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Abstract13

In this study a spectral model for convective transport is coupled to a thermal popula-14

tion on a horizontal microgrid, with the goal of exploring new ways of representing im-15

pacts of spatial organization in cumulus cloud fields. The thermals are considered the16

smallest building block of convection, with thermal life cycle and movement represented17

through binomial functions. Thermals interact through two simple rules, reflecting pul-18

sating growth and environmental deformation. Long-lived thermal clusters thus form on19

the microgrid, exhibiting scale growth and spacing that represent simple forms of spa-20

tial organization and memory. Size distributions of cluster number are diagnosed from21

the microgrid through an online clustering algorithm, and provided as input to a spec-22

tral multi-plume eddy-diffusivity mass flux (EDMF) scheme. This yields a decentralized23

transport system, with the thermal clusters acting as independent but interacting nodes24

that carry information about spatial structure. The main objectives of this study are i)25

to seek proof of concept of this approach, and ii) to gain insight into impacts of spatial26

organization on convective transport. Single-column model experiments demonstrate sat-27

isfactory skill in reproducing two observed cases of continental shallow convection at the28

ARM SGP site. Metrics expressing self-organization and spatial organization match well29

with large-eddy simulation results. We find that in this coupled system, spatial organ-30

ization impacts convective transport primarily through the scale break in the size dis-31

tribution of cluster number. The rooting of saturated plumes in the subcloud mixed layer32

plays a key role in this process.33

Plain Language Summary34

Recent studies have emphasized the importance of the spatial structure of convec-35

tive cloud fields in Earth’s climate, yet this phenomenon is not yet represented well in36

Earth System Models (ESM). This study explores a new way to achieve this goal, by con-37

sidering spatial organization at the scale of small bubbles of rising air called thermals38

that together make up convective clouds. Populations of interacting thermals are mod-39

eled in a computationally efficient way on a small two-dimensional grid. This microgrid40

is then coupled to a convection scheme, which stands for the set of equations used to sta-41

tistically represent the impact of convective transport at scales that remain unresolved42

in ESMs. The coupling makes the scheme decentralized, in that the transport becomes43

dependent on a population of longer-lived convective structures that slowly develop and44

evolve on the microgrid. The new scheme is tested for observed conditions at a mete-45

orological site in the Southern Great Plains area of the United States, making use of a46

combination of high-resolution simulations and measurements to evaluate performance.47

Apart from proof-of-concept for the new modeling approach, the results provide new in-48

sights into how the spatial structure of convective cloud populations can affect its ver-49

tical transport.50

1 Introduction51

Recent studies have emphasized the important role played by the mesoscale organ-52

ization of convective cloud populations in Earth’s climate system (Wing et al., 2020).53

Marine cloud fields persistently cover large areas on the globe and often feature distinct54

forms of spatial organization (Stevens et al., 2020). As a result, the modulation in cloud55

mass by mesoscale organization can significantly affect the global energy and water bud-56

gets, and thus plays a role in cloud-climate feedback mechanisms (Vogel et al., 2016).57

Diurnal cycles of convection over land also feature organization in the mesoscale, involv-58

ing distinct upscale growth (Neggers et al., 2019) and transitions between various con-59

vective modes (Y. Zhang & Klein, 2010; Gentine et al., 2013). This has motivated in-60

tense research into convective organization, including various major field campaigns in61

recent years (Bony et al., 2017; Fast et al., 2019; Varble et al., 2021).62
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These reasons incentivize an accurate representation of impacts of mesoscale cloud63

organization in Earth System Models (ESM) for weather prediction and climate simu-64

lation. However, achieving this has proven extremely difficult, contributing to the per-65

sistent problems with convective parameterization in general (Grabowski et al., 2006;66

M. Zhang et al., 2013; Sherwood et al., 2014). Convection schemes are typically formu-67

lated in only one dimension, the vertical (e.g. Arakawa, 2004). Accordingly, such schemes68

have access to information from a vertical column of gridboxes. Typical vertical discretiza-69

tions of ESMs are within the range 101−102 m, which is fine enough to resolve the ver-70

tical structure of convective layers. In contrast, the horizontal plane is discretized much71

more coarsely, at 104−105 m. As a result, many forms of spatial mesoscale organiza-72

tion remain completely or at least partially unresolved. The mesoscale problem in essence73

thus comes down to a lack of horizontal resolution (e.g. Honnert et al., 2020).74

In recent years new ways have been explored to somehow add horizontal resolu-75

tion to subgrid-scale parameterizations. One idea is to give convection schemes access76

to information from neighboring columns, for example by introducing cellular automata77

(Bengtsson et al., 2021). While this allows improved representation of mesoscale struc-78

tures close to the filter scale and beyond, any forms of organization smaller than that79

are still not captured. Another idea that avoids this problem is to add a microgrid within80

each grid-cell, a concept referred to as superparametization (Randall et al., 2003). These81

microgrids can be three-dimensional (Jansson et al., 2019), but most commonly only two-82

dimensional microgrids are used, to keep things efficient. The 2D grid can be oriented83

in two ways; vertically or horizontally. Each orientation has its benefits; while the ver-84

tical (cross-sectional) grid resolves convective cells in a vertical plane, horizontal (lat-85

tice) grids can resolve phenomena such as spatial clustering in convective populations.86

This study exclusively focuses on the horizontal microgrid approach. Various re-87

search models of this type have recently been proposed, differing considerably in con-88

figuration and formulation (e.g. Khouider et al., 2010; Dorrestijn et al., 2013; Hottovy89

& Stechmann, 2015; Ahmed & Neelin, 2019). A key question that remains is how such90

models can best be configured to represent spatial clustering in cumulus cloud popula-91

tions. This comes down to deciding on how to define the smallest building block of con-92

vection, of which the larger, long-lived coherent structures are made. A follow-up ques-93

tion is how to then connect the horizontal microgrid to vertical convective transport.94

In this study two possible ways are explored to address these questions. The first95

is to adopt the relatively short-lived thermal as the smallest building block of convec-96

tion, a choice inspired by both classic studies on bubble theory (Scorer & Ludlam, 1953)97

and recent studies of thermals (Varble et al., 2014; Hernandez-Deckers & Sherwood, 2016;98

Morrison & Peters, 2018; Romps et al., 2021). An example of a thermal chain that makes99

up a surface-rooted shallow cumulus plume is shown in Fig. 1. An object-based approach100

is adopted to model the evolution of such thermal clusters on a horizontal microgrid. To101

this purpose the BiOMi population model (Binomials On Microgrids, Neggers & Griewank,102

2021) is used, which represents the life-cycle and movement of convective thermals as103

Bernoulli processes. Thermal interaction takes place under rules that reflect observed104

physics in cumulus clouds. As a result, longer-lived coherent thermal clusters form that105

feature a gradual scale-growth. Various recent studies have demonstrated that mesoscale106

self-organization is well captured by object-based population models of this kind (Böing,107

2016; Haerter et al., 2019).108

The second novelty is to couple the microgrid to a spectral transport model. To109

this purpose the Eddy-Diffusivity multiple Mass Flux scheme is used (ED(MF)n, Neg-110

gers, 2015), which independently resolves individual segments of the discretized spectrum111

of transporting objects. Spectral schemes typically contain a closure for the number of112

objects as a function of size. This distribution is here sampled from the microgrid. This113

yields a bottom-up, decentralized closure technique, with the thermal clusters on the mi-114

crogrid acting as independent but interacting nodes. Each node carries information about115
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Figure 1. Vertical cross-section through a surface-rooted convective plume as sampled from

a LASSO LES of shallow cumulus observed on 11 June 2016 at the ARM SGP site. The simu-

lation and cluster sampling are fully described by Griewank et al. (2021), as briefly summarized

in Sections 3 and 4. Shown are a) object vertical velocity w and b) cloud liquid water ql. The

cluster outline is indicated by the solid black line. The two dotted lines indicate mixed-layer

top (z/h = 1) and surface layer top (z/h = 0.1). The local maxima in w can be interpreted as

thermal cores, forming a chain that makes up the plume.

the spatial organization around it, and has memory of how this organization formed. This116

can act on time scales much longer than the life cycle of individual thermals. Through117

the coupling, the evolving spatial organization on the microgrid can affect transport, by118

altering the number distribution of transporting objects in the simulated domain.119

The new framework, here named BiOMi-ED(MF)n, is tested for two prototype di-120

urnal cycles of continental shallow convection at the ARM SGP site. The cases are se-121

lected from the LASSO library of shallow cumulus days (Gustafson et al., 2020). Both122

days feature simple forms of spatial organization (Neggers et al., 2019), but also show123

distinct differences in cloud height and depth. The framework is implemented in an LES124

code as a subgrid scheme and applied as a Single-Column Model (SCM). The model is125

evaluated against LASSO datasets, including both observational data and LES results.126

Apart from seeking proof of concept, our main goal is to use this system to better un-127

derstand how spatial organization can affect shallow convective transport in continen-128

tal boundary layers, and how this modulates the diurnal cycle.129

The formulation of the coupled BiOMi-ED(MF)n system is described in Section130

2. The calibration of the framework is discussed in Section 3, while the simulated cu-131

mulus cases and the design of the SCM experiments are described in Section 4. Results132

are presented in Section 5 and are further interpreted in Section 6. A summary of the133

main conclusions and a brief outlook on future research are provided in Section 7.134

2 Model components135

All model components have been proposed and described in previous studies, and136

for a detailed description we refer to the associated papers. Their characteristics essen-137

tial for this study are briefly summarized below. Only new elements related to their cou-138

pling will be formulated and briefly discussed.139
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Figure 2. Schematic illustration of the coupling of BiOMi (right) and ED(MF)n (top left)

through an online clustering algorithm (bottom left). The colored arrows indicate the infor-

mation flow between components, as explained in the text. nt represents the total number of

thermals in a BiOMi microgrid cell (colored).

2.1 BiOMi140

Binomials On Microgrids (BiOMi) is a discretely formulated object-based popu-141

lation model defined on a horizontal microgrid (Neggers & Griewank, 2021). While it142

has various potential applications, in this study it is used to model populations of rel-143

atively short-lived convective thermals. These thermals are born and live on the grid,144

and complete a life-cycle while potentially moving around. These processes are modeled145

as Bernoulli trials, which implies a binomial nature in the population statistics. In ad-146

dition, it makes the model computationally efficient, as the behavior of large numbers147

of thermals can be predicted using a single binomial sample.148

The position of thermals on the grid is determined by both birth location and in-149

teraction with other thermals. The interaction with other thermals happens under spec-150

ified rules of transition, which in this application are defined to reflect physics and dy-151

namics of shallow cumulus cloud population in nature. Neggers and Griewank (2021),152

hereafter referred to as NG21, found that only two specific rules of interaction already153

lead to clustering on the grid that mimicks the spatial behavior of shallow cumulus cloud154

populations. These rules include:155

• Pulsating growth: The birth probability of thermals increases from a background156

value depending on the number of thermals already present;157

• Environmental deformation: The resulting spatially heterogeneous probability field158

on the microgrid is scaled such that the large-scale averaged birth rate is conserved.159

In effect, this rule suppresses the birth rate in thermal-free areas.160

Figure 1 shows an example of thermal clustering as observed in an LES of shallow cu-161

mulus, featuring a chain of convective thermals that together make up a surface-rooted162

plume. At 2 km height it reaches its lifting condensation level and becomes a cumulus163

cloud. The two rules above are designed to capture this kind of clustering behavior and164

its effect on the environment.165
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Because only elemental processes such object births, movement and rules of inter-166

action are parameterized, the framework allows an organic, bottom-up development of167

larger-scale clusters on the grid. The emergence and time development of these long-lived168

clusters is a form of memory that is carried by the grid. In this application this can be169

interpreted as convective memory, while the spatial distribution of clusters represents170

organization. An example of thermal clustering in BiOMi is shown in Fig. 2. It is in-171

teresting to interpret this behavior in the context of self-organizing criticality (Bak et172

al., 1987). BiOMi includes the key ingredients to produce this behavior, such as a slow173

external driver (thermal birth), threshold-based activity and avalanches (through the rules174

of interaction between thermals), and a slow loss mechanism (the limited thermal life175

time). Indeed NG21 showed that BiOMi exhibits scale-invariant behavior in its cluster176

size distribution, expressed as powerlaw scaling.177

In this study the simplest possible model is adopted for the birth rate of new ther-178

mals per unit area and unit time, Ḃ (adopting NG21 notation), by assuming it constant179

with time. This is both sufficient and practical for testing the feasibility of the new frame-180

work. Sufficient, because it already allows spatial clustering on the microgrid to impact181

transport. Practical, because it keeps complexity to a minimum, thus making the be-182

havior of the whole system easier to understand. The development of a more realistic183

thermal birth model requires more research, and is for now considered beyond the scope184

of this study.185

2.2 ED(MF)n186

The Eddy-Diffusivity multiple Mass Flux scheme or ED(MF)n is a discretized spec-187

tral plume model formulated in size-space. As described in detail by Neggers (2015), here-188

after referred to as N15, at its foundation is the size distribution of coherent convective189

structures in the boundary layer that are driven by the surface buoyancy flux (e.g. Bri-190

ent et al., 2019; Griewank et al., 2021). These size distributions are discretized, and the191

vertical profiles associated with each size-bin are estimated independently by means of192

a rising plume model. A schematic illustration of this concept is shown in Fig. 2. Indi-193

vidual plumes can condense and form convective clouds, and produce precipitation through194

simplified microphysics.195

An important consequence of adopting this discretized spectral approach is that196

bulk (mass) flux closures are avoided. Bulk transport, meaning all transport in the grid-197

box, can now simply be diagnosed from the reconstructed PDF of independent plume198

properties. This amounts to a decentralized closure approach, with the individual size-199

bins acting as independent nodes, instead of reliance on a single, central top-down bulk200

closure relation (Tiedtke, 1989, e.g.). As explored by N15, this already introduces inter-201

nal feedback mechanisms between plumes of different sizes that play a key role in equi-202

librating a moist convective layer, and in establishing its typical vertical thermodynamic203

and cloudy structure.204

While a decentralized approach avoids bulk formulations, the closure problem moves205

to a different variable, the size distribution of plume number. N15 used a prescribed pow-206

erlaw distribution, for simplicity. In this study we take the next step, by diagnosing the207

EDMF plume number distribution from the thermal distribution on the BiOMi micro-208

grid. This concept is illustrated as the orange arrow in Fig. 2. The thermal clusters are209

here assumed to represent coherent convective plumes. Coupling ED(MF)n to BiOMi210

makes the MF transport directly dependent on the spatial organization and memory car-211

ried by the clusters that live on the microgrid. Another consequence is that the total area212

covered by MF is no longer necessarily constant, a key assumption in the classic EDMF213

approach (Siebesma et al., 2007). Note that both 1-way and 2-way coupling modes are214

possible in this framework, in principle allowing EDMF to in turn impact the microgrid215

(purple arrow). In this study, only the 1-way configuration will be explored.216
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2.3 Coupling217

Coupling ED(MF)n to BiOMi necessitates two additional steps. The first is to adopt218

an online clustering algorithm, to calculate the size distribution of coherent thermal clus-219

ters on the microgrid at each EDMF timestep. First a mask I is calculated at each mi-220

crogrid location, defined as221

I =


1 for nt ≥ nc

0 otherwise,
(1)

with nt the number of thermals present in each cell and nc a threshold value (to be cal-222

ibrated next). Then clusters are defined as areas of adjacent cells with I = 1, with side-223

ways contacts included and diagonal contacts excluded. The resulting clusters are then224

sorted on size into a histogram, its discretization exactly matching the one adopted in225

ED(MF)n for consistency. Determining threshold nc is part of the framework calibra-226

tion, described in detail in Section 3.227

The second step is to refine the plume vertical structure adopted in ED(MF)n. N15228

formulated the fractional area covered by all plumes in size-bin i as229

ai =
Ni Λi l

2
i

A
(2)

where li is the size of plume i, A is the horizontal area covered by the grid cell, Ni is the230

number of plumes in the bin, and Λi is a vertical structure function. For simplicity N15231

adopted cylindrical plume shapes, implying a constant Λi, with the horizontal area of232

each plume being l2i at all heights. We here refine the vertical structure within the tur-233

bulent mixed layer as follows,234

Λi(z) = 1 + Ci min
(

1,
z

h

)
, (3)

where h is mixed-layer depth. Factor Ci expresses the relative change of plume area frac-235

tion across the mixed layer, and can be size dependent. Note that above h the plume236

area fraction ai is still constant. Relation (3) reflects findings of various recent LES stud-237

ies. (Griewank et al., 2021) found that the area decreases with height for smaller plumes238

but increases for larger ones, in particular saturated plumes. The latter behavior is also239

well-known from deep convection (Mulholland et al., 2021). The increase in plume area240

represents deep rooting and is a form of dynamic entrainment (Houghton & Cramer, 1951;241

de Rooy et al., 2013). One of the main outcomes of this study is that deep subcloud root-242

ing for large plumes is essential for making spectral transport schemes work when cou-243

pled to realistic plume number densities. This is further described in results Section 5.244

The calibration of Ci against LES data is described in Section 3.245

3 Calibration246

The framework is calibrated at two points. The first concerns the two parameters247

{Ḃ, nc}, representing the BiOMi thermal birth rate and the clustering threshold used248

in the coupling to ED(MF)n, respectively. To this purpose the total area fraction cov-249

ered by thermals is used as a constraint, as illustrated in Fig. 3. For a given combina-250

tion of {Ḃ, nc}, the total cluster area fraction Ac quickly equilibrates. This expresses a251

stable balance between the slow driver and loss processes. The phase space diagram shown252

in Fig. 3b indicates that a well-defined 1-to-1 relation exists between a set of values for253

these parameters and Ac. This implies that we can calibrate the coupling in such a way254

that a specific, low area fraction is obtained that is consistent with previous EDMF stud-255

ies, here used as reference. In practice we choose Ac = 15 % and nc = 2, which cor-256

responds to a birth rate Ḃ = 2e−7 m−2 s−1. Note that this fraction covers all clusters,257

including both saturated and unsaturated ones.258
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Figure 3. Results from offline experiments with BiOMi on a 100 × 100 grid. a) Time series of

total cluster area fraction Ac for nc = 2 and for three experiments with a different Ḃ value. b)

Phase-space diagram of time averaged Ac (contoured) as a function of thermal birth rate Ḃ and

clustering threshold nc. The thermal life time τ is always 300 s. The red marker in b) indicates

the values selected in this study.

The second point of calibration concerns the plume vertical structure Λi. The ver-259

tical structure of the ED(MF)n plumes are calibrated to match the structure of the con-260

vective objects Griewank et al. (2021) detected within LES simulations. Calibration is261

done with data from 11 June 2016 at the ARM SGP site, the characteristics of which262

are described in more detail in Section 4.263

Griewank et al. (2021) detect convective objects in 3D snapshots as volumes of spa-264

tially connected gridboxes with the aid of a surface-emitted scalar that decays over time265

(Couvreux et al., 2009). They found that objects which have a base below 100 m height266

and a vertical extent exceeding 100 m contribute a majority of the vertical transport.267

These objects are conceptually consistent with the surface-rooted convective plumes as268

defined in ED(MF)n. The example plume shown in Fig. 1 is one of the objects detected269

by Griewank et al. (2021), with the object outline indicated.270

Figure 4 shows the change in ai across the subcloud mixed layer as a function of271

object size, as sampled from the LES of 11 June 2016 at a 30-min frequency resulting272

in a total of thirty thousand objects. A robust and well defined dependence on object273

size is apparent, with the area of large objects significantly increasing towards mixed layer274

top. In contrast, small objects actually lose mass, pointing at significant detrainment within275

the mixed layer. The Pearson correlation coefficient associated with this data is 0.86. Ap-276

plying a linear fit yields the following calibration for Ci,277

Ci = −1 + 0.00142 l (4)

We find that adopting a mixed-layer-deep rooting structure for large plumes proves nec-278

essary to make EDMF work when coupled to an evolving, more realistic cluster popu-279

lation as sampled from the BiOMi microgrid. This insight will be discussed in detail in280

Sections 5 and 6.281
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Figure 4. Ratio of cluster area at mixed layer top versus that at surface layer top, as a func-

tion of cluster size l, as sampled in a LASSO LES of shallow cumulus observed on 11 June 2016

at the ARM SGP site. The data points represent averages over 2 hours at a bin-width of 333 m,

with the color indicating mixed layer depth h. The Pearson correlation coefficient is 0.86. The

black dashed line indicates the least-squares linear fit.

4 Experimental design282

4.1 Implementation283

To perform Single Column Model (SCM) experiments with the coupled BiOMi-ED(MF)n284

system it is implemented as a subgrid scheme into the Dutch Atmospheric Large-Eddy285

Simulation code (DALES, Heus et al., 2010). The long-term goal of this effort is to be286

able to use the LES code also as a simple larger-scale circulation model, so beyond its287

common high-resolution range. This study is only the first step in this process, using the288

DALES code in a limited 1×1 grid setting. The LES grid is hereafter referred to as the289

macrogrid, to clearly distinguish it from the BiOMi microgrid. In practice, the buoyancy,290

pressure gradient, horizontal advection, and horizontal diffusion terms are all switched291

off in the corresponding prognostic governing equations as resolved and time-integrated292

in the LES code.293

To implement the coupled BiOMi-ED(MF)n scheme the method described by Brast294

et al. (2018) is adopted. Within the convective layer, the ED component replaces the ver-295

tical diffusion of the LES subgrid scheme, maintaining LES values above. All EDMF vari-296

ables are calculated based on the mean state vertical profiles and the surface (flux) bound-297

ary condition, provided as input. EDMF has its own solver, providing tendencies of prog-298

nostic variables (θl, qt, u, v) back to the LES. The BiOMi scheme is time-integrated in-299

dependently at its own timestep, while the EDMF module follows the Runge-Kutta time300

stepping routine as applied by default in the LES. The latter is modified to allow GCM-301

like time increments; more precisely, the Peclet time step limiter no longer sees the ver-302

tical diffusion, as this process is now carried out by the EDMF subgrid scheme.303
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a) b)

Figure 5. MODIS Aqua corrected reflectance (true color) images of shallow cumulus cloud

populations in the ARM SGP area on a) 11 June 2016 and b) 30 August 2016. NASA EarthData

obtained through the Global Imagery Browse Services (GIBS).

4.2 LASSO cases304

Two shallow convective days at the ARM SGP site (Stokes & Schwartz, 1994; Mather305

& Voyles, 2013) are selected for the SCM experiments. Figure 5 show MODIS Aqua true306

color satellite images of the clouds on 11 June and 30 August 2016. On both days, the307

shallow cloud population shows simple forms of spatial organization, which can be con-308

sidered typical for this continental low cloud regime (Neggers et al., 2019). On 11 June309

the field is relatively homogeneous, with a hint of street formation, while on 30 August310

a distinct mesoscale pattern is visible. The latter was recently investigated in more de-311

tail by Chen et al. (2020). Both days are part of the library of cases as simulated at cloud-312

resolving resolution within the ongoing LASSO project (Gustafson et al., 2020). The 30313

August case was also part of the Hi-SCALE field campaign (Fast et al., 2019). These days314

are selected because of their similarities but also their differences. Both days share a well-315

defined diurnal cycle in boundary layer structure, featuring a gradually rising cloud base316

height and a distinct second phase in the cloud layer deepening in the later afternoon.317

On 30 August the cloud layer was deeper throughout the day, and featured more pre-318

cipitation. We selected these days to find out if BiOMi-ED(MF)n can reproduce both319

the shared basic diurnal cycle as well as the observed differences.320

To perform the SCM simulations for these two days the large-scale forcings and bound-321

ary conditions at the C1 observatory as part of the LASSO V2 Alpha Release are used322

(Gustafson et al., 2017b). This data bundle is described in detail by (Gustafson et al.,323

2017a). The simulations are initialized at 06:00 local time (LT) and cover the full day-324

time convective period. Time-dependent large-scale forcings and boundary-conditions325

are applied. The forcings are horizontally homogeneous, consisting of i) prescribed ten-326

dencies due to horizontal advection and ii) vertical advection consisting of the product327

of a prescribed profile of large-scale subsidence and the vertical gradients of the horizon-328

tally averaged simulated state variables. At the surface a flux boundary-condition is ap-329

plied, consisting of prescribed time-series of sensible and latent heat fluxes. While this330

excludes land-atmosphere feedbacks, the time-dependent solar forcing of the boundary331
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Table 1. Overview of the model and grid configuration as applied in the ED(MF)n experi-

ments conducted in this study, as described in Section 4.4.

BiOMi

lt Thermal size 100 m
τ Thermal life time 300 s

Ḃ Thermal birth rate 2e−7 m−2 s−1

kx × ky Microgrid size 1000× 1000
∆x×∆y Microgrid cell size 100× 100 m2

∆t Integration time step 60 s

ED(MF)n

{a, b, µ} Constants in plume kinetic energy budget {0.75, 1, 0}
ε Plume lateral entrainment rate 1/lp

Coupling

nc Clustering threshold (thermal number) 2

DALES

Kx ×Ky ×Kz Macrogrid size 1× 1× 256
Lx × Ly Macrogrid cell size 100× 100 km2

Lz Macrogrid cell depth 25 m
∆t Integration time step 300 s

layer is captured this way. This configuration has successfully been applied in the past332

to simulate diurnal cycles of shallow cumulus over land (Brown et al., 2002).333

4.3 Evaluation datasets334

The main goal of the evaluation is to provide proof of concept of the newly pro-335

posed coupled microgrid-transport framework. We will judge the proposed framework336

on its ability to reproduce the mean structure of the evolving shallow cumulus topped337

boundary layer, with a basic agreement being sufficient to pass the test. For evaluation338

we rely on routine ARM observational datasets combined with selected output from LASSO339

LES experiments.340

The ARM interpolated sonde dataset provides information about the vertical ther-341

modynamic structure at the C1 observatory of the SGP site (Jensen et al., n.d.). This342

dataset is routinely generated and represents a combination of multiple sounding instru-343

ments, provided at a time resolution of 1 minute. Of this dataset the profiles of poten-344

tial temperature and water vapor specific humidity are used. The second ARM dataset345

is the time-gridded convective cloud base height product as part of the LASSO Alpha346

2 Data Bundles (Gustafson et al., 2017a, 2017b). The time discretization of this dataset347

is one hour, which is fine enough to sample the diurnal evolution of the lower boundary348

of the cumulus cloud layer.349

Output from LES experiments supplements the observational datasets for the two350

selected days, consisting of reruns with the MicroHH code (van Heerwaarden et al., 2017)351

as recently described by Neggers et al. (2019) and Griewank et al. (2021). The reference352

LASSO V2 setup is adopted, which has been thoroughly evaluated against observations353

(Gustafson et al., 2020). The horizontal domain size is 25.6 × 25.6 km2, spatially dis-354

cretized at 25 × 25 m2. Apart from mean state variables, results from the clustering anal-355
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Table 2. Overview of the conducted ED(MF)n experiments.

Label Number density model Plume vertical structure

PP a Prescribed Powerlaw with k = −2.74 Constant: Λ = 1

B a BiOMi with Ḃ = 2e−7 m−2 s−1 Constant: Λ = 1

B (control) BiOMi with Ḃ = 2e−7 m−2 s−1 Dependent on (z, l) following (3)-(4)

ysis performed by Griewank et al. (2021) are used to calibrate the scheme (as described356

earlier in Section 3) but also to evaluate the convective population statistics of BiOMi-357

ED(MF)n.358

4.4 Model setup359

The control settings of the BiOMi-ED(MF)n framework as implemented in DALES360

are summarized in Table 1.361

The DALES macrogrid has a size of 1×1×256 with cell dimensions of 100 km×362

100 km×25 m. This cell size is here assumed large enough to exclude boundary-layer363

grey zone effects, with the shallow convective cloud population more or less fully sam-364

pled (Neggers et al., 2019). Following the LASSO setup, the diurnal cycle of solar forc-365

ing is imposed through a prescribed surface sensible and latent heat flux. Interactive ra-366

diation is used, which only sees the evolving macrogrid state. This means that any EDMF367

subgrid cloudiness does not yet affect radiative transfer. For the highly transient con-368

tinental diurnal cycles of shallow convection considered here, the tendencies associated369

with convective transport are typically much larger than any radiative tendencies. This370

motivated early LES studies to operate without interactive radiation (Brown et al., 2002).371

In these experiments the mean state always stays subsaturated, and “resolved” clouds372

do not form on the macrogrid.373

BiOMi thermals have a size lt = 100 m and a lifetime of τt = 300 s. The micro-374

grid size is 1000 × 1000 with a cell size of 100 × 100 m2. The integration timestep is375

constant at 60, yielding τt/∆t = 5 discrete age strata in the thermal demographics. Con-376

stants {B,nc} result from the scheme calibration as described in Section 3. For ED(MF)n377

the N15 setup is in principle adopted, with a few exceptions. For the plume kinematic378

energy budget the settings as recommended by de Roode et al. (2012) are used, with con-379

stants a = 1, b = 1.5 and µ = 0. Plumes of all sizes are initialized identicaly via cou-380

pling to the surface heat fluxes through surface similarity. The lateral mixing or dilu-381

tion rate ε is assumed to be inversely proportional to plume size lp, as reported by N15382

and a range of other studies (Turner, 1962; Simpson & Wiggert, 1969; Peters et al., 2020;383

Mulholland et al., 2021). Note that other proposed mixing models could easily be tested384

in this framework, for example dependencies on vertical velocity (Neggers et al., 2002;385

Drueke et al., 2021).386

4.5 Conducted experiments387

Table 2 contains an overview of the SCM experiments with ED(MF)n conducted388

in this study. The PP a experiment represents the default N15 configuration of ED(MF)n,389

and is included for reference. PP a uses a prescribed and time-constant single-powerlaw390

distribution is adopted for the plume number density Ni(l), without a scale break and391

having exponent k = −2.74, and covering a size range up to 2 km. The plume area ai(z)392

is constant with height in the mixed layer, as indicated by subscript a. Experiment B a393

applies the same setup with the exception that Ni(l) is diagnosed from the BiOMi mi-394

crogrid, using a prescribed thermal birth rate Ḃ. The third experiment B acts as the con-395
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Figure 6. Time-height raster plots of cloudy area fraction in a) LES and b) BiOMi-ED(MF)n

control experiment B. The left column shows results for 11 June 2016, the right column for 30

August 2016. For LES the cloud core fraction is shown (defined as all cloudy point that are ris-

ing and have positive buoyancy), for EDMF the condensed plume fraction. The data gridding

represents 30 min. averages.

trol experiment, representing the “best setting” for coupling transport to the thermal396

population on the microgrid. It only differs from B a in that ai can vary with height across397

the mixed layer (Relation 4). Together, these experiments provide insight into the im-398

pact of coupling convective transport to a realistic and evolving thermal population, and399

into the changes required in the plume vertical structure to make this work.400

5 Results401

5.1 Mean state402

Figure 6 shows the vertical structure of the boundary layer clouds and its time de-403

velopment on both days in the control experiment B with BiOMi-ED(MF)n. On both404
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Figure 7. Time series of cloud base and top height a) 11 June 2016 and b) 30 August 2016.

The control experiment B is shown in blue, the LES results in orange, and the gridded observa-

tions as part of the LASSO Data Bundle (v2) as grey dots.

days the general structure and evolution of the convective cloud layer as visible in the405

LES are reproduced to a reasonable degree. This includes the gradually rising cloud base,406

as well as the double deepening phase as expressed in the cloud top height. The defin-407

ing differences between the two cases are also captured to a satisfactory degree, such as408

the lower cloud base and higher cloud top on 30 August. However, some small deviations409

exists, such as a slightly too early cloud onset.410

A more detailed evaluation of the EDMF cloud boundaries is conducted in Figure411

7, and also includes observed cloud base heights. These time series highlight that on both412

days cloud base rises quickly after cloud onset, and levels off after about 14:00 LT. This413

behavior is well captured by the LES. Cloud top height also rises quickly after cloud on-414

set, but experiences a well-defined second deepening phase, also after 14:00 LT. BiOMi-415

ED(MF)n satisfactorily reproduces both these characteristic features, including differ-416

ences in cloud layer onset, height and depth between the two days. For 30 August the417

cloud layer depth is briefly overestimated immediately after cloud onset.418

In general, both the contour plots and time series display smooth time evolution419

of the coupled BiOMi-EDMF system. There is no sign of artificial intermittency, insta-420

bilities or discrete behavior. This points at good quasi-equilibration at small time scales.421

N15 showed that this is partially due to the cumulus valve and acceleration-detrainment422

mechanisms that are captured by ED(MF)n through system-internal feedbacks. But ap-423

parently, the coupling of ED(MF)n to the evolving cluster population on the microgrid424

does not introduce instability, which is worth noting. The smooth behavior also reflects425

that the microgrid covers a large domain (100 × 100 km2). This avoids any intermit-426

tency due to subsampling of the plume population, a grey zone effect that is by design427

not considered in these experiments.428

More insight into the boundary layer vertical structure is provided by Figure 8, show-429

ing vertical profiles of the mean thermodynamic state and cloud core fraction at 12:00430

LT. There are some small differences between LES and the ARM radiosonde profiles, here431

shown for reference. But in general the vertical structure of the cumulus capped bound-432
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Figure 8. Mean state profiles at 12:00 LT of dmain-averaged liquid water potential temper-

ature θl (left), total specific humidity qt (center), and cloud core area fraction aco (right) for a)

11 June 2016 and b) 30 August 2016. Control experiment B is shown in blue, the LES results in

orange, and the vertically gridded ARM interpolated sonde data as grey dots.

ary layer is satisfactorily reproduced in these simulations. Note that the B experiment433

is forced in exactly the same way as the LES, so its comparison to the LES profiles is434

most meaningful. The amplitude and structure of both the thermodynamic state and435

the convective area fraction are well reproduced by BiOMi-ED(MF)n. In the cloud core436

profile the artefact of the discretization of the plume size density is visible, in the shape437

of the step-wise decrease with height reflecting the variation in termination height among438

the saturated plumes in ED(MF)n. The biggest differences with LES exist on 30 August,439

with a slight dry bias in the cloud layer and a weak moist bias above the inversion.440

–15–



manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

  0 100
x  [km]

  0

100

y 
 [k

m
]

  0 100
x  [km]

  0

100

y 
 [k

m
]

  0 100
x  [km]

  0

100

y 
 [k

m
]

  0 100
x  [km]

  0

100

y 
 [k

m
]

  0 100
x  [km]

  0

100

y 
 [k

m
]

  0 100
x  [km]

  0

100

y 
 [k

m
]

1 2 3 4 5 6 7
nt

a)

b)

c)

07
:0

0
L
T

10
:0

0
L
T

18
:0

0
L
T

Figure 9. Snapshots of thermal clustering on the BiOMi microgrid at a) 07:00 LT, b) 10:00

LT and 18:00 LT during the B experiment for 11 June 2016. These time points correspond to 1,

4 and 12 hours after initialization. Left column: Rasterplot of the total number of thermals per

cell, nt. Right column: The associated cluster mask, with each individual cluster given a unique

color. Note that the thermal clusters represent both dry and condensed thermal plumes.
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Figure 10. Log-log plot of size densities of cluster number N(l) at 2-hourly intervals during

11 June 2016, with size l shown in m. a) Clusters on the BiOMi microgrid during experiment B.

b) Coherent objects in LASSO LES. Lines represent hourly means around the indicated time-

point (local time) for a 100 × 100 km2 domain. The dotted black line indicates the linear fit

f(l) = al + b in log-log space for the size densities at 16:30 LT, as applied to the scaling range

100 < l < 1000 m. The corresponding powerlaw exponents are a = −2.74 for BiOMi and

a = −2.77 for LES.

5.2 Cluster population statistics441

The properties of the cluster population on the BiOMi microgrid are considered442

next. To simplify the analysis we only focus on 11 June 2016, because this day had no443

surface rain to speak of. The convection on 30 August was much deeper and featured444

significant precipitation, which likely affected the mesoscale organization. Such impacts445

of rain on the spatial organization are not present yet in BiOMi’s rules of thermal in-446

teraction, making its clustering most comparable to no-precip conditions.447

The development of spatial clustering on the BiOMi microgrid is illustrated in Fig.448

9, showing snapshots of the microgrid at three time points during the day. The mask-449

ing as part of the online cluster algorithm as described in Section 2.2 is also shown, as450

expressed by the coloring of the clusters. Cluster size and spacing start out small, but451

gradually increase, with the clusters becoming surrounded by areas that are increasingly452

void of thermals. The first snapshot can be loosely compared to the satellite image for453

this day, as shown in Fig. 5a. While the observed spatial distribution of many small and454

few larger cumulus clouds seems well captured, the weak organization into cloud streets455

is absent. The likely reason for this is that the rules of interaction in BiOMi are not yet456

aware of wind shear, which is known to create such streets.457

A more detailed evaluation of population statistics is performed by considering size458

distributions of cluster number as produced by BiOMi. These are shown in Fig. 10, at459

various points during the B 1 experiment of 11 June 2016. The well-defined scaling range460

in the number size distribution as diagnosed in the LES is satisfactorily reproduced. The461

associated power law exponent in BiOMi is −2.74, which is very close to the exponent462

diagnosed in LES (−2.77). The presence of a cut-off or scale break above which the clus-463

ter number sharply decreases with size is also captured. The scaling range becomes wider464

with time, with the cut-off point gradually moving towards larger sizes. Both the pres-465
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Figure 11. Time series of spatial statistics of the cluster population for 11 June 2016. a) The

largest cluster size lmax. b) Organization metric Iorg. BiOMi data for experiment B is shown in

dark blue, and LES data in orange.

ence of a scaling range and a cut-off or scale break are well known expressions of self-466

oganizing criticality (Bak et al., 1987), and have been reported in previous studies of shal-467

low cumulus populations (Neggers et al., 2003; van Laar et al., 2019) but also deep pre-468

cipitating convection (Quinn & Neelin, 2017). This suggests that the use of two simple469

rules of interaction, combined with a prescribed thermal birth rate and life time, are al-470

ready sufficient to reproduce this behavior.471

5.3 Spatial organization and convective memory472

The time evolution of two spatial characteristics of the BiOMi cluster population473

is assessed in Fig. 11. These properties reflect spatial organization, and their time de-474

velopment can be interpreted as expressing convective memory on the microgrid. The475

size of the largest cluster in the domain is shown in Fig. 11a. In the LES it gradually476

increases during the day, from about 500m after sunrise to about 2000m at sunset. This477

behavior is consistent with previous LES studies (van Laar et al., 2019). BiOMi repro-478

duces this trend to the first order; only during the first four hours it seems to slightly479

overestimate the scale growth as it happens in the LES.480

Closely related to the maximum cluster size is the spatial organization on the mi-481

crogrid. This can be expressed by means of the Iorg metric (Tompkins & Semie, 2017),482

which differentiates between regular (Iorg < 0.5), random (Iorg = 0.5) and clustered483

(Iorg > 0.5) distributions of objects on a two-dimensional plane. Once the initial spinup484

has occured, the LES results shown in Fig. 11b indicate a gradual shift from randomly485

distributed clusters early on towards spatially organized clusters in the late afternoon486

(Neggers et al., 2019). Despite a weak overall overestimation, BiOMi captures this grad-487

ual trend. This suggests that BiOMi already captures the basic process of spatial organ-488

ization in diurnal cycles of continental shallow convection, despite using a simple con-489

stant thermal birth rate. In this setting, the increase in largest cluster size can only hap-490

pen through population-internal processes introduced by the two rules of thermal inter-491

action. As discussed by NG21, this process takes time, and is an expression of convec-492

tive memory that is stored on the grid.493
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Figure 12. Size densities of a) plume number N(l) and b) plume liquid water path for exper-

iments B (blue) and PP a (black) as time-averaged over the period 10:00-12:00 LT on 11 June

2016. The difference in plume number at sizes above the scale break is shaded orange. This size

range is referred to as the Super-Scale-break Size Segment (S4).

5.4 Impacts of the scale break494

A key novelty introduced by coupling EDMF to BiOMi is that the spatial organ-495

ization on the microgrid as described in the previous section can now impact convective496

transport, through the number density of MF plumes. As a consequence, this size dis-497

tribution now no longer follows a prescribed single powerlaw. Instead, it now features498

a distinct and well-defined scale break, which progresses towards larger sizes during the499

diurnal cycle (see Fig. 10). The comparison to LES also confirms that the scale breaks500

produced by BiOMI are realistic for these cases. What the scale break expresses is that501

the plumes above the scale break occur much less frequently compared to a single pow-502

erlaw setup. This is expressed nicely by comparing the number densities between the con-503

trol experiment B and reference experiment PP a with a prescribed powerlaw, as shown504

in Fig. 12a. Note that the scale-break size in experiment B roughly coincides with the505

minimum plume size at which substantial saturation occurs (see Fig. 12b).506

The presence of a scale break has an important and direct impact on the associ-507

ated convective transport. As described by N15, in ED(MF)n the number of plumes Ni508

in size-bin i affects the kinematic plume mass flux, through the plume area fraction ai,509

Mi = ai wi =

(
Ni Λi l

2
i

A

)
wi (5)
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Figure 13. Same as Fig. 8a but now showing θl and qt at 16:00 LT on 11 June 2016 for

experiments PP a (dotted black), B a (dashed blue) and B (solid blue).

where we substituted ai with Relation (2). The recent study of mass flux profiles in ma-510

rine subtropical shallow cumulus by Klingebiel et al. (2021) has provided observational511

support for such proportionality of mass flux to area fraction. One understands from (5)512

that the lower frequency of occurrence of the largest plumes in experiment B (highlighted513

by the orange shading in Fig. 12) implies a reduced contribution to the total convective514

overturning. Hereafter the size range above the scale break is referred to as the Super-515

Scale-break Size Segment (S4 in short). Accordingly, because of the scale break we ex-516

pect an internal shift in the vertical transport across the size distribution in ED(MF)n517

towards smaller plumes. This is already expressed by the shift in condensation towards518

smaller plume sizes, as shown in Fig. 12b. This internal shift likely affects the vertical519

structure of the boundary layer and its evolution. In particular the coupling between the520

cloud layer and the subcloud layer is affected, being carried by the largest plumes in the521

spectrum.522

Figure 13 provides more insight by comparing control experiment B to the sensi-523

tivity experiment B a in which the plume area fraction ai is constant with height. Both524

experiments sample their plume number density from the BiOMi microgrid, and thus525

include a scale break. The boundary layer vertical structure in B a shows significant bi-526

ases compared to the LES. Its subcloud layer is too cold and moist, while the cloud layer527

is too warm and dry. This signal typically indicates a lack of transport or ventilation be-528

tween the two layers. Because this cloud base transport is typically carried by the largest529

plumes, their relatively low number due to the scale break is directly responsible for this530

bias.531

Interestingly, the reference experiment PP a does not show these biases. The only532

differences between PP a and B are i) the shape of the number density and ii) the plume533

vertical structure. This can only mean that the impact of the scale break, or the reduc-534

tion in the relative number of large versus smaller plumes, must be compensated by the535

difference in plume vertical structure. The latter is investigated in Fig. 14, showing pro-536

files of bulk properties of the super-scale-break size segment S4 for 11 June 2016. In LES537
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Figure 14. Profiles of average properties of the Super-Scale-break Size Segment (S4), rep-

resenting all plumes larger than the scale-break size. a) Area fraction a, b) convective qt flux,

and b) the associated qt tendencies calculated as the vertical flux convergence. Sampling time is

16:00 LT on 11 June 2016. LES is shown in orange, experiment PP a in black, and B a and B in

dashed and solid blue, respectively. Height z is normalized by mixed layer depth h.

the area fraction a of S4 more or less increases linearly across the subcloud layer. As dis-538

cussed by Griewank et al. (2021), this structure is persistently and typically present dur-539

ing shallow convective conditions over land, and can be interpreted as the largest plumes540

“rooting” across the full subcloud layer. In other words, they drain mass not just from541

the surface layer (z/h < 0.1) but from the whole boundary layer.The constant area frac-542

tions in experiment B a (and PP a) are clearly not supported by these LES results. In543

contrast, experiment B captures the linear increase below cloud base much better.544

The contribution by S4 to the total convective flux is shown in Fig. 14b. The ver-545

tical flux of PP a is much too large compared to LES throughout the mixed layer. In546

experiment B a the flux has much reduced, due to the reduction in plume number above547

the scale-break. The increase in a with z as adopted in experiment B counters this ef-548

fect, and also yields a good agreement with LES. For reference, the humidity tendencies549

associated with the divergence of these flux profiles are shown in Fig. 14c. Experiment550

PP a has an erroneous peak negative tendency in the surface layer, which has much re-551

duced in B a and B. Adopting the linear increase in a as in experiment B then causes552

the S4 plumes to drain humidity from the whole mixed layer, not just the surface layer553

(z/h < 0.1). As a result, the humidity flux by S4 at mixed layer top h is comparable554

to LES again, and the coupling between cloud- and subcloud layer has thus been restored.555

This is expressed by the realistic vertical thermodynamic structure of the boundary layer556

in experiment B (see Fig. 13).557

We conclude from this analysis that experiment B is structurally different in its cou-558

pling of saturated plumes to the subcloud layer. It is more realistic than PP a because559

i) it contains a scale break in the plume number density, and ii) the rooting of the largest560

plumes to the subcloud layer is better. This clear link between the rooting of cumulus561

updrafts and the presence of the scale break is a new insight into the dynamics of con-562

tinental shallow convection.563
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6 Discussion564

The results show that the coupled BiOMi-ED(MF)n framework reproduces the main565

vertical structure and diurnal evolution of the boundary layer to a satisfactory degree.566

That in itself is not trivial, because the coupling introduces quite a few degrees of free-567

dom to the system of equations. Apparently this does not cause instability; instead, smooth568

equilibration always occurs in response to slowly varying external forcings, yielding re-569

alistic transient boundary layer states. Accordingly, this result provides proof of concept570

for frameworks of this kind.571

We find that in this framework, diurnal scale-growth does impact convective trans-572

port in a substantial way. This impact works through modulation of the number distri-573

bution of transporting objects, in response to their evolving spatial organization. A re-574

lated insight is that plume vertical structure can no longer be ignored when coupling mass575

flux transport to a realistic cluster population that features a scale break in its number576

density. Adopting the differential rooting of plumes in the mixed layer as a function of577

size, as diagnosed in LES in the form of relation (4), is needed to ensure that the group578

of largest plumes in the spectrum carry sufficient mass flux out of the mixed layer. Fig-579

ure 15 schematically illustrates this concept. The deep rooting configuration combined580

with a scale break in the number density is supported by LES.581

It is interesting to interpret this finding in the light of previous studies on cloud-582

subcloud coupling. While the existence of a general relationship between the distribu-583

tion of cumulus clouds and their subcloud layer fluxes has long been known from pio-584

neering early observational studies (e.g. LeMone & Pennell, 1976; Nicholls & Lemone,585

1980), our finding further nuances this relation by suggesting that rooting depends on586

plume size (see also Fig. 4). This probably also plays a role in the transition from shal-587

low to deep convection, where deep rooting is commonly observed (Mulholland et al.,588

2021).589

We hypothesize the following physical-dynamical mechanism for explaining the link590

between plume rooting and the scale break. As soon as plumes saturate they also ac-591

celerate above their level of free convection, driven by latent heat release. Through con-592

tinuity, the stronger vertical velocity has to imply an enhanced inflow of mass within their593

rooting layer, in this case the subcloud mixed layer. The boosted mass flux helps in over-594

turning more instability in the domain, so that less remains for subsequent plumes. These595

strong plumes which reach saturation will occur less frequently as a result, which is re-596

flected in the presence of the scale break. This hypothesis thus links the scale break di-597

rectly to the phase change of water in coherent structures in the boundary layer, act-598

ing as a turbo-charger for vertical mass transport. That the scale break size more or less599

coincides with the saturation point of ED(MF)n plumes (see Fig. 12b) would support600

this hypothesis.601

Deep rooting is well known from studies of deep convection. For example, Williams602

and Stanfill (2002) and Mulholland et al. (2021) report that cumulus updraft width de-603

pends on height of the lifting condensation level, concluding that the width increases across604

the subcloud layer. Our analysis of shallow cumulus objects in Fig. 4 suggests a simi-605

lar dependence, in that low mixed-layer depths tend to be accompanied by small plume606

widths at z = h. However, the data also includes some deep mixed-layers with small607

updraft widths. These represent time-points late in the diurnal cycle, when the surface608

forcing of convection significantly weakens. Overall, we find that size-dependence dom-609

inates over dependence on mixed layer height. We speculate that these results are not610

in conflict with the deep convective studies, but instead could be explained by the fol-611

lowing factors;612

1. Difference in the type of convection (shallow versus deep);613

2. Difference in sampling (here including both saturated and unsaturated plumes);614
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pure powerlaw

including scale-break

more objects, shallow rooting

fewer objects, deep rooting

1

z/h
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Figure 15. Schematic illustration of the two configurations of plume rooting as applied in

the ED(MF)n experiments in this study. a) Shallow rooting with a pure powerlaw distribution

of plume number. b) Mixed-layer deep rooting for distributions including a scale-break. Plume

volume within the mixed-layer is indicated by the grey shading. Height z is normalized by mixed-

layer depth h. Blue arrows indicate dynamic entrainment of mass into the plume. The associated

two functional forms of the size distribution of plume number are shown in the inset. The deep

rooting configuration b) is supported by LES results.

3. Covering the full diurnal cycle;615

4. Not considering environmental lapse-rate variations in the cloud layer.616

More research is needed to test these hypotheses, which could yield further insights into617

the transition from shallow to deep convection.618

The 1-way coupling between BiOMi and ED(MF)n used in this study in effect pre-619

scribes the scale break as used in convective transport. This setup was sufficient for a620

first exploration of the framework for observed cases of shallow convection. In a more621

advanced setup one could think of a 2-way coupling, in which the work performed by the622

clusters affects the birth rate of thermals on the BiOMi microgrid, for example by in-623

troducing dependency on potential energy available for convection. In that setup a scale624

brake could evolve naturally, as a result of the mechanism described above. Implement-625

ing this 2-way setup requires more research on the thermal birth rate and other statis-626

tics during diurnal cycles of convection over land. Previous studies have demonstrated627

that LES can well be used to this purpose (e.g. Hernandez-Deckers & Sherwood, 2016).628
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7 Conclusions629

In this study a spectral scheme for convective transport is coupled to a thermal pop-630

ulation model on a horizontal microgrid. The goal is to thus enable impacts of spatial631

organization on parameterized convective transport. The BiOMi-ED(MF)n framework632

is tested for two observed diurnal cycles of shallow convection at the ARM SGP site. A633

main outcome is that the results provide proof of concept for decentralized frameworks634

of this kind. It reproduces realistic diurnal cycles for two days that differ considerably635

in terms of cloud properties, without any artificial instability as a result of the coupling.636

Another key result it that characteristics of self-organizing criticality are reproduced, in-637

cluding i) powerlaw scaling below a scale break in the number density and ii) gradual638

scale growth and spatial organization during the day. Exploring the framework, we find639

that convective organization for these kind of shallow cumulus cloud fields can signifi-640

cantly impact vertical transport through its control over the number density of convec-641

tive objects. Targeted sensitivity tests reveal a tight link between the presence of a scale642

break and the way plumes root in the subcloud layer. Adopting differential plume root-643

ing as a function of size is required for coupling convective transport to a realistic pop-644

ulation of convective objects.645

While this study provides proof of concept, a more thorough calibration and eval-646

uation of BiOMi-ED(MF)n is needed to test general applicability. This could be achieved647

by significantly expanding the number of cases, for example by using the full library of648

LASSO shallow cumulus days at SGP. Another important step is to include new rules649

of interaction to capture impacts of precipitation and wind shear on spatial organiza-650

tion in cumulus cloud populations, which are known to be significant (). Objective cal-651

ibration of constants of proportionality against large datasets is ongoing work by the au-652

thors, including the use of machine learning algorithms.653

BiOMi-ED(MF)n could function as a subgrid convection scheme in an operational654

weather or climate model. A convenient first step towards this goal could be to simply655

add columns to the DALES macrogrid, and (re)activate all terms in the governing equa-656

tions for the resolved flow. This way, the mean state across all columns can interact again657

(Brast et al., 2018). In this Multi Column Model (MCM) setup, experiments can be con-658

ducted for larger domains in which feedbacks between subgrid convection and the larger-659

scale circulation can take place naturally. Another advantage is that the complexity of660

the resolved flow is still much lower compared to a realistic GCM, which might help in661

gaining a better understanding of the newly introduced feedbacks.662

The use of a horizontal microgrid also creates new opportunities for representing663

grey zone effects in larger-scale models (Wyngaard, 2004; Honnert et al., 2020). The mi-664

crogrid automatically captures subsampling effects of a convective population at smaller665

macrogrid cell sizes. An interesting opportunity is to connect microgrids between neigh-666

boring macrogrid columns, which in principle would allow unimpeded cluster growth on667

the interconnected microgrids. This might address earlier reported problems in the grey668

zone, in the shape of artificial circulations on the macrogrid close to the grid-scale (Sakradzija669

et al., 2016). Another opportunity created by the horizontal microgrid is to connect ther-670

mal birth to small-scale surface heterogeneity, which thus could thus impact convective671

triggering. Pursuing these ideas are future research plans.672

Acknowledgments673

This research was supported by the U.S. Department of Energy’s Atmospheric System674

Research, an Office of Science Biological and Environmental Research program, under675

grant DE-SC0017999. We thank Thijs Heus for kindly providing output from his MicroHH676

simulations and for insightful comments on this manuscript. Data were obtained from677

the Atmospheric Radiation Measurement (ARM) Program sponsored by the U.S. De-678

partment of Energy, Office of Science, Office of Biological and Environmental Research,679

–24–



manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Climate and Environmental Sciences Division. LASSO data were used from the U.S. De-680

partment of Energy’s Atmospheric Radiation Measurement (ARM) Climate Research681

Facility. Data used in the figures in this manuscript is available at682

https://doi.org/10.5281/zenodo.6044338.683

References684

Ahmed, F., & Neelin, J. D. (2019). Explaining scales and statistics of tropi-685

cal precipitation clusters with a stochastic model. Journal of the Atmo-686

spheric Sciences, 76 (10), 3063 - 3087. Retrieved from https://journals687

.ametsoc.org/view/journals/atsc/76/10/jas-d-18-0368.1.xml doi:688

10.1175/JAS-D-18-0368.1689

Arakawa, A. (2004). The cumulus parameterization problem: Past, present,690

and future. Journal of Climate, 17 (13), 2493 - 2525. Retrieved from691

https://journals.ametsoc.org/view/journals/clim/17/13/1520-0442692

2004 017 2493 ratcpp 2.0.co 2.xml doi: 10.1175/1520-0442(2004)017〈2493:693

RATCPP〉2.0.CO;2694

Bak, P., Tang, C., & Wiesenfeld, K. (1987, Jul). Self-organized criticality: An695

explanation of the 1/f noise. Phys. Rev. Lett., 59 , 381–384. Retrieved696

from https://link.aps.org/doi/10.1103/PhysRevLett.59.381 doi:697

10.1103/PhysRevLett.59.381698

Bengtsson, L., Dias, J., Tulich, S., Gehne, M., & Bao, J.-W. (2021). A stochas-699

tic parameterization of organized tropical convection using cellular au-700

tomata for global forecasts in noaa’s unified forecast system. Journal701

of Advances in Modeling Earth Systems, 13 (1), e2020MS002260. doi:702

https://doi.org/10.1029/2020MS002260703
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Romps, D. M., Öktem, R., Endo, S., & Vogelmann, A. M. (2021). On the life cycle874

of a shallow cumulus cloud: Is it a bubble or plume, active or forced? Journal875

of the Atmospheric Sciences, 78 (9), 2823 - 2833. Retrieved from https://876

journals.ametsoc.org/view/journals/atsc/78/9/JAS-D-20-0361.1.xml877

doi: 10.1175/JAS-D-20-0361.1878

Sakradzija, M., Seifert, A., & Dipankar, A. (2016). A stochastic scale-aware pa-879

rameterization of shallow cumulus convection across the convective gray zone.880

Journal of Advances in Modeling Earth Systems, 8 (2), 786-812. Retrieved881

from https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1002/882

2016MS000634 doi: 10.1002/2016MS000634883

Scorer, R. S., & Ludlam, F. H. (1953). Bubble theory of penetrative convection.884

Quarterly Journal of the Royal Meteorological Society , 79 (339), 94-103. doi:885

https://doi.org/10.1002/qj.49707933908886

Sherwood, S. C., Bony, S., & Dufresne, J. (2014). Spread in model climate sensitiv-887

ity traced to atmospheric convective mixing. Nature, 505 , 37-42. doi: https://888

doi.org/10.1038/nature12829889

Siebesma, A. P., Soares, P. M. M., & Teixeira, J. (2007). A combined eddy-890

diffusivity mass-flux approach for the convective boundary layer. Jour-891

nal of the Atmospheric Sciences, 64 (4), 1230 - 1248. Retrieved from892

https://journals.ametsoc.org/view/journals/atsc/64/4/jas3888.1.xml893

doi: 10.1175/JAS3888.1894

Simpson, J., & Wiggert, V. (1969). Models of precipitating cumulus towers.895

Monthly Weather Review , 97 (7), 471 - 489. Retrieved from https://journals896

.ametsoc.org/view/journals/mwre/97/7/1520-0493 1969 097 0471 mopct897

–28–



manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

2 3 co 2.xml doi: 10.1175/1520-0493(1969)097〈0471:MOPCT〉2.3.CO;2898

Stevens, B., Bony, S., Brogniez, H., Hentgen, L., Hohenegger, C., Kiemle, C., . . .899

Zuidema, P. (2020). Sugar, gravel, fish and flowers: Mesoscale cloud patterns900

in the trade winds. Quarterly Journal of the Royal Meteorological Society ,901

146 (726), 141-152. doi: https://doi.org/10.1002/qj.3662902

Stokes, G. M., & Schwartz, S. E. (1994). The atmospheric radiation measure-903

ment (arm) program: Programmatic background and design of the cloud904

and radiation test bed. Bulletin of the American Meteorological Society ,905

75 (7), 1201 - 1222. Retrieved from https://journals.ametsoc.org/view/906

journals/bams/75/7/1520-0477 1994 075 1201 tarmpp 2 0 co 2.xml doi:907

10.1175/1520-0477(1994)075〈1201:TARMPP〉2.0.CO;2908

Tiedtke, M. (1989). A comprehensive mass flux scheme for cumulus parameteriza-909

tion in large-scale models. Monthly Weather Review , 117 (8), 1779 - 1800. doi:910

10.1175/1520-0493(1989)117〈1779:ACMFSF〉2.0.CO;2911

Tompkins, A. M., & Semie, A. G. (2017). Organization of tropical convection in912

low vertical wind shears: Role of updraft entrainment. Journal of Advances913

in Modeling Earth Systems, 9 (2), 1046-1068. doi: https://doi.org/10.1002/914

2016MS000802915

Turner, J. S. (1962). The ‘starting plume’ in neutral surroundings. Journal of Fluid916

Mechanics, 13 (3), 356–368. doi: 10.1017/S0022112062000762917

van Heerwaarden, C. C., van Stratum, B. J. H., Heus, T., Gibbs, J. A., Fedorovich,918

E., & Mellado, J. P. (2017). Microhh 1.0: a computational fluid dynamics919

code for direct numerical simulation and large-eddy simulation of atmospheric920

boundary layer flows. Geoscientific Model Development , 10 (8), 3145–3165. Re-921

trieved from https://gmd.copernicus.org/articles/10/3145/2017/ doi:922

10.5194/gmd-10-3145-2017923

van Laar, T. W., Schemann, V., & Neggers, R. A. J. (2019). Investigating the diur-924

nal evolution of the cloud size distribution of continental cumulus convection925

using multiday les. Journal of the Atmospheric Sciences, 76 (3), 729 - 747.926

Retrieved from https://journals.ametsoc.org/view/journals/atsc/76/3/927

jas-d-18-0084.1.xml doi: 10.1175/JAS-D-18-0084.1928

Varble, A., Nesbitt, S. W., Salio, P., Hardin, J. C., Bharadwaj, N., Borque, P., . . .929

Zipser, E. J. (2021). Utilizing a storm-generating hotspot to study con-930

vective cloud transitions: The cacti experiment. Bulletin of the American931

Meteorological Society , 102 (8), E1597 - E1620. Retrieved from https://932

journals.ametsoc.org/view/journals/bams/102/8/BAMS-D-20-0030.1.xml933

doi: 10.1175/BAMS-D-20-0030.1934

Varble, A., Zipser, E. J., Fridlind, A. M., Zhu, P., Ackerman, A. S., Chaboureau,935

J.-P., . . . Shipway, B. (2014). Evaluation of cloud-resolving and limited area936

model intercomparison simulations using twp-ice observations: 1. deep con-937

vective updraft properties. Journal of Geophysical Research: Atmospheres,938

119 (24), 13,891-13,918. doi: https://doi.org/10.1002/2013JD021371939

Vogel, R., Nuijens, L., & Stevens, B. (2016). The role of precipitation and spa-940

tial organization in the response of trade-wind clouds to warming. Journal of941

Advances in Modeling Earth Systems, 8 (2), 843-862. doi: https://doi.org/10942

.1002/2015MS000568943

Williams, E., & Stanfill, S. (2002). The physical origin of the land–ocean con-944

trast in lightning activity. Comptes Rendus Physique, 3 (10), 1277-1292.945

Retrieved from https://www.sciencedirect.com/science/article/pii/946

S163107050201407X doi: https://doi.org/10.1016/S1631-0705(02)01407-X947

Wing, A. A., Stauffer, C. L., Becker, T., Reed, K. A., Ahn, M.-S., Arnold, N. P.,948

. . . Zhao, M. (2020). Clouds and convective self-aggregation in a mul-949

timodel ensemble of radiative-convective equilibrium simulations. Jour-950

nal of Advances in Modeling Earth Systems, 12 (9), e2020MS002138. doi:951

https://doi.org/10.1029/2020MS002138952

–29–



manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Wyngaard, J. C. (2004). Toward Numerical Modeling in the “Terra Incog-953

nita”. Journal of the Atmospheric Sciences, 61 (14), 1816-1826. doi:954

10.1175/1520-0469(2004)061〈1816:TNMITT〉2.0.CO;2955

Zhang, M., Bretherton, C. S., Blossey, P. N., Austin, P. H., Bacmeister, J. T., Bony,956

S., . . . Zhao, M. (2013). Cgils: Results from the first phase of an international957

project to understand the physical mechanisms of low cloud feedbacks in sin-958

gle column models. Journal of Advances in Modeling Earth Systems, 5 (4),959

826-842. doi: https://doi.org/10.1002/2013MS000246960

Zhang, Y., & Klein, S. (2010). Mechanisms affecting the transition from shallow961

to deep convection over land: Inferences from observations of the diurnal cycle962

collected at the arm southern great plains site. Journal of the Atmospheric963

Sciences, 67 (9), 2943 - 2959. doi: 10.1175/2010JAS3366.1964

–30–


