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Abstract14

The meso-scale variability in cloudiness of the marine trade-wind layer is explored with15

large-eddy simulations of regional extent and validated against observations of the EUREC4A16

field campaign. 41 days of realistically forced simulations present a representative, sta-17

tistical view on shallow convection in the winter North Atlantic trades that includes a18

wide range of meso-scale variability including the four recently identified patterns of spa-19

tial organization: Sugar , Gravel , Fish and Flowers. The results show that cloud cover20

is on average captured well but with discrepancies in its vertical and spatial distribution.21

Cloudiness at the lifting condensation level depends on the model resolution with the22

finer one producing on average a more realistic cloud profile. Independent of the reso-23

lution, the variability in cloudiness below the trade inversion is not captured, leading to24

a lack of stratiform cloudiness with implications on the detectability of meso-scale pat-25

terns whose cloud patches are characterized by stratiform clouds. The simulations tend26

to precipitate more frequently than observed, with a narrower distribution of echo in-27

tensities. The observed co-variability between cloudiness and environmental conditions28

is well captured.29

Plain Language Summary30

Clouds generally cool the planet due to their ability to reflect sunlight efficiently.31

To estimate this cooling in a future climate, the processes leading to cloud formation need32

to be understood. A process that current climate simulations struggle to capture due33

to their coarse resolution is the variability and patterning of cloudiness on scales on the34

order of 10-100km. In this study we ran higher resolved simulations at hm-resolutions35

by limiting the region to the downstream North Atlantic trades where the patterning of36

shallow clouds is common. Coinciding our simulations with the measurements of the EU-37

REC4A field campaign and being able to run them for over a month allowed us to pin-38

point current deficits that these higher resolved simulations have. These are in partic-39

ular the vertical cloud distribution with too little stratiform cloud amount and too much40

precipitation that hardly changes with the patterning in cloudiness. Nevertheless, the41

simulations do a good job in capturing the day-to-day variability in total cloud cover and42

its co-variability with environmental conditions justifying a further study of the phenomenon43

with these kind of simulations and ultimately improving the climate simulations on this44

aspect.45
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1 Introduction46

Clouds associated with shallow maritime convection have been recognized as a vi-47

tal contributor to the net cloud radiative effect for decades (Bony & Dufresne, 2005, Hart-48

mann et al., 1992). Both small areas with large cloud fractions and large areas with small49

cloud fractions, make important contributions to these effects. The eastern ocean basins,50

where cold ocean currents and the overlying warm air give rise to extensive cloud decks,51

is an example of a small area with a large coverage of clouds. The trade-wind regions52

typify the idea of a large region with a relatively small coverage of clouds. Often these53

limiting cases are idealized as end points of a continuous transition, as overcast regions54

break-up into scattered, randomly distributed, cumulus convection as air-masses are ad-55

vected over warmer waters by the trade winds.56

Nature is more messy, as even in the downwind trades cloudiness can vary consid-57

erably, something that Riehl (1954) already pointed out. And although scattered, seem-58

ingly random, distributions of rather shallow clouds, are observed in the downstream trades,59

the prevalence of such cloud regimes might have been over-emphasized by modeling stud-60

ies on domains too small to capture meso-scale forms of organization (Siebesma et al.,61

2003, vanZanten et al., 2011). As more modern observations began documenting vari-62

ability in the forms of organization of clouds in the trades (Rauber, Ochs, et al., 2007),63

and it became possible to simulate clouds using fine-meshes on larger (but still not par-64

ticularly large) domains (Heus & Seifert, 2013), attention began to focus on what de-65

termines how shallow convection organizes, and how this influences cloud amount (Brether-66

ton & Blossey, 2017).67

More recently research has demonstrated that variations in cloudiness in the down-68

stream trades can often be associated with recognizable meso-scale patterns (Stevens,69

Bony, et al., 2020), and how these patterns help explain differences in cloud-radiative ef-70

fects (Bony et al., 2020). Using observations, Schulz et al. (2021) has further demonstrated71

that these patterns encompass different cloud morphologies which emerge in association72

with distinct meteorological environments. These findings support the idea that changes73

in cloud amount with warming might be realized by a different selection of large-scale74

conditions, and hence a change in the mix of mesoscale cloud patterns, a possibility that75

is all the more intriguing because state-of-the-art climate models do not account for this76

variability (Nuijens et al., 2015).77
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To understand the factors that influence clouds in the trades, Large Eddy Simu-78

lation is a useful tool; all the more so as it has now become possible to perform relatively79

fine mesh simulations over very large (ca. 1000 km) domains for periods of days (Stevens,80

Acquistapace, et al., 2020). Notwithstanding the attractiveness of the approach, the lit-81

erature assessing the fidelity of the cloud representation by LES is surprisingly sparse.82

Arguably there is only one single study that quantitatively assesses the ability of LES83

to represent the structure of the cloud-topped boundary layer, and that is a case-study84

of a stratocumulus-topped boundary layer as observed during DYCOMS2 (Stevens et85

al., 2003, 2005). Attempts to similarly assess LES in cloud regimes more characteristic86

of the downstream trades have not been successful. Even without a consideration of the87

mesoscale patterning of the clouds, the lack of quantitative information about clouds (Siebesma88

et al., 2003, Stevens et al., 2001), and/or uncertainty as to the state of the large-scale89

environment (vanZanten et al., 2011), have hindered efforts to assess the fidelity of the90

LES.91

EUREC4A was devised in large part to address this knowledge gap. One of its two92

primary objectives was: ”To provide a reference data-set that may be used as a bench-93

mark for the modelling and the satellite observation of shallow clouds and circulation”94

(Bony et al., 2017). To accomplish this objective a very large number of both comple-95

mentary and redundant cloud observations were assembled during EUREC4A. The cam-96

paign also made use of extensive soundings (2614 soundings were dropped or launched97

in total) in ways that allowed to characterize the meso-scale (200 km) environment (Bony98

& Stevens, 2019) upwind of the Barbados Cloud Observatory (Stevens et al., 2021). In99

this paper we use a subset of the EUREC4A measurements to test the ability of numer-100

ical simulations over large domains, with fine (156 m to 624 m) grids, to represent the101

observed cloud fields and their co-variability with their meso- to large-scale environment.102

More precisely we ask:103

1. To what extent do the simulations capture the mean features of the observed cloud104

field?105

2. How well do the simulations reproduce the observed variability in cloudiness, par-106

ticularly in relation to meso-scale patterns of cloudiness and its co-variability with107

the meteorological environment.108
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In addressing these questions we highlight the strengths and weaknesses of state-109

of-the-art LES, and identify the limitations that future work must overcome to get the110

most out of the technique. We proceed as follows: Section 2 describes the simulation con-111

figurations, observations and the forward operators used to better compare the simula-112

tion output with measurements. Section 3 discusses the similarities of cloudiness in Large113

Eddy Simulation (LES) and observations. We conclude with Section 4.114

2 Data and Methods115

2.1 Simulations116

We focus on the downwind trades of the North Atlantic during January - Febru-117

ary 2020, a period when this area has been intensively sampled as part of the EUREC4A118

field campaign (Stevens et al., 2021). We conducted simulations with the ICOsahedral119

Nonhydrostatic (ICON) model family (Dipankar et al., 2015, Gassmann, 2013, Wan et120

al., 2013, Zängl et al., 2015) at gridspacings of 1.25 km (ICON-SRM), 624 m (ICON-624m),121

312 m (ICON-312m) and 156 m (ICON-156m). With the exception of the storm-resolving122

simulation (ICON-SRM), which is used for the initialization and to provide lateral bound-123

ary conditions for the finer mesh, all simulations are based on the large-eddy simulation124

capabilities as in Heinze et al. (2017). This branch of the model is called ICON-LEM125

in the remainder of the manuscript.126

The configuration of the different simulation domains, and how they are forced is127

summarized with the help of Table 1. The ICON-LEM domains (Fig. 1) are extended128

in the east-west direction to better align with the trade-winds and thereby maximize the129

temporal coverage of the evolution of the shallow convection. The eastern boundaries130

of the nested domains decrease with each refinement by at least two degrees to reduce131

the possibility of numerical artifacts entering the domain with the prevailing easterly trades.132

On the western boundaries less of a margin is provided, as inflow from the west only oc-133

curs at upper levels, and thus at most affects high-clouds, which were infrequent and showed134

little sign of influencing low-level cloudiness.135

The simulations were designed so that even the smallest (ICON-156m) domain would136

be large enough to capture meso-scale variability in its full extent, including all four of137

the mesoscale patterns observed and defined by Stevens, Bony, et al. (2020). As such the138

ICON-156 domain extends over 9.75° of longitude and 5.00° of latitude, and thereby cov-139
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Figure 1. Overview of simulation domains ICON-SRM (gray), ICON-624m (blue), ICON-

312m (red), ICON-156m (brown). The tracks of the platforms HALO and L’Atalante, which are

representative for the two different measurement foci of the EUREC4A campaign are shown in

orange and purple, respectively. EUREC4A-circle is shown in black. The location of the BCO

and the NTAS buoy are marked with a red star at the western and eastern part of the domain,

respectively. For a sense of scale, the MODIS image of February 12 is shown with landmasses

colored in green to brown depending on height.

ers an area spanning about 1050 km in the east-west direction, and 550 km from the south140

to the north. This makes our finest-grid domains slightly larger than the fine-grid do-141

main used by Heinze et al. (2017) and several times larger than the expected (ca. 200 km)142

size of the meso-scale structures we look to represent – as is also evident, for instance,143

in Fig. 1. For the analysis itself a common domain from 11° N - 15° N and 59.3° W - 55.3° W144

is used if not stated otherwise.145

The simulations were created as follows. First, the ICON-SRM simulations were146

performed to provide initial and boundary conditions for the LES. The ICON-SRM sim-147

ulation were initialized daily from the IFS for the period between 9 January and 19 Febru-148

ary and run for 40 h, with hourly boundary conditions taken from the IFS. The last 24 h149
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of each of these 40 h forecasts was then used to provide lateral boundary condition for150

the continuously running ICON-624m simulation, which then provided lateral bound-151

ary conditions for a one-way nested ICON-312m simulation, and so on. For the lower152

boundary, sea skin temperatures were updated every timestep based on linearly time-153

interpolated hourly ERA5 skin temperatures. Skin temperatures were chosen over SST154

because ICON does not have a skin temperature parameterization. There is a possibil-155

ity that the use of the ERA5 SST biases the simulations. Compared to the SST mea-156

sured by the R/V Meteor, the ERA5 SST is on average 0.4 K colder. The use of the skin-157

temperature introduces another 0.2 K suppression. If the cool skin-temperature estimated158

by the surface flux schemes used by the ERA5 over-states this effect (and there are some159

indications that it does) this could result in the SSTs being as much as 0.6 K colder than160

observed. A comparison of SSTs measured by the R/V Ronald H. Brown, and Saildrones,161

which operated on an area beyond the EUREC4A-circle, showed biases ranging from −0.4 K-162

0.2 K (Wick et al., 2023), putting our estimates of biases near the cold end of what they163

record. Attempting to correct these biases is however difficult, as doing so introduces the164

possibility of introducing inconsistencies with the lateral boundary conditions and pres-165

sure gradients of the re-analysis. For this reason we simply note the discrepancy and re-166

turn to its possible effects in the context of analyses where it might have some bearing167

on the results.168

Figure 2. Comparison of the simulation’s surface boundary conditions based on ERA5 skin-

temperatures (SKT) to ERA5 foundation temperatures (SST) and measurements taken on-board

the R/V Meteor at a depth of 2.1 m. For better comparison the nearest grid-cells of the model

to the ship’s track along its north-south transects at 57.245°W are used. Note that the sub-daily

variations of ERA5 SSTs are caused by this sampling strategy and are constant in space and

time within a day.
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The above procedure required the ICON-LEM simulations to be initialized only169

once. The ICON-624m was initialized from the ICON-SRM at 10 UTC on January 9th,170

and then used to initialize the ICON-312m 6 h later. Output after midnight of January171

10, 2020 is used in the analysis.172

The method chosen for specifying the lateral boundary conditions for the ICON-173

624m simulations introduces a discontinuity at 16 UTC during the transition from one174

day’s ICON-SRM forecast to the next days. This discontinuity is expected to be small175

– indeed we see no apparent impact of this daily ’re-alignment’ of the boundary condi-176

tions in our analysis – as the ICON-SRM is continually updated by the reanalysis at its177

lateral boundaries. Re-initializing the ICON-SRM each day, however, helps ensure that178

the large-scale conditions, and hence the lateral boundary conditions provided to the ICON-179

624m simulation, remain well aligned with what was observed.180

An additional nest at 156m grid-spacing, ICON-156m, is included for the period181

of February 1 to February 7. The roughly ten-fold greater computational intensity of this182

configuration precluded a longer simulation.183

2.1.1 Satellite forward simulator184

To better compare the output of the LES with satellite observations, we rely on185

the RTTOV forward simulator (Saunders et al., 2018), which is designed to emulate satel-186

lite images based on simulation output. In this study, we use the Geostationary Oper-187

ational Environmental Satellite (GOES)-16 Advanced Baseline Imager (ABI) specifica-188

tions to compare them to the actual satellite’s instrument, which covers the region of in-189

terest with a high temporal and spatial sampling of 10 min and 2 km (channel 13: 10.35 µm),190

respectively. In an attempt to get the most consistent synthetic satellite images, we made191

modifications to the most recent version of ICON (2.6.3). These modifications include192

design changes that let us use RTTOV v13 during the run time of ICON and reduce the193

amount of data that needs to be saved to disk for offline calculations. In addition, we194

use the calculated two-moment microphysics to feed both the internal RRTM radiation195

scheme and the one of RTTOV to make their input consistent.196

The synthetic satellite images are calculated every 10 minutes to match the tem-197

poral resolution of the ABI instrument. A snapshot of the animation (https://doi.org/198
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10.5281/zenodo.7567204) that visualizes the actual and synthetic satellite images for199

the complete time period is shown in Fig. 3.200

Figure 3. Snapshot of GOES-16 ABI channel 13 satellite image (left) and the synthetic coun-

terparts from ICON-624m, ICON-312m and ICON-156m (from left to right) for February 2, 2020

at 7:50 UTC. Full animation available at https://www.doi.org/10.5281/zenodo.7567204.

2.1.2 Radar forward simulator201

Past work has emphasized how the trade-wind boundary layer is sensitive to the202

distribution of cloudiness in the vertical (Brient et al., 2016, Nuijens et al., 2014, Vogel203

et al., 2022). Likewise, different patterns of mesoscale variability have been shown to be204

associated with different vertical profiles of cloudiness (Schulz et al., 2021), but past work205

suggests that it proves difficult for simulations to robustly capture this structure (At-206

las et al., 2020, Stevens et al., 2001) even when not conditioned on different patterns of207

cloudiness.208

Hence in evaluating the fidelity of the LES we also compare the vertical profiles of209

the simulations to observations. For this purpose we use a forward simulator to resem-210

ble the vertical distribution of cloudiness as seen by the Ka-Band radar positioned at211

the Barbados Cloud Observatory (BCO) (see next section), as this is well situated at the212

downstream end of our domain, and was also used in the study by Schulz et al. (2021).213

We rely on the radiative transfer simulator PAMTRA (Passive and Active Microwave214

TRANsfer package) (Mech et al., 2020) as it has successfully been used with the same215

radar frequency in earlier studies in this region (Jacob et al., 2020). PAMTRA has been216

configured similar to Mech et al. (2020) to match the two-moment microphysics scheme217

of Seifert & Beheng (2006) which has been used in the LES of this study. Hence, PAM-218

TRA is able to infer the original particle size distribution assumed by the simulations219

–10–
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from its bulk measures of mixing ratio and number concentration, which are saved ev-220

ery 60 s at the location of the BCO. PAMTRA therefore simulates reflectivities that are221

nominally consistent with the microphysical state of the LES. Although the higher mo-222

ments of the hydrometeor distribution are not strongly constrained by the bulk schemes223

used to model cloud microphysics, our use of the PAMTRA based reflectivities is lim-224

ited to the creation of a rain and cloud mask, which should limit the impact of ambi-225

guities in the forward model.226

2.2 Observations227

2.2.1 EUREC4A Observations228

Among the tremendous amount of observation platforms that were present in the229

simulated area during the EUREC4A time period, the Barbados Cloud Observatory (BCO),230

was a fixed point. The BCO is situated at Deebles Point, a windward promontory on231

Barbados (Stevens et al., 2016), an island situated near the western boundary of our sim-232

ulation domains. We used the measurements from the BCO’s vertically pointing Ka-band233

radar CORAL to detect the vertical distribution of hydrometeors. Averaging these mea-234

surements in time results in echo fractions which are a combined measure of cloud frac-235

tion and precipitation fraction. A threshold of −50 dBZ has been applied to exclude backscat-236

ter from deliquesced large sea-salt aerosols near the lifting-condensation level (Klinge-237

biel et al., 2019).238

Measurements from radiosondes launched from the BCO and ships, as well as ex-239

tensive (1068) dropsondes launched from aircraft along the EUREC4A-circle (up-wind240

of the BCO, as shown in Fig. 1)(George et al., 2021) were integrated into the global ob-241

servation system to help constrain the large-scale analysis from which boundary condi-242

tions for the ICON-SRM are derived. In the past, there had been the concern that the243

large-scale vertical winds from the reanalysis winds would not be representative of the244

observed conditions. George et al. (2022) demonstrates that the mean large-scale ver-245

tical motion observed across the EUREC4A-circle agrees well with the analysis, also when246

the sondes were not included, giving confidence in the ability of the analysis to capture247

the large-scale conditions.248

Other measurements, for instance from the vertical profiling radars on the R/V Me-249

teor and on the R/V Ronald H. Brown, from passive microwave radiometers and Raman250
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lidars that were situated at the BCO and on the R/V Meteor, remote sensing by the low-251

flying ATR and the high-flying HALO as well as in-situ measurements from the Twin252

Otter and the ATR-42 would provide additional points of reference for the simulated cloud253

amounts. These measurements are, however, not necessary to answer the questions we254

pose in this study, and are more difficult to compare to the simulations due to the mo-255

bility of the platforms, and the difficulty of generating high-frequency output that tracks256

the location of the platforms. Nonetheless, based on an identification of the simulation257

challenges, this output will be useful for more detailed analyses of further, more targeted258

simulations, also to investigate how well the downstream evolution of the boundary layer259

and the boundary layer cloud structure (for instance when the R/V Ronald H. Brown,260

the R/V Meteor and the BCO were aligned along trade wind trajectories) is captured261

by the LES.262

2.3 Classifications of meso-scale patterns263

This study uses two approaches to identify the meso-scale patterns of shallow con-264

vection. First, for identifying the days with observed canonical meso-scale patterns, we265

rely on the manual classifications done by the scientific community of the EUREC4A field266

campaign as described in Schulz (2022). The scientists inspected satellite images cap-267

tured during the EUREC4A time period and labeled regions containing Sugar , Gravel ,268

Flowers or Fish. The result of this classification for the analysis region, by day, is shown269

in Fig. 4. These days are used to sub-sample the simulations so as to test their ability270

to match the characteristics of the observations in conjunction with the observation of271

specific patterns.272

Second, we classified the simulations themselves to test whether the patterns might273

occur similar often but at different times and locations due to slightly different environ-274

ments, or simply as a result of internal variability that is poorly constrained by the larger-275

scale conditions. For this purpose, we classified both simulations and observations us-276

ing the neural network that has been successfully used in Schulz et al. (2021). The neu-277

ral network has been trained to detect the cloud patterns in GOES-16 ABI infrared im-278

ages. To apply the neural network to the simulations we used the output of the RTTOV279

forward simulator as discussed above.280
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2020-01-08

2020-01-15

2020-01-22

2020-02-01

2020-02-08

2020-02-15

2020-02-22

Sugar Flowers Fish Gravel Mixed

Figure 4. Prevailing meso-scale patterns identified by the EUREC4A community in GOES-16

ABI infrared satellite images (Schulz, 2022), here shown for the analysis region.
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Figure 5. Variability of the simulated trade-wind boundary layer illustrated by median (black

profile) and minimum/maximum (light grey) and 25/75th percentile (dark grey) of daily median

profiles for total water specific humidity (qt), liquid water potential temperature (θl), cloud water

specific mass (qc, averaged over cloudy points only), cloud fraction (cf, def. as qc > 0.) and wind

speed. Profiles of days with clear meso-scale organization are indicated by colors following the

scheme of Fig. 4: Fish (January 22), Flowers (February 2), Gravel (January 12), Sugar (Febru-

ary 6). The levels of maximum θl gradient (inversion height) are indicated with a dashed line.

For a better comparison with the median profile of the campaign’s dropsondes (dashed) that were

dropped along the EUREC4A-circle from the HALO (High Altitude and Long Range Research

Aircraft)(George et al., 2021), only the encircled area has been analysed for this figure.

3 Similarity of LES and observations281

3.1 Characterisation of environment282

Variability in the atmospheric environment, which can reflect the air-mass origins283

as well as the dynamics of its evolution along the trade-wind trajectory is thought to in-284

fluence the development of different meso-scale patterns of cloudiness. For instance, Schulz285

et al. (2021) demonstrated that anomalously warm air-masses, tend to originate from286
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lower latitudes, and result in shallower cumulus clouds (with a vertical extents a cou-287

ple of 100 meters) which are more likely to be classified as Sugar . Air-masses originat-288

ing at higher latitudes tend to be cooler, and depending on factors such as the strength289

of the subsidence or the near-surface wind-speed, align with other meso-scale patterns290

of cloudiness. Thus, in what follows we not only explore to what extent the LES rep-291

resents the observed structure of the lower troposphere, but also how it varies in asso-292

ciation with different meso-scale patterns of cloudiness.293

Fig. 5 illustrates the atmospheric boundary layer, its variability within the sim-294

ulated period, and how it co-varies with meso-scale patterns of cloudiness as identified295

by the satellite imagery. As such it presents a representative picture of the winter-time296

trade-wind boundary layer as captured by the large-eddy simulation during the period297

of EUREC4A. The simulated profiles of specific humidity, potential temperature, and wind-298

speed are broadly similar to the vertical structure as sampled by the aircraft across the299

EUREC4A-circle. The observations and simulations document a moist layer of 1.5 km300

to 3.5 km with elevated wind speeds, and a well mixed sub-cloud layer below about 600 m.301

On average the simulations show a 1 K cooler and 1 g kg−1 drier moist layer, with slightly302

stronger wind speeds through the bulk of the cloud layer. The reduction in specific hu-303

midity in the simulations is consistent with what would be expected were the relative304

humidity unchanged.1. In addition to being absolutely drier, and cooler, the simulations305

show a more continuous transition between the top of the sub-cloud layer at 600 m and306

the free troposphere (near 3000 m). The soundings document a stronger hydro-lapse, at307

about 2 km, and a better mixed cloud layer between 600 m to 1500 m.308

Systematic biases can be better quantified by comparing the meteogram output from309

the LEM with near surface observations from the Meteor. Fig, 6 provides such a com-310

parison for the near surface temperature, humidity and wind-speed. By comparing to311

the R/V Meteor measurements, we avoid possible distortion associated with the effect312

of the promontory on which the BCO measurements are situated, and temporal sam-313

pling biases, but must contend with the fact that the R/V Meteor moved north and south314

along a constant line of longitude within the eastern part of the EUREC4A-circle, while315

the meteogram output was situated a bit to the east, at a fixed position, near the east-316

1 The difference in the specific humidity for a 1 K temperature increase of air at 300 K with a fixed

relative humidity of 75 % and a pressure of 1015 hPa is 1 g kg−1.
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ern edge of the circle. The comparison confirms the ca. 1 K temperature bias, with a some-317

what less pronounced tail toward colder temperatures potentially indicative of less cold-318

pool activity. The simulated near surface relative humidity is slightly higher than ob-319

served, but this might result from a poor resolution of the surface layer. Wind-speeds320

near the surface are also slightly reduced as compared to the observations, in contrast321

to what is observed in the bulk of the boundary layer.322

When profiles from the simulations are sampled similarly to the observations, the323

thermodynamic structure above 2000 m agrees better, but as the main biases appear for324

heights below 2000 m, they cannot be explained by poor sampling. Comparisons of in-325

dividual flight days, over the 1 Feb. to 7 Feb. period which was also simulated with the326

156m nested ICON, showed that (1 K to 1.2 K cold-biases were apparent in the sub-cloud327

layer on all three flight days (2, 5 and 7 Feb) but 1.0 g kg−1 to 1.5 g kg−1 dry and −0.5 m s−1
328

to 0.5 m s−1 wind biases were only evident for the first two of these days. In both cases329

(2 and 5 Feb) the simulated cloud layer was shallower than observed. There is a notable330

and systematic reduction in the wind-speed bias as the grid-spacing was refined from 623 m331

to 156 m, but no systematic improvement in the thermodynamic structure.332
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Figure 6. Histograms of temperature (left), relative humidity (middle) and wind speed

(right). The observations are based on measurements from the R/V Meteor during its north-

south transects at about 57.245°W from 12.1° to 14.5°N. The simulation’s quantities are based on

the meteogram output at 13.3°N, 56.717°W (eastern circle edge).

The persistence of the cold bias could, in part, be explained by the sea-surface tem-333

peratures being prescribed as too cold. Compared to the R/V Meteor measurements,334

it is hard to make the case for more than a 0.6 K cold bias in the surface temperatures335

(Fig. 2), which is a factor of two smaller than the bias in near surface air-temperatures,336

hence other factors seem to be involved. That they are evident for the 2-5 Feb. period337
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helps isolate this time-period for more intensive analysis, perhaps also in comparison with338

the mixed layer budgets derived from the sounding data by Albright et al. (2022).339

Analysis of the different days shows that large changes in the structure of the cloud340

layer are apparent, as in the observations. The maximum gradient in liquid potential tem-341

perature can vary between 1.5 km to 3.5 km and even within a day. These differences are342

also evident in the variability of the inversion heights, Fig. 5. To some extent the vari-343

ability is consistent with environmental variations previously noted in association with344

the differing cloud patterns, with shallower moist layer for Flowers and Sugar , stronger345

near surface winds for Gravel and increased lower-tropospheric stability in the case of346

Flowers. The Fish pattern (January 22) is largely influenced by the cloudy part and to347

a smaller extent by the clear-sky region. As shown in Schulz et al. (2021) these regions348

can be in very different atmospheric states, making the comparison less conclusive.349

3.2 Meso-scale patterns350

3.2.1 Visual inspection351

To evaluate the ability of the simulations to capture the mesoscale patterning of352

the atmosphere we first visually inspect the spatial distribution of clouds, as was done353

to identify the cloud patterns in the original studies (e.g., Rasp et al., 2020, Stevens, Bony,354

et al., 2020). In the case of the simulated cloud scenes the visualization is based on the355

output of the satellite forward operator RTTOV. These simulated scenes are compared356

to satellite scenes observed at the same time and as shown in Fig. 7 in Fig. 8.357

This comparison demonstrates that most of the scenes match the general structure358

of the patterns with the exception of Flowers. At least qualitatively the simulations and359

observations look more like one another when paired by pattern.360

The simulated structure of Fish and Gravel align best with observations of the same361

patterns, as shown in Fig. 7. Fish shows band structures of cloudy and clear-sky patches362

and Gravel consists of much smaller patches that are roughly arranged in hexagons. Some363

clouds also rise deeper and produce stratiform clouds that are also visible for this day364

in the observations. The surface temperature field (not shown) also confirms the frequent365

and wide-spread occurrence of cold pools as are often associated with the cloud-arcs ev-366

ident on days when these patterns are evident.367
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Sugar (Feb. 6)

Gravel (Jan. 11)

Fish (Jan. 21)

Flowers (Feb. 7)

300 km

Figure 7. Meso-scale patterns of shallow convection in the trades as defined by Stevens, Bony,

et al. (2020) and observed in Moderate Resolution Imaging Spectroradiometer images of true

color channel composite. Green overlay indicates landmasses with Barbados in the western part

of the image.
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Figure 8. Overview of simulated satellite images of ICON-312m matching the cloud scenes

shown in Fig. 7. Different to Fig. 7 the simulated infrared channel of ABI is shown.

Simulated Flowers are, however, not readily distinguishable from the Sugar scene368

in the simulations. The main deficiency appears to be the failure of the simulations to369

reproduce the stratiform layers observed in association with Flowers. This deficiency is370

not remedied by a factor of four refinement in the horizontal grid (see supplemental Fig.371

S1), as differences between the ICON-624m and the ICON-156m simulations are still sub-372

stantially smaller than the finest resolution simulations and the observations. Past work373

Stevens et al. (2001), using more idealized configurations suggest that the development374

of stratiform layers is quite sensitive to the numerical representation of the very finest375

scales, rendering the ability of LES to differentiate in the development of stratiform lay-376

ers, across patterns a critical test of the method.377
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3.2.2 Fractional coverage from neural networks378

To objectively describe the capability of the simulations to represent the meso-scale379

cloud patterns, the synthetic satellite images are also classified by the neural network380

of Schulz et al. (2021). By comparing these classifications with those based on satellite381

observations, the short-comings of the simulation become more apparent.382

Figure 9. Daily mean area fraction covered by meso-scale patterns as identified by the neural

network on actual (ABI) and simulated (ICON-312m) satellite images.

Fig. 9 shows the agreement in daily area fraction A of a particular pattern as iden-383

tified in the simulation and the observations. Here we use the domain of ICON-156m (7.5N-384

17N and 60.25W-45W) as a common domain to get better statistics. A repetition of the385

analysis on the smaller domain did not reveal qualitative differences (not shown). The386

inference from the previous section that Sugar is too widespread can be confirmed by387

this analysis. Day to day variability in the area coverage of Sugar is much less in the sim-388

ulations. It is present in nearly 80 percent of the domain on all days. In the observations,389

and in contrast, the area fraction ranges between 0% and 80%. This appears mostly com-390

pensated for by Flowers, which are not identified in the simulations, but are not infre-391

quent, and on some days quite pronounced, in the observations. In case of Fish, the sim-392

ulations also falls short in representing a comparable area fraction, albeit less markedly393

deficient than for the case of Flowers. Among all the patters, Gravel best matches the394

observations.395

While most patterns do not show a strong dependence on resolution at the sim-396

ulated scales, Gravel improves its match with the observed area-fraction, Fig. 10. The397

bias in the fractional coverage of Gravel relative to the observations reduces from 35%398
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Figure 10. Difference in area-fraction occupied by patterns as identified by the neural net-

work in the model simulations and observations. Boxes indicate the interquartile range around

the median value. Whiskers extend this range by an additional 1.5 times the interquartile range.

Outliers outside of the whiskers are marked with diamonds.
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to 13%. In the coarser ICON-624m run some Flowers patches were identified, but re-399

mained largely unrepresented.400

3.3 Cloudiness401

3.3.1 Cloud cover402

Figure 11. Daily cloud cover as derived from GOES-16 ABI and its simulated counterpart in

ICON-312m. Colored markers indicate dominant meso-scale cloud patterns as detected in satel-

lite observations. The identity line is dashed in grey. Linear fits are shown for all days (grey) and

days without high clouds (black) and its intense markers.

A basic motivation for studying trade-wind clouds is to better understand what403

controls cloud amount, both in the mean and its variability. As discussed above, and in404

the other previously cited studies, cloud cover is one of the most distinguishing factors405

across the different meso-scale patterns. It is this aspect of the patterns that makes them406

interesting to study. In this section we explore how well the simulations represent the407

mean cloud cover, its vertical profile, its synoptic and diurnal variability, and how this408

varies with environmental changes accompanying the emergence of different patterns in409

the observations. Our focus in this section is on cloud cover. The effect of it and cloud410

physical properties on the radiative signature of clouds is discussed in § 3.6.411
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To compare the cloud cover of the simulations with satellite observations, we rely412

again on the brightness temperatures of measured and simulated satellite images. Sim-413

ilar to Bony et al. (2020) we define shallow clouds by a brightness temperature between414

280 K and 290 K, and denote by CB the fraction of the domain covered by such clouds.415

a)

b)

c)

Figure 12. Timeseries of cloud cover (CB) inferred from actual and synthetic satellite images

(a) and the lower quantile of brightness temperature (TB) within the domain as an indicator of

high clouds (b). (c) magnifies the time period February 1 to February 7 and includes the result of

ICON-156m. Periods that include high clouds based on the lower quantile of brightness tempera-

ture being below 290 K are indicated by gray bars in (a,c). The median and 25th/75th percentile

are indicated by thick/thin labeled major ticks. The markers on the right y-axis exclude days

with high clouds.

Day to day variability in CB agrees well with GOES-16 ABI, Fig. 11, scatters sim-416

ulated daily values of CB against what was observed. The simulated cloud cover is bi-417

ased slightly low compared to the observations, but changes in the simulated daily cloud-418

cover vary almost one-to-one (on average) with the observations.419
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Figure 13. Median diurnal cycle as anomaly to the daily mean within the time-period shown

in Fig. 12 without contributions from high-clouds.

Although the simulations appear to capture variations in day-to-day cloud cover420

on average, there is considerable variability, and there are days where the observed CB421

are in the upper quantile of its distribution, while the simulated CB is in its lower quan-422

tile. Discrepancies are most apparent in the time-series, e.g. between January 21 and423

January 27, in association with colder lower-quantile brightness temperatures (Fig. 12b)424

indicative that the domain is contaminated with high clouds. Cases where the lower-quantile425

drops below 290 K are marked with a gray horizontal bar in Fig. 12a. Fig. 12, however,426

also highlights that factor of two discrepancy in cloud amounts can appear on days with-427

out high-clouds, for instance on 6 Feb. 2020, which has been classified as dominated by428

Sugar in the observations.429

The simulations appear to roughly capture both the variability of CB across days,430

as it varies with synoptic conditions, and variability within a day. To better quantify the431

simulation of the diurnal cycle of CB without the contributions of high clouds we focus432

on the 1-7 Feb period, as this is relatively free of high clouds and also allows an inves-433

tigation of resolution sensitivity. The time-series of CB over this period is presented in434

Fig. 12b, and as a composite in Fig. 13. The mean CB over this period is observed to435

be 5.3% (GOES-16 ABI) and 8.3%, 6.5%, and 5.1% for ICON-624m, ICON-312m, and436

ICON-156m respectively. However, this improvement with resolution holds only true on437

average for this time-period. Across all days without high-clouds during the simulated438

period the observed cloud cover is 9.0 %, while the model simulates 10.2 % (ICON-624m)439

and 8.4 % (ICON-312m). Because the cloudiness reduces systematically with increasing440

resolution, the bias to the observations on a day-by-day basis varies and does not always441
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improve. The coarser resolution run achieves particularly better agreement with the ob-442

servations when stratiform clouds are observed. Previous work which shows a sensitiv-443

ity to grid aspect ratio (Kazil et al., 2021, Stevens et al., 2001, 1999) emphasizes how444

for many of these quantities the resolution remains marginal or even insufficient to pro-445

vide precise quantitative estimates.446

The amplitude of the observed diurnal cycle is 7%, and 8%, 7% and 5% for ICON-447

624m, ICON-312m and ICON-156m, respectively. The simulations show a clearer max-448

imum in cloudiness at about 04 LT, which decreases through the morning and into the449

early afternoon. In contrast, the observations show cloudiness to be more constant through450

the early morning hours, with some evidence of an early morning peak. This is attributable451

to strong peaks on particular days (Fig. 12) that are not represented by the simulations.452

Qualitatively our results agree with Vial et al. (2019) but show an overall lower ampli-453

tude in the diurnal cycle. Besides different definitions of cloudiness, the simulated time-454

period of the NARVAL campaign was particularly cloudy (Vial et al., 2019).455

3.3.2 Vertical cloud distribution456

The vertical distribution of cloudiness is important for structuring the cloud albedo,457

but also for the development of cloud microphysical processes. In addition to assessing458

how well this is represented across the EUREC4A period we also explore how it varies459

as a function of the observed meso-scale pattern of cloudiness, as Schulz et al. (2021) doc-460

umented systematic variations in the vertical structure of cloudiness across patterns.461

For this purpose we examine the vertical distribution of cloudiness by means of the462

high-frequency (60 s) ICON-LEM column output (meteogram) at the location of the BCO.463

As described in Sec. 2.1.2, the output has been converted to reflectivity to facilitate com-464

parison with the BCO radar data, for this reason we adopt echo fraction CE(z) as our465

measure of cloudiness.466

On average the simulated CE(z), shows a typical trade-wind profile (Fig. 14a) with467

a peak in cloudiness at the lifting condensation level at around 800 m and a slowly de-468

creasing cloudiness to the trade-inversion at about 2 km (Siebesma et al., 2003, Stevens469

et al., 2001). The simulations show a tendency toward a more bottom heavy profile of470

cloudiness, with an overestimate that is largest near the LCL and through the sub-cloud471

layer. This difference reduces with resolution, from 10 %(ICON-624m) to 5 %(ICON-312m).472
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Figure 14. Cloud fraction variability for entire simulation period (a) and for the subsection

of Feb 1 to Feb 7 when ICON-312m was also active (b). Standard error is shaded. Labeled ticks

mark height and extent of maximum cloud fraction and height of the inversion based on the

radar observations in former and soundings from Stephan et al. (2021) in the later. Colored ticks

indicate the identical values for the simulations. The inversion height is defined as the height of

the maximum vertical gradient of the liquid potential temperature (θl).

For the 1-7 Feb period, the differences are also apparent, but less so for the ICON-156m473

simulation (2 %) (Fig. 14b). These biases extend to the near surface echo fraction, which474

suggests that they are associated with precipitating hydrometeors, either drizzle or rain.475

The better correspondence to the observations with improved resolution is apparent at476

all levels, also in the near-surface echo fractions, and is consistent with earlier studies477

of more idealized cases (Stevens, Acquistapace, et al., 2020).478
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m

Figure 15. As Fig. 14 but here for days where meso-scale patterns were identified in the

observations following Schulz (2022). N defines the number of days found for each group.

Compositing CE(z) over days associated with observations of particular meso-scale479

pattern allows us to test the pattern dependent skill of the simulations. The separation480
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reveals that the differences between simulations and observations do depend on the ob-481

served meso-scale context. The best resembled profile of CE(z) is the one of Gravel . The482

cloudiness at the lifting condensation level is well matched, especially for the higher res-483

olution run. Further aloft it follows closely the observed distribution. For Gravel the main484

discrepancies are below the lifting condensation level, where the echo fraction indicates485

more precipitation.486

The simulations overestimate the near-surface echo fraction (which we associate487

with rain or drizzle) not only for Gravel , but also for Sugar , Flowers and the overall av-488

erage as well. The underestimation of rain frequency in case Fish, along with its gen-489

erally lower vertical extent, hint to a reduced activity of the remaining frontal system490

that is thought to structure the Fish patterns (Schulz et al., 2021). This analysis also491

points out how the simulations are limited by sample size for large-scale patterns such492

as Fish. Only one Fish passed the Barbados Cloud Observatory, albeit over three days493

between January 21 and January 23. Nonetheless, given the point-wise comparison, co-494

location biases make it difficult to establish the source of differences between the observed495

and simulated profiles. The supplemental movie shows that this Fish pattern was well496

developed and passed over the observatory also in the simulations (https://www.doi497

.org/10.5281/zenodo.7567204). However, it also reveals that in the simulations the498

pattern developed stronger in the east and decayed earlier in the west where the BCO499

is located. This development explains the shallower and more suppressed convection that500

resembles Sugar on January 24th and the reduced occurrence of deeper (3 km to 4 km)501

clouds in the mean.502

The issue of representing the cloud fraction at the base of the trade-wind inversion,503

zi, becomes again apparent and especially visible in the case of Flowers. CE(zi) is par-504

ticularly underestimated. The simulations also struggle to represent Sugar . While this505

pattern distinguishes itself from Gravel , as in the observations through a lack of deeper506

clouds, the profile of CE(z < 2 km) is more similar in the simulated Sugar and Gravel507

than is observed, this includes values of CE(z = 0 m), which for the observed cases of508

Sugar vanish, but which remain similar between Gravel and Sugar in the observations.509
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3.4 Precipitation510

While the above sections have shown that the echo fraction below cloud base and511

therefore the rain frequency is too high on average, their daily anomalies agree reason-512

ably well. (Fig. 16). Both observed and simulated anomalies approach 30 %. The out-513

liers seen in Fig. 16 in the lower right quadrant are for January 18 and January 19, when514

the clouds were organized by a large-scale system that developed a strong large-scale con-515

trast in cloudiness with the Barbados Cloud Observatory residing mostly in the clear-516

sky area. In the simulation the organization was less strong and positioned closer to the517

location of the Barbados Cloud Observatory leading to the large offset. The opposite is518

true for January 23 during the passage of the Fish pattern, when the pattern passed the519

BCO closer in reality (upper left quadrant).520
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Figure 16. Echo fraction at 300 m ASL at the Barbados Cloud Observatory location is rep-

resentative of the rain fraction. Daily anomalies of rain fraction to the entire time series are

plotted for radar observations and the ICON-312m simulation. Standard error is calculated based

on rolling windows of four hours and indicated as daily average. Grey dashed line indicates the

one-to-one line. Grey markers represent days with high clouds.

The distribution of echo intensities contributing to the echo fraction differ more sub-521

stantially between the observations and simulations. This is shown in Fig. 17 which com-522

pares the echo intensity distribution at three heights. Below cloud base the observed echo523

intensities are more uniformly distributed, with echos between −50 dBZ to −25 dBZ be-524

ing found as often as echoes between −25 dBZ to 0 dBZ. In the simulations it is rather525
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rare to sample echos less than −25 dBZ, which is compensated by echos around −15 dBZ526

being twice as frequent as observed. Also stronger echos, indicative of more intense rain,527

are much less likely in the simulations, although differences are exaggerated by the sat-528

uration of the near-surface radar return at about 15 dBZ. Near cloud base the observa-529

tions also show the emergence of a second mode, with the frequency of echos increasing530

as the reflectivity decreases below −25 dBZ. The opposite behavior in the simulations531

likely highlights the inability of the simulations to represent the deliquescence of large532

cloud condensation nuclei, which were shown by Klingebiel et al. (2019) to be quite com-533

mon at the BCO. At 1500 m where echos are expected to reflect the onset of more ac-534

tive coalescence of the lofted hydrometeors, rather than a mixture of precipitation from535

above with the in-situ microphysical development of aerosol and cloud droplets, the match536

between the simulations and observations is better, albeit perhaps less variable in the537

simulations. This comparison suggests that matching the observed echo distributions presents538

itself as a critical test of the ability of LES to represent the microphysical evolution of539

trade-wind clouds.540
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Figure 17. Reflectivity histograms based on radar observations at the BCO and their syn-

thetic counter-part for the simulations within the subcloud-layer (300 m), around the cloud base

height (750 m) and above (1500 m).

3.5 Environmental influence on cloud fraction541

As demonstrated by Nuijens et al. (2009) for trade-wind clouds observed during542

the RICO field study (Rauber, Stevens, et al., 2007), and Schulz et al. (2021) for meso-543

scale patterns of cloudiness, cloud amount co-varies with differences in environmental544

factors such as wind-speed or stability. Cloud fractions tend to be less in anomalously545
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warm environments with low wind-speeds, while higher echo-fractions are often present546

in colder regimes under strong inversions and with stronger winds. Here, we test the co-547

variability of cloudiness with the environmental factors, albeit independent of the clas-548

sification of patterns of cloudiness.549
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m

Figure 18. Dependence of echo fraction on daily averaged environmental conditions (left to

right: 10m wind speed, 2m-temperature, lower tropospheric stability and precipitable water) in

both observations (black profiles) and simulations (colored profiles). The 25th-75th percentile

range of environmental conditions are shown in the lower panel. Observations: black; ICON-

624m: red; ICON-312m: orange.

Fig. 18 illustrates how CE(z) varies with the three most common environmental550

conditions correlating with meso-scale variability, wind-speed, temperature and inver-551

sion strength, as identified by Bony et al. (2020) for both observations and simulations.552

In addition, we also explore co-variability of CE(z) precipitable water (PW), as Nuijens553

et al. (2009) identified this as a controlling factor. Despite differences in the distribu-554

tion of environmental factors (Fig. 18b), the near mirror symmetry between the observed555

profile of the 25th and 75th percentiles of CE(z) and those simulated, measures the sim-556
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ilarity between the two, something which is relatively in dependent of resolution. Tem-557

perature and precipitable water separates the cloud-fraction profiles best compared to558

LTS and wind speed. The sensitivity to precipitable water was also seen (in their case559

for θe) in the analysis of trade-wind clouds during RICO (Nuijens et al., 2009). While560

the simulations lack cloudiness around 2km in the low temperature case, and to some561

extent at low wind-speeds, the shallower clouds in the warm case are well resembled. No-562

tably, the precipitation change is captured well when comparing the echo fractions of the563

lowest levels, but is generally too strong.564

Although wind-speed has been identified to distinguish well between the different565

meso-scale patterns (Bony et al., 2020, Schulz et al., 2021) it mostly acts along patterns566

of similar cloud fractions (see Fig. 3 of Bony et al. (2020)) and separates Gravel from567

Sugar and Fish from Flowers. The similar profiles for both wind-speed quantiles in the568

observations is consistent with such behavior. The simulations show more of a differen-569

tiation, something also seen in the analysis by Nuijens et al. (2009) across the lower and570

middle terciles in cloudiness. Based on the analysis of meso-scale patterns of variabil-571

ity we would expect a greater differentiation among quantiles for the LTS, this is how-572

ever not evident in either the observations or simulations, similar to what was found by573

Nuijens et al. (2009) and perhaps indicative of a lack of Flowers in both that and the574

present study.575

3.6 Radiative effects576

In this section we return to the question of cloud cover, as seen through the effect577

of clouds on the irradiances at the top of the atmosphere. These are, after all, the ef-578

fects that underpin our interests in trade-wind clouds in the first place, and the patterns579

of cloudiness which are shown to modulate them.580

Here we use the Clouds and the Earth’s Radiant Energy System (CERES) Syn-581

optic (SYN) 1 degree (SYN1deg) product which is enhanced with geostationary satel-582

lite data to capture the diurnal cycle (NASA/LARC/SD/ASDC, 2017). This introduces583

a potential bias as the interpretation of the geostationary data is based on modelling,584

whose fidelity on a day-to-day basis has (to our knowledge) not been investigated but585

is of importance when capturing the cloudiness of meso-scale cloud pattern in the trades586

(Vial et al., 2021).587
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Overall the simulations reasonably represent the day-to-day variability in the top-588

of-atmosphere irradiances. Fig. 19(a) shows how well the simulated top-of-atmosphere589

outgoing irradiances matches observations. The distribution is well balanced along the590

identity line, more so when cases with high-clouds are excluded. There is a net bias of591

about 5.5 W m−2, with the simulations cooling less than observed. In both the obser-592

vations and the simulations, Flowers with their large stratiform layers (at least in the593

observations) and dry free-troposphere are associated with days that radiate more heat594

to space in the net as compared to Gravel days which are close to a net zero at the top595

of the atmosphere.596

Simulated cloud radiative effects agree less well with the observations. Fig. 19(b),597

and (c) compare the daily anomalies, the net cloud radiative effect is dominated by the598

shortwave component and is presented in panel (d). Day-to-day variability in the long-599

wave cloud radiative effect is much smaller in the simulations than in the observations,600

and shows very little relationship to the observed. These biases may arise from thin high-601

clouds in the observations that are not present in the simulations, and whose effects are,602

by virtue of their thinness, not identified in our efforts to filter days with possible high-603

cloud contamination. Even for the shortwave, the correlation between the observed and604

simulated cloud radiative effects is in the right sense, but not strong, and substantially605

less than that for the cloud amount. While our suspicion is that most of the biases arise606

from deficiencies in the simulations, given the way in which CERES must infer the di-607

urnal cycle using angular distribution models, which may not be optimized for shallow608

clouds, it is also not immediately obvious to what extent the measurements are free of609

random errors.610

As to be expected the net cloud radiative effect, is dominated by the short-wave611

component, but due to the deleterious effect of the long-wave cloud radiative effects, its612

simulated value correlates even less well with the observations. This analysis, underlines613

the difficulty of quantitatively simulating cloudiness, even with relatively fine mesh and614

large domain simulations, perhaps not something that is unexpected given the sensitiv-615

ity of idealized simulations to the details of their implementation (numerics) (Stevens616

et al., 2001) and assumptions that remain in parameterized processes.617
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Figure 19. (a) Net TOA fluxes of ICON-312m and CERES. (b,c,d) Daily anomaly of cloud

radiative effect relative to the studied time-series average (faint markers: entire time-series; bold

markers: days with low clouds only). Colored markers indicate dominant meso-scale cloud pat-

terns as detected in satellite observations.

4 Conclusion618

The ability of large-eddy simulation to quantitatively capture the mean structure619

of the trade-wind boundary layer, and the clouds that form within it, has been evalu-620

ated using data collected from the EUREC4A field study.621
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Simulations were performed using the ICON model for 41 days from 10 January622

through 20 February 2020, over exceptionally large domains spanning the trade-wind do-623

main and time period of EUREC4A. Simulations were performed using multiple nests,624

with gridspacings of 312 m and 624 m, and with a yet finer inner nest for an additional625

seven day period between 1 and 7 February. The domain of the inner most nest spanned626

slightly more than 1000 km in the zonal direction, from 59.75°W to 50°W, and 500 km,627

from 10.5°N to 15.5°N in the meridional direction. The coarser mesh simulations encom-628

passed progressively larger domains and provided lateral boundary conditions for the finer629

mesh. The coarsest mesh simulation received boundary forcings from a yet larger do-630

main storm-resolving simulation (1250 m horizontal mesh). For this purpose the last 24 h631

of the storm resolving simulations were used, with these initialized at 0 UTC for every632

day and run for 40 h, with lateral boundary conditions interpolated between hourly up-633

dates of the reanalysis. The simulations are, if not unprecedented, unusual by virtue of634

their computational intensity, and the way they are constrained to capture the large-scale635

meteorological conditions as observed during EUREC4A.636

The simulation strategy, whose large domains enable the simulations to capture the637

scale at which trade-wind clouds organize, combined with the measurement strategy that638

statistically sampled the boundary layer over a large meso-scale region, provides a ba-639

sis for quantifying the ability of coarse grid large-eddy simulation to represent the trade-640

wind boundary layer and trade wind clouds, something that, until now, has not been pos-641

sible. The evaluation is further aided through the use of the forward operators RTTOV642

and PAMTRA to allow for a more quantitative comparison to both satellites and surface-643

based cloud radars. The satellite simulator (RTTOV) also enabled the use of a neural-644

network based pattern classification scheme trained on labeled observations.645

The simulations are shown to reasonably represent the mean structure, as measured646

by the profile of winds, clouds, and thermodynamic variables of the trade-wind bound-647

ary layer measured during EUREC4A. The match is not perfect, with the simulated bound-648

ary layer being cooler (1 K) and drier (1 g kg−1) than the observed boundary layer, for649

reasons that may partly be due to a 0.4 K to 0.6 K under-estimate of the sea-surface tem-650

peratures by the reanalysis. The simulated boundary layer also shows less differentia-651

tion between the cloud and inversion layer than is observed, also in the mean. The sim-652

ulations are able to capture differences in the meso-scale structure underlying different653

meso-scale patterns of cloudiness, but have difficulty in fully representing the cloud-forms654
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that accompany these patterns (Schulz et al., 2021). In particular there is a deficit of655

stratiform clouds in association with the Flowers pattern, following the taxonomy of Stevens,656

Bony, et al. (2020), and Sugar is more wide-spread than observed.657

The observed coverage of low-clouds, of about 9.0%, is well captured by the sim-658

ulations, ironically somewhat more so on the coarser grids, as cloud cover progressively659

decreases from 10.2% to 8.4% for the 624 m and 312 m simulations respectively, suggest-660

ing that the goodness of fit at coarser resolution may benefit from compensating errors.661

The simulations also well represent day-to-day variability in cloudiness, and the mean662

diurnal cycle – whose amplitude is about 6 %, or half of the mean – increasingly so as663

resolution is refined.664

The vertical distribution of cloudiness, as measured by the echo fraction at the Bar-665

bados Cloud Observatory and compared to a vertically pointing cloud radar at that site,666

agrees reasonably well with the observations. The simulated cloud fractions maximize667

near cloud base, at about 800 m, and decay over a roughly 2 km cloud layer. The sim-668

ulations tend to slightly over-estimate cloud base cloudiness and under-estimate cloudi-669

ness near the base of the trade inversion, with again too little differentiation between the670

cloud and inversion layers. The vertical structure of cloudiness improves markedly with671

the refinement of horizontal resolution, but even at 156 m grid-spacing the inversion layer672

and its clouds are still poorly differentiated from the cloud layer. Compositing across canon-673

ical patterns of mesoscale organization highlight the challenge the simulations have in674

representing Sugar . While prevalent in the simulations, simulated Sugar is character-675

ized by cloud-base cloud fractions that are a factor of two to large, and simulated Flow-676

ers days show little sign of enhanced stratiform cloudiness. All in all, the simulations677

mainly differentiate Sugar from Flowers from Gravel by progressively deepening the cloud678

layer, but not otherwise changing the vertical distribution of echo fraction, in marked679

contrast to the observations. Despite the difficulty in differentiating among meso-scale680

cloud patterns, the simulations show cloudiness varying with environmental conditions681

in ways that mimic the data, with precipitable water, near surface temperatures and wind682

speeds most clearly influencing cloud amount.683

The simulations tend to over-estimate the echo fractions in the sub-cloud layer, in-684

dicative of too much, perhaps too light, precipitation. They also represent a much nar-685

rower distribution of echo intensities at cloud base and in the sub-cloud layer than is seen686
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in the radar data. The day-to-day variability, i.e., the variation in precipitation with syn-687

optic conditions, appears to be reasonably well captured, as is the reflectivity distribu-688

tion within the cloud layer. If anything, the simulations show a greater sensitivity to wind689

speed than is observed.690

Despite the on average well simulated cloud cover and net TOA radiation, day-to-691

day anomalies in cloud radiative effects as measured by CERES prove difficult to repro-692

duce. Day-to-day variability in long-wave cloud radiative effects is uncorrelated, or per-693

haps even negatively correlated with the observations, and short-wave cloud radiative694

effects are only weakly correlated with the data. The cause for the poor match between695

observed and simulated cloud radiative effects merits further investigation, also with pos-696

sible limitations in the data in mind.697

For investigating these effects, but also other biases such as the overly cool and dry698

boundary layer, and the difficulty in developing a stratiform cloud layer, we show that699

the seven day period between 1-7 February may suffice. This period is particularly use-700

ful for a more in depth study as it encompasses two periods of Flowers and one of Sugar ,701

which presents some of the greatest challenges for the simulation. Past experience sug-702

gests that using less diffusive numerical methods can favor the development of stratiform703

clouds, but often also in situations like for Sugar , when they do not form. Hence, sim-704

ulating both with quantitative fidelity poses a critical test for hecto-meter scale simu-705

lations and the turbulence and microphysical models that accompany them.706

EUREC4A measured a wealth of data, only a small amount of which is used here.707

For instance additional cloud radar data is available from research vessels and research708

aircraft, as is water vapor profiling, and passive microwave measurements capable of con-709

straining cloud water. This analysis has only scratched the surface of the available data,710

but sufficiently so to reveal the main challenges for LES to quantitatively represent ob-711

served boundary layer clouds in the trades, and in particular their tendency to form pat-712

terns of meso-scale organization.713

5 Open Research714

The simulation output and observations from the EUREC4A campaign are freely715

available and can be easily accessed via the EUREC4A-Intake catalog at https://github716

.com/eurec4a/eurec4a-intake as described at howto.eurec4a.eu. The processing scripts717
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are available at doi.org/10.5281/zenodo.7591546. GOES-16 Advanced Baseline Im-718

ager Level 1b radiances are available at doi.org/10.7289/V5BV7DSR and were converted719

with Raspaud et al. (2019) to brightness temperatures. MODIS imagery originates from720

the NASA Worldview application (https://worldview.earthdata.nasa.gov), part of721

the NASA Earth Observing System Data and Information System (EOSDIS). The ERA5722

output used in this study (Hersbach, H. et al., 2018) has been provided by the Climate723

Data Store. The Clouds and the Earth’s Radiant Energy System (CERES) product used724

is available at NASA/LARC/SD/ASDC (2017)725
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Figure S1. Like Fig. 8 but for the ICON-624m simulation.
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