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ABSTRACT
In this two-part study, the relationships between the width of the cloud droplet size distribution and the
microphysical processes and cloud characteristics of nonprecipitating shallow cumulus clouds are investigated
using large-eddy simulations. In Part I, simulations are run with a bin microphysics scheme and the relative
widths (standard deviation divided by mean diameter) of the simulated cloud droplet size distributions are
calculated. They reveal that the value of the relative width is higher and less variable in the subsaturated
regions of the cloud than in the supersaturated regions owing to both the evaporation process itself and
enhanced mixing and entrainment of environmental air. Unlike in some previous studies, the relative width is
not found to depend strongly on the initial aerosol concentration or mean droplet concentration. Nonetheless,
local values of the relative width are found to positively correlate with local values of the droplet concentrations, particularly in the supersaturated regions of clouds. In general, the distributions become narrower as
the local droplet concentration increases, which is consistent with the difference in relative width between the
supersaturated and subsaturated cloud regions and with physically based expectations. Traditional parameterizations for the relative width (or shape parameter, a related quantity) of cloud droplet size distributions in
bulk microphysics schemes are based on cloud mean values, but the bin simulation results shown here
demonstrate that more appropriate parameterizations should be based on the relationship between the local
values of the relative width and the cloud droplet concentration.

1. Introduction
Microphysical schemes used in numerical cloud, weather,
and climate models usually need to assume a probability
distribution to describe the size distribution of each hydrometeor species that is represented by the model. Such
schemes are referred to as bulk microphysics schemes.
The two distributions that are most commonly used within
such schemes are the exponential and gamma probability
distributions. Following Walko et al. (1995), the gamma
probability distribution function [n(D)] is expressed as
n(D) 5

Nt
Dn21 e2D/Dn ,
Dnn G(n)

(1)

where Nt is the total number concentration of the hydrometeor species, D is the species diameter, Dn is
called the characteristic diameter, and n is referred to as
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the shape parameter. (While not used here, note that the
shape parameter may be expressed alternatively as
m 5 n 2 1 and a slope parameter may be defined as
L 5 1/Dn.) The gamma distribution reduces to the exponential distribution when n 51. The shape parameter
influences the width of the size distribution and can be
directly related to the relative dispersion («, the ratio of
the standard deviation of cloud droplet size to the mean
cloud droplet size) of the distribution by n 5 1/«2 (e.g.,
Hsieh et al. 2009a). For a given mass mean diameter,
higher shape parameters (lower relative dispersions)
correspond to narrower size distributions that have
fewer small and fewer large droplets but more medium
sized droplets compared to distributions with lower
shape parameters (higher relative dispersions).
To fully describe the gamma distribution given by
Eq. (1), three parameters must be known: Nt, Dn, and n.
In two-moment bulk microphysics schemes, Nt and q,
the mass mixing ratio of the species are explicitly predicted by the model. Furthermore, for spherical water
droplets, Dn and n can be shown to be related to Nt and q
through the relationship
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TABLE 1. Previously reported values of the shape parameter. In some studies, only the relative dispersion is reported, in which case, we
have converted these values to shape parameter values. The notes column describes where the data come from and the meanings of the
values in parentheses.

Paper

Campaign

Costa et al. (2000)

Cearà experiment
(Brazil)

Gonçalves et al.
(2008)

Dry-to-Wet campaign
(Brazil)

Lu et al. (2008)

GoMACCS (Texas)a

Hsieh et al. (2009a)

CRYSTAL-FACE
(Florida)b
CSTRIPE (California
coast)c
LBA (Brazil)d

Martins and Silva
Dias (2009)
Hudson et al.
(2012)
Pandithurai
et al. (2012)

RICO (Caribbean)e
CAIPEEX-I (India)f

Cloud droplet
concentration
(# cm23)

Shape
parameter

227 (maritime)
265 (coastal)
375 (continental)
433 (urban)
521 (clean)
816 (intermediary)
1451 (polluted)
206
282
350
480

13.5 (19.3)
10.7 (13.5)
12.5 (10.6)
9.8 (10.2)
1.9 (1.3)
3.8 (1.2)
6.1 (0.7)
9.6
13.2
10.9
5.9 (4.5–8.7)

304

Notes
Mean (standard deviation). See their
Tables 3 and 6.

Mean (standard deviation) of single
flights; see their Table 2.
Data in their Table 2 split into
equal groups based on droplet
concentration and averaged.
Mean (25th–75th percentiles).
See their Table 1.

3.2 (2.4–4.5)

550
748
1021
75

4.3
5.7
5.3
7.1

264
326
508

8.6
8.1
7.3

Data in their Table 1 split into
equal groups based on droplet
concentration and averaged.
Their Table 2 flight average (row
second from bottom).
Data in their Table 1 split into
equal groups based on droplet
concentration and averaged.

a

Gulf of Mexico Atmospheric Composition and Climate Study.
Cirrus Regional Study of Tropical Anvils and Cirrus Layers—Florida-Area Cirrus Experiment.
c
Coastal Stratocumulus Imposed Perturbation Experiment.
d
Large-Scale Biosphere–Atmosphere Experiment.
e
Rain in Cumulus over the Ocean.
f
Cloud Aerosol Interaction and Precipitation Enhancement Experiment.
b

q 5 (Nt p/6rw D3n )

G(n 1 3)
,
G(n)

(2)

where rw is the density of liquid water. With this relationship, Dn can be solved for if n is known. However, in
single- and double-moment bulk microphysics schemes,
n is not known, and must be set to some constant value or
diagnosed in some other way (Grabowski 1998; Rotstayn
and Liu 2003; Morrison and Grabowski 2007; Thompson
et al. 2008; Geoffroy et al. 2010). On the other hand, triplemoment schemes (Milbrandt and Yau 2005b; Shipway and
Hill 2012; Loftus and Cotton 2014), which additionally
predict the sixth moment of the distribution, can explicitly
solve for this remaining parameter of the gamma distribution. This is the primary advantage of these schemes
over lower-moment microphysics schemes, although they
are computationally more expensive.
There have been efforts to determine the most appropriate value of the shape parameter from observations of
cloud droplet distributions. Table 1 shows a summary of
estimates of this parameter for cloud droplets from several

recent field measurements of just one cloud type: shallow
cumulus clouds. Estimated values range from about 2 to
14. There do not appear to be any consistent differences
based on region or surface type (land vs ocean). An even
wider range of values was found by Miles et al. (2000), who
reported primarily on stratus and stratocumulus clouds.
Furthermore, the studies in Table 1, which include clouds
sampled in different amounts of air pollution, do not agree
on whether the shape parameter should increase or decrease with increasing cloud droplet number concentration. Two studies find an increase (Gonçalves et al. 2008;
Martins et al. 2009), two find a decrease (Costa et al. 2000;
Pandithurai et al. 2012), and one finds a nonmonotonic
change (Lu et al. 2008). There are many potential reasons
for these discrepancies ranging from differences in the
boundary layer environment to sampling and analysis
methods. Regardless, Table 1 indicates that the shape
parameter for the cloud droplet size distribution is poorly
constrained by observations.
Other investigators have sought to understand the relative dispersion, and thus also the shape parameter, from a
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FIG. 1. (a) Potential temperature, (b) water vapor mass mixing ratio, and (c) horizontal wind speed shown every 3 h. The times listed in the
legend are local times and the conditions at 1130 LT are the model initial conditions.

theoretical perspective and through modeling studies using
bin microphysics schemes, which, by design, preclude the
need for an assumed size distribution function (Khain et al.
2015). Processes such as collision–coalescence and entrainment generally widen the distribution (decrease the shape
parameter) (Paluch and Baumgardner 1989; Politovich
1993; Feingold et al. 1997; Lu and Seinfeld 2006; Pinsky et al.
2016), whereas condensation will narrow the distribution
(increase the shape parameter) (Yum and Hudson 2005; Liu
et al. 2006; Peng et al. 2007; Hsieh et al. 2009b; Wang et al.
2011). When only considering condensation, theoretical
arguments and parcel modeling have shown that the distribution narrows less (shape parameter increases less) for
distributions with initially higher cloud droplet or aerosol
concentrations (Yum and Hudson 2005; Liu et al. 2006;
Peng et al. 2007; Pinsky et al. 2014). In turn, the shape of the
droplet distribution can influence the rate at which these
processes act (e.g., Milbrandt and Yau 2005a; Cohen and
McCaul 2006). For example, a higher shape parameter
(narrower distribution) is expected to result in slower
collection of cloud water by rain (Cohen and McCaul
2006) and reduced size sorting for precipitating hydrometeors (Milbrandt and Yau 2005a).
To further understand this complex issue, we will examine simulations of nonprecipitating shallow cumulus
clouds in which the only major microphysical processes are
droplet nucleation, condensation, and evaporation. These
simple clouds are chosen for study in order to isolate the
impacts of condensation and evaporation from other microphysical processes as much as possible. In Part I, simulations with a spectral bin microphysics scheme (in which
by design the droplet size distribution width evolves with
time) will be used to investigate the behavior of the shape
parameter in nonprecipitating shallow cumulus clouds and
to gain some insight into how microphysical processes
impact the shape parameter and how these impacts are

modulated by the cloud droplet number concentration.
The bin scheme results will be used to guide simulations
with a bulk microphysics scheme in Igel and van den
Heever (2016, hereafter Part II) in order to investigate
how the shape parameter in turn impacts the condensation/evaporation rates and cloud properties in these shallow cumulus clouds.

2. Methods
In this study, the Regional Atmospheric Modeling System
(RAMS; Cotton et al. 2003) was used to run simulations of
shallow cumulus clouds over land. Semi-idealized thermodynamic profiles (Zhu and Albrecht 2003) from the Atmospheric Radiation Measurement (ARM) Southern Great
Plains (SGP) site in Oklahoma were used to initialize the
model horizontally homogeneously at 1130 local time
(Fig. 1). The model domain was 12.8 km 3 12.8 km 3 3.5 km
with 50-m grid spacing in the horizontal and 25-m grid
spacing in the vertical, and the simulations were run for
9.5 h with a 1-s time step. Lateral boundary conditions
were periodic and a damping layer was placed in the upper
500 m of the domain. A subgrid turbulence scheme based on
Smagorinsky (1963) with modifications based on Lilly (1962)
and Hill (1974), the LEAF-3 surface flux scheme (Walko
et al. 2000), and the Harrington (1997) radiation scheme
were employed. Longwave and shortwave radiation were
sensitive to hydrometeors but not aerosol particles. Random
perturbations to the ice–liquid potential temperature field
were applied throughout the domain to initialize motions.
The maximum magnitude of these perturbations was 0.1 K.
The simulations employed the Hebrew University
spectral bin scheme (Khain et al. 2004), which has recently been interfaced with the RAMS dynamical core.
All ice processes were turned off since only warm phase
clouds were being simulated. The aerosol particles were
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FIG. 2. Example simulated cloud droplet size distributions (solid
lines) and the corresponding best-fit gamma distribution functions
(dashed lines). The legend indicates the value of the best-fit shape
parameter and the normalized root-mean-square error.

depleted upon cloud droplet nucleation. Droplet nucleation in the spectral bin scheme is performed by
calculating a critical aerosol radius for activation based
on Kohler theory (Khain et al. 2004). All aerosol particles
larger than this critical size are activated to form new
cloud droplets. No other aerosol processes were included
in order to keep the aerosol physics as similar as possible
between the Hebrew University spectral bin microphysics schemes and the RAMS bulk scheme (used in Part II).
Three simulations were run using a horizontally and
vertically homogeneous aerosol concentration of 100,
400, or 1600 cm23. These concentrations are representative of clean, moderate, and polluted concentrations of
accumulation mode aerosol particles at the ARM SGP
site, respectively (Sheridan et al. 2001). The simulations
will be referred to as BIN100, BIN400, and BIN1600.
Aerosol particles were assumed to have a lognormal size
distribution with a median radius of 40 nm and a spectral
width of 1.8. No other source of new particles was present
in the simulations.
Clouds first appear after about 4.5 h of simulation
(1600 LST) at which point the boundary layer has become well developed (Fig. 1, medium gray line). Since
the cloud base and boundary layer height were continuously rising in these simulations, new aerosol particles were continually being entrained from the free
troposphere into the boundary layer. Therefore, the
aerosol particles did not become depleted too rapidly
and the average cloud droplet concentrations were
approximately constant in time 2 h after clouds first
appear (not shown). All analysis was conducted using
data from the last 4 h (1700–2100 local time) of the
simulations. The first hour in which clouds appear is
excluded since during this time the clouds are not yet
fully developed.
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FIG. 3. Normalized root-mean-square error as a function of relative
humidity for each simulation.

3. Results
Gamma probability distribution functions were fit to
the explicitly predicted cloud droplet distributions at every
cloudy grid point (cloud mixing ratio . 0.01 g kg21) using
maximum-likelihood estimation methods in order to obtain
best-fit shape parameters for each cloudy grid point.
Figure 2 shows some example fitted distributions and the
simulated droplet size distributions. These examples were
chosen to illustrate that the method works well and to show
that higher shape parameters correspond to relatively
narrower droplet size distributions. By ‘‘relatively narrower’’ we mean the width scaled by the mean diameter
decreases for higher shape parameters. To quantitatively
determine how well the fitting performed, we calculated the
normalized root-mean-square error (NRMSE). A value of
0 would indicate a perfect fit and a value of 1 indicates that
the fitted PDF is no better than a straight line at approximating the simulated size distribution. The example simulated distributions in Fig. 2 have a range of NRMSEs in
order to give a qualitative sense of these values. The
NRMSE was averaged in 5% relative humidity bins and is
shown in Fig. 3. The average NRMSE for relative humidity
greater than about 90% is near 0.5 and indicates that the
fitting generally performs well. Below 90%, the NRMSE
increases rapidly, particularly for BIN1600. This result
suggests that gamma distributions may not be appropriate
for droplet distributions that are nearly evaporated.
Cross sections through two simulated cumulus clouds
are shown in Fig. 4 from BIN100. The left side of the
figure shows cross sections of cloud water mixing ratio,
the center shows the corresponding droplet number
concentration, and the right side of the figure shows the
best-fit shape parameters for the cloud droplet size distributions. It can be seen that in general the highest shape
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FIG. 4. Example cross sections of two different cumulus clouds. (left) The cloud mixing ratio (g kg21), (center) the droplet number
concentration (mg21), and (right) the best-fit shape parameter are shown.

parameter values occur in the center of the cloud and
that lower shape parameters are found along the cloud
edges and at the cloud top. There is no obvious correlation between the shape parameter and the cloud mixing ratio, but there is a suggestion that there may be a
correlation between the shape parameter and the droplet
number concentration. In the upcoming discussion, we
will explore the relationships between the best-fit shape
parameters and cloud and environmental properties.

a. Shape parameter distributions
Frequency distributions of the best-fit shape parameters for all three simulations are shown in Fig. 5 in the
solid lines. The average value of the best-fit shape parameter for all three simulations is about 5, which is a
moderate value in comparison to the observationally
obtained values listed in Table 1. While the average for
each simulation is approximately the same, there is a
clear shift to less frequent low values (except for the very
lowest values) and more frequent high values of the
shape parameter as the aerosol concentration is increased.
This shift in frequency will be discussed more below.
The frequency distributions of the shape parameters
also shift when they are separated into subsaturated and
supersaturated regions (Fig. 5, dotted–dashed and
dashed lines, respectively). In supersaturated regions,
the average best-fit shape parameter increases to about 7
and the distribution of best-fit shape parameter values is
broader, whereas in subsaturated regions it decreases to

about 4 and the distribution of best-fit shape parameter
values is much narrower. These results are consistent
with past theoretical studies that have shown that the
shape parameter (relative dispersion) should increase
(decrease) during condensation, and vice versa during
evaporation (Yum and Hudson 2005; Liu et al. 2006;
Peng et al. 2007; Hsieh et al. 2009b; Wang et al. 2011;
Pinsky et al. 2014). Additionally, lower values of the
shape parameter are expected when entrainment and
mixing are strong (Lu and Seinfeld 2006), and in these
shallow cumulus clouds mixing should be stronger in the
subsaturated areas along cloud edges rather than in the
supersaturated areas located closer to the cloud center.
Thus, both entrainment and evaporation work in concert to cause lower average shape parameters in subsaturated regions.

b. Dependence on relative humidity and vertical
velocity
It is difficult to determine the relative importance of
mixing/entrainment and condensation/evaporation for
the cloud droplet distribution width. In an attempt to
address this issue, the average shape parameter as a
function of vertical velocity and relative humidity is
plotted in Fig. 6 for BIN400. The corresponding figures
for BIN100 and BIN1600 are qualitatively similar as that
for BIN400 (not shown). The figure is broken into four
quadrants. Points with positive vertical velocity and
supersaturation likely occur in cloud cores where
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FIG. 5. Frequency distributions of the best-fit shape parameters.
Frequency distributions from BIN100, BIN400, and BIN1600 are
shown in blue, red, and yellow, respectively. The different line
styles show the distribution using all data (solid), data from supersaturated regions (dashed), and data from subsaturated regions
(dotted–dashed).

condensation rates are potentially high and mixing and
entrainment are low (Q1; 35% of data points). Points
with positive vertical velocity and subsaturation occur
preferentially near cloud top where mixing and entrainment have just begun (Q2; 21% of data points).
Points with negative vertical velocity are more likely to
occur near cloud edges, with supersaturated points (Q4;
12% of data points) likely occurring closer to the cloud
core and being less mixed than subsaturated points (Q3;
32% of data points). The most negative velocities occur
where evaporation has been occurring for a long time
and tend to occur along cloud edges near cloud base
after having descended from above.
In agreement with the observations in shallow cumulus clouds, Fig. 6 shows that the highest shape parameters (lowest relative dispersions) occur in unmixed
updrafts (Politovich 1993) in Q1. This is consistent with
Fig. 4, which shows that the highest shape parameter
values occur near the middle of the clouds. Concurrent
entrainment of dry air and evaporation near cloud top in
Q2 result in a rapid decrease of the shape parameter and
cause some of the lowest shape parameters (highest
relative dispersions) anywhere on Fig. 6. Such a rapid
decrease near cloud top is consistent with previous
modeling studies (Lu and Seinfeld 2006; Tas et al. 2012)
and a theoretical study of homogeneous mixing (Pinsky
et al. 2016). The other minimum in the average shape
parameter occurs for the strongest downdrafts on the
border of Q3 and Q4 where it is likely that sustained
evaporation promotes the strong downdrafts and keeps
the relative humidity near 100%. Again, these results
are qualitatively consistent with Fig. 4, where it can be
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FIG. 6. Mean shape parameter as a function of relative humidity
and vertical velocity from BIN400. Contours have an interval of 2
and begin at 1. Joint frequency bins with ,10 data points have been
excluded.

seen that the lowest shape parameter values occur along
the cloud top and cloud edges. In the transition from Q1
to Q4 in which the air is always supersaturated, condensational growth tends to increase the shape parameter while mixing tends to decrease it. Entrainment and
mixing are dominant and the shape parameter decreases
as one moves from Q1 to Q4, but the transition is slow,
especially compared to the transition between Q1 and
Q2. From Q4 to Q3 (from supersaturated to subsaturated downdrafts) there is almost no discernible
change, which indicates that condensation/evaporation
has little impact and that entrainment and mixing are
dominant. Overall, Fig. 6 seems to indicate that both
entrainment/mixing and condensation/evaporation can
both be strong controls on the shape parameter depending on the region of the cloud.

c. Dependence on number concentration
Figure 5 lists the average value of the shape parameter
for each simulation in the legend. There is a nonmonotonic, but overall small change in the average best-fit
shape parameter as the initial aerosol concentration increases. Examination of the shape parameter frequency
distributions in Fig. 5 (solid lines) shows however that the
mean is perhaps misleading. As the aerosol concentration
increases, there is a shift to more frequent high values of
the shape parameter and less frequent moderate values.
The primarily reason for this shift in shape parameter
frequency is likely related to a decrease in cloud fraction
with higher aerosol concentration (not shown, but discussed in Part II for bulk microphysics simulations with
the same model setup). The reduced cloud fraction,
which arises as a result of faster evaporation of the cloud
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FIG. 7. (a) Points show the best-fit shape parameter value and droplet concentration of every two-thousandth cloudy point in each BIN
simulation. Colored solid lines show the mean shape parameter as a function of the droplet concentration based on all cloudy points from each
BIN simulation. Dashed gray lines show previously proposed relationships between the shape parameter and the droplet concentration. (b) As in
(a), but the abscissa shows the droplet concentration normalized by the maximum droplet number concentration of each simulation (100, 400, or
1600 cm23). (c) As in (b), but for only those cloudy points with RH . 101% and w . 0.1 m s21 and every one-thousandth point is shown.

edges, is associated with a reduction in subsaturated
cloudy volume fraction and an increase in the supersaturated cloudy volume fraction. This reduction in the
subsaturated cloudy volume, which is associated with
shape parameters of about 4 on average (Figs. 5 and 6),
explains why we see a reduction in the normalized frequency of low shape parameters [;(1–5)] and an increase in the normalized frequency of high shape
parameters (.5) for increasing aerosol concentration
that was noted in Fig. 5.
The more frequent occurrence of shape parameters less
than 1 as the aerosol concentration increases (Fig. 5) is
more difficult to explain. These distributions with very low
shape parameters appear more like exponential distributions (Fig. 2) and are associated with a large number of
droplets in the very smallest size bin (which are likely to be
freshly nucleated cloud droplets) that create a steep slope
in the size distribution curve. With more droplets in the
very smallest size bin, the steeper this slope and the lower
the shape parameter. It is perhaps then not too surprising
that these distributions are most frequent in the simulation
with the highest aerosol concentration. It is the increase in
both these lowest shape parameters and the increase in the
highest shape parameters that works to keep the average
shape parameter similar in all three simulations.
If there is in fact no dependence of the shape parameter
on the aerosol concentration (or the cloud droplet concentration) in the mean, it may explain why previously
reported values of the shape parameter from observations
of shallow cumulus clouds do not consistently show either
an increase or a decrease in shape parameter with aerosol
concentration (Miles et al. 2000). Other factors, such as
the width of the aerosol distribution, which was initially
the same in all of the BIN simulations, or collision–

coalescence in clouds that are more favorable for precipitation, may be important for determining whether the
best-fit shape parameter increases or decreases as the
aerosol concentration and cloud droplet concentration
increase. Such factors have not been tested here.
While on average the shape parameter does not
show a dependency on the initial aerosol concentration
or mean droplet number concentration, the shape parameter does vary with the local droplet number concentration (Fig. 7a). For all three simulations, there is
relatively little spread in the shape parameter values and
little dependence on the cloud droplet number concentration when the cloud droplet number concentration is
low. However, as the cloud droplet number concentration increases, the spread of shape parameter values
becomes larger and the mean shape parameter increases. These trends are consistent with Figs. 5 and
6—high (low) droplet concentrations are more likely to
be associated with the supersaturated (subsaturated)
regions of clouds where it was found that the shape parameter is on average higher (lower) and the spread of
values is also larger (smaller). These trends are also
consistent with the fact that the condensation process
tends to make distributions relatively narrower (favors
high shape parameters) and vice versa for evaporation.
The qualitative relationship between the shape parameter and the droplet concentration is consistent across all
three BIN simulations shown in Fig. 7a. Furthermore, when
the droplet number concentration is scaled by the maximum cloud droplet concentration (Fig. 7b), the relationships between the scaled droplet concentration and the
shape parameter for each simulation become nearly identical. This implies that for these simulations of nonprecipitating cumulus clouds, there is only a minimal

256

JOURNAL OF THE ATMOSPHERIC SCIENCES

influence of the mean droplet concentration on the mean
relationship between the local values of the shape parameter and the droplet concentration. (It is not obvious though
whether this result can be applied to other cloud types or
even precipitating cumulus clouds since the precipitation
process is also expected to influence the relative dispersion
of the droplet size distribution.) Thus, while the mean shape
parameter associated with each simulation is not strongly
dependent on the mean aerosol or droplet concentration
(Fig. 5), there is a strong relationship between the local
values of the shape parameter and the local values of the
droplet number concentration (Fig. 7). Differing trends in
cloud-averaged and local values have also been found in
observations of continental cumulus clouds (Lu et al. 2012)
and stratocumulus clouds (Pawlowska et al. 2006).
Again, the theoretical work that focuses on the condensation process shows that we expect a lower shape
parameter (higher relative dispersion) for a higher aerosol
concentration (Yum and Hudson 2005; Liu et al. 2006;
Peng et al. 2007; Pinsky et al. 2014). While we do not see
such a relationship in Figs. 5 and 7b when looking at all
cloudy points, we do see this expected relationship for
those cloudy points that are highly supersaturated and
located within updrafts. Figures 7c is similar to Fig. 7b but
uses only those cloudy points that have a relative
humidity $ 101% and vertical velocity $ 0.1 m s21. For a
scaled droplet concentration greater than about 0.2, there
is a monotonic decrease in the average shape parameter as
the initial aerosol concentration increases. Thus, the shallow cumulus clouds do have the expected relationship
between aerosol concentration and mean shape parameter where condensation is strong, but other processes—
such as evaporation, entrainment, and mixing, which
were generally not considered in the parcel modeling and
theoretical studies (Yum and Hudson 2005; Liu et al.
2006; Peng et al. 2007; Pinsky et al. 2014)—obscure this
relationship when looking at all cloudy points. More investigation of how these other processes impact the relationship between aerosol concentration and the shape
parameter or relative dispersion is needed.

d. Implication for parameterizations
Most papers in the literature that examine the relationship between the shape parameter and the droplet
number concentration discuss how the average droplet
concentration of a cloud relates to the average shape
parameter of the cloud. However, Fig. 7 shows that even
if there is no correlation between the cloud-averaged
shape parameter and cloud-averaged droplet concentration, there can still be a strong correlation between
the local values of these quantities within clouds.
One important implication of this distinction applies
to model parameterizations for the shape parameter.
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Most parameterizations of the shape parameter have
been developed to actively diagnose the most appropriate value of the shape parameter at each grid point
during run time based on the relationship derived from
cloud-averaged values. One example is the proposed
relationship from Morrison and Grabowski (2007),
which is shown by the black dashed line in Fig. 7a. This
parameterization, among others (Rotstayn and Liu
2003; Thompson and Eidhammer 2014), prescribes a
negative correlation between the droplet concentration
and the shape parameter. This may be a reasonable relationship based on previous work looking at cloudaveraged values. However, given the physical reasoning
discussed above and the support of this reasoning based
on observations and theoretical work, it is probably
unreasonable to expect that these relationships even
qualitatively describe the relationship between the local
values of the shape parameter and droplet concentrations within clouds. Instead, it appears that parameterizations such as the one proposed by Grabowski (1998)
(dashed gray line in Fig. 7a) are more suitable for largeeddy simulations. (Recall that our grid spacing is
50 m 3 50 m 3 25 m.) Also, note that in the BIN simulations, collision–coalescence was minimal and it is unclear
how large its impact on these relationships could be.
Finally, it should be noted that the average value of
the best-fit shape parameter is highly dependent on the
averaging area. For the results shown in this paper,
shape parameters were calculated at every cloudy grid
point. If, however, the size distributions are averaged
over multiple grid points before fitting, extreme values
become less frequent, and the average itself decreases to
lower values (not shown). Miles et al. (2000) presented
similar findings pertaining to observational analyses.
This should be kept in mind when interpreting the results of this and other studies that examine the relative
dispersion of hydrometeor distributions.

4. Conclusions
In this study, simulations of nonprecipitating shallow
cumulus clouds over land have been conducted using the
Hebrew University spectral bin scheme (Khain et al. 2004)
within the RAMS dynamical framework. With these simulations, several relationships between the shape parameter/
relative dispersion of cloud droplets and environmental
and cloud properties have been explored.
Both observations and the bin simulations showed
that a wide range of values are possible for the cloud
droplet distribution shape parameter. The simulations
revealed that the average shape parameter is highest in
supersaturated updrafts and lowest in subsaturated regions of the cloud. Both condensation/evaporation and
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entrainment/mixing appear to play important roles in
determining the relative dispersion of the cloud droplet
size distributions simulated by the spectral bin model in
these nonprecipitating shallow cumulus clouds.
There has been some debate about what the dependence of the relative dispersion (and hence the
gamma distribution shape parameter) is on the cloud
droplet number concentration (e.g., Miles et al. 2000;
Liu and Daum 2002). The bin simulations do not indicate that there is any relationship between these two
quantities when averaged over all clouds. While the
initial studies on this topic promoted the idea that the
shape parameter (relative dispersion) of cloud droplet
size distributions decreases (increases) with cloud
droplet concentration (Martin et al. 1994; Costa et al.
2000; Liu and Daum 2002), there is increasing evidence
(Miles et al. 2000; Lu and Seinfeld 2006; Hsieh et al.
2009b; Geoffroy et al. 2010), including this study, which
suggests that this is not always the case. Specifically,
when looking at all cloudy points, this study found no
consistent increase or decrease in the mean shape parameter as the aerosol concentration, and hence mean
droplet concentration, was increased. However, when
we limited the analysis to cloudy points in supersaturated updrafts, we found that the mean shape parameter
decreased as the aerosol concentration increased, consistent with theoretical expectations.
Nonetheless, within individual clouds, there was a
positive correlation between local values of the shape
parameter and the cloud droplet number concentration,
particularly in supersaturated regions of the clouds. This
result highlights the fact that different relationships
between the shape parameter and droplet concentration
may exist depending on whether one looks at local or
cloud-averaged values. Furthermore, it suggests that
previous parameterizations for the cloud droplet shape
parameter that were developed based on cloudaveraged values may be inappropriate.
It is unclear how the results discussed here may change
for other warm phase cloud types or how the presence of
active collision–coalescence would change the results.
Additionally, these simulations have neglected aerosol
regeneration upon evaporation, and this process may be
important for shallow cumulus clouds. These additional
avenues of research should be addressed in future work.
Finally, note that while our analysis has been done in the
framework of gamma distribution shape parameters due to
the implications for bulk microphysics schemes, the shape
parameter is directly related to the relative dispersion of
any distribution. The relative dispersion is a general
property of any distribution. Thus, our analysis is relevant
to real clouds with droplet size distributions that may or
may not closely conform to gamma distributions.
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