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RESEARCH ARTICLE
10.1002/2015MS000574

Robust effects of cloud superparameterization on simulated
daily rainfall intensity statistics across multiple versions of the
Community Earth System Model
Gabriel J. Kooperman1, Michael S. Pritchard1, Melissa A. Burt2, Mark D. Branson2, and
David A. Randall2

1Department of Earth System Science, University of California, Irvine, California, USA, 2Department of Atmospheric
Science, Colorado State University, Fort Collins, Colorado, USA

Abstract This study evaluates several important statistics of daily rainfall based on frequency and
amount distributions as simulated by a global climate model whose precipitation does not depend on
convective parameterization—Super-Parameterized Community Atmosphere Model (SPCAM). Three
superparameterized and conventional versions of CAM, coupled within the Community Earth System
Model (CESM1 and CCSM4), are compared against two modern rainfall products (GPCP 1DD and TRMM
3B42) to discriminate robust effects of superparameterization that emerge across multiple versions. The
geographic pattern of annual-mean rainfall is mostly insensitive to superparameterization, with only
slight improvements in the double-ITCZ bias. However, unfolding intensity distributions reveal several
improvements in the character of rainfall simulated by SPCAM. The rainfall rate that delivers the most
accumulated rain (i.e., amount mode) is systematically too weak in all versions of CAM relative to
TRMM 3B42 and does not improve with horizontal resolution. It is improved by superparameterization
though, with higher modes in regions of tropical wave, Madden-Julian Oscillation, and monsoon activity.
Superparameterization produces better representations of extreme rates compared to TRMM 3B42, with-
out sensitivity to horizontal resolution seen in CAM. SPCAM produces more dry days over land and
fewer over the ocean. Updates to CAM’s low cloud parameterizations have narrowed the frequency
peak of light rain, converging toward SPCAM. Poleward of 508, where more rainfall is produced by
resolved-scale processes in CAM, few differences discriminate the rainfall properties of the two models.
These results are discussed in light of their implication for future rainfall changes in response to climate
forcing.

1. Introduction

Rainfall is an intrinsic characteristic of a region’s climate, by definition determining whether the region is a
desert or rainforest [Peel et al., 2007]. As the Earth warms, global mean precipitation is expected to increase
by 1–3% 8C21 due to radiative constraints [Allen and Ingram, 2002; Pendergrass and Hartmann, 2014a; Ste-
phens and Ellis, 2008], but regional changes are much less robust [Dai, 2006; Mahlstein et al., 2012; Stocker
et al., 2013]. Regional rainfall is driven over time by changes in circulation, moisture transport, and local
evaporation [Trenberth et al., 2003]. These changes can depend on complex interactions between rainfall,
large-scale dynamics, and surface sensible and latent heat fluxes, especially over land where soil moisture
coupling plays an important role [Seneviratne et al., 2010]. Interactions linked to the second-order statistics
of rainfall (e.g., frequency and intensity) can determine whether rain is intercepted by the canopy, infiltrates
the soil, or runs off the surface, thus influencing the soil moisture [Lawrence et al., 2011; Ramirex and Senar-
ath, 2000]. In turn, the soil moisture effects local evaporation and sensible heat fluxes, which project onto
large-scale dynamics and downstream moisture transport [Dirmeyer et al., 2009; Koster et al., 2004; Senevir-
atne et al., 2010]. These second-order rainfall characteristics are expected to change even more than the
mean, up to �7% 8C21 on global scales, and even larger on regional scales [O’Gorman, 2015; Trenberth
et al., 2003]. For these reasons, and because rainfall frequency and intensity control the prevalence of devas-
tating drought or flood conditions, it is critical they be realistically simulated in global climate models
(GCMs).

Key Points:
� Superparameterization improves the

rainfall amount mode and extreme
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While GCMs simulate mean rainfall patterns reasonably well [Dai, 2006], they have substantial fre-
quency and intensity biases, most notably a tendency to rain too weakly and too often [Sun et al., 2006;
O’Gorman and Schneider, 2009]. To a large degree these biases are associated with the limitations of
convective parameterizations, but progress has also been hindered by a lack of observational con-
straints to evaluate these statistics on global-spatial and daily-time scales; differences among observa-
tional products can be as large as model biases [Liu and Allan, 2012]. Despite these biases and limited
assessment, GCMs are often used to investigate the sensitivity of rainfall intensity statistics to climate
forcings or large-scale variability directly [Pendergrass and Hartmann, 2014b, 2014c] or by scaling
(observationally constraining) climate change projections with observed present-day rainfall variability
[O’Gorman, 2012]. However, given the complexity of radiative and dynamic feedbacks important to pre-
cipitation processes [Seager et al., 2010], and the range of uncertainty across individual GCMs [Dai,
2006; Sun et al., 2006], capturing the baseline representation of precipitation may be a first-order
requirement for capturing the climate change response. Models that are unable to realistically simulate
present-day rainfall intensity statistics may be incompletely representing important mechanisms driv-
ing precipitation changes.

In many ways it is not a surprise that GCMs fail to capture second-order rainfall statistics. The convective
parameterizations used in most GCMs are formulated to balance large-scale thermal instabilities, not drive
small-scale microphysical and precipitation processes [Arakawa and Schubert, 1974; Zhang and McFarlane,
1995]. Precipitation is thus a diagnostic consequence of large-scale instability and the convective response
rather than a prognostic part of the formulation. Mean rainfall is constrained by the necessary latent heating
required by the atmosphere, but the space-time scales over which this constraint is applied are limited by
horizontal resolution and subjective parameter settings (e.g., convective time scale) [Gustafson et al., 2014].
From the perspective of convective parameterization, realistic rainfall intensity is not energetically neces-
sary; the same mean latent heating from infrequent intense events can be produced from frequent weak
events. Only in an explicit representation of convection is the rainfall rate interactively coupled to the large-
scale energetics of the system. This is one reason simulated rainfall intensity improves when GCMs are run
at higher resolution, and more rainfall is produced by resolved-scale processes relative to parameterizations
[Kopparla et al., 2013].

However, for global-scale climate-length simulation, explicit cloud-resolving resolution is computationally
impractical, and there are few alternatives to the conventional convective parameterization framework. A
computationally appealing alternative, evaluated here, which permits cloud-scale convective processes, is
called cloud superparameterization. In the superparameterization approach, simplified high-resolution
(�4 km) cloud-resolving models embedded in a conventional GCM replace convective cloud and boundary
layer parameterizations (e.g., Randall et al. [2003] described in more detail below). Recent evaluations of this
approach have shown skill in capturing important modes of convective variability including mesoscale con-
vection systems [Pritchard et al., 2011; Kooperman et al., 2013, 2014], African Easterly Waves [McCrary et al.,
2014], the Madden-Julian oscillation [Benedict and Randall, 2009], the Asian Monsoon [DeMott et al., 2011],
and the El Ni~no Southern Oscillation [Stan et al., 2010]. This has led to regional improvements in the diurnal
timing [Khairoutdinov et al., 2005; Pritchard and Somerville, 2009a, 2009b] and intensity of rainfall during
summer at several ground sites [DeMott et al., 2007] and over much of the United States [Li et al., 2012; Rosa
and Collins, 2013]. Mean rainfall analysis has shown mixed results, with a possible improvement in the
double-ITCZ (Inter-Tropical Convergence Zone) bias in one version [Stan et al., 2010], but a tropical Indian
and West Pacific wet bias in other versions [Khairoutdinov et al., 2005]. Potential version sensitivities have
also been noted in the improved diurnal cycle in SPCAM [Marchand and Ackerman, 2010; Pritchard et al.,
2011]. There has yet to be a full assessment of rainfall mean and intensity statistics across multiple versions
of the superparameterized CAM.

The primary aim of this paper is to fill this gap; comparing simulated rainfall produced by two very different
ways of representing global-scale atmospheric convection. We have not attempted a full assessment of all
available rainfall observations here, but focus instead on differences between conventional and superpara-
meterization. Descriptions of the models used are provided in section 2, along with a summary of two
widely used observational precipitation products analyzed here for reference, and details of our analysis
methodology. The results are summarized in section 3, and the conclusions and future work are discussed
in section 4.

Journal of Advances in Modeling Earth Systems 10.1002/2015MS000574

KOOPERMAN ET AL. RAINFALL INTENSITY STATISTICS IN SPCAM 141



2. Background

2.1. Methods
2.1.1. Rainfall Distributions
The analysis here focuses on several statistics of daily rainfall based on frequency and amount distributions.
Together these distributions reveal the rain rates that occur most often and those that contribute the most
accumulated rain. The distributions of observed and simulated rainfall are based on histograms with dis-
crete rain rate bins, which can be constructed and visualized in many ways (e.g., linear [Chou et al., 2012;
Sun et al., 2007], logarithmic [Hennessy et al., 1997; Pendergrass and Hartmann, 2014b, 2014c], gamma [Wat-
terson and Dix, 2003], etc.). The choice of bin spacing may be motivated by many factors including an
attempt to represent the nature of the convention generating the rainfall [Panorska et al., 2007], emphasize
extreme events at the tail of the distribution [Cavanaugh et al., 2015], or form a distribution that can easily
be operated on mathematically [Pendergrass and Hartmann, 2014b, 2014c]. The choice determines (1) the
spacing between bins, (2) the width of each bin, and (3) the minimum rain rate (i.e., dry day threshold for
nonlinear spacing). Ideal bin structure will fully sample all observed and simulated rain rates and provide a
quasi-continuous estimate that is representative of the true population.

In this study, we do not assess all possible mathematical models that could fit the precipitation distribution;
there is already a long history of literature on the subject evaluating distributions over a wide variety of
space-time scales. Here logarithmic bin spacing is applied for global-scale GCM analysis following the meth-
odology of Pendergrass and Hartmann [2014b], which offers several demonstrated advantages: it is a mathe-
matically continuous function, each bin center and width is a fixed percentage larger than the previous bin,
and it can capture the full range of rain rates across orders of magnitude. These features make the distribu-
tion easy to operate on and interpret, especially when also visualized in a logarithmic coordinate system. In
this system the bin spacing and width are related to each other by a fixed percentage. Pendergrass and
Hartmann [2014b, 2014c] used 7% spacing to draw a connection to the theoretical 7% 8C increase of rainfall
intensity associated with the Clausius-Clapeyron humidity response to temperature change [Held and Soden,
2006; Trenberth, 2011]. They included all rain rates greater than 0.03 mm d21, defining a dry day threshold as
days with less accumulated rain.

Here a slightly larger 10% spacing is used for simplicity and to reduce noise in distributions created from
the short (5–10 year) analysis periods and the coarse (�1–28) exterior horizontal resolutions of the simula-
tions. A dry day threshold of 0.1 mm d21 is used (as in Chou et al. [2012] and Sun et al. [2007]), such that all
days with accumulated rain greater than 0.1 mm d21 are considered rainy, and the first rainy bin includes
rates between 0.1 and 0.11 mm d21 (i.e., bin edges), centered on 0.105 mm d21 with a bin width of
0.01 mm d21. This structure yields a relationship with bin centers 10X larger than their width, so that
approximate bin centers 1, 10, 100, and 1000 mm d21 have approximate bin widths of 0.1, 1, 10, and
100 mm d21, respectively, with nearly 100 bins between 0.1 and 1000 mm d21 (4 orders of magnitude).

Distributions are constructed from accumulated daily rainfall (r, units of mm d21) at each grid point inde-
pendently before calculating area-weighted averages globally and for various regions of interest (e.g., land-
only, tropics, etc.). Discrete forms of the frequency (f ) and amount distributions (p) are given by:
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including all dry and rainy days, where the 99th percentile rain rate is the value of R interpolated to F50:99.
The frequency and amount distributions are visualized on a logarithmic rain rate x axis to graphically depict
bin spacing consistent with the bin structure. The frequency distribution is visualized on a logarithmic fre-
quency y axis and the rain rate percentiles are visualized on a logarithmic reduction percentile x axis to help
discriminate the extreme tails of the distribution. An example of these three plots constructed from 10 years
of global annual daily precipitation at �18 resolution (0.98 3 1.258) is shown in Figure 1.

When depicted in a logarithmic coordinate system the dry day frequency (i.e., the percent of days with rain
rates below 0.1 mm d21) is not shown (Figure 1a). Since half of grid point days in the global average are not
raining, a significant percentage (�51%, see Table 2) of the frequency distribution is not shown. For the
rainy bins shown, the peak rain rate frequency is less than 10 mm d21 and drops off at higher rain rates.
The peak in the amount distribution (Figure 1b) is shifted to the right compared to the frequency distribu-
tion, more than 10 mm d21, because lower rain rates do not contribute as much accumulated daily rainfall.
In fact, rain rates below 1 mm d21 contribute little overall rainfall, though they occur frequently. The rain
rate percentiles (Figure 1c) highlight the extreme tail of the frequency distribution, which in the global aver-
age, represents rain rates that occur infrequently both in space (e.g., Tropical West Pacific and Inter-Tropical
Convergence Zone regions) and in time (e.g., convective clusters and tropical cyclones).

Together these three plots illustrate several important characteristics of observed and simulated rainfall
including: mean rainfall, dry day frequency, extreme rainfall intensity, and rainfall amount mode. A brief
overview of these characteristics and their calculation is provided here:

Mean rainfall is depicted in Figure 1b as the integral of the area under the curve of the amount distribution
(blue shading) in units of mm d21. This can be calculated directly from the distribution as

P
pDlnR or inde-

pendently for each grid point and area-averaged, providing validation that the bin structure covers the full
range of rain rates and the dry day threshold does not cutoff appreciable accumulated rain. Mean rainfall
results are discussed in section 3.2 below.

Dry day frequency is calculated as the number of days to the left of the vertical green lines in the frequency
distribution (Figure 1a), including completely dry days (<0.1 mm d21) that are not shown on the log-scale.
We evaluate dry day frequency using two threshold values, 0.1 and 1.0 mm d21. The first (0.1 mm d21) is
the value used in the construction of the distributions and includes all times defined as not raining. From
the amount distribution (Figure 1b), it is clear that rain rates below this value do not contribute much accu-
mulated rain. For comparison, a larger threshold (1.0 mm d21) is also used to accommodate the limitations
of both satellite measurements, which struggle to observe low rain rates, and conventional GCM simula-
tions, which tend to rain too weakly and too often. A larger threshold is often used to account for both the
satellite and model deficiencies [Polade et al., 2014]. Dry day frequency can be calculated directly from the
distribution (including completely dry days not shown in the plots), or independently by simply summing

Figure 1. Precipitation (a) frequency distribution (%), (b) amount distribution (mm d21), and (c) percentile precipitation rates (mm d21) from global annual GPCP 1DD daily precipitation.

Journal of Advances in Modeling Earth Systems 10.1002/2015MS000574

KOOPERMAN ET AL. RAINFALL INTENSITY STATISTICS IN SPCAM 143



the number of days with accumulated rain less than the threshold value, and therefore does not depend on
discrete bin spacing. Dry day frequency results are discussed in section 3.3 below.

Extreme rainfall intensity is evaluated using the 99th percentile rain rate and the total accumulated rain from
rates above 50 mm d21, as shown by the red lines in Figures 1b and 1c, respectively. As above, these statis-
tics can be calculated directly from the distributions or independently from the raw rainfall data, and thus
do not depend on the choice of discrete bin structure. Extreme rainfall intensity results are discussed in sec-
tion 3.4 below.

Rainfall amount mode represents the rain rate that delivers the most accumulated rainfall, and is given by
the peak in the amount distribution, depicted as the light purple line in Figure 1b. This is a subtle statistic
that depends on both the frequency that a particular rain rate occurs and the actual value of that rain rate.
It is the rain rate that produces the most surface reaching rainfall, and thus has particular importance for
the hydrological cycle. It can only be calculated from the distribution, and is therefore somewhat sensitive
to the choice of bin structure and spacing. However, the sign of the bias result (if the simulated amount
mode is too weak or too heavy compared to observations) is robust to this choice. A complementary metric,
the amount median, depicted as the dark purple line in Figure 1b, is also evaluated. The amount median is
the rain rate where half the accumulated rain comes from rates below and above its value, and unlike the
mode, can be calculated independently from the distribution. The amount mode and median results are
discussed in section 3.5 below.

2.2. Observations
The objective of this paper is to evaluate the influence of superparameterization on rainfall statistics relative
to conventional convective parameterization. Two widely used observational data products are analyzed here
to benchmark the simulations, one from the Global Precipitation Climatology Project (GPCP) [Huffman et al.,
2001, 2012a] and one from the Tropical Rainfall Measuring Mission (TRMM) [Huffman et al., 2007, 2012b]. We
have found that these two products, though both extensively used in previous model evaluation studies [e.g.,
Allan et al., 2014; Pendergrass and Hartmann, 2014b, 2014c; Pritchard and Somerville, 2009a, 2009b; Rasch et al.,
2006], provide very different estimates of ‘‘truth’’ for many of the statistics presented below. It is outside the
scope of this analysis to conduct a detailed observational intercomparison, or state with any expertise which
product is more trustworthy. Both products are included as a means of bracketing the range of possible
observational estimates, and their differences are noted in the results alongside the simulations. We provide a
brief description of these data products below, and highlight known differences in the measurement techni-
ques that lead us to trust one more than the other for certain statistics. The comparison between observations
and model simulations presented in our results also indicate reasons to trust one product more than the other
as described in discussion, but again this paper is not an observational intercomparison and the authors are
not experts in remote sensing. We encourage collaboration between the observation and modeling commun-
ities to provide a more detailed and thorough evaluation of these statistics.

GPCP provides a daily estimate of accumulated precipitation gridded globally at 18 resolution called the
One-Degree Daily (1DD) Precipitation Data Set version 1.2, hereafter referred to simply as GPCP 1DD [Huff-
man et al., 2001, 2012a]. The data are provided by the National Aeronautics and Space Administration
(NASA) Goddard Space Flight Center (GSFC) and are available for download from their website (ftp://rsd.
gsfc.nasa.gov/pub/1dd-v1.2/). Within the region from 408S to 408N, daily rainfall is estimated from infrared
(IR) measurements made onboard geosynchronous and low earth orbit satellites, which are compiled at 18

horizontal resolution every 3 hours. The precipitation rate is aggregated daily from the IR data using a
Threshold-Matched Precipitation Index (TMPI) constrained by monthly Special Sensor Microwave Imager
(SSM/I) and GPCP version 2 satellite-gauge precipitation data [Huffman et al., 1997, 2001]. Poleward of 408

the Television and Infrared Observation Satellite (TIROS) Operational Vertical Sounder (TOVS) Pathfinder
Path A data set provides an estimate of daily precipitation calculated from retrievals of cloud and surface
properties [Susskind et al., 1997]. The regions are merged across 408 to form the 1DD product using spatial
smoothing, and the daily rainfall estimate is scaled to match monthly GPCP satellite-gauge data. For more
details, see Huffman et al. [2001].

TRMM data are used in a 3 hourly instantaneous precipitation estimate gridded between 508S and 508N at
0.258 resolution known as the Multi-satellite Precipitation Analysis (TMPA) product 3B42 version 7, here after
referred to simply as TRMM 3B42 [Huffman et al., 2007, 2012b]. The data are provided by the NASA GSFC
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Mirador website (http://mirador.gsfc.nasa.gov). The 3B42 algorithm combines visible, IR, and microwave
radiometer measurements from the TRMM satellite with precipitation measurements from other satellite
products into a single calibrated, gap-filled, 3 hourly estimate. The 3 hourly precipitation rate is then cali-
brated and scaled to match monthly Global Precipitation Climatology Center (GPCC) rain gauge data. Here
3 hourly instantaneous values are further averaged to produce a daily estimate consistent with GPCP 1DD.
The TRMM 3B42 product has shown skill in capturing the histogram of precipitation rates relative to surface
observations in several regions (see Huffman et al. [2007] for more details).

There is substantial literature of observational studies using these data products to assess statistics of rain-
fall intensity, a brief summary of relevant results is provided here:

Mean rainfall estimated from long time integrations over large regions of gridded measurements are fairly
consistent (2.89 6 0.03 and 2.91 6 0.03 mm d21 over 508S–508N annually for GPCP 1DD and TRMM 3B42,
respectively, see Table 1), but the products are less certain and can be inconsistent at the subpentad time
scale due to issues associated with the averaging of input data streams [Liu and Allan, 2012]. However,
some studies indicate that daily rainfall from TRMM 3B42 may be more reliable than GPCP 1DD (e.g., the
Continental United States [Alemohammad et al., 2015]) because it contains more microwave radiometer
input streams [Rossow et al., 2013], which in turn are known to validate well against ground-based radar
constraints [Wolff and Fisher, 2009].

Dry day frequency is sensitive to the subjective threshold chosen to define rainy versus dry days, and is
especially uncertain when the chosen cutoff falls within the light drizzle range [Polade et al., 2014]. Very
light drizzle (represented by a small peak in the frequency distribution) is often missing in gridded rainfall
products, perhaps due to issues associated with microwave retrievals at low rain rates [Liu and Allan,
2012]. As a result, the drizzle peak seen in some models (Pendergrass and Hartmann [2014b, 2014c] call it
the ‘‘light rain mode’’) is not present in the GPCP 1DD or TRMM 3B42 distributions, but is validated by
merged products that emphasize CloudSAT’s enhanced observations in this regime [Behrangi et al., 2012],
not analyzed here.

Table 1. Annual Mean Precipitation With 95% Confidence Interval (mm d21)a

Region GPCP 1DD TRMM 3B42 CCSM4 SPCCSM4 CESM1 CAM4 SPCESM1 CAM4 CESM1 CAM5 SPCESM1 CAM5

908S–908N 2.65 6 0.03 2.99 6 0.01 2.85 6 0.02 2.86 6 0.03 2.91 6 0.02 3.03 6 0.02 2.88 6 0.02
L908S–908N 2.14 6 0.03 2.42 6 0.02 2.02 6 0.02 2.24 6 0.06 2.06 6 0.05 2.18 6 0.02 2.23 6 0.08
8908S–908N 2.87 6 0.03 3.23 6 0.01 3.19 6 0.02 3.12 6 0.02 3.25 6 0.02 3.38 6 0.03 3.15 6 0.03
508S–508N 2.89 6 0.03 2.91 6 0.03 3.30 6 0.01 3.16 6 0.02 3.19 6 0.03 3.25 6 0.03 3.41 6 0.03 3.20 6 0.02
L508S–508N 2.55 6 0.04 2.52 6 0.04 2.88 6 0.02 2.37 6 0.03 2.70 6 0.10 2.45 6 0.07 2.66 6 0.03 2.72 6 0.11
8508S–508N 3.01 6 0.03 3.05 6 0.04 3.45 6 0.01 3.43 6 0.02 3.35 6 0.02 3.53 6 0.02 3.67 6 0.04 3.37 6 0.03
908S–508S 2.01 6 0.06 2.09 6 0.03 1.96 6 0.02 1.97 6 0.05 1.93 6 0.03 2.01 6 0.02 2.06 6 0.02
508S–158S 2.42 6 0.02 2.14 6 0.05 2.59 6 0.03 2.58 6 0.03 2.46 6 0.05 2.67 6 0.04 2.69 6 0.03 2.68 6 0.08
158S–158N 3.99 6 0.05 4.35 6 0.04 4.89 6 0.05 4.54 6 0.04 4.74 6 0.12 4.67 6 0.07 5.04 6 0.08 4.64 6 0.12
158N–508N 2.22 6 0.03 2.22 6 0.03 2.36 6 0.02 2.31 6 0.02 2.27 6 0.02 2.33 6 0.02 2.40 6 0.04 2.21 6 0.02
508N–908N 1.76 6 0.05 1.89 6 0.02 1.74 6 0.02 1.74 6 0.03 1.75 6 0.02 1.72 6 0.04 1.72 6 0.06

aSuperscripts L and O denote land-only and ocean-only averaging regions, respectively.

Table 2. Annual Dry Day Frequency With 95% Confidence Interval (%)a

Region GPCP 1DD TRMM 3B42 CCSM4 SPCCSM4 CESM1 CAM4 SPCESM1 CAM4 CESM1 CAM5 SPCESM1 CAM5

908S–908N 51.0 6 0.5 25.9 6 0.1 25.6 6 0.6 23.6 6 0.2 23.2 6 0.2 19.8 6 0.1 22.7 6 0.1
L908S–908N 57.6 6 0.8 39.8 6 0.2 53.0 6 0.4 40.0 6 0.3 52.7 6 0.3 41.5 6 0.6 46.3 6 0.2
O908S–908N 48.3 6 0.4 20.1 6 0.2 14.4 6 0.7 16.9 6 0.3 11.2 6 0.3 10.9 6 0.1 13.1 6 0.2
508S–508N 53.1 6 0.3 53.3 6 0.9 27.5 6 0.1 25.5 6 0.7 24.6 6 0.3 22.7 6 0.3 18.3 6 0.2 22.2 6 0.2
L508S–508N 59.1 6 0.5 56.9 6 0.5 41.2 6 0.3 55.7 6 0.5 41.3 6 0.5 56.3 6 0.5 41.1 6 1.0 48.3 6 0.4
O508S–508N 51.0 6 0.3 52.0 6 1.2 22.6 6 0.2 14.9 6 0.7 18.7 6 0.3 11.0 6 0.4 10.3 6 0.2 13.1 6 0.3
908S–508S 41.8 6 1.9 19.0 6 0.1 21.8 6 0.6 18.9 6 0.3 21.0 6 0.4 20.7 6 0.3 20.3 6 0.0
508S–158S 56.2 6 0.4 59.5 6 1.3 26.8 6 0.3 22.0 6 0.7 22.6 6 0.6 18.1 6 0.3 14.9 6 0.5 15.8 6 0.8
158S–158N 43.6 6 0.4 42.0 6 0.7 17.9 6 0.1 16.0 6 0.7 15.9 6 0.2 13.8 6 0.7 9.5 6 0.4 15.1 6 0.3
158N–508N 59.7 6 0.3 58.7 6 0.9 38.0 6 0.4 38.8 6 0.6 35.6 6 0.4 36.8 6 0.7 30.9 6 0.8 36.0 6 0.6
508N–908N 46.8 6 1.3 22.5 6 0.5 29.7 6 0.3 22.5 6 0.9 28.7 6 0.4 28.1 6 0.5 28.3 6 1.0

aSuperscripts L and O denote land-only and ocean-only averaging regions, respectively.
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Extreme rainfall intensity is likely to be underestimated in both GPCP 1DD and TRMM 3B42 products relative
to the direct satellite measurements that go into them [Liu and Allan, 2012], but there is some evidence that
TRMM 3B42 is better able to capture extreme rain when compared to gauge data (e.g., over Malaysia [Tan
et al., 2015] and East Africa [Dinku et al., 2011]). A better measurement of extremes in TRMM 3B42 would be
consistent with its assimilation of a wide ensemble of independent satellite passive microwave constraints,
which distinguishes it from GPCP 1DD. However, while many studies have found more extreme rainfall in
TRMM 3B42 compared to GPCP 1DD [Liu and Allan, 2012; Dinku et al., 2011; Tan et al., 2015], others have
found the reverse [Rossow et al., 2013], suggesting the analysis can be sensitive to methodology, data prod-
uct versions, and location. The estimation of rainfall intensity can also be sensitive to horizontal resolution
and whether dry days are included in its estimation [Rossow et al., 2013], making it difficult to cross-
compare different studies.

Rainfall amount mode has been studied in observations [e.g., Wolff and Fisher, 2009; Rossow et al., 2013; Tan
et al., 2015; Behrangi et al., 2012], but has not been a major focus of climate model evaluation (though
recently commented on by Pendergrass and Hartmann [2014b]) because large mean state biases (e.g., dou-
ble-ITCZ) remain the first-order problem. Unlike extreme rain, the amount mode is less sensitive to the hori-
zontal scale of observations [Behrangi et al., 2012]. Between the two products, the amount mode estimate
in Table 5 from TRMM 3B42 (26.4 mm d21) is a better match than GPCP 1DD (18.0 mm d21) when com-
pared to multiple observational products, including CloudSat, as reported in Behrangi et al. [2012].

2.3. Models
In this study, we analyze rainfall from three conventional and superparameterized (SP) versions of the Com-
munity Atmosphere Model (CAM). CAM is the atmospheric component of the fully coupled (interactive
atmosphere, land, ocean, and sea ice) Community Earth System Model version 1 (CESM1), formally the Com-
munity Climate System Model version 4 (CCSM4). Two versions of CAM are available within CESM1, CAM
version 4 (CAM4), and CAM version 5 (CAM5); CAM4 is also coupled within CCSM4. When CESM1 is run with
CAM4 physics (CESM1-CAM4) it uses many of the same components and parameterizations as CCSM4. Both
CCSM4 and CESM1 use the same base versions of the Community Land Model version 4 (CLM4), the Parallel
Ocean Program version 2 (POP2), and the Community Ice CodE version 4 (CICE4). For more details on each
of these components, see Lawrence et al. [2011] for CLM4, Smith et al. [2010] for POP2, and Hunke and Lips-
comb [2008] for CICE4. A much larger change in the atmospheric component is represented by the step
from CAM4 to CAM5 in CESM1, which updates the convective and microphysical cloud parameterizations.
Below we provide a brief description of CAM and highlight differences between model versions. For more
details on the fully coupled system see Gent et al. [2011] and for scientific descriptions of CAM4 and CAM5
see Neale et al. [2010a, 2010b].

For each version of CAM, we compare a superparameterized counterpart (SPCAM). Superparameterization,
including differences between model versions, is described in more detail below. To make the comparison
clear, the following naming convention is used to denote the different model versions. We will use ‘‘CAM’’
and ‘‘SPCAM’’ as shorthand classifiers for results relevant to all three versions, but the actual conventional
and superparameterized realizations of each of the three versions are defined as (SP)CCSM4, (SP)CESM1-
CAM4, and (SP)CESM1-CAM5, referring to individual models CCSM4 and SPCCSM4, CESM1-CAM4 and
SPCESM1-CAM4, and CESM1-CAM5 and SPCESM1-CAM5, respectively. We analyze three versions of each
model class here to discriminate robust effects of superparameterization across versions (i.e., SPCAM versus
CAM), and to isolate differences associated with the atmospheric model (i.e., (SP)CESM1-CAM4 versus
(SP)CESM1-CAM5, only the atmosphere model changes between these versions) from the fully coupled sys-
tem (i.e., (SP)CCSM4 versus (SP)CESM1-CAM4).
2.3.1. Community Atmosphere Model
CAM is a three-dimensional global atmospheric general circulation model that has been widely used for cli-
mate research for over twenty years. CAM development has been led by the National Center for Atmos-
pheric Research (NCAR) with support from National Science Foundation (NSF) and Department of Energy
(DOE), and in collaboration with multiple NSF, DOE, and academic laboratories. Versions 4 and 5 used here
are run with a finite volume dynamical core that solves the hydrostatic equations of motion on a fixed hori-
zontal grid and terrain-following hybrid vertical coordinate [Neale et al., 2010a, 2010b]. Unresolved vertical
fluxes of mass and energy driven by subgrid deep convection are approximated by ensembles of convec-
tive updraft plumes formulated to consume convective available potential energy [Zhang and McFarlane,
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1995]. In CAM4, modifications were added to this scheme [Neale et al., 2010a] to include dilution of the
ascending plumes by entrainment mixing [Raymond and Blyth, 1992] and the vertical transport of horizontal
momentum by convection [Richter and Rasch, 2008].

CAM5 uses the same deep convection scheme, but introduces a new shallow convection formulation [Park
and Bretherton, 2009] designed to improve low cloud radiative feedbacks through moist turbulent processes
[Bretherton and Park, 2009]. These updates link to a two-moment cloud microphysics formulation that inde-
pendently tracks liquid and ice cloud condensate mass and number concentrations [Morrison and Gettel-
man, 2008]. Cloud condensate in the microphysics scheme are activated from aerosol particles represented
by a three-mode module that includes internal mixtures of fifteen aerosol constituents distributed into
Aitken, accumulation, and coarse modes [Liu et al., 2012]. Aerosol-cloud and radiation interactions feed into
radiative transfer calculations through the Rapid Radiative Transfer Model for GCMs (RRTMG), a major
update from the radiative transfer parameterizations used in CAM4 [Neale et al., 2010b; Iacono et al., 2008].
For details on these parameterizations and differences between versions see Neale et al. [2010a, 2010b].
2.3.2. Superparameterization
Cloud superparameterization has become a mature technique for simulating atmospheric convection and
cloud processes, and is now a true alternative to conventional parameterizations, viable for global climate
length simulations. It has been implemented in the latest version of CESM and is available for public down-
load via the NCAR CESM development subversion code repository (https://www2.cgd.ucar.edu/sections/
cseg/development-code). The implementation of superparameterization in CAM has been led by the NSF
Science and Technology Center for Multiscale Modeling of Atmospheric Processes (www.cmmap.org) with
recent collaboration between Pacific Northwest National Laboratory and NCAR. The approach is now also
available in several other community modeling frameworks including the Weather Research and Forecast
model [Tulich, 2015], the Integrated Forecasting System (M. Khairoutdinov, personal communication, 2015),
the Max Planck Institute for Meteorology ECHAM GCM (H. Tost, personal communication, 2015), and the
NASA Goddard GCM [Tao et al., 2009]. Similar methods of ‘‘superparameterization’’ are expanding into other
aspects of earth system modeling as well, including simulating deep convective processes in the ocean
[Campin et al., 2011].

Unlike most GCMs that use statistical methods to represent unresolved subgrid moist convection approxi-
mately, cloud superparameterization uses embedded cloud-resolving models (CRMs) to represent it explic-
itly, replacing the conventional convective and boundary layer parameterizations used in CAM [Randall
et al., 2003]. In this framework, two scale regimes are simultaneously resolved, outer large-scale dynamics
resolved on the GCM grid, and inner cloud-scale physics permitted by a high-resolution CRM array [Grabow-
ski, 2001; Khairoutdinov and Randall, 2001]. The CRMs are configured as independent two-dimensional
arrays with periodic boundaries relaxed toward large-scale tendencies within each GCM grid-column, which
return array-mean cloud properties and convective tendencies to the GCM [Benedict and Randall, 2009]. The
CRM is the System for Atmospheric Modeling described in detail in Khairoutdinov and Randall [2003], but
which has also evolved over time in each version of SPCAM (M. Khairoutdinov, personal communication,
2015). SPCAM is about a hundred times more computer intensive than a normal GCM, but scales efficiently
on large parallel computers, and is now practical for multidecadal simulations using current supercomput-
ing technology [e.g., Pritchard and Bretherton, 2014]. Although the computational overhead of superpara-
meterization can now be reduced substantially using acceleration techniques [Pritchard et al., 2014; Jones
et al., 2015], these approaches are not employed in any of the SPCAM simulations analyzed here.

Most of the differences between CAM versions discussed above also extend to their SPCAM counterparts.
The major updates from SPCCSM4 and SPCESM1-CAM4 to SPCESM1-CAM5 involve the implementation of
two-moment cloud microphysics and its links to more sophisticated aerosol processes [Wang et al., 2011].
The modal aerosol module in CAM5 is active in SPCESM1-CAM5 and interacts with cloud processes on the
CRM-scale through the Explicit Cloud Parameterized Pollutants (ECPP) module [Gustafson et al., 2008]. The
aerosol fields are tracked at the GCM-scale and updated based on distributions of convective updraft veloc-
ity and cloud properties across the CRM-array, but cloud droplet activation and radiative transfer is calcu-
lated independently for each CRM column based on local conditions. Cloud droplet activation feeds into
the liquid portion of a two-moment microphysics scheme in the CRM, which tracks liquid and ice number
and mass concentrations [Morrison et al., 2005]. For more details about SPCAM in general see Khairoutdinov
and Randall [2001], and for SPCESM-CAM5 specific updates see Wang et al. [2011]. A detailed description
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and evaluation of the fully coupled SPCAM is available for the SPCCSM4 version, provided by Stan and Xu
[2014].

2.4. Simulations and Configurations
Though SPCAM is now computationally affordable on advanced supercomputing infrastructure, climate
length simulations still remain at the cutting edge of current capabilities. The simulations evaluated here
are some of the longest ever made with fully coupled versions of SPCAM. As a result, the simulations were
designed to facilitate multiple studies, and there are some differences in the configuration and setup
between model versions. However, each CAM-SPCAM pair has a consistent GCM-scale configuration and
simulation setup. And there are common configurations between all six simulations including: a finite vol-
ume dynamical core for the atmosphere, a horizontal resolution of the land surface corresponding with the
atmosphere, and a consistent 18 horizontal resolution for the ocean and sea-ice. Differences in configuration
and simulation setup are described below, which we view not as limitations, but rather as useful parameter
space to sample toward identifying robust effects of cloud superparameterization.

The (SP)CCSM4 simulations were configured with a GCM horizontal resolution of 0.98 latitude by 1.258 longi-
tude (referred to here after as 18) and 30 vertical levels. These simulations were run as climate change pro-
jections for the 21st century forced by the Representative Concentration Pathway 8.5 (RCP8.5) emissions
scenario [Taylor et al., 2012]. In this study, the first 10 years (2006–2015) are analyzed as representative of
present-day conditions. The CRM in SPCCSM4 was run with 32 columns at 3 km horizontal resolution in an
east-west orientation, and 28 vertical levels corresponding with the bottom 28 levels in CAM. Output from
these simulations is available via the Earth System Grid (www.earthsystemgrid.org), and more details on
CCSM4 and SPCCSM4 can be found in Gent et al. [2011] and Stan and Xu [2014], respectively.

The (SP)CESM1-CAM4 and (SP)CESM1-CAM5 simulations were configured with a GCM horizontal resolution
of 1.98 latitude by 2.58 longitude (referred to here after as 28) and 30 vertical levels. These simulations were
run with constant preindustrial greenhouse gas concentrations and external forcings for 10 years. They
were branched from initial conditions generated by long climatologically stable preindustrial simulations
with conventional versions of CAM. Since initializing SPCAM from CAM conditions in this way can introduce
drift toward SPCAM’s unique climatological state, especially for slow developing soil moisture fields in the
land model, only the last 5 years for these simulations are analyzed here. In addition to the difference in
GCM-scale resolution, the CRMs in SPCESM1-CAM4 and SPCESM1-CAM5 were also configured differently
than SPCCSM4. In these runs the CRMs had 32 columns at 4 km horizontal resolution in a north-south orien-
tation, and 28 vertical levels.

For the results presented in section 3 below, both observational rainfall products were independently
mapped to each model grid using area conserving spatial interpolation. The closest 10 year overlap period
was used for the observational analysis (2004–2013) to match the (SP)CCSM4 simulations (2006–2015),
though there is no expectation that the models would reproduce the observed time series of large-scale
modes of variability. Ten year averaging periods for the observations and (SP)CCSM4 simulations were used
to examine present-day climatological conditions, and 5 year averaging periods for (SP)CESM1-CAM4 and
(SP)CESM1-CAM5 simulations were used to analyze preindustrial conditions. We acknowledge that these
are short periods to represent ‘‘climatology,’’ so will focus our discussion on results that are robust across all
model versions and over large geographic regions.

3. Results

3.1. Rainfall Distributions
As in Figure 1 described above, Figure 2 analyzes rainfall distributions of frequency (top), amount (middle),
and percentile rates (bottom) from GPCP 1DD (black), TRMM 3B42 (gray), CAM (red), and SPCAM (blue) in
versions (SP)CCSM4 (left), (SP)CESM1-CAM4 (center), and (SP)CESM1-CAM5 (right). In Figure 2, only grid
points within the TRMM 3B42 observed region (508S–508N) are included for both models and observations.
GPCP 1DD and TRMM 3B42 observations were regridded to two horizontal resolutions corresponding to dif-
ferent model versions: 18 for comparison to (SP)CCSM4 (left) and 28 for comparison to (SP)CESM1-CAM4 and
(SP)CESM1-CAM5 (center and right). The horizontal resolution naturally affects statistics of the gridded rain-
fall products, for instance at higher resolution the observed distributions capture more extreme rain rates
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than the lower resolution. This effect can be seen by comparing the TRMM 3B42 99.99th percentile value in
Figure 2g, which reaches 150 mm d21, to Figures 2h and 2i, for which the 99.99th percentile value in the
same TRMM 3B42 product reaches only 125 mm d21, a consequence of regridding.

To unfold geographic variations in the statistics of daily rainfall, the same distributions analyzed in Figure 2
are shown in Figure 3, but only for grid points with greater than 50% of the model’s internal land fraction.
Figure 4 further unfolds the latitude dependence of the amount distribution into five zonal average regions,
where 508S–158S, 158S–158N, and 158N–508N each represent about 25% of Earth’s surface area, and
together 908S–508S and 508N–908N represent the remaining 25%. Taken together, Figures 2–4 reveal impor-
tant characteristics and differences of observed and simulated rainfall, and discriminate the role of the
tropics versus midlatitudes and ocean versus land in contributing to the total distribution.

In the frequency distributions (Figures 2a–2c) there are systematic differences in the rainfall observed by
GPCP 1DD and TRMM 3B42, where TRMM 3B42 estimates a higher frequency of more intense rates that
drop off smoothly rather than peaking at a moderate rate (�10 mm d21) as they do in GPCP 1DD. For rain
rates greater than 10 mm d21, these two observational estimates are as different from each other as they

Figure 2. Precipitation (a, b, c) frequency distribution (%), (d, e, f) amount distribution (mm d21), and (g, h, i) percentile precipitation rates (mm d21) from annual GPCP 1DD, TRMM 3B42,
(a, d, g) (SP)CCSM4, (b, e, h) (SP)CESM1-CAM4, and (c, f, i) (SP)CESM1-CAM5 daily precipitation averaged from 508S to 508N; GPCP 1DD and TRMM 3B42 are shown at 18 resolution in com-
parison to (SP)CCSM4 and 28 resolution in comparison to (SP)CESM1-CAM4 and (SP)CESM1-CAM5.
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are from the model results. In all three versions, SPCAM is nearly identical to TRMM 3B42 at higher rates
(greater than 5 mm d21) and captures the frequency of the most intense rates observed by TRMM 3B42,
while CAM is a much better match to the GPCP 1DD estimate, simulating a moderate peak and less frequent
occurrence of intense rates. However, CAM shows greater version and resolution dependence, with the
higher-resolution CCSM4 version better capturing the intensity of TRMM 3B42 and SPCAM.

For light rain rates, both CAM and SPCAM tend to simulate higher occurrence than either observational esti-
mate. This appears to be due to a simulated drizzle mode over the ocean that is not seen in either observa-
tional product. In the land-only distributions (Figure 3) this mode largely disappears, especially in SPCAM,
and both models and observations are more consistent. Though over land, the lower-resolution versions of
CAM maintain an unrealistic moderate rain rate peak and continue to miss the most intense observed rates.

However, the character of the oceanic drizzle mode is different between the two models, with a narrow
light rain peaked (0.8–1 mm d21) simulated by SPCAM (Figures 1a–1c, blue lines), which is missing in early
versions of CAM (Figures 1a and 1b, red lines), but is evident in CESM1-CAM5 (Figure 1c, red line). Though
this light rain peak is not represented in the observations, it could be a promising improvement in the

Figure 3. Precipitation (a, b, c) frequency distribution (%), (d, e, f) amount distribution (mm d21), and (g, h, i) percentile precipitation rates (mm d21) from annual GPCP 1DD, TRMM 3B42,
(a, d, g) (SP)CCSM4, (b, e, h) (SP)CESM1-CAM4, and (c, f, i) (SP)CESM1-CAM5 daily precipitation averaged for land-only from 508S and 508N; GPCP 1DD and TRMM 3B42 are shown at 18

resolution in comparison to (SP)CCSM4 and 28 resolution in comparison to (SP)CESM1-CAM4 and (SP)CESM1-CAM5.
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Figure 4. Precipitation amount distributions from (a, b, c) 508N to 908N, (d, e, f) 158N to 508N, (g, h, i) 158S to 158N, (j, k, l) 508S to 158S, and (m, n, o) 908S to 508S zonal averages for annual
GPCP 1DD, TRMM 3B42, (a, d, g, j, m) (SP)CCSM4, (b, e, h, k, n) (SP)CESM1-CAM4, and (c, f, i, l, o) (SP)CESM1-CAM5 daily precipitation; GPCP 1DD and TRMM 3B42 are shown at 18 resolu-
tion in comparison to (SP)CCSM4 and 28 resolution in comparison to (SP)CESM1-CAM4 and (SP)CESM1-CAM5.
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evolution of CAM4 to CAM5, with parameterized solutions beginning to converge to superparameterized
solutions. When using CAM4 physics, this distinct drizzle mode is not present and the model produces
nearly uniform frequency for all rain rates less than �8 mm d21, including frequent very light drizzle (less
than 0.2 mm d21), a familiar problem in legacy versions of CAM. Parameterization updates in CESM1-CAM5
capture the missing drizzle mode peak and reduce very light drizzle. In fact, the parameterized version of
CESM1-CAM5 strongly resembles the superparameterized version for rates below 3 mm d21. This suggests
that new shallow convection parameterizations in CESM1-CAM5 produce effects comparable to cloud
superparameterization at light rain rates, at a fraction of the expense.

Although the drizzle mode is the dominant peak in the frequency distribution, it does not contribute much
to accumulated surface precipitation, and thus is only subtly visible in the amount distribution as a small
left shoulder in all versions of SPCAM (blue lines) and CAM version CESM1-CAM5 (red line) in Figures 2d–2f.
Only a small fraction of accumulated rain falls at rates less than 3 mm d21 and we therefore shift attention
to the rest of the rainfall distribution, in which there are systematic differences in GPCP 1DD versus TRMM
3B42 and CAM versus SPCAM, across model versions. These differences can appear subtle from the perspec-
tive of the frequency distributions (Figures 2a–2c), but are quite clear in the amount distributions (Figures
2d–2f). Consistent with the frequency distributions, the amount distributions demonstrate that TRMM 3B42
estimates significantly more rain from more intense rain rates than GPCP 1DD. The amount distributions
also demonstrate that SPCAM results are very consistent with TRMM 3B42, while CAM results are more con-
sistent with GPCP 1DD. Like TRMM 3B42, the SPCAM distribution includes a significant amount of accumu-
lated surface rainfall from high rates, even heavier than 100 mm d21. The higher-resolution CAM version
CCSM4 is able to simulate some extreme rain at the right tail of the distribution, but not nearly as much
accumulated rain as is observed by TRMM 3B42 and simulated by SPCAM.

However, the most striking difference in the amount distribution is the peak, or ‘‘amount mode,’’ which rep-
resents the rain rate that delivers the most accumulated rainfall. The amount mode in GPCP 1DD is signifi-
cantly weaker than TRMM 3B42 when the oceans are included, but over land (Figures 3d–3f), where both
observational estimates are better constrained by surface measurements, the observed distributions col-
lapse onto each other. In all versions, the SPCAM amount mode is a better match to observations over land
(Figures 3d–3f), and TRMM 3B42 over oceans and land (Figures 2d–2f). CAM, on the other hand, systemati-
cally predicts a lower amount mode (�10–20 mm d21) than GPCP 1DD, TRMM 3B42, and SPCAM (�20–
40 mm d21), over both land and ocean. And despite the fact that the higher-resolution CAM version CCSM4
is able to capture more extreme rain, it does not improve the amount mode. The systematic underestima-
tion of the amount mode thus seems to clearly encapsulate a symptom of an ongoing bias in CAM’s deep
convection parameterization—it is unable to capture the heavy intensity of the majority of storms that
deliver accumulated global rainfall. This appears to be systematically improved with superparameterization,
if one assumes that the TRMM 3B42 daily rainfall product’s distribution is a more reliable observational
proxy than GPCP 1DD.

The mode of the amount distribution is an especially physical quantity, since it represents the rain rate that
delivers the most accumulated rainfall. Therefore, its simulated discrepancies are worth understanding in
more detail. One limitation of the above analysis, which includes all grid points from 508S to 508N, is that
the amount distribution is dominated by the tropics, where most accumulated rainfall occurs. To reveal
potentially interesting model differences occurring elsewhere, Figure 4 thus regionalizes the analysis of the
amount distribution to independent latitude bands. This confirms that the essence of the problem seen in
Figures 2 and 3 stems from the tropics; in 158S–158N, the amount mode is underestimated in CAM by a fac-
tor of 2–3 relative to SPCAM (Figures 4g–4i). Elsewhere, the superparameterized and conventionally para-
meterized rainfall distributions are in better agreement. In fact, poleward of 508 latitude, the amount
distribution is remarkably insensitive to whether convection is parameterized or superparameterized (Fig-
ures 4a–4c and 4m–4o).

In the subtropics and lower midlatitudes, the amount distribution problem exists, but is not as severe as in
the tropics; in 508S–158S and 158N–508N, the amount mode is underestimated in CAM by a factor of 1.5–2
relative to SPCAM (Figures 4d–4f and 4j–4l). This is still a significant bias, but clearly the majority of the bias
in the global amount distribution mode stems from the tropics. This latitudinal structure of the bias, high in
the tropics and reduced at higher latitudes, suggests that the deficiency is associated with the convective
parameterization, which produces the majority of rainfall in the tropics. The fractional contribution of
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resolved large-scale processes to total accumulated rainfall increases with latitude and produces the major-
ity of rainfall poleward of 508, where the bias is much lower.

Figures 2g–2i hone in on the tail of the frequency distribution, which captures the heaviest rainfall events.
Again, there is a significant difference between observational estimates, with GPCP 1DD estimated percen-
tile rates that are much weaker than TRMM 3B42. From this perspective, it appears that the conventionally
parameterized CAM has the capacity to capture extreme storms that are as intense as TRMM 3B42 and
SPCAM (Figure 2g), but as seen in Yang et al. [2014] the intensity is sensitive to horizontal resolution (Figures
2h and 2i). That is, in the coarse resolution configurations of CAM using CESM1-CAM4 and CESM1-CAM5

Figure 5. Annual mean precipitation (mm d21) from (a) GPCP 1DD, (b) TRMM 3B42, (c, d) (SP)CCSM4, (e, f) (SP)CESM1-CAM4, and
(g, h) (SP)CESM1-CAM5 for (c, e, g) CAM and (d, f, h) SPCAM simulations; RMSE is relative to GPCP 1DD, and TRMM 3B42 in
parentheses; GPCP 1DD, TRMM 3B42, and (SP)CCSM4 are shown at 18 resolution, and (SP)CESM1-CAM4 and (SP)CESM1-CAM5 are
shown at 28 resolution.
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physics (Figures 2h and 2i) the 99.9th and 99.99th percentile rain rates (�50 and 75 mm d21) are about
75% as strong as in TRMM 3B42 (�75 and 120 mm d21). In contrast, in the finer-resolution configuration of
CAM using CCSM4 physics (Figure 2g) the percentile rates are a good match to TRMM 3B42 and SPCAM.
CAM’s ability to match the observed intensity of the most extreme events appears to be very resolution
dependent. However, this improvement in CAM’s skill in capturing intense rain rates at higher resolution
does not extend to more moderate rates, which are responsible for the twofold underestimation of the rain-
fall amount mode. Reassuringly, SPCAM produces a realistic scaling and intensity relative to TRMM 3B42 for
extreme rainfall and the amount mode, in all versions analyzed, independent of horizontal resolution.

3.2. Mean Rainfall
Though there are substantial differences in the rainfall intensity distributions from GPCP 1DD and TRMM
3B42, their regional mean rainfall estimates (Table 1) and spatial patterns are very similar (Figures 5a and
5b). For instance, the spatial averages over the TRMM 3B42 region (508S–508N) are nearly the same with
2.89 6 0.03 and 2.91 6 0.03 mm d21 for GPCP 1DD and TRMM 3B42, respectively (Table 1).

The models’ time-mean rainfall, shown in Figures 5c–5h, reveals surprising similarities between conven-
tional and superparameterization versions of CESM. All model versions produce a double-ITCZ rainfall bias,
with too much rainfall off the equator throughout the Pacific extending to the East Pacific. However, the
West Pacific bias (magnitude and Southeastward orientation of the SPCZ) is somewhat improved with
superparameterization. All models also feature a zonal dipole rainfall bias in the Indian Ocean, with too
much rainfall over the West and too little over the East Indian Ocean, as well as a dry bias over South Amer-
ica and the subtropical Atlantic Ocean. The Amazonian dry bias is amplified with superparameterization
and extends into the East Pacific Ocean. This leads to somewhat higher root mean square errors in the geo-
graphic pattern of time mean rainfall than in the standard CAM, by 0.1–0.2 mm d21, depending on model
version. SPCAM also tends to have slightly less rainfall than CAM in other regions, especially over land, but
there is strong version dependence.

It is natural to wonder whether El Ni~no Southern Oscillation (ENSO) phase variability plays a role in the rela-
tively short (10 year and 5 year) samples of ocean-coupled climate model integration analysis. We view this
as unlikely to have been the case given the resilience of the time-mean rainfall bias pattern across model
versions. This is confirmed in supporting information Figure S1, which shows that the essence of these bias
patterns survives independent ENSO phase subcompositing based on the freely evolving internal ENSO in
the (SP)CCSM4 simulations (following the ENSO precipitation index from Curtis and Adler [2000]). The
double-ITCZ and off equatorial Pacific wet bias and Amazonian dry bias are all present in both the El Ni~no
and La Ni~na ENSO phases for CAM and SPCAM.

The most striking finding of this analysis is that the mean rainfall bias pattern is relatively insensitive to
superparameterization. This is somewhat inconsistent with the effects of superparameterization docu-
mented in an earlier coupled version of CCSM, in which adding explicit convection helped to improve time
mean rainfall biases and reduce the double-ITCZ problem [Stan et al., 2010]. However, that study focused
only on Winter and Summer seasonal patterns rather than annual mean, neglecting the Spring ITCZ transi-
tional period, which contributes most to the annual double-ITCZ problem seen here in both models (not
shown). Future work will expand our analysis to include a seasonal evaluation of rainfall and focus on
regional processes such as the ITCZ transition as well as Asian and African monsoons. Though from this
analysis it is evident that the effect of superparameterization on mean rainfall is model version dependent,
and embedded explicit convection may not alone provide a cure to the double-ITCZ problem.

3.3. Dry Day Frequency
A key aspect of rainfall variability, invisible in the rainfall frequency distribution plots in section 3.1, is the
dry day frequency—the occurrence of days producing accumulated rainfall less than 0.1 mm. Following the
example of Pendergrass and Hartmann [2014b, 2014c], we include an analysis of this statistic that reflects
the occurrence of rates below the lowest bin used for distribution analysis (Figure 6 and Table 2). We also
evaluate the dry day frequency with a higher threshold (1.0 mm) in supporting information Figure S2 in
order to assuage some of the known discrepancies between observations and models discussed above.

The main features of the dry day frequency geographic patterns represented in both observations and
models (Figures 6a and 6b) include low frequency over tropical and midlatitude oceans (regions of high
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time-mean rainfall), and higher frequency over subtropical oceans, especially subtropical stratocumulus
regions off the western coast of most continents, and most landmasses. The two observational estimates
are in fairly good agreement, especially given their uncertainty in remotely sensing very light drizzle. The
most striking bias in all models is an apparent underestimate of dry day frequency over all oceans (more
than 25%), most significantly in the subtropical Eastern Pacific (more than 50%), where very high frequen-
cies are observed (or very light rain is not measured). This problem is reduced when the threshold is
increased to 1.0 mm (supporting information Figure S2), where most of the model bias patterns in dry day
frequency resemble the time-mean rainfall biases in Figure 5.

Figure 6. Annual dry day (<0.1 mm d21) frequency (%) from (a) GPCP 1DD, (b) TRMM 3B42, (c, d) (SP)CCSM4, (e, f) (SP)CESM1-CAM4, and
(g, h) (SP)CESM1-CAM5 for (c, e, g) CAM and (d, f, h) SPCAM simulations; RMSE is relative to GPCP 1DD, and TRMM 3B42 in parentheses;
GPCP 1DD, TRMM 3B42, and (SP)CCSM4 are shown at 18 resolution, and (SP)CESM1-CAM4 and (SP)CESM1-CAM5 are shown at 28

resolution.
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Figure 6 shows that one especially interesting but hitherto unrealized effect of superparameterization
is to increase the dry day frequency over land relative to conventionally parameterized CAM. In CAM,
there are �20% fewer dry days than in the observations in many continental regions. In SPCAM, many
regions have no bias or have up to �20% more dry days over land than observations. This is a robust
effect of superparameterization across model versions. The higher frequency over land with superpara-
meterization is balanced somewhat by lower dry day frequency over the ocean, or an increase in the
occurrence of very light rain. Decreases in oceanic dry day frequency similar to the effects of superpara-
meterization can also be seen in the transition to the latest version of conventionally parameterized
CESM1 with CAM5 physics. This adds to the evidence that updates to low cloud physics in CAM5

Figure 7. Annual 99th percentile rate (mm d21) from (a) GPCP 1DD, (b) TRMM 3B42, (c, d) (SP)CCSM4, (e, f) (SP)CESM1-CAM4, and (g, h)
(SP)CESM1-CAM5 for (c, e, g) CAM and (d, f, h) SPCAM simulations; RMSE is relative to GPCP 1DD, and TRMM 3B42 in parentheses; GPCP
1DD, TRMM 3B42, and (SP)CCSM4 are shown at 18 resolution, and (SP)CESM1-CAM4 and (SP)CESM1-CAM5 are shown at 28 resolution.
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parameterizations have led to a convergence with superparameterization results for oceanic drizzle
variability.

In general, dry day frequency biases in SPCAM are very similar to their conventional CAM counterparts, but
this analysis has revealed some interesting differences. There is a robust effect of superparameterization to
produce more dry days over land, and the updated version of CESM1-CAM5 simulates more frequent drizzle
over ocean as seen with superparameterization.

3.4. Extreme Rainfall Intensity
In section 3.1 we noted that superparameterization produces strong effects on heavy rain rates, especially
in the tropics. Figure 7 hones in on the extreme rain by analyzing the 99th percentile rain rate in each
model grid point to gain a geographic view. Average 99th percentile values over broad latitudinal regions
are given in Table 3. And a complementary intensity metric, the total accumulated rainfall from rates above
50 mm d21, is presented in supporting information Figure S3.

The observational products (Figures 7a and 7b) disagree significantly about the magnitude of the 99th per-
centile rain rate, consistent with previous results demonstrating that TRMM 3B42 detects a larger right tail
than the GPCP 1DD daily product. Because the two observations are so different, neither is appropriate for
evaluating model biases, and we instead show the baseline simulations results in Figures 7c–7h. We have
reasons to suspect that the heavier tail in TRMM 3B42 is the more plausible estimate, as discussed in section
2.1. This is supported by the fact that the higher-resolution version of CAM approaches the TRMM 3B42 esti-
mate, and GPCP 1DD and TRMM 3B42 estimates are in good agreement over land where both products are
more constrained by surface measurements. But we acknowledge that it is hard to define a true ‘‘bias’’ for
statistics of the tail using these global gridded products, and focus our attention mostly on robust effects of
superparameterization, which are interesting in their own right.

As expected from our analysis in section 3.1, the 99th percentile rain rates are systematically weaker in the
conventionally parameterized CAM than in SPCAM. This is especially true when coarse resolution is used
(Figures 7e and 7g), although even the elevated extreme rain rates of the finer resolution 18 CCSM4 simula-
tion (Figure 7c) are weaker than those in TRMM 3B42 (Figure 7b) and SPCCSM4 at the same exterior resolu-
tion (Figure 7d). The extreme rainfall rates with superparameterization are not as sensitive to horizontal
resolution (Figure 7d versus Figures 7f and 7h and Table 3) as they are with standard CAM (Figure 7c versus
Figures 7e and 7g and Table 3), illustrating the potential for ‘‘scale-awareness’’ of superparameterization. A
similar result is evident with the alternative intensity metric depicted in supporting information Figure S3,
in which very little accumulated rainfall is produced by rates greater than 50 mm d21 in the lower-
resolution versions of CAM. The increased rainfall intensity in all versions SPCAM is in better agreement
with the magnitude measured by TRMM 3B42 over its entire footprint (Table 3), with average values of
34.3 6 0.3, 29.0 6 0.5, 34.8 6 0.2 mm d21 for TRMM 3B42, CCSM4, and SPCCSM4, respectively. Though some
regions are more intense than TRMM 3B42 in the 18 SPCCSM4 version.

Many of the distinct geographic patterns in the 99th percentile rate are linked to mean state rainfall pat-
terns shared by both model classes, for instance over the East/Central Pacific and outside of the tropics and
the Amazon region. This is unsurprising; it is logical that the tail of the precipitation distribution will scale to

Table 3. Annual 99th Percentile Precipitation Rate With 95% Confidence Interval (mm d21)a

Region GPCP 1DD TRMM 3B42 CCSM4 SPCCSM4 CESM1 CAM4 SPCESM1 CAM4 CESM1 CAM5 SPCESM1 CAM5

908S–908N 22.6 6 0.2 25.4 6 0.4 29.8 6 0.1 21.1 6 0.3 26.8 6 0.8 19.2 6 0.5 25.1 6 0.6
L908S–908N 20.0 6 0.3 20.7 6 0.2 21.7 6 0.2 17.0 6 0.5 20.0 6 0.9 15.5 6 0.2 20.3 6 0.4
O908S–908N 23.7 6 0.3 27.3 6 0.5 33.2 6 0.2 22.7 6 0.4 29.5 6 0.8 20.8 6 0.6 27.1 6 0.8
508S–508N 25.4 6 0.2 34.3 6 0.3 29.0 6 0.5 34.8 6 0.2 23.9 6 0.4 31.4 6 1.0 21.4 6 0.6 29.0 6 0.8
L508S–508 N 24.4 6 0.4 27.0 6 0.3 24.8 6 0.3 26.1 6 0.3 20.2 6 0.7 24.3 6 1.2 17.9 6 0.5 24.7 6 0.6
O508S–508N 25.8 6 0.3 36.9 6 0.5 30.5 6 0.6 37.9 6 0.3 25.3 6 0.5 33.9 6 1.0 22.6 6 0.7 30.5 6 1.1
908S–508S 13.0 6 0.4 12.5 6 0.1 12.5 6 0.1 11.1 6 0.3 11.0 6 0.3 11.3 6 0.2 12.1 6 0.4
508S–158S 24.3 6 0.2 30.1 6 0.7 25.8 6 0.2 28.8 6 0.3 21.8 6 0.4 25.8 6 1.0 20.3 6 0.7 25.2 6 0.4
158S–158N 28.4 6 0.4 42.4 6 0.5 36.8 6 1.3 47.8 6 0.6 29.0 6 1.0 43.3 6 1.7 24.3 6 1.2 39.2 6 1.6
158N–508N 23.5 6 0.4 30.3 6 0.5 24.2 6 0.4 27.6 6 0.2 20.8 6 0.4 24.6 6 0.6 19.5 6 0.7 22.1 6 1.0
508N–908 N 14.0 6 0.6 14.5 6 0.1 14.5 6 0.1 12.9 6 0.1 13.3 6 0.3 13.6 6 0.2 13.9 6 0.4

aSuperscripts L and O denote land-only and ocean-only averaging regions, respectively.
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a large extent with the mean of the distribution. This is also evident in the undersimulation of rainfall inten-
sity in most of the Atlantic Ocean outside of the tropics seen in all model versions. In general, CAM and
SPCAM simulate strikingly similar 99th percentile rain rates outside of the tropics, confirming the insensitiv-
ity of the rainfall distribution to superparameterization at higher latitudes noted earlier (section 3.1). For
instance, the geographic pattern of extreme rainfall statistics in the storm tracks and over midlatitude conti-
nents are similarly captured in both SPCAM and CAM.

Of especial interest is the fact that in many tropical geographic action centers, superparameterization pro-
duces strong 99th percentile rain rates distinct from CAM that cannot be explained by difference in time
mean rainfall. For instance, in the waters surrounding equatorial Africa (West Indian Ocean and Eastern
equatorial Atlantic Ocean) all of the superparameterized versions of CAM simulate rainfall intensity far larger
than standard CAM, and the TRMM 3B42 observations. These model differences in extremes occur despite
all the model version pairs having similar magnitude mean rainfall biases in this region (Figure 5). Similarly,
over the equatorial African continent CAM simulated a mean rainfall wet bias, but a rainfall intensity weaker
than TRMM 3B42, while SPCAM has very little or no intensity bias in the region. These patterns indicate that
part of the tropical rainfall distribution tail boost due to superparameterization may be linked to an
enhanced African monsoon amplitude and stronger African Easterly Wave activity [McCrary et al., 2014].
Likewise, the Asian monsoon is one of the most prominent features of rainfall intensity in the TRMM 3B42
observations, which is captured in SPCAM [DeMott et al., 2011]. The geographic pattern of these monsoons
is evident to some extent in the CAM simulations, but at a much weaker magnitude. Similar effects of super-
parameterization boosting extreme rainfall can be seen across the South Pacific Convergence Zone and the
equatorial and tropical Western Pacific, suggesting another link to the Madden-Julian Oscillation, which is
known to be stronger in SPCAM than CAM [Benedict and Randall, 2009].

In summary, the enhanced rainfall intensity with superparameterization is in better agreement with TRMM
3B42 observations than conventional CAM. With the exception of a few regions with strong wet mean state
biases, conventional CAM significantly undersimulates 99th percentile rainfall intensity. Furthermore, the
enhanced intensity in SPCAM is linked to geographic action centers reminiscent of African and Asian mon-
soons, African Easterly Waves, and the Madden-Julian Oscillation. An impact of superparameterization on
extreme rainfall rates is difficult to detect outside of the tropics, and the two model formulations begin to
converge through the extra-tropics and into higher latitudes. This result suggests that large-scale processes
in CAM, which play a larger role at high latitudes, are capable of producing realistic rain rates, while the con-
vective parameterizations produce rates that are too weak across the rainfall spectrum.

3.5. Rainfall Amount Mode
We have argued that the mode of the rainfall amount distribution—reflecting the rain rate that delivers the
most accumulated rainfall—is an important physical diagnostic that seems to reveal especially striking
effects of superparameterization. Figure 8 examines the geographic pattern of the amount mode calculated
for each grid point independently. This diagnostic has not been highlighted in previous climate model eval-
uation, but we find it especially revealing.

One issue is that the mode of the distribution can be difficult to estimate at the grid point level because it
requires a fit from the rainfall amount distribution, which depends on discrete rain rate bin spacing. The
bins can be under-sampled in some areas, especially regions with little rain, even with 10 years of data, and
can thus produce a noisy distribution at the grid point level. To alleviate this issue we apply light local hori-
zontal smoothing, where the values shown in Figure 8 reflect the mode fit to a distribution that is a
weighted average with neighboring grid points. We also analyze the mode over broad latitudinal averaged
regions (Table 4) and compare to a complementary metric, the median, which is calculated independently
from the distribution and does not require smoothing (supporting information Figure S4), but tells essen-
tially the same story as the mode. We prefer to analyze the mode despite the methodological challenges in
estimating it due to its special physical meaning, but have tested that the key findings from this analysis are
supported by the median and broad regional averages.

Figures 8a and 8b show the geographic pattern of the amount mode in the data products, illustrating
the level of disagreement in observational estimates. As with the 99th percentile rates, there is major
observational uncertainty using the GPCP 1DD and TRMM 3B42 daily rainfall products for quantitative
estimates of the amount mode. As a result, we analyze the baseline simulation results rather than the
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bias in Figures 8c–8h. It is more surprising that there are discrepancies in the observed amount mode
than it was for dry day frequency and extreme rainfall rates because light rain (less than 0.1 mm d21)
and infrequent heavy rain is understandably difficult to remotely observe from space. However, the
amount mode represents the rain rate that produces the most amount of rain and is in the range of rates
that one might expect to be more easily observed. The largest differences between observational esti-
mates of the amount mode occur over the ocean; the quantity is in better agreement over land (18.0
and 19.9 mm d21 over land versus 19.9 and 29.1 mm d21 over oceans for GPCP 1DD and TRMM 3B42,
respectively, in the TRMM 3B42 footprint region, Table 4) where the products are more constrained by
surface observations.

Figure 8. Annual amount mode (mm d21) from (a) GPCP 1DD, (b) TRMM 3B42, (c, d) (SP)CCSM4, (e, f) (SP)CESM1-CAM4, and (g, h)
(SP)CESM1-CAM5 for (c, e, g) CAM and (d, f, h) SPCAM simulations; RMSE is relative to GPCP 1DD, and TRMM 3B42 in parentheses; GPCP
1DD, TRMM 3B42, and (SP)CCSM4 are shown at 18 resolution, and (SP)CESM1-CAM4 and (SP)CESM1-CAM5 are shown at 28 resolution.
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Again, we nominally assume the TRMM 3B42 observations (Figure 8b) provide a more meaningful estimate
of rain rate intensity for reasons described previously. TRMM 3B42 highlights four distinct geographic action
centers of highest amount mode (greater than 40 mm d21) in the Arabian Sea, the Bay of Bengal, the South
China Sea, and off the coast of Northwestern Australia, regions associated with intense monsoonal rainfall
variations. These regions are also the dominant features in the amount median (supporting information Fig-
ure S4), which also shows elevated values associated with the African monsoon and over warm waters of
western boundary currents. The mode of TRMM 3B42’s amount distribution is also greater than 25 mm d21

across much of the tropical and subtropical oceans.

Reassuringly, SPCAM produces the geographic pattern of amount mode with similar magnitude to TRMM
3B42, greater than 25 mm d21 in most tropical ocean regions and exceeding 50 mm d21 in the same geo-
graphic action centers (Figures 8d, 8f, and 8h). SPCAM also highlights an action center off the west coast of
Africa that is evident but weaker in TRMM 3B42—consistent with excessive modulation of submonthly rain-
fall extremes by an overactive African monsoon. SPCAM’s amount mode is also in good agreement with
both TRMM 3B42 and GPCP 1DD over land, as noted in Section 3.1. However, Figure 8 also reveals some
important geographic biases in the amount mode magnitude in SPCAM. Most notably is the anomalously
elevated and broad amount mode pattern in the northwestern tropical Pacific, a region where excessive
time-mean rainfall has been documented in earlier uncoupled version SPCAM3.0 [Khairoutdinov et al.,
2005]. Although a time-mean rainfall bias in this region is not as striking in newer versions of SPCAM (Figure
5), it is interesting that the amount mode highlights the same geographic region as an ongoing area of
model bias, systematically across superparameterized versions of ocean-coupled SPCAM.

More problematic is the systematically low amount mode magnitude in all versions of the conventionally
parameterized CAM compared to both the SPCAM and TRMM 3B42 data. The spatial pattern in CAM does
highlight a few action centers in the Indian Ocean, but is otherwise a reflection of the storm track patterns
in the midlatitude Pacific that are poleward of high amount mode values in observations. In the storm track
regions in CAM, large-scale precipitation plays a bigger role than parameterized convection, the likely
source of the improvement in the region. The monsoon action centers in the Indian Ocean are much
weaker in CAM relative to TRMM 3B42 and SPCAM, and CAM maintains mean monsoon rainfall by increas-
ing daily rain frequency in the region rather than capturing the intensity (not shown). Unlike the 99th per-
centile rain rate, the problem with the amount mode does not improve with increased resolution in CAM
(Figure 8c versus Figures 8e and 8g), suggesting it is fundamental to the deep convection parameterizations
and not a limitation of resolution alone.

Comparing all SPCAM versions to their standard CAM counterparts, the most striking effects of superpara-
meterization on the amount mode (Figures 8d, 8f, and 8h versus Figures 8c, 8e, and 8g) highlight an inter-
esting and suggestive geographic structure. The patterns emphasize two off-equatorial action centers in
the Indian and West Pacific tropical oceans, and on-equatorial action center east of the Maritime Continent
and west of the Sahara. These geographic signatures tend to implicate monsoons and their connection to
specific equatorial wave classes such as the Madden-Julian Oscillation, equatorial Rossby waves, and African
Easterly Waves in driving the more realistically elevated tropical amount mode that results from
superparameterization.

Table 4. Annual Precipitation Amount Mode With 95% Confidence Interval (mm d21)a

Region GPCP 1DD TRMM 3B42 CCSM4 SPCCSM4 CESM1 CAM4 SPCESM1 CAM4 CESM1 CAM5 SPCESM1 CAM5

908S–908N 16.4 6 0.6 12.3 6 0.4 21.8 6 1.5 12.3 6 1.4 21.8 6 2.6 12.3 6 0.7 18.0 6 2.8
L908S–908 N 16.4 6 0.7 12.3 6 0.6 18.0 6 0.9 12.3 6 0.8 16.4 6 1.0 10.2 6 0.9 18.0 6 2.3
O908S–908 N 16.4 6 0.6 12.3 6 0.4 29.1 6 1.6 14.9 6 1.4 26.4 6 2.2 14.9 6 0.9 26.4 6 3.9
508S–508N 18.0 6 0.6 26.4 6 1.2 14.9 6 0.5 26.4 6 1.0 14.9 6 0.0 21.8 6 2.5 13.6 6 1.1 26.4 6 2.8
L508S–508 N 18.0 6 0.6 19.9 6 0.8 13.6 6 0.6 19.9 6 0.9 13.6 6 0.9 16.4 6 2.3 11.2 6 0.6 19.9 6 3.6
O508S–508 N 19.9 6 0.7 29.1 6 1.3 14.9 6 0.4 32.0 6 1.2 14.9 6 0.0 29.1 6 3.1 14.9 6 0.8 26.4 6 1.8
908S–508S 8.4 6 0.5 5.8 6 0.2 5.8 6 0.2 5.2 6 0.7 5.2 6 0.5 5.2 6 0.3 5.8 6 0.3
508S–158S 16.4 6 0.5 24.0 6 1.1 14.9 6 0.8 16.4 6 1.2 14.9 6 1.4 13.6 6 1.9 12.3 6 0.7 18.0 6 1.9
158S–158N 19.9 6 0.7 29.1 6 1.0 13.6 6 0.5 38.7 6 1.6 14.9 6 0.0 32.0 6 3.2 14.9 6 0.8 26.4 6 1.8
158N–508 N 18.0 6 0.7 24.0 6 2.1 14.9 6 1.4 19.9 6 1.2 14.9 6 1.4 21.8 6 3.1 13.6 6 1.1 18.0 6 1.8
508N–908 N 9.3 6 0.5 7.7 6 0.5 7.7 6 0.4 6.3 6 1.1 7.7 6 0.8 7.7 6 0.9 7.7 6 1.1

aSuperscripts L and O denote land-only and ocean-only averaging regions, respectively.
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Differences in the modulation of submonthly rainfall intensity associated with the monsoon contribute sig-
nificantly to the above effects. Off-line analysis of changes in daily rainfall variance approaching the month
of peak monsoonal rainfall suggests that for the East Asian monsoon, SPCAM and CAM both produce
monthly mean monsoon rainfall amplitudes of similar and realistic magnitude, but in SPCAM the monsoon
more strongly modulates daily variance, in better agreement with TRMM 3B42 observations. In contrast, for
the African monsoon SPCAM suffers from an excessive high bias in monthly mean amplitude and thus also
overdoes its modulation of submonthly rainfall extremes across all versions. In contrast, CAM produces a
more realistic monthly mean African monsoon amplitude but underestimates its modulation of submonthly
rainfall. These differences in monsoon representation and the effects of monsoons on rainfall are important
to understanding many model differences in tropical geographic action centers of amount mode and 99th
percentile rainfall. A general effect of superparameterization appears to be boosting the effect of monsoons
on daily rainfall intensity; in contrast CAM appears to sustain its mean monsoon amplitude primarily
through variations in submonthly rainfall frequency.

4. Conclusions

In this study we target several features of accumulated daily rainfall that are fundamental to the hydrologi-
cal cycle and therefore critical to society. However, many of these features are difficult to observe on global
scales and poorly represented in GCMs making future climate change projections uncertain. We take the
view that it is important to evaluate simulated rainfall in global climate models in depth by focusing on rain-
fall intensity distributions and extreme rates in addition to time-mean rainfall biases. Our analysis focuses
on statistics from frequency and amount distributions, comparing rainfall simulated by three conventional
and superparameterized versions of CAM against two gridded observational rainfall products, GPCP 1DD
and TRMM 3B42.

Rainfall distributions demonstrate that superparameterization produces more realistic (relative to TRMM
3B42) elevated intensity for extreme rainfall and the amount mode, in all versions analyzed, independent of
horizontal resolution. Conventionally parameterized CAM is sensitive to model version and resolution, with
the higher resolution (18) CCSM4 version able to capture some of the extreme rainfall intensity of the TRMM
3B42 and SPCAM highest percentile rates. Both CAM and SPCAM simulate more oceanic drizzle than is
detectable by gridded rainfall products, but only the three SPCAM versions and the most modern version of
CAM (CESM1-CAM5) capture a distinct drizzle peak mode in the frequency distribution.

The amount modes from TRMM 3B42 and GPCP 1DD are in good agreement over land, but the TRMM 3B42
product has systematically more intense rainfall over the ocean. SPCAM’s amount mode matches both of
these observations over land and is a better match to TRMM 3B42 over the ocean, but CAM’s is systemati-
cally weaker than both observations regardless of resolution and version. The weak amount mode bias in
CAM encapsulates ongoing problems with its deep convective parameterizations, and is dominated by the
tropics where the convective parameterization contributes the most accumulated rainfall.

The geographic patterns of the amount mode and 99th percentile rates highlight the effects on extreme
rainfall associated with important modes of tropical internal variability that are known to be impacted by
cloud superparameterization. We have argued that spatial decomposition of these and other (mean rainfall
and dry day frequency) diagnostics can help expose the regions that contribute most significantly to biases
in area-mean rainfall distributions and helps diagnose underlying mechanisms leading to the improvements
that can occur with superparameterization.

Mean rainfall biases are remarkably insensitive to superparameterization. All six model versions analyzed
exhibit a double-ITCZ that extends into the East Pacific and too much off equatorial rainfall; features that
are evident in both phases of internal ENSO variability. Regionally there are some differences in the magni-
tude of the bias; i.e., the West Pacific Southern Hemisphere double-ITCZ is somewhat improved with super-
parameterization, but the Amazonian dry bias is worse. Signals of double-ITCZ biases in the Indian Ocean
also tend to be ameliorated by superparameterization across model versions.

Dry day frequency estimates from GPCP 1DD and TRMM 3B42 are in relatively good agreement and indicate
similar magnitude biases for CAM and SPCAM. Either both models underestimate dry day frequency over
oceans or there is a systematic underestimation of rainy days in the gridded observations that are unable to
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measure very light rain. The bias is reduced with a higher threshold for dry day frequency and mostly
resembles the mean state biases. In general, the frequency is increased over land as a result of superpara-
meterization. Low biases (fewer dry days) are evident over oceans and land in CAM, but in SPCAM, negative
biases are smaller or positive (more dry days) over land compared to observations. Updated low cloud
physics in CESM1-CAM5 simulates more frequent light drizzle events over the ocean and more closely
resembles the superparameterized dry day frequency result.

Extreme rainfall intensity becomes less sensitive to horizontal resolution and stronger, especially in regions
of tropical wave activity, as a result of superparameterization. We measure rainfall intensity using two met-
rics—the 99th percentile rates and the accumulated rainfall from rates greater than 50 mm d21. For both
metrics TRMM 3B42 and GPCP 1DD provide very different estimates of truth, with TRMM 3B42 containing
more intense rainfall events. The low-resolution (28) versions of conventionally parameterized CAM produce
weaker intensity than TRMM 3B42 and SPCAM, and are similar to GPCP 1DD, but the high-resolution version
(18 CCSM4) is able to capture some regional features observed by TRMM 3B42. Over broad regional analysis
SPCAM is in good agreement with TRMM 3B42 observations and is insensitive to exterior resolution or
model version for both metrics.

For the most part, intensity biases co-locate geographically with mean state biases, but there are some
important regional exceptions: SPCAM produces higher intensity rainfall extremes in the equatorial oceans
surrounding Africa despite reduced mean rainfall there, and CAM simulates reduced extremes over conti-
nental Africa despite a mean wet bias there. The changes in extreme rainfall intensity resulting from super-
parameterization highlight geographic regions suggesting they are related to increased tropical variability
relative to CAM, with the most intense rates occurring in regions coincident with the Asian and African
monsoons, African Easterly Waves, and the Madden-Julian Oscillation activity centers. Outside of the tropics
(e.g., storm tracks) CAM and SPCAM intensities are more similar, likely due to an increased contribution
from resolved-scale rainfall in CAM.

Rainfall amount mode is favorably boosted and concentrated in geographic regions of tropical waves and
monsoons as a result of cloud superparameterization. The rainfall amount mode is an important physical
quantity; it represents the rain rate that delivers the most accumulated surface reaching rainfall. GPCP 1DD
and TRMM 3B42 agree on some aspects of the amount mode spatial pattern, but consistent with weaker
intensity, the magnitude is lower in GPCP 1DD. TRMM 3B42 and SPCAM, and to some extent GPCP 1DD,
identify four distinct geographic action centers of high amount mode in the Arabian Sea, the Bay of Bengal,
the South China Sea, and off the coast of Northwestern Australia. The geographic action centers where the
amount mode responds most to superparameterization highlight two off-equatorial regions in the Indian
and West Pacific Oceans, and an on-equatorial region east of the Maritime Continent that again suggest
links to tropical waves, monsoons, and the Madden-Julian Oscillation. In these regions, SPCAM’s amount
mode is more intense than TRMM 3B42, especially the northwestern tropical Pacific, indicating an ongoing
problem in this region, which has a time-mean wet rainfall bias in earlier coupled versions of SPCAM. An
increase in the monsoon modulation of submonthly rainfall extremes appears to play an especially impor-
tant role. Overall superparameterization appears to improve the amount mode relative to CAM, which is
much lower than TRMM 3B42 in all versions, and exhibits unrealistically weak geographic variability. Addi-
tionally, the amount mode in CAM does not improve with higher resolution, unlike extreme rain, indicating
a fundamental problem with convective parameterization.

Overall, this study has highlighted important differences in the character of rainfall simulated with conven-
tional and superparameterized GCMs, enabled by analyzing multiple model versions and configurations of
CAM and SPCAM. It has revealed where we might expect to trust the simulated sensitivities of rainfall and
where we should be suspicious. With this context, forthcoming work will analyze climate change experi-
ments investigating the response of the rainfall distributions and metrics evaluated here in identical CAM-
SPCAM version pairs to higher CO2 concentrations. Additional work is ongoing to decompose the contribu-
tions of convective versus large-scale rainfall in CAM to the total distribution, and determine which portions
of the rainfall spectrum these processes (parameterizations) control, to better understand the nature of the
amount mode bias under conventional parameterization. We are also working to unfold the connection
between tropical wave activity and rainfall intensity geographic action centers to better understand the
mechanistic relationship, evaluate its realism against observations, and develop a framework for expected
regional changes and implications due to climate forcing.
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