Multiscale Eddy Simulation for Moist Atmospheric Convection:
Preliminary Investigation

Samuel N. Stechmann®*

“Department of Mathematics, and Department of Atmospheric and Oceanic Sciences, University of Wisconsin—-Madison, USA
P P 4

Abstract

A multiscale computational framework is designed for simulating atmospheric convection and clouds. In this multi-
scale framework, large eddy simulation (LES) is used to model the coarse scales of 100 m and larger, and a stochastic,
one-dimensional turbulence (ODT) model is used to represent the fine scales of 100 m and smaller. Coupled and
evolving together, these two components provide a multiscale eddy simulation (MES). Through its fine-scale turbu-
lence and moist thermodynamics, MES allows coarse grid cells to be partially cloudy and to encompass cloud—clear
air mixing on scales down to 1 m; in contrast, in typical LES such fine-scale processes are not represented or are
parameterized using bulk deterministic closures. To illustrate MES and investigate its multiscale dynamics, a shallow
cumulus cloud field is simulated. The fine-scale variability is seen to take a plausible form, with partially cloudy grid
cells prominent near cloud edges and cloud top. From earlier theoretical work, this mixing of cloudy and clear air
is believed to have an important impact on buoyancy. However, contrary to expectations based on earlier theoretical
studies, the mean statistics of the bulk cloud field are essentially the same in MES and LES; possible reasons for
this are discussed, including possible limitations in the present formulation of MES. One difference between LES
and MES is seen in the coarse-scale turbulent kinetic energy, which appears to grow slowly in time due to incoherent
stochastic fluctuations in the buoyancy. This and other considerations suggest the need for some type of spatial and/or
temporal filtering to attenuate undersampling of the stochastic fine-scale processes.
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1. Introduction

Models of atmospheric dynamics must focus on a limited range of scales and physics, due to limited computational
resources. For example, simulations of cloud systems of O(100) kilometers must use grid spacings of O(100) meters
[1, 2, 3]. With such grid spacings, a great deal of subgrid-scale processes must be represented in some way. Subgrid-
scale turbulence is typically represented via a large eddy simulation (LES) framework, and other key ingredients
are thermodynamics and cloud microphysics involving subgrid-scale water substance: vapor, liquid droplets, phase
changes, droplet collision/coalescence, etc. [4, 5, 6].

In models of subgrid-scale cloud processes, traditional approaches are computationally inexpensive but physically
unsatisfying—if not inadequate—in several ways. First, as one example, a grid cell must be either entirely saturated
or entirely unsaturated. It has long been realized that this is unrealistic for grid spacings of O(100) m [7, 8]. While
some interesting work has been proposed to mitigate this issue [9, 10], no method has yet been generally accepted.
Second, as another example, subgrid-scale turbulence typically interacts very weakly—if at all—with subgrid-scale
thermodynamics and cloud microphysics. A great deal of work has examined the effect of turbulence on droplet
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collisions [11, 12, 13] and the thermodynamic impact of turbulent mixing of cloudy and clear air [14, 15, 16, 17]; and
these effects are being incorporated into some interesting new subgrid-scale parameterizations [18, 19, 20]. In short,
as illustrated by these examples, the intermingling of different processes on different scales has received increasing
attention, and it is becoming apparent that new theoretical and computational tools are needed [21, 22].

The main purpose of this paper is to investigate a multiscale modeling approach to cloud dynamics. Instead of
the typical “grid scales” and “subgrid-scales”, the multiscale framework involves a “coarse-scale” grid, a “fine-scale”
grid, and two models: on the coarse scales of >100 m is an LES model, and on the fine scales of <100 m is a stochastic,
one-dimensional turbulence (ODT) model [23, 24, 25, 26, 27]. Coupled and evolving together, these two components
form a multiscale eddy simulation (MES).

A key goal of the multiscale approach is to include more realistic fine-scale behavior—in particular, to allow fine-
scale regions of cloudy and cloud-free air to mix turbulently. Previous work [28, 29, 30] has shown the importance
of the finite time scales of such mixing—as opposed to slow mixing or instantaneous mixing scenarios—and some
studies [31, 15, 16, 17] investigated such mixing with a predecessor of the ODT model. If the fine-scale mixing and
its thermodynamic impact are represented more realistically, it is expected that, in turn, the coarse-scale behavior will
be more realistic as well.

Multiscale modeling has been a successful approach in many related scientific areas. Problems such as turbulent
combustion involve multiscale phenomena with chemical reactions interacting with turbulent fluid dynamics [32],
which are similar to the issues of phase changes and droplets in cloud dynamics. In fact, LES and ODT have been
used in both combustion and atmospheric science [33, 26, 34] and models that combine LES and ODT dynamics have
been proposed previously for combustion [35] and for general turbulent flows [36, 37]. The multiscale framework of
the present paper is different from these previous approaches and is similar in spirit to the “superparameterization”
approach that has been used for much larger scales of atmospheric dynamics [38, 39, 40, 41, 42]. On the fine scales,
a 1D or 2D reduced-dimensional model is used, and it uses periodic boundary conditions within each coarse cell.
This configuration simplifies the multiscale coupling and is well-suited for massively parallel computations in an
“embarrassingly parallel” setup. It may also be a useful framework for other scientific areas with similar challenges,
such as turbulent combustion, ocean dynamics [43, 44], or bubbles in the ocean [45].

Besides multiscale computational models, multiscale asymptotic models have also been useful for elucidating
interactions between different scales. In atmospheric science, many such models have been investigated for elucidating
interactions between clouds, their environment, and the larger-scale circulation [46, 47]. In particular, those most
related to the present investigation are [48] and [49], which investigate boundary layer clouds—stratocumulus and
shallow cumulus clouds, respectively.

Among the various cloud regimes that could be modeled with the multiscale framework, the particular focus of
the present paper is shallow cumulus clouds. These clouds are “shallow” as opposed to “deep” in the sense that they
extend vertically only a few kilometers above the Earth’s surface [50]. Moreover, they are somewhat simple in the
sense that they do not involve ice and they often do not rain; nevertheless, they still involve the challenges of turbulent
mixing and vapor-liquid phase changes over a large range of scales, which makes them well-suited as a test case for
MES.

From a broader perspective, the multiscale framework is ultimately aimed at enhancing our understanding of
clouds and their role in the climate system [51, 52]. In this capacity, clouds play an important role in both the Earth’s
radiation budget and hydrological cycle. A remarkable range of scales is involved: microscale aerosols and liquid
droplets affect macroscale cloud properties such as size, lifetime, propensity to rain, and ability to scatter or absorb
electromagnetic radiation [53, 54, 55, 56, 22]. Further complicating matters, all of these microscale and macroscale
processes are intricately linked with turbulent mixing. While this complicated setting is the ultimate motivation, here
we use a simplified setup that neglects intricate radiation, aerosol, and precipitation effects and instead focuses on the
pervasive turbulent mixing that make these effects so perplexing. Furthermore, the turbulent mixing of ODT is used
here for its effect on buoyancy alone, and not for use as a stochastic model of fine-scale turbulent fluxes. Instead,
a Smagorinsky closure is retained for modeling the effect of “subgrid-scale” turbulent fluxes on the coarse-scale
flow field. In principle, ODT could be used for this purpose in place of the Smagorinsky model, but a preliminary
investigation presented formidable challenges in this direction, and we leave this as an interesting direction to pursue
further in the near future. In short, the ODT model will be used here to investigate only the impact of fine-scale mixing
on the buoyancy in non-precipitating clouds.

The paper is organized as follows. In section 2, the multiscale model is described, including both the LES and
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Figure 1: Eight coarse grid cells of MES, each with an embedded ODT line.

ODT components and their coupling to form the MES. In section 3, a one-way coupled version of MES is examined
in which the coarse LES model affects the fine ODT model but not vice versa; this configuration provides a simplified
view of the fine-scale dynamics, and it allows a comparison of coarse and fine scales on a cell-by-cell basis. Then,
in section 4, the full MES model is investigated where two-way coupling is allowed between coarse and fine scales;
and MES statistics are compared with LES. Finally, in section 5, conclusions are summarized and future directions
are discussed.

2. Model description

The multiscale framework involves “coarse scales” and “fine scales”, along with both a coarse-scale grid and a
fine-scale grid, as depicted in Figure 1. Associated with each of these grids is a different model dynamics: LES
dynamics on the coarse grid, and ODT dynamics on the fine grid. The LES grid is a regular 3D Cartesian grid, and
embedded within each coarse cell is a 1D line segment for ODT dynamics. For the scales of interest here, the coarse
cell width is chosen to be AX = 100 m; correspondingly, each ODT line is 100 m in length with a fine cell width
of Ax = 1 m. Note that, while ODT involves equations on a 1D line, it is designed to model the properties of 3D
turbulence [23, 24, 25, 26]. Below, the coarse LES model and fine ODT model are described individually in sections
2.1 and 2.2, respectively, and then the MES coupling is presented in section 2.3.



2.1. Coarse-scale LES model

The LES model here is the UCLA LES model [57], which evolves the Ogura—Phillips anelastic equations for the
velocity @ = (i, ¥, W), the liquid-water potential temperature 6;, and the total water mixing ratio g;:

i, il or 0 1 d(poTij)
— = —ilj— —,@)— + g—0;3 + — : fori=1,2,3 1
ar ~ Yax; % T 8a R T pe ax; ort )
6 6 10 i
96, _ _ﬁ/@ L (Pove,;) )
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along with the anelastic continuity equation
(poit;)
= 4
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The ambient density po(z) is fixed, and subgrid-scale fluxes 7;;, vg,j, and 7y, ; are closed using the Smagorinsky—Lilly
model. The Einstein summation convention is used in (1)—(4) with the alternative notations @ = (i1y, iip, it3) and
X = (Xj, X3, X3) for brevity. The overbar denotes that the LES variables are defined on the coarse grid, and capital
letters T and X = (X, Y, Z) denote the coarse time and spatial coordinates.

The buoyancy in (1) is defined in terms of §/, where 8, is the virtual potential temperature defined as

0,=0

1+(%_1)QV_QI:|7 E//=max(07 qr_qu(T’ﬁ)) )
d

where 8, §,, g;, and T are recovered diagnostically from the two thermodynamic state variables, 6; and g;. The double
prime on & denotes the deviation from the horizontal average over the computational domain: f” = f — f f fdxady.
In (5), also notice that the liquid water g; is given diagnostically as the excess water content above the saturation value,
qvs(T, p). In this study, a simple case of moist convection is considered where precipitation is neglected and where
only the bulk liquid water content g; is modeled, not any details of the particular radii of the droplets.

The LES description in this subsection is for its use in isolation as an LES model, not as coupled with a fine-scale
model; modifications to the LES model are needed for coupling it with a fine-scale model and are described later in
subsection 2.3.

Notice that (5) defines thermodynamic relationships between coarse-scale variables such as g, and g;, which are
defined using a coarse grid spacing of AX = 100 m. Such relationships ignore any fluctuations on smaller scales
and treat each coarse cell as either entirely saturated or entirely unsaturated. In contrast, as described next, using a
fine-scale model will allow thermodynamic relationships to be defined using the fine grid spacing of AX = 1 m.

2.2. Fine-scale ODT model

ODT dynamics involves two components: (i) “eddy events”, whose times, locations, and sizes are stochastic,
and (ii) diffusion during the time periods between eddy events [23, 24, 25, 26]. These two ingredients reproduce the
statistics of 3D turbulence, since the eddy events act to increase gradients and transfer energy to smaller scales, at
which point the diffusion is most effective.

The diffusion is implemented along the ODT line as

90, 9%, dq,  d%q, ow o o PV ow' 0w

—_— =V—F, = . —-— =V, - =V——F, —— =V——F 6
o oz o oz or oz or oz o oz ©)

For simplicity here, the eddy diffusion coefficient v is taken to be constant, and the same value is used for the viscosity
and diffusion for all variables (see the end of this subsection for a discussion of other options). As shown in (6),
primes will be used to denote ODT fluctuations, which have mean zero:

f s'(2)dz =0, (7
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Figure 2: Triplet map illustration for the case of discrete grid points.

where s could be any of ), ¢;, u, v, w here. Also notice that lowercase z is used as the fine-scale coordinate, as opposed
to the coarse-scale coordinates X, Y, Z; and the orientation of the ODT line is in the vertical z direction, for the purposes
of this initial description, as shown in Figure 1. However, other orientations of the ODT line are also investigated and
are described at the end of this subsection.

The stochastic eddy events are now described in two parts: first, the “eddy” itself is defined; and second, the
stochastic selection of eddies is described in terms of the distribution of their times, locations, and sizes.

An ODT “eddy” is defined by rearranging the values of the model variables:

6,(2) = 6,(M(z)) (3
q,(2) = q;(M(2)) )
U (z) = u' (M) + ¢, K(2) (10)
V(z) = V(M) + ¢, K(2) (11
w(z) = W (M) + c,K(2) (12)

The rearrangment map M(z) must have several properties to be suitable for incompressible turbulent flows; for in-
stance, it must be measure-preserving in order to guarantee an analogue of incompressiblity. The choice that has been
adopted for ODT is the triplet map, which is defined as

3(z = z20) if 20 <z<zo+ il (copyl)
2l-3(z—z0) if W+ 1l <z<zo+ 2l (copy 2, reversed)
M(z) =z + : ; 13
@ =2 3(z—z0)—20 if +35l <z<z+[ (copy3) (13)
Z2-20 otherwise

This map takes an interval [z9, zo + /] and replaces it by three shrunken versions of itself. The continuous mapping
M(z) is implemented on a discrete grid as shown in Figure 2.

In addition to rearrangement by the triplet map M(z), the velocity components in (8)—(12) are altered by K(z)
terms. These additive terms represent energy redistributions. While they redistribute energy, they do not alter the total
momentum due to the form of

K@) =z-M() (14)

which has an integral of zero. Also notice that K(z) is only nonzero within the eddy interval [z, zo + ], which is
consistent with its use as an eddy-induced effect. As an example, if an eddy causes a change to the potential energy
via 6(z) — 6/(M(2)) or q;(z) — q;(M(z)), then the ¢; K(z) terms provide compensating changes to the kinetic energy,
in order to conserve total energy. To meet this constraint of total energy conservation, the coefficients ¢, ¢,, ¢, for the
energy redistribution are defined as

27 1 8 Ok
cszzl{—sKi\/g(ui+v§(+w§(+ﬁgo gl)} (15)
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where

Zo+1

Sk = llzfs/(M(Z)) K@ de= 55 sl - 2(z-z0)] dz (16)
20

See [26] for a derivation. Notice that adding a constant to s(z) does not affect the value of sx nor c;; this fact will

resurface below when considering eddy selection. With this definition of ¢,, ¢,, and c,,, the “eddy” in (8)—(12) is

described completely.

To summarize, “eddies” are rearrangments by a measure-preserving map M(z). They increase gradients and trans-
fer energy to smaller scales, and at the same time they conserve momentum, water, entropy, and energy. Nevertheless,
while total energy is conserved, energy is redistributed between kinetic and potential contributions, and energy is
redistributed among velocity components; these redistributions are encoded in the K(z) terms in (8)—(12).

With ODT “eddies” defined above, the next key ingredient is the stochastic selection of the eddies. This involves
selection of the time, the location zp, and the length / of an eddy. The distribution of these eddy properties is defined
as A(zo, I; 1) dzo dl dt, where the density A has units of m™2 s~! and is defined as

1 17
77 Gog (17)

Az, ;1) = 193 \/u%( +VE+wh + 8 Ok
where C is a dimensionless free parameter. The quantities ug, vk, Wk, 6, x are defined in (16) and are measures of the
velocity fluctuations and the potential energy change, respectively. Hence the expression inside the square root is a
scaled form of the net available energy, and (17) is consistent with mixing-length phenomenology of turbulence [26].

A key aspect of the eddy-rate distribution in (17) is that it depends on the instantaneous state of the system:
u'(z,0),v'(z, 1), W (z,1), 9; (z,1),q:(z, t). Consequently, new eddy events depend on previous eddy events—as would be
the case for deterministic turbulence—and the stochastic eddy process inherently involves spatiotemporal correlations.

For the thermodynamic portion of (17), the ODT anomalies #; and g; must be augmented by base state values 6,
and g, to define a true thermodynamic state with 6; = 6; + 6; and ¢, = g, + g;. From these two state variables, all other
thermodynamic quantities can be obtained [5, 50]. The virtual potential temperature 6,(z, ) can then be computed as

6,=06

R,
]+(R_d_1)qv_ch]’ qlzmax(O, Qt_qu(T’P)) (]8)

In the multiscale framework that is the topic of this paper, the natural choice for 8, and g; will be the coarse LES
values, as described in section 2.3.

In principle, orienting the ODT line in the vertical z direction is convenient yet somewhat arbitrary. To explore a
range of alternatives, orientations along the x and y axes will also be considered, in which case the ODT formulation
follows [24]. For the diffusion, (6) is simply replaced by du’ /0t = vd*u’ [0x>, etc. or by du’ /0t = vo*u’ /0y?, etc. For
the eddies, the eddy-rate distribution A(zg, [; ) from (17) is replaced by

C Zpen?
Axo, ;1) = l?\/u§<+v§<+w%<— ”l—z (19)

or similarly for A(yo, /; f). Notice that (19) does not include a potential energy contribution for an x- or y-axis orienta-
tion of an ODT line; instead, it includes a “viscous penalty” term Z,, v2 /12, where the free parameter Z,,, determines a
critical Reynolds number for eddy turnover. Corresponding to this different eddy-rate distribution (19), the coefficients
for energy redistribution take the values

27 1
— 2 4.2 2
s = 4—1[—s1<i g(uK+vK+wK)} (20)
This definition does not involve redistribution of potential energy, as is appropriate for x- or y-axis orientations.
Only three free parameters entered into the ODT description above: v, C, and Z,,, from (6), (17), and (19),
respectively. The parameter v is an eddy diffusivity or viscosity rather than a molecular diffusivity or viscosity, since
the fine grid spacing Ax = 1 m is too large to resolve molecular-transport properties. Here, for simplicity, v is taken to
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Figure 3: Options for including different ODT lines within each coarse cell. The ODT lines within a cell do not interact directly; they interact
indirectly via the coarse dynamics.

be the constant v = 0.02 m? s~!. In a sense, then, the ODT model provides a bridge between the LES-resolved scales
and smaller scales that are farther down inside the turbulent cascade; and the eddy viscosity v is used to model those
scales below the ODT grid scale used here. Besides this simple choice of treating v as a constant eddy viscosity, many
other choices for modeling v are possible: it could be a true molecular viscosity if the ODT grid spacing were small
enough (roughly 1 mm for the present application), at considerable computational expense; it could be modeled by
inheriting the LES scheme for unresolved turbulent transport (Smagorinsky for the present application) and applying
this scheme on the ODT fine grid scale; or it could be modeled by an ensemble-mean limit of ODT dynamics, as is
done in [36]; see [26] for more discussion of these options. The parameter C is a scaling factor for the eddy event
rate and hence for the turbulence intensity. In broad agreement with previous ODT studies, the value C = 10 is used
here. Finally, the parameter Z,,, is a “viscous penalty” that controls the critical Reynolds number for eddy turnover,
and here its value is taken to be Z,., = 100. These parameter choices and other configuration choices are influenced
by—and benefited from—the many previous studies of the ODT model [23, 24, 25, 26].

To summarize, ODT involves stochastic “eddies” that are physically based on the mixing-length phenomenology
of turbulence and are spatiotemporally correlated with previous eddy events. Consequently, the model includes inter-
mittent fluctuations that are not just inherently statistical but are actually a physically based representation of turbulent
intermittency. These attributes suggest the use of ODT as the fine-scale model in a multiscale framework.

2.3. MES model: coupling the coarse and fine scale models

The MES model is obtained by coupling the LES and ODT models. This coupling is nontrivial and is described
in detail below. First the influence of the LES model on ODT is described, and then the influence of ODT on the LES
model is described.

In brief, the coarse LES variables provide a slowly varying background environment for the fine-scale ODT
dynamics, and averages of the ODT variables feed back on the LES dynamics. This coupling is carried out on a
coarse-grid-cell by coarse-grid-cell basis, as illustrated schematically in Figure 1. The ODT line in one coarse cell
does not directly interact with the ODT lines in other coarse cells. Instead, each ODT line is endowed with periodic
boundary conditions within a single coarse cell, and different ODT lines interact indirectly through the coarse LES
interactions. Such a multiscale framework is in the spirit of the “superparameterization” technique that has been used
on much larger scales of atmospheric modeling [38, 39, 40, 41, 42]. In a similar spirit, ODT lines do not directly
interact even for the configurations in Figure 3 with multiple ODT lines within each coarse cell. Consequently, the
MES model is well-suited for massively parallel computations in an “embarrassingly parallel” setup.

2.3.1. LES influence on ODT
Coarse LES variables affect the fine ODT variables in three ways: (i) in the definition of thermodynamic state
variables on the fine grid, (ii) in the eddy-rate distribution, and (iii) in the eddy implementation.



First, as mentioned near (18), the ODT anomalies 6, and ¢; must be augmented by base state values 6, and g, in
order to define a true thermodynamic state with

9[ = él + 9; and q:r = Qt + q;. (21)

The natural choice for MES is to use the coarse LES values for 6; and g, and to compute thermodynamic relationships
as in (18):

6,=06

R,
]+(R_d_])qv—ql] qlzmax(O, CII_QVS(T7P))» (22)

where 6, g, etc. are thermodynamic variables computed at each fine grid cell.
Second, LES coarse gradients provide a background state in which the ODT eddies evolve. In particular, the ODT
eddy-rate distribution (17) now uses a modified version of the measure (16) of eddy fluctuations:

Z0+1

SKEﬁ B

o
s(2) + za—;] [l - 2(z— 20)] dz (23)

which now includes the linear-in-z contribution due to the coarse background derivative, d5/0Z. [In the definition
(23), notice that adding a constant to s(z) does not affect the value of sx; consequently, it is irrelevant whether the total
s(z) or ODT contribution s’(z) is used to compute sx.] The coarse gradient contribution in (23) can be expected to play
an important role wherever there are, for instance, large shears 9i1/0Z, strains 0w/dZ, or thermodynamic derivatives
06,/07.

Third, the LES coarse gradients affect the shape of ODT eddy anomalies. In particular, a coarse gradient can create
a couplet of a new positive positive anomaly adjacent to a new negative anomaly. An illustration of this is shown in
Figure 4, where the ODT anomaly is initially zero, but a couplet anomaly is created after an eddy event in the presence
of a coarse gradient. For cloud dynamics, it is this important mechanism that can create a partially cloudy cell from
a cell that is initially uniform in its thermodynamic state. In equation form, this mechanism can be described in the
following way. For eddies in MES, the triplet map is applied not only to the ODT fluctuation s’(z) but also to a linear
component z(95/0Z) which inherits its slope from the coarse derivative; i.e., (8)—(12) are replaced by

6(2) + Zg_z - 6(M(2)) + M(Z)Z_Z (24
q,(2) + z% - q(M(2)) + M(Z)% (25)
W)+ 25— (M) + ME T2 + /K () 6)
V(D) + Zg—; — V(M) + M(z)g—; + ¢, K(2) (27)
w(2) + ZZ—Z - W (M(2)) + M(Z)Z—Z + K (2) (28)

where dependence on X, Y, Z, T has been suppressed in notation above. Also note that the definition (15) of ¢, ¢,
and c,, must now use the modified form (23) of sx, which accounts for the coarse derivative, instead of the original in
(16). Since (24)—(28) include both the ODT fluctuation s’(z) and also the coarse gradient term z(05/0Z), they do not
explicitly show the couplet anomaly. To isolate the couplet anomaly more clearly, the coarse derivatives z(05/0Z) can
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Figure 4: Triplet map illustration in the presence of a coarse gradient. Shows both continuous and discrete versions. Left: a fine-scale state
x(05/0X) in the presence of coarse derivative with zero fine-scale anomaly. Middle: rearrangement M (x)(d5/0X) of left panel using the triplet map.
Right: the anomaly created by the triplet map in the presence of the coarse derivative. The anomaly is computed by subtracting the left panel from
the middle panel: (95/0X)M(x) — (05/0X)x = —(35/0X)K(x)

be subtracted from both sides of (24)—(28), to give
06,

6(z) = 6;(M(2)) - 77 K@ (29)
4;(2) = q;(M(2)) - %K(Z) (30)
' (z) = u'(M(2) - %K(Z) +cuK(2) (€2
V() = V(M(2) - %K(Z) +¢,K(2) (32)
w(2) = w (M) - Z—ZK(Z) + 0w K(2) (33)

In this form, one can see the important difference from the stand-alone ODT version (8)—(12): a couplet anomaly
(05/0Z)K(z) is created due to the coarse derivative 05/0Z. The function K(z) was defined in (14) and is illustrated
in the right panel of Figure 4. This is an additional anomaly that can be created even if the ODT variable s'(z) was
initially zero before implementing the triplet map, as in the case in Figure 4. To some extent, this represents the
process of engulfing a portion of cloudy air during an entrainment event. Through this key mechanism, fine-scale
fluctuations are enhanced in regions of large coarse-scale derivatives, such as cloud edges and the rising cloud top.

Note that the mechanism in (29)—(33) and Figure 4 is present in ODT but absent from the ODT model’s prede-
cessor, the linear eddy model (LEM) [31]. With LEM, given two fluids with different properties, it is necessary to
first place (or “splice”) them next to each other, after which LEM can proceed to mix the two fluids. This type of
“splicing” was an imporant aspect of an early use of LEM as a subgrid-scale model for LES [58] and a model for
entrainment and mixing in clouds [15, 16]. With ODT instead of LEM, such “splicing” appears to be unnecessary
because the mechanism in Figure 4 appears to create neighboring regions with different fluid properties as a natural
part of the ODT algorithm. Furthermore, the eddy event in Figure 4 has a flux associated with it (see section IIL.E. of
[59] for an explicit definition), and the flux is related to the coarse derivative d5/0Z). This flux represents a turbulent
transport that is induced by the coarse-scale flow, and, as such, it could be used as a model for fine-scale turbulent
fluxes in place of a traditional model such as the Smagorinsky scheme. However, in a preliminary investigation of
using ODT fluxes in place of the Smagorinsky scheme, we came across formidable challenges, and so we leave this
as an interesting direction to pursue further in the near future. It would also be interesting to consider the use of a
“splicing” method or a related method in the future. At the present time, however, we retain the Smagorinsky scheme,
and we explore the fine-scale transport mechanism of Figure 4 that is naturally built into ODT.

In short, coarse gradients can create fine-scale anomalies, and, particularly near cloud edges and cloud top, they
can create fine-scale regions of cloudy air surrounded by cloud-free air. As earlier theoretical work has shown, the
subsequent mixing of the cloudy and clear air can have an important impact on the buoyancy [14, 15, 16]. These
effects will be explored below in the context of MES.



2.3.2. ODT influence on LES

The fine-scale ODT model will affect the coarse-scale LES model in only one aspect here: the buoyancy. As
shown in (1), the buoyancy is defined in terms of the virtual potential temperature 6,, which in a multiscale framework
should be an average over the fine scales:

6, =06

R, _
1+ (R_d - 1)qv - 611], gr=max (0, g —qu(T,p)), (34)

Notice that (34) is different from the traditional LES definition of , as in (5); whereas (5) defines 6, in terms of
other coarse-scale variables, (34) is an average over the fine-scale 6, defined in (21)—(22), in the spirit of multiscale
modeling. For instance, the coarse liquid water ¢g; in (34) could potentially be nonzero even if the coarse cell in bulk is
unsaturated—i.e., even if g; < qVS(T, P). In other words, MES does not require that coarse cells are either completely
unsaturated or completely saturated; instead, coarse cells can be partially cloudy.

Note that the LES model does not use the ODT model for information about fine-scale turbulent transport; rather,
the Smagorinsky scheme is retained for this purpose. Nevertheless, in principle, one could use the stochastic turbulent
transport from ODT in lieu of an LES turbulent transport model such as Smagorinsky, and this should be explored in
the future.

Also note that ODT would influence LES in more ways if additional physics were included. For instance, if
precipitation processes were included, then additional variables and source terms would be needed for modeling
droplet collision and coalescence, etc., and a multiscale coupling of these source terms would be needed. Precipitation
processes will be investigated in the near future, whereas the present paper focuses on the simpler non-precipitating
case.

2.4. Computational setup

The MES framework is ideal for massively parallel computations due to its “embarrassingly parallel” or “pleas-
antly parallel” setup. As shown in Figure 1, this is achieved by using periodic boundary conditions for each of the
fine-scale line segments, which do not communicate directly with each other. This setup is different from previous
hybrid models involving ODT and LES [35, 36, 37], and it is similar in spirit to the “superparameterization” approach
that has been used for much larger scales of atmospheric dynamics [38, 39, 40, 41, 42]. For such a setup, one can
expect excellent scalability—essentially linear—as the number of processors in increased.

Several options are explored here for ODT line configurations, as illustrated in Figure 3. The lines will be oriented
along one of the three coordinate axes, and three possibilities are investigated: (i) a vertical z-line only, (ii) horizontal
x- and y-lines only, and (iii) all three x-, y-, and z-lines. These choices are motivated by the anisotropic effect of
gravity in atmospheric modeling. In configurations with multiple ODT lines within the same coarse cell, the lines do
not interact directly; instead, they interact indirectly through the coarse-scale model. As illustrated in Figure 1, the
same is true for fine-scale lines in different coarse cells, due to the periodic boundary conditions on fine scales within
each coarse cell.

The time advancement algorithm for MES is as follows. Starting from coarse and fine states at coarse time 7

1. Advance the fine-scale model from T to T + AT, using many fine-scale steps of small duration A¢, with the
coarse variables held fixed. Compute the buoyancy at each coarse cell as an average over the fine scales using
(34).

2. Advance the coarse-scale model from 7 to T + AT, using the buoyancy averaged over the fine scales, with the
fine variables held fixed.

3. Repeat.

This design is similar to previous studies [60, 61, 62], and, while it could potentially benefit from cost-saving tech-
niques [63], little attempt has been made to further optimize efficiency for this study. In this first investigation, the
focus is on simple algorithms.

The scientific setting for the simulations is shallow convection under the conditions of the field campaign called
Rain In (Shallow) Cumulus over the Ocean (RICO) [64, 3]. While the field campaign was aimed at precipitating
clouds, the simulations here are performed with the non-precipitating model described above. This choice is for the
purpose of studying MES in a simple setting that still allows multiscale variability and interactions.
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The computational grid on coarse scales is chosen as in the recent LES intercomparison study under RICO con-
ditions [3]. The vertical grid spacing is AZ = 40 m, and the horizontal grid spacing is AX = AY = 100 m. Using
100 x 128 x 128 coarse grid points, the domain is 4 km in height and 12.8 km in length and width. Since shallow
cumulus clouds typically have length scales of O(1) km, this grid provides a somewhat low resolution of a field of
many clouds. Fine-scale variability in MES is modeled on line segments of length 100 m using a fine grid spacing
of Ax = 1 m. The duration of all cases is 24 hours of simulated time, using a coarse-scale time step AT that is de-
termined by a Courant—Friedrichs—Lewy condition. High-performance computing support was provided by NCAR’s
Computational and Information Systems Laboratory [65]. In addition to the MES results, LES results are also shown
with the same coarse grid spacing, for comparison. All simulations in this paper are run on 128 processors, and the
grid is parallelized into 16 x 8-column blocks that keep each vertical column intact.

The memory and computational cost of MES is intermediate between two corresponding LES cases. On the one
hand, compared to coarse-resolution LES with grid spacing 100 m, MES requires greater memory by a factor of
0(100)-0(1000) due to the additional fine-scale variables. Furthermore, the computation time is greater by a factor
of 0(10)-0(100) due to the fine-scale ODT dynamics. On the other hand, compared to fine-resolution LES with grid
spacing 1 m—which requires O(10°) times the memory and O(10%) times the computational expense of the 100-m
LES case—MES requires far less memory and far less computational expense.

3. One-way coupling

As an initial investigation of multiscale dynamics, a version of MES with one-way coupling is presented in this
section. With one-way coupling, the fine-scale ODT model responds to changes in the coarse-scale LES variables,
but the fine scales do not influence the coarse-scale dynamics. In other words, the coupling in section 2.3.1 is retained
whereas the coupling in section 2.3.2 is neglected. This one-way case serves to illustrate the behavior of the LES
model in stand-alone form, which is a useful baseline for comparison with the subsequent MES cases. In addition,
this setup provides initial insight into the dynamics of the ODT model in response to coarse-scale convective evolution.
Specifically, the question is, Does the coupling mechanism from section 2.3.1 and Figure 4 create plausible fine-scale
variability?

After an initial spin-up phase, the cloud field reaches a state that is essentially in statistical equilibrium, as illus-
trated by the time series statistics in Figure 5. The cloud fraction is roughly 0.09, and the cloud-base and cloud-top
heights are roughly 600 m and 2400 m, respectively. The vertical profile of the final state is shown in Figure 6. For
each height Z, these quantities are averaged horizontally over the entire domain and over the last four hours of the
simulation. The mean winds are sheared through the cloud layer; hence the clouds will hence be tilted vertically, as
shown below.

With this broad view established, an individual cloud is isolated next in order to illustrate the multiscale dynamics.
The cloud field is shown in Figure 7 at two vertical levels: a lower level (Z = 800 m) and a higher level (Z = 1600
m). Many clouds are visible at the lower level, whereas only a few extend vertically to Z = 1600 m. The dashed black
lines along ¥ = —1300 m and X = 5400 m pass through a vigorous cloud. While the lower portion of this cloud is
located near several smaller clouds (see left panel), the upper portion of the cloud is relatively isolated. The vertical
structure of the cloud is shown in Figure 8 in the ¥ = —1300-m plane (top) and the X = 5400-m plane (bottom).
In each of these panels, the vertical dashed line shows the intersection with the plane in the other panel. The cloud
top is near Z = 2000 m, and its width is approximately 1000 m from X = 5000 to 6000 m. The liquid water had a
maximum of roughly 1.8 g/kg near the upper central portion of the cloud. Further aspects of this particular cloud will
be examined in detail in subsequent plots.

While Figures 5-8 have shown the LES evolution on coarse scales, this one-way-coupled case also includes
associated fine-scale dynamics, as shown in Figure 9. Does the fine-scale variability have a plausible form? The
lower-left panel of Figure 9 shows a zoomed-in view of the cloud in the Y = —1300-m plane, as in Figure §. By
zooming in, the liquid water in each coarse cell can be distinguished. Furthermore, 18 coarse grid cells are enclosed
by a black rectangle, and the fine-scale variability within these cells are shown in the other three panels. Each coase
cell has three ODT lines embedded within it: one oriented in the x direction (top left), one in the y direction (top
right), and one in the z direction (bottom right). First consider the fluctuations in the ODT lines oriented in the x
direction. In the top left panel, the character of the fluctuations changes from low variability in the cloud core to high
variability near cloud edge. Moreover, near cloud edge, the fluctuations lead to coarse cells that are partially cloudy:
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fine-scale regions of cloudy air are adjacent to clear air and are mixing together turbulently. The consequences of the
cloud-clear air mixing are described further below.

In addition to differences between cloud core and cloud edge variability, Figure 9 shows different variability in
ODT lines oriented in different directions. One difference is the lack of fine-scale variability on the y-oriented lines
in the upper right panel of Figure 9. This is likely due to viewing a slice through the cloud in the plane ¥ = —1300
m, along which the coarse Y-derivatives are probably small. In contrast, the z-oriented lines display large fluctuations
in this region where coarse Z-derivatives are large. At cloud top, one cell even has fine-scale liquid water despite
being unsaturated with respect to the coarse-scale thermodynamic variables. In other words, this shows that partially
cloudy air can advance into the cloud-free environment as the cloud develops. This demonstrates that the multiscale
setup can produce partially cloudy cells in both scenarios: when the cell is saturated or unsaturated (with respect to
the coarse-scale thermodynamic variables). In other words, this can happen on the cloudy side or the clear side of a
coarse cloud edge, which consequently has a blurry definition in a multiscale model.

As a second example of the fine-scale variability, Figure 10 focuses on the lateral cloud edge away from the cloud
top. While it may look like the black rectangle encloses a focus region that is near cloud base, this is not the case; as
shown previously in Figure 8, the cloud is sheared in the Y direction, and the region in Figure 10 is on the lateral edge
of the tilted cloud. This region includes many additional examples of coarse cells that are partially cloudy, including
some cases that are unsaturated on the coarse scale (such as the X = 5650 m column) and some cases that are saturated
on the coarse scale. Also, the y-oriented lines have significant variability in this region, since they are oriented along
coarse Y-derivatives at the lateral edge of this tilted cloud.

In short, Figures 9-10 suggest that the fine-scale variability of MES is plausible. The variability is comparable to
that seen in aircraft traverses through cumulus clouds (e.g., see Figure 3 of [66]). Also, the variability near cloud edges
is comparable to that seen in a stand-alone model of turbulent mixing that prescribes (or “splices”) initial conditions
with neighboring regions of cloudy and clear air (see Figure 4 of [16]). Here, the neighboring regions of cloudy and
clear air are not prescribed initially; instead, they arise through the coarse—fine coupling mechanisms, which were
described in section 2.3.1 and Figure 4, and which are a natural part of the ODT algorithm.

To summarize the fine-scale variability with some basic statistics, Figure 11 shows the cloud fraction and liquid
water within each coarse cell. These quantities were computed by averaging over the fine scales within each coarse
cell, for each of the three embedded ODT lines. The black curve denotes the boundary of the cloud as defined by LES
saturation in the coarse variables. Within the black curve are many cells that are not 100% cloudy, even though the
LES variables are saturated; and outside the black curve are many cells that are partially cloudy, even though the LES
variables are unsaturated. While the 100%-cloudy cells are concentrated near the cloud core, the partially cloudy cells
are concentrated near cloud edges. For instance, at cloud top, one can see two partially cloudy cells that are above the
LES-defined cloud boundary (in the z-oriented ODT lines in the right column of Figure 11). This partially cloudy air
is advancing into the cloud-free environment as the cloud develops, and it is made possible by the multiscale coupling
mechanism described in section 2.3.1.

As a final use of the one-way-coupled case, coarse LES quantities are compared directly with averages of fine-
scale ODT quantities, to indicate how coarse-scale MES behavior might differ from LES behavior if two-way coupling
were used for MES. For nonlinear quantities such as liquid water and buoyancy, the coarse LES definition in (5) is not
necessarily the same as the average (34) over the fine-scale ODT values. The differences are shown in Figure 12 for
each of the three embedded ODT lines. As in Figure 11, the black curve denotes the boundary of the cloud as defined
by LES saturation in the coarse variables. Outside of this boundary, the liquid water difference cannot be negative,
and it is positive for any coarse cell that is partially cloudy. Inside the cloud boundary, the ODT liquid water displays
an interesting dichotomy: it is greater near the cloud top and less near the bottom of this region. The magnitude of
these differences is as large as 0.1 g/kg, and the largest differences occur near cloud-top. For the virtual potential
temperature 6,, a similar pattern is seen, and the magnitude of the differences is roughly 0.1 K. The pattern in liquid
water is suggestive of the effects of turbulent cloud—environment mixing: a dilution of liquid water near the top of
the thermal as it advances into the cloud-free environment, and a delayed evaporation in the wake of the thermal.
Furthermore, since the 6, difference should be proportional to the buoyancy difference, the pattern in 6, indicates how
the buoyancy in two-way-coupled MES would differ from LES. In the next section, in two-way-coupled MES, it will
be explored whether these differences are large enough to have a significant impact on the overall bulk cloud field
properties.
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Figure 5: Time series statistics: cloud fraction (upper left), liquid water path (upper right), cloud-base height (lower left), cloud-top height (lower
right).
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Figure 7: Liquid water at time 7" = 24 h in the Z = 800-m (left) and Z = 1600-m (right) planes. Dashed black lines are shown at X = 5400 m and
Y = —1300 m, which are the locations of the slices displayed in Figure 8.
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Figure 8: Liquid water at time 7 = 24 h in the X = 5400-m (top) and Y = —1300-m (bottom) planes. The dashed black line in the top plot is drawn
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the plane shown in the top plot.
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Figure 9: Liquid water on coarse scales and fine scales, at time 7 = 24 h in the ¥ = —1300-m plane. Bottom left: LES liquid water defined by the
coarse-scale saturation condition and coarse-scale thermodynamic variables. The black rectangle encloses a focus region of 18 coarse grid cells
near cloud top. The fine-scale liquid water in these 18 cells is shown for each of the embedded ODT lines: x-oriented lines (top right), y-oriented
lines (top left), and z-oriented lines (bottom right).
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Figure 10: Liquid water on coarse scales and fine scales, at time 7 = 24 h in the ¥ = —1300-m plane. Bottom left: LES liquid water defined by the
coarse-scale saturation condition and coarse-scale thermodynamic variables. The black rectangle encloses a focus region of 18 coarse grid cells on
the lateral edge of this tilted cloud. The fine-scale liquid water in these 18 cells is shown for each of the embedded ODT lines: x-oriented lines (top
right), y-oriented lines (top left), and z-oriented lines (bottom right).
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Figure 11: Cloud fraction (top) and liquid water (bottom), averaged over the fine scales within each coarse cell, for each of the three embedded
ODT lines: x-oriented ODT line (left), y-oriented ODT line (middle), and z-oriented ODT line (right). The black curve denotes the boundary of the
cloud as defined by LES saturation in the coarse variables.
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Figure 12: Differences between fine-scale-averaged quantities and coarse-scale quantities. Top: Difference in liquid water g; defined as an average
over fine-scales in (34) and as a function of coarse-scale quantities in (5). Bottom: Difference in virtual potential temperature 6, defined as an
average over fine-scales in (34) and as a function of coarse-scale quantities in (5). Differences are computed using each of the three embedded
ODT lines individually: x-oriented ODT line (left), y-oriented ODT line (middle), and z-oriented ODT line (right). The black curve denotes the
boundary of the cloud as defined by LES saturation in the coarse variables.
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4. Two-way coupling

In the previous section, a version of MES was investigated with one-way coupling—i.e., where the coarse LES
scales influenced the fine ODT scales but not vice versa. The one-way MES was useful for comparing coarse and fine
scales on a cell-by-cell basis, and it was seen that plausible fine-scale variability is produced. Here, in the present
section, the full MES model is implemented with two-way coupling. Since the MES model uses a buoyancy (34)
defined as an average over the fine scales, its dynamics will differ from LES. The question is then, What is the impact
of the the fine-scale variability on the MES bulk cloud field properties?

Several time-series statistics were compared between LES and MES. For MES, some statistics could be defined
using either the coarse-scale fluctuations or the fine-scale fluctuations or both. In what follows, unless otherwise
stated, the statistics will be defined using the coarse-scale variables of MES for a first comparison of LES coarse-scale
statistics versus MES coarse-scale statistics. The statistics included the ones shown in Figure 5—cloud fraction, liquid
water path, cloud-base height, and cloud-top height, all of which were essentially the same for LES and MES (not
shown). To probe LES and MES differences beyond three-dimensionally averaged quantities, several horizontally
averaged statistics were also compared. The statistics included the ones shown in Figure 6—46,, g, g, u, v, and cloud
fraction, all of which were essentially the same for LES and MES (not shown). This suggests that the mean coarse-
scale statistics of the cloud field as a whole are similar in LES and MES. Given that plausible fine-scale variability
was generated near cloud edges and cloud top, and given earlier theoretical work on the impacts of cloudy—clear-air
mixing on buoyancy [14, 15, 16, 18], it was somewhat surprising to find such close similarities between MES and
LES.

While the mean statistics were similar, the turbulent kinetic energy (TKE) differs between LES and MES. Figure
13 shows the time evolution of the TKE, spatially averaged in the horizontal, and integrated in the vertical direction,
leaving it with units of kg/s>. While LES and MES TKE are similar for an initial spin-up period, the LES TKE settles
down into an approximate statistical equilibrium, whereas the MES TKE continues to grow slowly. Over the final
12 hours of the simulations, the average TKEs are 493 and 593 kg/s” for LES and MES (coarse scales), respectively.
This represents a larger TKE in MES by roughly 20%. Furthermore, an extended simulation (not shown) shows
that the MES TKE continues to grow slowly for at least an additional 8 hours (out to a time of 7 = 32 hours).
While it is possible that this growth indicates some type of instability, further evidence suggests a simpler explanation
due to ODT stochastic fluctuations. In particular, the bottom panel of Figure 13 shows that the fine-scale TKE has
equilibrated, which indicates that the fine-scale fluctuations are not growing in time. Since the slow growth is seen in
coarse-scale TKE but no other coarse-scale or fine-scale variable, it is likely that this growth is not due to any coherent
flow structure but rather due to an accumulation of the random fluctuations introduced through the buoyancy. As was
shown earlier in the bottom row of Figure 12, the fine-scale-averaged buoyancy has some rough variability from one
coarse cell to another, due to the fine-scale stochastic dynamics; in the case of Figure 12, this rough variability is
most pronounced in the z-oriented lines near cloud top (bottom right panel) and in the x-oriented lines near the lateral
right cloud edge (bottom left panel). As further evidence of stochastic fluctuations in the buoyancy, Figure 14 shows
that vertical velocity w, rather than horizontal velocity u or v, is the source of the growing TKE. In Figure 14, the
horizontal spatial variance is shown, as computed at each individual vertical level, averaged over the last four hours of
the simulation (from time 20 to 24 hours). While all variables have slightly larger variance in MES than LES, w clearly
shows the largest difference of any of the variables. Furthermore, in an extension of the simulation for an additional 8
hours (not shown), the variance in w continues to grow, while the variance in # and v changes little. Hence it is likely
that w variability is growing slowly due to stochastic variability in the buoyancy, which is defined using an average
over the fine-scale stochastic variables within each coarse cell. This indicates a delicate issue in adding stochastic
aspects to a fluid dynamics simulation, and this will require careful treatment when additional physical processes are
added to the model in the future, such as precipitation or radiation.

While results in this section were simply labeled as “MES,” they actually apply for all three of the MES configu-
rations shown in Figure 3: one ODT line oriented in the z direction, two ODT lines oriented in the x and y directions,
or three ODT lines oriented in the x, y, and z directions. The statistics described in this section are all essentially the
same for each of these configurations (not shown). Nevertheless, it is possible that some detailed differences exist
between the three configurations but have not yet been uncovered. This possibility is supported by the differences
seen in the one-way-coupled case in Figures 9—-12, which suggest some facets to investigate in the future.

Given the plausible fine-scale variability seen in the previous section, and given previous theoretical work [14,
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15, 16, 18] on the impact of mixing on buoyancy, it is surprising that the fine-scale variability has little impact on the
MES bulk cloud field properties. There are many possible explanations for this. As one possibility, there may be a
limitation in the MES framework that is responsible. Along these lines, the Smagorinsky scheme was retained here
as a closure for subgrid-scale turbulent fluxes, instead of using ODT’s natural stochastic fluxes for this purpose. Also,
periodic boundary conditions were used for the fine-scale model within each coarse cell, a simplification that requires
justification. In other settings, this simplification has been justified a posteriori as it has led to improved models of
the global atmosphere [38, 39, 40, 41, 42], improvements in ocean modeling [43], and surprising ability at simulating
a squall line efficiently [67, 63]; and some test models have been developed for evaluating superparameterization
algorithms [68]. Also, details of the fine-scale variability were presented here in Figures 9—12, and they suggest that
the fine-scale variability is plausible, even with this use of periodic boundary conditions for the fine-scale model.
Nevertheless, a detailed validation study is needed to compare MES to a moist version of high-resolution LES or
to a direct numerical simulation, and results in this direction will be presented elsewhere in the future. As another
possiblity, in comparing MES and earlier theoretical studies [14, 15, 16, 18], several differences are evident and might
hamper a direct comparison. For instance, in the ODT-like studies of Krueger [15] and Krueger et al. [16], mixing
is considered within a single parcel, an idealization that might not be directly comparable with the present paper; in
MES, the 3D coarse flow evolution interacts with the ODT model and influences the sequence of eddy events. In the
study of Grabowski [18], a plausible model is proposed for mixing and filamentation, yet a more detailed validation
of some of the model assumptions and model parameters is still needed. Moreover, the model of Grabowski [18] is
meant to represent mixing and subsequent microscale homogenization, which is perhaps not fully represented here
with an ODT grid spacing of 1 m. In any case, while evidence was presented here to suggest that the MES fine-scale
variability is plausible, a quantitative validation study is needed and will be presented elsewhere in the future.
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Figure 13: Time evolution of turbulent kinetic energy, integrated over the entire three-dimensional domain, for cases of LES (upper left) and MES,
with MES coarse-scale TKE (upper right) shown separately from MES fine-scale TKE (bottom). The horizontal gray lines indicate the average

values over the last 12 hours of the simulations: 493 kg/s? for LES (upper left), 593 kg/s> for MES coarse scales (upper right), and 48 kg/s? for
MES fine scales (bottom). Notice the different axis range in the bottom panel.
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5. Concluding discussion

A multiscale framework was designed and investigated for modeling convection and cloud dynamics. Motivated
by limitations of traditional LES, a key goal is to include more realistic behavior on fine scales, such as turbulent mix-
ing between cloudy and clear air. Called “multiscale eddy simulation” (MES), the framework uses LES to represent
the coarse scales of >100 m and a stochastic, one-dimensional turbulence model to represent the fine scales of < 100
m. The coupling between coarse and fine scales is designed to be “embarrassingly parallel” or “pleasantly parallel”—
and hence ideal for massively parallel computations. In this first investigation, to provide evidence of the plausibility
of the fine-scale dynamics, the coarse—fine coupling mechanism is described in detail, and the fine-scale variability is
illustrated; but a quantitative validation study is left as an important next step for future work. Furthermore, the focus
of this first investigation is on the buoyancy and on the fine-scale mixing process (of cloudy and clear air) that can
affect the buoyancy. To isolate this effect alone, the ODT model does not supply the coarse-scale LES model with
its stochastic turbulent fluxes, and the Smagorinsky closure is retained for this purpose as a model for the fine-scale
turbulent fluxes.

The multiscale dynamics was illustrated in simulations of a shallow cumulus cloud field. In a simulation with one-
way coupling, where the fine scales did not influence the coarse scales, the fine-scale variability was shown in detail
and was seen to take a plausible form. Partially cloudy grid cells were seen to be prominent, particularly near cloud
edges and cloud top. From earlier theoretical work [14, 15, 16, 18], this mixing of cloudy and clear air is believed
to have an important impact on buoyancy; and, in a cell-by-cell comparison, MES and LES buoyancy were seen
to differ. In simulations with full two-way coupling, however, contrary to expectations based on earlier theoretical
studies, the mean statistics of the bulk cloud field are essentially the same in MES and LES. Possible reasons for this
were discussed in section 4. For instance, it is possible that some aspects of the earlier theoretical work are not carried
over to the cases considered here. It is also possible that there are limitations in the present formulation of MES, such
as the absence of any explicit “splicing” [58, 15, 16], although the discussion in section 2.3.1 suggested that a similar
effect is included naturally in the ODT algorithm. In any case, it is likely that MES and LES properties will diverge
further as more nonlinear physical processes—such as precipitation—are included, and results in this direction will
be presented elsewhere in the future.

One aspect that requires attention in the future is the appropriate filtering of stochastic sources in the fluid flow
model. For the MES cases shown here, the coarse-scale TKE showed a slow growth in time. This is in contrast to
the fine-scale TKE and all mean statistics of the bulk cloud field, which all reach a statistical equilibrium. The most
likely cause of the slow growth is stochastic fluctuations in the buoyancy, which perhaps require some spatial and/or
temporal filtering to attenuate stochastic roughness. A similar issue was readily apparent in our initial explorations (not
shown) into using ODT turbulent fluxes in place of the Smagorinsky closure (which could be formulated following
section IILE. of [59]). The ODT turbulent fluxes showed a very high degree of stochastic variability, some of which
is a representation of actual variability in the fine-scale turbulent fluxes, and some of which is due to statistical
undersampling. For the future, a way of imporoving the sampling will be needed, perhaps either through some type
of filter or through the addition of more ODT lines.

Further studies are needed to better validate MES. While the ODT model has been validated in stand-alone form,
a new validation should be carried out for each new application. For the simulations presented here, ODT was used
only to provide the buoyancy for the coarse-scale model, and it was suggested that MES represents the important
cloud processes that determine buoyancy (in particular, a representation of entrainment events and subsequent mixing
of cloudy and clear air). In the future, as we explore the use of the ODT model in an expanded role in place of a
traditional LES closure for turbulent fluxes, more detailed validation studies will be crucial to quantify the realism
of the modeled turbulent transport. For the case of interest here, it would be appropriate to compare MES to a moist
version of high-resolution LES or to a direct numerical simulation, and results in this direction will be presented
elsewhere in the future.

Returning to the overarching scientific motivation, MES provides a promising approach for understanding aerosol—-
cloud—precipitation—climate relationships. At the heart of these issues are complex interactions, across a vast range
of scales, of turbulent fluid dynamics and liquid droplets [11, 12, 21, 69, 70]. By representing dynamics for a wider
range of these scales, it is hoped that MES will help bridge gaps in our understanding of these multiscale processes.
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