensities PQ by the circulation (green), induced
by the radiative feedback (yellow), reinforced by the surface-flux feedback (dark blue and
red), as well as the negligible effect of the larger radiative cooling (light blue) in a steady
climate at 306K (left); and corresponding contributions to the fractional changes δPQ (right).

the strength of the circulation to the strength of precipitation extremes. In our case, feed-
back mechanisms maintain the circulation and affect the mean climate simultaneously, and
their effect on rain statistics cannot be easily separated. In particular, the surface-flux feed-
back alone is not sufficient to maintain organization (Holloway and Woolnough, 2016), as
seen in the D (QOref

) experiments, so its effectiveness to strengthen the circulation cannot be
physically separated from the effectiveness of the radiative feedback to organize convection
in the first place.

Despite the difficulty to tease apart these contributions, two main conclusions can be
drawn:

• Even for a fixed mean climate (identical values of SST, mean surface fluxes and radia-
tive cooling), the only presence of a circulation is consistent with heavier precipitation
extremes, thereby causing a stronger skewness of the distribution of rain. This result
indicates that even the rarest and heaviest rain events can be understood as an integral
component of the circulation. This is seen in this section by the significant enhance-
ment Erad, although an enhancement of similar magnitude occurs in response to the
stronger surface fluxes.
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• The superCC trend in precipitation extremes is mainly associated with the mean en-
hancement of surface fluxes, indicating that the surface-flux feedback plays a major role
in shaping the distribution of rain through its possible effects on convective strength.
This result suggests that organized precipitation extremes could be highly sensitive
to changes in the large-scale winds in the real atmosphere because of their effects on
surface evaporation.

Section 5.5 will investigate how a reinforcement of the circulation can amplify the heaviest
rain intensities.

5.5 The dynamics of organized and disorganized

extremes

We now seek to understand the cause for the overall super-CC trend in precipitation extremes
PQ across steady RCE states at different SSTs, and the super- and sub-CC regimes seen in
section 5.3.2 in the Oref simulation. To do so, we use a scaling formula to approximate the
largest rainfall percentiles PQ from the average dynamic and thermodynamic characteristics
of extreme events (O’Gorman and Schneider, 2009a). This expression approximates the
condensation rate at each level in the troposphere as the vertical advection of saturation
specific humidity q?v at speed w along a moist adiabat θ?e , and integrates it along the vertical
to estimate the surface precipitation rate:

PQ ≈ −ε
∫ zT

0

wQ ∂q∗v
∂z

∣∣∣∣
θ?Qe

ρdz. (5.9)

Superscript Q denotes that variables have been composited at the locations of extreme
events: for all surface precipitation rates counted as the Qth percentile of the distribution,
the profiles are sampled 1h early and averaged across rainfall events in order to reconstruct
the approximate conditions in which the corresponding convective clouds were formed. The
1h time scale happens to match the characteristic timescale of convective updrafts and
corresponds to the output time step. Coefficient ε can be interpreted as a proxy for the
precipitation efficiency of extremes : as such, ε approximates the fraction of condensed water
that reaches the surface, while 1− ε corresponds to the fraction of cloud water that mixes in
the environment. ε is calculated as a tuning coefficient from a least-square fit between true
percentiles PQ and approximated percentiles

∫
wQ ∂zq

∗
v |Q between the 99.9th and 99.99th

percentile ranks. Although ε is an efficiency coefficient, it remains a tuning parameter and
could potentially exceed 1. It can be affected by sampling issues and reveal intrinsic limita-
tions of the approximation formula (equation 5.9) by embedding additional processes such as
entrainment of dry air and subtle differences in precipitation microphysics that could affect
precipitation extremes.
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This formulation will allow to decompose fractional changes into a sum of indepen-
dent contributions coming from changes in the dynamic and thermodynamic properties of
extreme rainfall events. Denoting the pressure-weighted integral across the troposphere
〈X〉 =

∫ pT
ps
X dp

g
≈ −

∫ zT
0
Xρdz, this scaling approximation can be rewritten as

PQ ≈ ε
〈
wQ
〉

︸ ︷︷ ︸
M

〈
wQ

〈wQ〉

(
∂q∗v
∂z

∣∣∣∣
θ?Qe

)
︸ ︷︷ ︸

Γ

〉
= εMΓ (5.10)

M represents the vertically-integrated mass flux across the depth of the troposphere, such
that M/〈1〉 represents an effective cloud updraft velocity. In turn Γ×〈1〉 is a thermodynamic
term representing an effective amount of moisture available for condensation, in kg/m3.

In the case of disorganized convection, the fractional increase in extremes PQ can be
decomposed in a sum of fractional contributions expressed in %/K, because the terms ε, M
and Γ all follow exponential increases with warming:

δPQ

Contribution from
changes in:

≈ δε︸︷︷︸
precipitation

efficiency

+ δM︸︷︷︸
mass
flux

+ δΓ︸︷︷︸
thermodynamics

(5.11)

For the reference disorganized case Dref, the CC increase of 5.6%/K results from an increase
in the thermodynamic term Γ of +3.5%/K and increase in mass flux of +1.5%/K, while
precipitation efficiency is roughly constant with warming (+0.79%/K). These numbers are
consistent in relative magnitude with previous analyses of disorganized extremes (Romps,
2011).

The nonlinear response of organized extremes

In the case of convective organization, such a decomposition of δPQ actually fails at quanti-
fying contributions to the superCC trend that spans the full range of SSTs. The behavior of
organized extremes depends nonlinearly on temperature and individual contributions do not
actually follow simple exponential trends. In order to explain the three regimes identified
in section 5.3.2 (superCC-subCC-superCC), Figure 5.6 shows the following contributors to
precipitation extremes at fixed SST for simulations Dref and Oref : precipitation efficiency ε,
pressure-weighted mean vertical velocity M/〈1〉, in m/s, and the remaining thermodynamic
term Γ× 〈1〉 which represents the moisture available for condensation in kg/m3.

In the disorganized case, precipitation efficiency is constant around 0.4, and the CC
increase is explained by a joint and steady increase in the thermodynamic and dynamic
components.

In Oref the superCC rates seem to be explained by changes in precipitation efficiency
and updraft speeds. First, the large and fast increase in ε explains the first superCC regime
between 300K and 304K, and it stabilizes around 1. Then, the delayed and large increase
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Figure 5.6: Precipitation efficiency (green), and the dynamic (blue) and thermodynamic
(red) components of extremes rainfall PQ for simulations Dref and Oref.

in vertical velocities at high SSTs seems to strongly contribute to the last superCC regime
between 306K and 308 K. The gradual decrease in Γ and the delayed amplification of the
dynamic component at higher SSTs can be related to changes in vertical velocity profiles
(Figure 5.7b): the profile gradually shifts towards higher altitudes, causing a reduction in Γ,
and vertical velocities strongly increase in the upper troposphere at high SST. This explains
the simultaneous enhancement of M , but understanding what actually sets the shape of
vertical velocity profiles remains an open question.

Explaining why such nonlinear dynamics occur would likely require a closer analysis of
the interactions between precipitation efficiency, mixing with environmental air, and buoy-
ancy. Although these results should be interpreted with care, it is unlikely that this behavior
be an artifact of the scaling approximation: this formula closely captures the shape of the
distribution tail at different SSTs, with correlation coefficients above 0.95 in all cases between
the 99.9th and 99.99th percentiles, and the approximate magnitude of ε is realistic for dis-
organized convection (Lutsko and Cronin, 2018). However, limitations of the approximation
formula could lead to overestimates of precipitation efficiency, and sampling uncertainties
could have caused small fluctuations in ε and the subCC increase in extremes between 304K
and 306K.
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5.5.1 Amplification of extremes by larger precipitation
efficiencies

Finally, we make a stronger case for the possible role of precipitation efficiency in amplifying
the strength of extremes. Figure 5.7a shows the vertical profile of relative humidity at the
location of precipitation extremes for the reference disorganized and organized simulations.
Convective aggregation appears to bring the environmental air close to 100% relative humid-
ity in the moist environment in which deep convective clouds form. This lower environmen-
tal saturation deficit could have a double enhancing effect on the surface precipitation rate:
it would increase condensation, or conversion efficiency, by reducing the dilution of cloud
parcels into their environment, and could increase sedimentation efficiency by reducing the
re-evaporation of condensates (Langhans et al., 2015; Lutsko and Cronin, 2018)

Figures 5.7c,d show the correspondence between the amplification in extreme precipi-
tation PQ, in ε and in vertically-integrated relative humidity 〈RH〉 at the location of ex-
tremes, for all SSTs and all pairs of simulations as explained in equation (5.6). The large
correlation on panel (c) confirms the importance of fluctuations in precipitation efficiency
for the strength of precipitation extremes. The large correlation on panel (d) suggest that
precipitation efficiency closely relates to the degree of saturation in the moist environment
where extreme events occur, and that this amplification is related to the enhancement of the
radiatively-driven circulation (enhancement C and R correspond to Etotal and Erad respec-
tively).

A more robust characterization of precipitation efficiency is necessary to further confirm
this plausible mechanism and will be undertaken in future work.
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Figure 5.7: (a) Relative humidity and (b) vertical velocity profiles at location of precipita-
tion extremes. (c)-(d) Correlations between the enhancement in precipitation extremes PQ,
precipitation efficiency ε and vertically integrated relative humdity 〈RH〉 for the pairs of
simulations defined in Figure 5.1 (letters), at all SSTs (colors).



CHAPTER 5. SENSITIVITY OF MEAN AND EXTREME PRECIPITATION TO
MESOSCALE ORGANIZATION 91

5.6 Discussion

This chapter gave a summary of the behavior of mean and extreme precipitation in conditions
of disorganized and organized convection in large 3D domains. Efforts were made to use
a diversity of forcing strategies in order to explore the sensitivity of precipitation to the
simulation design in steady RCE states. It allowed to attribute the response of extreme
precipitation to the strength of radiative and surface-flux feedbacks in the following manner:

1. the circulation induced by the radiative feedback and reinforced by the stronger sur-
face fluxes concentrate moisture in the convective area, causing an increase in relative
humidity and precipitation efficiency. This shift is likely the cause for the heavier pre-
cipitation extremes at fixed SSTs. This increase in precipitation efficiency also explains
the superCC rates of increase at low SSTs.

2. At high SSTs, the moist environment is close to 100%/K and precipitation efficiency
is close to 1, but extreme rainrates keep increasing faster than what thermodynamics
predict because of a large increase in updraft speeds.

This section discusses the benefits and limitations of the modeling choices made in this
chapter and lays out the missing components that may alter our conclusions.

5.6.1 Remaining gaps between idealized experiments and a
realistic tropical atmosphere

Further modeling work is also required to test the behavior of precipitation under convective
organization in more realistic representations of the tropical atmosphere. In particular, it
seems necessary to quantify on which scales these relationships hold and validate the rele-
vance of the superCC rates identified here: several implicit methodological assumptions have
been made in our highly idealized experimental setups which could bias our interpretation.

First, the limited domain size is suspected to amplify the degree of convective organi-
zation (Cronin and Wing, 2017), which could cause artificial amplification of heavy pre-
cipitation intensities. On large tropical domains instead, longwave radiative fluxes tend to
stretch the size of moist patches (Beucler and Cronin, 2019), which could damp the strong
amplification in relative humidity that we find in our study. This could prevent the superCC
rates that arise from increases in precipitation efficiencies, or at least transpose this behavior
to higher SSTs. An improved characterization of the relationship between strength of self-
aggregation feedbacks and domain size seems necessary to quantify the sensitivity of rain
intensities to specific modeling choices.

The second issue resides in the coarse 4km resolutions used. They prevent adequate
representation of low clouds and tend to bias the system towards an excessively dry free
troposphere in the subsiding regions (Holloway et al., 2017). This could lead to an overes-
timate of mean rainfall increases as a compensation for the underestimate of atmospheric
shortwave absorption (chapter 2), because the absence of stratocumulus would reduce the
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upwelling component of the shortwave flux. In addition to its role on turbulent mixing as
well as rain reevaporation and cold pools (Jeevanjee and Romps, 2013), a coarse resolution
could bias the strength of self-aggregation feedbacks by modifying the low-level circulation
induced by longwave radiative cooling in low-clouds (Muller and Held, 2012), and affect the
thermodynamic environment in which extreme events occur.

Third, the timescale required for these experiments to reach equilibrium is substantially
larger than the lifetime of typical MCSs. Even though the effect of self-aggregation on the
largest percentiles of the distribution does appear gradually during the transition between
disorganized and organized states (not shown), the actual importance of aggregation for
precipitation rates in shorter-lived convective systems could be smaller.

Finally, a fourth kind of methodological limitation is the quantification of precipitation
extremes themselves. In particular, the distribution of rain calculated over the entire domain
actually depends on the relative occurrence of different precipitation regimes. As a result, or-
ganized RCE states over idealized small domains likely exhibit different rainfall distributions
and stronger rainfall extremes than larger simulation domains with realistic occurrences of
deep and shallow convective systems, even for the same conditions of forcing and similar
mean climates.

In addition to these methodological considerations, additional uncertainties arise from
the magnitude and type of forcing conditions, and from the choice of closure required for
unresolved processes.

Additional uncertainties from wind shear and cloud microphysics

Turbulence and cloud microphysics could affect extremes indirectly through the strength of
self-aggregation feedbacks (Tompkins and Semie, 2017), but also directly, by affecting con-
vective dynamics, mixing, and condensation. Bao and Sherwood (2018) also report changes
in precipitation efficiency with convective organization, but connect them to a microphysical
response rather than changes in the local environment of convective updrafts. They docu-
ment changes in condensate species with a reduction in graupel production and argue that
it enhances precipitation efficiency while reducing buoyancy and updraft velocity. Further
analysis is necessary to test their results in SAM with two-moment microphysics schemes
and under a large range of SSTs and forcing conditions.

In addition, large-scale winds and wind shear could affect the ability of convective up-
drafts to mix in their environment. Lane and Moncrieff (2015) and Moncrieff and Lane (2015)
showed that the propagation, vertical structure and organizational properties of MCSs de-
pend on a balance between the strength of cold pools, convective inhibition and subcloud
layer saturation levels, which largely varies with large-scale wind shear conditions. However,
such analyses have not yet been extended to the context of self-aggregation in RCE. As a
result, the multiple interactions between self-aggregation feedbacks, precipitation efficiency
and rainfall extremes are still to be investigated, and their sensitivity to wind shear is still
largely unknown.
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5.7 Conclusion

The atmospheric circulation is usually diagnosed as a time average between convective up-
drafts, convective downdrafts and slow subsiding air, and is thus understood as the resulting
balance between convective dynamics and radiatively-driven subsidence. Convective organi-
zation provides a framework to study the interaction between these circulations, happening
on long time scales, and convective processes, happening on shorter time scales. One mode of
interaction is the effect of these circulations on evaporation and on the spatial distribution
of thermodynamic variables such as moist static energy and relative humidity, which can
affect local convective processes and the statistics of rain. The other mode of interaction is
the effect convective strength on the circulation and on the global energy budget through
its role on redistributing moisture and heat across space. While this article explores the
former mode of interaction, the latter is of importance to complete our understanding of the
strength of organization in future climates.

This work provides evidence that the changing degree of convective organization in
warmer climates could lead to faster increases in extreme rainfall intensities than what
disorganized convection indicates. These departures are associated with variations in the
circulation controlled by the radiative and surface flux feedbacks. When convection is or-
ganized, heavier extreme rainfall intensities likely occur in response to larger precipitation
efficiencies. It can result from the enhanced air saturation in the moistest areas of the domain
which could reduce the ability of cloud parcels to mix with dry air as they form. Depending
on the importance of self-aggregation feedbacks in the real atmosphere and their sensitivity
to warming, extreme rainfall intensities could intensify more rapidly than the mean increase
in humidity dictated by the Clausius-Clapeyron formula. This superCC increase arises from
a complex coupling between updraft speeds, convective mixing and precipitation efficiency,
which needs to be investigated further.

Because this coupling between convection and the large-scale circulation cannot be ac-
curately resolved on the coarse grids of current GCMs, changes in convective organization
could be an important source of bias for the intensification of extreme rain events in current
climate models. The magnitude of self-aggregation feedbacks in future climates has not yet
been accurately quantified because of the sensitivity of aggregation to model parameteri-
zations and differences across simulation designs. In addition, some of the processes from
which these uncertainties originate, including cloud microphysics and convective mixing, can
actually affect convection and precipitation intensity themselves. Consequently, an improved
understanding of convective dynamics in warmer climates may benefit from simultaneous in-
vestigation of changes in atmospheric circulations and precipitation extremes. This could be
done by studying the sensitivity of these two processes to the model formulations for cloud
microphysics, turbulence, surface enthalpy fluxes and radiative transfer in the framework of
convective organization.
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Chapter 6

Discussion

Results presented in this manuscript contribute to our understanding of the global hydrologic
cycle and its acceleration with warming. The physics involved in the formation of rain
happen on multiple scales, but to first order, the sensitivity of mean and extreme rainfall to
to changes in temperature can be summarized into a few physical constraints. Testing their
applicability to constrain the statistical properties of the Earth’s global hydrology allowed
me to treat this general question as a tool to evaluate the performance of climate models.

In this last chapter, I summarize my conclusions by discussing how the energetic, ther-
modynamic and dynamic properties of the atmosphere may constrain shifts in the statistical
distribution of rain (section 6.1), and comment on the sources of modeling uncertainty which
hinder – but can also facilitate – progress on our understanding of the Earth’s hydrology
(section 6.2).

6.1 How physical processes can shape the global

statistics of rain

As temperatures rise, the distribution of rain responds to changes in the energetic, thermody-
namic and dynamic properties of the atmosphere. Overall, the energetic and thermodynamic
constraints do explain changes in mean and extreme rainfall, and no substantial contribution
is found from changes in convective instabilities on the strength of extremes. However, a
strengthened circulation in response to changes in convective organization could act as an
additional degree of freedom on the magnitude of mean and extreme rainfall, and induce a
sharper profile of the distribution of rain.

6.1.1 Main physical controls on mean and extreme rainfall

The previous chapters emphasized how the skewness of the precipitation distribution may
change with warming by quantifying how its mean and extreme values depend on a series of
physical processes:
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• Changes in radiative cooling control the increase in mean rainfall.

As shown in previous studies (Allen and Ingram, 2002; Lambert and Allen, 2009; Pendergrass
and Hartmann, 2014b; Stephens et al., 2008) and again in chapter 2, mean precipitation does
not increase because of the enhanced moisture available for condensation, but because the
atmosphere cools in response to the role water vapor on longwave and shortwave radiative
fluxes. Changes in the concentration of other radiative species play a secondary role in
perturbing the increase in net radiative cooling (Chapter 2). This additional cooling is
compensated to the most part by an increase in condensation heating, and thereby global
mean rainfall; adjustments in sensible heat fluxes are negligible, although they play an
important role in setting the magnitude of mean precipitation in fixed climates (also seen
by comparing simulations D (QOref

) and Dref in Chapter 5).

• The thermodynamic contribution dictates the change in extreme rainfall.

Extreme rainfall intensities increase at 6-7%/K across a wide range of spatial and temporal
scales in RCE, following the CC rate of increase in saturation humidity (chapters 3 and
4). Although convective instabilities also increase with warming at a CC rate (Romps,
2016a), changes in updraft speeds appear to have zero net impact on the intensification of
the extremes in SPCAM (chapter 3) and in simulations of disorganized convection ((Muller
et al., 2011; Romps, 2011, and chapter 5)).

The increase in convective instability was first thought to induce an enhancement of
extreme precipitation intensity in addition to the thermodynamic increase, which would lead
to super-CC rates of increase. This reasoning is actually based off the following fallacious
argument: if it is assumed that precipitation extremes scale as PQ ∝ q?vw

Q and that the

potential energy available for convection (CAPE) is converted into kinetic energy as
(
wQ
)2 ∝

CAPE, then the fractional increase in precipitation extremes can be written:

δPQ = δq?v + δwQ = δq?v +
1

2
δCAPE ≈ 7%/K + 3%/K ≈ 10%/K (6.1)

This order-of-magnitude calculation is misleading because it ignores more subtle adjustments
in the vertical profiles of humidity and updraft speed with warming (chapter 3). Overall,
extreme precipitation simply scales with changes in the saturation specific humidity at the
surface (Muller et al., 2011; Romps, 2011). However, this calculation overestimates the
thermodynamic-dynamic contributions so it can still be used to provide an upper bound on
the fractional increase in extremes (chapter 3).

The only instance of a substantial dynamic contribution to the super-CC rates of increase
in extreme rain was the case of aggregated convection (Chapter 5), but this behavior still
needs to be understood in greater detail. establi stemmed from that at high SSTs, the
moist environment in which extremes form is close to 100% relative humidity : as a result,
convective mixing could become less effective at reducing the parcel’s buoyancy, which would
lead to larger vertical velocities and stronger condensation rates.
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• The mass flux strength shapes the right tail of the distribution, in a given climate.

The dynamic-thermodynamic constraint (equation (1.3)) highlighted the role of the dynamics
in setting the relative magnitude of the largest percentiles of rain, and also explains how
global rainfall extremes are distributed spatially in individual climate states (chapter 4).
This conclusion comes from the fact that (1) horizontal temperature gradients are small, so
that the humidity lapse rate ∂zq

?
v can be equivalently estimated from local moist adiabatic

lapse rates or the tropical-mean temperature profile, and (2) the value of tuning coefficient ε
is unique for all percentiles, so it cannot explain the shape of the distribution by itself. The
last component of equation 1.3 is the vertical velocity profile, which is the only remaining
quantity that can explain the shape of the rainfall distribution tail.

• Changes in the large-scale circulation do not affect extreme rain intensities

Even though the large-scale circulation slows down with global warming (Ma et al., 2018),
changes in vertical mesoscale mass fluxes increase at the location of precipitation extremes
(chapter 3). The geometric shape of extreme convective events change with warming but
rainfall intensities themselves are not affected by changes in the mean large-scale ascent in
SPCAM.

• Mesoscale circulations could enhance mean and extreme precipitation in fixed climates,
and amplify their increase with warming.

Mesoscale circulations associated with convective organization result from feedbacks be-
tween convection and the large-scale climate. As seen in Chapter 5, these circulations may
strengthen with warming. In the global mean, convective aggregation enhances global pre-
cipitation through an overall increase in radiative cooling and wind-driven evaporation at the
surface. Locally, it can also impact convection by bringing the environmental air closer to
saturation at the locations where deep convective systems develop, which would reduce the
mixing efficiency of cloud parcels with dry air and enhance extreme rain rates. As discussed
next, these mesoscale circulations could amplify the “unevenness” of the distribution of rain.
Robustness of these results depends on the actual magnitude of self-aggregation feedbacks
in the real atmosphere.

6.1.2 Could these physical principles actually capture the shifts
in the full rainfall distribution?

Current theories

Previous studies have tried to bridge the gap between changes in the physical properties
of the atmosphere and shifts in the entire distribution of rain. Such attempts were based
upon plausible assumptions which, in retrospect, lacked sufficient theoretical or computa-
tional support. Pendergrass and Hartmann (2014c) define a “shift mode” of all rain amounts
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towards higher precipitation intensities corresponding to a uniform 7%/K thermodynamic
increase in rain rates, and an “amount mode”, by applying the 2%/K energetic constraint
as a uniform increase in rain amounts for all percentiles of the distribution. However, as-
suming that these two constraints apply uniformly for all rain rates is misleading: as seen
in Chapter 3, the CC scaling breaks down below the 99th percentile, and the energy con-
straint onlies apply to regional precipitation if the horizontal divergence of dry static energy
is accounted for (Muller and O’Gorman, 2011). Using a moisture budget, Chen et al. (2018)
attribute shifts in the entire distribution of rain to changes in dynamic and thermodynamic
processes, but these distributions are calculated separately at each point on the globe, so the
RCE assumption does not apply to their domains of definition. Their decomposition does
not contain information about the global energy budget and their statistical shifts reveal
geographical shifts in regional hydrologies instead of changes in the global hydroclimate.

Missing pieces

An underlying assumption in the studies above-mentioned is that shifts in the rain distri-
bution with warming can be understood independently from the factors that constrain its
shape in the present climate. Some of the results presented in Chapters 3 and 5 agree with
that hypothesis: Chapter 3 suggested that extremes strengthen due to the thermodynamics
alone, and Chapter 4 suggests that the shape of the distribution tail in fixed climates is set
by the dynamics. However, by showing that simultaneous shifts in mean and extreme rainfall
could arise if the circulation changes, Chapter 5 indicates that this assumption might be too
simplistic.

• Connections between mean and extreme rain

In Chapter 5, we saw that convective organization affected mean precipitation through
changes in the mean climate, while the response of extreme precipitation seemed indepen-
dently driven by the circulation through changes in saturation deficit and precipitation ef-
ficiency. The idea of a decoupling between mean and extreme rainfall is consistent with
Chua et al. (2018), who showed that doubling the domain-mean radiative cooling at fixed
SST affects weak precipitation rates while leaving the heaviest rain rates unchanged, for
CRM simulations of disorganized convection. Results from Chapter 5 tend to confirm this
last hypothesis, since extremes are unchanged between the Dref and D (QOref

) simulations at
fixed SST (Figure 5.4).

Even though this separation appears valid to first order, changes in mean rainfall are
connected to properties of the circulation itself (Chapter 5). This complicates this attribution
between the physical constraints investigated here and the sensitivity of mean and extreme
precipitation to warming. On global scales, Thackeray et al. (2018) shows that changes in
mean precipitation actually correlate with changes in heavy precipitation rates across GCMs:
this suggests that the atmospheric circulation could indeed be a source of uncertainty in the
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hydrologic sensitivity, and that the strength of precipitation extremes could actually be
connected to the domain-mean climate state through variations in the circulation and their
effect on atmospheric radiative cooling.

In the case of organized convection, changes in the mean climate at fixed SST can also
affect the extremes. In Chapter 5, we control the mean climate by prescribing the surface
fluxes in O (FDref

) and O (FOref
), and the effect on extremes is seen by the enhancement

factor EshiftF > 1 in Figure 5.5. In this example, both the domain-mean atmospheric ra-
diative cooling and the circulation adjust to the increased surface fluxes, which leads to a
simultaneous reinforcement of mean and extreme precipitation rates. In addition, even when
removing the assumptions made to control the mean climate state, a similar relationship is
found: simultaneous departures from their exponential fits can be seen in simulation Oref

for P and PQ on Figure 5.4. This suggests that changes in the circulation could act as an
joint source of uncertainty on the rate of change of mean and extreme precipitation with
warming.

However, differences in the experiment design mentioned above raise new concerns: to
which extent can the prescription of uniform radiative cooling and surface fluxes bias our
understanding of the hydrologic cycle in CRM simulations?

• Limited scope of validity of the hydrologic constraints

On global or tropical domains in RCE, the two hydrologic constraints can only capture
the very ends of the distribution. Figure 6.1a indeed shows that the dynamic-thermodynamic
constraint only captures the heaviest 1% points of the distribution of rain. Consequently,
capturing the full shape of the distribution would require that these two constraints be sub-
stantially improved, or that new constraints be added to bridge the gap between the two.
What would be required to do so?

The “unevenness” of precipitation, quantified by the steepness of the slope of the distri-
bution of rain exceedance amounts, is a function of the spatial and time resolutions as well as
large-scale properties of the simulation domain. For example, by comparing the distribution
of rain in SPCAM on the 2-degree resolution of its outer GCM and on the 4-km resolution of
its embedded CRMs, it becomes evident that averaging precipitation on coarser grids tends
to flatten the distribution of rain amounts (Figure 6.1).

Then, properties of the simulation domain itself can also affect the character of rain,
as indicated by the differences between the distributions of 4-km precipitation in SAM and
SPCAM. The stronger skewness of rain in SAM could be due to the smallness of the domain
which imposes overly dry conditions in subsidence areas (Holloway et al., 2017) or to the
uniform surface temperatures that do not allow a large variety in cloud regimes in the model.
In addition, other properties of the real atmosphere could affect intermediate percentiles of
the rain distribution: the relative occurrence of different rainfall regimes depend on regional
dynamics that include surface temperature gradients, land-sea contrasts and topography.
Overall, it is likely that the shape of the distribution cannot be fully understood without a
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Figure 6.1: (left) Distribution of exceedance amounts P
Q

and the corresponding approxi-
mation of extremes by equation (1.3) for the preindustrial SPCAM simulation, at 2◦ resolu-

tion. (right) Distribution of normalized exceedance amounts P
Q
/P

0
(thick curves) for the

organized (green) and disorganized (blue) runs in SAM at 300K, and the preindustrial SP-
CAM simulation at 4-km resolution (embedded CRMs, red) and 2◦ resolution (outger GCM,
brown). Warm climates (4×CO2 for SPCAM and +4K for SAM; thin lines) are added for
comparison.

realistic representation of the Earth’s geometry.

The relationship between strength of the circulation and strength of convection is a long-
standing question (Held et al., 2006; Mapes, 1997). However, the idealized setup of convective
organization in these cloud-resolving simulations does offer a new opportunity to investigate
the relationship between circulation and local precipitation statistics in a systematic manner,
using the fact that the strength of the circulation depends on domain size (Wing et al., 2017).
Such analyses, if extended to more realistic simulation domains, could help to make some
headway towards a potential “RCE closure” of the distribution of rain.

6.2 Structural uncertainty in GCMs

The ability of GCMs to represent the general circulation of the atmosphere and its interac-
tion with other components of the climate system makes them the ultimate tools for future
adaptation to climate change. As highlighted in the course of the dissertation however, iden-
tifying and reducing their structural uncertainties on future rain projections is a challenging
task. The approach taken here is to assess the models’ ability to represent generic shifts in
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the global water cycle, as a systematic way to compare various modeling frameworks. This
section summarizes the source of structural uncertainty identified in this thesis, and suggests
possible steps to reduce it.

6.2.1 Mean precipitation

Chapter 2 shows that uncertainties in global mean rainfall correspond to a range of about
1.0 W/m2 across the CMIP5 ensemble in the business-as-usual scenario (RCP8.5). These
errors can appear from two separate pathways:

• errors in net longwave atmospheric cooling. The corresponding inter-model variance is
approximately 1.5 W/m2 and arises from differences in the effects of black carbon (Pen-
dergrass and Hartmann, 2012) and differences in water vapor concentrations resulting
from different lapse-rate/water-vapor feedbacks (Pendergrass and Hartmann, 2013).

• errors in net shortwave atmospheric heating. The inter-model variance, 0.9 W/m2, pri-
marily arises from the role of water vapor on shortwave radiation because of differences
in the parameterizations of radiative transfer (Chapter 2). These results were later con-
firmed by Deangelis et al. (2015); by comparing the sensitivity of models to water vapor
with observational estimates, they also highlighted a possible low bias on shortwave
absorption, which could imply an overestimate of mean precipitation increase. This
component of the structural errors could be reduced by improving current techniques
already implemented in the parameterization for longwave radiative transfer, such as
correlated-k method, even though some of the bias would remain (Figure 6.2).

The multi-model mean increase in global precipitation is 1.7%/K. In comparison, these
errors together induce an inter-model variance of 1.4%/K. The magnitude of the inter-model
mean bias compared to the true value is still unknown. Deangelis et al. (2015) indicate that
some bias in the shortwave component of the energy budget arises from the parameterization
of radiative transfer, but bias could also occur in the estimation of longwave atmospheric
cooling from differences in aerosol concentrations (Pendergrass and Hartmann, 2012), be-
cause of their importance for radiative transfer (Coakley et al., 2002; Jones et al., 2017).

In addition to these structural uncertainties related to well-understood physical processes,
more could actually arise indirectly if the degree of convective organization changes, as
highlighted in Chapter 5.

6.2.2 Extreme rainfall

Limitations in the formulation of convective parameterizations cause a 30%/K error range on
the intensification of rainfall extremes in current GCMs (O’Gorman and Schneider, 2009a).
In addition to this inter-GCM variance, the intermodel-mean itself could be biased, and
more work was necessary to test the robustness of the Clausius-Clapeyron scaling. Using
a superparameterized GCM, this manuscript first provides confidence that the CC-scaling
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Figure 6.2: Sensitivity of shortwave absorption to water vapor concentrations. Reproduced
from Deangelis et al. (2015).

is a plausibly valid reference for the speed of increase in extreme rainfall in RCE, even
within changes in the large-scale circulation (Chapter 3). However, we finally learned that
changes in convective organization could be a possible source of bias common to climate
models (Chapter 5). The mesoscale circulations induced by convective organization cannot
be resolved on coarsed GCM grids and are not accounted for in current convective parame-
terizations. Consequently, GCMs would not be able to capture the horizontal variability in
relative humidity on small scales and could systematically miss its effect on the enhancement
of precipitation extremes. Testing the validity of this hypothesis requires further analysis
and more detailed discussion of the limitations of GCMs and CRMs.

The variety of modeling frameworks used in this thesis allowed to contrast the intrinsic
modeling assumptions made when representing convection, atmospheric circulations and the
coupling between different scales of motion (Chapters 3, 4 and 5). In SPCAM, the large-scale
circulation did not have an effect on the changes in extreme rainfall with warming, while
SAM’s simulations of organized convection indicate departures from the CC scaling. The
question becomes: which model should we trust, and why?

The difference between these two models mostly comes from the model configuration,
not from the implementation of the physics, which is identical in SAM and SPCAM:(1) the
CRMs embedded in SPCAM to represent cloud dynamics are simply a series of “mini-SAM”
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models; and (2) our simulations of organized convection with SAM use the parameterization
of radiative transfer originally developed for CAM and SPCAM. The difference probably
arises from the range of scales that are resolved in these two models (Figure 1.1):

• SPCAM cannot resolve mesoscale convective organization

The general agreement between the simple dynamic-thermodynamic constraint (equa-
tion 1.3) and the behavior of extremes in both CAM and SPCAM raises suspicion on the
additional benefits provided by the superparameterized approach. Indeed, while SPCAM
was shown to substantially improve the statistics of rain compared to trusted satellite obser-
vations (Kooperman et al., 2016a), it maintains a scale separation between local convection
and the large-scale circulation, and the assumptions required to couple both scales could be
source of large errors in the dynamics of mesoscale and convective-scale extremes. The CRMs
embedded in the larger host GCM of SPCAM have a very simplistic configuration: 2D with
32 vertical columns, and each CRM does not directly communicate with its neighbor. This
idealized setup likely prevents the development of internal circulations and the maintenance
of high relative humidity values in part of the domain, which is the most likely explanation
for superCC increases in precipitation extremes (Chapter 5).

• The 1000km-wide domain used for the SAM simulations only allows a simplistic rep-
resentation of the large-scale circulation

Alternately, the limited domain size used for our simulations of organized convection
could exacerbate the importance of the self-aggregation feedbacks (Beucler and Cronin, 2019;
Cronin and Wing, 2017) and possibly their sensitivity to warming and the resulting behav-
ior of convective-scale extremes. However, super-CC rates of increase in extreme rain was
also found in global RCE simulations using coarse GCMs (Pendergrass et al., 2016), which
suggests instead that this behavior does not only occur from the smallness of the domains
but also from other aspects of the model configuration. Consequently, the sensitivity of
organization to domain size is an important feature which should be investigated further.

6.2.3 Implication for convective parameterizations

While increases in computational power offers promising avenues to understand the hydro-
logic cycle in finer detail through increasing model resolutions, a case can be made for the
need to improve current convective parameterizations. First, global CRM simulations are not
yet achievable for long term climate change projections or even seasonal forecast, and the bur-
den of dealing with large datasets increases. Despite its idealized embedded CRMs, SPCAM
itself is a hundred times more computationally expensive than CAM. In addition, increasing
the resolution of current climate models leads to spurious precipitation behavior (O’Brien
et al., 2013), and the original model calibration does not hold. Specifically, conventional
convective parameterizations are predicated on quasi-equilibrium hypotheses (Randall et al.,
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1997), yet these only hold if the convective parameterization is invoked much less frequently
than the characteristic time scale for convective plumes to form. At very high resolution, the
model time-step is on the order of minutes, which manifestly violates the quasi-equilibrium
hypothesis.

Besides, performing simulations close to our maximum computational capabilities does
not permit a systematic and robust exploration of future climate changes: large ensembles
are necessary to capture the role of internal variability on regional climates (Deser et al.,
2012; McKinnon and Deser, 2018), and have reliable uncertainty margins on estimates of
regional extremes (Swain et al., 2018).

Understanding the horizontal thermodynamic structure of convection

The representation of atmospheric convection in GCMs is a long-standing problem (Arakawa,
1993). Traditional convective parameterizations model the clouds forming within a GCM
grid cell as a spectrum of independent plumes of various sizes that rise and condense to
release convective available potential energy, and which can precipitate or mix with their
environment to redistribute moisture. Many efforts have been accomplished to make this
1D representation of cloud ensembles as accurate as possible, from the earliest convective
adjustment schemes (Betts and Miller, 2017; Manabe et al., 1965) to the recent development
of stochastic parameterizations (Romps, 2016b).

In contrast to this 1D view of the atmosphere, convective self-aggregation suggests that
convective processes can interact with the atmospheric circulation by changing the horizontal
distributions of moist static energy and humidity. Results presented in Chapter 5 showed
that changes in this horizontal thermodynamic structure is likely of crucial importance for
the intensity of precipitation; it could affect the shape of the distribution of rain, its mean
and extreme values, and their sensitivity to warming. These results confirm the need to
include self-aggregation processes in convective parameterizations for a more realistic repre-
sentation of rain in climate models (Ahn et al., 2019; Tobin et al., 2013).

This task will necessitate to answer a few questions in more detail in the future:

• On which scales and resolutions can self-aggregation feedbacks affect precipitation
intensities in RCE?

• How does self-aggregation respond to changes in SSTs, in the large-scale winds and
wind shear?

• What is the relationship between the statistics of rain and the spatial thermodynamic
variability on scales smaller than 100km?

These questions can be investigated with the help of a diversity of modeling tools in
which convective organization could potentially be reproduced on various scales. In addition
to the frameworks of CAM, SPCAM and SAM used in this thesis, other model configurations
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can help to investigate the relationships between the large-scale circulation, convective or-
ganization and rainfall intensities in a global RCE context: CRMs in extended long-channel
geometry (Cronin and Wing, 2017; Wing and Cronin, 2016) or across large domains using
the hypostatic rescaling (Boos et al., 2016; Kuang et al., 2005), global models designed to
run at variable resolutions (e.g. VR-CESM, Fox-Rabinovitz et al., 1997; Staniforth and
Mitchell, 1977), and global models designed for regional forecast (e.g. WRF, Powers et al.,
2017; Skamarock et al., 2008).

6.3 Conclusion

This dissertation focused on the sensitivity of global rainfall statistics to the energetic, ther-
modynamic and dynamic properties of the atmosphere and highlighted important sources of
errors in their modeling in global climate models. Errors in the parameterization of short-
wave radiative transfer for water vapor is identified as an important source of uncertainty
in the increase in global mean rain, but could be readily improved by using techniques al-
ready implemented for longwave radiation. Uncertainties in the increase of extreme rainfall
intensities arise from differences in the formulation of convective parameterizations, and an
important bias could arise from a misrepresentations of the coupling between convection
and the large-scale circulation. Improvements could be achieved by studying the processes
involved in convective organization.

The physical principles governing the change in mean and extreme rainfall with warming
can traduce the overall acceleration of the global hydrology cycle, but are not sufficient to
fully constrain the shifts in the distribution of rain on global scales: these shifts likely cannot
be dissociated from their geographical and seasonal imprint. However, studying how the
statistics of rain are affected by the interplay between radiation, convection and atmospheric
circulation in the idealized framework of organized convection could be a promising avenue
to improve the representation of rain in climate models.
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A.1 Computing reference vertical profiles at locations

of precipitation extremes

Computing equation (3.1) requires knowledge of reference vertical profiles of T , p and ω for
each percentile of the rainfall distribution. For mesoscale extremes, the profiles used are
those resolved at the mesoscale on the outer GCM grid and are defined on σ-levels. They
are averaged over the GCM points in space and time that correspond to a given percentile
bin Q of the mesoscale rainfall distribution in order to obtain the reference profiles pQ, TQ

and ωQ.
The procedure is similar for convective-scale extremes except that pressure velocities ω

are not available on the CRM grid, so one additional preliminary step is required to compute
the convective-scale ω profile in each GCM grid cell. From both simulations we had retrieved
hourly values of vertical velocities w on all CRM grids. The CRM points contributing to
convective-scale rain events are identified following section 3.2.3, and a mean “convective-
scale” daily profile of w is computed in each GCM cell by averaging over these points. It is
then multiplied by the local daily mean density profile ρ(σ), itself computed from local daily
profiles of T , p and q according to the following formula:

ρ(σ) =
p(σ)

RvT (σ)(1 + εq(σ))
,

where ε is the ratio of molecular masses for water and dry air. The temperature profile
used for the scaling of convective-scale extremes is the daily-averaged percentile-averaged
mesoscale temperature profile, the same as for mesoscale extremes.

A.2 Defining daily precipitation intensities on both

scales

We define two metrics for precipitation intensity, representing large scales resolved by the
GCM and convective scales resolved by the CRM. The following procedure gives a single
value for each metric per GCM grid cell and per day. Consequently, for both rainfall metrics
the resulting sample size is the same. We can then compute the tail statistics on both scales
in the same way by aggregating all GCM grid points over the tropics. The daily mesoscale
precipitation rate PGCM is defined as the mean amount of water fallen per unit area within
a given GCM grid cell over the course of a day (mm/day). This is the default GCM output
in SPCAM. In order to define the daily convective-scale precipitation rate PCRM , we average
the CRM precipitation intensities within a GCM grid cell at locations of the largest surface
precipitation rates.

Formally, let’s denote PCRM(α) the precipitation rate (mm/day, or kg.m-2.day-1) averaged
over the most intense CRM columns, contributing to a given fraction α of the total amount
of rain (kg). Let’s denote (j, h) the coordinates of the Hovmoller diagrams represented in
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Fig. 3.2 for GCM grid cell i during day d. The total mass of water rained is mi,d ≡ 1 day×
Ai×PGCM,i,d for the area Ai spanned by the embedded CRM. We define the convective-scale
rainfall intensity as the mean intensity over a subset S of precipitating points:

PCRM(i, d, α) =
1

#S
∑
p∈S

p (A.1)

where the subset S of the most intense rainy columns is

S = S(i, d, α) =
{

(j, h) such that PCRMi,d
(j, h) ≥ Pmin(α)

}
. (A.2)

where the threshold of minimum CRM rainfall intensity Pmin is such that the rain fallen
over S equals a fraction α of the total rain mi,d:

m(S) ≡ 1hr× 4km×
∑

P≥Pmin

P = α×mi,d (A.3)

In particular, the choice α = 100% gives PCRM(100%) = PGCM if there is no dry CRM
column, since the rainfall value is averaged over all points in the embedded CRM. In this
chapter we choose PCRM ≡ PCRM(50%). This procedure gives a single value of rainfall
intensity at the convective scale per GCM grid cell i and per day d.

The rainy fraction area is then defined by dividing the number of columns in subset
S = S(50%) by the total number of columns:

fwet =
#S(50%)

24× 32
(A.4)

A.3 Condition for the coincidence of MS and CS

extremes

We want to investigate under what conditions MS and CS rainfall extremes are colocated,
and how it translates in the shape of their joint PDF plotted in Fig. 3.6. Here we show that
if MS extremes and CS extremes correspond to the same points in space and time above
a given rank q0 (e.g. q0 = 90.0%), then the following propositions are equivalent: (P1) the
strength of MS extremes PGCM(q) is an increasing function of the strength of the colocated
CS rainfall events PCRM , for all q ≥ q0; (P2) MS and CS extremes above any percentile rank
q ≥ q0 are colocated; and (P3) the joint density on Fig. 3.6 is concentrated around the 1:1
diagonal above q0.

Let’s denote IQ the set of physical points corresponding to precipitation intensities above
the Qth percentile:

IQ
CRM = {i : PCRM,i ≥ PCRM(q)}
IQ
GCM = {i : PGCM,i ≥ PGCM(q)}
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where the index i refers to a given GCM grid cell and a given day. We suppose that MS and
CS extremes are colocated above q0: Iq0CRM = Iq0GCM ≡ Iq0 .

(P1) ⇒ (P3): let’s pick any location i ∈ Iq0 , let’s denote q2 ≡ q (PGCM,i) and q1 ≡
q (PCRM,i) the corresponding percentile ranks (ie its coordinates on Fig. 3.6), and let’s prove
that q1 = q2. By definition, Iq2CRM = {j : PCRM,j ≥ PCRM(q2)}. Since PGCM is a one-to-
one function of percentile rank Q and also a one-to-one function of the local PCRM value,
PCRM(q2) = PCRM(q(PGCM,i)) = PCRM,i. Since there is a one-to-one correspondence between
the locations of PCRM and the percentile rank, PCRM,i = PCRM(q1). So Iq2CRM = Iq1CRM . Since
PCRM(q) is monotonic, it shows that q1 = q2.

(P3)⇒ (P2): if the joint density falls along the 1:1 diagonal, then for all q ≥ q0, #IQ
CRM =

#IQ
GCM . Since Iq0CRM = Iq0GCM , we can show by induction on the size of Iq0CRM\IqCRM that

for all q ≥ q0, IQ
CRM = IQ

GCM .

(P2) ⇒ (P1): let’s pick two physical points i, j ∈ Iq0 such that PCRM,i ≥ PCRM,j and
let’s show that PGCM,i ≥ PGCM,j. Writing qj = q(PCRM,j), we have i ∈ IqjCRM . (P2) implies
that i ∈ IqjGCM , so PGCM,i ≥ PGCM,j.

A.4 Joint PDF normalization procedure

The joint density of extreme PCRM and extreme PGCM (Fig. 3.6) is largely concentrated for
the lowest percentiles, so that 76% of its mass is contained in the bottom left corner below
the 90th percentiles. In order to visualize the spread of this PDF at larger percentiles, we use
a logarithmic color scale and renormalize the density values. The normalization procedure
is designed such that the weight is redistributed along the diagonal but preserved in the
perpendicular direction. Formally, if the pixels are linearly indexed by i along the x-axis
and j along the y-axis, originating at 0 in the lower left corner, the joint density φ is simply
normalized as

φi,j = φi,j

/ ∑
k+l=i+j

φk,l . (A.5)
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B.1 Derivation of equation 4.4

Denoting X = ω500hPa and Y = q?v,925hPa, the SL scaling given in equation 4.1a is of the form:
Z = XY , for X and Y continuous random variables. Expanding the variance of Z gives:

Var(Z) = E(X2Y 2)− E(XY )2

= Cov(X2, Y 2) + E(X2)E(Y 2)− E(XY )2

= Cov(X2, Y 2) +
(
Var(X) + (EX)2

) (
Var(Y ) + (EY )2

)
− (Cov(X, Y ) + EXEY )2

= Cov(X2, Y 2) + Var(X)Var(Y ) + (EX)2Var(Y ) + (EY )2Var(X)− Cov(X, Y )2

− 2EXEY Cov(X, Y )

By neglecting the second-order terms and dividing by (EX)2(EY )2 we get:

Var(αXY )

α2(EX)2(EY )2
≈ Var(X)

(EX)2
+

Var(Y )

(EY )2
+

Cov(X2, Y 2)

(EX)2(EY )2
− 2

Cov(X, Y )

EXEY

which is the expression given in equation 4.4.

B.2 Normalization procedure in Fig. 4.7

Let’s call X, Y the variables representing both axes in Fig. 4.7, Ntot the total number of
points in the dataset, Ni the number of points in percentile bin Qi (for any variable) and
Nij the number of points corresponding simultaneously to percentiles Qi of variable X and
percentile Qj of variable Y . The joint probability density of (X, Y ) is

p(X = XQi ;Y = Y Qj) =
Nij

Ntot

.

If X and Y were independent, this joint probability would be

p(X = XQi ;Y = Y Qj) = p(X = XQi)p(Y = Y Qj) =
Ni

Ntot

Nj

Ntot

=
NiNj

N2
tot

.

We then define the normalized joint density as the joint density divided by NiNj/N
2
tot:

p̃(X = XQi ;Y = Y Qj) =
NijNtot

NiNj

.

B.3 Derivation of the 2σ absolute error e
(
δP 99.9

)
(equation 4.6)

Let’s first notice that δP 99.9 =
P 99.9

4×CO2
−P 99.9

PI
P 99.9

PI
∆T

= 1
∆T

(
P 99.9

4×CO2

P 99.9
PI

− 1

)
, so that the error in δP 99.9

comes from the error in P 99.9
4×CO2

/P 99.9
PI . It is important to note that the ratio P4×CO2/PPI
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cannot actually be defined at a given point in space and time within a fixed percentile bin:
the set of points (x, y, t) corresponding to the 99.9th percentile bin varies with the simulation.
But a one-to-one correspondence between storms in the PI and 4×CO2 simulations can be
established by ranking them by rainfall percentile, which makes it possible to calculate the
ratio of the scaling approximations P4×CO2/PPI for single storms. In practice we will use the
fact that percentile bins have finite width to randomly associate a single storm in percentile
bin 99.9 in simulation PI (or CTRL) with a single storm in percentile bin 99.9 in simulation
4×CO2. We will consider P4×CO2 and PPI at the 99.9th percentile as two independent random
variables and then derive an analytical expression for e (δP 99.9). This error range arises from
the noise in the scaling approximations within percentile bin 99.9 on each climate, and repre-
sents the uncertainty on our understanding of the intensification of individual precipitation
extremes that comes from these scalings approximations.

Let’s call X = P4×CO2 and Y = PPI. Let’s define f(X, Y ) ≡ X/Y and µ ≡ (µX , µY ) ≡
(EX,EY ) the statistical means at percentile rank 99.9. The first-order Taylor expansion in
f is

f(X, Y ) ≈ f(µ) + ∂Xf(µ)(X − µX) + ∂Y f(µ)(Y − µY )

Noticing that Ef(X, Y ) = f(µ) is constant to first order, and using the definition of the
variance Var(f(X, Y )) = E

[
(f(X, Y )− Ef(X, Y ))2], we get

Var(f(X, Y )) ≈ E
[
(∂Xf(µ)(X − µX) + ∂Y f(µ)(Y − µY ))2]

≈ (∂Xf(µ))2Var(X) + 2∂Xf(µ)∂Y f(µ)Cov(X, Y ) + (∂Y f(µ))2Var(Y )

Replacing the first order derivatives ∂Xf = 1/Y and ∂Y f = −X/Y 2 and invoking the
independence between X and Y gives

Var(f(X, Y )) ≈
(
µX
µY

)2(
Var(X)

µ2
X

+
Var(Y )

µ2
Y

)
The 2σ absolute error is obtained by taking the square root and multiplying by 2/∆T .
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