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University of Washington

Abstract

The atmospheric energy constraint on precipitation change 1

Angeline G. Pendergrass

Chair of the Supervisory Committee:
Professor Dennis L. Hartmann

Department of Atmospheric Sciences

How does rain change with global warming? This dissertation investigates the

rate of global-mean precipitation increase, changes in atmospheric radiative cooling,

and the changes in frequency and intensity of rain events.

We examine changes in global-mean precipitation and atmospheric radiative cool-

ing in comprehensive climate model simulations. In a realistic forcing scenario includ-

ing both greenhouse gases and aerosols, clear-sky absorption of shortwave radiation is

correlated with the rate of global-mean precipitation increase. In a scenario forced by

increasing carbon dioxide alone, we make radiative transfer calculations to separate

the responses of clear-sky atmospheric radiative cooling due to warming, moistening,

and the carbon dioxide itself. Clear-sky atmospheric radiative cooling increases in

response to vertically uniform warming and constant relative humidity moistening

of the atmosphere. These increases are partially offset by decreases due to the di-

rect radiative effects of carbon dioxide and black carbon. Global-mean precipitation

increases by the same rate as the change in clear-sky atmospheric radiative cooling.

Changes in the frequency of rain and the rate at which it falls constitute the

increase in global-mean precipitation. We develop a methodology for characterizing

the frequency and amount of rainfall as functions of the rain rate. We define two

1Updated to correct typos.



modes of response, one in which the distribution of rainfall increases in equal fraction

at all rain rates (the increase mode) and one in which the rainfall shifts to higher or

lower rain rates without a change in mean rainfall (the shift mode). We apply this

description of change to simulations of global warming in climate models. We also

calculate the response of the tropical rainfall distribution to ENSO phases in models

and observations and apply the increase and shift modes. In addition to the increase

and shift modes of change, some models show a substantial increase in rainfall at the

highest rain rates. In some models this extreme mode can be shown to be associated

with increases in grid-scale precipitation.
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Chapter 1

INTRODUCTION

Precipitation is a crucial component of the climate system from any perspective.

It carries water from the ocean to the land surface. Its latent heating drives the

atmospheric circulation. Both because of its impacts on the environment and society,

and because of its role in the dynamics of the climate systems, it is important that we

answer the question, how does precipitation change in response to global warming?

Precipitation is highly variable in space and time. It depends on processes at a

wide range of scales, from global circulation (thousands of kilometers) to interactions

of water vapor with aerosols (nanometers). This makes it difficult to measure and

also simulate. Climate model simulations present a laboratory in which a diagnosis

of fundamental drivers of precipitation change is possible.

This dissertation explores the energetic constraints on global precipitation change.

By examining precipitation change in climate model simulations, we consider the

following questions :

• How does atmospheric radiative cooling change in response to climate forcing?

• How does precipitation respond to these changes, in the global mean and in

terms of its frequency and intensity?

This chapter will proceed with an overview of some aspects of the climate response

to greenhouse gas forcing relevant to precipitation. Then, we will provide background

on precipitation and its role in the surface and energy budget. Next we will present

some background information on the distribution of precipitation and its changes.

Finally, we will outline the contents of the dissertation.
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1.1 Precipitation as a transfer of energy

The atmosphere exchanges energy via turbulent fluxes of heat and moisture with the

surface, and radiatively with both the surface and space. The global-mean atmo-

spheric energy budget, Ea, is described by Equation 1.1,

dEa

dt
= LE + SH +R. (1.1)

Latent heat flux enters the atmosphere through evaporation of water from the sur-

face, LE. The water budget is in balance on interannual and longer timescales, so

evaporation and precipitation must be equal. Therefore the latent heat flux entering

the atmosphere must be equal to LP , when the latent heat of condensation of water,

L, is multiplied by the rain rate in kg m−2 s−1, P . Sensible heat flux, SH, is the tur-

bulent transfer of heat from the surface to the atmosphere. The atmospheric column

net radiation, R, is the sum of net radiant energy leaving the atmosphere through its

top (to space) and its bottom (to the earth’s surface). We can quantify these terms

by examining the multi-model mean from ten years of climate model simulations (see

Chapter 3 for details of the simulations). In these simulations, on average, LP is 85

W m−2, SH is 20 W m−2, R is −105 W m−2, and these terms balance since storage of

energy in the atmosphere is small. Compilations of the components of the planetary

energy budgets based on observations were presented by Kiehl and Trenberth (1997),

and updated by (Stephens et al., 2012).

Latent and sensible heat fluxes transfer energy to the atmosphere from the sur-

face, and the atmospheric radiation removes this energy. If any one of these three

terms changes, the other terms change to maintain balance. In the first part of this

dissertation, we will focus on how R and LP balance. In the second part, we will

focus on the ways in which P changes.
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1.2 Changes in global-mean precipitation and atmospheric radiative

cooling

As we just saw, precipitation is a substantial contributor to the atmosphere’s energy

budget. It also plays an important role in the water cycle by transferring moisture

between the surface and atmosphere. In response to climate change, moisture changes

by close to the Clausius-Clapeyron rate of 7 % K−1, while precipitation changes at just

2 % K−1, much less quickly (Held and Soden, 2006). Mitchell et al. (1987) was the first

to establish that atmospheric radiative cooling plays the primary role in determining

the rate at which global-mean precipitation increases in response to warming. This

study examined in detail an early climate model simulation of the response to carbon

dioxide (CO2) increase, calculating contributions of latent heating to the atmospheric

energy budget in the model simulation were calculated and comparing them with

estimates of the change in radiative cooling due to warming, moistening, and CO2

increase. Later, Boer (1993) showed that in equilibrium simulations of CO2 doubling,

the surface energy budget also balances precipitation change. More recently, Allen

and Ingram (2002) popularized the atmospheric energy budget as the key constraints

on precipitation change.

1.2.1 Response to realistic forcing including aerosols

The balance between changes in atmospheric cooling and precipitation change should

be evident in modern climate model simulations. Model inter-comparisons of climate

projections show large variations in the rate of global-mean precipitation increase per

degree warming, but some studies had trouble reconciling these changes in precipita-

tion with atmospheric cooling in realistic forcing experiments from the Coupled Model

Intercomparison Project, phase 3 (CMIP3). These experiments include aerosol and

ozone forcing in addition to greenhouse gases. Lambert and Allen (2009) formed a sta-

tistical model for directly-forced and temperature-dependent precipitation responses,
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but had little success in using it to explain 21st-Century projections for global-mean

precipitation change. Previdi (2010) adapted a popular technique used to study the

top-of-atmosphere (TOA) radiation budget to the atmospheric column. While this

allowed them to quantify the temperature-dependent response of the atmospheric en-

ergy budget, they found that other changes in atmospheric radiative cooling were also

needed to explain the differing rates of precipitation increase. Shiogama et al. (2010)

showed that the rate of increase of precipitation depends on the emissions scenario

considered, but did not explain how.

At the same time, the role absorbing aerosol forcing plays in the atmospheric

energy budget was becoming clearer. Ramanathan et al. (2001) reviewed both direct

(radiative) and indirect (cloud) effects of aerosols. The absorbing and reflecting direct

radiative effects of aerosols have very different effects on the hydrologic cycle. Andrews

et al. (2010) and Ming et al. (2010) proposed formulas for radiative forcing of the

hydrologic cycle, in which absorbing aerosol forcing is highlighted as having a much

different effect from other forcings.

In Chapter 2, we investigate the differences in atmospheric radiative cooling in the

CMIP3 realistic forcing scenario, how clear-sky shortwave radiation changes in these

simulations, and how it relates to the change in global-mean precipitation.

1.2.2 Response to increasing carbon dioxide

We ought to be able to thoroughly understand the atmospheric radiative cooling re-

sponse to a straightforward forcing such as a well-mixed greenhouse gas. The TOA

radiation budget determines the amount of warming that occurs due to climate forc-

ings, and it has been studied thoroughly, when compared to atmospheric radiative

cooling. Some aspects of TOA radiative cooling that are well documented include the

water vapor and lapse rate feedbacks (Manabe and Wetherald, 1967; Held and Soden,

2000), and cloud feedbacks (Schneider, 1972). One interesting feature of the response

is the compensation of the water vapor and lapse rate feedbacks (Cess, 1975).
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A similarly thorough understanding of the atmospheric radiative cooling is desir-

able. Some studies have begun this endeavor. Mitchell et al. (1987) made important

calculations with an early climate model. Allen and Ingram (2002) brought dif-

ferent calculated estimates together to show how global-mean precipitation change

has temperature-dependent and temperature-independent components. Allan (2006)

examined changes in clear-sky longwave cooling due to water vapor change in obser-

vations. Stephens and Ellis (2008) examined the combined response to warming and

moistening with an empirical formula for radiation change as a function of column

water vapor. Previdi (2010) adapted the radiative kernel technique from the TOA to

the atmospheric column.

Lacking from these studies is a consistent calculation of the contributions to the

change in atmospheric radiative cooling, which would allow us to form a complete

picture of its response. We will rectify this in Chapter 3.

1.3 The distribution of precipitation and its change

Atmospheric radiative cooling and precipitation must balance in the global, annual

mean. But how the precipitation response manifests in frequency and intensity is not

obvious. Whereas in the first part of this dissertation we will focus on the global-

mean precipitation change and its balance with changes in atmospheric cooling, in

the second part we will consider the character of the change in precipitation.

The rate of rainfall (or its intensity) varies by orders of magnitude in time and

space, from 0.1 mm d−1 to 1350 mm d−1 (the highest daily accumulation present in

the GPCP 1DD dataset, presented in Chapter 4). For comparison, the present-day

global mean rainfall is 2.67 mm d−1 (again in GPCP), equivalent to 76 W m−2 of

latent heat release. If we consider finer temporal resolution (hourly or instantaneous

measurements) at a single point in space, we would find an even larger range of rain

rates. And often, it is not raining at all.

In order to study the distribution of rainfall, we must quantify it. This can be done
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by considering the frequency of rainfall for some range of rain rate. Alternatively, we

can consider how much rain falls in some range of rain rates, which is the rain amount

distribution.

There is reason to suspect that the distribution of precipitation changes with

warming. The heaviest rain events increase, according to various measures, at a

rate similar to the increase in moisture. Trenberth (1999) argued that the disparity

between the rate of increase of moisture, about 7 % K−1, and global-mean precip-

itation, 1-3 % K−1, implies that rain must become less frequent, but more intense.

This prompts questions, including: How does the distribution change? By how much?

And, Why?

It has been confirmed that the rain rate of extreme events in model simulations

forced by carbon dioxide increase goes up by at least 5.5 % K−1. Allen and In-

gram (2002) and Pall et al. (2007) noted that rain rates at the highest percentiles

increase at about the same rate as water vapor under a climate change scenario in

one global climate model (GCM). The rain rate of these events scales a measure of

moisture convergence. Early studies used specific humidity (Emori and Brown, 2005),

whereas recent studies have used the vertical derivative of saturation specific humidity

(O’Gorman and Schneider, 2009b), along with vertical velocity. This scaling works

in the Extra-tropics, but less well in the Tropics (O’Gorman and Schneider, 2009a;

Sugiyama et al., 2010). There has been controversy about whether or not models and

observations agree on the rate of change of extreme precipitation (Allan and Soden,

2008), though the discrepancy is greatly reduced by considering the large differences

in response at inter-annual and centennial timescales in models (O’Gorman, 2012;

Allan et al., 2013).

Other studies have considered changes in moderate and light rain events and the

frequency of dry events in addition to extreme events. These studies have established

a pattern of change, with increases at high rain rates and decreases at moderate rain

rates. Sun et al. (2007) found increases in total wet-day intensity of just 2 % K−1, and
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decreases in total wet-day frequency in model simulations of climate change. Allan

and Soden (2008) saw an increase in heavy rain events and decrease in moderate

events with warming in observations of inter-annual variations. Lau et al. (2013)

reaffirmed the pattern in CMIP5 models, and also documented an increase in light

rain frequency. Chou et al. (2012) decomposed changes in the distribution of Tropical

rain into thermodynamic (moistening) and dynamic (vertical velocity) components.

They found that moistening increased the frequency of rainfall at all rain rates, but

vertical velocity was responsible for decreasing frequency as well as the change in

shape of the change in distribution. The importance of changes in vertical velocity is

interesting, especially in light of recent research about the Tropical vertical velocity

response to climate change (e.g., Vecchi and Soden, 2007).

A crucial factor in the Trenberth (1999) argument for changes in the distribution

of precipitation is the discrepancy between the rates of mean and extreme precipi-

tation change. But, our understanding of the connection between changes in mean

and extreme precipitation is tenuous. A framework that quantifies the relationship

between changes in precipitation at different rain rates is needed. In Chapter 4, we in-

troduce such a framework, and then apply it to understand the changing distribution

of precipitation.

1.4 Outline of the dissertation

This dissertation has two parts. The first part addresses how atmospheric radia-

tive cooling changes on long timescales, and how these changes are connected to

global-mean precipitation change. To do this, we examine sets of comprehensive cli-

mate model simulations. Chapter 2 investigates changes in the rate of increase of

global-mean precipitation in a suite of simulations with realistic forcing, including

greenhouse gas as well as changes in aerosols and ozone. This chapter highlights the

role that shortwave absorption by aerosols plays in driving changes in global-mean

precipitation. In Chapter 3 we focus on the atmospheric radiative cooling response to
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carbon dioxide forcing. We present detailed calculations of the clear-sky atmospheric

radiative cooling response to carbon dioxide increase and the patterns of warming and

moistening in comprehensive climate models. Then we examine the differing radiative

cooling and precipitation responses across the suite of model simulations.

The second part of the dissertation, Chapter 4, addresses how the distribution of

precipitation responds to balance the change in atmospheric cooling. We introduce

two modes to quantify coherent changes in the distribution of rain. Then, we apply

these modes to understand the response of the distribution of rain to carbon diox-

ide increase, including changes in rain amount and rain frequency. We explore the

response of extreme rain rate in the models, and the modes of change of extreme

rain rate. We make composites of the observed Tropical rain distribution response to

warm and cold phases of El Niño and the Southern Oscillation (ENSO), and apply

the modes to these responses. Finally, we compare observed and modeled responses

to ENSO phases.

Chapters 2 and 3 have already been published in scientific journals, and were

adapted for inclusion into the dissertation. Chapter 2 is published as Pendergrass and

Hartmann (2012), Global-mean precipitation and black carbon in AR4 simulations.1

Chapter 3 is published as Pendergrass and Hartmann (in press).2

1Copyright 2012 by the American Geophysical Union. Included by permission of John Wiley &
Sons, Inc.

2 c©American Meteorological Society. Used with permission.
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Chapter 2

GLOBAL-MEAN PRECIPITATION AND BLACK
CARBON IN AR4 SIMULATIONS

In this chapter, we consider the changes in atmospheric radiative cooling and

precipitation in a suite of comprehensive model simulations with a realistic forcing

scenario.

2.1 Introduction

Held and Soden (2006) showed that in the the Intergovernmental Panel on Climate

Change (IPCC) Fourth Assessment Report (AR4, IPCC, 2007) Special Report on

Emission Scenarios (SRES, Nakicenovic and Swart, 2000) A1b forcing experiment,

global-mean precipitation increases by 1-3% per degree of global-mean surface tem-

perature increase. This inter-model spread in precipitation response corresponds to

1.6 W m−2 K−1. What causes this large range in precipitation response?

Reflecting aerosols in the atmosphere decrease the amount of shortwave (SW)

radiation reaching the surface, which both cools the surface and decreases the amount

of energy available for evaporation. The effects of absorbing aerosols vary with their

height, but they decrease precipitation in most cases (Ming et al., 2010); their effect on

surface temperature is smaller than the effect of reflecting aerosols or greenhouse gases

(GHGs, Shiogama et al., 2009). The additional SW absorption adds heat directly to

the atmosphere, which causes a decrease in the latent heating that would otherwise

occur.

How precipitation varies across AR4 forcing scenarios was the focus of two recent

studies. Shiogama et al. (2010) found that changes in global-mean precipitation
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depend on the emissions scenario, with black carbon showing a significant effect,

but their surface energy budget perspective precluded an explanation. Frieler et al.

(2011) determined that precipitation changes across AR4 scenarios and models can be

skillfully predicted from longwave (LW) and SW absorption and global-mean surface

temperature change.

Increased black carbon forcing results in decreased global-mean precipitation in

most but not all modeling studies. Black carbon also affects surface temperature, but

this effect is small. Shiogama et al. (2009) compared integrations of the Model for

Interdisciplinary Research on Climate (MIROC) separately forced with GHGs, black

carbon, and sulfate aerosols, and found that black carbon forcing decreases precipi-

tation. Roberts and Jones (2004) used the Hadley Center climate model (HadSM4)

with online chemistry to find a very slight increase in global-mean precipitation at

equilibrium with black carbon forcing, which is inconsistent with other studies. An-

drews et al. (2010) updated Roberts and Jones (2004) using a newer version of the

Hadley Center model (HadGEM1) and found that black carbon forcing decreases

precipitation.

Here we explore how black carbon forcing influences the inter-model spread in

global-mean precipitation change in IPCC AR4. We focus on two models and the A1b

forcing scenario in order to explore in depth one reason why global-mean precipitation

varies among models.

2.2 Data

For this study, we use data from the World Climate Research Programme’s (WCRP’s)

Coupled Model Intercomparison Project phase 3 (CMIP3) multi-model dataset (Meehl

et al., 2007b). Variables include surface air temperature (T ), precipitation (P ), total-

sky and clear-sky LW and SW upwelling and downwelling radiation at the surface and

upwelling radiation at the top-of-atmosphere (TOA) for models where these fields are

available. Clear-sky downwelling LW radiation at the surface is not available for
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National Center for Atmospheric Research Community Climate System Model 3.0

(CCSM3). Only the first ensemble member for each model is shown. In models

with multiple ensemble members, the additional members have similar changes in

precipitation and temperature to the first. For each variable and each model, the

area-weighted global means are taken and the differences between twenty-year means

of the monthly data from the beginning (2011-2030) and end (2080-2099) of the 21st-

Century are computed (indicated by ∆). Atmospheric SW absorption is calculated by

adding surface upwelling and TOA downwelling and subtracting surface downwelling

and TOA upwelling; LW cooling is the same calculation with all signs reversed. At-

mospheric SW absorption and LW cooling are normalized by the difference in global-

mean surface temperature (∆T ). L is the latent heat of vaporization of water, which

we multiply by ∆P for comparison with energetic changes. L∆P/∆T computed in

this way is the hydrologic sensitivity. Table 2.1 lists the models in descending order

of L∆P/∆T , which varies from 2.1 to 0.57 W m−2 K−1 (a factor of 3.7).

2.3 Changes in global-mean precipitation and components of the atmo-

spheric energy budget

Figure 2.1 shows L∆P/∆T plotted against changes in clear-sky atmospheric SW

absorption, clear-sky atmospheric LW cooling, and changes in LW and SW cloud

radiative forcing (the difference between the total- and clear-sky radiative fields). If

GHG forcing and water vapor feedback cause changes in precipitation, then precipita-

tion change should correlate well with the changes in atmospheric LW cooling. While

clear-sky atmospheric LW cooling change does explain most of the increase in L∆P

when it is not normalized by ∆T (r = 0.73, r2 = 0.53, not shown), it correlates

poorly with L∆P/∆T . This is because water vapor concentration depends strongly

on temperature and largely determines clear-sky atmospheric LW cooling; normaliz-

ing by ∆T removes this dependence. Often, we think that intermodel spread in AR4

simulations is dominated by clouds (Bony et al., 2006); however, Figure 2.1 shows no
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Table 2.1: Models ranked by L∆P/∆T in the 21st Century of IPCC AR4 A1b sce-
nario, and their changes in global-mean precipitation and total-sky SW absorption.
Boldfaced models include black carbon forcing (Table 10.1, IPCC, 2007).

L∆P/∆T L∆P ∆SW
HS rank Model name (W m−2 K−1) (W m−2) (W m−2)

1 NCAR CCSM3.0 2.1 3.5 0.094
2 MRI CGCM2.3.2A 1.8 3.2 0.47
3 IPSL CM4 1.8 4 2.5
4 MPI ECHAM5 1.8 4.7 2.7
5 CCCMA CGCM3.1 1.6 2.6 1.9
6 CCCMA CGCM3.1 T63 1.6 3.3 2.1
7 CNRM CM3 1.6 3.1 2.1
8 INMCM3.0 1.4 2.2 0.88
9 MIROC3.2 HiRes 1.4 4.3 3.8
10 MIROC3.2 MedRes 1.4 3.3 3.2
11 UKMO HadGEM1 1.1 2.6 4
12 MIUB ECHO G 0.98 2.1 3
13 UKMO HadCM3 0.88 1.9 2.6
14 GFDL CM2.0 0.73 1.5 3.7
15 GFDL CM2.1 0.57 1 3.4

significant relationship between L∆P/∆T and changes in SW or LW cloud radiative

forcing. On the other hand, L∆P/∆T correlates well with changes in clear-sky at-

mospheric SW absorption, explaining over half of the intermodel spread (r = −0.78,

r2 = 0.61).

2.4 Patterns of change in clear-sky atmospheric SW absorption

Water vapor and absorbing aerosols are the main SW absorbers in the troposphere

expected to change in the next century, aside from clouds. To explore how clear-

sky atmospheric SW absorption changes in the 21st Century, we focus on two of the

AR4 models: the model with the greatest precipitation increase and smallest increase

in clear-sky atmospheric SW absorption, CCSM3, and the model with the smallest

precipitation increase and largest increase in clear-sky atmospheric SW absorption,

Geophysical Fluid Dynamics Laboratory Coupled Model 2.1 (CM2.1).
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Figure 2.1: IPCC AR4 A1b forcing scenario 21st-Century changes in global-mean
precipitation, clear-sky atmospheric SW absorption and LW cooling and SW and LW
cloud radiative forcing per degree global-mean surface temperature change. See Table
1 for model key. LW cooling data is not available for Model 1.
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Figure 2.2 shows A1b scenario 21st-Century change in clear-sky atmospheric SW

absorption for CCSM3 and CM2.1. In CCSM3 SW absorption decreases, except

in limited regions over the Tropics, while in CM2.1 it increases almost everywhere.

Using feedback kernels for atmospheric column radiation from Previdi (2010), we

remove the increase in absorption due to water vapor concentration increase. Previdi

(2010) showed this calculation for four models from AR4 A1b, including CM2.0 and

CM2.1, but not for CCSM3. The residual change in clear-sky SW absorption (total

minus increased water vapor absorption) strongly resembles the spatial pattern of

anthropogenic absorbing aerosol emissions. Tropospheric ozone changes have not

been accounted for in this analysis, but these effects are likely to be small because

fractional changes of tropospheric ozone in the 21st Century are small (Wigley et al.,

2002). The sign of the residual change is negative in CCSM3 and positive in CM2.1.

2.5 The timeseries of black carbon forcing

The treatment of aerosols in IPCC AR4 model runs was documented in Table 10.1

of Meehl et al. (2007a). While the SRES scenarios specified GHG and sulfate aerosol

emissions, they did not specify the black carbon forcing. Modeling groups took differ-

ent approaches to incorporating black carbon forcing in the 21st Century. Most mod-

els did not include it at all; the ones that did are bold in Table 2.1. Models that do not

include black carbon forcing can still have changes in absorbing aerosol forcing from

sulfate aerosol changes, depending on the optical properties of sulfate aerosol in the

model. CCSM3 scaled the present geographical concentrations of black carbon by pro-

jections of global mean sulfate (SOx) aerosol burden, reported in Meehl et al. (2006).

In contrast, an atmospheric chemistry model was used in CM2.0 and CM2.1 (CM2)

to interactively calculate concentrations of black carbon (Horowitz et al., 2003). Con-

centrations of black carbon closely follow emissions because black carbon is short-lived

in the atmosphere (Horowitz, 2006). The present-day spatial pattern of black car-

bon emissions scaled by the timeseries of global-mean carbon monoxide (CO) burden
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Figure 2.2: Change in clear-sky atmospheric SW absorption in A1b scenario for the
21st century of (left) NCAR CCSM 3 and (right) GFDL CM 2.1. (Top) Clear-
sky atmospheric SW absorption change. (Middle) Part of clear-sky atmospheric SW
absorption change due to water vapor increase, calculated with radiative kernels from
Previdi (2010). (Bottom) Residual change in clear-sky atmospheric SW absorption.
Solid contours are positive changes and dashed contours are negative changes; contour
interval is 1.5 W m−2; and shaded areas are at least 1.5 W m−2 different from zero.
Global mean of bottom left panel is -1.0 W m−2 and bottom right is 1.7 W m−2.



16

drove the chemistry model in CM2 according to Levy et al. (2008). We obtain the SOx

and CO timeseries from 2000 to 2100 from the A1 scenario of the Asian Pacific Inte-

grated Model (AIM) scenario from SRES (http:www.grida.no/climate/ipcc/emission,

accessed 8/31/2011, Nakicenovic and Swart, 2000); the bottom left panel of Figure

2.3 shows them converted to black carbon timeseries following Meehl et al. (2006) for

CCSM3 and Levy et al. (2008) for CM2. In CCSM3, black carbon increased until 2020

and then declined for the remainder of the century, ending lower than the 2000 values.

In CM2, the emissions increased slowly but steadily throughout the century, nearly

doubling from 2000 to 2100. The top left panel of Fig. 2.3 shows the timeseries of

the clear-sky SW absorption with the contribution from water vapor removed, using

feedback kernels as in Section 2.4. For CM2, the steady increase in absorption with

time corresponds to what is expected if the black carbon emission timeseries is com-

parable to its forcing timeseries. For CCSM3, the residual SW absorption increases

until around 2030 as expected, but it does not decrease substantially below the 2000

values, as would be expected from the black carbon forcing timeseries. This could be

due to increasing ozone.

SW absorption and precipitation should respond to time-dependent aerosol changes;

we test whether they do by comparing timeseries of black carbon forcing, clear-sky

atmospheric SW absorption, and precipitation for CM2 and CCSM3 (Figure 2.3).

The timeseries are smoothed once with a 1-2-1 weighted average filter (Gonzalez and

Woods, 2002) for display purposes. In CM2.0 and CM2.1, precipitation increased

slowly and steadily throughout the century, at a rate of 0.15 W m−2 dec−1. This

steady and slow increase is consistent with precipitation increases driven by increas-

ing LW cooling but continuously suppressed by increasing black carbon throughout

the century. In CCSM3, precipitation increased slowly at first, though not as slowly

as in CM2 (0.2 W m−2 dec−1 from 2000-2020), rapidly around mid-century (0.6 W

m−2 dec−1 from 2030-2070), and slowly again at the end of the century (0.05 W m−2

dec−1 from 2080-2100). The changes in rate of increase over the century are consistent
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with the initial increase and later decrease in black carbon.

For the atmosphere to maintain energy balance, an increase in SW absorption

must be compensated by an increase in LW cooling or a decrease in sensible or latent

heating. The precipitation responses in CCSM3 and CM2 are consistent with this

expectation. In CCSM3, a large increase in precipitation (L∆P=3.5 W m−2) accom-

panied the decrease in SW absorption (-1.0 W m2) by aerosols in CCSM3 (though

net increase in SW absorption occurred due to increased water vapor), while in CM2

only modest increases in precipitation (1 W m−2) accompanied the increase in SW

absorption by aerosols (1.7 W m−2). Observational estimates of black carbon forc-

ing on atmospheric absorption are much larger than the global-mean of the residuals

shown here. Ramanathan and Carmichael (2008) estimate the present-day black car-

bon forcing of atmospheric absorption to be 2.6 W m−2, and Chung et al. (2005)

estimate that it is 3.0 W m−2; however, these estimates are highly uncertain.

The other models shown in Figure 2.1 and Table 2.1 that incorporated black car-

bon changes in AR4 simulations are MIROC medres, MIROC hires, and HadGEM3.

They fall just in the bottom half of simulations in terms of L∆P/∆T , and they all

contain indirect effects of aerosols. Indirect effects are expected to mitigate the direct

effects on precipitation by increasing reflection of SW to space via cloud brightening

and by decreasing the precipitation efficiency of clouds (Chuang et al., 2002). Both

of these indirect effects are a result of the decreased size of cloud droplets that oc-

curs when the number of cloud condensation nuclei increases (see review by Lohmann

and Feichter, 2005). However, the indirect effect of black carbon is not expected to

be large. The semi-direct effect, which is the decrease in cloud cover due to aerosol

heating (Ackerman et al., 2000), is included in all simulations but does not affect the

clear-sky radiation.
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2.6 Contrast with CO2-doubling scenario

If differences in absorbing aerosol forcing cause the intermodel spread in L∆P/∆T ,

scenarios without changes in absorbing aerosols should have less spread in clear-sky at-

mospheric SW absorption and L∆P/∆T . For the carbon dioxide (CO2)-doubling sce-

nario, precipitation, surface air temperature, and clear-sky SW upwelling and down-

welling radiation at the surface and upwelling at the TOA are obtained from the

WCRP CMIP3 database for the same models as above for the “1pctto2x” scenario,

except for the Canadian Center for Climate Modeling and Analysis GCM (CCCMA

CGCM3.1 T63), which has insufficient data for this scenario. The 1pctto2x scenario

is also a transient simulation coupled to a full ocean, so it is the most appropriate

scenario to compare to A1b. Differences are taken between decadal averages of years

60-69 and 1-10. Other calculations are the same as for the A1b scenario.

Figure 2.4 shows L∆P/∆T plotted against clear-sky atmospheric SW absorption

per degree change in global-mean surface temperature for CO2-doubling scenario.

There is almost no relationship between clear-sky atmospheric SW absorption change

and L∆P/∆T , in stark contrast to the A1b scenario (Figure 2.1). This lack of rela-

tionship is consistent with the absorbing aerosol forcing in A1b driving the intermodel

spread in precipitation. The range of L∆P/∆T in the CO2-doubling scenario is 0.8

W m−2K−1, while for A1b the range was 1.5 W m−2K−1. The smaller but still sub-

stantial range of L∆P/∆T in the CO2-doubling scenario indicates that variability in

precipitation stems from sources other than absorbing aerosol forcing. This is consis-

tent with clear-sky shortwave atmospheric absorption explaining half of the variance

in L∆P/∆T (r2 = 0.61).

2.7 Conclusions

The IPCC AR4 dataset, and in particular the A1b scenario, have been widely used to

study how and why precipitation could change this century. In this study, we compare
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Figure 2.4: Changes in global-mean precipitation and clear-sky atmospheric SW ab-
sorption per degree global-mean surface temperature change for CO2-doubling exper-
iments. See Table 1 for model key. Changes are calculated between years (60-70) and
(0-10). Compare to the top-left panel of Fig. 2.1.

global-mean precipitation change and atmospheric radiation budget components, and

we find that clear-sky shortwave absorption is highly correlated with precipitation

change. We examine the spatial pattern of clear-sky SW absorption change in NCAR

CCSM 3.0 and GFDL CM 2.1, and we find that it resembles the spatial pattern

of anthropogenic aerosol emissions, but increases in GFDL CM2.1 and decreases in

NCAR CCSM 3.0. We compare timeseries of black carbon forcing from those models

with clear-sky atmospheric SW absorption, absorption with the increase due to water

vapor increase removed, and precipitation, and find that the timeseries of precipitation

change for CCSM3 and CM2 are consistent with the idea that clear-sky shortwave

absorption drives precipitation changes, as would be expected from simple radiative-

convective equilibrium. Finally, we compare global-mean precipitation and clear-sky

atmospheric SW absorption from the CO2-doubling scenario, and find that in this

scenario precipitation change does not correlate with clear-sky shortwave absorption.

This indicates that black carbon forcing differences explain a substantial portion, but
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not all, of the intermodel spread in global-mean precipitation in the A1b scenario of

AR4. Details of the forcings in AR4, in particular the black carbon forcing, were

left unspecified in the emissions scenarios, and forcing data was not available in a

coordinated way, which is why this source of spread has gone unappreciated for some

time.

Black carbon is short lived, so it is plausible that it could continue to increase

throughout the century, or alternatively it could decrease. It is useful to explore a

wide range of possibilities including both increases and decreases in black carbon to

capture a range of potential future trajectories. Studies making use of A1b projections

should take into account the effects that black carbon forcing has on precipitation,

including in this dataset. In the future, model intercomparison studies that might be

used to investigate precipitation changes should document and report black carbon

forcing.

Since this work was undertaken, the CMIP5 model inter-comparison project has

been released (Taylor et al., 2012). The black carbon forcing for scenarios including

changes in aerosols is documented by Lamarque et al. (2011). In all Representa-

tive Concentration Pathway (RCP) scenarios, global-mean black carbon emissions

decrease throughout the century. Based on this work, the decreasing black carbon

would be expected to lead to decreasing SW absorption and more precipitation in-

crease in the RCP scenarios than if aerosols did not change.
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Chapter 3

THE ATMOSPHERIC ENERGY CONSTRAINT ON
GLOBAL-MEAN PRECIPITATION CHANGE

In the last chapter, we saw that models disagree on the response of global-mean

precipitation in part due to differences in prescribed aerosol forcing. But even in

scenarios with carbon dioxide as the only climate forcing, with the same timeseries

in each model, there is still substantial disagreement on the response of global-mean

precipitation. In this chapter, we focus on the response of atmospheric radiative

cooling and precipitation to carbon dioxide forcing.

3.1 Introduction

Climate models robustly predict an increase in global-mean precipitation in response

to CO2 doubling. They agree that the magnitude of this increase will be less than

the increase of water vapor concentrations (Held and Soden, 2006). This is true for

the multi-model mean, as well as for individual models (though the variation across

models is large). The projected rate of increase of global-mean precipitation has long

been attributed to the atmospheric energy budget constraint, but the mechanisms and

sensitivities of this constraint have yet to be thoroughly explained. In this chapter,

we calculate changes in clear-sky atmospheric radiative cooling and relate them to

the projected global-mean precipitation change. The relative importance of surface

and top-of-atmosphere (TOA) fluxes is illustrated, and the critical importance of

downward emission by water vapor is shown. Although the global-mean precipitation

change is less important to humans than regional changes, the global constraint affects

the regional responses.
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Allen and Ingram (2002) popularized the idea that atmospheric energy constrains

precipitation on timescales longer than a year. They separated radiative cooling

change into two components: one due to a forcing (e.g. CO2), and another that

depends on the change in surface temperature. They used calculations from the

GCM experiments in Mitchell et al. (1987) to quantify the magnitude of these two

terms, and showed that the atmospheric cooling predicted by this calculation fit the

precipitation increase in CMIP2 model experiments.

Since Allen and Ingram (2002), a number of studies have addressed the energetic

constraint on precipitation. Takahashi (2009b) developed a radiative-convective equi-

librium model which highlighted the interplay between radiative and sensible heat

flux, as well as changes in near-surface stability and relative humidity, in determining

precipitation change. Lambert and Webb (2008) showed that in an ensemble of GCMs

with perturbed physics, the precipitation change due to CO2 doubling was strongly

related to clear-sky atmospheric radiation. Allan (2006) examined observations of

clear-sky radiative cooling. Stephens and Ellis (2008) examined changes in precipi-

tation due to transient CO2 increase in AR4 models. They calculated atmospheric

radiation from an empirical relationship with column water vapor, preventing the

separation of responses to warming and moistening. Previdi (2010) calculated the at-

mospheric radiative responses to AR4 GCM warming and moistening using feedback

kernels. We aim to build upon these studies by providing a simple and understandable

account of clear-sky atmospheric cooling response to warming and moistening.

This chapter will proceed as follows. First, we present the change in global-mean

precipitation in CMIP5 transient CO2-increase experiments. Then, we show the effect

of changes in temperature and moisture at varying heights in the atmosphere using

radiative feedback kernels. This illustrates that the radiative response to moistening

depends on the height at which it occurs. Next, we construct a framework for the

global-mean atmospheric radiative energy balance. This framework consists of the

atmospheric cooling response to idealized changes in temperature, moisture, and CO2
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forcing. The atmospheric radiative cooling calculations allow us to attribute the

changes in clear-sky radiative fluxes seen in GCMs to the structure of changes in

temperature, water vapor, and CO2. We compare the sum of these changes to the

clear-sky fluxes in the CMIP5 multi-model mean to ensure fidelity of our framework,

and reconcile the framework with CMIP5 precipitation changes. Finally, we examine

the inter-model spread in the rate of precipitation increase across models. In the last

section, we discuss the role of clouds, aerosol forcing, and the surface perspective on

precipitation change.

3.2 Atmospheric energy and precipitation change

The rate of global-mean precipitation increase in transient CO2 increase experiments

(1pctCO2, Taylor et al., 2012) is shown in Figure 3.1 for each of the CMIP5 models

used throughout this chapter. These models are listed in Table A.1. Only models

with available precipitation, total-sky and clear-sky radiation at the surface and TOA,

and atmospheric and near-surface air temperature and moisture fields are used, and

only one ensemble member from each model is included. Time differences are taken

between years 1-10 and years 61-70 of the experiments (year 70 is the time of CO2

doubling). For each model, the precipitation change is normalized by the change in

global-mean surface air temperature.

All models show an increase in precipitation, though the variation in magnitude

across models is large. The multi-model mean precipitation increase is 1.1 W m−2

K−1, which corresponds to 1.4% of the multi-model, global-mean precipitation. This

is much less than the rate of increase of water vapor, about 7% K−1, which would

correspond to 6 W m−2 K−1 of precipitation increase. The change in multi-model,

global-mean precipitation and other energy fluxes of interest are listed in Table 3.1.
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Figure 3.1: Global-mean precipitation sensitivity in CMIP5 models (W m−2 K−1),
estimated from the difference between first 10 years and years 61-70 in the transient
CO2 increase scenario.

Table 3.1: CMIP5 multi-model, global-mean change (∆) in energy components for
transient CO2 increase (W m−2 K−1) calculated directly from GCMs. Positive signs
correspond to increasing precipitation. T is the surface air temperature, LP is precip-
itation times the latent heat of vaporization of water, SH is sensible heat flux, Ratm is
atmospheric radiative cooling, cs indicates clear-sky, cloud indicates cloudy-sky, and
RTOA is the TOA outgoing radiative response.

L∆P/∆T 1.1
∆SH/∆T 0.3

∆Ratm,cs/∆T 1.2
∆Ratm,cloud/∆T -0.4

∆Ratm/∆T 0.8
∆RTOA/∆T -0.7
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3.3 Radiative response to changes in moisture and temperature at a

particular height

Since the energy constraint on precipitation is fundamentally radiative, it can be ex-

plored in a simple radiative context. In this section,1 we illustrate the importance

of the height at which moisture and temperature perturbations occur on the atmo-

spheric radiative cooling response with qualitative calculations using the radiative

kernel technique. We calculate the atmospheric column radiative response to temper-

ature and moisture changes from the CMIP5 multi-model mean in order to determine

the height at which changes in moisture and temperature are important. We cal-

culate multi-model mean changes in air temperature, specific humidity, and surface

temperature for the same experiments and time period as in the previous sections.

The temperature and moisture changes for each model are normalized by the model’s

change in global-mean surface air temperature before averaging across models.

The CMIP5 multi-model mean temperature and moisture responses to CO2 in-

crease are shown in Figure 3.2. The top panel shows the warming. The warming is

amplified with height, up to a maximum of about 2 K near 200 hPa across the tropics.

Amplification decreases poleward. The bottom panel shows the percent increase in

specific humidity. The change in specific humidity reflects this amplified warming

and the dependence of saturation vapor pressure on the temperature. The overall

effect is that the specific humidity increase (in percent) is highest at the equator and

decreases poleward. It also increases from the surface up to 200 hPa. RH changes are

small, changing by up to 2%.

Now we would like to calculate the response of atmospheric column radiative heat-

ing to these temperature and moisture changes, broken down by latitude and height.

We can accomplish this by applying radiative feedback kernels for the atmospheric

column to the model-projected changes in temperature and moisture. The radiative

1This section was not included in the published version of the paper.
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Figure 3.2: CMIP5 multi-model mean changes associated with 1 K global surface
warming caused by transient CO2 increase. Change in temperature (K K−1) is on
top, change in specific humidity (% K−1) is at center, and change in relative humidity
is on bottom (% K−1). The horizontal axis is sine of latitude, so that equal distances
represent equal areas of Earth’s surface.
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kernel technique was presented in Soden and Held (2006). Kernels were adapted

for atmospheric radiative cooling in Previdi (2010). Here, we use total-sky kernels

calculated in the GFDL CM2.0 model (which were calculated by Brian Soden).

The kernels are calculated by integrating a GCM for a year, and a few times each

model-day re-running the radiation code offline, perturbing the temperature at each

latitude, longitude, and height by 1 K, and saving the change in TOA and surface

radiative flux due to each perturbation. Specific humidity is perturbed separately by

the constant-RH moistening that would occur for 1 K warming. The monthly mean

is taken, then the atmospheric column radiative response is calculated, so that we

have the change in atmospheric column radiation due to 1 K warming or moistening

at each latitude, longitude, and height for each month of the year. We interpolate

model-projected changes onto the kernel grid, then multiply the kernels by the GCM

changes in temperature and moisture. We present this calculation as a qualitative

picture of where (vertically) moisture and temperature changes are important. These

kernels are not quantitatively accurate because of topography and other issues with

the surface layer. This calculation does not account for CO2 forcing. Masking by

clouds is included in the kernel calculation, so the effect of clouds in the mean state

is accounted for but changes in clouds with warming are not.

As in our idealized calculations in Section 3.4, the atmospheric column changes

are the sum of TOA and surface changes. All three are shown in Figure 3.3. The top

panel shows the TOA radiative response to the multi-model mean temperature and

moisture change. It is weak but positive (increased outgoing radiation to space, in-

ducing cooling of the planet). The middle panel shows the surface radiative response.

It is overwhelmingly dominated by the lower-tropospheric contributions. It is posi-

tive, indicating increases of surface downwelling radiation. The bottom panel shows

the atmospheric column response. It is just the sum of the first two panels. It is posi-

tive, indicating increased atmospheric radiative cooling, via both increased upwelling

radiation at the TOA and increased downwelling radiation at the surface. Signs are
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Figure 3.3: Radiative response (W m−2 K−1 [100 hPa]−1) at the TOA (top) and sur-
face (middle), and atmospheric radiative cooling change (bottom), shown as functions
of latitude and pressure.

chosen so that positive indicates increased atmospheric cooling and precipitation.

LW atmospheric column responses to temperature and water vapor changes are

shown in Figure 3.4. The top panel shows the LW response to warming of the atmo-

sphere with surface temperature fixed. The maximum increase in cooling coincides

roughly with the upper-tropospheric amplification of warming. Increased emission to

the surface due to warming at low levels is also evident.

The bottom panel shows the LW response to increased moisture. It has two lobes:

increased emission to the surface from low-level moistening, especially in the tropics,

and decreased OLR due to upper-tropospheric moistening. These TOA and surface

responses partially cancel, as we will see in Section 3.4. The SW response to increased

moisture is absorption increase (equivalently, cooling decrease) due to moistening

below 600 hPa, mostly in the tropics but also in northern mid-high latitudes, which

mitigates the lower tropospheric cooling increase due to LW changes.
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Figure 3.4: Atmospheric column radiative responses (W m−2 K−1 [100 hPa]−1), with
LW response to temperature change on top, LW response to specific humidity change
in the center, and SW response to specific humidity change in the center on bottom.
Negative values are enclosed by dashed contour lines.
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In the next section, we examine changes in atmospheric cooling, which we will

later reconcile with the multi-model mean precipitation increase.

3.4 Atmospheric column radiative responses to idealized changes in

temperature, moisture, and CO2

3.4.1 Clear-sky radiative column calculations

In this section, we calculate the atmospheric column radiative response to idealized

changes in temperature, moisture, and CO2 increase. For baseline calculations, we

use annual mean profiles of temperature and specific humidity at each point on the

globe from the CMIP5 multi-model mean for the first ten years of the transient CO2

increase experiment (global mean shown in Figure 3.5). The multi-model mean is

interpolated onto a common grid with 90 latitude and 144 longitude points. Archived

CMIP5 model fields share a common pressure grid with 17 vertical pressure levels,

though at many locations some of these levels are below the surface. At each location,

our calculations include all standard levels that are above the multi-model, annual

mean surface pressure. We also specify the bottom atmospheric level to be at the

surface pressure and surface air temperature, with surface air specific humidity. We

use CMIP5 multi-model mean ozone profiles (though only six of the models have

archived ozone). For the surface layer, we set ozone the same as the level above it.

We calculate radiative fluxes with the Fu and Liou (1992) column radiation model.

To have meaningful shortwave (SW) components, we use the zonal, annual mean

insolation-weighted solar zenith angle. Clouds are not included.

From this baseline radiative calculation, we incrementally vary temperature, mois-

ture and CO2. We will consider them in turn, but the resulting atmospheric radiative

responses are shown in Table 3.2. The sign is chosen so that an increase in atmo-

spheric radiation corresponds to an increase in precipitation; that is, a positive change

means more cooling. Since the atmospheric column response is the sum of the familiar

TOA response and the surface response, the table also includes the TOA and surface
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Figure 3.5: Global mean of the CMIP5 multi-model mean temperature and RH pro-
files used as the baseline for column radiation calculations.

responses.

We begin with an increase of atmospheric temperature by 1 K at all levels in

the troposphere. The tropopause is defined as 100 hPa at the Equator, 300 hPa at

the Poles, and linearly interpolated in between. In the first line of Table 3.2, we

see that atmospheric warming results in an increase in atmospheric longwave (LW)

cooling of 5.6 W m−2 K−1. Somewhat less than half of this cooling leaves from the

TOA, and somewhat more than half is emitted toward the surface. This is an expected

consequence of increasing the temperature of the atmosphere. The noteworthy aspect

of this calculation is that the downward emission from the atmosphere to the surface

is large, even larger than the change at the TOA.

In the second calculation (line 2 of Table 3.2), the atmosphere is returned to its

baseline profile and the surface temperature is increased by 1 K. This results in an

increase in LW emission from the surface of 5.0 W m−2 K−1. Twenty-four percent

of this radiation (1.2 W m−2 K−1) escapes to space through the TOA, and the rest
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Table 3.2: Global-mean clear-sky radiative response to various temperature, moisture,
and CO2 changes at the TOA, surface, and in the atmospheric column (W m−2 K−1)
calculated with Fu and Liou (1992) column radiation code. Signs are chosen so that a
positive response contributes to increasing precipitation: increased cooling is positive
for the atmospheric column, upwelling is positive at the TOA, and downwelling is pos-
itive at the surface. Note that the atmospheric cooling is the sum of net downwelling
surface radiative flux and net upwelling TOA radiative flux, ATM = SFC + TOA.
The two values of net change in clear-sky atmospheric radiative cooling are bolded.

Response
Description TOA SFC ATM

1 Vertically-uniform Ta 2.3 3.3 5.6
2 Ts 1.2 -5.0 -3.8
3 Vertically-uniform warming 3.4 -1.7 1.8
4 LW fixed RH q -1.7 3.4 1.7
5 Vertically-uniform T , fixed RH, LW 1.8 1.7 3.4
6 SW fixed RH q, fixed RH -0.1 -0.9 -1.0
7 Vertically-uniform Net 1.7 0.8 2.5
8 Vertically-varying T , idealized 0.7 -0.1 0.6
9 Vertically-varying T , fixed RH q 0.0 -0.1 -0.1
10 Cumulative net 1.7 0.7 2.4
11 Transient CO2 -2.0 0.9 -1.1
12 Net idealized response -0.3 1.5 1.2
13 Vertically-varying T , CMIP5 0.7 0.1 0.9
14 Vertically-varying T , fixed RH q 0.1 0.3 0.3
15 Cumulative net 1.8 1.0 2.8
16 Transient CO2 -2.0 0.6 -1.4
17 Net CMIP5 response -0.3 1.6 1.3
18 ∆RH 0.1 -0.1 -0.0
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is absorbed by the atmosphere. This is in agreement with a recent calculation of

the fraction of surface emission emitted to space by Costa and Shine (2012), who

calculated clear-sky transmission of 25%, though this is reduced to about 10% when

clouds are included.

Typical warming includes changes in both the surface and the atmosphere. The

third calculation is uniform warming of the surface and each atmospheric level by 1

K, which we refer to as “uniform” warming. Responses are listed in the third line

of Table 3.2; Figure 3.6 (left panel, solid line with filled circles) shows the change in

net upwelling radiation at the surface, each level in the atmosphere, and the TOA

due to the warming. The change in surface emission is higher than the change in

downward atmospheric emission because the surface temperature is higher than the

temperature at the effective atmospheric downward emission level. The overall effect

of uniform warming is LW cooling of the atmosphere by 1.8 W m−2 K−1. Nearly dou-

ble this amount of LW is lost from the TOA, but increased heating of the atmosphere

by surface LW emission mitigates the TOA loss. Note the linearity of the tempera-

ture changes: the response to uniform warming differs from the sum of responses to

warming the surface and atmosphere separately by just 0.1 W m−2 K−1.

Next we vary the moisture. First, the moisture is increased by the amount that

would maintain constant relative humidity (RH) during a 1 K uniform warming, but

the atmosphere and surface temperatures are maintained at their baseline values. The

LW responses are tabulated in the fourth line of Table 3.2 and shown in Figure 3.6

(left panel, short-dashed line with open circles). At the surface, downward emission

from the atmosphere increases by 3.4 W m−2 K−1 as the increased water vapor lowers

the effective height of emission to a warmer level. At the TOA, 1.7 W m−2 K−1 less

LW is lost to space as the level of emission is raised to a cooler level. The overall LW

atmospheric response to this moistening is 1.7 W m−2 K−1, an increase very similar

in magnitude to the uniform warming increase. So the increase in humidity increases

the radiative cooling of the atmosphere through increased downward emission to the
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Figure 3.6: Net upwelling radiative response (W m−2 K−1). On the left are the LW
responses to air and surface temperature increase of 1 K (filled circles), constant RH
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circles) and warming, moistening, and CO2 forcing combined (solid circles).
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surface. We infer from this that the precipitation rate in equilibrium is sensitive to

the vertical distribution of humidity. As we saw in Section 3.3, increased humidity

in the lower troposphere contributes to increases in precipitation, while increased

humidity in the upper troposphere contributes to decreases in precipitation. The

wavelengths of water vapor continuum absorption are most important in determining

surface emission, while upper tropospheric emission is determined by the wavelengths

of rotation and vibrational bands (Mitchell et al., 1987; Inamdar et al., 2004).

The fifth line of Table 3.2 lists the LW response to uniform increase in temperature

along with moistening at constant RH; this is also shown in Figure 3.6 (left panel,

long-dashed line with asterisks). Atmospheric cooling is increased by 3.4 W m−2

K−1, with the largest contributions coming from an increase in outgoing LW at the

TOA (OLR) due to warming and an increase in LW emission to the surface due

to moistening. In contrast, uniform warming decreases emission to the surface and

moistening decreases cooling to space.

We next take SW changes into account, which come into play because water vapor

absorbs SW radiation. Line 6 of Table 3.2 shows the change in SW absorption due

to constant-RH moistening for 1 K warming. SW absorption offsets the increased

LW cooling by 1.0 W m−2 K−1. Line 7 of Table 3.2 lists the net response to the

uniform warming with constant RH moistening. The net effect of uniform warming

and constant RH moistening is an increase in atmospheric radiative cooling of 2.5 W

m−2 K−1.

Models and theory predict that warming is amplified with height, rather than

vertically uniform. To incorporate the variation of warming with height, we calculate

the difference between moist adiabats starting from the initial and warmed surface

air temperature. The OLR response to the variation in warming with height is the

lapse rate feedback.

Lines 8-10 of Table 3.2 show the response to vertical variations in warming with

height (minus the response to uniform warming); this is also shown in Fig. 3.7.
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Amplified warming with height enhances atmospheric cooling by 0.6 W m−2 K−1,

mostly by increasing cooling to space from the warmer upper troposphere; but, there

is also 0.1 W m−2 K−1 of decreased cooling to the surface. Constant-RH moistening

mitigates the OLR increase to just -0.1 W m−2 K−1. Using the CMIP5 multi-model

mean change in warming with height instead of the moist adiabatic approximation

(lines 13-15 of Table 3.2) gives a change that is slightly larger, with 0.3 W m−2 K−1

more increase in atmospheric cooling.

So far we have considered uniform and vertically-amplified warming, and moisten-

ing at constant RH. Now we must account for the radiative effect of the CO2 forcing.

We choose an initial CO2 concentration corresponding to the mean of the first 10

years, 297.9 ppm, and a final concentration corresponding to the mean of years 61-70,
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541.2 ppm. We incorporate stratospheric cooling due to the CO2 forcing by using

CMIP5 multi-model mean stratospheric temperatures. The mean temperature from

years 61-70 is applied at all levels above the tropopause, which we define as a linear

interpolation between 100 hPa at the equator and 300 hPa at the poles (following

Soden and Held 2006; Previdi 2010). The response to CO2 forcing is listed on line

11 of Table 3.2 and shown in Figure 3.6 (right panel, dashed line with open circles).

The CO2 increase reduces cooling from the TOA by 2.0 W m−2 K−1, and also in-

creases cooling to the surface by 0.9 W m−2 K−1. The overall effect is a reduction of

atmospheric cooling by 1.1 W m−2 K−1.

Combining the CO2 forcing and responses to uniform and amplified warming and

constant-RH moistening, we obtain 1.2 W m−2 K−1 of increased atmospheric cooling

calculated from our radiative transfer model. This is the same as the clear-sky atmo-

spheric cooling change in the CMIP5 multi-model mean. We will return to this result

and compare it with CMIP5 precipitation change in Section 3.6.

The calculations in this section connect a set of simple, easily understandable

changes in temperature and moisture to changes in atmospheric radiative cooling.

Using these annual-mean, clear-sky profiles, we get reasonably close to CMIP5 pre-

cipitation change. Furthermore, they show how TOA radiative responses relate to

the radiative response in the atmospheric column.

In the remaining lines of Table 3.2, we repeat lines 8-12 using the CMIP5 multi-

model mean change in temperature with height, instead of the moist adiabatic warm-

ing. The net atmospheric cooling response differs by 0.1 W m−2 K−1, while individual

components vary by up to 0.3 W m−2 K−1.

Additionally, we calculated the radiative effect of the CMIP5 multi-model mean

change in RH, shown in line 18 of Table 3.2. The change in RH is determined from the

model changes in specific humidity, in contrast to the assumption of constant RH we

use in the rest of the calculations. RH in the lowest layer of the atmosphere increases

slightly over ocean, by less than 2 % K−1, while it decreases over land, typically by
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about 2 % K−1. The change in RH results in a decrease of 0.1 W m−2 K−1 of net

downwelling radiation to the surface because the decreasing near-surface RH over

land dominates the increasing RH over ocean in the global mean. The decrease in

emission to the surface is compensated by an increase in OLR of 0.1 W m−2 K−1, so

there is no net change in atmospheric cooling.

Previdi (2010) made similar calculations using the radiative feedback kernel tech-

nique. He found that the LW atmospheric cooling response to increased water vapor

is a decrease in atmospheric cooling, dominated by the upper and middle tropospheric

moistening. We find just the opposite, an increase in atmospheric LW cooling due

to increased water vapor. Using the same clear-sky water vapor feedback kernels as

that study with the multi-model mean moistening here, the change in atmospheric

LW cooling is -0.7 W m−2 K−1, as compared to 1.1 W m−2 K−1 calculated with Fu

and Liou (1992) code. This direct comparison is with the same temperature and

humidity profile, so the difference is due to the methodology or radiative transfer

code. We think our calculation is accurate because we recover the change in clear-sky

atmospheric radiative cooling from GCMs. Additionally, our finding that moistening

increases atmospheric LW cooling is in agreement with variability seen in satellite and

reanalysis data (Allan, 2006).

3.4.2 Consistency of radiative column calculations and GCM fluxes

The calculations above show that the dominant mode of temperature and moisture

change for setting the atmospheric radiative cooling response is the vertically uniform

warming with fixed RH moistening. Now we are in a position to reconcile the mag-

nitude of atmospheric radiative cooling response in our framework with global-mean

precipitation change projected by CMIP5 models. Returning to line 12 of Table 3.2,

we would expect to see 1.2 W m−2 K−1 of precipitation change for the transient CO2

response. We can compare this to the tabulated multi-model, global-mean changes in

precipitation as well as atmospheric cooling listed in Table 3.1. Our calculation agrees
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Table 3.3: Comparison of clear-sky radiative fluxes calculated with Fu and Liou (1992)
column radiation code and CMIP5 multi-model mean radiative fluxes (W m−2 K−1).

Fu-Liou Fu-Liou CMIP5
(moist adiabat) (CMIP5 fields)

Atm Net 1.2 1.3 1.2
LW 2.3 2.4 2.4
SW -1.1 -1.1 -1.2

TOA LW -0.2 -0.2 -0.3
Surface LW 2.5 2.6 2.6

with the CMIP5 multi-model mean clear-sky atmospheric radiative cooling change of

1.2 W m−2 K−1. The alternative calculation using CMIP5 patterns of change (line

17 of Table 3.2) agrees to within 0.1 W m−2 K−1.

We can also compare the clear-sky LW and SW radiative flux changes from the

CMIP5 multi-model mean with our calculations. Table 3.3 shows this comparison.

For atmospheric column cooling, the radiative column calculations agree with the

CMIP5 multi-model mean to within 0.1 W m−2 K−1. For the TOA and surface,

only LW comparison is shown. We expect the SW to differ because we have not

incorporated changes in the surface albedo, especially sea ice; but this should not

affect the atmospheric column much. At the TOA and surface, our values agree to

within 0.1 W m−2 K−1.

While the effect of clouds on atmospheric radiation cannot be obtained in our

framework, we can consider how clouds influence the atmospheric cooling rate calcu-

lated by the GCMs. We will do this in Section 3.6.1.

3.4.3 Radiative column calculations of idealized clouds

Clouds play an undeniable role in the atmospheric energy budget. Figure 3.8 shows a

column radiation calculation with two idealized clouds: a low cloud and a high cloud.
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radius 14 µm.

We use global-mean profiles of temperature, moisture, and ozone for this calculation.

Each cloud has a liquid water path of 40 g m−2 and effective droplet radii of 14 µm.

The low cloud occupies one pressure layer, from about 1.5 to 3 km. The high cloud

occupies multiple layers, from 5.5 to 12 km. The liquid water is spread evenly across

the layers. Ice is not considered. The clouds have SW optical depth of 0.5. The

radiative responses to these clouds are listed in Table 3.4.

Here we encounter one of the great advantages of the atmospheric energy budget

perspective over the surface perspective: reflection of SW by clouds has little effect

on the atmospheric energy budget. There is a modest change in SW absorption when

clouds are present, but this is far overwhelmed by the clouds’ effects in the LW.

Consider the low cloud (left panel, Figure 3.8). The low cloud has a LW emissivity

near 1, causing the LW emission to the surface to come from a warmer temperature
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Table 3.4: Radiative response (W m−2) to idealized clouds. As in previous tables,
signs are chosen so that increased atmospheric cooling is positive.

TOA SFC ATM
Low cloud LW -22 62 40

SW 96 -107 -11
Net 74 -45 29

High cloud LW -137 31 -106
SW 124 -121 3
Net -13 -89 -103

than it would in clear skies. This enhances atmospheric cooling to the surface. The

cloud also intercepts LW emitted from the surface that would otherwise escape to

space, decreasing the OLR and mitigating the increase in atmospheric cooling. The

temperature difference between the surface and cloud top is relatively small, so that

the increased emission to the surface dominates over the reduced OLR. Overall, the

low cloud increases atmospheric cooling by 29 W m−2.

The high cloud changes surface LW by only a small amount, by emitting some

LW downward from its base (right panel, Fig. 3.8). It has a much larger effect

on the OLR. The cloud traps the LW emitted by the surface and warmer parts of

the atmosphere, re-emitting radiation from its cold top. The overall effect is strong

atmospheric heating, with a magnitude of 103 W m−2. The high cloud suppresses

precipitation very strongly.

Clouds also affect radiation at the surface. In Figure 3.8, the effect of the cloud

on surface energy is the absolute difference at the bottom of the panel (the effect on

the atmosphere is the slope of the line between the surface and TOA). Unlike for the

atmospheric column, both low and high clouds have a large effect on the surface SW,

of about 100 W m−2. For the low cloud, the reduction in SW is mitigated by an

increase in absorbed LW. There is less mitigation for the high cloud.



43

3.5 Inter-model spread in atmospheric radiative cooling response to

CO2 forcing

In the previous section, we carefully examined the CMIP5 multi-model mean at-

mospheric cooling response to increasing CO2 in order to understand the change in

multi-model mean precipitation. Can we also understand the differences in the rate

of precipitation increase across models? The range of climate response across mod-

els is often used to explore mechanisms for climate change. Previous studies have

explored the inter-model spread in precipitation change due to climate forcing. Taka-

hashi (2009a) examined the precipitation response in CMIP3 slab-ocean experiments

forced by a doubling of CO2. Previdi (2010), Chapter 2 and others examined precipi-

tation change in the realistic A1b forcing scenario in CMIP3, which included changes

in aerosol forcing, and found that the difference in aerosol forcing dominates the inter-

model spread. Here we consider the inter-model spread in precipitation response to

the CO2 forcing alone.

Precipitation increase varies across the 18 models by a factor of two (Fig. 3.1).

Change in precipitation is balanced by the sum of changes in sensible heat flux,

cloud radiative forcing, and clear-sky atmospheric radiative cooling. Cloud radiative

forcing change has a range of 1.2 W m−2 K−1 across models. Precipitation change

is closely tied to the change in clear-sky radiative cooling alone in most models (Fig.

3.9). Omitting two outlier models, the correlation between precipitation change and

clear-sky atmospheric radiative cooling is 0.91. The strong relationship of ∆Rcs/∆T

to ∆P/∆T indicates that much of the inter-model spread in precipitation can be

understood from changes in clear-sky atmospheric radiative cooling.

We calculate the clear-sky radiative cooling response to each model’s pattern of

warming and moistening, using the same procedure as in Section 3.4. When com-

pared to fluxes directly output from the GCMs, our calculations do a tolerable job at

recovering the response of clear-sky LW atmospheric cooling (per degree global-mean
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Figure 3.9: Change in clear-sky atmospheric radiative cooling (from model-output
radiative fluxes) versus change in global-mean precipitation increase, normalized by
global-mean surface temperature change for each CMIP5 model. Correlation is cal-
culated with and without two outlier models, GISS E2-R and MRI CGCM3; slope is
calculated without the outliers.

surface temperature increase) calculated by the models (r=0.77, slope=0.6), but they

do a poor job capturing the change in clear-sky SW absorption (Fig. 3.10). The

calculated change in the multi-model mean matches quite closely, but there is very

little spread in the SW absorption in our calculation, despite a range of 0.9 W m−2

K−1 in the GCM-calculated response. This suggests that much of the difference is

due to different methods of computing SW heating in the CMIP5 models. Collins

et al. (2006) compared GCM clear-sky radiative transfer calculations and found large

differences in both SW and LW across models. Takahashi (2009a) also found differ-

ences in SW absorption between models in CMIP3. Their analysis suggested that

the scatter in clear-sky SW absorption might be due to the spatial pattern of water

vapor changes, but this is accounted for in our calculation and does not replicate the

spread. For the remainder of this analysis we focus on the change in clear-sky LW

atmospheric cooling.

It is well-known that the lapse rate and water vapor feedbacks compensate each
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Figure 3.10: Clear-sky atmospheric cooling change calculated from CMIP5 model
output (GCM) and Fu and Liou (1992) column radiation code, using each model’s
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absorption (bottom) normalized by global-mean surface temperature change.
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other at the TOA (e.g. Cess 1975; Zhang et al. 1994; Soden and Held 2006; Held

and Shell 2012). Figure 3.11 shows our calculation of inter-model spread in the LW

response to lapse rate and water vapor changes, and their sum, for each model, at the

TOA and for the atmospheric column. At the TOA, the response to lapse rate and

water vapor have similar spread but opposite sign. Their sum has a smaller spread

than either individually. The total spread in TOA radiation is bigger than the sum of

these two effects, indicating that other feedbacks also play an important role. Con-

sistent with this compensation, the lapse rate and water vapor feedback are strongly

anti-correlated (r=-0.91) with similar magnitudes of variation across models (slope

m=-0.76, Fig. 3.12). If the responses scale across models as they do in the multi-

model mean, then we can understand these responses from the calculations reported

in on lines 8 and 9 (or 14 and 15), of Table 3.2. At the TOA, the response to chang-

ing lapse rate is comparable in magnitude and opposite in sign to the accompanying

constant-RH moistening. There is also a contribution to the water vapor feedback

from the moistening accompanying vertically-uniform warming.

For the atmospheric cooling (Fig. 3.11), the story is different from the TOA. The

atmospheric cooling response to changes in lapse rate and water vapor have the same

sign. The range of the sum of their responses has a magnitude similar to the response

to lapse rate change alone. The range in the total clear-sky atmospheric radiative

cooling is similar to the sum of these two effects, and to the change in precipitation.

The relationship between the responses to moistening and changes in lapse rate has

a weaker correlation (r=-0.68) and the variation across models in the magnitude of

the response to changing lapse rate is twice as large as water vapor (slope m=-2.1).

Why don’t the responses to changing lapse rate and water vapor compensate for

the atmospheric cooling? As for the TOA response, we can understand this in light

of the calculations documented in Table 3.2. The response of atmospheric cooling to

changes in lapse rate and the accompanying constant-RH moistening do compensate

(Fig. 3.13); models with larger responses to changing lapse rate have smaller responses
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Figure 3.13: The relationship between the LW atmospheric cooling response to chang-
ing lapse rate (LR) and vertically uniform (circles) and vertically varying (x’s) com-
ponents of fixed-RH water vapor (WV) change in CMIP5 simulations from different
models according to calculations with Fu and Liou (1992) radiative transfer code.

to changes in associated constant-RH moistening. However, the increased atmospheric

cooling to the surface due to moistening that accompanies vertically-uniform warming

is twice as large and of a different sign than for the TOA response in the multi-model

mean (Table 3.2), and is unrelated to the response to changes in lapse rate (Fig. 3.13).

This increase in emission to the surface due to moistening is the largest component

of the atmospheric cooling response to moistening. So the part of the response to

moistening that compensates for changes in lapse rate is smaller than it is for the

TOA response, and the sum of the two still has a substantial range.

It should be noted that these findings are different from those of O’Gorman et al.

(2012), who find that the compensation between the response to water vapor and

lapse rate changes does extend to the atmospheric cooling. Their response to lapse

rate is comparable to ours, but their response to water vapor has the opposite sign.

One important difference between the analyses is that they examine models forced by

a changes in aerosol forcing as well as greenhouse gases. Additional calculations with

the same clear-sky radiative kernels (from Previdi 2010) indicate that our calculations
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have a larger increase in emission to the surface due to moistening than theirs. Their

clear-sky response to multi-model mean warming and moistening is 1.5 W m−2 K−1

smaller than ours.

The LW response to changes in lapse rate and moistening at constant RH, and the

difference in SW absorption change across models each contribute to the inter-model

spread in clear-sky atmospheric radiative cooling, and thus the rate of precipitation

change. Changes in the cloud radiative effect are also a source of total-sky atmospheric

cooling spread.

3.6 Discussion

3.6.1 Role of clouds and sensible heat flux

How do clouds play a role in precipitation change? Zelinka and Hartmann (2010)

studied the LW cloud feedback (at the TOA) and showed that it is dominated by

high clouds maintaining a constant cloud top temperature as the climate warms.

This maintains nearly constant LW emission to space from these clouds. In the case

of atmospheric cooling, high clouds will not contribute to changing emission to space

unless cloud fraction changes, and they will shield some of the changes in clear-sky

LW emission to space, as we saw in Section 3.4.3. If high clouds decrease in area or get

warmer, precipitation will increase more with warming than otherwise. The presence

of high cloud will mitigate some of the increase in radiative cooling calculated in our

idealized setting.

Low clouds, on the other hand, increase precipitation. If low cloud were to decrease

with global warming, this would result in decreased precipitation.

We can calculate the CMIP5 multi-model mean changes including clouds from

total-sky TOA and surface radiative fluxes (rather than clear-sky, as in the rest of

this study). The change in total atmospheric radiative cooling is 0.8 W m−2 K−1.

Subtracting the change in clear-sky radiative cooling from the total radiative cooling
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provides the change in atmospheric cloud radiative forcing, -0.4 W m−2 K−1. This

would reduce the precipitation increase compared to the clear-sky radiative response.

The cloud radiative forcing change is driven by a change in LW cooling to the surface

of -0.9 W m−2 K−1, and is opposed by a change in LW cooling at the TOA of 0.4

W m−2 K−1 and a change in SW cloud radiative forcing of 0.1 W m−2 K−1. Simple

calculations presented in Section 3.4.3 indicate that these are all consistent with a

reduction in cloud fraction of both low and high clouds (Zelinka et al., 2012). Both

changes in masking of clear-sky radiative cooling response and changes in the clouds

themselves compose the cloud radiative forcing change.

In the multi-model mean of the transient CO2 increase experiments (Table 3.1),

sensible heat flux (from the surface to the atmosphere) decreases by 0.3 W m−2 K−1,

or 30% of the precipitation increase. A reduction of sensible heat flux would support

increased precipitation. This is a substantial but not dominant factor contributing

to precipitation change. Coincidentally, perhaps, the changes in sensible heat flux

and cloud radiative forcing nearly offset each other in this transient CO2 increase

experiment. Sensible heat flux plays a role in balancing global-mean precipitation

change when changes in the climate state are very large (O’Gorman and Schneider,

2008).

3.6.2 Role of aerosol forcing

The atmospheric energy budget perspective on precipitation change is useful for cli-

mate forcing agents other than CO2. Black carbon is noteworthy because its TOA

radiative forcing is small compared to its impact on precipitation change. Its main

effect is to absorb SW in the atmosphere that otherwise would have been absorbed

at the surface. While it causes warming as expected from its TOA radiative forcing,

black carbon can dramatically reduce precipitation in ways that are not predictable

from its TOA radiative forcing (Ming et al., 2010). Chapter 2 showed that variation in

clear-sky shortwave absorption explains half of the variance across models in precipi-
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tation change in the A1b scenario of AR4, and in two models the change in absorption

is due to black carbon forcing prescription. For black carbon, the atmospheric energy

balance is a more reliable guide than the TOA perspective.

Another interesting situation in which the atmospheric energy perspective can

guide us is stratospheric sulfate aerosol geoengineering. McCusker et al. (2012) per-

formed an experiment in which global-mean surface temperature was held constant

by increasing CO2 while simultaneously increasing sulfate aerosol in the stratosphere

just enough to compensate. In this experiment, precipitation decreased steadily as

CO2 and stratospheric sulfate aerosol increased. We need only one of the calcula-

tions from our framework, the CO2 forcing, to explain this experimental result. The

CO2 forcing caused the atmospheric cooling rate to decrease. The temperature did

not change, so the surface temperature-dependent responses of atmospheric radiative

cooling also did not change. The sulfate aerosol acts by reflecting SW to space that

would usually be absorbed at the surface, but this has little effect on the atmospheric

energy budget and precipitation. The CO2 forcing can be viewed as directly sup-

pressing the precipitation in this experiment, causing precipitation to decrease even

without surface temperature change.

3.6.3 The surface energy perspective

In addition to the atmospheric radiative approach taken here, there are at least two

other approaches to diagnosing the global-mean sensitivity of precipitation or evapo-

ration to climate change: the surface radiation and the bulk flux perspectives. The

bulk flux perspective is taken by Lorenz et al. (2010) and Richter and Xie (2008).

Lorenz et al. (2010) differentiate the formula for bulk evaporative moisture flux from

the ocean into terms depending on near-surface RH change, air-sea temperature differ-

ence change, and drag coefficient change (which includes changes due to near-surface

wind speed). This approach paints a qualitatively different picture of surface turbu-

lent moisture flux from the ocean, rather than radiative flux change globally (over
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land as well as ocean), but both diagnostic approaches must be physically consistent;

moisture and energy fluxes must balance.

As for the surface and atmospheric radiative constraints; there are reasons to

choose the atmospheric energy constraint on precipitation over the surface energy

constraint on evaporation. First, clouds have a strong effect on SW radiation at the

surface, whereas they only weakly affect the atmospheric SW balance. SW reflected

by clouds can have an effect on precipitation primarily by cooling the planet. Lambert

and Webb (2008) pointed out that the shortwave cloud feedback does not enter the

atmospheric radiation budget as it does the TOA radiation budget, which is fortuitous

since the SW cloud feedback is the most uncertain component of the TOA radiation

budget. However, SW cloud feedback is very important for the surface and planetary

energy budgets.

The changes in SW cloud forcing for the atmosphere and surface in the CMIP5

multi-model mean are comparable in magnitude: 0.1 W m−2 K−1 in the atmosphere

and 0.2 W m−2 K−1 at the surface. But the range of these values across the models

is telling. For the atmosphere, the range is 0.2 W m−2 K−1, while at the surface it is

2.0 W m−2 K−1, ten times bigger.

Second, the surface heat capacity is bigger than the atmosphere’s heat capacity,

so the timescale for the surface to achieve balance is longer than the timescale for the

atmosphere. For the surface to be in balance, we need to consider the ocean mixed

layer, and deep circulation. The rate of change of storage in the ocean is estimated

to be about 0.5 W m−2 at the present time (Loeb et al., 2012). The atmosphere

equilibrates more quickly, so precipitation is more immediately constrained by the

atmospheric budget.

3.7 Conclusion

Calculations with a column radiative transfer model and profiles of temperature and

relative humidity quantify the sensitivity of the atmospheric cooling rate to uniform
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warming, upper tropospheric amplification of warming, constant relative humidity

moistening, and CO2 forcing. These calculations are used to understand the changes

driving atmospheric cooling, which is the thermodynamic constraint on global-mean

precipitation response to CO2 forcing. The change in atmospheric cooling accounted

for here is 1.2 W m−2 K−1, and includes the response to changing temperature,

constant relative humidity moistening, and CO2 increase. In CMIP5 transient CO2

increase experiments, clear-sky atmospheric cooling increases by 1.2 W m−2 K−1,

while precipitation increases by 1.1 W m−2 K−1.

In both idealized calculations and in global warming simulations with GCMs,

the atmospheric cooling rate response is dominated by surface, rather than top-of-

atmosphere, flux change. The dominant response at the surface is increased downward

emission from the atmosphere, to which increases in water vapor in the lower tropo-

sphere make the dominant contribution. We expect that the underlying principles

of this framework should extend to other forcings including aerosols and non-CO2

greenhouse gases as well (as in Kvalev̊ag et al. 2013).

Radiative responses to the presence of idealized clouds are calculated. High clouds

suppress precipitation while low clouds enhance it. The change in GCM atmospheric

column cloud radiative forcing (including both cloud feedback and change in cloud

masking) due to CO2 increase is -0.4 W m−2 K−1, bringing the total atmospheric

column radiative cooling increase to 0.8 W m−2 K−1.

We show that the inter-model spread in the rate of precipitation increase across

the CMIP5 simulations can be attributed to differences in the atmospheric cooling.

Clear-sky atmospheric shortwave absorption varies widely across models, not due to

the spatial and temporal pattern of moistening, but more likely to differences in the

formulation of shortwave absorption. The clear-sky atmospheric longwave cooling

response to changing lapse rate and water vapor contribute substantially to the inter-

model spread in atmospheric cooling rate, in contrast to the top-of-atmosphere. Cloud

radiative forcing change has the same range of inter-model spread as each of the
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aforementioned components, but it is not significantly correlated with precipitation

change. Changes in relative humidity are not an important contributor to inter-model

spread.

This study demonstrates that a nearly sufficient framework to understand the at-

mospheric energy constraint on global-mean precipitation is the clear-sky response

of the atmospheric radiation to changes in profiles of temperature and moisture and

to CO2 forcing. This framework connects precipitation changes to temperature and

moisture changes through their role in the atmospheric energy budget. These connec-

tions provide a straightforward physical understanding of how and why global-mean

precipitation increases with global warming at a rate much less than the increases in

water vapor.



56

Chapter 4

CHANGES IN THE DISTRIBUTION OF RAIN IN
RESPONSE TO WARMING IN MODELS AND

OBSERVATIONS

Chapters 2 and 3 examined how atmospheric radiative cooling responds to car-

bon dioxide increase, and established that global-mean precipitation responds to this

change in radiative cooling. In this chapter, we explore how this response unfolds in

terms of the distribution of rain frequency and intensity.

4.1 Introduction

Rain responds to global warming in climate models in two robust ways: the total

amount of rainfall increases, and the rain rates of the heaviest events increase more.

The rate of increase of global-mean rainfall is constrained by energetics to roughly

2 % K−1 (Held and Soden, 2006), while the intensity of extreme events is driven by

increases in moisture (specifically, moisture convergence) and increases by at least 5 %

K−1 (O’Gorman and Schneider, 2009a) but possibly much more (Allan et al., 2010).

Trenberth (1999) determined that this disparity implies a change in the frequency

distribution of rainfall toward more heavy rain, as well as a decrease in rain frequency.

We approach the response of the rainfall distribution from the energetic perspec-

tive. It is the latent heat imparted by rain, rather than rain frequency, that is ener-

getically constrained. For this reason, we focus on the distribution of rain amount.

The energetic perspective also motivates us to take a global perspective to integrate

over large areas that include shifts of precipitating systems in space, and ensure that

we capture the entire distribution of rain, without missing the heaviest events, which



57

make substantial contributions to rain amount.

Atmospheric cooling is smoother in space and time than precipitation, so we expect

the increased atmospheric cooling to affect the entire precipitation distribution. We

anticipate coherent modes of change, where changes at any rain rate are related to

those at other rain rates, so we formulate modes of response of the distribution.

The goals of this study are: to describe the character of the changes in precipitation

that balance increased atmospheric cooling, and to quantify ways the distribution of

rain could change in order to understand how the constraints of energy and moisture

are simultaneously met. To accomplish this, we introduce two modes of coherent

change of the rain amount distribution: an increase in rain amount at all rain rates

(the increase mode), and a shift of the rain amount distribution to higher rain rates

(the shift mode). The increase mode changes the total amount of rain, while the shift

mode is energetically neutral. We apply these two modes to the GCM response to

CO2 increase, and to the responses of modeled and observed distributions over ENSO

phases. In addition to the coherent modes of response, some models show an isolated

response at heavy rain rates, which we call the extreme mode.

In the next section, we introduce the GCM and observational datasets we will

use, and consider the climatological rainfall distributions. Then, we discuss the two

modes of change. Next, we fit the modes of change to the rain amount response

to carbon dioxide increase and ENSO phases in CMIP5 models, and ENSO phases

in observations. Later, we consider the implications for the change in frequency

distribution, particularly extreme events. Finally, we try to understand the differing

responses across models.

4.2 Data and methods

In this section we document the GCM simulations and observational datasets, and our

methodology for calculating the distributions. We analyze daily rainfall accumulation

from models and observations.
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4.2.1 Daily rainfall data

To calculate the model precipitation distributions and their response to CO2 doubling,

we use climate model simulations from the CMIP5 archive (Taylor et al., 2012). Mod-

els whose simulations we use are listed in Table A.1. We use simulations from three

experiments; one-percent-per-year CO2 increase (1pctCO2), Representative Concen-

tration Pathway with radiative forcing reaching 8.5 W m−2 near 2100 (RCP8.5), and

Atmosphere Model Intercomparison Project (AMIP). The fully-coupled 1pctCO2 sce-

nario provides the response to CO2 doubling. We compare years 1-10 (the start of

the simulation) and years 61-70 (CO2 doubles at year 70). We use one ensemble

member from each of the 22 models with archived daily rainfall accumulation and

surface air temperature. To evaluate the response to tripling of CO2, we take years

102-111 of the experiment, and for CO2 quadrupling we use years 130-139. From the

RCP8.5 simulations, we compare 2006-2015 with 2090-2099. For models and scenarios

where convective and large-scale precipitation are separately reported, we perform a

separate analysis of these classes of model precipitation.

To examine the modeled response to ENSO, we use the AMIP experiments from

the CMIP5 archive, though they are not coupled. In AMIP experiments, sea surface

temperature (SST) is prescribed from observations over the historical period, along

with prescribed historical forcings. These experiments allow us to examine the mod-

eled response to ENSO SST forcing despite that not all models have good ENSO

responses when run in coupled mode. We use one ensemble member from each of the

27 models with archived daily precipitation data from 1979-2007. We normalize by

each model’s tropical mean surface air temperature change from cold to warm ENSO

phase. We choose warm and cold ENSO months based on the same NINO3.4 dataset

index we use for observational data (described below), which is possible because the

SSTs are prescribed in the models.

For observational distributions of rainfall and its response to ENSO phases, we use
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two gridded observational datasets that merge data from satellite and rain gauges.

Global Precipitation Climatology Project One-Degree Daily data (GPCP 1DD, Huff-

man et al., 2001) has global coverage at one degree resolution in latitude and longitude.

We use data from 1997-2012. TRMM 3B42 version 7 (Huffman et al., 2007) covers

50 S to 50 N at 0.25 degree resolution from 1998-2012.

To determine ENSO phase, we obtained the monthly timeseries of SSTs in the

NINO3.4 region (5 N - 5 S, 170-120W) from NOAA ESRL PSD (http://www.esrl.noaa

.gov/psd/data/climateindices/list) and calculated NINO3.4 index following Trenberth

(1997). For the warm phase composite, we choose the months with the highest

NINO3.4 index. We use 50 months for observations and 100 for AMIP simulations (to

make use of the longer model simulations). Because we do not remove the seasonal

cycle when calculating the rainfall distribution, it is important to make sure we use

the same months of the year in the warm and cold phases. In order to enforce this

requirement, we choose cold months so that the distribution of months is the same as

for the warm months. For example, 5 of the warm months over the GPCP period are

January, so we choose the 5 coldest Januaries for the cold phase. We use HadCRUT4

(Jones et al., 2012) to calculate the observed change in tropical surface temperature

from cold to warm ENSO phase (0.35 K for the GPCP period).

Finally, we touch briefly on the climatological rainfall distribution from weather

stations with the Global Historical Climatological Network Daily data (Klein Tank

et al., 2002). We use only the GCOS surface network (GSN) subset of stations, which

are distributed more evenly than the full set of stations (though station data is only

available on land). Following IPCC (2013), we only use stations with at least 40 years

of data ending after 2003.

4.2.2 Calculating rain amount and rain frequency

Now that we have described the datasets that we are using, we next discuss our

methodology for calculating distributions of rain amount and frequency, and their
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changes.

We analyze daily rainfall accumulation data, rather than instantaneous, hourly,

5-day or monthly data. Trenberth et al. (2003) and Stephens et al. (2010) argue

that instantaneous rain rate is the best variable to consider. However, Liu and Allan

(2012) find that some averaging of observational data is necessary for purposes of

inter-comparison. They show that the distributions of precipitation in satellite data

and gridded analyses agree better when averaged over five days than for daily or

instantaneous data. Daily satellite observations are the average of only two snapshots,

while the daily merged, gridded products have more implicit averaging. Other recent

studies use monthly-mean data to look at the distribution of rain (Liu et al., 2012;

Lau et al., 2013). This removes all variability on less than monthly timescales, which

is not desirable. Daily gridded data preserves as much information as possible by

providing some temporal averaging, but not more than is necessary to make (gridded)

observations comparable with models.

The choice of rain rate bin structure is fundamental to all rainfall distribution cal-

culations. Rain rate, even accumulated over a day, varies by over orders of magnitude

from day to day and from one location to another. A wide variety of possible bin

structure choices can be found in the scientific literature. Some studies use linearly

distributed rain rate bins, often with 1 mm d−1 spacing (e.g., Chou et al., 2012).

Linear spacing of bins has the benefit that the bins are related in an obvious way,

but a substantial drawback is that the bins do not have reasonable sampling at high

rain rates. Other studies use irregular bin spacing to improve sampling and capture

the entire distribution, but this may make it impossible to work with the distribu-

tion mathematically. Following Watterson and Dix (2003), we use logarithmically-

distributed rain-rate bins. This coordinate makes mathematical operations tractable

and captures the entire distribution from light to heavy rain with adequate sampling.

In log coordinates, each rain rate bin is a fixed percentage wider than the previous

one, and has a bin center the same percentage larger. We choose bin spacing of seven
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percent to balance resolution and sampling. For example, one rain rate bin is centered

at 10.6 mm d−1 and has a width of 0.78 mm d−1, while the next bin is centered at

11.4 mm d−1 and has width 0.84 mm d−1. The smallest non-zero bin is centered at

0.03 mm d−1 and has width 0.0025 mm d−1, and the largest bin needed for CMIP5

model data is centered at 663 mm d−1 and has width 49.0 mm d−1. Bins include all

rain rates in the dataset greater than 0.03 mm d−1 and are spaced widely enough to

provide adequate sampling. Because of the logarithmic structure, movement along

the rain rate axis is expressed as a percentage change in rain rate. A seven percent

increase in rain rate is simply a movement of one rain-rate bin.

Another decision that must be made is the dry threshold. The ability to de-

tect rainfall varies by measurement technique. Gridded observations and model data

represent a spatial average rather than a single point in space, so that an objective

threshold is not obvious. Some studies and guidelines define wet days as having a

minimum accumulation of 1 mm (Sun et al., 2006; Klein Tank et al., 2009). Other

studies extend the dry threshold to 0.1 mm d−1 (e.g., Chou et al., 2012). We extend

the distribution to somewhat below 0.1 mm d−1 to capture most of the distribution.

We add into the dry frequency the amount below the dry threshold, which is an addi-

tional 3% of days in GPCP. We miss a negligible amount of the total rainfall (0.014%

in GPCP) by ignoring the rain amount below the dry threshold.

Focusing on the global scale allows us to integrate over spatial shifts in precip-

itating systems, like the ITCZ and storm tracks, which occur with climate change.

Some studies (e.g., Pall et al., 2007; O’Gorman and Schneider, 2009a) take a zonal

mean perspective, in which expected shifts of the ITCZ and storm tracks are promi-

nent. Watterson and Dix (2003) look at the changes in distributions at individual

locations. For changes in precipitation at many locations (and thus for impacts of

precipitation change), geographical shifts in precipitation systems may dominate over

thermodynamic effects.

Spatial resolution of precipitation data has been identified as a contributing factor



62

to disagreements among observational datasets and between models and observations

(Chen and Knutson, 2008; Kopparla et al., 2013). When comparing two distribu-

tions, we coarsen the higher spatial-resolution precipitation data using an averaging

scheme that conserves the total amount of rain (Jones, 1999) before calculating the

distribution. We coarsen the 0.25 degree TRMM dataset to the 1 degree GPCP grid.

Model resolution ranges from 0.75 to 2.8 degrees (for models analyzed from the CO2

increase experiment). We coarsen the GPCP to model grids when the model resolu-

tion is more coarse than 1 degree, and coarsen neither GPCP nor the model for the

two models with at least 1 degree resolution. Both daily gridded data and model data

have implicit spatial averaging, so in this sense they are fundamentally different from

station data, which represent single points in space.

With these decisions about coordinate system, dry threshold, and spatial averaging

made, we calculate the distribution of rain frequency and amount. At each grid-point,

we calculate the rain histogram to form the rain frequency distribution. We tabulate

the total amount of rain that falls in each rain rate bin to form the rain amount

distribution. Then we take the area-weighted average of the distributions over the

globe to obtain global-mean distributions. A mathematical description of how we

calculate the distributions is presented in Appendix B.

Climate models calculate rain in two different ways: when a grid cell reaches

saturation, they create large-scale (or resolved) precipitation, and a convective pa-

rameterization produces rain that represents events unresolved at the grid scale. We

calculate two additional distributions using daily convective rainfall data. The first

is the convective precipitation fraction in each bin of total rain rate. The second is

the amount of convective precipitation falling in each total rain rate bin. These are

also described in Appendix B.

We calculate rain amount and rain frequency distributions separately for the first

ten years of the CO2 doubling model simulations and the ten years immediately prior

to doubling (years 61-70), and for the warm and cold phases of ENSO. We report
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the absolute changes in rain frequency and rain amount. Some studies report the

percentage change of rain frequency and amount distributions (e.g., Sun et al., 2007;

Lau et al., 2013), but this has some undesirable properties. The maximum rain

rate increases with warming, so for the highest rain rates the percent change in the

distribution is not defined. The percentage change will also depend very strongly on

the bin structure used. For these reasons, we look at absolute changes in the rain

frequency and amount distributions.

Extreme precipitation is typically quantified by the rain rate for some cumulative

percentile of the rain frequency distribution (e.g., Allen and Ingram, 2002; Pall et al.,

2007; O’Gorman and Schneider, 2009a). Using our global distribution of rain fre-

quency, we form the cumulative probability distribution of rainfall. We include both

wet and dry days, following other studies (e.g., O’Gorman and Schneider, 2009a).

Including wet and dry days in cumulative frequency calculations increases agreement

between models and observations. We then interpolate the rain rates from this cu-

mulative distribution onto a logarithmic percentile axis to compare the rate rain as a

function of percentile between an initial distribution and a later one. We report the

percent change in rain rate at a given percentile of the distribution. The large range

of rain rates makes relative change a convenient measure.

Finally, we put error bounds on our calculated distributions. To estimate the error

in model simulations, we use the spread across models as a measure of variability, and

determine the 95 % confidence interval using the Students t-test assuming each model

is independent. To estimate the error of our observed composites, we calculate the

distribution for each month of the 50 months of data separately, and then determine

the 95 % confidence interval using the difference-of-means test.
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4.3 The rain amount distribution and its change

4.3.1 Climatology

In this section we look at similarities and differences among modeled and observed

rain amount and rain frequency distributions. The global-mean distributions of rain

amount and rain frequency for both GPCP and the CMIP5 multi-model mean are

shown in Fig. 4.1. To address potential inconsistency between models and observa-

tions due to their differing resolution, the GPCP distribution is calculated as follows.

The GPCP data is coarsened to each model’s grid, the distribution of the coarsened

GPCP data at each grid-point is calculated, each distribution of coarsened data is av-

eraged globally, and then the global distributions are averaged together to obtain the

distribution shown in Fig. 4.1. The GPCP and model rain amount distributions agree

broadly. They both peak around 10 mm d−1, and are in agreement for moderate rain

rates. But, the model rain amount is slightly higher at the highest and lowest rain

rates. The GPCP rain amount distribution is narrower than the multi-model mean.

The area under the rain amount curve is the global-mean rainfall, which is lower in

GPCP, at 2.7 mm d−1, than in the models, at 2.9 mm d−1. Stephens et al. (2012)

argued that GPCP underestimates the total rainfall compared to what is needed to

balance observed atmospheric radiative cooling.

The multi-model mean rain frequency distribution agrees relatively well with

GPCP above about 10 mm d−1. At lighter rain rates, between about 0.1 and 5

mm d−1, models have a much higher frequency of rain than GPCP or TRMM. Mod-

eled rain frequency peaks at 1.1 mm d−1, where it is nearly twice as frequent as

GPCP. Models and GPCP disagree drastically on the dry-day frequency. The dry-

day frequency is 24% in the multi-model mean, but 42% in GPCP. Extending the

precipitation bins below 1 mm d−1 heightens the discrepancy compared to studies

that include this light rain in the dry-day count.

The rain amount distribution emphasizes higher rain rates more than the rain
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Figure 4.1: (left) Rain amount (mm d−1) and (right) rain frequency distribution (%)
climatologies in (top) CMIP5 models and GPCP observations globally and (bottom)
TRMM 3B42 and GPCP gridded observations from 50 S to 50 N. For observational
data, both total (black) and land (brown) are shown. Dry frequency is noted at the
top left, with GHCND in italic, models and TRMM in bold, and GPCP normal.
Gridded observations are coarsened before distributions are calculated. Gray lines
show the 95% confidence interval on the multi-model mean according to the student’s
t-test across the model distributions.
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frequency distribution does. Models and observations agree better at higher rain rates

than lower ones, so the modeled rain amount distribution is more similar to GPCP

than the frequency distribution. The similarity in rain amount despite differences in

rain frequency could be anticipated because rain amount is an important factor in

the energy budget, and models are roughly in energetic balance. The other side of

this coin is that having many or few light rain events makes only a small difference

in terms of latent heating.

Most models have a shape similar to GPCP, with a peak somewhere slightly above

10 mm d−1, shown in Figure 4.2. Some models (including BCC-CSM1.1 and IPSL-

CM5B-LR) have an extra feature on the high end of the distribution, and the IPSL

models each have an extra bump at light rain rates. Many models have distributions

that closely resemble GPCP, including the MPI-ESM models (Mauritsen et al., 2012).

The bottom panels of Figure 4.1 compare the rain amount and rain frequency

distributions from different observational datasets. Data are restricted to 50 S - 50 N

consistent with TRMM’s coverage, and coarsened to the GPCP 1-degree grid. The

datasets agree on the general shape of the distribution, but disagree on many details.

TRMM has a broader distribution of rainfall than GPCP, with more rain at low and

high rain rates, particularly over ocean. The datasets agree closely the total amount

of precipitation. Overall, GPCP and TRMM show better agreement on rain amount

than rain frequency, just as GPCP and models agree better on total amount than

frequency.

Also included in the bottom panels of Figure 4.1 is the distribution of station-based

GHCND data, which can be most closely compared with land data from GPCP and

TRMM, though the station data measures rain at individual points in space (and only

locations with weather stations) while GPCP and TRMM represent area-averaged

rain accumulation. Because GHCND data is stored with a resolution of just 0.1 mm

d−1, calculating the distribution for wet days below about 10 mm d−1 of rain is prob-

lematic (as is evident in the rain frequency distribution). At the heaviest rain rates,
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Figure 4.2: Rain amount distribution for each CMIP5 model (thick solid lines) and
GPCP (dashed lines; GPCP data is coarsened to model grid before binning as in Fig.
4.1).
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TRMM and GPCP slightly underestimate rain amount compared to GHCND, while

at moderate rain rates they underestimate it more severely. The dry-day frequency

in GHCND data agrees more closely with TRMM than GPCP. Overall, the degree of

agreement on rain amount among the three observational datasets is reassuring.

We focus our analysis on the change in modeled and observed distributions relative

to their own base states to account for the differences in climatological distributions

among models and observations.

4.3.2 Two modes of change: shift and increase of rain amount

In this section we will formulate some simple modes of change of the rain amount

distribution. Before considering changes in rain, we must define some terms. The

rain rate r is in mm d−1, though we’ll work in coordinates of ln r. The cumulative

distribution of rain amount P (r) is,

P (r) =

∫

ln r

ln rmin

p(ln ṙ)d ln ṙ, (4.1)

where p(ln r) is the precipitation density function. Dots indicate placeholder variables

over which the integral is taken. The units of P are mm d−1, and p = dP/d ln r. Then

the total rainfall (the global-mean precipitation) is P = P (∞) = P (rmax). The dry-

day threshold is rmin, and the maximum daily rainfall in our dataset is rmax. We

assume P (rmin) = 0. The cumulative distribution of rain F (r) is,

F (r) =

∫

ln r

−∞

f(ln ṙ)d ln ṙ = Fd +

∫

ln r

ln rmin

f(ln ṙ)d ln ṙ, (4.2)

where f(ln r) is the probability density function of rain, and F (∞) = F (rmax) = 1.

We’ll refer to f as the rain frequency distribution. Fd = F (rmin) is the dry-day
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frequency. The rain amount (p) and rain frequency (f) distributions are related by,

p(ln r) = rf(ln r), and (4.3)

f(ln r) =
p(ln r)

r
. (4.4)

We have d ln r = dr/r, and as long as changes are small, we can approximate the

infinitesimal changes with finite ones, ∆ ln r = ∆r/r. We express ∆r/r in percent.

Changed distributions will be indicated by primes (f ′, p′, and F ′

d).

How might the distributions of rain amount and rain frequency respond to changes

in climate? One way rain could change is that it could become more frequent. The

distribution of rain when it is raining would stay the same, but it would rain more

often, with more rain falling at each rain rate. We’ll call this mode the increase mode.

If the rain increases by a fraction a at each rain rate,

p′(ln r) = (1 + a)p(ln r), which also requires (4.5)

f ′(ln r) = (1 + a)f(ln r). (4.6)

The increase mode results in a decreased dry-day frequency, F ′

d = 1− (1+a)(1−Fd),

and an increase in total rainfall P
′

= (1 + a)P . Note that the increase in rain must

be balanced by a corresponding increase in total atmospheric cooling. We can also

have negative a, where the total precipitation and frequency of rainfall decrease.

The increase alone is unlikely for energetic reasons and lacks some features that

we might anticipate in the rainfall response. For example, it does not allow for an

increase in the maximum rain rate. For fixed circulation, we expect an increase in the

maximum rain rate in a moister atmosphere. Also, the increase requires a change in

the total atmospheric cooling needed to balance precipitation, which must be achieved

by increased loss to space or to the surface (Chapter 3).

Another possible response is that the rain amount distribution could shift to higher
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rain rates. Then, the same amount of rain would fall, but at higher rain rates. If the

distribution stays the same shape, enclosing the same total area, then this change will

be energetically neutral, not requiring a change in the atmospheric radiative cooling

to balance it. If the distribution shifts to the right by b = ∆r/r, then this shift mode

is,

p′(ln r) = p(ln r − b). (4.7)

If the same amount of rain falls at higher rain rates, then less time is spent raining.

So, we should expect the rain frequency to decrease and dry-day frequency to increase

with a shift to higher rain rates. Noting that r(ln r − b) = re−b, we can find the new

frequency distribution,

f ′(ln r) = e−bf(ln r − b), (4.8)

F ′

d = 1−
1− Fd

eb
. (4.9)

The total rainfall does not change, so P
′

= P . A schematic of the increase and shift

is shown in Fig. 4.3.

The modes we have chosen to focus on are somewhat arbitrary; others are possible.

One can imagine a mode where the shape of the rain frequency distribution and the

total frequency of rain do not change, but rain amount increases when it is raining.

This would be a shift of the rain frequency distribution to higher rain rates, f ′(ln r) =

f(ln r − ∆ ln r), analogous to the shift of the rain amount distribution in the shift

mode. This would not change the dry-day frequency, but the total amount of rain

would increase, and the shape of the rain amount distribution would change. In fact,

this movement of the rain frequency distribution with no change in shape is equivalent

to the shift and increase modes simultaneously changing by the same amount, a = b

(for small changes a, b << 1 when f and p can be linearized). We’ll call this the
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Figure 4.3: Schematic of the modes of change of the rain distribution introduced here:
the increase (red, left), shift (blue, center), and increase intensity (green, right) in the
rain amount distributions (top) and the accompanying rain frequency distributions
(bottom). Initial distributions from GPCP are shown in black, and the new distribu-
tion resulting from a large, 30 %, shift or increase shown in color. Only the increase
mode and shift mode are used in calculations; the third mode occurs when the first
two have equal magnitude.
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increased intensity mode. Because this mode is degenerate with the sum of the shift

mode and the increase mode, we will show it schematically but we will not calculate

it independently.

4.3.3 The shift and increase in response to CO2 doubling

In this section we compare the response of CMIP5 models to CO2 doubling using our

modes of change as metrics. Water vapor increases at around 7 % K−1, and previous

work discussed in Section 4.1 established that rate as a reasonable estimate of the

change in extreme precipitation. What would the response of the rain distribution

to a 7 % increase mode, shift mode or increased intensity mode look like? Figure

4.4 shows these changes in terms of the rain amount, rain frequency, and extreme

precipitation response, along with the CMIP5 multi-model mean response to CO2

doubling.

To calculate the CMIP5 multi-model mean response, the globally-averaged rain

amount and rain frequency distribution for each model is calculated for the first ten

years of the simulation, and for the ten years immediately prior to CO2 doubling.

The model distributions are averaged together to get the initial and doubled-CO2

distributions. Finally, the initial rain amount and rain frequency distributions are

subtracted from the doubled-CO2 distributions.

First, focus on the change in rain amount distribution. The CMIP5 response has

an increase at heavy rain rates and a decrease at moderate rain rates, though the

total area under the change curve is positive (indicating increased total rainfall). The

shift mode resembles the rain amount distribution most closely, both in the amount

of the change that it captures and in overall shape. Recall (from Section 1.3) that

other studies have found an increase at high rain rates and decrease at moderate rain

rates, reminiscent of this shift. The zero-crossing line of this shift occurs at the peak

of the rain amount distribution, around 10 mm d−1. The increased intensity mode

has far too high of a peak , and lacks the minimum at moderate rain rates shown by
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the shift mode. For all three modes, a change of 7 % K−1 greatly overestimates the

model response.

Now turn to the response in rain frequency distribution. The model response shows

slight increases at heavy rain rates and decreases at moderate rain rates (consistent

with the change in rain amount). It also has a slight increase at light rain rates which

plays a negligible role in the rain amount distribution. Finally, dry-day frequency

increases modestly. This pattern is consistent with Lau et al. (2013).

Both the increase and shift modes show some agreement with the change in fre-

quency at high rain rates, but these make up only a small portion of the change in

rain frequency (in contrast with rain amount). The model response has a small in-

crease in dry-day frequency, consistent with the shift. Both the increase and shift of 7

% K−1 drastically overestimate the comparatively modest changes in rain frequency.

The increased intensity pattern shows a more reasonable degree of change, since it

is the difference between the large and opposing changes in the increase and shift

modes, but the pattern of change it shows is inconsistent with the model response.

Note that in this frequency shift, the zero-crossing occurs at the peak of the rain

frequency distribution, which is at light rain rates for the multi-model mean. Light

rain decreases in frequency, while both moderate and heavy events increase.

Finally, focus on the extreme precipitation response. The model response is mod-

estly negative below the 80th percentile, and increases with percentile almost linearly

(though the percentile scale is logarithmic), reaching 7 % K−1 at about the 99.99th

percentile. The shift mode comes closest to matching the shape of the modeled ex-

treme precipitation response. But, it underestimates the response at the highest and

lowest rain rates and overestimates it at moderate rain rates. In contrast, the increase

mode has increases at all percentiles, which decrease with rain rate. It has dramatic

increases in rain rate at moderate percentiles and more modest increases at the high-

est percentiles. The increased intensity is the superposition of these, with rain rate

increasing 7 % at all percentiles. It is consistent with the response at the 99.99th
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percentile, but overestimates the response in the rest of the distribution.

Instead of arbitrarily choosing a shift and increase of 7 % K−1, we can calculate

the magnitudes of the shift and increase modes that produce the closest possible fit

to the model response. We can superpose the shift and increase to allow aspects of

both modes in our fit. We will call their superposition the shift-plus-increase.

In order to optimize the shift-plus-increase, we make some assumptions. First, we

assume that all changes are small, so changes in p can be linearized,

p(ln r − b) ≈ p(ln r)− b
dp

d ln r
. (4.10)

Next, the model distribution and its response are discrete distributions, so we use a

discrete approximation to the problem. Then, we must choose an error metric. We

choose the sum of the square of the difference between the shift-plus-increase and the

model response, E =
∑

(∆p−∆pm)2, where ∆pm is the model response, ∆p = p′−p,

and the sum is taken over all r bins.

To fit the magnitude of the increase and shift, a and b, we find where E has a local

minimum with respect to each of a and b. This produces the following two-variable

linear set of equations,





Σp2 −Σp dp

d ln r

−Σp dp

d ln r
Σ
(

dp

d ln r

)2









a

b



 =





∑

p∆pm

−
∑

dp

d ln r
∆pm



 . (4.11)

We cannot also fit the increased intensity mode because it is degenerate with the sum

of the shift mode and increase mode, so Equation 4.11 would be under-determined.

We must choose two of the three modes to fit, and we choose the shift and increase

modes.

The optimal shift-plus-increase for the multi-model mean response is shown in

Fig. 4.5. The magnitude of the shift mode is 3.3 % K−1 and the increase mode is

0.9 % K−1. Between about 1 and 50 mm d−1, the shift-plus-increase falls within the
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Figure 4.5: CMIP5 multi-model mean rain amount response to CO2 doubling (mm d−1

K−1). The model response (black), increase (red), shift (blue), and shift-plus-increase
(magenta) are shown. Gray lines show 95% confidence interval of the multi-model
mean response.

range of uncertainty in the model response. At the highest and lowest rain rates,

the shift-plus-increase underestimates the rain amount response. The sum of squared

differences will emphasize the largest differences, but we are more interested in how

much of the change in rainfall is captured by the response. We report the error in

terms of how much of the precipitation response it fails to capture,

Error =
Σ|∆p−∆pm|

Σ|∆pm|
. (4.12)

The error of the shift-plus-increase is 0.33 (33%), indicating that the shift-plus-

increase captures all but a third of the modeled response.

The change in total rainfall captured by the shift-plus-increase is the same as the

increase portion itself, 0.9 % K−1. The model response of total rainfall is 1.5 % K−1,
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Table 4.1: The shift and increase in response to CO2 doubling in CMIP5 model
simulations, along with the error of the fit. (left) Fit to the multi-model mean response
and (right) average of the fits to each model’s response. Shifts, increases, and ∆P
have units of % K−1, where changes are normalized by the global-mean surface air
temperature change. The error is the absolute value of the difference in rain amount
normalized by the target change in rain amount.

Change in model mean Mean of model changes Actual
Region Shift Inc Error Shift Inc Error ∆P

(% K−1) (% K−1) (% K−1) (% K−1) (% K−1)
Global 3.3 0.94 0.33 3.3 1.1 0.49 1.5
Sea 3.1 0.94 0.36 3.1 1.0 0.52 1.4
Land 3.5 0.86 0.49 3.7 0.99 0.53 1.8
Extra-tropics 4.0 1.3 0.34 3.9 1.3 0.36 1.9
Tropics 2.9 0.56 0.43 3.1 0.78 0.50 1.2

which is larger. The missing rainfall occurs at heavy and light rain rates. Of the total

error, 52% comes from the missing rain falling at rates of at least 40 mm d−1, and

25% comes from the missing rain falling at rates below 2.5 mm d−1.

We can also calculate the optimal shift-plus-increase for each model’s response to

CO2 forcing. The responses for each model, along with their shift-plus-increase fits,

are shown in Fig. 4.6. Most, but not all, models share the increase in rain amount at

high rain rates and decrease at lower rain rates. The increase mode ranges from 0.3

to 2.4 % K−1. The shift mode ranges from 5.8 to -0.16 % K−1. Errors of the fit range

from 14 to 93%. The average of the model responses, along with the multi-model

mean, are listed in Table 4.1.

For some models, the shift-plus-increase fits the response quite closely. For other

models, some aspects of the model response are captured, while others are not. In two

models, the shift-plus-increase does not resemble the model response at all. Models

with larger shifts have smaller error (Figure 4.7).

Instead of fitting the increase, we can simply use the total rainfall change as

the increase. This forces the entire increase in rainfall to occur evenly across the
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Figure 4.6: Rain amount response to CO2 doubling for each CMIP5 model and its
shift, increase, and shift-plus-increase fit. At top left error (e), shift (s) and increase
(i) are listed. Models are ordered from smallest to largest error. As in Fig. 4.5.
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Figure 4.7: Magnitude of shift mode (% K−1) versus error of the fit (unit-less fraction).
The correlation is at the top right.

distribution. Then, we can do a one-parameter fit of only the shift. This makes no

qualitative difference on the magnitude of the shift, but increases the error of the

multi-model mean fit and most of the model fits.

For all but two models, the fitted increase is smaller than the model’s total rainfall

change (Figure 4.8). One explanation is that only some of the change in total rainfall

occurs as a mode of change of the whole distribution. The rest occurs as a change

isolated at light or heavy rain rates, and unrelated to the changes across the rest of

the distribution. We will return to this missing rainfall in Section 4.4.

There is reason to expect that the Tropical and Extra-tropical precipitation dis-

tributions could respond differently. Studies of extreme precipitation find that Extra-

tropical precipitation change is more readily decomposed into thermodynamic and

dynamic components than Tropical precipitation (e.g., O’Gorman and Schneider,

2009a). Table 4.1 shows fits of both shift and increase parameters to the Tropical
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Figure 4.8: Global-mean precipitation increase versus magnitude of the increase mode
for each model (% K−1). The gray line shows the 1:1 relationship.

and Extra-tropical regions in each model (split at 30 degrees). The fit has lower er-

ror in the Extra-tropics than the Tropics. The Extra-tropics generally have a bigger

increase (1.3 % K−1) and bigger shift (4.0 % K−1), while the Tropics have a smaller

increase (0.6 % K−1) and shift (2.9 % K−1). We will return to the difference between

the Tropics and Extra-tropics in Section 4.4.1.

Unlike the differences between Tropics and Extra-tropics, the differences between

land and sea are modest. The land has a slightly larger shift (3.5 % K−1) than sea

(3.1 % K−1), while both have an increase of 0.9 % K−1.

So far we have shown that in some CMIP5 models forced by CO2 doubling, the

distribution of rain amount shifts to higher rain rates by 3.3 % K−1 and increases by

0.9 % K−1. This reasonably fits the change in much of the distribution of rain amount.

In Section 4.4, we will discuss how the increase and shift modes fit the rain frequency

response. In the next section, we look at changes in the rain amount distribution in
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response to ENSO phases.

4.3.4 Response to ENSO phases

In this section, we ask: Are the shift and increase in the rain amount distribution a

good model for observed rainfall change? Gridded daily observational precipitation

datasets only go back to 1997, so at present we would not expect to see statistically

significant global trends in rain frequency or rain amount in observations. Instead

of looking at trends, we explore the response of tropical rain to ENSO. We look at

changes in Tropical (30 S - 30 N) precipitation in the GPCP 1DD and TRMM 3B42v7

datasets (described in Section 4.2) composited over warm and cold phases of ENSO.

Unlike the response to CO2 forcing, the response to ENSO can be studied in both

observations and models. So we can also ask whether model changes are similar to

the observed changes. We analyze the response to ENSO in AMIP experiments from

the CMIP5 simulations.

Figure 4.9 shows the difference between warm and cold ENSO rain amount dis-

tributions (along with the fitted shift and increase modes) for the two sets of obser-

vations as well as the multi-model mean. As was the case for the model response to

CO2 doubling, the difference in rain amount distribution crosses zero near the peak of

the climatological rain amount distribution, with a local maximum at high rain rates

and minimum at lower rain rates. This is consistent with Allan and Soden (2008),

though they looked at changes as a function of percentile of the cumulative frequency

distribution.

Table 4.2 lists the shift, increase, error, and total rainfall response for each case. In

all cases, the shift and increase fit the response to ENSO phase within the uncertainty

at most rain rates. Figure 4.10 shows the magnitude of the shift and increase modes

over the whole Tropics, sea, and land. Over land, the shift and increase closely fit the

rain amount response in all cases. Both observational datasets and the AMIP models

show a large negative increase mode of 25-26 % K−1 over land, which is slightly
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Figure 4.9: Rain amount response in the Tropics to ENSO phases in (top left) GPCP,
(top right) TRMM 3B42, and (bottom) AMIP models. Warm minus cold ENSO pre-
cipitation from GPCP 1DD over the Tropics (30 N-S). Gray lines show 95% confidence
interval of the change according to the difference-of-means test on the observations.
As in Fig. 4.5.
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Table 4.2: The shift and increase in response to ENSO phases for GPCP and TRMM
observations and AMIP model simulations, along with the error of the fit and the
change in mean precipitation. For the AMIP simulations, both the fit to the multi-
model mean and the average of the fit to each model are shown. Shifts, increases,
and ∆P have units of % K−1. Temperature changes are taken from tropical average
HadCRUT4 for observational datasets and surface air temperature for models.

Shift Inc Error ∆P
Dataset (% K−1) (% K−1) (% K−1)
Whole Tropics
GPCP 14 6.8 0.31 6.1
TRMM 14 -7.8 0.21 -6.1
AMIP-mean of models 15 -4.7 0.51 -1.8
AMIP-MMM 15 -5.2 0.49 -1.8
Sea
GPCP 20 19 0.21 17
TRMM 18 -0.85 0.17 -0.92
AMIP-mean of models 20 2.0 0.48 3.9
AMIP-MMM 22 1.2 0.31 3.8
Land
GPCP -3.6 -26 0.30 -22
TRMM -5.7 -25 0.24 -22
AMIP-mean of models -3.3 -25 0.42 -21
AMIP-MMM -4.5 -24 0.32 -21

larger than the decrease in total rainfall (on which the datasets, both observations

and models, also agree). The datasets also agree on a shift of rain amount to lighter

rain rates, ranging from -3.3 to -5.7 % K−1. Most of the response to ENSO phase

over land is a decrease in rain amount.

Over the ocean, the observational datasets disagree on the response in total rain-

fall. Interannual variability over the ocean in the previous version of TRMM, version

6, was different from other observational datasets (both GPCP and satellite) (Liu

and Allan, 2012). As a result of the difference in the total rainfall response, the ob-

servational datasets disagree on the sign of the change of increase mode over ocean.

TRMM has a decrease of 6.1 % K−1, while GPCP has an increase of 6.1 % K−1.
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Figure 4.10: The shift (top) and increase (bottom) modes fit to the response to ENSO
phases in GPCP (left) and TRMM (center) observations and AMIP models (right).
Units are % K−1. The fit to the whole Tropics (black), ocean (green), and land
(brown) are included.
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AMIP models fall in between the two, with 1.8 % K−1 of decrease. ENSO occurs over

inter-annual timescales, which are short enough that the atmospheric energy budget

may not be in balance, so there is not necessarily an energetic constraint on the total

rainfall over ENSO phases.

The observational datasets and AMIP models agree on a shift between 18 and 22 %

K−1 over ocean, despite the disagreement in total rainfall response. The rain amount

response to ENSO is dominated by a shift to higher rain rates in both observational

datasets and models.

The response to ENSO phases differs from the response to increasing CO2. Figure

4.11 compares the magnitude of the shift and increase fit to the modeled responses to

CO2 increase and ENSO phases. The differences between land and ocean in response

to CO2 increase are much smaller than the differences in response to ENSO phases.

The magnitude of the shift is much bigger in response to ENSO (15 % K−1) than in

response to CO2 increase (3.3 % K−1) for the total area and over the ocean. Finally,

the increase mode has a larger magnitude in the model response to ENSO phases.

It is remarkable that the shift and increase fit the rain amount response to ENSO

phases in both observations and models. Next we consider the implications of the

shift and increase on the change in the frequency distribution, first considering the

entire distribution and then focusing on extreme events.

4.4 Implications for changes in frequency distribution

Figure 4.12 shows the change in rain frequency in the CMIP5 multi-model mean, along

with the fitted shift and increase modes, and the shift-plus-increase. In the model

response, the decrease in rain frequency is largest at moderate rain rates, though all

rain rates lower than the peak of the rain amount distribution have a decrease in rain

frequency. The multi-model mean change in dry-day frequency in models is 0.26 ±

0.17 % K−1.

The shift mode has the largest decreases in frequency at light rain rates, around
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Figure 4.11: The shift (top) and increase (bottom) modes fit to the global response
to CO2 increase (left) and Tropical response to ENSO phases (right) in the CMIP5
multi-model mean. Units are % K−1. The total (black), ocean (green), and land
(brown) are included.
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Figure 4.12: Rain frequency response to CO2 doubling in CMIP5 models (% K−1),
with change in dry-day frequency noted at the top left. (left) As in Fig. 4.5, the
multi-model mean response (black), increase (red), shift (blue), and shift-plus-increase
(magenta) are shown. Land (brown), ocean (green), and global (black) rain frequency
response.
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1 mm d−1. But instead of a large decrease in the frequency of light rain, the models

have an increase. This light rain mode accounts for some of the total rainfall increase

that is not present in the shift-plus-increase. But as we saw in Fig. 4.1, light rain

makes up only a small fraction of the total rainfall. The shift-plus-increase has a 1.6

% K−1 increase in dry-day frequency. The difference in dry-day frequency response

between models and the shift-plus-increase is probably related in part to the increase

in frequency of light rain. Because the integral over the frequency distribution must

sum to one, differences in frequency response at one rain rate must be balanced by

differences of the opposite sign at another rain rate. The larger increase in dry-day

frequency of the shift-plus-increase compared to the model response is balanced by

the large decrease at light rain rates (which is due to the light rain mode).

The land and ocean multi-model mean change in rain frequency are also shown

in Fig. 4.12. The peak at high rain rates is similar for land, ocean, and the global

mean. But the peak at light rain rates is different: it occurs entirely over the ocean.

Over land, rain frequency decreases at all but the highest rain rates. As discussed in

Section 4.3.3, the increase in light rain over ocean makes only a small contribution to

the change in rain amount distribution, so it is relatively unconstrained by changes

in atmospheric cooling.

Table 4.3 lists the change in dry-day frequency for the Extra-tropics and Tropics

in model simulations and predicted by the shift-plus increase for CO2 doubling ex-

periments. Just as in the global mean, in all regions model simulations show much

smaller increases, of 0.15-0.52 % K−1, while the shift-plus-increase predicts increases

in dry-day frequency of 1-2 % K−1. The total rain frequency changes less than the

shift-plus-increase predicts, even over land where there is no light rain mode.

Table 4.4 lists the modeled, observed, and shift-plus-increase-predicted dry-day

frequency response to ENSO phases in AMIP model experiments and GPCP and

TRMM observational datasets. The response to ENSO phases is much larger than

the global (and Tropical) response to CO2 doubling. Dry-day frequency increases
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Table 4.3: Dry-day frequency (% K−1) and 99.99th percentile rain rate (% K−1)
responses to CO2 doubling. The average model response is shown, along with the
average of fitted responses, for various geographical regions. The standard deviation
of the 99.99th percentile rain rate response is also included.

∆R99.99 (% K−1) ∆fd (% K−1)
Region Fit Actual std Fit Actual
Global 2.9 8.4 5.8 1.5 0.26
Sea 2.9 8.7 7.2 1.5 0.15
Land 3.1 8.7 3.9 1.3 0.52
Extra-tropics 3.5 6.5 1.7 1.8 0.22
Tropics 2.9 8.7 6.3 1.4 0.29

in AMIP models, both observational datasets, and from the shift-plus-increase in all

regions except for GPCP over ocean. In nearly all cases, the shift-plus-increase dry-

day frequency response is much bigger than the modeled or observed change, just as

for to the modeled response to CO2 doubling.

4.4.1 Extreme events

In this section we take a closer look at changes in extreme precipitation. Figure 4.13

shows the percent change in rain rate as a function of percentile of the cumulative

frequency distribution for the multi-model mean response to increased CO2. Table

4.3 lists the rain rate response at the 99.99th percentile for the global-mean, as well as

the geographic divisions introduced earlier. As in Allen and Ingram (2002) and Pall

et al. (2007), we find a decrease in rate rate below the 90th percentile, and increases

above the 90th percentile in the multi-model mean response to CO2 doubling. The

percentage increase in rain rate goes up with the percentile. At the 99.9th percentile,

the increase is 4.9 % K−1, consistent with O’Gorman and Schneider (2009a), though

they looked at zonal-mean changes in CMIP3 models. At the 99.99th percentile, the

increase in rain rate is 6.9 % K−1.

The shift-plus-increase, which was fit to the rain amount distribution, has some
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Figure 4.13: Extreme precipitation response (% K−1) for CMIP5 multi-model mean
CO2 doubling (black) and the shift-plus-increase (magenta). Percent change in rain
rate per degree warming by percentile of the cumulative frequency distribution. Gray
lines show 95% confidence of the multi-model mean response.
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Table 4.4: Dry-day frequency (% K−1) and 99.99th percentile rain rate (% K−1)
responses to ENSO phases in GPCP and TRMM observations and AMIP model
experiments. The “Fit” is from the fitted shift-plus-increase, while “Actual” indicates
from the models or observational dataset. For models, the average of model responses
is shown.

∆R99.99 (% K−1) ∆fd (% K−1)
Dataset Fit Actual Fit Actual
Whole Tropics
GPCP 11 4.0 2.5 1.4
TRMM 8.7 12 12 4.8
AMIP-mean of models 10 15 14 2.1
Sea
GPCP 15 6.0 -0.03 0.60
TRMM 12 14 10 5.3
AMIP-mean of models 14 17 14 2.1
Land
GPCP -8.3 1.5 8.8 3.8
TRMM -13 -1.4 9.1 3.4
AMIP-mean of models -10 -1.1 12 1.9

similarities to but also some differences from the modeled response. The shift-plus-

increase is the sum of the increase and shift modes (the shape of which are shown

in the bottom panels of Fig. 4.4). Below the 90th percentile, the shift-plus-increase

crosses from negative to positive. Negative extreme rain rates indicate a decrease in

the rate of light rain events, which is due to the shift. Between the 90th and 99th

percentiles, the shift-plus-increase flattens with continued increase in percentile. All

events beyond the 99th percentile increase between 3 and 4 % K−1, in contrast to the

continued increase with percentile of the model response. The shape of this part of

the shift-plus-increase depends on the magnitude of the shift and increase modes as

well as the shape of the initial rain frequency distribution.

Figure 4.14 shows each model’s change in rain rate as a function of percentile

along with its fitted shift-plus-increase. There are two types of model responses:

those that increase by a similar percentage for all extreme precipitation (beyond the
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99th percentile), and those that increase most at the most extreme percentiles. The

responses with similar increases for all extreme percentiles are well-captured by the

shift-plus-increase. In contrast, responses that increase most at the most extreme

percentiles are not captured. We’ll call this uncaptured response the extreme mode.

Other studies have also shown the model responses fall into two camps. Sugiyama

et al. (2010) found that extreme precipitation increased by more than water vapor in

half of CMIP3 model simulations.

The Tropics have a slightly larger increase in rain rate at the 99.99th percentile,

8.7 % K−1, than the Extra-tropics, 6.5 % K−1. However, models agree much more

closely on the Extra-tropical response than on the Tropical response. In the Tropics,

the standard deviation of the 99.99th percentile rain rate response across models is

6.3 % K−1, while in the Extra-tropics it is just 1.7 % K−1. Previously, O’Gorman

and Schneider (2009a) found that Extra-tropical extreme precipitation change follows

the moisture convergence scaling law more closely than Tropical change. In Section

4.3.3, we saw that in the Extra-tropics, the shift mode was bigger and the error of

the shift-plus-increase was smaller than in the Tropics. The difference in shift mode,

error, and extreme rain are consistent with a bigger extreme mode response in the

Tropics than in the Extra-tropics. We will consider the differences across models more

in Section 4.5.

Land and ocean could be expected to have different responses for physical reasons

(Trenberth, 2011). Figure 4.15 shows the multi-model mean response to CO2 dou-

bling over land. It is very similar to the total response, except for somewhat better

agreement among models than for the global response. The inter-model standard

deviation of 99.99th percentile increase is 7.2 % K−1 over ocean, and 3.9 % K−1 over

land.

Now we turn to observations: How does observed Tropical extreme precipitation

respond to ENSO, and do models capture the observed changes? The response of

extreme precipitation to ENSO phases in both observational datasets is shown in
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Figure 4.14: Extreme precipitation response (% K−1) to CO2 doubling in each CMIP5
model (black) and its shift-plus-increase (magenta). As in Fig. 4.13.
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Figure 4.15: Change in extremes over land in models in response to CO2 doubling
(left) and ENSO (right). As in Fig. 4.13.

Fig. 4.16. All datasets and the fitted shift-plus-increases show increases in extreme

events beyond the 99th percentile in the Tropical mean. At the 99.99th percentile,

the increases are highest in AMIP models (19 % K−1), followed by TRMM (12 %

K−1), and then GPCP (5 % K−1). At the 99th percentile, GPCP (at 10 % K−1) has

more increase than TRMM (5 % K−1), while AMIP is similar to GPCP (10 % K−1).

Up to the 99th percentile, the shift-plus-increase is within the uncertainty in each

observational dataset. At the 99.9 and 99.99th percentiles, the shift-plus-increase

underestimates the increase for AMIP models.

The change in extreme precipitation over ocean follows the same pattern as the

whole Tropics. The multi-model mean response over land in AMIP experiments is

shown in Figure 4.15. GPCP and TRMM responses over land are similar to the

AMIP response. Unlike for CO2 doubling, the response of extreme rain rate over

land is very different from the total response. The shift-plus-(de)crease predicts a

decrease in rain rate at nearly all percentiles in both observational datasets and AMIP

experiment. The only exception is that in GPCP, the most extreme percentiles do
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Figure 4.16: Extreme precipitation response (% K−1) to ENSO phases in AMIP
models and GPCP and TRMM observations. As in Fig. 4.13.
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not show significant change. The shift-plus-increase predicts a larger decrease in rain

rate at all percentiles beyond the 99th in all datasets over land. The models agree

less over land than over ocean, unlike in response to CO2 doubling. The standard

deviation of the 99.99th percentile rain rate response is 16 % K−1 over land and 10.8

% K−1 over ocean. For the entire Tropics, the standard deviation among models is

lower than for either land or ocean, at just 9.0 % K−1. This is consistent with shifting

of rain (spatially) from land to ocean resulting in some compensation across models.

The increase in extreme precipitation implied by the shift-plus-increase is tightly

tied to the magnitude of the shift mode. The response of the 99.99th percentile rain

rate in AMIP models, observations, and for the shift-plus-increase is compared in

Table 4.4. The finding that the shift is much greater for changes during ENSO events

than for the response to CO2 doubling (by a factor of at least 4) is consistent with

the finding that the sensitivity of 99.9 percentile precipitation is 2.5 times greater for

inter-annual variability than for increases expected over the next century in models

(O’Gorman, 2012). Allan et al. (2013) also found muted increase of extreme precipi-

tation for climate change relative to inter-annual variability.

4.5 Differences across models

Why does the extreme rain rate response to CO2 doubling follow the shift-plus-

increase so closely in some models, but increase much more in other models? In

this section we focus on a subset of models to explore the extreme mode behavior in

more detail.

4.5.1 Resolved and unresolved rain events

Convective parameterizations are an important difference between models, and they

are important for modeled rainfall. Climate models form rain in two ways. When

the relative humidity of a grid box reaches 100%, the model produces grid-scale (or

large-scale) precipitation. When a grid box is below saturation, the convective param-
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eterization produces precipitation, which represents the rain coming from unresolved

motions.

Neither large-scale nor convective precipitation is obviously more realistic than

the other. As model resolution increases, more motions are resolved, so more precip-

itation should be large-scale and less should be convective. Kopparla et al. (2013)

showed that increasing model resolution decreased of the bias in extreme precipitation

over land compared to observations. Large-scale and convective precipitation are not

independent. Lin et al. (2013) showed that when convective precipitation is inhibited,

large-scale precipitation increases to compensate. Large-scale and convective precip-

itation do not correspond to the classification of observed stratiform and convective

precipitation types (Held et al., 2007). Mesoscale organization relevant to realistic

heavy precipitation is not represented in climate models (Rossow et al., 2013). While

large-scale and convective events are comparably realistic (or unrealistic), this divi-

sion of precipitation is an artifact of modeling, rather than a realistic description of

two types of precipitating systems.

Heavy, predominantly large-scale rain events are found in models, and the extent

to which they are realistic is unclear. Held et al. (2007) called these grid-point storms.

They showed, with idealized simulations of a model related to the GFDL-ESM atmo-

sphere model, that grid-point storms appear above a threshold temperature, and with

further warming the amount of rain from grid-point storms increases. The threshold

temperature, but not the overall behavior, depends on resolution.

We would like to investigate how resolved (large-scale) and unresolved (convective)

precipitation play a role in the model-dependent extreme precipitation response we

see. Daily convective precipitation data is available for just eight of the models in the

CO2 doubling experiment. Unfortunately, all of the models with available data for

this experiment have increases in extreme rain rate that are much greater than the

prediction from the shift-plus-increase. While the CO2 doubling experiment is clean,

free of the effects of differing changes in aerosol forcing precipitation (see Chapter 2
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for the impact in CMIP3 experiments), most modeling groups archive both total and

convective precipitation at daily timescales for the realistic-forcing RCP8.5 scenario.

In the models we examine here, the rain amount distribution response is similar

between the RCP8.5 and CO2 increase experiments.

We focus on just three models to illustrate the different types of extreme rain rate

response: MPI-ESM-LR (Giorgetta et al., 2013), IPSL-CM5A-LR (Dufresne et al.,

2013), and GFDL-ESM2G (Dunne et al., 2012). These models were chosen because

they are clear examples, and most other models fall in between them. Figure 4.17

shows key aspects of the three models’ rain amount distributions and responses to

realistic forcing in the RCP8.5 experiment: the rain amount distribution compared to

coarsened GPCP, the climatological convective fraction as a function of cumulative

frequency distribution, the rain amount response to warming (total change simulated

by the models, convective precipitation contribution to the total, and the fit by the

shift-plus-increase), and the extreme precipitation response.

The MPI-ESM-LR rain amount response to warming is captured most closely of

all the models by the shift-plus-increase (Fig. 4.6). Its change in rain amount looks

like the ideal shift and increase illustrated partially in Fig. 4.4. It has one of the

largest shifts of any model, 5.7 % K−1 (only MPI-ESM-P is higher at 5.8 % K−1). For

the CO2 doubling simulation, its extreme precipitation response is captured very well

by the shift-plus-increase (Fig. 4.14). Its extreme precipitation response in RCP8.5

is captured almost as closely. Furthermore, the shape of the rain amount distribution

of MPI-ESM-LR matches the coarsened GPCP rain amount distribution very closely

compared to most other models.

IPSL-CM5A-LR and GFDL-ESM2G contrasts with the MPI response. The shift-

plus-increase only partially captures their response to warming, with errors of 67

and 74%. In both models, the shift-plus-increase captures a dip in rain amount at

moderate rain rates, and the increase at rain rates just above this. But it fails to

capture increases in rain amount at the highest rain rates. In both cases, these
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Figure 4.17: MPI-ESM-LR (top), IPSL-CM5A-LR (middle), and GFDL-ESM2G
(bottom) model responses. In the rain amount climatology (far left), model distribu-
tion (solid black) is shown along with coarsened GPCP (dashed). The climatological
convective fraction (center left) is shown alone (orange). In the change in rain amount
distribution (center right), the model change (black), shift-plus-increase (magenta),
and convective precipitation change (orange) are shown. In the change in extreme
rain rate (far right), the model change (black) and shift-plus-increase (magenta) are
shown.
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additional increases in rain amount look like extra rain has been added to the high

side of the distribution (in contrast to the MPI-ESM-LR response). The extreme rain

rate response also differs from the shift-plus-increase in these models. GFDL-ESM2G

has the largest 99.99th percentile rain rate increase of any model, and the IPSL-

CM5A-LR response is among the largest. The shift fit to both of these responses is

lower than it is for many models, around 2 % K−1 (it is greater for both models in the

CO2 doubling experiments), but their increases in extreme rainfall far outpace even

the largest shift.

How much of the rain amount response is convective rainfall, and how much is

large-scale? Measures of convective rainfall were introduced in Section 4.2. The

change in the amount of convective precipitation in each rain rate bin is shown in

orange in Fig. 4.17. In MPI-ESM-LR, the majority of the change in rain amount is

convective. There is just a small difference between convective and total precipitation

near the peak of the increase, which is an increase in large-scale precipitation. In con-

trast, the IPSL-CM5A-LR change in convective rain amount is very small, indicating

that most of the change in rain amount is large-scale precipitation. While some of

this increase is captured by the shift-plus-increase, much of it is not. The increases at

the highest rain rates which are not captured by the shift-plus-increase are changes

in large-scale precipitation. In GFDL-ESM2G, there are two peaks at the high end

of the rain amount response. The highest peak, at moderate rain rates near 10 mm

d−1, is mostly convective rainfall, and is captured by the shift-plus increase. The

smaller peak, which is at higher rain rates, is mostly large-scale precipitation, and

is not captured by the shift-plus-increase. As in the case of the IPSL model, this

uncaptured large-scale increase in rain amount accounts for the large increase in rain

rate at the highest cumulative probabilities.

Held et al. (2007) suggested that the sensitivity of grid-point storms in any partic-

ular model might be related to the fraction of convective precipitation in the model.

Motivated by this, we calculate the climatological fraction of convective precipitation
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as a function of cumulative probability distribution in each of the models. In MPI-

ESM-LR, rainfall at the 99.99th percentile at the beginning of the 21st Century is

about 75% convective, and only 25% large-scale. In IPSL-CM5A-LR, about 30% of

99.99th percentile precipitation is convective, with a majority large-scale above the

99th percentile. In GFDL-ESM2G, less than 20% of the 99.99th percentile rainfall is

convective. Large-scale precipitation makes up a majority of the rainfall above the

99.9th percentile. The divergence of the extreme rain rate response from the shift-

plus-increase fit in these models occurs around the percentile where large-scale rain

fall constitutes a majority. Consistent with control by grid-point storms, the driver

of the differences in extreme rain rate response across models is the fraction of the

events that occur as large-scale precipitation in the climatological distribution.

We can look at individual heavy events in each of the models. Figure 4.18 shows

the rain amount from the top 0.1% of events in the MPI-ESM-LR and GFDL-ESM2G

models, as well as GPCP and TRMM observations. In the MPI-ESM-LR model, rain

falling from heavy events peaks in the Pacific and Indian oceans off of the Equator,

which is consisted with tropical cyclones as important drivers of heavy rain. In GFDL-

ESM2G, rain from the heaviest events peaks within the Maritime Continent, closer

to land and to the Equator than MPI-ESM-LR. A rain maximum on the Equator is

inconsistent with tropical cyclones. In GPCP, rain from the heaviest events falls over

land, in contrast to both of the models. But in TRMM, most rain from the heaviest

events falls over ocean. Satellite retrievals and availability of gauge measurements

differ over land and ocean, which may contribute to the differences between land and

sea within each observational dataset.

We choose a region where much of the heavy rain falls for each of the two models,

and then choose a day with a 99.99th percentile event from each model. The evolution

for an event, from one day the event through five days after, is shown in Figure 4.19

for the MPI-ESM-LR model. Both the rain rate on each day and the convective

(unresolved) rain is shown for each model. In the MPI-ESM-LR model, the event
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Figure 4.18: Maps of the rain amount (mm d−1) falling in the top 0.1% of events
from the first ten years of the RCP8.5 scenario in MPI-ESM-LR (top left) and GFDL-
ESM2G (bottom left) model simulations and GPCP (top right) and TRMM (bottom
right) observations. Boxes for each model show the subdomain in Figures 4.19 and
4.20.
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spans a few grid cells in each direction with similar rain rates. The event persists for

six of the seven days of the event shown, with many of the grid points constituting

99.99th percentile events. Notably, most of the rain falls as convective precipitation.

The evolution of a heavy event in the GFDL-ESM2G model is shown in Figure

4.20. The 99.99th percentile event is also part of a system that evolves over a few

days. But in this case, just a few grid cells, between one and four, have much larger

rain rates than the adjacent grid cells. Furthermore, nearly all of the rain falls as

large-scale (resolved) precipitation. This is consistent with the picture of grid point

storms from Held et al. (2007).

If grid-point storms account for the difference in extreme rain rate response among

the models, and if these storms exhibit increases with temperature as Held et al.

(2007) saw in the idealized GFDL model, we should see increases in the response

with increased forcing and warming. Figure 4.21 shows the rain amount and extreme

rain rate responses to doubling and quadrupling of CO2 in the transient CO2 increase

experiment for these three models. In all three models, even MPI-ESM-LR, the

increases in rain rate at the highest percentiles is larger for quadrupling than for

doubling of CO2, and the portion of the increase not captured by the shift-plus-

increase is larger. Furthermore, in all three models, the magnitude of the fitted shift

and increase get smaller, while the error of the fit increases.

These changes occur in other models as well. Table 4.5 lists the average of the

(22) model responses to 2x, 3x, and 4xCO2. Just as we saw for the three illustrative

models, the following changes are all present with increasing CO2: the increase in

modeled rain rate at the 99.99th percentile, the decrease in fitted shift and increase

of rain amount, and the increase in the error of the fit. For all three levels of CO2

forcing, the total rain amount response is 1.5 % K−1.

Taken together, these tendencies indicate that with increased warming, more of

the precipitation increase comes as an increase in large-scale precipitation at very

high rain rates and less comes as a change in the rain amount distribution. Less of
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Figure 4.19: Rain rate and convective rain (mm d−1) for a 99.99th percentile event
in the MPI-ESM-LR model chosen from the first ten years of the RCP8.5 simulation.



105

0

5

10
 Day 3354

0

5

10
 Day 3355

0

5

10
 Day 3356

0

5

10
 Day 3357

0

5

10
 Day 3358

0

5

10
 Day 3359

120 140 160
0

5

10
 Day 3360

 Day 3354

 Day 3355

 Day 3356

 Day 3357

 Day 3358

 Day 3359

120 140 160

 Day 3360

 

 

GFDL−ESM2G

Longitude

La
tit

ud
e

 x 99.99% event  Convective rain  Rain rate 

 mm/d

0

50

100

150

200

250

300

Figure 4.20: Rain rate and convective rain (mm d−1) for a 99.99th percentile event in
the GFDL-ESM2G model chosen from the first ten years of the RCP8.5 simulation.
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Figure 4.21: MPI-ESM-LR (top left), IPSL-CM5A-LR (top right), and GFDL-
ESM2G (bottom) models 2x (top) and 4xCO2 (bottom) rain amount (left) and ex-
treme rain rate (right) responses. Model response (black) and shift-plus-increase
(magenta). Error, shift, and increase are noted in the top left of the rain amount
response panels.
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Table 4.5: Mean of model responses to CO2 doubling, tripling, and quadrupling. The
units for most variables are % K−1. Exceptions are the global-mean temperature
increase ∆T , which has units of K, and the error, which is a unitless fraction.

Fit Actual ∆R99.99 ∆fd
CO2 Shift Inc. ∆P Fit Actual Fit Actual Error ∆T

(% K−1) (% K−1) (% K−1) (% K−1) (K)
2x 3.3 1.1 1.5 2.9 8.4 1.5 0.26 0.49 1.7
3x 3.2 0.94 1.5 2.8 10 1.4 0.24 0.53 3.0
4x 3.0 0.92 1.5 2.6 12 1.3 0.23 0.54 4.1

the total rainfall response is captured by the shift-plus-increase, and more of it is due

to rain falling as heavy large-scale precipitation events.

The aspect of the grid-point storms that is not captured by the shift-plus-increase

is likely the transition from convective to large-scale events. This transition involves

abrupt changes in the rain rate of events, likely driven by large changes in verti-

cal velocity. Studies focusing on the relationship between vertical velocity, mois-

ture changes, and rain rates in extreme precipitation (e.g., O’Gorman and Schneider,

2009b; Sugiyama et al., 2010) assume the changes are linear, which is probably not the

case in the transition from convective (or no heavy events) to large-scale grid-point

storms (Held et al., 2007).

4.5.2 Sorting models by comparing their response to ENSO phases with observations

Can we discern whether some models are more consistent with observations than

others by comparing AMIP experiments with observations? O’Gorman (2012) showed

that the responses of inter-annual variability and long-term change in each model’s

99.9th percentile precipitation response are related, and used the modeled relationship

between inter-annual variability and long-term change to predict the long-term change

based on observed variability. For the 14 models analyzed here with simulations for

both RCP8.5 and AMIP experiments, the 99.99th percentile response due to 21st
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Century climate forcing and ENSO phase are positively correlated, significant at

the 90th (but not 95th) confidence level. If the observed response to ENSO phase

clearly favored some models over others, we might take that as an indication that

those models were closer to reality, and more heavily weight their response to global

warming.

A difficulty with this approach is that the two observational datasets disagree

about many aspects of the response. They disagree about the sign of the total change

in rainfall. They agree on the magnitude of the shift, but disagree about whether the

heaviest events should increase at rates greater (TRMM) or less (GPCP) than the

shift-plus-increase prediction. But they do agree that the shift is 14 % K−1. They

put a wide margin on the magnitude of the increase at the 99.99th percentile, from

-3 to 21 % K−1 (the bottom of the GPCP range through to high end of TRMM).

We use these two measures to sort the models: 99.99th percentile rain rate response

within the error bounds of either observational dataset (-2 to 21 % K−1, a wide range

of allowed responses), and a shift within one standard deviation (6.5 % K−1) of the

observational datasets (8 to 20 % K−1). The range of acceptable model responses is

still quite wide, but half of models do not meet it. Table 4.6 lists the models that do

and do not meet the criteria for consistency. Only models that also participated in the

RCP8.5 or CO2 increase experiments are shown. Two examples of model responses

are shown in Fig. 4.22, one that is consistent with observations (MPI-ESM-LR) and

one that is not (IPSL-CM5A-LR).

Models that are consistent with observations according to this criteria have in-

creases in 99.99th percentile rain rate for RCP8.5 or CO2 doubling experiments that

are at most 9.0 % K−1. Furthermore, the consistent models are those with a larger

initial convective fraction. Models with large increases in extreme precipitation par-

ticipating in the AMIP experiment are inconsistent with observations.
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Table 4.6: CMIP5 models sorted by whether or not their response to ENSO phases
in AMIP simulations are consistent with GPCP and TRMM observed responses. To
be considered consistent, a model’s shift must be within 1 standard deviation (6.5 %
K−1) of the observed shift, 14 % K−1, and it’s 99.99th percentile rain rate response
must also fall with the uncertainty range which spans -2 to 21 % K−1. Only models
participating in AMIP as well as either CO2 doubling or RCP8.5 experiments are
included.

AMIP 2xCO2 RCP8.5
Model Shift ∆R99.99 Shift ∆R99.99 Shift ∆R99.99

(% K−1) (% K−1) (% K−1) (% K−1) (% K−1) (% K−1)
Consistent
BNU-ESM 12 3.4 2.3 9.0
CMCC-CM 19 2.6 1.8 8.2
CSIRO-Mk3-6-0 9.9 8.5 3.6 5.0
CanAM4 15 14 2.6 8.9 1.9 7.5
FGOALS-g2 14 8.3 0.41 1.1
INM-CM4 13 9.8 2.8 2.3
IPSL-CM5B-LR 18 20 3.7 3.4 4.0 3.2
MPI-ESM-LR 19 17 5.7 6.3 4.7 6.8
MPI-ESM-MR 17 9.8 5.6 6.9
Not consistent
ACCESS1.3 21 0.37 4.0 4.5
BCC-CSM1.1 30 7.9 4.8 5.8 5.2 8.1
CCSM4 15 27 4.7 9.7 2.8 14
CNRM-CM5 5.9 21 2.0 7.7
FGOALS-s2 25 29 0.18 6.6
GFDL-CM3 21 30 2.5 9.4 2.8 13
IPSL-CM5A-LR 4.9 17 2.7 12 2.1 21
IPSL-CM5A-MR 0.96 13 2.1 12
MIROC5 6.8 11 -0.16 4.8 0.77 8.0
MRI-CGCM3 20 31 5.2 16
NorESM1-M 14 25 3.7 4.1 3.7 9.0
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Figure 4.22: MPI-ESM-LR (top) and IPSL-CM5A-LR (bottom) model rain amount
(left) and extreme rain rate (right) responses to ENSO phases.

4.6 Discussion

4.6.1 Summary of changes in the distribution of rain

With the analysis above, we are in a position to describe three components of the

rain amount response to CO2 doubling.

First, the rain amount distribution shifts to higher rain rates, and this is captured

by the shift-plus-increase. For CO2 doubling, the shift of 3.3 % K−1 in the multi-model

mean indicates that the same amount of rain falls at 3.3 % K−1 higher rain rates,

with fewer total events. Simultaneously, the rain frequency and amount distributions

increase by 0.9 % K−1. The error of this fit is 0.3, and the increase accounts for

0.9 of 1.5 % K−1, both of which indicate that the shift-plus-increase describes about

two-thirds of the change in rain distribution in response to CO2 doubling.

The rest of the increase in rain amount comes as deviations from this coherent re-

sponse. A small contribution comes as an increase in light rain over ocean, unrelated
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to changes in the distribution. Whether or not this light rain mode is real is ques-

tionable, since observations disagree with models in their climatological frequency of

light rain, but observations contain many uncertainties of their own.

Finally, there is an increase in the heaviest events, beyond the coherent change in

the distribution, in some but not all models, which we have argued above is due to an

increase in grid-point storms. These increases contribute most of the remaining third

of the increase in total rainfall in the multi-model mean in response to CO2 doubling,

and grid-point storms contribute more with increased CO2 forcing.

4.6.2 Reconciling energetic and moisture constraints

We are also in a position to articulate how energetic and moisture constraints can be

simultaneously met. First, the energetic constraint is met by the total increase in rain

amount. In the previous section, we saw that this consists primarily of the increase

mode, and secondarily the extreme mode.

But moisture, and moisture convergence, increase much more than the total rain-

fall. First, consider models like MPI-ESM-LR, in which the extreme precipitation

change follows closely the shift-plus-increase. The increase mode results in a change

in rain rate of just 1.3 % K−1 for the heaviest events, not enough to account for the

increased moisture convergence. In order to make up the difference, the energetically-

neutral shift mode provides a mechanism for further increases in the heaviest rain

rates. The same amount of rain falls at heavier rain rates, so that increased mois-

ture convergence can be accommodated without violating the energetic constraint, or

requiring further increases in atmospheric radiative cooling. In this scenario, there

would be fewer events governed by moisture convergence, because the shift decreases

the frequency of rain events. The implies an increase in dry day frequency (the MPI

models have the biggest increase in dry-day frequency). Furthermore, the distribution

of vertical velocity would shift to account for these changes in the distribution of rain.

This stands in contrast to the idea that changes in the distribution of rain are deter-
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mined by changes in moisture and vertical velocity. It is probably more appropriate

to think of circulation and precipitation change as a chicken-and-egg problem.

In models with an extreme mode, like the IPSL and GFDL models, the shift

accounts for less of the extreme rain rate response, which is instead accounted for by

the extreme mode. These large increases of extreme rain rate are not accompanied by

increases in dry day frequency, since they contribute little to the total frequency. The

model whose 99.9th percentile rain response was least captured by the precipitation

extremes scaling in O’Gorman and Schneider (2009a) was GFDL CM2.0, a predecessor

to the GFDL-ESM2G (though, the GFDL CM2.1 model was better captured by the

scaling). This scaling assumes that changes are linear, whereas grid point storms may

not respond linearly.

4.6.3 Changes in vertical velocity

Figure 4.23 shows the pressure vertical velocity (ω) and its change for the MPI, IPSL,

and GFDL models. The distribution was calculated by calculating the average vertical

velocity at 500 hPa for all days with rain rates falling in each bin, and then take the

global average of the distribution.

The vertical velocity distribution for the MPI model is simplest. At heavy rain

rates, vertical motion is upward (negative), while at light rain rates it is upward.

In response to warming over the century, both upward and downward motions get

stronger. This response seems plausible. For the IPSL model, the light events also

have downward motion, and heavier events have upward motion, similar to MPI for

days with rain rates up to about 20 mm d−1. But, for the events with the heaviest rain

rates, ω is downward, which is surprising. The response as a function of percentile

is similar to the MPI response, with more downward motion for light events and

more upward motion for heavy events. The GFDL vertical velocity distribution is

even more complex. Rain events lighter than about 1 mm d−1 have upward motion,

light rain events about 1 mm d−1 have downward motion, events around 10 mm d−1
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Figure 4.23: Pressure vertical velocity at 500 hPa in Pa s−1 (left) and its change
(center) as a function of rain rate, and pressure vertical velocity change as a function
of cumulative percentile (right) for MPI-ESM-LR (top), IPSL-CM5A-LR (middle),
and GFDL-ESM2G (bottom) models for the RCP8.5 scenario.
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have upward motion, and the heaviest events have downward motion. The change

in pressure vertical velocity shows more downward motion at light rain rates, and

more upward motion for events from the 90th through the 99.9th percentiles. The

initial distribution of the GFDL model is difficult to rationalize as realistic. Further

analysis of the relationship between vertical velocity and the distribution of rain could

elucidate the substantial differences among models.

4.7 Conclusions

We have considered the change in rain amount and rain frequency distribution of daily

precipitation data in response to CO2 increase and warm and cold phases of ENSO

in CMIP5 models, and to ENSO phases in GPCP 1DD and TRMM 3B42 version 7

observational datasets.

CMIP5 models do a tolerable job of simulating the global distribution of rain

amount by rain rate when compared to the GPCP 1DD observational dataset. The

models overestimate the frequency of rain falling at light rain rates, but the rain

amount contributed at these light rates is small.

We introduce two modes of coherent change of the rain amount distribution: an

increase in rain amount at all rain rates, and a shift of the rain amount distribution

to higher rain rates. The increase changes total rainfall, while the shift does not.

The degree of shift is expressed as a percentage change in rain rate, representing a

movement of the rain amount distribution along an axis of the log of rain rate. The

increase is expressed as a percentage change in rain amount at all rain rates.

We fit the shift and increase of the rain amount distribution to the response of

models and observations to CO2 increase and warm and cold ENSO phases, and

considered this coherent response as well as the deviations from it. In response to

CO2 doubling in CMIP5 models, the rain amount distribution shifts by 3.3 % K−1

and increases by about 1 % K−1. Observational datasets disagree with each other

about the change in mean rainfall over ocean. Nonetheless, the shift-plus-increase fits
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much of the change in rain amount reasonably in all cases, reinforcing our confidence

in the framework. Despite disagreement about total rain, AMIP model simulations

and both observational datasets produce a similar shift, between 14 and 15 % K−1

during ENSO events.

The response of the rain frequency as a function of rain rate and extreme rain rate

as a function of percentile are also included in the framework. In response to warming,

dry-day frequency increases in models and observations. It increases more over land

than over the ocean. However, the increase in the modeled and observed response

is smaller than the fitted shift-plus-increase, indicating that increased drying is more

modest than we might have anticipated from changes in the rest of the distribution

alone.

In response to CO2 doubling, some of the models have increases of extreme pre-

cipitation (greater than the 99th percentile) that closely follow the shift-plus-increase

fitted to each model’s change in rain amount distribution. Other models produce

much bigger increases in extreme precipitation than the shift-plus-increase, indicat-

ing that extreme precipitation change is not tied to the change in the rest of the rain

amount distribution in these models. We attribute these additional increases in very

heavy rain rate to changes in large-scale precipitation probably related to grid-point

storms.

CMIP5 models have more light rain (around 1 mm d−1) than observations, and

they have an increase in light rain over ocean in response to CO2 doubling. This light

rain and its change contribute little to the total amount of rainfall, so they are not

tightly constrained by the atmospheric energy budget.

These results indicate that with warming, rainfall shifts to higher rain rates, as

argued by Trenberth (1999), but the rate of change is smaller than the increase in

moisture and extreme events. The very high rate of increase of extreme precipitation

found in some studies (e.g., Allen and Ingram, 2002; Sugiyama et al., 2010; O’Gorman,

2012) is not associated with changes in the rest of the distribution of rain.
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Chapter 5

CONCLUDING REMARKS

In this dissertation, we have considered how atmospheric radiative cooling changes

in response to carbon dioxide and black carbon forcings, how these changes in the

atmospheric radiative cooling are related to changes in global-mean precipitation,

and how this change in global-mean precipitation manifests as changes in the rate at

which rain falls. We have focused on diagnostic analysis of a suite of comprehensive

climate model simulations and their evolution over the rest of this century in response

to greenhouse gas forcing.

In CMIP3 experiments with realistic forcing, we saw that differences in global-

mean precipitation increase across models are strongly related to changes in clear-

sky shortwave absorption in the atmosphere. We focused on two models: the one

with the largest rate of precipitation increase and the one with the smallest rate of

increase. We showed that the model with the largest increase in precipitation has a

decrease in absorbing aerosol forcing, while the model with the smallest increase in

precipitation has an increase in absorbing aerosol forcing. This example illustrates

how potent absorption of shortwave radiation in the atmosphere by aerosols can be

for precipitation. Comprehensive model comparisons are used for many applications

and research studies, so this finding is also important for other users of the dataset.

Around the time this work was undertaken, other groups were also documenting

how important black carbon is for global-mean precipitation. Frieler et al. (2011)

showed that the black carbon forcing was needed to explain differences in precipitation

change across models and emissions scenarios in CMIP3. More recent work has tried

to establish a bound on many aspects of black carbon in climate (Bond et al., 2013),
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which has been an elusive climate forcing despite its impacts.

In CMIP5 experiments forced by carbon dioxide increase, we made a detailed

accounting of the clear-sky atmospheric radiative cooling response that balances the

change in global-mean precipitation. We saw that much of this response is due to

vertically-uniform warming and moistening at constant relative humidity, as well as

the carbon dioxide forcing itself. In contrast to the top-of-atmosphere water vapor

feedback, moistening contributes to an increase in longwave cooling of the atmospheric

column. Inter-model spread in atmospheric longwave cooling was also examined. Also

in contrast to the top-of-atmosphere, the responses of clear-sky atmospheric radiative

cooling to changes in water vapor and lapse rate do not show compensation. They

each contribute to the range in model longwave cooling response.

This work made an important contribution by presenting consistent calculations

that documented the contributions from warming, moistening, and carbon dioxide

forcing. Future work on this topic could investigate why clear-sky shortwave ab-

sorption due to water vapor differs among climate models. While clear-sky radiative

cooling is the dominant factor for changes atmospheric radiative cooling, progress

could be made understanding the role that clouds play, why it is not bigger, and

whether the response of clouds and sensible heat flux are connected.

To address how the distribution of precipitation responses to climate change, we

devised two modes of coherent change of the rain amount distribution: a shift mode

and an increase mode. The increase mode is the component of change that is uniform

at all rain rates. The shift mode is an energetically-neutral movement of rain from

lower rain rates to higher rates. We fit these modes to CMIP5 model simulations

forced by increasing carbon dioxide, CMIP5 simulations of the response to warm and

cold ENSO phases, and two merged satellite-gauge gridded observational precipitation

datasets over warm and cold phases of ENSO. These two modes explain most of the

change in rain amount distribution in these cases. In the CMIP5 multi-model mean

response to carbon dioxide increase, the shift and increase together explain about
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two thirds of the change in rain. In some models, but not others, an extreme mode

where precipitation increases at the highest rain rates drives the change in extreme

rain rate, and also contributes to the increase in total rainfall.

The shift mode quantifies how increases in heavy rain events could be related to

decreasing frequency of all rain events under the constraint of a limited ability to

change the total rainfall. If the shift mode were responsible for the entire increase

in extreme rain rate, then we would expect to see increases in dry-day frequency,

as Trenberth (1999) envisioned. But in the model simulations we looked at in this

dissertation, the extreme mode (instead of the shift mode) is responsible for a sub-

stantial component of the extreme rain increase. The extreme mode is not associated

with substantial increases in dry-day frequency. In summary, extreme rain events will

get heavier, but models disagree on whether this implies a substantial increase in the

frequency of dry events or merely a small one.

The increase and shift modes of change of the rain distribution introduced in this

work are novel contribution to the discussion of how rain can change. Future work

could establish the changes in moisture and circulation that accompany the shift

mode and the mechanisms driving the response. There is also more work to be done

to understand the differences among model rain distributions and how they relate to

circulation change.

This dissertation focused on understanding long-term changes in precipitation and

its drivers by starting from the very largest scales. The goal for this work is for it to

form a basis upon which to connect the response of rainfall at smaller scales, especially

in space. Ultimately, it is the precipitation at the regional scale which is relevant for

both dynamical responses of climate and impacts on the environment and society. We

hope that by providing a solid foundation that connects the large-scale precipitation

response to fundamental aspects of long-term climate change, this work will support

future advances in our understanding of climate at all scales.
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Appendix A

MODEL SIMULATIONS

The Coupled Model Intercomparison Project, phases 3 and 5 (CMIP3 and

CMIP5), is run by the World Climate Research Programme’s (WCRP) Working

Group on Climate Modeling. Model simulations analyzed in this dissertation were

generously produced and provided by modeling centers from around the world, and

coordinated by the WCRP. The U.S. Department of Energy’s Program for Climate

Model Diagnosis and Intercomparison archives and makes the model simulations avail-

able, in partnership with the Global Organization for Earth System Science Portals.

Table 2.1 lists models whose simulations were analyzed in Chapter 2. Table A.1 lists

models whose simulations were analyzed in Chapters 3 and 4.
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Table A.1: CMIP5 model simulations analyzed in this dissertation.

Chapter 3 Chapter 4
Modeling center Model name 1pctCO2 1pctCO2 RCP8.5 AMIP

Commonwealth Scientific and Industrial Research Organization and
Bureau of Meteorology CSIRO-BOM, Australia

ACCESS1.0 x x
ACCESS1.3 x x

Beijing Climate Center, China Meteorological Administration BCC-CSM1.1 x x x x

College of Global Change and Earth System Science, Beijing Normal
University

BNU-ESM x x

Canadian Centre for Climate Modelling and Analysis
CanESM2 x x x
CanAM4 x

National Center for Atmospheric Research CCSM4 x x x

Community Earth System Model Contributors CESM1-BGC x x

CMCC-CESM x
Centro Euro-Mediterraneo per I Cambiamenti Climatici CMCC-CM x x

CMCC-CMS x

Centre National de Recherches Météorologiques / Centre Européen
de Recherche et Formation Avancée en Calcul Scientifique

CNRM-CM5 x x x x

Commonwealth Scientific and Industrial Research Organization in
collaboration with Queensland Climate Change Centre of Excellence

CSIRO-Mk3.6.0 x x

EC-EARTH consortium EC-EARTH x

LASG, Institute of Atmospheric Physics, Chinese Academy of Sci-
ences and CESS, Tsinghua

FGOALS-g2 x x

LASG, Institute of Atmospheric Physics, Chinese Academy of Sci-
ences

FGOALS-s2 x x
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Chapter 3 Chapter 4
Modeling center Model name 1pctCO2 1pctCO2 RCP8.5 AMIP

GFDL-CM3 x x x x
GFDL-ESM2G x x x

NOAA Geophysical Fluid Dynamics Laboratory GFDL-ESM2M x x x
GFDL-HIRAM-C180 x
GFDL-HIRAM-C360 x

NASA Goddard Institute for Space Studies GISS-E2-R x x

Met Office Hadley Centre (additional HadGEM2-ES realizations
contributed by Instituto Nacional de Pesquisas Espaciais)

HadGEM2-ES x
HadGEM2-A x

Institute for Numerical Mathematics INM-CM4 x x x

IPSL-CM5A-LR x x x x
Institut Pierre-Simon Laplace IPSL-CM5A-MR x x x

IPSL-CM5B-LR x x x x

Japan Agency for Marine-Earth Science and Technology,
Atmosphere and Ocean Research Institute (The University of
Tokyo), and National Institute for Environmental Studies

MIROC-ESM x x x
MIROC-ESM-CHEM x

Atmosphere and Ocean Research Institute (The University of
Tokyo), National Institute for Environmental Studies, and Japan
Agency for Marine-Earth Science and Technology

MIROC5 x x x x

Max-Planck-Institut f ur Meteorologie (Max Planck Institute for
Meteorology)

MPI-ESM-LR x x x
MPI-ESM-MR x x
MPI-ESM-P x

Meteorological Research Institute
MRI-CGCM3 x x

MRI-AGCM3.2H x
MRI-AGCM3.2S x

Norwegian Climate Center
NorESM1-M x x x x
NorESM1-ME x
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Appendix B

RAIN AMOUNT AND RAIN FREQUENCY
DISTRIBUTION CALCULATIONS

We calculate the distribution of rain amount p and rain frequency f for each

dataset, using daily rain accumulation r from model output or gridded observations.

Rl
i and Rr

i are left and right bin edges, Rc
i = (Rl

i + Rr
i )/2 are bin centers, which we

use in transforming the distribution.

pi(R
c
i ) =

1

∆ lnR

∫

lnRr

i

lnRl

i

p(ln r)d ln r =
1

∆ lnR

∑

gridpts

r(Rl
i ≤ r ≤ Rr

i )
Agridpt

Atotal

, (B.1)

fi(R
c
i ) =

1

∆ lnR

∫

lnRr

i

lnRl

i

f(ln r)d ln r =
1

∆ lnR

∑

gridpts

Nd(R
l
i ≤ r ≤ Rr

i )

ΣNd

Agridpt

Atotal

, (B.2)

Fd =
1

ΣNd

∑

gridpts

Nd(r = 0)
Agridpt

Atotal

, (B.3)

where A are areas of each gridpoint and the total area, and Nd is the number of days.

The distributions are calculated a bin width ∆ lnR = (Ri+1−Ri)/Ri = 7.67%, which

gives reasonable sampling across the distribution.

We use the daily convective rainfall accumulation rconv to calculate the distribution

of convective rain amount pconv and convective precipitation fraction f conv in each bin

of daily rain rate r,

pconvi (Rc
i ) =

1

∆ lnR

∑

gridpts

rconv(R
l
i ≤ r ≤ Rr

i )
Agridpt

Atotal

, (B.4)

f conv
i (Rc

i ) =
1

∆ lnR

∑

gridpts

rconv
r

(Rl
i ≤ r ≤ Rr

i )
Agridpt

Atotal

. (B.5)
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