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Previous modeling studies have come to mixed conclusions
as to how changes in different surface propertiesmay affect
cloud updraft velocities in seeking to explain observed land-
ocean contrasts in convective intensity. Here we show that
varying surfaceBowen ratio in idealised radiative-convective
equilibrium simulations over both homogeneous and het-
erogeneous surfaces does not result in significant changes
to the intensity of convective storms as measured by high
percentiles of the updraught velocity distribution. While
both a deeper boundary layer and heterogeneity of the sur-
face can lead to a change in the cloud size distribution and
consequent changes in cloud entrainment, we find that this
only marginally affects the intensity of the strongest up-
draughts. These results are explained by appealing to a
model of convection as a spectrum of entraining plumes.
According to this model, updraft strength is primarily sensi-
tive to the width of the distribution of entrainment among
the spectrum of plumes. This is because entrainment sets
both the profile within cloud updrafts and the mean lapse
rate of the troposphere. If cloud sizes are increased, en-

Abbreviations: SBR, surface Bowen ratio; LHF, latent heat flux; SHF, sensible heat flux; RCE, radiative convective equilibrium; RH, relative humidity; CAPE,
convective available potential energy.
*Equally contributing authors.

1



2 Emmanuel Sarbeng

trainment is reduced, and this both protects clouds from
their unsaturated environment but increases the stability
of the troposphere; each of these effects have countervail-
ing influences on cloud updrafts.
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1 | INTRODUCTION28

Multiple observation studies (e.g., Lucas et al., 1994; Christian et al., 2003; Zipser et al., 2006; Liu and Zipser, 2015)29

using different intensity metrics have argued that convective storms that form over land are substantially deeper30

and stronger than those that form over the ocean. Common metrics that have been used in assessing the intensity31

of storms include lightning flash rate (e.g., Zipser et al., 2006), overshooting distances of convective clouds into the32

stratosphere (e.g., Liu and Zipser, 2005; Hong et al., 2008), and the updraft velocity in convective clouds (e.g., Lucas33

et al., 1994). For all these measures, continental storms have been shown to be substantially more vigorous than their34

oceanic counterparts.35

To help explain the large land-ocean contrast in storm intensity, Williams and Stanfill (2002) hypothesized a link36

between the intensity of storms over land and some physical characteristics peculiar to the land surface. Specifically,37

they highlighted the high boundary layer depth, high aerosol concentration, heterogeneous nature of the land surface,38

and strong diurnal cycle of temperature as characteristics that plausibly enhance the intensity of storms that form39

over land. However, a full theoretical understanding of the relative importance of these different surface features40

remains lacking. In this study, we focus on two of these characteristic features of the land surface, high boundary layer41

depth and spatial heterogeneity of surface fluxes, to assess their linkage to storm intensity in an idealized radiative-42

convective equilibrium (RCE) setting using a cloud resolving model.43

As a result of the different partitioning between sensible and latent heat fluxes, the boundary layer tends to be44

substantially deeper over land surfaces compared to over the ocean (Avissar and Schmidt, 1998). A key measure of45

this partitioning is the surface Bowen ratio (SBR), given by the ratio of the sensible heat flux to the latent heat flux,46

which has been shown to be closely related to the boundary layer depth over much of the tropics (Kang and Bryan,47

2011). Lucas et al. (1994) argued that the width of convective clouds scale with the size of boundary layer thermals;48

therefore, clouds that form over surfaces with higher Bowen ratio are rather wider at birth because the boundary layer49

is deeper. Such clouds therefore experience less dilution through mixing with the environment, potentially allowing50

them to achieve higher velocities.51

Williams et al. (2004), using observations over islands of different sizes, affirmed that variations in boundary layer52

depth provide a plausible candidate in explaining the land-ocean contrast in storm intensity. A modelling study by53

Kang (2016) on the diurnal cycle of convective clouds with prescribed surface fluxes showed that afternoon con-54

vective storms were wider and more vigorous in cases with high SBR compared to those with low SBR. However,55

a contrasting study by Hansen and Back (2015) with no imposed diurnal cycle explored the sensitivity of different56

convective intensity metrics to changes in SBR in both RCE and initial-condition simulations, concluding that varying57

the boundary layer depth has little to no effect on the strength of convective storms as measured by high-percentile58

updraft velocity. Hansen and Back (2015) found the argument of deeper boundary layer depth leading to wider clouds59
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and less entrainment made by some studies (e.g., Williams and Stanfill, 2002; Williams et al., 2005) to be partially true;60

whereas the deeper boundary layer depth resulted in wider clouds, it did not lead to stronger convection, and the61

convective entrainment was found to be independent of the boundary layer depth.62

The contrasting findings in the different studies may be attributed to a number of reasons including the experi-63

mental design, the numerical model used, and the metrics used in assessing the strength of the convective storms. It64

is also important to note that most studies that show intense storms over surfaces with a deeper boundary layer have65

an imposed diurnal cycle in their experimental design, the coupled effect of these two surface features (high SBR and66

strong diurnal cycle of temperature) may be the reason for the enhanced convection over land in these studies, and67

possibly the reason for the difference in their results from studies that only consider the boundary layer depth of the68

land surface.69

Heterogeneity of the land surface has also been suggested as a surface feature with potential control on the70

intensity of storms that form over land (e.g., Hansen and Back, 2015; Romps et al., 2018). For example, a number71

of studies have investigated the acceleration of the transition from shallow clouds to deep convective clouds over a72

heterogeneous land surface compared to a homogenous one. However, these studies do not focus on the intensity73

of deep convective clouds once they reach full maturity. A key goal in this study is therefore to understand how the74

intensity of deep convective clouds respond to a defined heterogeneous land surface within a radiative-convective75

equilibrium framework.76

The land surface is made of different orographic features and vegetative cover, producing spatial differences in77

soil wetness and surface roughness and introducing heterogeneity at a variety of scales (Avissar and Schmidt, 1998).78

The nonuniform heating of the heterogeneous land surface results in spatial differences in surface fluxes which affect79

the state of the atmospheric boundary layer (Rieck et al., 2014; Wu et al., 2015b). For example, spatially varying soil80

moisture may produce patches of low (dry patch) and high (wet patch) evaporative fractions, which ultimately lead to81

different partitioning between the sensible heat flux (SHF) and latent heat flux (LHF) over the patches.82

High resolution modelling studies on the effect of land surface heterogeneity on convection (e.g., Giorgi et al.,83

1997; Avissar and Schmidt, 1998; Kang and Bryan, 2011; Rochetin et al., 2017; Lee et al., 2018; Knist et al., 2019) have84

found that surface heterogeneity induces mesoscale circulations that result in enhanced updraft velocity and faster85

transitioning of shallow to deep cloudsmainly over regionswith high SHF (dry patch). Lee et al. (2018) performed large-86

eddy simulations (LES) in which heterogeneity was introduced through a prescribed spatially varying SHF and found87

that shallow clouds that were able to transition into deep clouds formed mainly over the dry patches. They attributed88

this to the secondary circulation induced by the heterogeneity of the domain. They found that only simulations with89

heterogeneity patch size greater than 5 km could induced such circulations, highlighting the importance of the spatial90

scale of heterogeneity. A similar study by Rieck et al. (2014) also showed that shallow clouds transition faster into deep91

clouds over heterogeneous surfaces with large patch size compared to those over homogeneous surfaces. However,92

similar cloud size distributions were found regardless of the heterogeneity patch size simulated. While the above93

studies demonstrate the effect of heterogeneity of surface fluxes on the initiation and transitioning of clouds, there94

are still outstanding questions as to whether and how a heterogeneous surface affects the peak intensity of storms.95

Here we perform series of relatively high resolution simulations aimed at assessing the effects of varying SBR96

over both a homogeneous and heterogeneous domain on the intensity of storms as measured by high percentile97

updraught velocity. We vary the SBR by altering the moisture availability of the surface, guided by the available98

literature and hypotheses on land surface features and storm intensity. For each idealized RCE simulation, we are99

interested in finding the relationship between the SBR, the cloud size distribution, the convective available potential100

energy (CAPE), the dilution of the cloud core by environmental air (entrainment) and the resulting convective strength.101

We also run simulations for different heterogeneity patch sizes to assess whether the intensity of storms is affected102
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by the size of the heterogeneous surface.103

Although simulations of RCE present their own limitations, RCE has been shown to be an ideal tool for estimating104

convective processes and the sensitivity of deep clouds to specific surface features (Rochetin et al., 2014). The idea105

here is to test the response of the intensity of convective storms to different surface features. Our approach therefore106

does not seek to replicate real-world convection scenarios.107

The rest of the paper is structured as follows; we first describe the model setup and simulations (section 2). We108

then present results for the intensity of updrafts and its relationship to the cloud size distribution (section 3). We109

analyze the linkages between the surface moisture availability and its heterogeneity and large scale parameters like110

CAPE by applying a simple entraining plume representation of convection (Section 4). We finally recap the main111

findings and present conclusions (section 5).112

2 | MODEL DESCRIPTION AND SETUP113

We run simulations to radiative-convective equilibrium (RCE) using version 6.11.2 of the System For Atmospheric114

Modeling (SAM; Khairoutdinov and Randall, 2003). All simulations are conducted with a horizontal grid spacing of115

500 m over a doubly periodic domain of 128 km × 128 km and 64 vertical levels. The simulations are non-rotational116

and have no imposed background flow. Subgrid-scale turbulence andmicrophysics are parameterised using a 1.5 order117

TKE closure and Morrison two-moment microphysics scheme, respectively. Surface fluxes are evaluated using bulk118

aerodynamic formulas with transfer coefficients calculated usingMonin-Obukov similarity theory. These formulas are119

altered to introduce variations in the moisture availability as described below.120

Our simulations utilise the fully interactive Rapid Radiative Transfer Model scheme (RRTM; Clough et al., 2005). There121

is no diurnal cycle in our simulations, we assume a constant solar flux of 551 W m−2 and a zenith angle of 42.05◦. All122

simulations are run in 3D for a total of 50 days with statistics sampled at 30 minute intervals. Data from the last 20123

days of the simulations are used in all analysis.124

2.1 | Altering the available surface moisture125

The first set of simulations follow the approach of Hansen and Back (2015) to assess the effect of boundary layer depth126

on the intensity of convective storms over a homogeneous surface. An important control of the tropical boundary127

layer depth is the Bowen ratio, with the land surface generally having a higher Bowen ratio and consequently a deeper128

boundary layer than the ocean surface.129

Here we alter the Bowen ratio in our RCE simulations by the introduction of an evaporative conductance param-130

eter (α ) into the bulk equation for the latent heat flux. The latent heat flux (LHF) is given by:131

LHF = αCe |v | (qs − q ), (1)
where Ce is the bulk transfer coefficient, |v | is the magnitude of wind speed, qs is the surface saturated specific132

humidity, and q is the near-surface specific humidity. The α value so introduced increases or decreases the latent133

heat flux; a higher α value results in higher latent heat flux and vice versa.134
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2.2 | Simulations135

For our control simulation, we use an α value of 1 which represents a simulation with higher latent heat flux (low136

SBR) typical of a tropical ocean-like surface (hereafter, HOM). For our homogeneous land-like simulation (hereafter,137

HOML), we use an α value of 0.25.138

Extending the work of Hansen and Back (2015), we also run simulations over heterogeneous land-like domains139

to assess the impact of horizontal gradients of moisture availability and SBR on the intensity of convective storms.140

Heterogeneity is imposed over our domain in a checkerboard pattern with alternating α values of 1 and 0.25 to141

represent low SBR (cool and wet patch) and high SBR (warm and dry patch) regions respectively. We run four different142

simulations HET8, HET16, HET32 and HET64 to represent simulations over a heterogeneous land-like surface with143

patch sizes of side length 8 km, 16 km, 32 km and 64 km, respectively. For all land-like simulations, we devise an144

iterative approach to maintain a similar free-tropospheric temperature profile in each simulation, as described below.145

2.3 | Maintaining a similar free-tropospheric temperature profile146

As noted by Hansen and Back (2015), lowering the α value to differentiate simulations over ocean and land sur-147

faces result in cooling of the lower free troposphere and therefore requires a corresponding increment of the SST to148

ensure a relatively similar free-tropospheric temperature profile in the simulations. This is important because the free-149

tropospheric temperature is known to influence the intensity of storms (Singh and O’Gorman, 2015), and the tropics150

is known to have a relatively weak horizontal gradient in free-tropospheric temperature. A similar free-tropospheric151

temperature in all simulations is therefore achieved through an iterative process that works to nudge the mean SST at152

every time step until the lower-tropospheric temperature in the simulation is close to that of a reference temperature153

profile.154

First, our control simulation HOM is run with a fixed SST of 300K. The time and domain-mean temperature profile155

of this simulation is then used as the reference profile for HOML and the heterogeneous simulations. Next, we run156

the land-like simulations with a modified slab-ocean lower boundary condition. Specifically, the SST at each grid point157

is governed by a local energy balance equation given by158

cpl h
dSST

d t
= F ′net − LHF ′ − SHF ′ + δT (2)

Here Fnet is the net radiative flux into the surface, cpl is the specific heat capacity of liquid water, and h is the depth of159

the slab. The primes refer to anomalies from the domain mean such that the energy imbalance over the entire domain160

does not cause any change in the domain-mean SST. Rather, the evolution of the domain-mean SST is governed by161

the final term, which is defined by a temperature increment δT . The temperature increment is given by162

δT =
(
∫ 6km

2km
T −

∫ 6km

2km
Tt )

Hτ
(3)

where T is the mean reference temperature profile from our control simulation, Tt is the temperature profile for163

the current simulation at every time step, H = 4 km and τ = 6 hours. The above procedure allows the surface to164

locally respond to energy imbalances to produce gradients in surface temperature, but it decouples the mean SST165

from the surface energy balance. Instead, the domain-mean SST evolves in such a way that the land-like simulations166

develop a similar temperature in the lower free troposphere (between 2 and 6 km) as HOM. In this way the free-167

tropospheric temperature remains almost equal between our low and high Bowen ratio cases. After implementing the168
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free troposphere warming approach discussed above, the mean surface temperature for the homogeneous land-like169

simulation (HOML) was found to be 304.5K and a mean SST value of 301.7K was obtained for all the heterogeneous170

simulations. This results in a free-tropospheric temperature similar to that of HOM for all cases as shown in Figure 1.171

3 | RESULTS172

3.1 | Boundary layer depth and cloud organization173

As shown in Table 1, altering the moisture availability results in different boundary layer depths (as measured by the174

height of the cloud base) for the different simulations. Considering the two homogeneous cases, the land-like (HOML)175

simulation with an α value of 0.25 results in a relatively deeper boundary layer of approximately 1300 m, more than176

twice the boundary layer depth of the control case (HOM). The SBR for the HOML and HOM cases are 0.32 and177

0.09 respectively. The influence of the surface fluxes on the near surface moisture is clearly shown in the values of178

relative humidity at the first model level. The HOM case has a relatively wet surface with a relative humidity of 76%179

compared to the relatively dry HOML case with a mean near-surface relative humidity of 52%. For the heterogeneous180

simulations, the boundary layer depth, SBR and surface relative humidity are all approximately independent of patch181

size, and their values fall in-between those of HOM and HOML. The similar domain-and-time average structure of182

variables within the boundary layer in the heterogeneous cases agree with earlier findings of Liu et al. (2017) who183

concluded that domain-and-time averages of state variables and fluxes in the boundary layer are insensitive to the184

heterogeneity of the land surface.185

Figure 2 shows the time-mean distribution and organisation of cloud water path (CWP) in each simulation. This186

provides a sense of the arrangement of clouds over both the homogeneous and heterogeneous surfaces. Clouds187

appear to form relatively randomly in simulations with a homogeneous surface (HOM and HOML), with little evidence188

of organization or aggregation behaviour that is seen in some previous RCE simulation studies (e.g: Bretherton et al.,189

2005). For the heterogeneous cases (HET8, HET16, HET32, HET64), clouds predominantly form over regions with190

low evaporative fraction (dry patches), consistent with earlier findings (e.g., Kang and Bryan, 2011; Rieck et al., 2014;191

Wu et al., 2015a; Lee et al., 2018).192

This may be explained by appealing to the mesoscale secondary circulation mechanism reported in various studies;193

the horizontal gradients in SHF over the heterogeneous domains result in horizontal pressure gradients which lead194

to the advection of moisture from the cool and wet patches to the warm and dry patches (Giorgi et al., 1997). The195

so-induced circulation results in vertical transport of moisture and subsequent cloud formation over the dry patches.196

3.2 | Updraught Velocities197

Figure 3 shows the updraught strength of the simulations as measured by the 99.99th percentile vertical velocity198

(Figure 3a) and themean in-cloud vertical velocity (Figure 3b) at each vertical level. Variations in the surface conditions199

have a very weak effect on the intensity of storms. For both intensity metrics considered, there appears to be no200

invigoration of the storms with boundary layer depth. This agrees with similar findings by Rieck et al. (2014) and201

Hansen and Back (2015). Indeed, our simulations show an in-cloud vertical velocity of about 1 m s−1 higher over the202

ocean-like (HOM) simulation at the 500 hPa level compared to the land-like simulation (HOML).203

There is no definite pattern in our heterogenous simulations to support the hypothesis that updraught velocity over204

a heterogenous surface increases with increasing heterogeneity patch size. Again, there is no significant difference205

in the updraught velocities between the homogeneous simulations and the heterogeneous simulations. Hence, the206
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hypothesis that a heterogeneous surface could invigorate storms is not supported in our idealised simulations when207

the entire domain is considered.208

3.3 | Cloud Sizes209

We explore our results further by assessing the sizes of clouds from the simulations. Differences in cloud sizes, driven210

by variations in boundary layer depth, provides one possible mechanism by which the SBRmay influence the intensity211

of storms (Williams et al., 2005). It is argued that the deeper boundary layer over land leads to larger cloud sizes which212

are less affected by entrainment therefore achieving higher buoyancies. To estimate cloud size, we define cloudy grid213

points as those with a non-precipitating condensate value of 0.01 g kg−1 or greater. We then form clusters of cloudy214

points by taking 8-connected regions of clouds that occupy 8 grid-points or more. The size of the cloud is then given215

by the horizontal area of a given cluster.216

Figure 4 shows the distribution of cloud area between 2 and 5 km from each simulation. For the homogeneous217

simulations, the land-like case (HOML) exhibits a shift in the distribution from small clouds (< 5 km2) to larger clouds218

when compared to the ocean-like case (HOM).219

Considering the heterogeneous simulations, cloud area tends to increase with the heterogeneity patch size; the220

largest clouds are twice as large in the simulation with largest patch size (HET64) compared to the simulation with the221

smallest patch size (HET8). Although the cloud areas calculated in the heterogeneous simulations increase with patch222

size, the difference in cloud area does not necessarily scale with the difference in patch sizes. Furthermore, from our223

simulations, there is no evidence to support the notion that clouds that form over heterogeneous surfaces are larger224

than those that form over homogeneous surfaces. Indeed at the 99.99th percentile (not shown), the largest clouds are225

over the homogeneous land-like case (HOML) albeit marginally wider than the heterogeneous case with large patch226

size (HET64).227

4 | PHYSICAL MECHANISMS228

We have seen that neither boundary layer depth variations nor heterogeneity of surface moisture availability result229

in substantial invigoration of convective storms in RCE despite having some effect on the size distribution of clouds.230

We now attempt to understand the physical basis for this lack of sensitivity. Specifically, we examine the effect of231

convective entrainment on our simulations. Williams and Stanfill (2002) hypothesized that wider clouds would experi-232

ence less dilution from entrainment, thereby achieving higher updraft speeds. However, Singh and O’Gorman (2013)233

found that, in RCE, convective entrainment also plays a role in setting the tropospheric lapse rate. They introduced a234

theoretical model for the lapse rate based on a neutrally buoyant entraining plume that implies that CAPE increases235

with the entrainment rate. Extending this work, Singh and O’Gorman (2015) developed a two-plume model, in which236

the second plume represents the most intense updrafts, to account for changes in updraft speeds with warming in237

RCE. According to this two-plume model, cloud updraft velocities are determined by a measure of the width of the238

distribution of entrainment rates experienced by different updrafts. Here, we examine to what extent these ideas are239

able to explain the results of our simulations with varying boundary-layer depth and varying surface heterogeneity.240
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4.1 | Interpretation using spectrum of entraining plumes241

To begin, we interpret our simulation results within a framework in which convection is represented as a spectrum of242

entraining plumes. To do so, we consider the distribution of moist static energy (MSE) at each vertical level within the243

simulations. Here the MSE h is defined244

h = cpT + gz + Lv q , (4)
where, cp is the isobaric specific heat capacity of dry air, T is the temperature, g is gravity, z is the height above the245

surface, Lv is the latent heat of vaporization, and q is the specific humidity of water vapor. As shown in Figure 5, at246

most levels within the free troposphere, the vast bulk of theMSE distribution is concentrated close to themeanMSE h,247

but there are some gridpoints that have relatively highMSE values, far in excess of h or even the mean saturationMSE248

h
∗ at that level, and closer to the typical MSE values in the boundary layer. Since the MSE is approximately conserved249

for adiabatic motions, we may interpret these high-percentile MSE values as occurring in air that has experienced a250

relatively low amount of entrainment as it has risen through clouds from the boundary layer.251

252

To quantify the entrainment experienced by air parcels with different values of MSE, we define a set of plumes253

with moist static energy hp governed by the equation254

dhp

dz
= −ε (hp − h) (5)

with lower boundary conditions given by the mean MSE at the lowest model level, and with a variety of different255

entrainment rates ε. For simplicity, we use constant values of the entrainment rate in the free troposphere and set256

ε = 0 within the boundary layer. We may now define an effective entrainment rate for air parcels within the free257

troposphere based on the value of ε that gives hp (z ; ε) = h (z ) at a given height z . The value of hp (z ; ε) for a range258

of entrainment rates is shown by the thin black lines on Figure 5.259

260

Examination of Figue 5 reveals that different simulations have differing distributions of the effective entrainment261

rate. For example, the 99.99th percentile of the MSE distribution has an effective entrainment rate of roughly 0.2262

km−1 over the lower troposphere in HOM, whereas for the same percentile the effective entrainment rate is closer263

to 0.15 km−1 in HET64. The variation in SBR, and the associated variations in boundary-layer depth and cloud size,264

appear to induce a change in the distribution of entrainment across the simulations. Why does this not lead to larger265

changes in updraught velocity?266

To answer this question, we note that cloud buoyancy depends on the density of a cloud compared to its envi-267

ronment, which is approximately a monotonic function of the difference h∗ − h∗, where h∗ is the in-cloud saturation268

MSE. Cloud buoyancy therefore depends not only on high-percentiles of the MSE distribution but also the saturation269

MSE of the mean profile, and a model for both is needed to understand convective intensity.270

Singh and O’Gorman (2013) provided a model for the mean saturation MSE h∗ in RCE based on the assumption271

that convection remains neutrally buoyant relative to an entraining plume initialized within the boundary layer. How-272

ever, this zero-buoyancy plume model cannot be used to estimate convective intensity, because it neglects cloud273

buoyancy entirely and assumes h∗ − h∗ = 0. To remedy this, Zhou and Xie (2019) extended the zero-buoyancy plume274

model to a spectrum of plumes, with h∗ set by the plume that becomes neutrally buoyant at level z . Here we follow275

Singh and O’Gorman (2015) and consider the simplest possible spectral approach that considers only two entrain-276
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ing plumes. In this two-plume model, one plume represents the bulk of the convective mass flux; the mean profile277

is assumed to be neutrally buoyant to this plume with entrainment rate εmean. The second plume represents high-278

percentile updrafts and has a correspondingly lower entrainment rate.279

We estimate these two entrainment rates for each of our simulations at a mid-tropospheric level zm = 5 km. The280

entrainment rate εmean is given by the entrainment rate such that hp (zm ; εmean) = h
∗ (zm ) . This may be visualized281

as the entrainment rate for which the thin black curves on Fig. 5 intersect the saturated MSE (thick black) curve282

at zm = 5 km. The entrainment rate of high-percentile updrafts ε99.99 is given by the entrainment rate such that283

hp (zm ; ε99.99) = h99.99 (zm ) , where h99.99 is the 99.99th percentile MSE. This may be visualized as the intersection of284

the thin black curves on Fig. 5 and the boundary separating yellow and orange at the 5 km level. It is important to285

note that non-entraining plumes are essentially absent in our simulations, since even for the highest MSE percentiles,286

the effective entrainment rates remain substantial.287

4.2 | Cloud size and entrainment288

Having diagnosed the bulk entrainment rate εmean and the high-precentile entrainment rate ε99.99, we may now evalu-289

ate how they vary across the simulations. As shown in Figure 6c, both εmean and ε99.99 decrease with increasing patch290

size in the heterogeneous cases. The bulk entrainment of HET8 is roughly double that of HET64. On the other hand,291

for the homogenous cases, εmean is slightly larger in HOML compared to HOM, while ε99.99 has the opposite trend.292

Since the size of clouds increases with patch size, the entrainment variations in the heterogenous cases are con-293

sistent with the hypothesis that wider clouds are more protected from the environment and entrain less (Williams294

and Stanfill, 2002). For example, in the heterogenous cases, the bulk entrainment rate εmean monotonically decreases295

with an increase in the size of clouds, as measured by the 99.9th percentile (Figure 6d). In the homogenous cases, the296

relationship between cloud size and entrainment depends on the part of the cloud-size distribution that is examined.297

HOML has fewer moderate sized clouds (∼ 5 km2), but a larger number of large clouds in excess of 10 km2. This is298

consistent with the hypothesised relationship between cloud size and entrainment if one supposes that the entrain-299

ment rate for the bulk of the convective mass flux is set by the more numerous but relatively small sized clouds, while300

the entrainment rate of the most intense updrafts is set by the largest clouds.301

4.3 | Effects of entrainment on CAPE and updraught velocities302

According to the two-plumemodel of Singh and O’Gorman (2015), the entrainment rates εmean and ε99.99 respectively303

control the lapse rate and updraft distribution of convection in RCE. Specifically, for a constant mean temperature and304

depth of troposphere, the two-plume model suggests that the convective available potential energy (CAPE) scales as305

CAPE ∼ εmean (1 − RH ), (6)
where RH is a measure of the tropospheric relative humidity. The equation above is based on the fact that the306

deviation of the lapse rate from that of a moist adiabat is due to the mixing of dry air into clouds as they rise toward307

the tropopause. The effect of this mixing is proportional to the entrainment rate εmean and the subsaturation of the308

free troposphere (see Equation (4) of Singh and O’Gorman, 2013).309

To test the scaling (6), we diagnose CAPE in each simulation as the integral of the positive buoyancy of a parcel310

lifted pseudoadiabatically and initialised with the mean temperature and specific humidity at the lifting condensation311

level in each simulation. Ice processes are treated with a mixed-phase range between 233.15 and 273.15 K. The312
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parcel buoyancy is then calculated with respect to the domain-and time-mean virtual temperature.313

In our heterogenous simulations, the CAPE, εmean, and the lower tropospheric RH all decrease with increasing314

patch size (Figure 6). Interpreting this through the lens of the two-plume model, this suggests that changes in relative315

humidity and entrainment have opposite influences on the CAPE, although the effect of changing entrainment wins316

out, causing CAPE to decrease with patch size. Indeed, as shown in table 2, the value of εmean (1−RH23) where RH23317

is the mean relative humidity between 2 and 3 km does decrease with patch size, although the fractional decrease is318

smaller than that of the CAPE.319

In the homogenous simulations, the CAPE decreases considerably as the SBR increases, but the entrainment rate320

and relative humidity change only marginally and in ways that would affect the scaling for CAPE in opposite directions.321

The two-plume model therefore does not capture the behaviour of the CAPE in response to a change in boundary322

layer depth. We do not at present have a full explanation for this result, but we speculate that changing the depth of323

the boundary layer affects turbulence characteristics within it, thereby affecting the properties of air parcels that leave324

the boundary layer in clouds. Our calculation of CAPE, however, neglects such effects; it assumes that the relevant325

parcel has the mean properties of the lowest model level in all cases.326

Finally, we turn to convective intensity itself. According to the two-plume model, the buoyancy within the327

strongest updrafts depends on the difference between the entrainment rate relevant to the bulk of convection and328

the entrainment rate relevant to high-percentile updrafts. Singh and O’Gorman (2015) derive an equation for the tem-329

perature excess within such strong updrafts [see their Equation (10)]. Based on this, we may write a scaling relation330

for updraft velocity given by331

w 2 ∼ δε (1 − RH ) . (7)
Here w is a measure of updraft strength and δε = εmean − ε99.99. This scaling relation assumes that the free tropo-332

spheric temperature and the depth of convection are invariant; owing to our free-tropospheric temperature relaxation333

approach, these are good approximation in our simulations.334

Consistent with the results for vertical velocity presented in the previous section, the scaling (Equation 7) varies335

little across both the homogenous and heterogenous simulations (table 2) except in the case of HET64. This is despite336

variations in the entrainment rates εmean and ε99.99 and the subsaturation (1−RH23) of the order of 100%. The reason337

for this is two-fold. Firstly, in the heterogenous simulations, εmean and ε99.99 vary together, and so their difference has338

relatively small variations. As the patch size increases, all clouds become larger, reducing the amount of entrainment339

into clouds. On its own, this would act to strengthen the strongest updrafts. However, because the lapse rate itself is340

dependent on entrainment, the atmosphere becomes more stable, reducing the instability. These two effects offset341

each other and their effect on the updraft speed. Notwithstanding the above offsetting effect, the simulations do342

exhibit some changes in the entrainment difference δε, particularly for the homogenous cases. However, we also find343

that the environmental relative humidity tends to vary in such a way as to offset some of these changes, resulting in344

weak changes in the vertical velocity scaling across all simulations.345

The scaling (Equation 7) provides a mechanistic explanation for the insensitivity of updraft velocity to SBR vari-346

ations found in this and previous work (e.g., Hansen and Back, 2015). Countervailing changes in entrainment and347

relative humidity conspire to keep updrafts at a similar strength despite changes in cloud size and changes in diag-348

nosed entrainment rates. Whether this cancellation of the effect of changes in entrainment and relative humidity349

across our simulations represents a more fundamental control of updraft speed in moist convection is a tantalising350

question that we hope to pursue in future work.351
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5 | SUMMARY AND CONCLUSIONS352

This study explores the effect of two characteristic features of the land surface on the intensity of storms in idealized353

RCE simulations using a cloud resolving model. Simulations of high and low SBR over both homogeneous and het-354

erogeneous surfaces are run to test the hypothesis that the high SBR and heterogeneous nature of the land surface355

controls the intensity of thunderstorms that form over land. It is shown from the simulations that varying the SBR over356

a homogeneous surface and on a surface with checkerboard pattern of varying SBR with different patch sizes does357

not lead to significant changes in the intensity of storms as measured by both the highest percentile in the vertical358

velocity and the in-cloud vertical velocity.359

Consistent with the hypothesis by Williams and Stanfill (2002), a deeper boundary layer depth results in a shift360

toward more clouds of large spatial extent, eventually leading to differences in the distribution of entrainment, since361

wider clouds tend to entrain less environmental air. However, in contrast to the hypothesis and consistentwithHansen362

and Back (2015), the intensity of the convection does not significantly change with changing boundary layer depth.363

Indeed from our simulations, the cloud core vertical velocity is marginally higher in the case with shallow boundary364

layer depth. For the heterogeneous simulations, cloud size increases with increasing heterogeneity patch size, and365

therefore entrainment rate decreases with increasing patch size, but as above, this has negligible effect on measures366

of convective intensity such as updraft velocity.367

In contrast to updraft velocity, CAPE does vary across the simulations, with the highest CAPE found in the het-368

erogenous simulationwith the smallest patch size, with CAPE systematically decreasingwith increasing patch size. The369

disconnect between the strong variations in CAPE and the lack of variation in convective updraft velocity suggests370

that, consistent with previousmodelling studies (e.g., Romps, 2011) undiluted cloud updrafts are virtually non-existent371

in our simulations.372

To understand the above results, we adopted a theoretical model of convection in RCE as a spectrum of entraining373

plumes (Zhou and Xie, 2019). For simplicity, we limited the spectrum to only two plumes, one representing the bulk of374

the convective mass flux and the other representing the strongest updrafts. According to this conceptual model, the375

CAPE and environmental relative humidity are set by a characteristic “bulk” entrainment rate, while strong updrafts376

are maintained by entraining plumes with relatively low values of the entrainment rate. Themagnitude of these strong377

updrafts are then dependent on the difference in the rate of entrainment between the bulk of convection and the378

strongest updrafts (Singh and O’Gorman, 2015).379

According to the two-plume model, the lack of variations in updraft velocity in our simulations was a result of380

similar changes in the entrainment rates for the bulk of the convective mass flux and for the strongest updrafts. In381

addition, variations in relative humidity that offset changes the effects of a changing entrainment distribution also382

contributed to the insensitivity of updrafts to varying SBR and varying patch size.383

While the two-plume model gives a parsimonious explanation for updraft variations among our simulations, it384

should be noted that it failed to account for variations in CAPE in our homogenous simulations. We speculate that385

this is because our measure of CAPE did not sufficiently account for differences in the properties of cloudy air parcels386

as they left the boundary layer that occur as the boundary layer deepens.387

Our results point to a limited effect of heterogeneity and boundary-layer depth in invigorating convection in the388

setting of RCE. Based on our plume-spectrum model, this insensitivity of updraft strength may be partially explained389

by the sensitivity of the lapse rate (and therefore CAPE) in RCE to convective entrainment. In the tropics, the lapse390

rate is not set locally but is rapidly homogenized over large regions through the action of waves and the large-scale391

flow (Charney and Eliassen, 1964). This may provide a mechanism by which spatial variations in cloud entrainment,392

driven by spatial variations in surface properties, may be translated into more intense cloud updrafts. Exploring this393
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mechanism usingmethods to parameterize the large-scale flow (e.g., Sobel and Camargo, 2011; Kuang and Bretherton,394

2006) is a possible avenue for future work.395

Finally, we note that while we have examined two possible surface properties that may drive the observed land-396

ocean contrast in convective intensity, there are many a number of other hypotheses for the origin of this contrast397

that are relevant. For example, the large diurnal cycle of temperature over land compared to that of ocean has been398

suggested as a possible reason for enhanced convective intensity over land. However, a recent paper by Hansen et al.399

(2020) found this mechanism not to be effective in explaining the land-ocean contrast in storm intensity. Addition-400

ally, the effects of aerosols on invigorating convection have long been hypothesized to contribute to the land ocean401

contrast because of the higher aerosol loading over land (Williams and Stanfill, 2002; Abbott and Cronin, 2021). A402

comprehensive account of the factors that control the land-ocean convective intensity contrast therefore remains403

elusive.404
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F IGURE 1 Time-and domain-mean temperature profile for homogeneous ocean-like case (HOM; blue),
homogeneous land-like case (HOML; red), and heterogeneous cases with patch sizes ranging from 8 km (HET8;
orange) to 64 km (HET64; black).

TABLE 1 Surface and boundary-layer properties averaged over the domain and for the last 20 days of each
simulation. Boundary layer height hBL, surface Bowen ratio (SBR), and relative humidity at the first model level
(RHsurf) . Boundary layer height defined as the lowest level with a non-zero cloud fraction, where cloudy grid points
are taken as those with cloud water content greater than 0.01 g kg−1.

Case hBL (m) SBR RHsurf (%)
HOM 598 0.09 76
HOML 1304 0.32 52
HET8 836 0.18 66
HET16 836 0.18 65
HET32 836 0.18 65
HET64 836 0.18 64
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F IGURE 2 Time-mean cloud water path in each simulation. Upper row gives homogeneous ocean-like (HOM)
and land-like (HOML) cases, middle and bottom row gives heterogeneous simulations with increasing patch size
ranging from 8 km (HET8) to 64 km (HET64) in side length.
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F IGURE 3 Profile of updraft velocities for homogeneous and heterogeneous simulations as given in the legend.
(a) 99.99th percentile vertical velocity at each vertical level, and (b) cloud core vertical velocity at each vertical level,
where cloud cores are defined as any cloudy point with vertical velocity w greater than 1 ms−1.
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F IGURE 4 Cumulative distribution function of cloud area for levels between 2 and 5 km in height. Cloud area is
calculated based on 8-connected clusters of cloudy grid points with non-precipitating condensate 0.01g kg−1 or
greater. Cloud sizes at each model level between 2 and 5 km are considered separately and then combined to form a
single distribution.

TABLE 2 Analysis of key environmental parameters from the simulations. The vertical mean relative humidity
averaged between 2 to 3 km RH23, the pseudoadiabatic CAPE, the entrainment rate for the bulk of the convective
mass flux εmean, the high-percentile entrainment rate ε99.99, and scalings for the CAPE and square of the updraught
velocity w 2 according to the two-plume model.

Case RH23 CAPE εmean ε99.99 εmean (1 − RH23) δε (1 − RH23)

(kJ kg−1) (km−1) (km−1) (km−1) (km−1)
HOM 0.81 1.79 0.432 0.192 0.082 0.053
HOML 0.82 1.14 0.455 0.171 0.082 0.051
HET8 0.84 1.94 0.548 0.239 0.088 0.049
HET16 0.80 1.60 0.437 0.185 0.087 0.050
HET32 0.78 1.45 0.388 0.170 0.085 0.048
HET64 0.74 1.24 0.301 0.135 0.078 0.043
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F IGURE 5 Cumulative distribution function of Moist Static Energy (MSE) at each level (colours) in the
homogenous (top row) and heterogenous (middle and bottom row) simulations as labeled. White lines give domain-
and time-mean MSE h, thick black lines give domain- and time-mean saturated MSE h∗ and thin black lines give MSE
profiles hp for plumes with entrainment rates as given by the labels in units of km−1 Grey dashed line marks the 5 km
level.
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F IGURE 6 (a) CAPE, (b) Relative Humidity averaged between 2 and 3 km (RH23), (c) the high-percentileentrainment rate ε99.99, and (d) the 99.9th percentile of the cloud size distribution between 2 and 5 km plotted as a
function of the bulk entrainment rate εmean.


