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E-mail: christoph.heim@env.ethz.ch



Abstract14

We analyse a multi-model ensemble at convection-resolving resolution based15

on the DYAMOND models, and a resolution ensemble based on the limited16

area model COSMO over 40 days to study how tropical and subtropical17

marine low clouds are represented at kilometer-scale resolution.18

The analysed simulations produce low cloud fields that look in general re-19

alistic in comparison to satellite images. The evaluation of the radiative20

balance, however, reveals substantial inter-model differences and an un-21

derestimated low cloud cover in most models. Models that simulate in-22

creased low cloud cover are found to have a deeper marine boundary layer23

(MBL), stronger entrainment, and an enhanced latent heat flux. These find-24

ings demonstrate that some of the fundamental relations of the MBL are25

systematically represented by the model ensemble which implies that the26

relevant dynamical processes start to become resolved on the model grid27

at kilometer-scale resolution. A sensitivity experiment with the COSMO28

model suggests that differences in the strength of turbulent vertical mixing29

may contribute to the inter-model spread in cloud cover.30
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1. Introduction34

A fundamental problem in climate projection is our inability to evaluate35

in time whether or not the model predictions are correct, i.e. before the pro-36

jected changes will have occurred. This makes uncertainty estimation, for37

instance by the use of ensemble simulations or by model inter-comparison,38

an important pillar of climate change research. The equilibrium climate39

sensitivity (ECS) (Stevens et al. 2016; Sherwood et al. 2020) is probably40

the most fundamental measure for the impact of human greenhouse gas41

emissions on the climate system – and its inter-model spread has long been42

a source of concern. Although global climate models have evolved sub-43

stantially over the last decades, the spread in estimates of ECS produced44

by the models has not been reduced, if anything it has increased (Char-45

ney et al. 1979; Collins et al. 2013; Sherwood et al. 2020; Zelinka et al.46

2020). Fortunately, the understanding of the underlying problem did im-47

prove (Boucher et al. 2013; Bony et al. 2015; Schneider et al. 2017). The48

main source of uncertainty in ECS is cloud radiative feedbacks (Soden and49

Held 2006), primarily caused by changes in low cloud cover with a warming50

climate (Zelinka et al. 2016). Especially tropical and subtropical low clouds51

show disagreement between climate models and observations, and their re-52

sponse to a warming climate differs substantially among models (Bony and53

Dufresne 2005). Tropical and subtropical low clouds (which for brevity we54
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refer to as “low clouds”) thus lie at the heart of the uncertainty in our cli-55

mate projections, and motivate our study of the ability of a new class of56

models to represent them.57

58

The two most prevalent low cloud types are stratocumlus clouds and trade59

wind cumuli (Warren et al. 1986, 1988). Stratocumulus clouds are par-60

ticularly abundant over the eastern parts of the subtropical ocean basins61

owing to the large-scale subsidence, the strong lower-tropospheric stability,62

and the available moisture supply at the surface, typical for these regions63

(Wood 2012). Stratocumulus clouds consist of a shallow stratiform cloud64

layer at the top of the marine boundary layer (MBL) that is capped by65

a strong temperature inversion (e.g. Neiburger et al. 1961). In addition,66

the stratocumulus topped MBL is strewn with convective cells the down-67

drafts of which are driven by negative buoyancy due to longwave radiative68

cooling of the stratiform cloud layer (Lilly 1968). While the convective cir-69

culations can couple the stratiform cloud layer to the moisture source at70

the ocean surface (e.g. Nicholls 1984), they also entrain relatively warm71

and dry free-tropospheric air across the inversion, drying the MBL and72

causing a vertical growth of the MBL over time (Bretherton and Wyant73

1997; Stevens 2007; Mellado 2017). The drying and deepening of the MBL74

reduces the near surface relative humidity and increases the surface latent75
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heat flux, thereby modulating the sea surface temperature (Hourdin et al.76

2015). The entrainment rate at the inversion is stronger if the inversion77

is weak (Deardorff 1980). Even though entrainment dilutes the clouds, it78

often helps to deepen the cloud layer by lifting the cloud top more than79

the cloud base (Randall 1984). As the MBL experiences higher sea surface80

temperature towards the equator and convective buoyancy production at81

the surface is enhanced, the entrainment drying becomes stronger and can-82

not be sufficiently balanced by radiative cooling. Eventually, the stratiform83

cloud layer evaporates, which marks the transition from the stratocumulus84

topped MBL to the trade wind cumulus regime (Wyant et al. 1997).85

86

The main reason for the large inter-model spread in low clouds lies in the87

fact that the formation and dissipation of these clouds is controlled by dy-88

namical motions occurring at small scales on the order of 0.1-10 km whereas89

the horizontal grid spacing of climate models typically ranges between 50-90

100 km. This scale gap has to be bridged by convective parameterizations91

which partly rely on empirical relations and do not necessarily describe in92

a physically consistent manner the interplay between clouds and their en-93

vironment like for instance through convective and turbulent mixing and94

radiative cooling (e.g. Brient et al. 2016; Vial et al. 2016). As a result,95

clouds need not to be located in the right place (e.g. Teixeira et al. 2011)96
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and their vertical structure is unresolved. Consequently, the specific repre-97

sentation of shallow convection in a model can have a fundamental effect98

on the simulated climate sensitivity (Zhang et al. 2013; Sherwood et al.99

2014; Qu et al. 2014).100

101

102

Using higher model resolution, this gap between the grid scale and the dy-103

namical scales of low clouds can be partially closed (0.1-1 km sub-kilometer104

scale models) or reduced (1-10 km; kilometer-scale models). Specifically,105

large-eddy simulations (LESs) with a resolution between 0.05-0.5 km (e.g.106

Stevens et al. 2005; Ackerman et al. 2009; Zhang et al. 2013; Nuijens107

and Siebesma 2019) resolve much of the interaction between low clouds and108

their environment. Such interactions include for instance mixing and evapo-109

ration at cloud boundaries and the formation of downdrafts (e.g. de Roode110

and Bretherton 2003; Noda et al. 2013) as well as cold-pool dynamics111

which affect cloud aggregation (e.g. Seifert and Heus 2013). The benefits112

of representing such interactions are confirmed by converging cloud size dis-113

tributions in LESs (Heus and Seifert 2013). However, a major problem of114

LESs in the context of climate projection is that the domain size is typically115

restricted to a few hundred kilometers. This necessitates the parameterisa-116

tion of the meso- and large-scale atmospheric circulation introducing new117
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uncertainties.118

119

Larger domains can be simulated using kilometer-scale models which have120

become very popular over the last decade, mainly in the context of the121

deep convection parameterisation that can be avoided within or approach-122

ing the kilometer scale (Prein et al. 2015; Leutwyler et al. 2016; Vergara-123

Temprado et al. 2020). The most prominent class of kilometer-scale mod-124

els are convection-resolving models (CRMs) with a horizontal grid spacing125

below approximately 5 km (Prein et al. 2015). While these models were126

originally run on limited-area domains (e.g. Ban et al. 2014; Leutwyler127

et al. 2016; Ito et al. 2017; Stevens et al. 2020), running global or near-128

global CRMs during short periods has recently gained a lot of attention129

(Miyamoto et al. 2013; Bretherton and Khairoutdinov 2015; Fuhrer et al.130

2018; Satoh et al. 2019). The model inter-comparison project “The DY-131

namics of the Atmospheric general circulation Modeled On Non-hydrostatic132

Domains” (DYAMOND) (Stevens et al. 2019) is a pioneering effort in this133

direction. Nine global atmospheric models were run at convection-resolving134

resolution to simulate a 40 day period. The atmospheric circulation is fully135

resolved in these simulations from the synoptic down to the convective scale,136

allowing for an unprecedented comprehension of the climate system in all137

its complexities (e.g. Dueben et al. 2020; Arnold et al. 2020).138
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139

Although CRMs cannot describe small-scale atmospheric motions with the140

same degree of detail as LESs can, they may provide a good compromise141

between accuracy vs. domain size and integration period. The finer model142

grid of CRMs compared to conventional climate models resolves a larger143

fraction of the convective motions within the MBL which can reduce low144

cloud biases (Hohenegger et al. 2020). In this respect, the most funda-145

mental difference to coarser simulations is an ability to partially resolve146

non-hydrostatic vertical motions on the model grid (Stevens et al. 2020)147

which is a milestone on the path to a physically consistent coupling be-148

tween clouds and their environment. At the same time, we should not149

expect CRMs to solve the “low cloud problem”, given that most features of150

the MBL are still under-resolved. For instance, the differentiation between151

cumulus and stratiform clouds has been found to be considerably less suc-152

cessfull at kilometer-scale resolution compared to LES resolution (Stevens153

et al. 2020). Given that kilometer-scale climate simulations are expected to154

become feasible in the near future (Schär et al. 2020), gaining more expe-155

rience in how these models simulate low clouds is desirable. In this study,156

we will systematically analyse the cloud field and the structure of the MBL157

in the set of global DYAMOND CRMs, with the aim of quantifying and158

better understanding the drivers of inter-model variability in the simulation159
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of low clouds at convection-resolving resolution. We will further assess the160

sensitivities to model resolution in a specific CRM, the limited-area model161

COSMO. In the following section, the experimental setup and the analysis162

methods are presented. The results are shown in Section 3 and discussed163

and concluded in Sections 4 and 5.164
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2. Methods165

2.1 Experimental Setup166

In this study, we analyse a set of kilometer-scale simulations that were167

run by 10 different models to study the representation of low clouds. The168

main analysis region is located over the South-East Atlantic, as shown by169

the red dashed rectangle in Fig. 1. This subtropical-to-tropical domain is170

predominantly covered by stratocumulus clouds but it also encompasses the171

transition to trade-wind cumuli. The analysis domain thus contains the two172

dominant low cloud types with a focus on stratocumulus clouds. The South-173

East Atlantic low cloud region is comparable to the one in the South-East174

Pacific in terms of the large-scale forcing like the sea surface temperature,175

subsidence and trade wind strength (Noda and Satoh 2014). The exact176

location of the analysis domain is chosen based on the largest observed low177

cloud cover during the period considered. The simulations cover a 40-day-178

long period between 1st August and 9th September 2016. If not indicated179

otherwise the first 5 days are considered as a spin up and excluded from the180

analysis resulting in a total of 35 days to compute statistics.181
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2.2 Simulations182 Table 1

Out of the 18 analysed simulations, 13 simulations (from 9 different183

models) are provided by the DYAMOND project whereas the other 5 sim-184

ulations are conducted with the limited-area model COSMO as described185

below. The set of simulations is listed in Table 1 with the name of the186

model used, approximate horizontal grid spacing (∆x) and whether or not187

a shallow convection scheme is employed. The high-resolution DYAMOND188

members are run at a grid spacing between 2 km < ∆x ≤ 5 km. These 9189

simulations in combination with the COSMO 2.2 simulation are considered190

the core of this study and analysed in detail in the sense of a model in-191

tercomparison. The remaining DYAMOND members with a grid spacing192

∆x > 5 km extend the analysis whenever useful. The 5 COSMO simula-193

tions covering resolutions from 12 km to 0.5 km are used to assess the role194

of horizontal resolution. Two additional sensitivity simulations on the role195

of turbulence are discussed in section 3.3e.196

197

The COSMO model is driven at its lateral boundaries by the European Cen-198

ter for Medium Range Weather Forecast (ECMWF) Re-Analysis (ERA5)199

(Copernicus Climate Change Service (C3S) 2017) (see below). The pre-200

scribed lateral forcing will draw the limited-area COSMO runs closer to201

observations for variables that are controlled by the large-scale flow. The202
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goal of this study is, however, not to compare the performance between203

limited-area and global models, but rather to assess inter-model variabil-204

ity (DYAMOND simulations) and the sensitivity to horizontal resolution205

(COSMO simulations).206

a. DYAMOND Simulations207

The DYAMOND model intercomparison project (Stevens et al. 2019)208

involves the following models (only acronyms given): NICAM, SAM, ICON,209

UM, MPAS, IFS, GEOS, ARPEGE-NH, and FV3. The technical descrip-210

tion of these models can be found on the ESiWACE web page1 where211

the project is hosted. The experimental setup is described in Stevens et212

al. (2019) and only briefly summarised here. The global models are ini-213

tialised with the global (9 km) operational meteorological analysis from the214

ECMWF. The operational daily sea-surface temperature from ECMWF is215

used as initial and lower boundary condition over the ocean. Soil initialisa-216

tion over land is subject to the practices of the individual modeling groups.217

In general, the experimental protocol was kept as simple as possible to en-218

courage participation (Stevens et al. 2019).219

1https://www.esiwace.eu/services/dyamond; accessed on 03.06.2020
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b. COSMO Simulations220

Since the COSMO simulations were performed for the purposes of this221

study, the model is described here in more detail. The COSMO model solves222

the fully compressible atmospheric equations. It has originally been devel-223

oped as a numerical weather prediction model (Steppeler et al. 2003) and224

later evolved into a regional climate model (Jaeger et al. 2008; Rockel et al.225

2008). The version used in this study employs a dynamical core adapted226

for hybrid GPU-CPU architectures (Fuhrer et al. 2014; Leutwyler et al.227

2016) for the sake of higher computational performance. The model repre-228

sents the horizontal and vertical dimensions on a rotated latitude-longitude229

grid and a generalised Gal-Chen coordinate, respectively. The time inte-230

gration is performed with a split-explicit third-order Runge-Kutta scheme231

(Klemp and Wilhelmson 1978; Wicker and Skamarock 2002). Temperature,232

pressure, as well as horizontal and vertical winds are discretized with a233

fifth-order advection scheme, whereas moist quantities are integrated us-234

ing a positive-definite second-order scheme (Bott 1989). Deep and shallow235

convection parameterisations are switched off in all simulations as in a pre-236

vious study using the COSMO model this was found to reduce the bias237

in the shortwave radiative balance at kilometer-scale resolution (Vergara-238

Temprado et al. 2020). Radiative fluxes are computed following the δ-two-239

stream approach after Ritter and Geleyn (1992). The single-moment bulk240
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scheme after Reinhardt and Seifert (2006) is used to parameterise cloud mi-241

crophysics. For the computation of subgrid-scale vertical turbulent fluxes,242

a 1D TKE-based model (Raschendorfer 2001) is employed. The minimum243

threshold for eddy-diffusivity for heat and momentum under stable condi-244

tions are set to 0.4 m2 s−1 (Possner et al. 2014). The vertical turbulent245

length scale is set to 100 m in all simulations (consistent with the employ-246

ment of identical vertical levels in all simulations) with the exception of a247

few sensitivity tests (see Section 3.3e.). In the horizontal directions, tur-248

bulent diffusion is used and computed using a Smagorinsky-Lilly closure249

(Baldauf and Zängl 2012). Over land, the second-generation land-surface250

model TERRA ML (Heise et al. 2003) with the groundwater-runoff scheme251

after Schlemmer et al. (2018) is used. Over the ocean, the COSMO model252

uses prescribed sea-surface temperature.253

254

The setup of the COSMO simulations is outlined in Fig. 1. COSMO 12255

(494× 439× 60 grid points) and COSMO 4.4 (1350× 1200× 60 grid points)256

are initialised and laterally driven with ERA5 reanalysis data at 1-hourly257

increments. COSMO 2.2 (2100×1180×60 grid points), COSMO 1.1 (3200×258

1830×60 grid points), and COSMO 0.5 (5300×3100×60 grid points) are one-259

way nested into and initialised from the COSMO 4.4 run. All simulations260

are identically run with 60 vertical levels that range between the surface and261
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an altitude of approximately 30 km. The vertical grid spacing is 20 m at the262

surface and approximately 180 m at 1 km altitude. At the lower boundary,263

the operational daily sea-surface temperature from ECMWF is used over264

ocean grid points and the soil moisture profile on land grid points is ini-265

tialised based on a 17-year-long COSMO simulation run at 24 km ∆x. The266

only methodological difference in the initialisation between the COSMO and267

the DYAMOND simulations is thus that the atmospheric state in COSMO268

is initialised using ERA5 instead of the ECMWF operational analysis. The269

effect of this was found to be negligible. The ITCZ is included within the270

COSMO 4.4 domain to have a model-internal representation of the Hadley271

cell as an important large-scale driver of low clouds. This should make the272

COSMO members better comparable to the DYAMOND members by al-273

lowing for more comparable variability in the dynamics of the limited area274

simulations.275

2.3 Observations and Reanalysis Data Sets276

The following data sets are used for the evaluation of the model simula-277

tions:278

• The Satellite Application Facility on Climate Monitoring (CM279

SAF) top of the atmosphere radiation (Urbain et al. 2017),280

based on the Meteosat Visible Infra-Red Imager (MVIRI) and the281
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Spinning Enhanced Visible and Infrared Imager (SEVIRI), is used to282

evaluate the simulated radiative balance at the top of the atmosphere.283

It has a spatial resolution of approximately 45 km and provides daily284

mean radiative fluxes.285

• The CM SAF cloud fractional cover (Stöckli et al. 2017) provides286

hourly values of the observed instantaneous low cloud fraction at a287

spatial resolution of approximately 5 km.288

• The CM SAF Advanced Television Infrared Observation Satel-289

lite Operational Vertical Sounder (ATOVS) (Courcoux and Schröder290

2015) provides daily mean values of the observed tropospheric water291

vapor between the surface and 200 hPa at 90 km spatial resolution.292

• The Visible Infrared Radiometer Suite (VIIRS) (VIIRS 2018)293

is aboard the JPSS-1 satellite and provides visible images based on294

the I1, M4 and M3 spectral bands at 250 m spatial resolution around295

noon with a daily frequency.296

• The ERA5 (Copernicus Climate Change Service (C3S) 2017) is a297

gridded reanalysis data set at a spatial resolution of 31 km. It is298

used at 3-hourly temporal frequency to provide a partly observational-299

based reference when analysing variables for which satellite observa-300

tions are unavailable.301
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2.4 Analysis Methods302

a. Low Cloud Fraction303

To analyse the simulated low cloud amount, both the amount of cloud304

water and the cloud fraction are used. However, the diagnosed low cloud305

fraction is available in the output of only 3 models (COSMO, IFS, ARPEGE-306

NH). As a workaround, the liquid water path (LWP) is used to approximate307

the low cloud fraction following e.g. Vergara-Temprado et al. (2018). If the308

LWP exceeds 1 g m−2, the grid column is considered to be covered by low309

clouds. The chosen threshold is low, but the dependence of the resulting310

cloud fraction on the exact value has been tested and found to be weak.311

The outlined procedure is based on two key assumptions: First, due to the312

large-scale subsidence, mid-level clouds are rare (Warren et al. 1988). If313

they exist, they should be rooted in low clouds that grow to higher levels.314

The latter implies that the mid cloud fraction should be a subset of the low315

cloud fraction. Second, high clouds are composed of ice and not part of the316

LWP. These assumptions were tested using ERA5 and found to be fulfilled317

reasonably well.318

b. Inversion319

The vertical extent (or depth) of the MBL is defined as the distance320

between the surface and the inversion. The latter is defined at the height321
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where the vertical gradient in the virtual temperature is largest and positive.322

Over the domain considered, an inversion according to this definition exists323

in all models in at least 98.8% of the grid columns. Columns at time steps324

without inversion are excluded from analyses that depend on the inversion.325

The inversion strength is computed as the difference in the virtual potential326

temperature between the levels of maximum absolute virtual temperature327

above and minimum absolute virtual temperature below the inversion.328

c. Relative Vertical Profiles329

Because the height of the inversion varies in space and time, direct hor-330

izontal and temporal averaging leads to mean vertical profiles where the331

sharp gradients in atmospheric quantities at the inversion are smeared out.332

Models with stronger variability in the inversion height thus appear to have333

smoother gradients across the inversion. Vertical profiles will therefore also334

be presented relative to the local MBL depth, as described in e.g. Lilly335

(2002). The procedure is as follows: For each model column, the verti-336

cal coordinate (already transformed to height) is expressed relative to the337

inversion height such that for instance a value of 1.0 represents the local338

inversion height (used to represent the top of the MBL) and a value of 0.5339

represents half the local inversion height. Subsequently, the model variables340

are interpolated to identical relative height in each model column, and then341
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averaged over the analysis domain in this framework.342

d. Diabatic Heating343

The diabatic heating term is not part of the model output but is diag-

nosed from the available fields. The diabatic heating θ̇ is defined as

θ̇ =
∂θ

∂t
+ v · ∇θ. (1)

Under quasi-steady conditions, it can be diagnosed from

θ̇ ≈ v · ∇θ. (2)

To do so, we use the three-dimensional model output and express the ∇θ-

term using centred finite differences. This yields an estimate of θ̇(x, y, z, t)

for the whole computational volume at each available output time. Over

the analysed time window of 35 days, the assumption of a steady-state is

justified when comparing the long-term temperature tendency (less than

5 K in 35 days) to the local tendency due to subsidence at the inversion

(≈ 6 K per day). The temporal average is denoted as θ̇(x, y, z), and it is

computed from the diagnosed instantaneous values using 3-hourly model

output. For display, we will present mean vertical profiles averaged over the

entire analysis domain.

In addition, we distinguish between the mean-flow and eddy contributions.
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To this end, all variables are expressed as

θ̇(x, y, z, t) = θ̇(x, y, z) + θ̇′(x, y, z, t), (3)

where θ̇ denotes the 35-day average, and θ̇′ the time-dependent deviation

thereof. With this notation and using Reynolds decomposition and averag-

ing, (2) can be expressed as

θ̇ ≈ v · ∇θ + v′ · ∇θ′. (4)

The mean term v · ∇θ is directly determined from the time-mean fields,

while the eddy term v′ · ∇θ′ is obtained as a residual from (4) using θ̇ as

computed in (2).

The diabatic heating diagnosed from (4) is the sum of the heating due

to sub-grid scale fluxes H (turbulence and the convection schemes), and

due to microphysics M and radiation R

θ̇ = M +R +H. (5)

The individual contributions of H, M and R cannot be diagnosed based on344

the available output.345
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e. Entrainment346

To define the entrainment velocity E at the inversion we start from the

prognostic equation for the MBL height (e.g. Stevens 2006):

∂zi
∂t

+ vi · ∇zi = wi + E, (6)

where zi is the local inversion height, vi the horizontal wind vector at the

inversion, and wi the vertical motion at the inversion. Equation (6) is here

evaluated as a spatial and temporal average of the three-dimensional instan-

taneous velocity field. Under quasi-steady conditions (6) can be simplified

to

E ≈ −wi + vi · ∇zi. (7)

Equation (7) is used to interpret the lateral growth of the MBL due to347

entrainment.348
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3. Results349

3.1 Cloud Structures350

Figure 2a-j shows a snapshot of the cloud field after 2 weeks simulation351

time on 14th August 2016 at 12:00 UTC as simulated by the members of the352

CRM intercomparison. The cloud field is represented by the liquid water353

path (LWP - vertically integrated cloud liquid water). Figure 2k shows a354

satellite picture (VIIRS, corrected reflectance) taken around noon on the355

same day. The satellite picture gives an impression of how the cloud field356

looks in reality and serves for a qualitative comparison only. In particular,357

after 2 weeks of simulation time, the DYAMOND models manifest weather358

that may differ substantially from the instantaneous weather of the satellite359

observation due to predictability limitations.360

361

From a visual perspective, the models produce different-looking cloud struc-362

tures, but in some models they resemble the ones in the satellite estimate.363

The cellular nature of stratocumulus clouds is well visible in some simula-364

tions (e.g. FV3 3.25 and GEOS 3) whereas in others, the stratiform charac-365

ter of the cloud field appears to be more pronounced (e.g. UM 5, IFS 4 and366

ARPEGE-NH 2.5).367

368
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Figure 2l-p shows a close up view of the cloud field simulated by the COSMO369

simulations at increasing horizontal resolution on the smaller snapshot do-370

main (see Fig. 1). Besides the expected increase in detail with higher371

model resolution, the cloud fraction strongly decreases from COSMO 12372

to COSMO 2.2 but then becomes less sensitive at even higher resolution.373

3.2 Radiative Fluxes374

a. Shortwave Radiative Flux375

Measurements of the shortwave radiative flux at the top of the atmo-376

sphere provide a more objective evaluation of the simulated low cloud cover.377

Since the effect of thin high clouds on shortwave radiation is small, the378

albedo at the top of the atmosphere can be taken as a proxy for the amount379

of low clouds over the region considered. Figure 3a-j shows the model inter-380

comparison of the spatial distribution of the 35-day mean albedo (from 6th381

August 2016, 00:00 UTC to 9th September, 24:00 UTC). Figure 3k and 3l382

show the albedo in the ERA5 and the CM SAF data record. Most simula-383

tions produce a region of enhanced albedo similar as in the observation, al-384

though its magnitude is underestimated in most of them. The underestima-385

tion ranges from values indicating only intermittent cloud cover (MPAS 3.75386

and NICAM 3.5) up to close agreement with the observed albedo (UM 5,387

FV3 3.25, ICON 2.5, COSMO 2.2). These differences are already present at388
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the start of the simulation and remain relatively constant throughout the389

simulation period (not shown).390

391

A limitation of using the top of the atmosphere albedo as a proxy for the392

low cloud cover is that inter-model differences could stem from either differ-393

ences in the cloud fraction or in the cloud albedo. The albedo of low clouds394

is affected by their liquid water path, by microphysical cloud properties,395

and by how the radiation scheme translates cloud properties into scattering396

of shortwave radiation. Although the eventual goal is that the models cor-397

rectly simulate the radiative fluxes at the top of the atmosphere, we will in398

the following assess the sensitivity of the simulated albedo to these cloud399

characteristics.400

401

Figure 4 shows the relation between domain averages of the albedo and402

the LWP (Fig. 4a-b), and between the albedo and the low cloud fraction403

(Fig. 4c-d). The left column of Fig. 4 shows spatial and temporal averages404

of the individual simulations as an illustration of the inter-model variabil-405

ity. The right column shows daily mean values to highlight the day-to-day406

variability in the analysed CRMs. The inter-model variability in the albedo407

closely follows the variability in the LWP (Fig. 4a). Thus, the albedo is pre-408

dominantly controlled by the amount of cloud water rather than by other409
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model characteristics, like for instance the radiation scheme, which is ex-410

pected based on previous results (Stephens 1978). The inter-model vari-411

ability in the low cloud fraction (Fig. 4c) shows a less systematic relation412

to the albedo. A look at the day-to-day variability (Fig. 4d) reveals that413

the change in albedo for a given change in cloud fraction (indicated by the414

slopes) differs between models, implying that there are differences in the415

average cloud thickness or density. ICON and COSMO have denser/thicker416

clouds than the other models do (steeper slopes). The comparison between417

the models and the satellite observation in Fig. 4c reveals that the models418

underestimate the albedo for different reasons. While some models (e.g.419

MPAS or NICAM) produce too few clouds, other models (e.g. ARPEGE-420

NH or IFS) have too dim clouds. This contrasts with conventional climate421

models that tend to show a “too few, too bright” problem in which com-422

pensating errors help the top of the atmosphere radiation look similar to423

observations (e.g. Nam et al. 2012). The comparison of the COSMO424

simulations at different resolutions shows that there are strong reductions425

in cloud cover when refining the resolution from 12 km to 4 km, while the426

sensitivity between 4 km and 500 m becomes smaller.427
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b. Longwave Radiative Flux428

The outgoing longwave radiative flux (OLR) shown in Fig. 3m-x reveals429

that all models overestimate OLR. The fact that this bias is of the same sign430

in all models deserves some attention. The relation between OLR and the431

albedo is shown in Fig. 5a for the inter-model variability and in Fig. 5b for432

the day-to-day variability. Models with increased low cloud cover (higher433

albedo) simulate less OLR. The same applies for the day-to-day variability434

in the individual models. This is consistent with physical reasoning as435

clouds are opaque to longwave radiation and absorb the comparably strong436

longwave flux emitted by the relatively warm surface. Thus, the overall437

overestimation of OLR can partly be explained by the underestimated low438

cloud fraction. On the other hand, since models with a positive albedo bias439

(e.g., COSMO 12, COSMO 4.4, ICON 10) also overestimate OLR, low cloud440

cover is not enough to explain the model bias in OLR. Figure 5c-d shows that441

the water vapor path is substantially underestimated by the DYAMOND442

simulations which increases the transparency of the atmosphere. The bias443

is reduced in the COSMO simulations which are guided by ERA5 at the444

lateral boundaries and have a water vapor path very close to the one in445

ERA5. Presumably for the same reasons, the COSMO simulations also446

have increased high cloud ice (not shown) compared to the DYAMOND447

models which should further decrease OLR.448
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3.3 The Marine Boundary Layer449

a. Inversion450

This section focuses on the simulated structure of the MBL. Figure 6451

shows the 35-day average inversion height for the CRM intercomparison452

(Fig. 6a-j) and ERA5 data set (Fig. 6k). The inversion height is computed453

according to Section 2.4b. Grid points over the central and southeastern454

parts of the domain where the MBL is shallow and stratocumulus is the455

dominant cloud type always simulate an inversion. At the southwestern456

and northern borders of the domain, the inversion is sometimes removed457

by mid-latitude large-scale weather phenomena or by tropical convective458

systems, respectively. The estimates in the figure relate to the mean over459

the times when an inversion can be detected. The ERA5 reanalysis data460

indicates a growth of the MBL from East to West which is reproduced by all461

models although more pronounced in some of them (COSMO, ICON, GEOS462

and SAM). The inversion height varies considerably between the analysed463

models with differences reaching up to 1000 m locally, and up to 450 m as464

a domain average. At the start of the simulation period, these differences465

are smaller (200 m inter-model spread), but they increase during the first466

simulation days.467

468

Figure 7a-b depict the co-variance between the domain mean albedo and469
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inversion height. The COSMO 4.4 tl50m and COSMO 4.4 tl25m simulations470

which are shown in addition the other simulations in Figure 7 will be dis-471

cussed in Section 3.3e. Models with on average higher inversions produce472

increased low cloud cover. Some models simulate this relation also on a473

daily basis as indicated by the slope lines in Fig. 7b, which are plotted only474

for significant slopes (α = 0.05). ARPEGE-NH 2.5 is exceptional with this475

respect and shows a weak negative relation between the inversion height476

and the cloud cover. Similar to the inversion height, models with increased477

cloud cover also tend to have a stronger inversion (Fig. 7c) which also ap-478

plies for the individual models (Fig. 7d). The inversion strength is com-479

puted using the virtual potential temperature and thus accounts for the480

humidity jump across the inversion (which weakens the inversion strength481

by ≈ 1.5 K compared to a potential-temperature based assessment). While482

the COSMO simulations at different horizontal resolutions (12 km - 0.5 km)483

produce virtually the same domain-average inversion height despite highly484

variable cloud cover (Fig. 7a), the inversion strength is weakly correlated485

to the cloud cover for the simulations with ∆x <= 4.4 km (Fig. 7c) which486

suggests an increased mixing across the inversion for higher resolution.487

488

On the simulated time scale of 40 days, internal variability is expected489

to result in a different large-scale forcing in the global models which may490
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affect the state of the MBL and the simulated low cloud cover. Indeed,491

free-tropospheric humidity and temperature deviate during the course of492

the simulation. Due to this, the effect of the large-scale forcing on the493

cloud field is assessed in terms of the average subsidence strength at 3 km494

(Fig. 7e-f). Although the inter-model spread in subsidence is considerable,495

it shows no systematic relation to the cloud cover. Qualitatively the same is496

found for the strength of the trade winds (not shown). These findings point497

towards local processes as the dominant driver of the inter-model variability498

in the low cloud cover and the inversion height. This is also emphasized by499

the fact that inter-model differences in cloud cover are already pronounced500

during the first days of the simulation when the large-scale forcing has not501

yet deviated strongly. Thus, next we will focus on the vertical structure of502

the MBL.503

b. Vertical Structure504

Figure 8 shows instantaneous altitude-longitude cross-sections of the505

cloud field, the vertical wind, the lifting condensation level (LCL, com-506

puted according to Romps (2017)), and the inversion height on August 3rd507

2016, 03:00 UTC. The time is intentionally chosen shortly after initialisation508

when the inversion height is still similar in the simulations. For each model,509

the right (CS1) and left (CS2) panels depict cross-sections along the 4◦-long510
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zonal segments shown in Fig. 1. The location of the segments is chosen to511

illustrate how the models simulate a shallow (CS1) and deep (CS2) MBL.512

The cross-sections show that in some simulations (e.g. IFS 4 and SAM 4),513

the cloud fraction is larger just below the inversion which is indicative of514

stratiform cloud structures. Going from CS1 to CS2, the deepening of the515

MBL further separates these stratiform layers from the LCL. Most models,516

however, seem to primarily simulate cumulus cells that penetrate from the517

LCL to the inversion. These cumulus cells are associated with updrafts and518

downdrafts visualizing the interplay between convective circulations and the519

cloud field. The inter-model differences in the strength and size of the verti-520

cal wind field are striking. For instance, SAM 4 and COSMO 2.2 have much521

stronger and more narrow up- and downdrafts than other members like e.g.522

NICAM 3.5 and ARPEGE-NH 2.5.523

524

Figure 9 shows for the CRM intercomparison absolute and relative profiles525

(see section 2.4c.) of temperature, specific cloud liquid water content (qc)526

and specific humidity (qv), averaged over the 35 days and the full analysis527

region. The temperature inversion shown in the absolute profile (Fig. 9a)528

appears smoother than in the relative profile (Fig. 9d). The effect of the in-529

version is smoothed by the horizontal averaging in the absolute profile. The530

relative profile thus better depicts reality when the interest lies on gradients531
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across the inversion. The downside of the relative profile is that values from532

different absolute heights are considered in the spatial average for a specific533

relative height. Variables that are sensitive to height (e.g. temperature and534

qv) thus appear to differ between simulations at the same relative height535

which should not be mistaken for an effective difference. Considering the536

advantages and drawbacks of both profile types, looking at both of them537

provides an unbiased view of the simulated vertical structure of the MBL.538

539

Figure 9a shows that the mean free-tropospheric temperature differs by540

roughly 3 K between the coldest and the warmest model while the MBL541

temperature is more similar due to the prescribed sea surface temperature.542

Free-tropospheric humidity (Fig. 9c) differs by 50 % between the driest and543

the wettest model and compared to ERA5 is underestimated in all of them.544

The underestimation implies that dryer air is entrained into the cloud layer545

which may contribute to the overall underestimation of the low cloud cover.546

However, it seems unlikely that this is the dominant cause for the underes-547

timation since the clouds differ from the start of the simulation while the548

differences in the free troposphere develop during the course of the simula-549

tion. Models with a warmer free troposphere tend to have higher qv which550

emphasizes the importance of where the air originates from (i.e. from lower551

or higher latitudes). This is the opposite of what one would expect if the552
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free-tropospheric temperature profile was strongly influenced by buoyancy553

changes due to humidity2. The qc-profiles (Fig. 9b) show that the low-554

est clouds have their base at very low heights which is caused by cumulus555

cells forming below the stratocumulus decks (c.f. Fig. 8), while low-stratus556

clouds in the South-East of the domain may contribute (c.f. e.g. Zheng et al.557

2018a). The largest amount of cloud water is located in the upper half of558

the MBL where the inversion sharply caps the clouds towards the top of559

the MBL (Fig. 9e). The cloud cover is largest between 60% (ARPEGE 2.5)560

and 90% (MPAS 3.75, IFS 4 and SAM 4) of the inversion height.561

562

In coarser resolved climate models, it was found that models with higher qv563

within the MBL have lower free-tropospheric qv due to differences in vertical564

mixing between the MBL and the free troposphere (Sherwood et al. 2014).565

This is not the case for the simulations analysed here as shown in the qv566

profiles (Figs. 9c and 9f). However, the models with a lower inversion (e.g.567

NICAM and ARPEGE-NH) have enhanced qv within the MBL compared568

to others, presumably because the drying of the MBL due to entrainment569

in these models is weaker (as will be shown later) and because turbulent570

2Since the weight of air decreases with moisture load, inter-model differences in free-

tropospheric humidity contribute to temperature differences as the atmospheric profile

adjusts to the buoyancy changes. The inter-model spread in qv of roughly 2 g kg−1 at

3 km height can, however, explain a temperature difference of only 0.4 K.
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fluxes can adjust the profiles more quickly.571

572

573

Figure 10 shows profiles of the mean vertical wind and the standard de-574

viation of the vertical wind (σw) to quantify the average strength of over-575

turning convective circulations. σw is scaled by the local inversion height576

(see e.g. Lilly 2002) in the relative profile (Fig. 10d) to obtain an expres-577

sion that is independent of the local MBL depth (σw/zi). Figure 10a shows578

that the mean vertical wind is negative at all levels, i.e. there is large-scale579

subsidence. The relative profile (Fig. 10c) reveals more systematic infor-580

mation about its vertical structure. Around the inversion, the downward581

motion increases sharply, reaching its peak just below the inversion and582

then gradually decreasing towards the surface. This implies that much of583

the divergence of the horizontal wind field is confined to the boundary layer.584

The comparison of Fig. 10c and Fig. 10d shows that models with on average585

stronger subsidence across the inversion tend to simulate stronger vertical586

convective mixing within the MBL.587

588

589
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c. Diabatic Heating590

In this section, we consider diabatic heating approximated according to591

(4). It is shown as a relative height profile together with qc in Fig. 11a-592

b. Furthermore, Fig. 11c-d shows the potential temperature divergence593

(v · ∇θ) separated into the mean component (v · ∇θ) and the eddy compo-594

nent (v′ · ∇θ′).595

596

There is strong diabatic cooling around the MBL top (Fig. 11a) result-597

ing from longwave emission and evaporation due to dry-air entrainment in598

the upper part of the cloud layer (e.g. Mellado 2017). This is compensated599

by enhanced large-scale subsidence and convergence of the horizontal wind600

field (Fig. 11c), as well as by turbulent entrainment of warm air at the inver-601

sion (Fig. 11d). The diabatic cooling in the free troposphere (relative height602

> 1.25) is weak and constant with height. It represents the longwave flux603

divergence due to greenhouse gases that drives the large-scale subsidence604

(Fig. 11c). The weak warming in the lower half of the MBL is interpreted605

as sub-grid scale turbulent heating from the surface sensible heat flux coun-606

teracting radiative cooling and cold-air advection (Fig. 11c). In the lower607

half of the cloud layer (relative heights between 0.25 and 0.75), some mod-608

els show enhanced diabatic heating that may be caused by radiative flux609

convergence at the cloud base.610
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611

Summarizing, Figs. 10 and 11 show a mean downward motion across the612

inversion layer (Fig. 10c). The diabatic warming (Fig. 11a) thereby con-613

verts free-tropospheric air into MBL air. The diabatic effects comprise a614

dipole between radiative cooling at the cloud top and condensational warm-615

ing within the cloud layer, as well as turbulent heating and cooling. The616

net gain of mass below the inversion, defined as the entrainment (7), is then617

compensated by horizontal divergence, as we can assume quasi-steady con-618

ditions.619

620

621

d. Entrainment at the top of the MBL622

Following the previous findings, the entrainment velocity at the inver-623

sion is computed after (7). Figure 12a-b shows the co-variance between the624

mean inversion height and the entrainment. Models with stronger entrain-625

ment have higher inversions (SAM 4 is an exception to this relation with626

particularly strong entrainment). The same relation is observed in some627

models on the basis of daily mean values (Fig. 12b). Assuming steady state628

conditions, entrainment has to be locally compensated by horizontal diver-629

gence below the inversion . If more air is entrained into the MBL, it grows630
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more quickly against the suppression from the large-scale subsidence along631

its trajectory. The inter-model variability found for the inversion height632

(e.g. Fig. 6) can thus partly be explained in terms of differences in entrain-633

ment.634

635

Figure 12c-d shows a positive correlation between the entrainment and the636

surface latent heat flux. In a stratocumulus topped MBL, we expect a637

larger latent heat flux when the entrainment is strong because the associ-638

ated drying of the MBL enhances the saturation deficit of the near-surface639

air (Bretherton and Wyant 1997; Stevens 2007; Zheng et al. 2018b). The640

model simulations reproduce this behavior for daily mean values (Fig. 12d),641

indicating that the signal of the enhanced entrainment propagates to the642

surface. Also in the inter-model comparison, the latent heat flux tends to643

be larger in models with stronger entrainment (Fig. 12c).644

645

Finally, Fig. 12e-f shows how the cloud field relates to the entrainment.646

Models with enhanced cloud cover have stronger entrainment and this re-647

lation is visible also in the day-to-day variability in some models. Whether648

the amount of clouds controls the entrainment strength and/or vice versa,649

cannot be said. From theory, in the stratocumulus topped MBL, one would650

expect an increased cloud cover to maintain stronger radiative cooling at651
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the inversion and thus favor entrainment. Stronger entrainment at the in-652

version is also going along with more vigorous convective circulations within653

the MBL (Fig. 10c and Fig. 10d). This would point towards a cloud layer654

that is better coupled to the surface which would help sustain the positive655

relation between cloud cover and entrainment. The interpretation of these656

results requires some caution as the cloud composition should vary over the657

domain (stratocumulus vs. trade-wind cumulus clouds) and, in particular,658

the representation of this variation in the individual models. Additional659

analyses using smaller sub-domains, however, revealed that the inter-model660

relation between entrainment and cloud cover is robust across the domain.661

662

663

e. Sensitivity to turbulence formulation664

As turbulence is essential for MBLs, we consider two sensitivity experi-665

ments with reduced turbulent length scale. The simulations are identical as666

COSMO 4.4, but use turbulent length scales of 50 m and 25 m, respectively667

(COSMO 4.4 tl50m, COSMO 4.4 tl25m). These simulations are shown in the668

left-hand panels of Fig. 7 and Fig. 12. Weaker sub-grid scale turbulent mix-669

ing results in a lower inversion and a reduction in cloud cover (Fig. 7a). The670

associated reduction is quite substantial, with COSMO 4.4 tl50m having a671
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similar albedo as COSMO 2.2, thereby strongly reducing the resolution sen-672

sitivity exhibited by Fig. 2m-n. The impact of reduced turbulence goes along673

with weaker entrainment (Fig. 12a), a weaker latent heat flux (Fig. 12c),674

and a weaker inversion (Fig. 7c). Thus, even though the resolved vertical675

mixing in COSMO is stronger than in other models (see Fig. 10), sub-grid676

scale mixing plays a key role in the coupling between the cloud layer and677

the surface. This may be the case also in the other CRMs. Overall, chang-678

ing the sub-grid scale turbulent mixing induces changes that qualitatively679

follow the inter-model variability of the CRM intercomparison fairly well.680
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4. Discussion681

Considering only the members of the CRM intercomparison (2 km <682

∆x < 5 km), the inter-model variability in the cloud cover at these resolu-683

tions remains considerable. This is not too surprising as even LES studies684

find substantial inter-model spread for similar large-scale conditions (e.g.685

Stevens et al. 2005). The domain average albedo covers a range of approx-686

imately 0.2 or between 40% and 110% of the observed value. Based on the687

insights gained from these 10 simulations, the model characteristics appear688

significantly more important than the exact choice of resolution. There is689

no indication that simulations with resolutions 2 km < ∆x < 3 km produce690

closer-to-observed albedo than those with resolutions 4 km < ∆x < 5 km691

(roughly half resolution). We also find no systematic differences between the692

5 models employing a shallow convection scheme (UM, IFS, MPAS, FV3,693

and GEOS) and the other 5 models (SAM, NICAM, ARPEGE-NH, ICON,694

and COSMO). Thus, it appears that whether or not a shallow convection695

scheme is employed is not the crucial factor determining the cloud amount696

in CRMs. However, the variety of shallow-convection schemes employed is697

large, and a definite conclusion appears challenging.698

699

The finding that simulations with a deeper MBL produce increased cloud700

cover may seem surprising. A too deep MBL leads to a dynamical decou-701
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pling of the cloud layer from the surface and favors the breakup of the702

stratocumulus decks into trade wind cumuli. However, in a shallow MBL,703

entrainment can also help deepen the cloud layer (Randall 1984) and the704

associated deepening of the MBL reduces the saturation deficit of the near-705

surface air increasing the latent heat flux (e.g. Hourdin et al. 2015). This706

implies that getting the depth of the MBL right appears to be crucial for707

a realistic representation of cloud cover. Based on the insights gained here,708

the models with a too shallow MBL and weak entrainment and convective709

mixing thus show a physically consistent response which however results in710

too little cloud cover.711

712

What ultimately controls the amount of clouds in the analysed models re-713

mains a challenging question. Differences in the cloud top radiative cooling714

may be relevant via controlling the generation of negative buoyancy (e.g.715

Hoffmann et al. 2020). Another potential cause is that the choices of model716

architecture and tuning parameters may result in different effective strength717

of the convective and turbulent mixing, which controls the entrainment rate,718

the MBL depth and the moisture supply of the stratocumulus layer. The719

sensitivity experiments performed with the COSMO model provide support720

for this hypothesis. Weaker sub-grid scale turbulent mixing leads to changes721

that agree well with the inter-model differences in entrainment, MBL depth722
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and the latent heat flux. On the other hand, in the 5 COSMO simula-723

tions with identical turbulent length scale but decreasing horizontal grid724

spacing from 12 km down to 0.5 km, the cloud cover changes strongly as a725

function of resolution. The albedo is reduced by 0.25 between COSMO 12726

and COSMO 0.5 going along with a weaker inversion. The MBL depth,727

on the other hand, is virtually the same in these simulations, and also the728

entrainment and the latent heat flux are similar. Further work to improve729

the understanding of the cloud cover’s sensitivity to horizontal resolution is730

the goal of ongoing work.731

732

Our study has a number of limitations. First of all, as the simulations733

are only 40 days long, and as the global models exhibit substantial inter-734

nal variability, a direct comparison of inter-model variations is challenging.735

However, we find that most of the characteristics of each model emerge736

within 1-2 days, at a time when the large-scale circulation is predictable.737

Another challenging issue are aerosol effects. Over the analysed region, the738

aerosol load can be high because of biomass burning (Zuidema et al. 2016),739

which could in principal also affect the inter-model variability in cloud cover.740

This effect is difficult to assess, as it depends on the specific treatment of741

aerosols and microphysics in each model.742

743
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5. Conclusion744

We used data from the DYAMOND project and performed COSMO745

model simulations to conduct a model intercomparison using 10 convection-746

resolving models (CRMs; 5 km - 2 km resolution), as well as a resolution747

intercomparison (12 km - 0.5 km resolution) with one single model (COSMO)748

over 40 days on a domain covered by tropical and subtropical low clouds.749

The main results are summarised as follows:750

• Most models quite realistically simulate the low cloud field but un-751

derestimate the albedo. Differences between models and observations752

can be attributed to a too low cloud fraction and/or a too low cloud753

albedo, depending on the model.754

• The sharp gradient of atmospheric fields across the inversion is repre-755

sented well in the simulations. All models simulate a domain average756

inversion strength of approximately 8-12 K resulting in a strong cap-757

ping of the cloud layer. The mean vertical distribution of subsidence758

and diabatic heating is qualitatively comparable in all models.759

• All models overestimate outgoing longwave radiation (OLR) by 6-760

16 W m−2 which can be explained primarily by underestimated free-761

tropospheric humidity, but also by too few low clouds. Free tropo-762

spheric humidity varies by up to 50% between the models and is un-763
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derestimated by all of them.764

• The average depth of the MBL differs considerably among the anal-765

ysed models partly as a consequence of different entrainment rates. In766

models with stronger entrainment, the MBL grows deeper along the767

trade winds, leading to a higher average MBL depth. These models768

also tend to simulate more vigorous MBL dynamics and an increased769

surface latent heat flux, all of which is typical for the stratocumulus770

topped MBL.771

• On average, the models with stronger entrainment produce enhanced772

low cloud cover – or vice versa. Grid-scale convective mixing within773

the MBL is stronger in these models which suggests a better coupled774

MBL that can feed more moisture into the cloud layer. However,775

sensitivity simulations with the COSMO model also highlight the im-776

portance of sub-grid scale turbulent mixing.777

• The resolution intercomparison with the COSMO model shows that778

there are strong reductions in cloud cover when refining the resolution779

from 12 km to 4 km, while the sensitivity between 4 km and 500 m780

becomes much smaller, even though the model was not calibrated781

for the respective resolutions. This suggests that the latter range is782

attractive for climate studies.783
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Overall, the strong inter-model spread found in this study implies that784

low clouds remain a challenging topic even in CRMs. Still, our results are785

encouraging as they shed light on the benefits of using CRMs to simulate786

low clouds. First, from a visual point of view, most models show a cloud787

field that is characterised by the type of cloud structures that we expect788

to see in reality. This indicates that some of the fundamental meso-scale789

dynamical interactions, like for instance cold pool dynamics, start to act,790

consistent with the findings from previous CRM studies (e.g. Leutwyler791

et al. 2016; Klocke et al. 2017). Second, the inter-model variability in792

the cloud cover systematically relates to the variability in other properties793

of the MBL – like entrainment, inversion height and the latent heat flux.794

Third, sensitivity experiments with the COSMO model demonstrate that795

the strength of sub-grid scale turbulent mixing can strongly affect the afore-796

mentioned relations. Overall, this points to the vertical mixing schemes as797

a key parameterization problem and outlines the potential of model cali-798

bration to improve the models’ performance in comparison to observations.799

Doing so may lead to an overall more consistent representation of the MBL,800

due to the systematic response of the models. This parameterization prob-801

lem should be solvable, certainly more tractable than the existing compound802

parameterization problems we face in coarser climate models with param-803

eterized convection (e.g. Teixeira et al. 2011; Zhang et al. 2013; Qu et al.804
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2014; Vial et al. 2016).805
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1 Spatial overview of the full analysis domain (red dashed line;1166

14.7◦W – 10.3◦ E, 18.4◦ S – 4.8◦ S) covering the area of most1167

abundant low cloud cover, and the close-up domain (blue1168

dashed line; 4.0◦W – 2.0◦ E, 15.0◦ S – 9.0◦ S) used for the snap-1169

shot in Fig. 2l-p. The remaining rectangles show the COSMO1170

simulation domains. The DYAMOND simulations were run1171

globally. Along the two segments, cross-section 1 (yellow;1172

0.0◦ E – 4.0◦ E, 15.0◦ S) and cross-section 2 (orange; 14.7◦W –1173

10.7◦W, 9.0◦ S) vertical cross-sections are drawn in Fig. 8. . 701174

2 Simulated cloud field on August 14th, 2016 at 12:00 UTC1175

shown for (a-j) the members of the CRM intercomparison1176

over the full analysis domain and (l-p) the COSMO simu-1177

lations at increasing resolution over the snapshot domain.1178

The simulated cloud field is visualised using the liquid water1179

path. (k) The cloud field as observed by the VIIRS satellite1180

(corrected reflectance) around noon on the same day. . . . . 711181

3 (a-l) Albedo and (m-x) outgoing longwave radiative flux1182

(OLR) at the top of the atmosphere shown over the anal-1183

ysis region (see Fig. 1) for (a-j and m-v) the members of1184

the CRM intercomparison, for (k,w) the ERA5 reanalysis1185

dataset, and for (l,x) the CM SAF satellite observation. The1186

labels in the lower left corners indicate the spatial mean bias1187

(model - CM SAF). . . . . . . . . . . . . . . . . . . . . . . . 721188
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4 Scatterplots illustrating the covariances between the albedo1189

and (a-b) the liquid water path (LWP) and (c-d) the low1190

cloud fraction. The dots show (left column) 35-day av-1191

erages representing inter-model variability, and (right col-1192

umn) daily averages representing day-to-day variability. All1193

values are spatial averages over the analysis region (see Fig. 1).1194

The circles show the members from the CRM intercompari-1195

son while different markers are used for the additional simu-1196

lations. Models with empty markers employ a shallow con-1197

vection parameterization. Black circles show data from the1198

ERA5 reanalysis and black stars show CM SAF satellite1199

observations. (left column) All analysed simulations are1200

shown together. The bars indicate the interquartile range of1201

the day-to-day variability. (right column) Only members1202

from the CRM intercomparison are shown. Lines are plotted1203

for simulations with a significant (α = 0.05) linear relation1204

in the day-to-day variability between the two variables. . . . 731205

5 As Figure 4 but illustrating the covariances between the out-1206

going longwave radiative flux (OLR) and (a-b) the albedo,1207

and (c-d) the water vapor path. Black stars show the CM1208

SAF satellite observations. . . . . . . . . . . . . . . . . . . . 741209

6 Mean inversion height over the analysis region (see Figure 1)1210

shown for (a-j) the members of the CRM intercomparison1211

and (k) for the ERA5 reanalysis. The labels in the lower left1212

corners indicate the spatial mean difference (model - ERA5). 751213

7 As Figure 4 but illustrating the covariances between the albedo1214

and (a-b) the inversion height, (c-d) the inversion strength,1215

and (e-f) the subsidence strength at 3km altitude. . . . . . . 761216

8 Height-longitude cross-sections showing instantaneous values1217

of the cloud field represented by the specific cloud liquid wa-1218

ter content (qc; blue-to-green contours), the vertical wind1219

(blue-to-red contours), the inversion height (solid black line),1220

and the lifting condensation level (LCL, dashed black line)1221

on August 3rd, 2016 at 03:00 UTC. Cross-sections 1 (right1222

panels, CS1) and 2 (left panels, CS2) are taken along the1223

respective segments in Fig. 1, to illustrate the situation for a1224

shallow and a deep MBL, respectively. For technical reasons1225

the LCL could not be computed in FV3 3.25. . . . . . . . . . 771226
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9 Mean vertical profiles of (left column) temperature, (middle1227

column) specific cloud liquid water content (qc), and (right1228

column) specific humidity (qv) shown for the members of the1229

CRM intercomparison. The black line shows data from the1230

ERA5 record. (a-c) Absolute profiles obtained by horizontal1231

averaging over all grid points within the analysis region (see1232

Fig. 1). (d-f) Relative profiles where the height is expressed1233

relative to the local inversion height (zi) before the horizon-1234

tal average is computed (see Section 2.4c.). The strongest1235

inversion is thus located at z/zi = 1.0. . . . . . . . . . . . . 781236

10 As Figure 9, but for (left column) the mean vertical wind1237

and (right column) the standard deviation of the vertical1238

wind (σw). (d) In the relative profile, the vertical wind is1239

scaled by the local inversion height to express it as the average1240

grid-scale vertical mixing over the MBL depth per hour (σw/zi). 791241

11 Mean relative vertical profiles of (a) the diabatic heating, (b)1242

specific cloud liquid water content (qc), and the separation of1243

the instantaneous divergence of potential temperature (v ·1244

∇θ) into (c) the mean (v · ∇θ) and (d) the eddy (v′ · ∇θ′)1245

contribution. See Section 2.4d. for the detailed derivation.1246

The height of the profiles is expressed relative to the local1247

inversion height before the horizontal average is computed. . 801248

12 As Figure 4, but illustrating the covariances between the en-1249

trainment velocity and (a-b) the inversion height, (c-d) the1250

surface latent heat flux, and (e-f) the albedo. The latent1251

heat flux is not available for the MPAS model. . . . . . . . 811252
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Fig. 1. Spatial overview of the full analysis domain (red dashed line;
14.7◦W – 10.3◦ E, 18.4◦ S – 4.8◦ S) covering the area of most abundant
low cloud cover, and the close-up domain (blue dashed line; 4.0◦W –
2.0◦ E, 15.0◦ S – 9.0◦ S) used for the snapshot in Fig. 2l-p. The remain-
ing rectangles show the COSMO simulation domains. The DYAMOND
simulations were run globally. Along the two segments, cross-section 1
(yellow; 0.0◦ E – 4.0◦ E, 15.0◦ S) and cross-section 2 (orange; 14.7◦W –
10.7◦W, 9.0◦ S) vertical cross-sections are drawn in Fig. 8.
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Fig. 2. Simulated cloud field on August 14th, 2016 at 12:00 UTC shown for
(a-j) the members of the CRM intercomparison over the full analysis
domain and (l-p) the COSMO simulations at increasing resolution over
the snapshot domain. The simulated cloud field is visualised using the
liquid water path. (k) The cloud field as observed by the VIIRS satellite
(corrected reflectance) around noon on the same day.
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Fig. 3. (a-l) Albedo and (m-x) outgoing longwave radiative flux (OLR) at
the top of the atmosphere shown over the analysis region (see Fig. 1)
for (a-j and m-v) the members of the CRM intercomparison, for (k,w)
the ERA5 reanalysis dataset, and for (l,x) the CM SAF satellite obser-
vation. The labels in the lower left corners indicate the spatial mean
bias (model - CM SAF).
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35-day mean daily means

Fig. 4. Scatterplots illustrating the covariances between the albedo and
(a-b) the liquid water path (LWP) and (c-d) the low cloud fraction.
The dots show (left column) 35-day averages representing inter-model
variability, and (right column) daily averages representing day-to-day
variability. All values are spatial averages over the analysis region (see
Fig. 1). The circles show the members from the CRM intercompar-
ison while different markers are used for the additional simulations.
Models with empty markers employ a shallow convection parameteri-
zation. Black circles show data from the ERA5 reanalysis and black
stars show CM SAF satellite observations. (left column) All analysed
simulations are shown together. The bars indicate the interquartile
range of the day-to-day variability. (right column) Only members
from the CRM intercomparison are shown. Lines are plotted for sim-
ulations with a significant (α = 0.05) linear relation in the day-to-day
variability between the two variables.
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35-day mean daily means

Fig. 5. As Figure 4 but illustrating the covariances between the outgoing
longwave radiative flux (OLR) and (a-b) the albedo, and (c-d) the
water vapor path. Black stars show the CM SAF satellite observations.
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Fig. 6. Mean inversion height over the analysis region (see Figure 1) shown
for (a-j) the members of the CRM intercomparison and (k) for the
ERA5 reanalysis. The labels in the lower left corners indicate the
spatial mean difference (model - ERA5).
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35-day mean daily means

Fig. 7. As Figure 4 but illustrating the covariances between the albedo and
(a-b) the inversion height, (c-d) the inversion strength, and (e-f) the
subsidence strength at 3km altitude.
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Fig. 8. Height-longitude cross-sections showing instantaneous values of the
cloud field represented by the specific cloud liquid water content (qc;
blue-to-green contours), the vertical wind (blue-to-red contours), the
inversion height (solid black line), and the lifting condensation level
(LCL, dashed black line) on August 3rd, 2016 at 03:00 UTC. Cross-
sections 1 (right panels, CS1) and 2 (left panels, CS2) are taken
along the respective segments in Fig. 1, to illustrate the situation for a
shallow and a deep MBL, respectively. For technical reasons the LCL
could not be computed in FV3 3.25.
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Fig. 9. Mean vertical profiles of (left column) temperature, (middle col-
umn) specific cloud liquid water content (qc), and (right column)
specific humidity (qv) shown for the members of the CRM intercompar-
ison. The black line shows data from the ERA5 record. (a-c) Absolute
profiles obtained by horizontal averaging over all grid points within the
analysis region (see Fig. 1). (d-f) Relative profiles where the height is
expressed relative to the local inversion height (zi) before the horizon-
tal average is computed (see Section 2.4c.). The strongest inversion is
thus located at z/zi = 1.0.

78



Fig. 10. As Figure 9, but for (left column) the mean vertical wind and
(right column) the standard deviation of the vertical wind (σw). (d)
In the relative profile, the vertical wind is scaled by the local inversion
height to express it as the average grid-scale vertical mixing over the
MBL depth per hour (σw/zi).
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Fig. 11. Mean relative vertical profiles of (a) the diabatic heating, (b)
specific cloud liquid water content (qc), and the separation of the in-
stantaneous divergence of potential temperature (v · ∇θ) into (c) the
mean (v · ∇θ) and (d) the eddy (v′ · ∇θ′) contribution. See Section
2.4d. for the detailed derivation. The height of the profiles is expressed
relative to the local inversion height before the horizontal average is
computed.

.
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35-day mean daily means

Fig. 12. As Figure 4, but illustrating the covariances between the entrain-
ment velocity and (a-b) the inversion height, (c-d) the surface latent
heat flux, and (e-f) the albedo. The latent heat flux is not available
for the MPAS model.
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List of Tables1253

1 The list of simulations analysed in this study. The columns1254

show i) the model/simulation name, ii) the approximate hor-1255

izontal grid spacing (∆x), and iii) use of a shallow convec-1256

tion scheme. The first 10 simulations are used for the CRM1257

model intercomparison and have a ∆x typical for CRMs.1258

The 4 additional DYAMOND simulations have larger1259

∆x. The 5 COSMO simulations are used to study the sen-1260

sitivity of the MBL dynamics to ∆x (COSMO resolution1261

intercomparison). Note that COSMO 2.2 appears twice in1262

the table. The COSMO simulations are run on a limited-area1263

domain (see Fig. 1), while the DYAMOND simulations are1264

global. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 831265
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Table 1. The list of simulations analysed in this study. The columns show i)
the model/simulation name, ii) the approximate horizontal grid spac-
ing (∆x), and iii) use of a shallow convection scheme. The first 10 sim-
ulations are used for the CRM model intercomparison and have
a ∆x typical for CRMs. The 4 additional DYAMOND simula-
tions have larger ∆x. The 5 COSMO simulations are used to study
the sensitivity of the MBL dynamics to ∆x (COSMO resolution in-
tercomparison). Note that COSMO 2.2 appears twice in the table.
The COSMO simulations are run on a limited-area domain (see Fig. 1),
while the DYAMOND simulations are global.

simulation ∆x shallow conv.

CRM intercomparison (2 km < ∆x ≤ 5 km)

UM 5 5 km yes
IFS 4 4 km yes
SAM 4 4 km no
MPAS 3.75 3.75 km yes
NICAM 3.5 3.5 km no
FV3 3.25 3.25 km yes
GEOS 3 3 km yes
ARPEGE-NH 2.5 2.5 km no
ICON 2.5 2.5 km no
COSMO 2.2 2.2 km no
Additional DYAMOND simulations

ICON 10 10 km no
IFS 9 9 km yes
MPAS 7.5 7.5 km yes
NICAM 7 7 km no
COSMO resolution intercomparison

COSMO 12 12 km no
COSMO 4.4 4.4 km no
COSMO 2.2 2.2 km no
COSMO 1.1 1.1 km no
COSMO 0.5 0.55 km no
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