royalsocietypublishing.org/journal/rsta

Research
Cite this article: O’Gorman PA, Li Z, Boos WR,
Yuval J. 2021 Response of extreme
precipitation to uniform surface warming in
quasi-global aquaplanet simulations at high
resolution. Phil. Trans. R. Soc. A 379: 20190543.
https://doi.org/10.1098/rsta.2019.0543
Accepted: 26 October 2020
One contribution of 14 to a discussion meeting
issue ‘Intensification of short-duration rainfall
extremes and implications for flash flood risks’.
Subject Areas:
atmospheric science, meteorology,
climatology
Keywords:
extreme rainfall, climate change,
convective organization
Author for correspondence:
P. A. O’Gorman
e-mail: pog@mit.edu

Electronic supplementary material is available
online at https://doi.org/10.6084/m9.figshare.
c.5249346.

Response of extreme
precipitation to uniform
surface warming in
quasi-global aquaplanet
simulations at high resolution
P. A. O’Gorman1 , Z. Li1 , W. R. Boos2 and J. Yuval1
1 Department of Earth, Atmospheric and Planetary Sciences,

Massachusetts Institute of Technology, Cambridge, MA 02139, USA
2 Department of Earth and Planetary Science, University of
California, Berkeley, Berkeley, CA, USA
PAO, 0000-0003-1748-0816; ZL, 0000-0002-1999-0011;
JY, 0000-0001-7519-0118; WB, 0000-0001-9076-3551
Projections of precipitation extremes in simulations
with global climate models are very uncertain in the
tropics, in part because of the use of parameterizations
of deep convection and model deficiencies in
simulating convective organization. Here, we
analyse precipitation extremes in high-resolution
simulations that are run without a convective
parameterization on a quasi-global aquaplanet.
The frequency distributions of precipitation rates
and precipitation cluster sizes in the tropics of
a control simulation are similar to the observed
distributions. In response to climate warming, 3 h
precipitation extremes increase at rates of up to
9% K−1 in the tropics because of a combination of
positive thermodynamic and dynamic contributions.
The dynamic contribution at different latitudes is
connected to the vertical structure of warming using
a moist static stability. When the precipitation rates
are first averaged to a daily timescale and coarsegrained to a typical global climate-model resolution
prior to calculating the precipitation extremes, the
response of the precipitation extremes to warming
becomes more similar to what was found previously
in coarse-resolution aquaplanet studies. However,
the simulations studied here do not exhibit the high
rates of increase of tropical precipitation extremes
found in projections with some global climate models.

2021 The Author(s) Published by the Royal Society. All rights reserved.

This article is part of a discussion meeting issue ‘Intensification of short-duration rainfall
extremes and implications for flash flood risks’.
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Simulations with global climate models project a general intensification of precipitation extremes
in most regions as the climate warms [1,2]. The rate of intensification varies regionally and
seasonally because of variations in the dynamic contribution to changes in precipitation extremes
which is particularly uncertain in the tropics [3]. The large inter-model differences in the response
in the tropics [4] arise partly because of parameterizations of deep convection which are known to
strongly affect the intensity distribution of precipitation [5]. Furthermore, the inability of coarse
global climate models to represent mesoscale organization of convection calls into question their
ability to correctly simulate the response of precipitation extremes to climate change [6], and the
role of convective organization in this response is an active area of research [7–9]. A number
of studies have analysed precipitation extremes in regional simulations at high resolution run
without a convective parameterization of deep convection [10–12], but because of their regional
focus it is difficult to use the results to understand the global response and the role of large-scale
dynamics in shaping this response. Global convection permitting simulations are now becoming
available [13,14] but they are typically run for too short a time for the analysis of the response of
extremes to climate change.
Here, we analyse high-resolution simulations without a convective parameterization that are
run in an idealized aquaplanet domain that includes both extratropical and tropical dynamical
regimes. The use of an idealized domain with a zonally symmetric lower boundary limits the
direct applicability of our results to societal impacts, but it simplifies the problem of obtaining
physical understanding of changes in precipitation extremes which is very challenging in fullcomplexity coupled simulations and in observations. Moreover, the zonal symmetry is helpful
for obtaining robust statistics of precipitation extremes.
To reduce computational expense, we run our simulations at 12 km horizontal grid spacing
and use hypohydrostatic rescaling to increase the horizontal length scale of convection while
not changing the large-scale dynamics [15,16]. Hypohydrostatic rescaling modifies the inertial
term in the dynamical equation for the vertical velocity, and previous studies at grid spacings of
8–40 km have found that it improves the representation of tropical cyclones [17,18] and
midlatitude precipitation extremes [19], and it has also been used in studies of monsoonal
circulations [20]. Even without hypohydrostatic rescaling, simulations at 12 km can have a good
representation of precipitation when the parameterization of deep convection is turned off [21,22],
and the parameterization of deep convection can sometimes be harmful at such a grid spacing
[23]. As partial validation, we show here that frequency distributions of precipitation intensity
and cluster size in the tropics of our control simulation compare well with observations.
The dynamic contribution to changes in precipitation extremes (i.e. the contribution owing to
changes in vertical winds) has been found to be important in projections with global climate
models [3] and in idealized aquaplanet simulations [8,24,25]. We highlight here two distinct
lines of research that have sought to explain this dynamic contribution at the convective scale
and at larger scales, respectively. At the convective scale, high-percentile updrafts in radiative
convective equilibrium (RCE) are found to become faster with warming [26,27]. The faster
updrafts have been explained using an entraining plume model and an assumption of convective
quasi-equilibrium which predicts a decrease in moist static stability (a measure of the difference
of the temperature lapse rate from a moist adiabatic lapse rate) as the atmosphere warms [28–30].
Similarly, the dynamical response of an entraining plume model to temperature perturbations
from a composite sounding in midlatitudes has been found to depend on changes in moist
static stability [31]. For vertical velocities associated with precipitation extremes in RCE, the
changes in vertical velocities with warming are positive at upper levels but can be negative in
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1. Introduction
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The model used is the System for Atmospheric Modelling (SAM) v. 6.3 which is an anelastic model
in Cartesian coordinates [38]. The bulk microphysics scheme is single moment with relatively
simple representations of rain, snow, graupel, cloud water and cloud ice. Subgrid turbulence
is represented with a Smagorinsky-type scheme. The radiation scheme is adapted from the
Community Climate Model (CCM3) [39], and the insolation is set at perpetual equinox without a
diurnal cycle. The lower boundary is a zonally symmetric ocean with no sea ice and a specified
sea-surface temperature (SST) distribution. Simulations are run on an extended equatorial beta
plane of length 17 280 km and width 6912 km, equivalent to 78◦ S to 78◦ N in latitude and 62◦ in
longitude at the equator. The boundary conditions are periodic in the zonal direction and walls at
the poleward boundaries.
The default time step is 24 s, and this is adaptively reduced as necessary to prevent violations
of the CFL condition. There are 48 vertical levels and the horizontal grid spacing is 12 km. To help
resolve convection at this horizontal grid spacing, we employ hypohydrostatic rescaling with a
scaling factor of 4 which increases the width of convection while not affecting the large-scale
dynamics as discussed in the introduction. The reference profile used in the anelastic equations is
an observed tropical mean oceanic sounding. Use of the anelastic equations introduces some error
that can, for example, affect growth and propagation of midlatitude baroclinic eddies, although it
is not found to affect the frequency distribution of precipitation in the tropics or extratropics [40].
We consider both a control simulation and a warm simulation. The control simulation uses the
‘qobs’ SST distribution [41] which decreases from 300.15 K at the equator to 273.15 at the poles.
This control simulation was used previously in [42] to develop a parameterization of subgrid
processes through machine learning. The warm simulation differs from the control simulation
by a uniform increase in SST of 4K without any change in CO2 concentration. Two ensemble
members are run for each of the control and warm simulations starting with different random
initial conditions. Each ensemble member is run for 700 days with the first 100 days treated as a
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the lower troposphere [32]. At larger scales, the quasi-geostrophic (QG)-ω equation has been
used to understand changes in vertical velocities associated with extratropical precipitation
extremes [33–37]. A recent study found that changes in moist static stability play a key role for
the magnitude and spatial pattern of changes in vertical velocities within the framework of a
moist QG-ω equation [37]. Thus, both the entraining-plume perspective and the QG-ω equation
suggest that changes in moist static stability are important for changes in vertical velocities, and
we investigate this influence in our quasi-global simulations with convective organization over a
wide range of length scales.
One advantage of analysing high-resolution quasi-global simulations is that we can consider
precipitation on different length and time scales. In particular, many previous studies of
precipitation extremes in global climate projections have considered precipitation in grid boxes
of order 100 km in the horizontal and on daily time scales. Precipitation extremes at different
scales may be associated with different types of circulations or parts of weather systems (e.g. the
occluded region versus cold front in an extratropical cyclone) and thus may respond differently
to climate change. To address this possible scale dependence, we perform an analysis of 3 h
precipitation extremes on the model grid and an additional analysis in which we spatially coarsegrain the precipitation and average it to a daily time scale prior to calculating the extremes. The
daily coarse-grained analysis is more directly comparable to previous studies that analysed daily
precipitation extremes in global climate models.
We first describe the model and simulations (§2) and compare the precipitation intensity and
cluster-size distributions to observations and a simulation with a global climate model (§3). We
then analyse the simulated precipitation extremes and their response to climate change (§4), and
we decompose the response into thermodynamic and dynamic contributions (§5). We relate the
dynamic contribution to changes in vertical velocities at different vertical levels, which we in turn
relate to changes in moist static stability (§6). Lastly, we give our conclusions (§7).
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Figure 1. Snapshots of (a) precipitable water (mm) and (b) surface precipitation rate (mm day−1 ) averaged over a 3 h period in
the control simulation at statistical equilibrium. The model is configured as an equatorial beta plane, and the fields are plotted
versus equivalent latitude and longitude. At the largest scales, precipitation is organized by baroclinic eddies in midlatitudes
and two ITCZs at low latitudes, but convective organization at a range of length scales is also evident. (Online version in
colour.)

spinup period and the remaining 600 days used to calculate statistics. All results presented are
thus based on a combined 1200 days at statistical equilibrium for each of the control and warm
simulations.
Snapshots of 3 h column-integrated precipitable water and surface precipitation are shown
in figure 1. Extratropical cyclones and anticyclones are dominant in midlatitudes, while there
are two intertropical convergence zones (ITCZs) at low latitudes. Tropical cyclones are not
generated because the peak in SST is at the equator [43], but there are a range of convective
systems of different sizes in the tropics whose statistics we compare to observations in the next
section. We note that whether there are one or two ITCZs in a simulation with specified and
hemispherically symmetric SSTs is expected to be sensitive to a number of factors including
the SST distribution and subgrid parameterizations [44]. Previous studies have found a single
ITCZ at coarser resolution in the same model and domain as used here [42] and at higher
resolution in the same model but with a different domain and some other differences in
configuration [45].
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3. Comparison of control simulation to observations and a global climate model
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We compare precipitation statistics from the control simulation to observations and to a
simulation with a coupled global climate model to get a sense of whether the precipitation
intensity and multiscale organization are well represented. We first consider the frequency
distribution of precipitation rates in the tropics since it varies considerably between global
climate models and when different convective parameterizations are used [5,46]. We also consider
the frequency distribution of the size of precipitation clusters (distinct groups of spatially
connected precipitating grid points) because this allows us to assess convective organization
over a wide range of length scales and because it exhibits a known power law in observations
that provides a convenient point of comparison [47]. Our idealized model configuration means
that the comparison with observations and a coupled climate model is necessarily approximate,
but we show that the distributions of precipitation intensity and cluster size from the control
simulation are similar to those obtained from observations, suggesting that the simulations are
useful for studying precipitation statistics. For observational data, we use the Tropical Rainfall
Measurement Mission (TRMM) 3B42 v. 7 dataset, which takes inputs from satellite remote sensing
and rain gauges [48]. The precipitation rates from this dataset are 3 h on a 0.25◦ longitude by
0.25◦ latitude grid. For the global climate model simulation, we use ensemble member one from
the CESM Large Ensemble (CESM-LE) which gives 6 h precipitation rates on a 1.25◦ longitude
by 0.94◦ latitude grid [49]. In order to make a consistent comparison to CESM-LE, we average in
time the 3 h precipitation rates from TRMM 3B42 and the control simulation to 6 h precipitation
rates.
For the control simulation, we consider the region between 15◦ S and 15◦ N over 1200 days at
statistical equilibrium. For TRMM 3B42 and CESM-LE, we consider a comparable region of the
central tropical Pacific between 15◦ S and 15◦ N and 160◦ E and 222◦ E which is of similar size
to the region used in the control simulation and which includes the ITCZ. For TRMM 3B42 and
CESM-LE, we use 4 years of data (01 January 2002 to 31 December 2005) to give a comparable
amount of time as in the control simulation while being a whole number of years.
We first consider the frequency distribution of the 6-hourly precipitation rate (figure 2a). The
distribution is estimated using 30 bins that are approximately equally spaced in the logarithm
of precipitation rate for each dataset. The lowest bin starts at 1 mm day−1 , but the distribution
is normalized such that it integrates to one when all precipitation rates are included (including
those smaller than 1 mm day−1 ). Thus it is the probability distribution function of all precipitation
rates including zero precipitation rates. Since the distribution of precipitation rates is affected
by grid spacing [50], the precipitation rates from TRMM 3B42 and the control simulation are
first conservatively interpolated using spatial averaging to the CESM-LE horizontal grid. There
is good agreement between the distributions from the control simulation and TRMM 3B42,
especially when compared with the large biases in the CESM-LE distribution in this region.
The control simulation does underestimate the frequency of the most extreme precipitation rates
when compared with observations, and this may be related to a lack of tropical cyclones in the
simulation.
To address the multiscale organization of convection, we next consider the frequency
distribution of precipitation cluster size where size refers to the area of the cluster (figure 2b).
Precipitation rates are considered on the native spatial grids for each dataset and at the 6 h time
scale. Precipitation clusters are defined here as distinct groups of spatially connected precipitating
grid points, where grid points are taken to be connected if they are nearest neighbours (each
grid point has four nearest neighbours). Precipitating grid points are defined as gridpoints with
precipitation exceeding 0.7 mm h−1 , which is one of the thresholds used in a previous study of
cluster statistics [47]. Using a lower precipitation threshold gives a similar level of agreement
between the control simulation and TRMM 3B42, but CESM-LE becomes less similar to TRMM
3B42 because of too much drizzle in CESM-LE. We normalize the cluster size distribution function
such that it integrates to the time mean of the number of clusters per unit area of the domain. The
distribution is estimated using 25 bins that are approximately equally spaced on a log scale of
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Figure 2. Distributions of tropical (a) precipitation rate and (b) precipitation cluster size for the control simulation (green),
TRMM 3B42 observations (red) and the CESM-LE global climate model simulation (blue). Results in this figure are based on 6 h
precipitation rates. In (a), precipitation rates from the control simulation and TRMM 3B42 have been conservatively interpolated
onto the CESM-LE horizontal grid prior to calculating the distribution, and the 99.9th percentiles are shown by filled circles. In
(b), power laws are shown for comparison (dashed) with the exponents given in the legend. The data are from all longitudes
and 15◦ S–15◦ N for the control simulation, and from the central tropical Pacific (15◦ S–15◦ N, 160◦ E–222◦ E) for TRMM 3B42
and CESM-LE. (Online version in colour.)

cluster size for each dataset following the approach of [47]. Power-law exponents are estimated
using linear regression in log-log space over the first 17 bins.
The cluster size distributions exhibit a power law range and an exponential roll off at the
largest cluster sizes (figure 2b). The exponent of the power law range for TRMM 3B42 is estimated
to be −1.69 which is consistent with a previous estimate of −1.7 [47]. The cluster size distribution
from the control simulation compares favourably to TRMM 3B42 with a similar power-law
exponent of −1.73, although the exponential roll off for the control simulation occurs at a smaller
cluster size than in TRMM 3B42, likely related to the large-scale structure of the ITCZs being
different in our idealized simulation. CESM-LE has a much narrower range of cluster sizes given
its coarser resolution, and it exhibits a substantially shallower power law with an exponent of
−1.21.
Based on figure 2, we conclude that the control simulation exhibits spatial organization of
precipitation over a wide range of length scales, and that the model is doing a reasonable job
of simulating the distributions of tropical precipitation intensity and cluster size, at least to the
extent that can be expected given the idealized domain and lower boundary.

4. Precipitation extremes and their response to climate warming
We next consider precipitation extremes and their response to climate change. For a given climate,
we define extreme precipitation events at a given latitude as exceedances of a high percentile
of precipitation (the 99.9th percentile for 3 h precipitation) at that latitude. The intensity of
precipitation extremes is then calculated as the average of the precipitation rate over all the
extreme events at that latitude. We use this definition of the intensity of precipitation extremes
rather than just using the percentiles of precipitation directly because it allows us to consistently
define other quantities associated with precipitation extremes. In particular, temperatures, vertical
velocities and static stabilities associated with the precipitation extremes at a given latitude are
calculated by averaging these quantities over all extreme precipitation events at that latitude.
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Figure 3. Precipitation extremes (solid) and the precipitation extremes scaling estimate (dashed) versus latitude in the control
simulation. Results are shown for (a) 3 h precipitation on the model grid and (b) daily precipitation that is spatially coarsegrained to a horizontal grid spacing of 96 km prior to calculating the extremes. Precipitation extremes are defined by the
average of precipitation rates over all exceedances of the 99.9th percentile for 3 h precipitation and the 99.2nd percentile for daily
precipitation to give the same return period in each case. In this and subsequent figures, differences between the hemispheres
are primarily indicative of sampling errors. (Online version in colour.)

The temperatures and vertical velocities associated with the precipitation extremes (denoted Te
and we ) are then used to calculate a scaling approximation for the precipitation extremes as
discussed later in this section. To reduce noise, a moving average filter of width 12◦ in latitude
is applied to the precipitation extremes, the scaling approximation of precipitation extremes, and
the vertical velocities and static stabilities associated with precipitation extremes. Note that the
moving average filter is applied prior to calculating fractional changes in response to climate
change.
We primarily consider extremes of 3 h precipitation on the model grid using exceedances of
the 99.9th percentile of precipitation. But we are also interested in the behaviour of precipitation
extremes at coarser space and time scales that have been widely considered in previous
global modelling studies and which may respond differently to climate change from the 3 h
precipitation extremes. To study precipitation extremes at coarser scales, we spatially coarse-grain
the precipitation rates (and other quantities such as temperature and vertical velocities) using area
averaging over 8 × 8 blocks to give a coarser grid spacing of 96 km, and we average in time to
the daily time scale. Precipitation extremes are then calculated as before but now for daily coarsegrained precipitation. We consider the 99.2th percentile for the daily coarse-grained precipitation
extremes for two reasons. First, the 99.2th percentile of daily precipitation corresponds to the
same return period as the 99.9th percentile of 3 h precipitation. Second, the coarsening in time
and space reduces the sample size, and thus using a somewhat lower percentile is helpful for
reducing noise.
The intensity of precipitation extremes decreases from the tropics to high latitudes, and
a signature of the double ITCZ is also evident in the tropics (figure 3). The peak values
are 576 mm day−1 for 3 h precipitation extremes and 94 mm day−1 for daily coarse-grained
precipitation extremes.
We express the sensitivity of precipitation extremes to climate change as the percent change
relative to the control climate and normalized by the 4K increase in SST (figure 4). For 3 h
precipitation extremes, the response varies from 4.9% K−1 to 10.0% K−1 across all latitudes with a
tropical average response of 7.3% K−1 and a similar extratropical average of 7.5% K−1 (figure 4a).
Tropical and extratropical averages are taken equatorward and poleward of 30◦ , respectively.
Within the tropics, there is a stronger response in the ITCZ regions with a maximum rate of
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Figure 4. Response of precipitation extremes to climate warming (black solid), the response as estimated by the precipitation
extremes scaling (black dashed), and the decomposition of the response into thermodynamic (blue) and dynamic (green)
contributions. Results are shown for (a) 3 h precipitation on the model grid and (b) daily precipitation that is spatially coarsegrained to a horizontal grid spacing of 96 km prior to calculating the extremes. The horizontal dotted lines show reference values
of 0 and 6.5% K−1 . All results shown are normalized by the change in SST of 4K. (Online version in colour.)

increase across tropical latitudes of 9.0% K−1 . Higher rates of change are typically found for
higher percentiles. For example, the tropical average rate of increase for 3 h precipitation extremes
increases from 7.3% K−1 for the 99.9th percentile to 8.3% K−1 for the 99.99th percentile.
The daily coarse-grained precipitation extremes exhibit a somewhat different response, with a
weaker response in the tropics (5.6% K−1 ) and a stronger response in the extratropics (9.6% K−1 )
that peaks at high latitudes with values close to 14% K−1 (figure 4b). Both the averaging to a daily
time scale and the spatial coarse graining contribute to the difference in responses between 3 h
precipitation extremes and daily coarse-grained precipitation extremes. Considering the 99.9th
percentile instead of the 99.2nd percentile for the daily coarse-grained precipitation extremes
reduces the difference in response compared to 3 h precipitation extremes in the tropics but the
latitudinal distributions of the responses still remain different.
Previous studies of daily precipitation extremes on aquaplanets with coarse-resolution global
climate models have found a stronger sensitivity of precipitation extremes to climate change at
high latitudes as compared to the tropics [24,25], similar to what we find here for daily coarsegrained precipitation extremes. It is notable that this polar amplified response of precipitation
extremes does not occur for the 3 h precipitation extremes on our higher-resolution grid, and we
investigate this further in the next section.

5. Thermodynamic and dynamic contributions
We next use a scaling approximation for precipitation extremes to determine the thermodynamic
and dynamic contributions to changes in precipitation extremes at each latitude. Our aim in
making this decomposition is to better understand the variation in sensitivity across latitudes
and the differing sensitivities when 3 h and daily coarse-grained precipitation extremes are
considered. The scaling approximation was derived assuming saturated moist adiabatic ascent
[1] or using a dry static energy budget in the tropics without assuming saturated ascent [32], and
it has been used in a number of studies to relate the precipitation rate to the vertical profiles of
temperature and vertical velocity in extreme precipitation events [3,36,51–54]. We refer to it as
a scaling approximation because it estimates the vertically integrated net condensation rate and
thus only predicts the precipitation rate up to a factor that can be thought of as a precipitation
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fractional change (%/K)

(a)

where Pe is the surface precipitation rate in the extreme event, we (z) is the vertical velocity
associated with precipitation extremes, S(Te , z) is a thermodynamic factor that is evaluated at the
temperature Te associated with precipitation extremes, and zt is the tropopause height diagnosed
from the lapse rate of Te .
The thermodynamic factor S is the derivative of the saturation mixing ratio qsat (T, p) with
respect to z assuming a moist-adiabatic lapse rate of temperature, and it may be written as


 
dqsat
∂qsat dp ∂qsat ∂T
S≡
=
,
(5.2)
+
dz ma
∂p dz
∂T
∂z ma
where p(z) is the horizontal-average pressure profile and subscript ma denotes moist adiabatic. In
evaluating S(Te , z), the moist adiabatic lapse rate (∂T/∂z)ma is calculated using Te at each vertical
level. We use Te rather than the temperature of a parcel lifted moist adiabatically from near the
surface in order to avoid making assumptions about which parcel to lift or the extent to which the
stratification is moist adiabatic.
For the case of 3 h precipitation, we use the instantaneous values of we and Te at the start of the
3 h period because only instantaneous velocities and temperatures were stored. Using an average
of the instantaneous we and Te values at the start and end of the 3 h period gives lower values of
the scaling approximation in the control climate, presumably because condensation is occurring
to a greater extent at the start of the period. For daily precipitation extremes, we average eight
values of we and Te that are spaced every 3 h and start at the beginning of the 24 h period.
In the control climate, the scaling approximation underestimates the 3 h precipitation extremes
by about 25% but the shape of the latitudinal distribution is well captured (figure 3a). Rather
than implying a precipitation efficiency larger than one, the underestimate is likely because
instantaneous rather than 3 h we and Te were used which means that the peak in condensation is
likely not captured. The agreement is excellent for the daily coarse-grained precipitation extremes
at all latitudes (figure 3b). Importantly, the scaling approximation captures the response to climate
change with a slight overestimate of the response for the 3 h precipitation extremes (figure 4a)
and generally good agreement for the daily coarse-grained precipitation extremes (figure 4b),
suggesting that changes in precipitation efficiency are relatively unimportant (although this may
be sensitive to the precipitation microphysics used at lower temperatures [51]).
We next use the scaling approximation to decompose the total response of precipitation
extremes into a contribution from changes in Te and p (the thermodynamic contribution) and
changes in we (the dynamic contribution). To evaluate the thermodynamic contribution, we use
the average of we between the two climates as input to the scaling approximation in each climate
and then calculate the change in the scaling approximation in response to climate warming. To
evaluate the dynamic contribution, we use the averages of Te and p between the two climates as
inputs to the scaling approximation in each climate and then calculate the change in the scaling
approximation in response to climate warming. The thermodynamic and dynamic contributions
are expressed in % K−1 by normalizing by the full scaling in the control climate and by the change
in SST (4K). With this approach to calculating the thermodynamic and dynamic contributions,
their sum differs from the total scaling response by less than 0.1% K−1 at all latitudes. The
remainder term involving a product of dynamic and thermodynamic changes is negligible
because we use the average between climates for the variables that are held constant in each
contribution as opposed to using just the control-climate values.
For both the 3 h precipitation extremes and the daily coarse-grained precipitation extremes,
the thermodynamic contribution is substantially stronger at high latitudes than in the tropics
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efficiency. Nonetheless, this factor is close to one for precipitation averaged over sufficiently large
space and time scales [3,55].
For the anelastic SAM model which uses a reference density profile ρ0 (z) as a function of height
z, the scaling approximation may be written as
 zt
Pe ∼ −
ρ0 (z)we (z)S(Te , z) dz,
(5.1)

To better understand the dynamic contribution, we next consider the changes in vertical velocities
at different vertical levels and how these changes relate to changes in moist static stability.
We first consider the dynamic contribution to changes in precipitation extremes at different
vertical levels which is calculated as −ρ0 δwe S where δwe is the change in we between the two
climates and the thermodynamic factor S is evaluated using the averages of Te and p between
the two climates (cf. equation (5.1)). For 3 h precipitation (figure 5a), the dynamic contribution
in the tropics is positive in the middle troposphere and more weakly negative in the lower
troposphere, such that the total contribution is positive when integrated vertically. At high
latitudes, the dynamic contribution is negative in the lower troposphere leading to a negative
total contribution. Changes in we (figure 5c) show a similar pattern except they extend higher into
the upper troposphere where the dynamic contribution to changes in precipitation extremes is
limited by small saturation vapour pressures. The changes in vertical velocities in the tropics are
consistent with previous studies of RCE which generally show increases in updraft speed with
warming [26,27] but negative changes in the lower troposphere for vertical velocities associated
with precipitation extremes [32]. For daily coarse-grained precipitation extremes (figure 5b), the
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(figure 4a,b). This is due to the thermodynamic factor S(Te , z) having larger fractional increases
with warming at lower temperatures (see fig. S2 of [1]). Note that the strong thermodynamic
contribution at higher latitudes is not due to polar amplified warming since polar amplification
is limited in our simulations by the uniform increase in SST. Even when a uniform increase in
SST is not imposed, polar amplification of warming occurs primarily for the mean temperature
rather than Te [24]. The meridional gradient in the thermodynamic contribution is less prominent
in coupled-climate model projections for annual extremes because extremes at high latitudes
can occur in the warm season [56], but a particularly large thermodynamic contribution can be
seen at northern high latitudes in winter (see fig. S7c of [3]). In the tropics, the thermodynamic
contribution is close to Clausius-Clapeyron scaling with near-surface temperature. This scaling
with near-surface temperature has been noted before but it is somewhat surprising since much of
the convergence of water vapour occurs higher in the atmosphere, and the cause for this scaling
has recently been found to be the universal shape of vertical velocity profiles conditioned on
extreme precipitation events when expressed in a moisture vertical coordinate [54].
For 3 h precipitation extremes, the dynamic contribution is positive at low latitudes and
negative at high latitudes. The positive dynamic contribution at low latitudes differs from a
negative dynamic contribution to changes in precipitation extremes in small-domain RCE [32,54]
and this discrepancy may relate to the presence of organized convection in our simulations (see
also [7]). For daily coarse-grained precipitation extremes, the dynamic contribution is mostly
negative in the tropics and positive at high latitudes, but there is not as clear a poleward shift
of the vertical velocities as was found in previous studies of daily precipitation extremes in
aquaplanet climate models [24,25].
Thus, the responses for both 3 h and daily coarse-grained precipitation extremes can be
understood through a combination of the thermodynamic and dynamic contributions. Stronger
thermodynamic contributions at higher latitudes play an important role in both cases, and
differences in the latitudinal distributions of the response between the 3 h and daily coarsegrained precipitation extremes are primarily due to the dynamic contribution.
One limitation of our simulations is that the reference density profile used in the anelastic
approximation in SAM was the same for both the control and warm climates whereas it
should change with warming. By changing the density profile in the precipitation extremes
scaling (equation (5.1)), we estimate that the change in density would decrease the response
of precipitation extremes to climate warming by roughly 0.5% K−1 assuming there is no
compensation in the changes in we .
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Figure 5. Changes (% K−1 ) in dynamics and moist static stability associated with precipitation extremes in response to climate
change: (a,b) the dynamic contribution to changes in precipitation extremes, (c,d) changes in vertical velocities associated with
precipitation extremes, and (e,f ) minus the changes in moist static stability associated with precipitation extremes. Results
are shown for (a,c,e) 3 h precipitation on the model grid and (b,d,f ) daily precipitation that is spatially coarse-grained to a
horizontal grid spacing of 96 km prior to calculating the extremes. The dynamic contribution (a,b) and vertical velocities (c,d)
are normalized by the maximum over all vertical levels of the control-climate values at that latitude. Changes in moist static
stability (e,f ) are normalized by the greater of 0.5 K km−1 and the control-climate value at that latitude and vertical level (the
fixed minimum is used to avoid dividing by small or zero values in the tropics). All results are also normalized by the change in
SST of 4 K. Changes are calculated on model z levels but plotted versus pressure in the control climate to better emphasize the
lower and middle troposphere. Changes in moist static stability are not shown below 950 hPa. (Online version in colour.)

dynamic contribution in the tropics is negative in the lower troposphere and somewhat negative
in the middle troposphere, leading to an overall negative contribution. Updraft speeds do increase
in the upper troposphere as for the 3 h precipitation extremes (figure 5d).
It has previously been argued based on an entraining plume model that faster updrafts with
warming in the tropics are related to a decrease in moist static stability [27–30]. This result and
another study with an entraining plume model in the extratropics [31] motivate us to consider
a simple moist static stability defined as ∂Te /∂z − (∂T/∂z)ma , where ∂Te /∂z is the negative of
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the temperature lapse rate associated with precipitation extremes, and (∂T/∂z)ma is the negative
of the moist adiabatic lapse rate evaluated using Te at each vertical level. Based on a plumemodel argument, a more negative moist static stability at a given level is expected to lead to faster
updrafts at levels higher in the atmosphere.
In terms of the dry static energy, s, the moist static stability may be alternatively written as
(∂se /∂z − (∂s/∂z)ma )/cp , where cp is the specific heat capacity of air at constant pressure and se is
the dry static energy associated with precipitation extremes. Written in this way, the moist static
stability is very similar to the moist static stability that emerged as a key parameter when a moist
QG-ω equation was used to understand contributions to changes in extratropical precipitation
extremes [37]. Thus, both at the convective scale in the tropics and at larger scales governed by
balanced dynamics in the extratropics, changes in vertical velocities may be expected to be related
to changes in moist static stabilities (as well as other factors such as large-scale advective forcing
in the case of the QG-ω equation). The moist QG-ω equation is not applicable at low latitudes
because of small values of the Coriolis parameter and moist static stability.
The moist static stability associated with precipitation extremes in the control climate is
negative in the tropical lower and middle troposphere and generally positive elsewhere (not
shown). In figure 5e,f, we plot the negative of the change in moist static stability associated with
precipitation extremes so that blue colours in figure 5 correspond to both increases in upward
motion and decreases in moist static stability. Changes in both ∂Te /∂z and (∂T/∂z)ma contribute
to the changes in moist static stability. Changes in the dry static stability as measured by changes
in ∂Te /∂z are generally positive, but changes in the moist static stability can be positive or negative
depending on the latitude and vertical level.
For 3 h precipitation extremes, the moist static stability in the tropics decreases between
300 hPa and 400 hPa and between 600 hPa and 800 hPa, and increases in the lower troposphere
(figure 5e). Moist static stability also increases in a region near 500 hPa and this may be related to
melting and freezing of condensates. Interpreted through a plume model, the updraft speed at a
given vertical level depends on the moist static stability at lower levels. Thus we would expect the
changes in moist static stability to lead to decreases in updraft speed in the lower troposphere and
increases in the middle and upper troposphere (assuming that the increased moist static stability
near the melting level is outweighed by the larger region of decreased moist static stability below
it). These expectations for the tropics are consistent with the changes in updraft speeds in figure 5c.
In the extratropics, we can either interpret the changes in we through the moist QG-ω equation
where the atmosphere is convectively stable or through the plume model where it is unstable.
With either interpretation, the decreases in moist static stability in the middle troposphere and
increases in the lower troposphere are consistent with increases in vertical velocities in the middle
troposphere and decreases in the lower troposphere.
The percentage changes of updraft speeds and moist static stability also roughly agree
in magnitude. Closer agreement is not expected because of entrainment (which reduces the
magnitude of increases in updraft speeds [27]) and because the plume argument links the
updraft speed at a given vertical level to the moist static stability integrated over lower levels.
Furthermore, the normalization of changes in moist static stability in figure 5e,f involves a fixed
minimum value to avoid dividing by zero in the tropical middle and lower troposphere. Absolute
changes in moist static stability are shown for reference in electronic supplementary material,
figure 1.
For daily coarse-grained precipitation extremes (figure 5f ), there is not a clear correspondence
between the changes in vertical velocities and moist static stability in the tropics which is not
surprising given that the plume model argument is not applicable at such coarse length scales.
However, the changes in moist static stability and vertical velocities do show some consistency in
the extratropics (where the moist QG-ω equation is applicable), with increases in vertical velocities
and decreases in moist static stability in the upper troposphere. In particular, there is little to no
increase in moist static stability and no corresponding decrease in upward motion in the lower
troposphere at high latitudes in contrast to the changes for 3 h extremes. An upward shift of the

We have studied the response of precipitation extremes to climate change in high-resolution
simulations run without the use of a convective parameterization in an idealized quasi-global
domain over ocean. Comparison with observations suggests that the simulations have a good
representation of the distribution of precipitation rates in the tropics. The simulations also exhibit
precipitation clusters over a wide range of scales with a power-law dependence similar to
observations. The use of an idealized configuration with a zonally symmetric ocean as lower
boundary facilitates the estimation of precipitation extremes and the development of physical
understanding of the response of the precipitation extremes to climate change.
For 3 h precipitation extremes on the model grid, the response of the intensity of precipitation
extremes is in the range 4.9–10.0% K−1 across latitudes with similar average sensitivities in the
tropics and extratropics. To compare with previous work with global models, we also analysed
precipitation rates that were first averaged to the daily timescale and spatially coarse-grained
to a typical grid spacing in a global climate model prior to calculating extremes. The sensitivity
of the daily coarse-grained precipitation extremes to warming was found to be stronger at higher
latitudes and weaker in the tropics as compared to the 3 h precipitation extremes and more similar
to what has been found for daily precipitation in coarser-resolution climate-model simulations of
aquaplanets. Thus the dependence on latitude of the response of precipitation extremes depends
on the time and length scales over which precipitation is measured.
We used a physical scaling approximation for precipitation extremes to diagnose the
thermodynamic and dynamic contributions to changes in precipitation extremes. The
thermodynamic contribution is stronger at higher latitudes due to the low temperatures at these
latitudes. For 3 h precipitation extremes, the dynamic contribution is positive in the tropics (due
to stronger updrafts in the middle troposphere that outweigh weaker updrafts in the lower
troposphere) and negative at high latitudes (due to weaker updrafts in the lower troposphere). By
contrast, for daily coarse-grained precipitation extremes, negative changes in vertical velocities in
the tropical lower and middle troposphere give rise to a negative dynamic contribution in the
tropics. Changes in vertical velocities seem to be linked to changes in moist static stability in
both the tropics and extratropics for 3 h precipitation extremes and in the extratropics for daily
coarse-grained precipitation extremes.
Future work should investigate the different contributions in addition to changes in moist
static stability in the extratropics (possibly using the QG-ω equation applied to the coarse-grained
fields) and should also investigate the extent to which the zero-buoyancy plume model [27–30,54]
can explain the changes in moist static stability and vertical velocities in the tropics. Changes
in moist static stability associated with precipitation extremes have many similarities but also
some differences with changes in a moist static stability calculated from zonal- and time-mean
temperatures (compare electronic supplementary material, figures 1 and 2), and these similarities
and differences are worthy of further study.
A previous study of daily precipitation extremes at the 99.9th percentile in the tropics
estimated a sensitivity to climate change of 6–14% K−1 by constraining projections from coupled
climate models using observations of interannual variability [4]. If the 99.9th percentile is
considered for daily coarse-grained precipitation extremes in our simulations (rather than the
99.2nd percentile), the sensitivity averaged over the tropics increases from 5.6% K−1 to 7.0% K−1 ,
which is within the range estimated in [4]. The same observational constraint applied to
projections for the extratropics gives a sensitivity of 6–7% K−1 [33], which is lower than what we
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circulation and tropopause with climate warming is likely also contributing to the response of
vertical velocities in the middle and upper troposphere [54,57].
Overall these results show the importance of different changes in vertical velocities at different
levels of the atmosphere for the dynamic contribution to changes in precipitation extremes, and
they also show the potential of a moist static stability for better understanding the changes in
vertical velocities.

CESM_CAM5_BGC_LE.html. TRMM 3B42 data are available at: https://disc.gsfc.nasa.gov/datasets?
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