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Key Points: 

 Soil moisture and land cover heterogeneities create sensible heat flux variabilities for 

both large (> 10 km) and small (< 6 km) scales 

 Land cover heterogeneities alone can induce secondary circulations in 2.5–6 km scales 

 Soil moisture heterogeneity strengthens the secondary circulations and extends their scale 

to 2.5–9 km 
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Abstract 

 

The spatial scales of land-atmosphere interactions over heterogeneous, realistic soil moisture 

patterns are critical to improve our understanding of land-atmosphere interactions. However, 

these scales are poorly quantified. We use high-resolution numerical experiments to quantify the 

spatial scales for a selected day during the Holistic Interactions of Shallow Clouds, Aerosols, and 

Land-Ecosystems (HI-SCALE) campaign in Oklahoma. A semi-idealized approach (removing 

background winds and surface topography while retaining the real-world data for other boundary 

conditions) enables examination of the local influence from the surface. Simulations that apply 

uniform surface, variable land cover with uniform soil moisture, and variable land cover with 

variable soil moisture are then compared. Land cover variations, especially water and urban 

surfaces, create two variance peaks in the surface sensible heat flux in the scales > 10 km (meso-

β) and < 6 km (meso-γ). Both peaks are enhanced by the observation-based soil moisture 

distribution that has most of its variance in the meso-β scale. Atmospheric response in the meso-

β scale is hydrostatic with weak vertical motion. The land cover variations induce secondary 

circulations in the scales of 2.5–6 km. The additional soil moisture variability intensifies extreme 

circulations over dry soil patches and sharp sensible heat flux gradients, slightly extending the 

characteristic scales to 2.5–9 km. While their areal coverage is small, soil moisture variations on 

such “hotspots” lead to substantially larger convective cloud structure and domain-mean rainfall, 

calling for a consideration of their non-linear effect in large-scale models. 

 

1 Introduction 

Soil moisture (SM) is an important component of the land-atmosphere (L-A) system. SM 

changes how available energy at the land surface is partitioned between sensible and latent heat 

fluxes, which in turn affects the buoyancy of the near-surface air parcels and the growth of the 

atmospheric boundary layer (BL). For subtropical and mid-latitude continents in the warm 

season, surface evapotranspiration originating from SM can be an important source for 

atmospheric moisture. Both the BL growth and atmospheric moisture affect cloud development 

and precipitation, which then changes the water and energy fluxes into the surface, forming a 

feedback loop (Koster et al., 2003; Betts 2004; D’Odorico & Porporato 2004).  

Spatial heterogeneity of surface characteristics can induce thermally forced secondary 

circulations in the BL (e.g., Pielke et al., 1991; Segal and Arritt 1992; Taylor et al., 2012). The 

associated upward motions transport moisture to the free troposphere to facilitate cloud 

formation. Although background winds or other surface forcing can dominate over such 

secondary circulations (e.g., Avissar and Schmidt 1998; Shaw and Doran 2001; Lee et al., 2019), 

given the very limited predictability of turbulent flow and moist convection, spatiotemporal 

distributions of surface forcing are still valuable to help constrain the initiation and development 

of convective systems (Yano et al., 2018). Several studies demonstrated the potential of the 

knowledge of SM distributions to improve skills of weather and seasonal forecasts (Beljaars et 

al., 1996; Xue et al., 2001; Koster et al., 2010). Because of the feedback through the hydrological 

and energy cycles, SM plays an important role in the climate time scale as well, including large-

scale monsoon circulations (e.g., Ferranti et al., 1998; Li and Fu 2004; Devanand et al., 2019) 

and extreme events (e.g., Miralles et al., 2014; Wang et al., 2015; Klein and Taylor 2020). 
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Despite the importance of L-A interactions, however, previous studies documented rather 

unsatisfactory representations of L-A interactions in global and mesoscale models (e.g., 

Hohenegger et al. 2009; Zhang et al 2011; Taylor et al. 2013; Dirmeyer et al., 2006; 2016; 

Phillips et al., 2017; Zhang et al., 2018; Sakaguchi et al., 2018; Williams 2019).  

Understanding and observations of the spatial scales associated with L-A interactions is 

necessary prior to parameterizing the associated L-A processes. Many studies examined the 

spatial scales of surface heterogeneities (forcing) that affect the development of dry and moist 

convection. For example, a theoretical study by Dalu and Pielke (1993) suggests that the scale of 

surface heterogeneities need to be on the order of ~100 km, which corresponds to the Rossby 

radius of deformation. A series of high-resolution numerical simulations by Avissar and Liu 

(1996), Chen and Avissar (1994), and Abissar and Schmidt (1998) suggest that a forcing length 

scale of ~10 km or larger is necessary to develop mesoscale circulations. Patton et al. (2005) 

used idealized large-eddy simulations (LES) to find that heterogeneity scales of 4 to 9 times the 

height of the BL top (zi) are most effective in forcing mesoscale circulations.  

However, there have been debates regarding the importance and spatial scales of 

secondary circulations induced by land surface heterogeneities, particularly those of vertical 

velocity and turbulent fluxes (Weaver and Avissar 2001; Doran and Zhong 2002; Kang and 

Davis 2008, 2009; Weaver 2009). Zhong and Doran (1998) studied mesoscale model simulations 

over the Southern Great Plains (SGP) using observation-based surface fluxes and large-scale 

winds for boundary conditions and concluded that mesoscale secondary circulations and their 

influence on the mean properties over a large domain (e.g., a few hundreds of km) are 

substantially smaller than those found with idealized heterogeneities and zero background winds. 

Avissar and Schmidt (1998), Lee et al. (2019), and others also found that weak background 

winds of ~2 m s-1 can overwhelm secondary circulations even with idealized surface 

heterogeneities. A contrary result was reported by Baida Roy et al. (2003) with the same model 

and similar boundary forcing as Zhong and Doran (1998); they found strong vertical winds being 

simulated as part of surface-forced secondary circulations. Baida Roy et al. (2003) also noted 

that most of the variability of the surface sensible heat flux exists in scales larger than 25 km, 

and vertical velocity responds with similar mesoscale variabilities in the morning. Notably, the 

dominant spatial scale of vertical velocity is downscaled to wavelengths of 12–17 km in the late 

afternoon. Weaver (2004), Huang and Margulis (2009), and Maronga and Raasch (2013) also 

used surface flux heterogeneities and background winds based on observations and found 

secondary circulations under weak atmospheric stability (Weaver 2004), up to certain heights 

(Huang and Margulis 2009), and downwind within the footprint of surface features (Maronga 

and Raasch 2013). However, Maronga and Raasch (2013) noted that the contribution of 

secondary circulations to an area-averaged vertical heat flux is smaller (11–39%) compared to a 

more idealized experiment by Patton et al. (2005), who reported that 70–100% of the total 

vertical heat flux can be contributed from secondary circulations, provided that surface 

heterogeneity scales and the atmospheric moisture profile are favorable.  

On the observational side, Taylor et al. (2007) used aircraft measurements to find 

significant cospectral energy between horizontal winds and surface temperature in the scales 

larger than 20 km over the Sahel region where precipitation-induced mesoscale SM variability 

exists, concluding that the mesoscale circulation was forced by surface moisture and thermal 

heterogeneities. Using aircraft data over the SGP, Kang et al. (2007) observed mesoscale 

variability in temperature spectra and in cospectra between temperature and vertical velocity on 
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two days out of the five-day sample of their study, but they did not find robust mesoscale energy 

in the wind spectra. Another observational study by Mahrt et al. (1994) examined field campaign 

data taken over heterogeneous surface patches of scales of 10–20 km in northern California, and 

found that moisture, temperature, and horizontal winds change at a scale similar to those of the 

surface heterogeneities, but vertical motions associated with the secondary circulation are 

concentrated within a narrow strip of only 200–600 m wide. Similar narrow strips of upward 

motion were simulated in LES by Patton et al. (2005), Kang and Davis (2008), Kang and Ryu 

(2016), and Lee et al. (2019), who also noted different spatial scales among different scalars and 

wind velocities. These studies share a similar conclusion that vertical velocity and temperature 

tend to vary in scales smaller than 4 km while significant moisture fluctuation is seen over larger 

scales. However, it is still not well understood how such variable-dependent spatial scales are 

correlated to the spatial scales of surface forcing.    

Recently, Fast et al. (2019b) provided additional evidence for the effect of SM 

heterogeneity on cloud development in a realistic environment. They carried out numerical 

experiments designed for a shallow and deep convection case observed on August 30, 2016 

during the Holistic Interactions of Shallow Clouds, Aerosols, and Land-Ecosystems (HI-SCALE) 

field campaign, which was conducted over the Atmospheric Radiation Measurement (ARM) 

SGP atmospheric observatory in north-central Oklahoma (Fast et al., 2019a). Fast et al. (2019b) 

used a nested grid with the horizontal spacing (∆x) refined from 300 m in the outer domain 

(~300 km × 300 km) to 100 m in the inner domain (~100 km × 100 km), which overlaps with a 

dense observation network established at the site. When this high-resolution model is initialized 

with smoothly varying SM obtained from a coarse (1° × 1° grid) global analysis, the simulated 

shallow cumulus tends to be smaller, isolated, and more scattered compared to the observed 

cumulus distribution. By using the SM field based on in situ and satellite measurements which 

has higher spatial variability and a stronger gradient, the simulated cumulus population attains a 

distribution similar to the one observed. A series of sensitivity simulations additionally showed 

that increasing the SM gradient progressively leads to higher degree of cloud organization, 

deeper convection, and greater precipitation. This sensitivity of cloud distributions to SM 

heterogeneity is simulated with the mean background wind of 3 m s-1, indicating a strong 

coupling between SM and cloud systems on this day. In addition, all of their SM sensitivity 

simulations used the same high-resolution (30-m pixel) land cover data, indicating a visibility of 

the relatively large-scale SM structure to the atmosphere through the complex small-scale land 

cover heterogeneity. A follow-up study by Chen et al. (2020) found that while strong L-A 

coupling still exists under the realistic background winds, large-scale winds advect shallow 

clouds from dry regions, where they formed, to wet regions, where they further grow, effectively 

reversing the sign of the SM–precipitation correlation from negative to positive. The cluster 

analysis by Chen et al. (2020) also found a strong influence of urban and lake land type 

categories on cumulus development, and the more important role of SM than leaf area indices in 

determining the spatiotemporal distributions of convective clouds. 

While Fast et al. (2019b) and Chen et al. (2020) examined the sensitivity of the simulated 

cumulus size, depth, and distributions to SM and land cover heterogeneities, the spatial scales 

involved in the so-called terrestrial and atmospheric legs of L-A interactions (Santanello et al., 

2018), including secondary circulations forced by land surface heterogeneities, were not 

quantified in detail. This study follows up using a set of slightly more idealized model 

configurations to address two main questions: (1) Does the SM heterogeneity imposed in Fast et 

al. (2019b) induce (or enhance) secondary circulations over the SGP site? and (2) If so, what are 
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the characteristic scales of the surface forcing, secondary circulations, and cloud response? We 

also aim to overcome some of the limitations in the previous work on similar questions, 

particularly insufficient domain sizes for robust sampling of mesoscale processes (from a few km 

to 100 km, or the meso-β and γ scales defined by Orlanski (1975)) and the assumptions and 

uncertainties in parameterized convection and BL mixing.    

 

2 Materials and Methods 

2.1 Numerical model and configuration 

Aforementioned goals of this study set certain requirements for our numerical 

experiments. For the domain size, previous studies reported variabilities of surface 

heterogeneities and secondary circulations at 20 km and larger scales. If the response takes place 

at the same scale across the domain, then a 200 km × 200 km domain would provide ~100 

samples of processes at the 20-km scale when using periodic boundary conditions, which we 

consider sufficient. It is also desirable that the model explicitly represents processes of interest, 

especially BL mixing and convection to quantify scale dependency of turbulent processes 

(Honnert et al., 2020). Furthermore, a hierarchy of experiments is important to facilitate process 

understanding (Held 2005). However, even with the present high-performance computing 

facilities, available computational and storage resources are insufficient to meet all the 

requirements, thus we compromise between the resolution, domain-size, and number of 

simulations, as described below. 

We use version 3.9.1 of the WRF model (Skamarock et al., 2008) configured in LES 

mode as in Fast et al. (2019b). The same set of physics parameterizations as Fast et al. (2019b) is 

used: the Noah land surface model (version 2.7; Chen & Dudhia, 2001; Ek et al., 2003), the 

revised MM5 Monin-Obukhov surface layer (Jimenez et al., 2012), the RRTMG shortwave and 

longwave radiation (Iacono et al., 2008), the Thompson microphysics (Thompson et al., 2004, 

2008), and the TKE closure for subgrid turbulence (Deardorff 1980). Readers are referred to Fast 

et al. (2019b) for details.  

The WRF model is integrated from 1200 UTC (0600 CST) to 0000 UTC (1800 CST) on 

August 30, 2016, one of the golden days during the HI-SCALE field campaign with a transition 

from shallow to deep convection. Fast et al. (2019b) rigorously evaluated this configuration with 

the nested grid with ∆x of 100 m in the inner domain (100 km × 100 km) using the ground-

based, satellite, and flight measurements. They found that the model can reproduce many aspects 

of the observed BL and cloud systems on this day. In this study, we focus on the outer model 

domain that covers 297 km × 297 km area centered at the ARM SGP site. The domain extends 

vertically to ~16.2 km above mean sea level, with 24 m vertical grid spacing up to ~ 6.2 km 

MSL and then gradually increases above. The horizontal grid spacing is 300 m, which is not 

truly a LES and misses some fraction of the energetic turbulence in the resolved motion, a 

necessary tradeoff to cover a sufficiently large domain to sample mesoscale SM variations and to 

carry out sensitivity experiments. To reduce the unresolved fraction of the BL turbulence and 

potentially unphysical flow structure, we restrict our analysis to 1000 CST and later. By this time 

the domain-average zi reaches 1500 m and varies little afterwards. With this BL depth, our 

configuration resides in the “near gray zone” range according to Honnert et al. (2020). Besides, 

our case is highly convective (-zi/L ~ 300, with L being the Obukhov length) with the idealized 
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zero background winds (explained below), thus we expect the contribution of shear-driven 

turbulence, which requires a particular attention in the gray-zone resolutions (Wyngaard 2004), 

to be smaller than in more stable cases. Similar resolutions have been used to study shallow 

convection and BL processes in more stable cases (e.g., Bretherton & Blossey 2017; de Roode et 

al., 2019). The supporting materials summarize our evaluation of the 300 m-domain against the 

100 m-domain from Fast et al. (2019b) (“REFd01” vs. “REFd02” in Table 1), and against in-situ 

observations from the ARM SGP sites. The results show that the model performance in surface 

turbulent fluxes, BL height, and probability distributions of vertical velocity in the 300-m 

domain are comparable to those in the 100-m domain. The results give us confidence that the BL 

dynamics and associated turbulent motions are reasonably captured by the 300-m grid spacing 

for our case study.  

The main question of this study about SM heterogeneity is addressed by two semi-

idealized simulations. The two simulations differ from each other in the initial condition of SM. 

One simulation (“UNISM”) starts from uniform SM, while the other (“VARSM”) uses a 

heterogeneous SM interpolated from in-situ observations from the ARM Soil Temperature and 

Moisture Profile System (STAMP, Cook, 2018) and Oklahoma Mesonet (McPherson et al., 

2007) (Figure 1a, b). Both simulations use realistic land cover as in Fast et al. (2019b) based on 

the National Land Cover Database for 2011 (NLCD, Yang et al., 2018) so that the signal 

superimposed by SM variation on the land cover heterogeneity is the focus of this study. As 

another reference, we have a simulation with uniform land cover, referred to as “UNISFC”.  

The SM initial condition for VARSM is the same as in the “revised-1” case in Fast et al. 

(2019b). A kriging algorithm with Gaussian covariance weighting is used to interpolate station 

measurements from 17 STAMP sites and 133 Oklahoma Mesonet sites to the two-dimensional 

WRF grid (Figure 1a) at each depth of the Noah land model (5, 25, 70, 150 cm). The four model 

soil layer depths are not exactly the same as those of the in-situ observations (5, 10, 20, 50, 100 

cm in the STAMP data and 5, 25, and 60 cm in the Oklahoma Mesonet data), and the observed 

depth closest to the model layer depth is used; for example, the 60-cm measurement of the 

Oklahoma Mesonet data is used for both the third and fourth soil layers of the Noah land model. 

As one expects, the energy spectrum of SM is constrained by the resolution of the observations. 

The distance between closest stations ranges from 80 m to 100 km with an average of 23 km. As 

shown below, the initial SM field contains little energy in the scales smaller than ~20 km. We 

will discuss possibilities and implications of SM variabilities at smaller scales in section 4. The 

domain-average SM of the VARSM initial condition is used for the UNISM initial condition 

(0.24 m3 m-3 in the top layer). In UNISM, the soil texture is also set to be silt loam over the entire 

domain to slow down the development of SM heterogeneity due to spatially varying soil texture 

(Figure 1f) and associated hydraulic parameters. Silt loam is the most common soil type in the 

region. In the VARSM simulation, the initial SM over Kansas is based on the Global Land 

Evaporation Amsterdam Model (GLEAM, Martens et al., 2017) version 3.1 because in-situ 

measurements are not available over this region. It is noted that the GLEAM SM is 

systematically higher and its spatial variance is smaller than the two in-situ observation datasets. 

Due to this uncertainty in the spatial variability of the GLEAM data, we exclude the Kansas 

portion of the domain from our analysis. Thus, when we refer elsewhere to the “domain average” 

we mean the entire domain except for the northern portion that contains Kansas is averaged.   
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Figure 1. Maps showing surface forcing inputs to the model. (a) top layer (10 cm thick) soil moisture at 

the initial time for the VARSM experiment (also includes water surface with 1.0 m3 m-3), (b) same as (a) 

but for the UNISM experiment, (c) land cover types, (d) green vegetation fraction, (e) surface topography 

(used only by the UNISM-topo and VARSM-topo simulations in section 4), and (f) soil category. In (a), 

soil moisture data from the STAMP and Oklahoma Mesonet sites are also shown by circle markers. The 

black dashed line denotes the boundary for the soil moisture source data (in-situ and remote-sensing), and 

only the region south of this line is used for the analysis. The black triangles represent the ARM SGP 

central facility (CF) and surrounding extended facilities for geographical reference; for clarity only four 

of these surrounding CF are shown in panels (b)-(f). 

 

In UNISFC, the land cover type of all grid columns is specified as grass. In UNISM and 

VARSM (and the simulations in Fast et al., 2019b), the 30-m resolution NLCD data is coarse-

grained to the 300-m WRF grid by assigning the most abundant land cover type in the 10 × 10 

NLCD pixels that coincide with a 300-m WRF grid cell to represent a single land cover type of 

the grid. This means that only one land cover type is chosen even if two or more land cover types 

exist with similar numbers of pixels. We assume that the result is not sensitive to such sub-grid 

tiles on the 300-m grid spacing. The green vegetation fractions from the MODIS data are 

retained since no data corresponding to the NLCD land cover is available (Figure 1d). It is 

important to retain the same land cover as Fast et al. (2019b) because strong dependence of 

evaporative fraction on the vegetation cover has been suggested for the SGP site (Williams and 

Torn 2015). Readers are also referred to Chen et al. (2020) for the influence of land cover 

heterogeneity on the cloud development for the same HI-SCALE case.   

Surface topography is another important forcing, which we exclude from our main 

simulations to interpret atmospheric response to the imposed surface heterogeneities without 

other confounding effects. The surface elevation is imposed as the average elevation of the 

region (383 m ASL) everywhere in the model domain. Although the surface height in our 

domain is rather gentle and varies from ~ 200 m ASL in the east to > 600 m ASL in the west 

(Figure 1e), topography forcing can dominate thermodynamic forcing from the land surface 

characteristics (Shaw and Dorran 2001).  
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In addition to the surface characteristics, our simulations are different from those in Fast 

et al. (2019b) by using doubly periodic boundary conditions and the initial atmospheric condition 

(1200 UTC) that is horizontally uniform with zero wind speed. Fast et al. (2019b) used the initial 

and boundary conditions from the National Center for Environmental Prediction Final (FNL) 

operational model global tropospheric analyses (National Center for Environmental Prediction, 

2000). We removed the large-scale background winds from the atmospheric initial condition and 

large-scale forcing tendencies during the model integration to isolate the local SM influence. 

Chen et al. (2020) compared the FNL and idealized boundary conditions and found that it is 

critical to remove the forcing by synoptic disturbances to understand local L-A interactions on 

this day. Specifically, the zonal and meridional winds at the initial conditions are set to be 

negligible (0.001 m s-1), and the initial profiles of water vapor mixing ratio, temperature, and 

geopotential heights from the FNL analyses are horizontally averaged over the domain and set 

uniform on pressure levels. We use doubly periodic lateral boundary conditions during the model 

integration. This configuration keeps the domain average horizontal wind speeds less than 0.2 m 

s-1 and prevents any large-scale convergence of mass, energy, or moisture that would influence 

initiate of moist convection, as well as large-scale subsidence that would create and retain a 

capping inversion–a capping inversion makes it more difficult for moist convection to initiate.  
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Table 1. Description of the three simulations used in this study (UNISFC, UNISM, VARSM), compared 

to those used in Fast et al. (2019b) as reference (REF d01 and REF d02)  
 

Name 

Grid 

spacing 

(m) 

Atmospheric 
I.C./B.C. 

Soil moisture 
I.C. 

Soil texture 

Land 

cover Topography 
Model 
domain 

Analysis 
domain 

UNISFC 300 

Uniformb & 

zero winds / 

doubly 
periodic 

Uniform Uniform (silt) 
Uniform 

(grass) 
Flat 

297 km × 

297 km 

267 km × 

200 km 

UNISM 300 

Uniformb & 

zero winds / 
doubly 

periodic 

Uniform Uniform (silt) NLCD Flat 
297 km × 
297 km 

267 km × 
200 km 

VARSM 300 

Uniform & 
zero winds / 

doubly 

periodic 

Interpolated 
from STAMP, 

Mesonet, 

GLEAM 

WRF default 

(STATSGO) 
NLCD Flat 

297 km × 

297 km 

267 km × 

200 km 

REF d01a 300 FNL / FNL 

Interpolated 

from STAMP, 

Mesonet, 
GLEAM 

WRF default 

(STATSGO) 
NLCD 

WRF default 
(30 sec. 

USGS) 

297 km × 

297 km 
- 

REFd02a 100 
FNL / REF 

d01 

Interpolated 

from STAMP, 
Mesonet, 

GLEAM 

WRF default 
(STATSGO) 

NLCD 

WRF default 

(30 sec. 

USGS) 

120 km × 
120 km 

- 

Note. The abbreviations used stand for: National Center for Environmental Prediction Final operational 

model global tropospheric analyses (FNL), ARM Soil Temperature and Moisture Profile System 

(STAMP), Oklahoma Mesonet (Mesonet), Global Land Evaporation Amsterdam Model version 3.1 

(GLEAM), State Soil Geographic (STATSGO), and U.S. Geological Survey (USGS), and the National 

Land Cover Database (NLCD). 

aThese simulations are used only for the results in the supporting materials. bHere “uniform” means to be uniform 

horizontally on constant pressure surfaces but vary vertically. 

 

2.2 Analysis methods 

We use a two-dimensional Fourier transform to find dominant spatial scales of 

variabilities in the surface forcing and atmospheric responses (Stull 1988 ; Moeng & Wyngaard 

1988; Wilks 2006; Wyngaard 2010). An energy spectrum obtained by Fourier analysis describes 

variance associated with a range of wavenumbers/wavelengths. We also estimate fractions of 

variance contained within a given range of spatial scales by numerically integrating the spectrum 

(Oncley et al., 1996; de Roode et al., 2004). We use the function fft2d from the NCAR 

Command Language (NCL) version 6.4.0 (The NCAR Command Language, 2017) to perform 

the Fourier transform on two-dimensional fields. Then, following Baidya Roy et al. (2003), the 

two-dimensional Fourier coefficients are averaged into a one-dimensional spectrum as a function 

of the total wave number 𝑘 = √𝑘𝑥2 + 𝑘𝑦2, with 𝑘𝑥 =
2𝜋

𝐿𝑥
 and 𝑘𝑦 =

2𝜋

𝐿𝑦
 being the wavenumbers for 
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the x- and y-directions, respectively. Note that the wavelength associated with the total 

wavenumber is smaller than those of each x and y component from the relationship  
1

𝐿2
=

1

𝐿𝑥
2 +

1

𝐿𝑦
2 , 

which gives 𝐿 ≈ 0.7𝐿𝑥,𝑦. Standard preprocessing to apply Fourier analysis to non-periodic data, 

such as detrending and tapering, are applied to the model data. Note that even though we use 

doubly periodic boundary conditions for the atmospheric prognostic variables, the lower 

boundary is not periodic. Furthermore, as mentioned above, we exclude ~80 km from the 

northern boundary of the domain from the analysis to avoid inconsistencies in the SM input 

datasets (in-situ vs. remote sensing). With the weak mean winds, the influence of this wetter part 

on the analysis domain should be small, especially with further tapering of the 10% (~ 20 km) of 

the data from the lateral boundaries.  

Excluding the northern portion of the domain to avoid inconsistencies in the SM input 

datasets (in-situ vs. remote sensing) and tapering the data near the lateral boundaries, we are still 

able to sample the largest spatial scale of ~ 200 km in terms of the total wavelength L. For visual 

examination of an energy spectrum, we aggregate the spectral power over three neighboring 

wavenumbers, in addition to temporal averaging, to reduce sampling uncertainty of each data 

point on the spectrum (Wilks 2006). Aggregation reduces the wavenumber resolutions as well as 

the largest spatial scale that appears in spectrum plots to be ~ 85 km. This reduction of the 

largest scale is only applicable to the visualization of spectra, and not to the integrated variance 

and associated scales explained below. The smaller end of the spatial scale is constrained by 

either the Nyquist frequency (2∆x) or the effective resolution of the model due to numerical 

diffusion/filtering, depending on variables (e.g., land model input vs. atmospheric prognostic 

variables). For the WRF model, the effective resolution is typically 6–8 ∆x (Skamarock 2004), 

which makes spectral energy for the total wavelengths (L) smaller than ~1.5 km to be unreliable 

or underestimated. We do not attempt to estimate the unresolved or lost variance, which may be 

quantified using other outputs from the subgrid turbulence model (e.g., Kang and Davis 2008; 

Maronga and Raasch 2013).    

There are several ways to present an energy spectrum, but each has pros and cons (Stull 

1988; Wilks 2006), and we do not find a single, perfect way of presentation. In most of our 

figures, we use the so-called semi-log presentation in which spectral energy density is multiplied 

by the wavenumber and plotted with the linear y-axis and the logarithm of wavenumber on the x-

axis. The advantage is that the area under the curve is proportional to the sample variance, and 

the low wavenumbers of our interest (mesoscale) are expanded by the logarithmic scale. A 

disadvantage is that multiplying spectral density by wave number shifts the apparent peak (Stull 

1988), which is most obvious in our study when a variable has significant energy in the 

microscale portion while it has a peak energy in the larger mesoscale (i.e., a fat-tailed 

distribution), as illustrated in Figure S3. Another common way to plot an energy spectrum is to 

use logarithmic scales on both axes (Figure S3c), in which a power law relationship appears as a 

linear line on the graph. We use the log-log plot when the slope of a spectrum is useful, and for 

the cases with significant appearance changes, alternative plots are provided both in the main 

text and in the supplementary materials.   

In addition to visually diagnosing the energy spectrum, we numerically integrate the 

spectrum to identify a spatial scale corresponding to a specified fraction (e.g., 50%) of the 

variance across our analysis domain or the fraction of the total variance contained in a certain 

range of scales. To illustrate symbolically, we write the variance of a variable α over space as 
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𝛼′𝛼′̅̅ ̅̅ ̅ = ∫ 𝑆𝛼𝛼(𝑘)𝑑𝑘
𝑘𝑚𝑎𝑥

𝑘𝑚𝑖𝑛
                                           (1) 

where the overbar denotes spatial average, prime denotes the deviation from the domain average, 

and Sαα is the power spectral density of α. The same applies to a covariance of two variables 

〈𝛼′𝛽′〉 and their cospectrum 𝑆𝛼𝛽. We find a wavenumber (here denoted by k50) that corresponds 

to the spatial scale containing 50% of the variance by integrating from the minimum 

wavenumber such that 

0.5𝛼′𝛼′̅̅ ̅̅ ̅ = ∫ 𝑆𝛼𝛼(𝑘)𝑑𝑘
𝑘𝑚𝑎𝑥

𝑘𝑚𝑖𝑛
                                        (2) 

and identify the associated wavelength λ50 from k50. Such an integral of a power spectrum is 

called Ogive in previous studies (Oncley et al., 1996; de Roode et al., 2004). Similarly, we 

present a fraction of variance contained over a specified range of wavenumbers/wavelengths, for 

example for 2 km ≤  λ < 20 km. Provided that sampling uncertainty of a spectrum is randomly 

distributed, the integrated value is more reliable than a single peak value of a spectrum. In 

addition, diagnosing a threshold spatial scale in this way has a more quantitative implication for 

resolved and unresolved variance by large-scale models.  

 

3 Results 

3.1 Domain-average influence of heterogeneous SM 

We start by comparing the domain-average (excluding Kansas, as described in Section 

2.1) atmospheric response to the imposed land cover and SM heterogeneities by comparing the 

three semi-idealized simulations.  The domain-average SM varies little with time and is larger in 

the UNISFC and UNISM (collectively written as UNISFC/SM hereafter) than in the VARSM 

simulation (Figure 2a). The difference in the mean SM arises from removing the Kansas portion 

from the analysis because the UNISFC/SM use SM averaged over the entire domain, including 

the wetter Kansas area (section 2.1). The larger SM within the analysis domain may lead to a 

better chance of day-time convection in  UNISFC/SM because the morning sounding in our 

experiment is in the “wet-soil” advantage regime (the convective triggering potential is 198.9 J 

kg-1 and low-level humidity index is 7.2 K), according to the SM-rainfall feedback framework by 

Findell and Eltahir (2003) and its application to Oklahoma by Ford et al. (2015). The SM 

variances in UNISFC/SM start to increase after 1000 CST when clouds form, indicating the 
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spatial variations due to cloud shadows, cold pools, and surface rainfall are the main drivers to 

their SM variabilities.  

 

 

Figure 2. Domain-average time series of (a) top-layer soil moisture, (b) surface sensible heat flux (SHF), 

(c) surface latent heat flux (LHF), (d) boundary layer top height, and (e) accumulated surface rainfall. The 

solid lines denote the domain average, and the dashed lines are for +/- 1 standard deviations. The two 

vertical lines represent the time period for spectral analysis of the surface and boundary-layer variables. 

 

The domain-mean surface SHF are nearly indistinguishable among the three 

simulations, especially in the morning (Figure 2b), while latent heat flux (LHF) shows slight but 

consistent increase in UNISFC than the other two (Figure 3c). The spatial variability (standard 

deviations) of fluxes is lowest in UNISFC and highest in VARSM, as expected. The domain-

average zi evolves rapidly from 0900 to 1000 CST and stays nearly constant afterward in all 

simulations (Figure 2d). In the afternoon it is slightly higher in UNISFC/SM than in VARSM, 

likely due to the differences in cloud development between the two groups of simulations. In 

UNISFC and UNISM, clouds are thinner and spread over smaller areas (smaller liquid water 

path, LWP, and smaller cloud fraction, not shown), therefore more solar radiation can reach the 

surface, which then produces higher SHF (also LHF, Fig.2 b,c), increasing zi compared to 

VARSM. Indeed the domain-average SHF is slightly higher in UNISFC/SM than VARSM 
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between 1130 and 1400 CST (Figure 2b). Precipitation, downdraft, cold pools are also expected 

to affect zi development in the afternoon.  It should be noted that zi diagnosed by the Liu and 

Liang (2010) method is not always consistent with physical expectation after moist convection 

develops, probably because the vertical gradient of potential temperature (θ) is mainly used in 

the diagnosis, which may not consistently represent the categories defined by Liu and Liang 

(2010) — stable, neutral, and unstable — underneath moist convection.  

Within the BL and lower troposphere (up to ~2500 m AGL), the domain-average of u, v, 

w wind components, θ and water vapor mixing ratio (q) are visibly identical in the morning 

among simulations (not shown). The spatial variances of θ and q are larger in VARSM at all 

times (Figure S4 a, b). Variance of horizontal winds is also higher in VARSM, but only after 

1200 CST (Figure S4c). Some differences between the simulations can be seen in the variance of 

w and domain-wide covariances (heat flux and moisture fluxes) above the BL in the afternoon, 

but their differences may not be statistically significant within the BL except for the moisture 

flux at certain hours (Figure S4d–f). 

The domain-wide statistics of surface fluxes and atmospheric responses suggest rather 

weak influence of the SM and land cover heterogeneities especially during the morning hours 

within the BL. However, the domain average accumulated surface rainfall of the VARSM 

simulation is double that of UNISFC/SM, while a much smaller difference is seen between 

UNISFC and UNISM (Figure 2e). Stark differences are also seen in cloud development. In all 

experiments, shallow cumuli appear around 1030 CST (Figure 3a-c) and the cloud droplets grow 

into precipitating particles after 1100 CST (Figure 3d-f). Although the timings for these events 

are similar, the domain-average mixing ratios of cloud droplets and rain particles are clearly 

larger in VARSM. After 1400 CST a larger number of shallow cumuli grow to deep convection 

in VARSM than in UNISFC/SM, as indicated by much greater cloud ice concentration in 

VARSM than in UNISFC/SM (Figure 3e-f). The result indicates significant, non-linear 

atmospheric responses to the spatial distribution of initial SM. But the pathway through which 

the SM signal propagates to the atmosphere is not clear in the above analysis. To reveal the 

pathway, we examine the spatial structure of surface fluxes (terrestrial leg) and BL dynamics and 
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thermodynamics (atmospheric leg), and spectrally decompose the domain-wide variance into 

different spatial scales.   

 

 

Figure 3. Height-time cross sections for domain-average (a-c) cloud liquid water mixing ratio, (d-f) 

rainwater mixing ratio, and (g-i) cloud ice mixing ratio. The top, middle, and bottom panels show the 

UNISFC, UNISM and VARSM experiment, respectively. 

 

3.2 Spatial scales in the terrestrial leg of L-A coupling 

This section focuses on the coupling between SM and surface fluxes, which is commonly 

referred as terrestrial leg of the L-A coupling (Guo et al., 2006; Santanello et al., 2018). We limit 

our analysis to the time period between 1000 and 1100 CST; specifically, we evaluate the 

average of 1000, 1015, 1030, and 1045 CST instantaneous outputs, referred to as the “1000 CST 

period” in the following. This is when the average zi already grows to be ~1.5 km, an equilibrium 
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height that remains the same in the afternoon, while clouds have not matured yet at this time to 

obscure the forcing from the surface to the atmosphere (Fast et al., 2019b; Chen et al., 2020).  

 

Figure 4. Contour maps for: (a)-(b) top-layer soil moisture, (c)-(d) surface sensible heat flux, and (e)-(f) 

latent heat flux from the two simulations, as the averages of four instantaneous model outputs at 1000, 

1015, 1030, and 1045 CST. In the following figures, this averaging time window is referred to as “1000 

CST period”. The Kansas area (excluded from the analysis; section 2.1) and tapered portions of the 

domain for spectral analysis (~15 km from the east, west, and south boundaries) are not shown. Also 

shown in (d) and (f) are line contours (0.05 m3 m-3 interval) of the SM difference as VARSM minus 

UNISM, with positive values by solid thin lines, zero in thick–dashed line, and negative values in thin 

dashed lines.     

Prior to the analysis time window (0600–1000 CST), the SM in VARSM developed 

additional spatial variabilities that are missing in the initial state, such as a finger-like structure in 

the western half of the domain (Figure 4b, enclosed by dashed lines). The pattern reflects the soil 

texture (Figure 1f) and an associated difference in soil hydraulic conductivity. The scale of these 

new features is in the mesoscale range and does not significantly affect the spectral signal of SM 

(shown below). In UNISM, the SM distribution stays uniform without visible changes in the 

morning hours, while the surface fluxes have heterogeneities due to different land cover 

characteristics (Figure 4c,e). In VARSM, not only the land cover types but also the mesoscale 

SM pattern clearly appears in the SHF and LHF distributions (Figure 4d,f). Looking closely at 

VARSM, the gradient of surface fluxes becomes stronger over some areas even without an 

obvious SM gradient, e.g., near the finger-like soil texture areas (denoted by red circles in Figure 

4d). Such enhanced flux gradients are found at the boundaries of soil texture (sand vs. sandy 

loam inside the red circle), green vegetation fraction (~30% vs. ~80%), as well as vegetation 

types to lesser extent (Figure 1). In the Noah model, plants are able to take water from multiple 

layers (3 layers for grass/crops, 4 layers for trees) while soil evaporation takes place at the top 

layer only. With this difference between bare-soil evaporation and transpiration, the same 

amount of SM reduction can lead to larger reduction of LHF over an area with small vegetation 

fraction compared to an area with higher vegetation fraction, where water stored within thicker 

soil layers at greater depths can be used for LHF through transpiration. Although physically 

consistent, the details of this process may depend on the model and input data used, and this 

logic may not fully explain why extremely strong gradient is produced for SHF but not for LHF 
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in VARSM (Figure S5). As we shall see below, the SHF gradient created this way plays an 

important role in the BL circulation and cloud development. 

Turning to the question of spatial scales, we first look at the variance spectra of the 

surface input variables: topography, landcover type, soil category, vegetation fraction, and 

observation-based SM (at the initial time of 0600 CST), calculated as described in section 2.2. 

The land cover and soil categories are treated as real numbers to apply FFT, and all the spectra 

are normalized by the variance of each variable. Note that the simulations we examine here do 

not include the topography (section 2.1). All the variables have robust variability peaks in the 

meso-γ and larger scales, in the sense that their magnitudes are greater than those expected from 

the white noise or gaussian random noise (Figure 5a). The land cover category is unique among 

the input variables by having the highest energy in the microscale. The vegetation fraction and 

soil category input data have their peak variabilities in the meso-γ scale. The SM interpolated 

from the in-situ measurements shows significant variability only for scales larger than 20 km. 

Integrating the SM spectrum from VARSM, half of the SM variance across the analysis domain 

is contained in the scales larger than ~60 km, and 95% of the variance can be explained by going 

down to 35 km (Table 2). Dividing these spatial scales (λ50 and λ95) by the domain-average zi, we 

get normalized heterogeneity scales of 23–40. These values are larger than the optimal scales of 

4–9 z/zi (corresponding to 6–14 km in our simulations) to induce the strongest secondary 

circulations according to Patton et al. (2005). Their optimal scales are within the meso-γ scale, 

where vegetation fraction and soil category have most of their variance. But as shown below, the 

variabilities of surface forcing within the optimal range are not simply translated to the spectra of 

surface SHF and LHF.  
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Figure 5. Variance spectra of (a) surface input variables normalized by each variance, (b) top-layer SM 

(m6 m-6), (c) SHF (W2 m-4),  (d) LHF (W2 m-4), (e) SHF (W2 m-5) , and (f) LHF (W2 m-5). Energy spectra 

in (a)-(d) are multiplied by wave numbers before plotting. In (e) and (f) the spectra are plotted using 

logarithmic scales for both axes, while others use linear scale for the y-axis. For (a), the variance spectra 

are normalized so that variables with different variances can be plotted together. For (b) – (f), the spectra 

from four instantaneous outputs (1000, 1015, 1030, and 1045 CST) are averaged. Also shown in light 

gray color is the normalized white noise spectrum (solid) and its 95% confidence interval (dashed). In (a), 

(e), and (f), we additionally show the line with dark gray color representing a normalized Gaussian 

random noise (solid) and its confidence interval (dot-dashed). The Gaussian spectrum is based on 70 

realizations of Gaussian random noise across the model domain. The white and Gaussian noise spectra are 

given the same variance (area under the curve) as UNISFC.  The two vertical lines denote the boundaries 

between meso β, meso γ, and microscale. 
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Table 2. Scale partitioning of the variance and threshold scales of topography, soil category, land cover 

type, green vegetation fraction, and initial soil moisture of the top layer for the VARSM experiment 

 

Surface Forcing 

Variables 

Fraction of variance contained (%) in each scale 
threshold scales 

(km) 

Meso β 

(λ ≥ 20 km) 
Meso γ 

(20 km > λ ≥ 2 km) 

Micro 

 (λ < 2 km) 
50% 95% 

Topography 
59.8 39.7 0.5 25.2 4.1 

Soil category 
26.0 52.5 21.5 8.4 0.7 

Land cover type 
8.4 38.0 53.6 1.8 0.6 

Green Vegetation 

Fraction 
27.6 64.0 8.4 8.8 1.5 

SM in VARSM at 

0600 CST 
96.3 2.2 1.5 58.8 35.3 

Note. The first three columns show the fraction of variance contained in each of the three spatial scales, 

and the last two columns provide the spatial scale (km) that contains 50% and 95% of the total variance 

across the analysis domain. 

 

Without any surface heterogeneities, the power spectra of both SHF and LHF decrease 

the energy at the same rate/slope as the Gaussian noise in the meso-γ and larger scales, while 

behave like a white noise in the microscale (Figure 5e,f, note that SHF and LHF spectra are 

shown in two different axis scaling: the semi-log scaling in (c)-(d) and log-log in (e)-(f)). Adding 

land cover and SM variabilities increases the spectral power as one would expect. The land cover 

variability (difference between UNISM and UNISFC) enhances surface flux variabilities at all 

spatial scales. For SHF, we see a hint of two energy peaks in the UNISM spectrum, one in the 

meso-β scale and the other for ~6 km and smaller scales. The two energy peaks become more 

notable by adding the SM variability. The sensitivity of LHF spectrum to the SM variability is 

smaller than that of SHF and only seen in the scales larger than ~6 km (Figure 5d), indicating 

that the landcover plays a more important role than SM on determining the LHF variabilities at 

smaller scales.   

Integrating the power spectra shows that the majority of the SM variability in VARSM 

remains in the meso-β scale after 4 hours of simulation (Table 3). The SM variances in the other 

two simulations are distributed to smaller scales, but their total variances continue to be 

negligibly small; the domain-wide SM variance of UNISFC, UNISM, VARSM are 4.0 × 10-11 , 

5.8 × 10-7, and 1.2 × 10-3 (m6 m-6), respectively (Figure S6). The fractions of SHF variance 

contained in the mesoscale (β and γ) become progressively higher from UNISFC to UNISM and 

further to VARSM.  Just as SHF, the fraction of LHF variability in the meso-β scale increases 

with land cover and SM variabilities, but not in the meso-λ and microscales where high-

resolution land cover types seem to pose a stronger control on LHF. As the result, λ95 of LHF 

changes little among the three simulations. On the other hand, λ95 (and λ50) of SHF becomes 

consistently larger as the surface becomes more heterogeneous with land cover and then SM.  
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Table 3. Partitioning of total variance into three scales (%) (left six columns) and threshold scales (km) to contain 50% and 95% of the variance 

(right six columns) of soil moisture (SM), surface sensible heat flux (SHF), and surface latent heat flux (LHF) in the 1000 CST period 
 

Vari

able 

Fraction of variance contained (%) in each scale  Threshold scales (km) 

Meso β 

(λ ≥ 20 km) 

Meso γ 
(20 km > λ ≥ 2 km) 

Micro 

 (λ < 2 km) 
50% (λ50) 95% (λ95) 

UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM 

SM 0.2 19.9 90.0 20.0 44.9 8.0 79.6 35.2 2.0 1.2 3.5 58.8 0.6 0.7 7.1 

SHF 0.1 4.0 13.8 18.6 30.4 31.3 81.3 65.7 54.9 1.7 2.7 4.3 1.1 1.4 1.7 

LHF 0.1 20.8 31.6 19.6 44.8 39.7 80.2 34.4 28.6 1.1 4.0 6.1 0.6 0.7 0.7 
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3.3 The atmospheric leg of L-A interactions 

In this section, we first look for the pathway from the surface fluxes to the BL and 

clouds, followed by the diagnosis of associated spatial scales. Based on previous studies by Fast 

et al. (2019b) and Chen et al. (2020), a candidate pathway is by so-called secondary circulations 

forced by heterogeneous heating from the surface (Stull 1988; Segal and Arritt 1992). To guide 

our analysis, we first identify the role of SHF in the conservation equations of temperature, 

buoyancy, and vertical momentum. Using the Boussinesq approximation with a dry, 

hydrostatically balanced reference state (e.g., Houze 2014), buoyancy B is commonly 

approximated as 

𝑩 ≈ 𝒈
𝜽𝒗

∗

𝜽𝒗𝒐
      (3) 

where g is the gravitational constant and θv is the virtual potential temperature. The subscript o 

and the asterisk denote the reference state and deviation from it, respectively. In the following 

the asterisk is omitted for simplicity. Note that this definition represents the so-called thermal 

buoyancy, and does not include the component from the perturbation pressure due to a density 

difference, which counteracts the thermal buoyancy (Doswell and Markowski 2004). The budget 

equation for the virtual potential temperature, without considering water condensates and under 

the Boussinesq approximation, can be written as 

𝝏𝜽𝒗̅̅̅̅

𝝏𝒕
= −𝜵 ∙ (𝜽𝒗̅̅ ̅𝑽̅) − 𝜵 ∙ (𝜽𝒗

′𝑽′̅̅ ̅̅ ̅̅ ̅) + 𝑺𝜽𝒗  (4) 

where the overbar denotes an average, taken here as a volume-average over a model grid box, 

prime denotes the deviation from the average (not the domain average as in eqn.1), and S 

represents diabatic source/sink terms. Near the surface, the divergence of resolved and 

unresolved fluxes is expected to be mostly the vertical component. The unresolved vertical flux 

is approximated by (Stull 1988; de Roode et al., 2004) 

 

𝑤′𝜃𝑣′̅̅ ̅̅ ̅̅ ̅ ≅ 𝑤′𝜃′̅̅ ̅̅ ̅̅ + 0.61𝜃̅(𝑤′𝑞′̅̅ ̅̅ ̅̅ )     (5) 

 

in which SHF appears as the first term in the right-hand side along with the moisture flux in the 

second term. With the above approximation for B, the vertical B flux is 
 

 𝑤′𝐵′̅̅ ̅̅ ̅̅ ≈
𝑔

𝜃𝑣𝑜
𝑤′𝜃𝑣′̅̅ ̅̅ ̅̅ ̅ =

𝑔

𝜃𝑣𝑜
(𝑤′𝜃′̅̅ ̅̅ ̅̅ + 0.61𝜃̅𝑤′𝑞′̅̅ ̅̅ ̅̅ )  (6) 

 

, which is a source term for turbulence kinetic energy (Stull 1988). For the conservation of 

potential temperature (θ), SHF appears directly in the right-hand side 

 
𝜕𝜃̅

𝜕𝑡
= −𝛻 ∙ (𝜃̅𝑉̅) − 𝛻 ∙ (𝜃′𝑉′̅̅ ̅̅ ̅̅ ) + 𝑆𝜃   (7). 

 

In addition, SHF (and LHF) affects the vertical momentum through B  
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𝜕𝑤̅

𝜕𝑡
= −𝛻 ∙ (𝑤̅𝑉̅) + 𝐵̅ −

1

𝜌𝑜

𝜕𝑝̅

𝜕𝑧
+ 𝐹̅ − 𝛻 ∙ (𝑤′𝑉′̅̅ ̅̅ ̅̅ ) (8) 

 

where F is viscous stress, which we ignore in the following discussion. In this study, we focus on 

the first two terms of the vertical momentum equation and relevant quantities of moisture and 

temperature. In eqn. (8), we find that the vertical, non-hydrostatic pressure gradient is usually the 

largest term, but this term is nearly identical between the two simulations with a quasi-random, 

noisy spatial structure. Since this term combines two components of pressure perturbations from 

the hydrostatic reference state — one is due to the density difference associated with thermal B 

and the other is due to flow divergence (Doswell and Markoswki 2004) —, individual 

components may reveal a sensitivity to the SM heterogeneity. But such an analysis (which 

involves solving Poisson’s equation in a large three-dimensional domain with non-periodic 

boundary conditions) is left for future work. The last term corresponds to the subgrid-scale 

momentum forcing, which we do not include in our spectral analysis, being unable to directly 

diagnose the variance associated with the subgrid fluctuations. Its horizontal component is the 

smallest term, reaching only up to 10% of the resolved horizontal w-momentum flux divergence 

(i.e., the first term). The vertical component of the subgrid-scale forcing is smaller than but can 

be in the same order of magnitude as the horizontal component of the first term. 

If the magnitude and spatial scales of SHF heterogeneity is large enough to create spatial 

heterogeneity of the atmospheric temperature for some depths through eqn. (7), then hydrostatic 

horizontal pressure gradient will be produced (Mahrt et al., 1994). Further, if the resulting 

surface pressure gradient induces horizontal winds at the mesoscale as suggested by previous 

studies, then we expect in our simulations that the first term of the right-hand side of eqn.(8), the 

divergence of the resolved w-momentum flux, will couple the horizontal and vertical 

components of the secondary circulation (aside from the kinematic relationship from the 

continuity equation). This non-linear term also carries out cross-scale interactions (Pielke 2002). 

The resolved, horizontal w-momentum flux divergence is generally an order of magnitude 

smaller than B, but can reach non-negligible magnitude when horizontal wind divergence is 

strong as shown below. 
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Figure 6. Contour maps showing (a) buoyancy, B, near the surface (averaged across three model layers at 

60, 150, and 230 m AGL) in UNISM, (b) B difference as VARSM minus UNISM, (c) surface pressure 

(PFSC) anomaly in UNISM, and (d) PSFC difference as VARSM minus UNISM, at the 1000 CST 

period. PSFC anomaly is the deviation from the domain average. Also shown in (b) and (d) are line 

contours of the SHF difference as VARSM minus UNISM, with positive values (10, 40, and 70 W m-2) 

by solid–thin lines, zero in thick dashed line, and negative values (-10, -40, and -70 Wm-2) in thin dashed 

lines. 

 

A strong SHF-B coupling is demonstrated in Figure 6a,b. In VARSM, B is enhanced 

where SHF is increased and the LHF is reduced, indicating the dominant role of SHF in eqn (6). 

A similar spatial pattern is seen in the surface pressure (PSFC) difference between the two 

simulations (Figure 6d). The hydrostatic part of the near-surface pressure shows the same spatial 

structure (Figure S7a), indicating that a hydrostatic adjustment has taken place and secondary 

circulations may be induced. The differences in near-surface wind speeds follow the same spatial 

patterns, supporting the existence of the secondary circulations (Figure 7a). While the spatial 

structures of wind fields look noisier than those of B and PSFC, distinct features can still be 

identified, such as the filament-shaped local maxima/minima (e.g., A in Figure 7a-c) and clusters 

of strong winds (e.g., B in Figure 7). Consistently, the local extrema of horizontal winds develop 

near the strong gradients of PSFC (Figure 7b), which in turn are co-located with dry soil patches 

and narrow areas of sharp SHF gradients, the latter of which is produced by the interaction 

between SM and land cover characteristics (section 3.2). Formation of such secondary 

circulations over narrow and strong gradients of SHF and PSFC are also noted by previous 

modeling studies (Weaver 2004; Patton et al., 2005; Maronga and Raasch 2013).  

Stronger local maxima/minima of horizontal winds mean larger horizontal gradient, thus 

convergence/divergence. As shown in the right column of Figure 7, the near-surface divergence 
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fields become progressively more complex from UNISFC to VARSM, reflecting the underlying 

surface heterogeneities. The high-resolution NLCD land cover data increased areas covered by 

urban land use and water bodies compared to the default land cover (Fast et al., 2019) and NLCD 

resolves finer structures such as rivers and roads. Water bodies and urban land use impose 

particularly strong forcing on the BL flow and convective clouds development (Chen et al., 

2020). Adding the SM variability further increases complexity of the spatial structure of 

divergent circulations, which is well corelated to the changes in SHF (line contours in Figure 7f). 

Surprisingly, their spatial variances or standard deviations differ little among the simulations. In 

contrast, skewness and kurtosis consistently become larger in magnitude with greater surface 

heterogeneities, indicating changes in the shape of the probability distributions, rather than its 

location (mean) or width (variance). Vertical velocity in the middle of the BL is also stronger in 

VARSM over the areas with enhanced B and horizontal convergence, although the noisy w-field 

is difficult to reveal such small features by a contour plot. The difference in w between the two 

simulations is more clearly depicted by a cross-section (Figure 8) that cuts across one such area 

(shown in Figure 7f). The stronger and wider upward plumes just east of 98.30°W in Figure 8b 

are collocated with the strong convergence near the surface up to ~ 300 m. The areas with a 

strong secondary circulation coincide with moister air and moisture divergence at the BL top 

(Figure 7c), as well as early development of shallow cumuli (shown later), becoming the 

“hotspots” of L-A interactions.  
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Figure 7. Contour maps showing (a) near-surface horizontal wind speed (𝑼 = √𝒖𝟐 + 𝒗𝟐), (b) magnitude 

of the PSFC gradient vector, (c) water vapor mixing ratio (q, color shading) and its flux (vector) near the 

top of BL (z/zi = 1.2), (d) near-surface horizontal wind divergence in UNISFC, (e) same as (d) but in 

UNISM, (f) same as (d) but in VARSM, all at the 1000 CST period. Panels (a)-(c) are the difference 

between two simulations as VARSM minus UNISM. The line contours represent the SHF difference as 

VARSM minus UNISM, as in Figure 6b,d. In (f), the two black horizontal lines mark the extent (x-

direction) and averaging width (y-direction) for the cross section shown in Figure 8. The divergence fields 

are smoothed three times by moving-average with 1.5-km window.  
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Figure 8. Cross-sectional view of the vertical and horizontal (u) velocity components (vectors), and 

vertical velocity (shaded contours), along the lines shown in Figure 7f (averaged in the y-direction 

between the two lines), from (a) UNISM and (b) VARSM at the 1000 CST period. The u-wind 

component is scaled down relative to w-component in proportion to the aspect ratio of the plot. 

To better understand the strength of hotspot signatures across the domain, we examine 

probability distributions of variables relevant to the w-momentum equation (eqn. (8)). For most 

of the variables, their distributions appear identical among the simulations when plotted in the 

linear scale, but differences become visible near the tails in the logarithmic scale. The 

distributions of near-surface B have higher probabilities of values larger than 0.07 m s-2 with the 

SM heterogeneity than without; grid cells with B greater than 0.10 m s-2 exist only in VARSM 

(Figure 9a). Similarly, the extreme values of PSFC gradient become more probable in VARSM 

than in the other two simulations (Figure 9b), with the highest magnitude reaching almost twice 

of that in UNISM. The stronger PSFC gradient leads to more extreme horizontal wind speeds 

(denoted by U, Figure 9d) and divergence of w-momentum flux (Figure 9c). The vertical 

divergence of w-momentum flux shows little difference between UNISM and VARSM for the 

positive contribution to acceleration, while extreme deceleration becomes more probable in 

VARSM (Figure 9e). Those extreme decelerations by vertical divergence of w-momentum flux 

are generally co-located with local maxima of B and horizontal convergence of w-momentum 
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flux (not shown). Note that the extreme ends of the horizontal flux convergence reach ~50% of 

the B term in magnitude, playing a non-negligible role in the balance among the terms of the 

vertical momentum (Figures 9a,c). A similar enhancement of horizontal fluxes of θv and water 

vapor mixing ratio (q) are noted, which contribute to higher probabilities of cloud formation (not 

shown). The balancing among terms in the momentum equation is likely responsible for a 

weaker response of w to the heterogeneous SM, especially in the positive (updraft) side of the 

distribution (Figure 9f), than each term in the conservation equation and other variables 

examined. Patton et al. (2005) also reported a more muted response of w than horizontal velocity 

components to surface flux heterogeneities. Also shown in Figure 9f are the standard deviations 

of the w probability in each bin to visualize the variability of the distributions. The standard 

deviations are calculated by first dividing the analysis domain into 88 subdomains of ~25 × 25 

km in size and obtaining 88 probability distributions from the subdomains. As expected, a wider 

spread is observed in VARSM than in UNISM, which also indicates that some 25 × 25 km boxes 

in VARSM have even higher probabilities of very strong updrafts.  

In general, VARSM results in slightly broader distributions whose increased probabilities 

of extremes roughly correspond to 100–1,000 grid points, depending on the variables. Such a 

difference in the extremes is more clearly reflected in kurtosis rather than variance. Most of the 

variables exhibit a consistent increase of kurtosis from UNISFC to VARSM, as shown in Figure 

9. Differences in variance across simulations are less consistent and smaller in terms of fractional 

change from one simulation to another. Looking at the UNISM to VARSM statistics shown in 

Figure 9, a variance change is either a decrease, negligible, or 5–15% increase, while kurtosis 

increases by 15%–40% for all variables except for B.  

Although covering a small fraction of the domain, those extreme hotspots serve as 

preferred locations for clouds to develop earlier and larger and contribute disproportionately to 

the domain-level cloud and precipitation amount (section 3.1). In UNISM, only water and urban 

land cover types serve as hotspots, which are not effective enough to change the domain-average 

cloud and precipitation. The above result suggests that without the SM heterogeneity, each 

vegetation category does not fully exhibit its unique traits of water use (to the degree captured by 

the Noah model and with the SM within the range of field capacity). A combination of land 

cover and SM heterogeneities is needed to create hotspots that can make L-A interactions strong 

enough to bring about the nonlinear response (a more likely transition to deep convection). We 

explore the spatial scales associated with the hotspots in the next section.  
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Figure 9. Probability distributions of (a) buoyancy, (b) PFSC gradient magnitude, (c) horizontal 

divergence of w-momentum flux, (d) horizontal wind speed, (e) vertical divergence of w-momentum flux, 

and (f) w, all from the 1000 CST period. The values shown in the text inset are sample variance (2nd 

moment) and kurtosis (4th moment) of each distribution. The distributions for (a),(b), (c), (d), and (e) are 

taken from the near-surface levels (60, 150, and 230 m AGL) and those for (f) are from levels across the 

mixed layer at z/zi = 0.3, 0.5, and 0.7.  The dashed lines in (f) represent standard deviations of the w 

probability across 88 subdomains of ~25 × 25 km size. 

 

3.4 Spatial scales of the atmospheric leg: Near-surface 

We start the analysis with the variance spectra of near-surface (60–230 m AGL) θv 

(Figure 10a). Here we use the θv spectra to infer the spatial scales of B since the two constants in 

eqn. (3), g and θvo, do not change the shape of the spectra. A notable upscale shift of θv spectra 

happens in the meso-γ scale as the land cover heterogeneities are introduced, while the spectral 

energy at 2.5 km and smaller remain identical among the three simulations. The VARSM further 
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increases the variance in the meso-β scale and also in the meso-γ scale with wavelengths larger 

than ~5 km. The latter increase is marginal and not visible unless the spectra is plotted with the 

logarithmic scale. One would expect that the SHF variability enhanced by the SM variability, 

seen over a wide range of scales including 2.5 km and smaller (Figure 5c), to be passed to B 

through eqns. (4) and (6). But other terms in eqn. (4) may have removed such variabilities. The 

spectral response of PSFC to the imposed SM is more notable than θv (Figure 10b). In particular, 

the meso-β scale contributes more than 30% of the total variance in VARSM compared to 0 and 

6 % in UNISFC and UNISM, respectively. Note that the variance contributions from the two 

smaller scales are reduced accordingly in VARSM (Table 4), but its variance is the highest 

among the simulations in all scales (Figure S8b). The variability appearing in the scales larger 

than 30 km represents the hydrostatic adjustment to the imposed SM pattern (Figure S5b,c). 

 

Figure 10. As in Figure 5, but for the energy spectra of near-surface (a) θv (K2), (b) PSFC (Pa2), (c) 

gradient of PSFC with the x- and y-components combined as vector magnitude (Pa2 m-2), (d) horizontal 

velocity components (U) as the average of u- and v-spectra (m2 s-2), (e) horizontal divergence (s-2), and (f) 

horizontal divergence of w-momentum flux (m2 s-4) in the 1000 CST period. The energy spectra are 

multiplied by wave numbers and plotted with the linear y-axis. The gray solid and dashed lines are the 

spectrum of white noise and its 95% confidence intervals, respectively, given the same variance and the 

degrees of freedom as UNISFC. 
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Table 4. Partitioning of total variance into three scales (%) (left six columns) and threshold scales (km) for 50% and 95% of the variance (right six 

columns) of variables in the atmospheric leg near the surface (averages of 60, 150, and 230 m AGL except for surface pressure) in the 1000 CST 

period 

 

Variablea 

Fraction of variance contained (%) in each scale  Threshold scales (km) 

Meso β 

(λ ≥ 20 km) 
Meso γ 

(20 km > λ ≥ 2 km) 
Micro 

 (λ < 2 km) 
50% (λ50) 95% (λ95) 

UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM 

PSFC 0.0 5.8 32.6 11.2 19.9 17.0 88.8 74.4 50.5 0.9 1.1 1.9 0.6 0.6 0.6 

|∇PSFC| 0.0 0.9 5.2 38.5 50.4 50.5 61.3 49.0 44.3 1.7 2.0 2.2 0.6 0.6 0.6 

θv 0.0 4.7 17.6 14.4 24.2 22.1 85.5 71.1 60.3 1.0 1.2 1.4 0.6 0.6 0.6 

θ 0.0 7.0 26.5 11.7 20.2 17.5 88.3 72.8 56.0 1.0 1.1 1.6 0.6 0.6 0.6 

q 0.1 6.5 22.0 47.2 59.4 49.7 52.7 34.1 28.3 1.9 2.6 3.0 0.7 0.7 0.8 

U 0.1 0.9 4.3 40.2 53.0 52.4 59.7 46.1 43.3 1.8 2.1 2.2 0.8 0.8 0.8 

∇h∙V 0.0 0.0 0.0 24.4 31.9 31.5 75.6 68.1 68.5 1.5 1.5 1.5 0.8 0.8 0.8 

∇h∙Vw 0.0 0.0 0.0 3.0 4.0 4.3 97.0 96.0 95.7 0.9 0.9 0.9 0.6 0.6 0.6 

 

Note. The table structure is the same as that of Table 3.  
aThe abbreviation/symbols for variable names are PSFC: surface pressure, |∇PSFC|: gradient of PSFC as vector magnitude, θv: virtual potential 

temperature, θ: potential temperature, q: water vapor mixing ratio, ∇h∙V: horizontal divergence, U: horizontal wind components, and w: vertical 

wind component.  
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The three variables related to near-surface secondary circulations: PSFC gradient, 

horizonal winds, and horizontal divergence, have distinct energy peaks around 2 km in UNISFC 

(Figure 10c-e). The peak variability is shifted to approximately 3.0 km in UNISM and VARSM. 

Note that the peaks in the horizontal divergence spectra appear in the microscale but this is due 

to plotting artifacts, to which this variable is more susceptible for having a large fraction of 

variance in the microscale (Figure S3). Spectral energy of those variables for wavelengths 

smaller than 2.5 km is identical or slightly lower in UNISM than in UNISFC. The energy 

becomes smaller than the white noise spectra for wavelengths larger than 4–6 km, depending on 

the variable. Therefore we consider that the characteristic scale of the secondary circulations due 

to land cover to be 2.5–6 km. The effect of SM heterogeneity is to extend the statistically 

significant energy of PSFC gradient and U from 4–6 km to approximately 9 km, thus widening 

the characteristic scale range by ~3 km. In terms of the meteorological scale category, the meso-γ 

scale is the scale where the variance increases due to the surface heterogeneities and contributes 

significantly to the total variance (Table 4).  

The small sensitivity of the energy spectra to the imposed SM heterogeneity seems at 

odds with the contoured fields examined in the previous section. To verify the spatial scales 

associated with the hotspots, the Fourier coefficients of the near-surface divergence are inverted 

separately for each of the three spatial scales (Figure 11). The middle column of Figure 11 shows 

that the hotspot signatures in VARSM, such as the filament-like structure in the region A, do 

belong to the meso-γ scale (Figure 11h). The variabilities associated with water and urban land 

surfaces from the NLCD dataset are included in the meso-γ scale as well (Figure 11e). The 

microscale signal is quite noisy except for the suppressed energy over water bodies in UNISM 

and VARSM. The meso-β signals are much weaker than those in the other scales. This result 

support previous studies suggesting that surface heterogeneities can force mesoscale circulations. 

In our case the secondary circulation occurs in the smaller end of the mesoscale (meso-γ).         
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Figure 11. Near-surface divergence inverted separately from the Fourier coefficients in the meso-β (left 

column), meso-γ (center), and microscale (right), from the UNISFC (top), UNISM (middle), and VARSM 

(bottom) simulations. The meso-γ scale field is smoothed three times by moving-average with 1.5-km 

window, while the meso-β and microscale results are not smoothed since the signals in the two scales are 

easily lost by filtering. The original divergence fields are shown in Figure 7d-f. 

One more point to note is that the horizontal divergence of resolved w-momentum flux 

increases its variability significantly with the SM heterogeneity, despite the little difference in 

the energy spectra of divergence and w near the surface (not shown) between UNISM and 

VARSM. It indicates that the SM-induced secondary circulations have higher correlations 

between the gradient of w and horizontal winds (or vice versa), which results in stronger 

convergence/divergence of w-momentum. Although we need to be cautious of the precise scale 

and magnitude of this microscale feature (due to the effective resolution of our simulations), our 

interpretation is the existence of cross-scale response of the atmosphere to the SM variability. 

The meso-β scale variability of SM introduces variabilities of atmospheric temperature and 

pressure in the same meso-β scale. The resulting spatial structure of PSFC then creates/enhances 

horizontal pressure gradients and associated secondary circulations in the meso-γ scale. Further 

interactions between the secondary circulations and w (and its gradient) then produce higher 

variability of resolved w-momentum divergence in the microscale, producing a cross-scale chain 

of L-A coupling.  

 

3.5 Spatial scales of the atmospheric leg: Mixed layer and clouds 

The energy spectra within the well-mixed BL are consistent with those of the near-

surface in upscale shifts due to the land cover heterogeneities and some enhancement of the 
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energy due to the imposed SM variability. This is illustrated in Figure 12, which shows energy 

spectra from the lower, middle, and above the BL in the 1000 CST period. In the velocity 

components, the upscale shifts from UNISFC to the other two simulations are notable within the 

BL. The upscale shift of w due to the heterogeneous surface (UNISM and VARSM) takes place 

for scales larger than 2.5 km, consistent with the horizontal secondary circulations examined in 

the previous section. The upper end of the characteristic scale is smaller based on the comparison 

to the Gaussian noise spectrum in logarithmic scale (not shown); the energy becomes less than 

the noise spectrum around 4 km in UNISM and 5 km in VARSM.  Near the top of the BL (z/zi = 

1.2-1.4), variance of U and w are consistently increased from UNISFC to VARSM. Contour 

plots at these levels (not shown) depict the signature of the surface heterogeneities, indicating 

momentum fluxes originating from the surface. Another notable feature in the U spectra is the 

bottom branch of the thermally forced circulation. The U spectra in the lower part of the BL (z/zi 

= 0.2–0.3, or z = 300–450 m AGL) show a consistent increase of variance from UNISFC to 

VARSM, while there is little difference between UNISM and VARSM in the near-surface 

spectra (Figure 10d). The bottom branch of the secondary circulation may become deeper 

(taller), penetrating higher levels, as the surface heterogeneities become stronger.  

The q spectra within the BL also show the signature of the secondary circulations by the 

shifted energy peaks due to land surface heterogeneities (Figure 12c). Comparing the q and θ 

spectra, our result is generally consistent with previous studies such that w and θ vary at scales 

smaller than those for moisture fluctuations (e.g., Patton et al., 2005; Kang and Ryu 2016; Lee et 

al., 2019). Above the BL, another energy peak appears in the meso-β scale in UNISM and 

VARSM. Similar peaks exist in the θ spectra at the same height (Figure 12d). The fact that this 

energy is missing in UNISFC indicates that the landcover heterogeneities are the source of the 

meso-β energy, and the SM heterogeneity further intensifies this variability. Contour maps of θ 

and q at this level confirm spatial structures originating from the surface (not shown).  

The cospectra between the velocity components and two scalars (q and θ) provide the 

evidence of the critical role of the secondary circulations in turbulent mixing (Figure 13). Within 

the BL, we see the characteristic upscale shift in the cospectra 𝑼′𝒒′̅̅ ̅̅ ̅̅  and 𝒘′𝒒′̅̅ ̅̅ ̅̅ , and in 𝑼′𝜽′̅̅ ̅̅ ̅̅  and 

𝒘′𝜽′̅̅ ̅̅ ̅̅  in the middle of the BL. Above the BL, q is mixed vertically by eddies smaller than ~2 km 

(Figure 13b, top) and horizontally through a wide range of scales, but principally around 2 km 

and 30 km or larger scales, indicative of the important role of hydrostatic motions (Figure 13a, 

top). Similar bi-modal horizonal mixing is found in the lower BL and in the 𝑼′𝜽′̅̅ ̅̅ ̅̅  cospectrum. 

This result is consistent with the co-spectra peak observed in the scales larger than 20 km by 

Taylor et al. (2007), who attributed the peak to surface heterogeneities.    
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Figure 12. As in Figure 10, but the energy spectra at different levels for (a) U (m2 s-2),  (b) w (m2 s-2), (c) 

q (kg2 kg-2), and (d) θ (K2) in the 1000 CST period. A spectrum at each level is an average of three nearby 
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levels within the values shown in the figure: z/zi = 0.2, 0.25, and 0.3 for the bottom panel, z/zi = 0.4, 0.5, 

and 0.6 for the middle panel, and z/zi = 1.2, 1.3, and 1.4 for the top panel.  
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Figure 13. As in Figure 12, but for cospectra of (a) U and q (m s-1), (b) w and q (m s-1),  (c) U and θ  (m s-

1 K), and (d) w and θ (m2 s-1 K).  

 

Lastly, we present the variance scales of cumulus clouds responding to the imposed 

surface heterogeneities. In the 1100–1145 CST time period, clouds are distributed uniformly in 

UNISFC (not shown), and also uniformly in UNISM except over water bodies and areas covered 

by dense vegetation (Figure 14a). In VARSM, larger clusters of clouds develop preferentially 

over the hotspots (Figure 14b). The spatial patterns of early cloud development are consistent 

with those found in Fast et al., (2019b) and Chen et al. (2020), regardless of the difference in the 

lateral and surface boundary conditions among the three studies. Looking at the power spectra of 

cloud LWP, the energy increases at all scales as we introduce the land cover and SM 

heterogeneities (Figure 14e). The energy increase is more substantial when the SM heterogeneity 

is added to the land cover variabilities.  The peak variabilities appear around 3 km, coinciding 

with the scales of the secondary circulations. Note that we show the power spectra of cloud LWP 

without wavenumber scaling (section 2.2), which correctly locates energy peaks but an area 

under the curve does not represent the corresponding variance. Specifically, an area over larger 

wavelengths is widened by the logarithmic x-axis and visually exaggerates its contribution to the 

total variance. The apparently large energy of the VARSM spectrum in the meso-β scale 

contributes only negligible fraction (0.4 %) to the total variance compared to the contributions 

from the meso-γ and microscale (Table 5, also see Figure S9 for the alternative plots). In the later 

1400 CST period, clouds are organized into larger clusters in all the simulations (Figure 14c, d; 

UNISFC cloud field is qualitatively similar to the panel b of UNISM, not shown). This is when 

VARSM simulates fewer and larger clusters as some of the clouds transition from shallow to 

deep convection (Figure 14d; also see Figure 3f). At this time the cloud distributions are not 

directly correlated with the imposed SM pattern anymore. The LWP spectra in UNISFC and 

UNISM shift their peaks to 6 – 9 km and extend the left tail to the meso-β scales, and the 

VARSM simulation upscales the LWP spectra further to have the peak wavelength at 20 km 

(Figure 14f). Yet the meso-β scale energy in VARSM constitutes merely 9% of the total variance 

(Table 5).  

Vertical winds in the cloud layers (averaged across 7 model levels between 1500 and 

4500 m) upscale with surface heterogeneities in the 1100 CST period (Figure 14g). The w fields 

inverted from the Fourier coefficients in each scale confirm spatial correlation between upward 

motion and surface hotspots (Figure 15). In the BL at 1000 CST, strong updrafts belong to the 

meso-γ scale, and preferentially distributed over the dry soil patches or equivalently the areas 

with increased SHF (inside the thin solid contours) and along the strong SHF gradient (Figure 

15b). Weak w in the meso-β scale is found over the hotspots as well (Figure 15a), but their 

strength is an order of magnitude smaller than that in the meso-γ scale (the maximum w is ~0.1 

m s-1 and ~3 m s-1 in meso-β and meso-γ scale, respectively), consistent with the hydrostatic 

balance in the meso-β scale as inferred in the previous section.  These mesoscale characteristics 

are also seen in the cloud levels in the 1100 CST period (Figure 15 d,e). Within the cloud layer, 

updrafts in the microscale exhibit spatial structure reflecting the surface SHF (Figure 15f).  The 

w spectra shift to larger scales in all the simulations as convective clouds develop deeper and 

more organized in the 1400 CST period (Figure 14h). Similar to the cloud LWP shown in Figure 

14, positive w at this time period is not necessarily tied to the surface flux structure, and this 
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tendency is found in all the three scales (Figure 15 g-i). The upscale growth of the clouds and w 

to mesoscale, either meso-β or meso-γ, appears to agree with previous studies suggesting that 

surface heterogeneities induce mesoscale circulations (e.g., Weaver 2004; Taylor et al., 2007). 

However, in our simulations, not all the mesoscale vertical motions are directly forced by surface 

heterogeneities. Significant mesoscale variability is obtained in UNISFC and UNISM after 

convective clouds develop to provide additional buoyancy forcing from latent heating of 

condensation and feedback through precipitation loading and cold pool dynamics. The mesoscale 

variance fraction in the other two simulations also reach > 40%, therefore surface heterogeneities 

are not likely a necessary condition to produce mesoscale variance of w, provided enough 

dynamical forcing from convective clouds. SM heterogeneity and its interaction with land cover 

types, however, do upscale the cloud and w variabilities into even larger scales earlier in time. 
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Figure 14. Contour maps for cloud liquid water path (LWP) in (a) UNISM and (b) VARSM at the 1100 

CST period, and (c) UNISM and (d) VARSM for 1400 CST period, as well as the power spectra of LWP 

(kg2 m-3) at (e) 1100 CST and (f) 1400 CST and w spectra (m s-2) at (g) 1100 CST and (h) 1400 CST in 

the cloud layers. In (c) and (d), the line contours represent the SHF difference as VARSM minus UNISM, 

as in Figure 6. The spectra in this figure are not scaled by wavenumbers, hence an area under the curve 

does not represent the correct variance fraction. See Figure S9 for the plots with alternative axis scaling. 
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 1 

Table 5. Partitioning of total variance into three scales (%) for variables in the atmospheric leg in the middle of the BL (average of 3 levels at z/zi 2 

= 0.4, 0.5, and 0.6) and cloud layers (average of 7 model levels between 1500 and 4500 m) 3 

 4 

Variablea 

Fraction of variance contained (%) in each scale  Threshold scales (km) 

Meso β 

(λ ≥ 20 km) 

Meso γ 

(20 km > λ ≥ 2 km) 

Micro 

 (λ < 2 km) 
50% (λ50) 95% (λ95) 

UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM UNISFC UNISM VARSM 

U 0.2 0.4 1.4 37.5 47.3 48.2 62.4 52.2 50.4 1.7 1.9 2.0 0.7 0.7 0.8 

w 0.0 0.0 0.0 14.7 16.6 17.9 85.3 83.4 82.1 1.2 1.2 1.2 0.7 0.7 0.7 

𝜃 3.1 7.0 34.4 33.1 41.3 29.7 63.8 51.7 35.9 1.6 1.9 2.9 0.7 0.7 0.8 

q 1.0 1.4 6.4 45.5 60.6 57.8 53.5 38.0 35.7 1.9 2.4 2.5 0.8 0.8 0.8 

𝑈′𝜃′̅̅ ̅̅ ̅̅  2.0 6.8 22.2 44.2 51.2 45.2 53.8 41.9 32.5 1.9 2.3 2.9 0.8 0.8 0.9 

𝑤′𝜃′̅̅ ̅̅ ̅̅  0.0 0.5 2.7 34.8 43.4 44.2 65.2 56.1 53.1 1.8 1.9 2.0 0.7 0.8 0.7 

𝑈′𝑞′̅̅ ̅̅ ̅ 1.1 3.2 9.9 51.9 62.7 58.9 47.0 34.0 31.3 2.1 2.6 2.7 0.8 0.9 1.0 

𝑤′𝑞′̅̅ ̅̅ ̅̅  0.0 0.1 0.3 39.3 50.4 50.1 60.7 49.5 49.6 1.8 2.0 2.0 0.8 0.8 0.9 

w, cld. 

lyrs., 

1100CST 
0.0 0.1 0.3 14.8 17.2 23.0 85.2 82.7 76.8 1.1 1.1 1.3 0.6 0.6 0.7 

w, cld. 

lyrs., 

1400CST 
0.7 0.7 1.4 43.3 42.1 45.3 56.0 57.2 53.3 1.8 1.7 1.9 0.7 0.7 0.7 

LWPa, 

1100 CST 
0.2 0.4 0.4 36.5 41.0 48.3 63.2 58.6 49.3 1.6 1.7 2.0 0.7 0.7 0.8 

LWP, 1400 
CST 

3.5 4.0 8.9 65.0 63.0 64.2 31.5 33.1 26.9 2.9 2.8 3.5 1.0 0.9 1.0 

 5 

Note. The results are based on the 1000 CST period except for the last four rows. 6 
aLWP stands for cloud liquid water path.  7 
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 8 

Figure 15. Contour maps for w inverted separately from the Fourier coefficients in the meso-β (left 9 

column), meso-γ (center), and microscale (right) from the VARSM simulation. The top, middle, and 10 

bottom rows show w in the middle of BL (z/zi = 0.4, 0.5, and 0.6) at 1000 CST, w in the cloud levels at 11 

1100 CST, and w in the cloud levels at 1400 CST time periods, respectively. Only the positive values are 12 

contoured in color. As in Figure 6, the line contours represent the SHF difference as VARSM minus 13 

UNISM. 14 

 15 

4 Discussion 16 

We used three semi-idealized simulations to examine the spatial scales of heterogeneous 17 

landcover, SM, surface flux response, and atmospheric response with a focus on secondary 18 

circulations. We found that the secondary circulations forced by land cover heterogeneities have 19 

characteristic scales of 2.5–6 km, and with additional SM variability the scale is slightly widened 20 

to be 2.5–9 km. Without any surface heterogeneities, significant energy in the meso-γ scale is 21 

limited between 2 and 3 km. Thus, our results support the notion of mesoscale circulation forced 22 

by surface heterogeneities in previous studies. However, it is not to say that mesoscale 23 

resolutions of models or observations can reliably represent such variabilities.  24 

Threshold scales for half of the total variance (λ50) ranges from ~1 to 3 km for the 25 

variables in the atmospheric leg (Tables 4 and 5). For some variables λ50 is increased by adding 26 

both the land cover and SM heterogeneities, but at most by 1 km. For λ95, most of the variables 27 

require sub-km resolutions, and adding landcover and SM heterogeneities does not change  λ95. 28 

The SHF and LHF in the terrestrial legs have slightly larger threshold scales with the land cover 29 
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and SM heterogeneities, λ50 of 4.3 and 6.1 km and λ95 of 1.7 and 0.7 km. These λ values are 30 

likely an overestimation because we do not include subgrid-scale variance in our analysis. The 31 

implication is that the latest generation of global climate models with ~30km grid spacing need 32 

to completely parameterize the effect of surface heterogeneities. For emerging climate 33 

simulations at convection-permitting or km-scale resolutions, the grid spacing is roughly 34 

equivalent to λ50 of most of the variables in the atmospheric leg. Then considering the effective 35 

resolutions of such models, a substantial fraction of the effect of surface heterogeneities still 36 

needs to be parameterized. In addition, a cross-scale coupling from the meso-γ to microscales 37 

through PSFC, PSFC gradient, horizontal divergence, and w-momentum flux convergence would 38 

pose a challenge for process-coupling in such large-scale models.  39 

Rather limited upscale growth of w within the BL by the meso-β scale SM variability 40 

could be described by scaling relationships between buoyancy force and spatial scales. For 41 

example, Jeevanjee and Romps (2016) derived a scaling relationship between an aspect ratio r = 42 

D (diameter) / H (thickness) of an idealized cylindrical air parcel and effective buoyancy, which 43 

is a combination of thermal buoyancy (B in our analysis) and the component of perturbation 44 

pressure responding to thermal’s density anomaly. They demonstrated that the counteraction by 45 

the perturbation pressure gradient to B becomes stronger, therefore the effective buoyancy 46 

becomes smaller, as the rising air parcel becomes wider (i.e., larger aspect ratio). If we use eqn. 47 

(22) in Jeevanjee and Romps (2016) for two hypothetical near-surface air parcels, one with D = 2 48 

km (r = 4) and the other D = 20 km (r = 40) having a same thermal buoyancy B = 0.05 m s-2 and 49 

thickness H = 500 m, then we get an effective buoyancy of 0.003 m s-2 and 4.7 × 10-6 m s-2 for r 50 

= 4 and r = 40, respectively. In other words, a factor of 10 difference in D leads to almost 700 51 

times difference in vertical acceleration by effective buoyancy. Although highly idealized, this 52 

scaling is consistent with our result of negligible vertical motion in the scales larger than 20 km, 53 

despite the statistically significant increase of near-surface B by the SM heterogeneity (Figure 54 

10a).  55 

Previous studies also showed that the scale and strength of secondary circulations depend 56 

on the scale and amplitude of surface forcing (e.g., Baidya Roy et al. 2000, 2003; Kang and 57 

Davis 2008; Kang and Bryan 2011; Huang and Margulis 2013; Lee et al. 2019). It may be the 58 

case that the SM heterogeneity we imposed happens to be smaller than what typically occurs 59 

over this area. One could also ask if it is realistic to have the dominant variability of the SM in 60 

the meso-β scale. What if SM has more variabilities in the smaller scales, especially at the same 61 

scales as other land surface variabilities?  62 

The variability of SM used in our VARSM initial condition is likely within a typical 63 

range over the SGP site, based on the interpolated SM from the other 27 days during the HI-64 

SCALE intensive observation period, and also a 7-year climatology of SM estimated by the 65 

WRF-Hydro model with a model domain nearly identical to this study’s (Yang et al., 2021). 66 

Figure 16 shows that the variability of the SM on August 30 (blue dashed line) used in VARSM 67 

is very close to the average of the 28 samples (red line) of interpolated SM fields. Yang et al 68 

(2021) ran more than 20 simulations to explore a variety of model components (e.g., input data, 69 

model parameters, lateral flow model) that affect the quality of the simulated SM. With 70 

observation-based atmospheric forcing, a long simulation period (2011–2016), and high-71 

resolution grid spacing of 1 km, this ensemble of simulations provides a range of plausible 72 

estimates of SM over the SGP site. Table 6 shows that the standard deviations of the two end 73 
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members of the ensemble simulations: the default input data and no lateral routing (A1) and 74 

several non-default, presumably more realistic input data with lateral routing (A9). As shown in 75 

Yang et al. (2021) through the evaluations against SGP site measurements, the two members are 76 

equally predictive of site-level SM time series, despite the systematic difference in the spatial 77 

standard deviations between the two members. The SM field used for this study has standard 78 

deviations between these two members, but closer to the A9 simulation. 79 

The systematic difference between the two end members of the WRF-Hydro ensemble 80 

exists not only in the total variance, but also in the spectral decomposition of the variance 81 

(Figure 16). Compared to the WRF-Hydro A1 simulation without lateral runoff, A9 with lateral 82 

runoff has substantially higher variance in the meso-γ scale. In contrast, all 28 of the daily 83 

samples of SM fields interpolated from the in-situ measurements have negligible variance in the 84 

meso-γ scale. Although we do not have adequate observations to conclude which of the three 85 

datasets is the closest to the true SM distribution, the WRF-Hydro simulations indicate a good 86 

possibility of significant SM variabilities in the meso-γ scale. If another WRF simulation is run 87 

using the SM field from A9 as an initial condition, then the modeled SHF may inject B variance 88 

in the scales small enough to create a positive effective buoyancy following the scaling by 89 

Jeevanjee and Romps (2016). On the other hand, temperature perturbations associated with the 90 

SM variabilities in the meso-β scale may be conducive to enhance extreme PSFC gradient in the 91 

2–3 km scale, at which landcover heterogeneities also create a PSFC gradient. Then such a 92 

resonance in PSFC gradient, rather than buoyancy forcing, may be more effective for convective 93 

cloud development. Those hypotheses will be tested in future work. 94 
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Table 6. Comparison of the standard deviations of soil moisture across the SGP modeling domain 95 

between the initial condition used for VARSM and two of the WRF-Hydro sensitivity simulations from 96 

Yang et al. (2020) 97 

Soil vertical level 

Standard deviationsa of soil moisture (m3 m-3) × 100 

Initial condition in this 

study 

WRF-Hydro climatology 

member A1 

WRF-Hydro climatology 

member A9 

1 6.05 4.84 (0.89b) 7.18 (0.53) 

2 6.31 4.84 (0.50) 7.02 (0.23) 

3 5.91 4.73 (0.48) 6.87 (0.21) 

4 6.60 4.27 (0.40) 6.48 (0.22) 

Note. The two WRF-Hydro simulations represent the most extreme members in terms of the model 98 

configurations (no lateral routing vs. surface & sub-surface lateral routing) and input data (e.g., soil 99 

texture, vegetation characteristics, precipitation forcing), as described in Table 1 of Yang et al. (2020).  100 

astandard deviations are calculated on each day during the JJA season (2011–2016), then averaged over 101 

time.  102 

bnumbers in parentheses are standard deviations (across daily samples) of the time-averaged SM standard 103 

deviations across grid columns. 104 

 105 

 106 

Figure 16. Power spectra of daily mean SM fields obtained by interpolating in-situ measurements during 107 

the HI-SCALE summer intensive observation period (August 24 – September 24, 2016) in thin gray lines, 108 

and those from WRF-Hydro simulations A1 and A9 (for August 2016) in cyan and light green lines, 109 

respectively. The thick red line is the average spectrum of the interpolated observations, and the dashed 110 
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blue line is the spectrum of the case we studied (August 30). The thick blue and green lines are the 111 

averages of the WRF-Hydro A1 and A9 daily spectra, respectively.   112 

Another element that we intentionally removed from our experiment but can affect BL 113 

circulations is surface topography. Shaw and Doran (2001) studied a network of in-situ 114 

meteorological measurements over the SGP site and attributed most of the near-surface divergent 115 

circulations to the surface topography rather than other surface characteristics. Their reasoning 116 

was that the near-surface divergence is geographically fixed across different seasons, while 117 

thermal forcings from land cover heterogeneities change spatial patterns with season. To assess 118 

implications of their work on our findings, we conducted another set of simulations that use the 119 

WRF-default surface topography based on the U.S. Geological Survey global 30-second data 120 

(“UNISM-topo” and VARSM-topo”, Table S1). The result suggests that the responses of 121 

terrestrial and atmospheric legs to the SM heterogeneities and their spatial scales generally 122 

remain the same as the flat-surface case (Figures S10-S12). A notable change due to topography 123 

is that PSFC and its gradient are controlled by surface topography, and thus indistinguishable 124 

between the UNISM-topo and VARSM-topo simulations (Figures S11b, S12c). Consequently, 125 

near-surface horizontal winds and divergence over realistic terrain do not respond to the SM 126 

variability as strongly as in the flat case; changes in the extremes over the hotspots and kurtosis 127 

of relevant variables are less than those in the flat-surface case (Figure S11). In contrast, 128 

topography increases B amplitude while maintaining the response to the SM heterogeneity at 129 

similar levels to that in the flat case, possibly making up for the weakened momentum forcing 130 

from the flux divergence. The probability distributions of w remain nearly identical with and 131 

without the topography (Figure S11d). The main caveat of this analysis is that the lateral 132 

boundary conditions are likely to interact with the topography in our domain because higher 133 

terrains are located near the southern and western boundaries. While we consider some insights 134 

from this additional experiment worth sharing here, we also note that it requires a different 135 

experimental design to fully address the role of topography in L-A interactions over the SGP site. 136 

A muted response of near-surface divergence to the SM heterogeneity with the presence 137 

of topography is consistent with the conclusion of Shaw and Doran (2001). However, the spatial 138 

resolution of the observational network studied by Shaw and Doran (2001) was limited to about 139 

30 km, the scale where we see little energy in the power spectra of near-surface divergence. It 140 

will be valuable to revisit the questions raised by Shaw and Doran (2001) using observations 141 

with higher spatiotemporal resolutions. Our analysis can be useful in this regard. It may be 142 

possible to capture secondary circulations associated with surface heterogeneities with an 143 

observational network that covers a hotspot with the spatial extent of ~10 km and equipped with 144 

~1 km resolution. For the SM heterogeneity used in our case study, lines between the extended 145 

facilities E11 and E32 or between E15 and E37 would sample hotspots (Figure 1a). Of course, 146 

spatial distributions of SM and hotspots can vary with time; therefore, a necessary step is to 147 

conduct more case studies to collect samples of hotspot distributions. The statistics of hotspots 148 

will be useful for designing new observation sites or field campaigns.   149 

As in other modeling studies, some of our findings may depend on the details of the 150 

model experiments. Obvious limitations associated with grid resolutions and the number of case 151 

samples will be addressed in our future work. Another important detail is the model 152 

representation of the terrestrial leg of the L-A interaction, namely the link between SM and 153 

evapotranspiration. In section 3.1, we saw that the sensitivity of the surface flux partitioning in 154 
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the land model plays an important role in creating the SHF pattern, which subsequently 155 

influences the extreme circulations over hotspots. Yang et al. (2021) found the warm-season 156 

LHF over the SGP area is sensitive to the representation of lateral routing and vegetation 157 

phenology. The routing process was shown to closely interact with surface elevation, reinforcing 158 

the importance of the topography in the L-A interaction over this area. In situ flux tower 159 

observations over the SGP site suggest that vegetation state also plays an important role in 160 

determining surface evaporative fraction (Bagley et al., 2017). Our future study will leverage 161 

land models with more sophisticated representation of the sub-surface hydrology and 162 

biogeophysical processes (e.g., Niu et al. 2020).    163 

 164 

5 Conclusions 165 

Numerical experiments are conducted to diagnose the spatial scales of thermally forced 166 

secondary circulations induced by realistic land cover heterogeneities and observation-based SM 167 

heterogeneity, which are hypothesized as a potential pathway from the SM to cloud development 168 

simulated in previous studies (Fast et al., 2019b; Chen et al. 2020). The model is configured to 169 

simulate a case with a transition from shallow to deep convection on August 30, 2016, during the 170 

HI-SCALE field campaign (Fast et al., 2019a). To diagnose the influence of SM heterogeneity 171 

seen in the previous studies, three simulations with different land surface conditions are 172 

contrasted: uniform surface, variable land cover with uniform soil moisture, and variable land 173 

cover and variable soil moisture. To focus on the thermodynamic forcing from the land surface 174 

variabilities, background winds and surface topography are removed from the model forcing. 175 

The analysis domain covers a large area of ~300 km × 220 km to reliably sample mesoscale 176 

motions where previous studies suggested secondary circulations take place. The observation-177 

based SM heterogeneity also showed the dominant variability in the mesoscale, more precisely 178 

the meso-β scale with wavelengths larger than 20 km.    179 

The land cover heterogeneities create two visible but weak variance peaks in the surface 180 

sensible heat flux spectra, one in the scales > 10 km (meso-β) and the other centered around 3 181 

km (meso-γ) extending to the microscale. Both peaks are enhanced by adding the observation-182 

based SM distribution, which has most of its variance in the meso-β scale. In the atmospheric 183 

response, we detect significant spectral peaks between 1 to 3 km wavelengths in the near-surface 184 

and BL circulations without any surface heterogeneities. The land cover heterogeneities with 185 

uniform SM create secondary circulations near water bodies and urban surface, and their 186 

characteristic scales are found to be 2.5–6 km. The SM heterogeneity, added on top of the land 187 

cover heterogeneities, enhances the atmospheric leg of coupling over a small fraction of areas 188 

(“hotspots”) within drier soil patches and along strong SHF gradients that can be formed by 189 

interactions between SM and land cover characteristics. The energy enhancement is made by 190 

increasing B through increased SHF, as well as by cross-scale coupling through temperature, 191 

PSFC, PSFC gradient, divergent circulations, and w-momentum flux convergence; they link the 192 

meso-β thermodynamics to microscale dynamics in forcing upward motion. The additional 193 

hotspots slightly extend the characteristic scales of secondary circulations to 2.5–9 km. The SM 194 

heterogeneity also increases the variability in the larger meso-β scale in some thermodynamic 195 

variables. But this large-scale variability is in the hydrostatic regime without strong vertical 196 

motion. Clouds develop earlier and are more clustered over the hotspots, resulting in 197 
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substantially larger cloud structures and rainfall amount with the heterogeneous SM. In contrast, 198 

the land cover heterogeneities alone do not lead to such significant cloud responses in the 199 

domain-wide scale.    200 

The spatial scales identified in this study are useful to guide the development of large-201 

scale models and observational networks. With the knowledge of locations and spatial scales of 202 

local hotspots obtained from numerical experiments like this work, it would be possible to more 203 

effectively carry out observations targeted at SM-induced secondary circulations. Such 204 

observations in turn would help verifying the modeled L-A interactions. A combination of such 205 

guided observations and numerical experiments is needed to further improve our understanding 206 

of L-A interactions.    207 
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