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ABSTRACT

Numerical weather- and climate prediction models rely on soil data to accurately model land surface processes.
However, as soil data are produced using soil profiles and maps with multiple sources of uncertainty, wide
discrepancies prevail in global soil datasets. Comparison of four commonly used soil datasets in Earth system
climate models, i.e., Food and Agriculture Organization soil data, Harmonized World Soil Database, Global Soil
Dataset for Earth System Model, and global gridded soil information system SoilGrids, yields widespread dif-
ferences in southern Africa. This study investigates the simulated land-atmosphere interactions in southern Africa
in the context of the uncertainties from applying different global soil datasets. We conducted ensemble simu-
lations using the fully coupled Weather Research and Forecasting Hydrological Modeling system (WRF-Hydro)
incorporated with each of the global soil datasets mentioned above. Model simulations were performed at 4-km
convection-permitting scale from January 2015 to June 2016. By quantifying model’s internal variability and
comparing the modeling results, results show that the simulated temperature, soil moisture, and surface energy
fluxes are largely impacted by soil texture differences. For instance, changes in soil texture and associated
hydrophysical parameters result in large differences in air temperature up to 1.7°C and surface heat flux up to 25
W/m?, and disparities in averaged surface soil moisture differ up to 0.1 m®/m® in austral summer months.
Differences in soil texture characteristics also regulate local climatic conditions differently in the wet and dry
seasons as well as in different climatic regions. Furthermore, the thermodynamic differences in surface energy
fluxes caused by soil texture demonstrate physical feedback perspective on atmospheric processes, resulting in
distinct changes in planetary boundary layer height. This study demonstrates the non-negligible impact of soil
data on land surface-atmosphere coupled modeling and highlights the need for consistent consideration of
modeling uncertainties from soil data in modeling applications.

1. Introduction

feedback on the weather and climate system as a large amount of
freshwater is stored in this sphere (Dennis and Berbery, 2021; Greve

Land surface, a key component in the Earth system, is recognized to
have a critical role in the terrestrial and climate systems. Land surface
characters are relevant to a large variety of different processes within
the boundary layer, and strongly influence the land-atmosphere in-
teractions and coupling (Fatichi et al., 2020; Seneviratne et al., 2010).
The pedosphere, i.e. the soil, although usually considered a static
boundary information of the land surface model, exert significant
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et al., 2013; Santanello et al., 2018). Particularly, as the soil is not as
readily observable as the land use and land cover, it has been long time
considered as one of the least developed global environmental layers
with limited data accuracy (Dai et al., 2019; Hengl et al., 2017). In
recent decades, by organizing and harmonizing vast soil survey infor-
mation with different soil mapping approaches, researchers have pro-
duced various geospatial soil datasets from a regional to a global scale
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(Batjes, 2016; FAO, 2013; Hengl et al., 2017; Miller and White, 1998;
Shangguan et al., 2014). Nevertheless, soil datasets are utilized in mixed
in Earth system climate model simulations and some older datasets are
still widely in use, although the data may be out-of-date and their res-
olution too coarse to match the model grid (Dai et al., 2019; DY and
Fung, 2016). Understanding the impact of soil datasets commonly used
in Earth system climate models can be beneficial for robust modeling
capabilities.

Land surface models (LSMs) have grown in complexity to contain a
wide range of physical functionalities, incorporating the hydrological,
biophysical, chemical, and radiative aspects, and are integrated with
weather and climate simulations (Lawrence et al., 2007; Lin and Cheng,
2016; Niu et al., 2011). Soil data is required in LSMs and in the land
surface-atmosphere coupled modeling, it is assumed to obtain more
reliable model predictions through accounting for feedback in the
soil-vegetation-atmosphere continuum (Dirmeyer et al., 2016; Fisher
and Koven, 2020; Santanello et al., 2013; Wei et al., 2021). For instance,
Dennis and Berbery (2021) employed the Weather Research and Fore-
casting (WRF) model with the Community Land Model (CLM) to
investigate the dependence of modeled climate to soil maps over the
continental United States. Their results demonstrated that widespread
differences in soil texture affect the soil moisture content, thus eventu-
ally leading to regional climate differences. Over an inland river basin in
northwest China, Gao et al. (2008) replaced the soil information in the
coupled fifth-generation non-hydrostatic Mesoscale Model (MM5) with
a local soil map, and found that the area mean bias of simulated monthly
precipitation was greatly reduced. In the same region, Zhang et al.
(2019) further found that the streamflow simulation was largely
improved by wupdating the soil map in a fully coupled
atmospheric-hydrological modeling system. In a case study, Pedruzzi
et al. (2022) illustrated the impact of erroneous or outdated land cover
and soil texture data in the Numerical Weather Prediction model WRF
for Sao Paulo, Brazil, and recommended an update of local land surface
data for improved weather condition modeling and air quality modeling.
DY and Fung (2016) compared the default global soil map generated by
the Food and Agriculture Organization of the United Nations and an
updated global soil map from Beijing Normal University for the WRF
model, and examined the differences in near-surface temperature and
humidity in the model simulations using the Noah LSM. They high-
lighted that the soil hydrological properties have a strong effect on soil
moisture content over a long period of time, and found an improved
prediction of surface air temperature and relative humidity with an
updated soil map. Many studies confirmed the board range of soil
moisture impacts on variations of atmosphere conditions including
temperature and precipitations (Lin and Cheng, 2016; Seneviratne et al.,
2010; Song et al., 2016), depending on the spatiotemporal scales, syn-
optic regimes, seasons, and regions considered.

Soils in southern Africa are under threat of degradation due to soil
erosion, reduction of soil nutrients and organic matter, and loss of soil
biodiversity (du Preez and van Huyssteen, 2020; Gomiero, 2016;
Tamene et al., 2019). Soil profiles in this area thus have been extensively
investigated in situ and collected through many soil survey programs
(Dewitte et al., 2013; Leenaars et al., 2014), with comparatively detailed
soil data (Batjes, 2016). However, inconsistencies in different global soil
data are also evident in southern Africa (Dai et al., 2019; DY and Fung,
2016). Modeling sensitivity studies of LSMs and weather and climate
models for southern Africa mainly focus on land use/land cover change
descriptions (Glotfelty et al., 2021), model physical parameterizations
(Crétat et al., 2012; Laux et al., 2021), and atmospheric initial condi-
tions (Crétat et al., 2011). High-resolution climate modeling studies and
applications in southern Africa are still using outdated and
coarse-resolution soil data, neglecting the uncertainties associated with
soil data. Additionally, as more sophisticated hydrological processes are
included in regional land surface-atmosphere models, i.e., coupled land
surface-hydrological-atmospheric modeling, soil data as well as their
hydrophysical properties are expected to have a larger impact on model
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results. Accordingly, assessing the effect of soil data uncertainty is a key
step towards improving the capability of current state-of-the-art coupled
models to reproduce fundamental features of key climatic variables.
To this end, the research question of this study is focused on the
assessment of uncertainties in climate variables attributable to soil data
in a high-resolution regional land surface-hydrological-atmospheric
coupled model in southern Africa. The fundamental hypothesis is that
there is an apparent and direct impact of commonly used global soil
datasets. In this study, we consider the following four digital global soil
datasets: the Food and Agriculture Organization (FAO) Digitized Soil
Map of the World (FAO, 2013), the Harmonized World Soil Database
(HWSD, FAO/IIASA/ISRIC/ISS-CAS/JRC, 2012), the Global Soil Dataset
for Earth System Model (GSDE, Shangguan et al., 2014), and the global
gridded soil information system SoilGrids (Hengl et al., 2017), imple-
mented in the Advanced Research version of the WRF Hydrological
Modeling system (WRF-Hydro). These global soil datasets are selected as
they are generally acceptably used in climate and weather simulation
applications. By conducting coupled simulation for the southern Africa,
south of 19 °S, we quantified the internal variability of simulation var-
iables that link soil texture and its properties to the surface and
near-surface states and fluxes. To our knowledge, this is the first effort
for southern Africa that addresses coupled land
surface-hydrological-atmosphere modeling uncertainties originating
from different soil data. The remainder of this article is organized as
follows: Section 2 describes the method and materials, including a
model description, experiment design with selected soil data, reference
data, and analytical methods. The results from coupled modeling are
shown in Section 3, and the conclusions are discussed in Section 4.

2. Method and materials
2.1. Regional land surface-atmosphere coupled model setup

The fully coupled Weather Research and Forecasting Hydrological
Modeling system, named WRF-Hydro, is used as the regional land-
atmosphere coupled model to assess the role of soil texture and associ-
ated hydrophysical parameters in regional land-atmosphere in-
teractions. The WRF-Hydro is the community research model (Gochis
etal., 2020) developed by the National Center for Atmospheric Research
(NCAR), aiming to accurately represent the physical processes of the
land surface and the atmosphere as well as their two-way interactions. In
comparison to the conventional numerical weather prediction model
WRF, WRF-Hydro further considers the lateral terrestrial hydrological
processes and their atmospheric feedback, thereby improving the real-
ism of earth system interactions. As a consequence, WRF-Hydro has been
commonly used in recent research applications (Arnault et al., 2021a;
Quenum et al., 2022; Zhang et al., 2022). A detailed description of the
WREF-Hydro model can be found in Gochis et al. (2020).

The Advanced Research WRF model version 4.2 with the hydrolog-
ical module of WRF-Hydro version 5.1 is conFig.d for this study. The
model domain is conFig.d with a convection-permitting horizontal res-
olution of 4 km with 650 x 500 grid points, covering the southmost part
of Africa, including e.g., South Africa, Lesotho, Eswatini (domain extent
is shown in Fig. 1). The WRF-Hydro model is directly forced by ERA5
reanalysis at 3-hourly time intervals (Hersbach et al., 2020). Down-
scaling simulations are performed using single-domain approach at the
convection-permitting resolution, excluding the uncertainties associated
with multiple nesting and cumulus parameterization in the outer
domain. The underneath statics soil textures are different in the
designed experiments, which will be detailed in Section 2.2. The land
use and land cover map used in all simulations are the same and are
based on the Moderate Resolution Imaging Spectroradiometer (MODIS)
21-class dataset.

Based on previous climate dynamic downscaling applications over
southern Africa (e.g., Abba Omar and Abiodun, 2021; Crétat et al., 2012;
Ratna et al., 2014; Ratnam et al., 2013), the selected set of atmospheric
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Fig. 1. WRF-Hydro model domain covering southern Africa and the dominating land use and land cover from MODIS dataset. The gray dots show the location of the

soil moisture observation stations from ISMN.

physics schemes includes the shortwave and longwave radiation
schemes of Dudhia (1989) and Mlawer et al. (1997), the WRF
single-moment 6-class microphysics scheme of Hong and Lim (2006),
and the Yousei University planetary boundary layer scheme (Hong et al.,
2006) along with the revised Monin-Obuhkov surface layer scheme
(Jiménez et al., 2012). As our model grid is within the
convection-permitting model resolution (Prein et al., 2015), no cumulus
parameterization scheme is activated. Previous studies also confirmed
that by using a 4 km grid-spacing the subtropical convection over
southern Africa can be reproduced (Kendon et al., 2019; Senior et al.,
2021).

The community land surface model Noah with multi-
parameterizations (Noah-MP) is used for simulating momentum, heat,
and water exchanges at the land surface within the WRF-Hydro model
system. The Noah-MP LSM has four vertical soil layers within a total 2-
meter soil depth, and parameterizes vertical water and heat transport
with diffusive Richards’ equation and thermal diffusion equations. De-
tails about the Noah-MP land surface model can be found in (Niu et al.,
2011). In addition, WRF-Hydro handles lateral terrestrial water flow to
parameterize water horizontal movement in the land surface. The
overland and subsurface lateral flow routing are computed on a sepa-
rated 400-m subgrid which represents the refined terrain gradient. The
4-km WRF-Hydro/Noah-MP grid and the 400-m subgrid interact

through a disaggregation-aggregation procedure to map surface hy-
drological conditions, therefore, the lateral terrestrial water flow also
has atmospheric feedback in the modeling system (Gochis et al., 2020).
It is noted that this study aims to compare modeling simulations in order
to investigate the role of soil data in the regional land-atmosphere
coupled modeling, rather than to optimize the Noah-MP model
schemes and hydrological parameter calibration. We therefore keep the
default schemes and parameter values in Noah-MP and in WRF-Hydro
water routing modules, without considering channel routing and base-
flow bucket modules.

The model simulations are run for the period from January 2015 to
June 2016. The first six months of the simulations are designated for
model spin-up, and the entire austral year from July 2015 to June 2016
is chosen for analysis. As for the spin-up time, previous studies have
commonly employed a period of 1-2 months for model spin-up in
southern African regions (e.g., Crétat et al., 2012; Ratna et al., 2014).
Accordingly, our choice of 6 months is considered sufficient for the
model to reach an equilibrium state of surface conditions.

2.2. Soil datasets

Four commonly used digital global soil datasets from the Food and
Agriculture Organization (FAO), the Harmonized World Soil Database
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(HWSD) version 1.2, the Global Soil Dataset for Earth System Model
(GSDE), and the global gridded soil information system SoilGrids, were
used in the study. The default soil data provided by WRF/WRF-Hydro
preprocessing system is generated from the State Soil Geographic
datasets (STATSGO) for the entire region of the United States and the
FAO soil dataset for the rest of the world (FAO, 2013; Miller and White,
1998). Although the FAO soil dataset is ~10-30 years old and may not
accurately reflect the soil state at the land surface, it remains the most
widely used in current weather and climate model applications. The
FAO soil data has a grid spacing of 5 arc minute (~9 km). HWSD is built
by harmonizing the existing globally available regional and national soil
databases within the 1:5000,000 scale FAO soil world map using a
standardized structure (FAO/IIASA/ISRIC/ISS-CAS/JRC, 2012). To
further meet the needs of various types of Earth system models, the
GSDE dataset, designed for the improvement of HWSD, is developed by
incorporating more local soil maps and soil profiles related to the soil
maps, and with more soil properties (Dai et al., 2019; Shangguan et al.,
2014). Both HWSD and GSDE have the same grid spacing of 30
arc-second (~1 km). SoilGrids is a recent global soil information system,
which is produced by fitting machine-learning prediction models using
more than 230 000 soil profile observations (Hengl et al., 2017). With a
resolution of 250 m, SoilGrids provides the spatially most detailed es-
timations of global soil distribution.

In the modeling practice, the Noah-MP LSM requires empirically
derived soil hydrophysical parameters paired with prescribed soil
texture for physical parameterization of soil thermodynamic and hy-
drological processes. To ensure comparability among the four soil
datasets with different resolutions and depths, all simulations utilize the
default option of dominant soil texture. Soil texture is determined based
on the United States Department of Agriculture (USDA) classification
system, which classifies soil properties such as the percentages of silt,
sand, and clay (Soil Survey Staff, 2012). The criteria for classifying the
twelve soil texture types are shown in Fig. S1b (supplement), along with
four additional soil categories of organic material, water, bedrock and
land-ice. Table S1 provides the relevant soil hydrophysical parameters
of each soil texture, including porosity, saturated matric potential,
saturated hydraulic conductivity, and retention curve slope. These pa-
rameters are set as defaults in both WRF-Hydro and Noah-MP models.
We emphasize that the configuration of the soil textures compositions
and their corresponding hydrophysical parameters are driven by the
particular use for the land surface modeling in our modeling approach.
The accuracy of the soil texture classification in global soil data is often
questionable, and the soil hydrophysical parameters are empirical
derived, predominantly from soil samples collected in the United States
(Cosby et al., 1984; Kishné et al., 2017).

2.3. Reference dataset and evaluation protocol

In the effort to validate the simulations’ performance, four global
gridded datasets of near-surface temperature, precipitation, land surface
evapotranspiration, and surface soil moisture are used. These include
the temperature dataset of Climatic Research Unit grided v4 (CRU) with
a spatial resolution of 0.5° (Harris et al., 2020), the precipitation of
climate hazards infrared precipitation with stations data v2 (CHIRPS)
with a spatial resolution of 0.05° (Funk et al., 2015), the land evapo-
transpiration dataset of Global Land Evaporation Amsterdam Model
v3.5 (GLEAM) with a spatial resolution of 0.25° (Martens et al., 2017),
and the surface soil moisture from European Space Agency Climate
Change Initiative (ESA-CCI) with a spatial resolution of 0.25° (Dorigo
et al., 2017). These datasets are chosen because they are
observational-based and produced using data assimilation and physical
algorithms. They have been demonstrated to have the ability to repre-
sent the spatial variability of climate variables in the southern African
region (Al-Yaari et al., 2019; Khosa et al., 2019; Landman et al., 2018;
Pitman and Bailey, 2021). To enable direct comparison and calculation
of biases and correlations, the variables from simulations are regridded
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to the grids of the corresponding reference datasets using bilinear
interpolation.

In-situ observed near-surface soil moisture dataset from the Inter-
national Soil Moisture Network ISMN (Dorigo et al., 2021) are further
used for soil moisture validation at point scale. In total, data from eleven
stations throughout the model domain with records covering the
research period are used. These soil moistures records are retrieved by
Cosmic-ray probes and GPS receivers. The hourly raw records are
averaged to daily scales and then compared to the model results.

Uncertainties in model ensembles to different soil datasets are
quantified by estimation of the internal variability (Alexandru et al.,
2007; Lucas-Picher et al., 2008). It is measured by the spread among the
ensemble members during the time of integration. The spread is calcu-
lated by the standard deviation between the member of the ensemble,
that is

% > Xa(igi ) = X (g, 0] M

n=1

N
ox(ij,1) = [
Where X(i, j, t) refers to the value of variable X on grid point (i,j) at time t
and for the member n in the ensemble. N is the total number of ensemble
members, here N = 4. The term X is the ensemble mean calculated as

N
X(i7j7t) :% ;X,,(i,j,t). 2
The inter-member variance o%(i,j, t) is calculated for all grid points in
space and archived for all time steps. To describe the spatial distribution
of internal variability over the whole simulation period, the measure of
internal variability is further calculated by the square root of the time-
averaged o2%(i,j,t) in Eq. (1) as

— 1 &
ok () = 37 2_ox(io 1) 3)
=1

—5t
where N is the number of all time steps. o2 (i,j)represents the variability
of the simulated variable over a given period and a given location (i,j).

3. Results
3.1. Comparison of soil texture at lower boundary conditions

The dominant category of top-layer soil texture in each model grid
cell from four datasets is visualized in Fig. 2, and Table 1 and Fig. Sla
further summarize the counted corresponding percentage of each soil
texture category in the study domain. Differences in soil texture between
the four soil datasets are pronounced. In general, most of the soil texture
is massively blocky distributed in the model domain. As shown in Fig. 2
and Table 1, the dominant soil textures in FAO and HWSD are sandy
loam and sand, comprising 46.6% and 31.0% of the model domain grid,
respectively. Sandy clay loam is the dominant soil texture in both GSDE
and SoilGrids, comprising 22.7% and 44.1% of the domain, respectively.
Spatially, FAO gives the most simplified soil texture, mainly classifying
the study area as sandy loam, loam, and sandy clay loam (Fig. 2 and
S1a). SoilGrids also simplifies the soil texture mainly into three cate-
gories as loamy sand, sandy loam, and sandy clay loam. The soil textures
classified in HWSD and GSDE are somewhat similar, partly attributed to
the fact that the soil data sources are the same and the soil mapping
approaches are similar (Dai et al., 2019). According to Shangguan et al.
(2014), GSDE incorporated additional soil profiles and soil maps
compared to HWSD, therefore the associated improvements are repre-
sented in Fig. 2. For example, the soil texture at the border between
Namibia and South Africa is shown continuously as loam in GSDE,
instead of being distinctly divided as sandy loam and clay loam by the
country border in HWSD. These two soil texture categories are not
adjacent to each other in the USDA soil texture triangle (Fig. S1b). Also,
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Fig. 2. Four USDA classification based global soil datasets as implemented in the WRF-Hydro model at 4-km resolution, (a) default FAO, (b) HWSD, (c) GSDE and

(d) SoilGrids.

Table 1
Averaged percentage of each soil texture category in the four soil datasets within
the WRF-Hydro simulation domain, i.e. in southern Africa.

Soil category FAO HWSD GSDE SoilGrids
Sand 0% 31.0% 19.1% 1.5%
Loamy Sand 2.8% 7.3% 11.9% 21%
Sandy loam 46.6% 22.8% 20.3% 26.6%
Loam 29.0% 6.0% 12.7% 0%
Sandy Clay Loam 11.4% 11.3% 22.7% 44.1%
Silty Clay Loam 0% 0% 1.0% 0%

Clay Loam 3.6% 16.7% 8.3% 3.1%
Sandy Clay 0% 0.4% 0.4% 2.4%
Clay 6.6% 4.5% 3.6% 1.3%

the soil texture over Lesotho is better classified in GSDE than identically
classified in HWSD, and the soil texture of sand in the south of Botswana
in HWSD is further classified in GSDE.

In terms of soil grain size, HWSD and GSDE generally describe a
coarser grain size composition than FAO and SoilGrids across the study
area, e.g., from Sand to Sandy Loam over Northwest arid land. Spatially,
SoilGrids documents an overall continuous decrease in soil grain size
from northwest to southeast. It is suggested by Dai et al. (2019) and
Hengl et al. (2017) that Soilgrids largely improves the representative-
ness of spatial variations in soil properties at a very high grid resolution.
Overall, apparent differences in soil texture are observed in the four
selected global soil datasets over the study area. Given that the soil
hydrophysical parameters are described differently based on the pre-
scribed soil textures, further variations in the simulated hydrometeo-
rological fields at the land-atmosphere interface can be expected from
the model ensembles.

3.2. Evaluation of model simulations

The simulation results of dynamically downscaled hydrometeoro-
logical fields are evaluated first. The 2-meter air temperature and pre-
cipitation of the simulation ensemble are compared with reference
datasets and are illustrated in Figs. 3 and 4, respectively. The temper-
ature observation shows a cool temperature along the Drakensberg
mountains, stretching to the Cape Fold Mountains in the south of South
Africa. The coolest temperatures appear in northern Lesotho as a result
of the significant terrain features. The coastal area and the interior areas
surrounding the Namib and Kalahari deserts are warmer, with the
highest temperatures over southern Mozambique (Fig. 3a). Such tem-
perature patterns are well reproduced by the model simulations,
showing the added values associated with the very high model resolu-
tion. By conservatively interpolating the simulated temperature into the
coarser grid of the CRU dataset, temperature bias slightly varies from
—3.4 to 3.3°C over the model domain, with a very small overall bias of
—0.56°C. The temperature discrepancies in the mountainous area are
relatively large, particular in Lesotho, exhibiting large variations with
mixed distribution patterns. Apart from the inherent biases from model
simulations, the regridding process introduces additional biases due to
the abrupt changes in orography in the region, exacerbating the chal-
lenges of interpolation.

The simulated precipitation from the model ensemble is also com-
parable with the CHIRPS precipitation (Fig. 4a-b). The spatial patterns
are well captured, with more precipitation toward the east range of the
Drakensberg Mountains over Mpumalanga and KwaZulu-Natal, and the
southern parts of Eastern Cape and Western Cape. This indicates that
both the austral summer precipitation in the east of South Africa and the
winter precipitation of the Mediterranean climate in the southwest
coastal area are well represented. Additionally, the precipitation
gradient in the east-west direction is quite comparable between the
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Fig. 3. Spatial comparison for mean 2-meter air temperature between (a) CRU-TS reference and (b) WRF-Hydro ensemble mean for the period July 2015 to June

2016. (c) WRF-Hydro ensemble bias regarding CRU-TS reference. (d) Time-averaged variability of 2-meter temperature 4/ 5%2,"[ among 4 ensemble members.

simulations and CHIRPS observations. Regarding the precipitation bia-
ses, a precipitation dry bias occurs along the west coast, with the highest
percentage of biases over the Namibia desert (Fig. 4c). Nevertheless, the
absolute bias over the desert is very small, less than 12 mm over the
year. The wet precipitation bias is mostly distributed over the Dra-
kensberg Mountains, alongside the mountain peaks (Fig. 4c). Overall,
the model overestimates the mean land precipitation by about 30.2 mm
compared to the CHIRPS precipitation of 342.4 mm, with a percentage
bias of 8.7%. Compared with previous regional climate dynamic
downscaling cases (e.g., Arnault, Jung, et al., 2021; Cretat et al., 2012;
Crétat and Pohl, 2012; Ratna et al., 2014), these high-resolution
WRF-Hydro simulations successfully reproduce the key variables of
temperature and precipitation, and additionally, show somewhat
improved results in terms of simulation biases, since this
convection-permitting resolution excludes the uncertainties and biases
of the convective scheme (e.g., Prein et al., 2015; Senior et al., 2021;
Zhang et al., 2021).

Figs. 5 and 6 present spatial comparisons of land evapotranspiration
and surface soil moisture, respectively. The patterns of both variables
show slightly higher values in the eastern mountains and low values in
the interior and western regions, similar to the patterns of precipitation.
Compared to the reference dataset, the WRF-Hydro ensembles generally
exhibit negative biases in evapotranspiration and soil moisture over the
western arid area, with small absolute bias values of —0.015 mm/day
and —0.05 m®/m? respectively. The evapotranspiration and surface soil
moisture values over the eastern wetter region are comparable, with
small mixed biases distributed spatially.

3.3. Internal variabilities in model ensemble simulations

The internal variability of each simulated hydrometeorological field

is estimated using the square root of the time-averaged variance ( g[)
among ensemble members following Eq. (3). For the 2-meter tempera-
ture shown in Fig. 3d, a clear increase in internal variability is found in
the interior region of the study area. This region primarily consists of soil
texture dominated by sand, loamy sand, and sandy loam, located at the
left angle of the USDA soil texture triangle (Fig. S1b), characterized by
the largest grain size. For other areas with soil textures dominated by
loam and sandy clay loam, the internal variability is very small.
Although the spatial pattern of temperature is directly influenced by
terrain elevation (Fig. 3b), topography does not seem to have a large
effect on the internal variability of simulated temperature. The un-
certainties of temperature values are considerably related to the soil
texture description.

The internal variabilities of precipitation and evapotranspiration
relating to soil texture are spatially distributed similarly over the entire
domain. Higher internal variability is visible in the northern and eastern
part of interior, whereas lower variability characterizes west and south
coastal area. Overall, the internal variability of model is higher in the
interior than in the coastal areas, showing a west-east and south-north
gradient. In the model simulation, the lateral boundary and sea sur-
face temperature are prescribed identically, and the prevailing winds
carry moisture from the coast to the land, where they interact with the
land surface and then are increasingly perturbed by soil texture dis-
parities. These perturbations are maximized in the inland region, where
they may lead to greater differences in precipitation representation.
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Fig. 4. Spatial comparison for daily-averaged precipitation between (a) CHIRPS reference and (b) WRF-Hydro ensemble mean for the period July 2015 to June 2016.

(c) WRF-Hydro ensemble bias regarding CHIRPS reference. (d) Time-averaged variability of precipitation \/6_12;.[ among 4 ensemble members.

Precipitation variability is closely linked to the intensity of rainy days as
well as precipitation location and amount, which are jointly triggered by
regional-scale convective processes and large-scale synoptic variabil-
ities. Consequently, higher internal variability of precipitation is clus-
tered to the inland area in the eastern and the subtropical latitudes,
including the complex terrain region of Drakensberg Mountains, due to
the strong topography effect on convection triggering. In contrast,
coastal areas in the west and south exhibit the lowest variability of
precipitation (Fig. 4d), even though the southern coast experiences high
precipitation due to the Mediterranean climate (Fig. 4b). The south-
eastern coastal areas receive abundant precipitation but exhibit less
variability, which is also attributed to the fact that moisture sources are
mostly not perturbated. Overall, simulated evapotranspiration and sur-
face soil moisture have low internal variabilities (Figs. 5d and 6d),
acknowledging the long persistence of soil moisture and the fact that
coupled WRF-Hydro model spatially redistributes the soil moisture from
higher to lower areas by lateral flow processes. The high internal vari-
ability of evapotranspiration is shown to be partly related to the areas
with high internal variability of soil moisture, such as the southern
coastal areas of Mozambique and the areas close to the border of
Zimbabwe. As shown in Fig. 6d and Fig. 2, the soil textures of sand and
loamy sand usually exert a larger impact on the internal variability of
soil moisture.

The comparison of spatial patterns of simulated precipitation minus
evapotranspiration (P-E), which represents the terrestrial water avail-
ability is shown in Fig. 7. Overall, common features are represented
among all model ensemble members. The eastern mountain regions
exhibit a large amount of excess precipitation that forms runoff, while
the western and central highveld has very small net precipitation. The

regions with negative net precipitation represent dry land conditions,
such as the dryness in the lower Limpopo River stretching to
Mozambique and the significant impact of forestry plantations on
evapotranspiration. Many studies showed that forest plantations in the
Kwazulu-Natal and the Eastern Cape of South Africa led to a reduction of
water resources (e.g., Meijninger and Jarmain, 2014; Tuswa et al.,
2019). These spatial characteristics are well captured by the coupled
model simulations, although evapotranspiration in Noah-MP and
WRF-Hydro is accounted for only within a 2-meter soil depth. Response
to differences in soil textures on the available water are visible among
model ensemble, clustered in the mountainous area such as Lesotho and
the eastern flanks of Drakensberg (Fig. 7). Theses difference arise from
variations in precipitation differences, soil wetness and the redistribu-
tion of water flux through lateral water processes. In HWSD and GSDE
experiments, high net precipitation is evident along the southern coasts
of Mozambique, associated with soil texture of sand present in the area.

3.4. Model sensitivity on spatially distributed soil moisture

A daily time series comparison is conducted to evaluate the simu-
lated topsoil moisture against both in-situ observed and satellite-
retrieved surface soil moisture at 11 sites, as shown in Fig. 8. Some
gaps are present where in-situ measurements and satellite-retrieved data
are missing. As soil texture varies among the simulation members, the
detailed inventory of soil texture in each simulation is listed in Table 2.
Similar to the findings from previous studies that compared numerical
models and observations (e.g., Fersch et al., 2020; Greve et al., 2013; Lin
and Cheng, 2016; Massey et al., 2016; Zhang et al., 2019), systematic
differences in soil moisture content are observed at some sites. This is in
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Fig. 5. Spatial comparison for daily-averaged evapotranspiration between (a) GLEAM reference and (b) WRF-Hydro ensemble mean for the period July 2015 to June

2016. (c) WRF-Hydro ensemble bias regarding GLEAM reference. (d) Time-averaged variability of evapotranspiration \/gt among 4 ensemble members.

fact related to the measured depth of soil wetness on the one hand, and
to the physical properties of the soil on the other. Nevertheless, the
simulated soil wetness as well as their variabilities are consistent with
the observations, with the simulation results showing significant cor-
relation with the observations (statistically significant at 1% level,
except for the case of SoilGrids at the Gobabeb site). Additionally, the
root mean square errors (RMSE) are less than 0.1 m3/m? at 9 out of 11
station sites (summarized in Table S2). The occurrence and trends of
both rapid increases and decreases in soil moisture content are in
agreement across the simulated time series, indicating the reasonable
simulated precipitation events in spatial. In general, the simulation re-
sults are found to be in better agreement with the ESA-CCI satellite
observations.

Regarding the intercomparison among the four model members, soil
texture is found to have a direct impact on soil moisture content. Spe-
cifically, the assigned field capacity and wilting point values for
different soil textures (Table S1) directly affect the overall soil wetness.
For instance, overall soil moisture is higher for Clay Loam than for Sandy
Clay Loam and Loam, as seen in the Cathedral, Baynesfield and
Sutherland in-situ sites. At the hyper-arid Gobabeb site, differences are
particularly remarkable, highlight the distinct impact of soil texture
(Fig. 8). Additionally, soil texture with more sand tends to respond
rapidly to rainfall, with earlier peaks and quicker drain out. This is partly
evident in Mapungubwe and Mafikeng sites, where soil moisture in
HWSD responds faster due to the soil texture of Sand. Generally, soils
with more clay tend to have a high water-holding capacity and dry out
slowly, while soils with more sand behave the opposite. These charac-
teristics can be derived from these site-scale comparisons, and are
further comparable to results from standalone LSMs and climate

modeling (e.g., de Lannoy et al., 2014; DY and Fung, 2016; Lin and
Cheng, 2016; Yang et al., 2011). It is worth emphasizing that the
WREF-Hydro model used in this study considers not only soil water ver-
tical diffusion and surface evapotranspiration, but also horizontal soil
water redistribution based on saturated soil exfiltration and overflow
reinfiltrating (Gochis et al., 2020). As a consequence, these results un-
derscore that soil texture exert a distinct influence on soil moisture
variability even in complex models that account for detailed hydrolog-
ical processes.

3.5. Effects of soil texture differences on land-atmosphere interfaces

The impact of variations in soil hydrophysical properties on land-
atmosphere interactions is investigated through a thorough compari-
son of two simulation cases. We considered GSDE and HWSD for the
comparison because they were developed using a similar framework and
also GSDE was developed with the purpose to improve HWSD’s protocol
(Shangguan et al., 2014). Our analysis indicates that there are still
considerable differences in soil texture between the two datasets, despite
their similar development process (as shown in Fig. 9d). Additionally,
Fig. 9a-c illustrate the differences in selected soil hydrophysical pa-
rameters assigned from the lookup table in the model simulations. It is
apparent that the hydrophysical parameters differ in space following the
difference in soil texture. In general, soil moisture at saturation
(porosity) and hydraulic conductivity are slightly higher in GSDE for
South Africa and slightly lower for Lesotho (Figs. 9a, c). The parameters
of wilting point and field capacity (not shown, but spatially similar to
the wilting point) generally decrease as the soil grain size increases,
mainly occurring in the Northwest of South Africa (Fig. 9a, d). The
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pronounced differences in soil hydrophysical parameters are mainly to
be found in the middle of the northern part of the domain, where areas
are classified in HWSD as Sand compared to as Loamy Sand and Sandy
Loam in GSDE.

Because the large seasonal differences in precipitation and temper-
ature in the study area (Fig. S2), the impact on variables crucial to land
surface-atmosphere interactions is investigated in the austral summer
and winter months, shown in Figs. 10 and 11, respectively. Shown in
Fig. 10, obvious differences in the variables can be distinguished. In
terms of surface air temperature and surface skin temperature, lower
temperatures in GSDE can be identified over the middle of the northern
part of the domain (MND) and the Northwest of South Africa (NSA)
(Fig. 10a). Yet the hydrothermal processes associated with them are
different. Over the area of MND, the soil texture transitions from Sand to
Loamy Sand and Sandy Loam, increase the soil’s water-holding capacity
(as shown in Fig. 9). Summer rainfall in this area (spatially ca. 100-300
mm, Fig. S2a) enhances soil moisture (Fig. 10d) and evapotranspiration/
latent heat (Fig. 10g), leading to an enhanced evaporative cooling effect
(as seen in Fig. 10c), thus decrease the temperature at the surface. Over
the area of NSA, summer temperature is very high, and rainfall is very
low < 30 mm (Fig. S2a, c). Under such dry conditions, in most cases,
surface soil moisture decreases to the wilting point, which can be
identified in sites Upington and Sutherland in Fig. 8. The soil moisture in
GSDE is lower than in HWSD (Fig. 10d) due to the decrease in soil pa-
rameters representing the wilting point (Fig. 9). Such drier soil moisture
in GSDE decreases the thermal conductivity, preventing the temperature
increase in the soil and leading to lower temperatures than HWSD. In the
area of NSA, as the input energy fails to remove more water from the
soil, the difference in latent heat follows the precipitation difference,

and sensible heat increases slightly in the GSDE (Fig. 10g-h). For the
eastern part of the model domain with more precipitation, differences in
surface variables are also jointly impacted by the precipitation differ-
ence. The differences in runoff mainly occur in temperate areas with
complex topography (Fig. 10f). As shown in Fig. 10a, the difference in
planetary boundary layer height (PBLH) was impacted by the surface
temperature and moisture conditions.

These results indicated that the spatial variations concerning pre-
dicted soil moisture and skin temperature are closely associated with
differences in soil texture. Previous studies on standalone land surface
modeling have also demonstrated the significant sensitivity of simulated
terrestrial water components to input soil texture data (e.g., DY and
Fung, 2016; Li et al.,, 2018; Zheng and Yang, 2016). While surface
moisture variables are much sensitive to water-flux related physical
processes, such as runoff scheme, groundwater scheme and lateral flow
(e.g., Gan et al., 2019; Niu et al., 2011; Yang et al., 2021), the present
results clearly indicate that the spatial characteristics of soil moisture
primarily depend on the water-holding capacity of the soil, as deter-
mined by hydrophysical parameters. The changes induced by soil
texture to atmosphere (i.e., sensible and latent heat fluxes) are further
modulated by local climate and moisture conditions, showing decreased
influences over arid regions, which is comparable to the finding of
Zheng and Yang (2016).

Regarding atmospheric feedbacks, Fig. 12 illustrates the differences
in moisture variables and winds in a vertical cross-section near 28° S
(position indicated in Figs. 10d and 11d). Notable differences in water
vapor and horizontal, horizontal and vertical wind are observed below
500 hPa, as depicted in Fig. 12a. It is noted that changes in atmospheric
water vapor below 850 hPa are closely related to surface soil moisture.
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Fig. 7. Spatial patterns of simulated water availability (P minus ET) of each WRF-Hydro member.

Higher soil moisture intensifies water vapor and causes remarkable wind
differences in the near-surface layer. In the highveld in eastern interior
region, where summer precipitation is mainly triggered by deep con-
vections, changes in atmospheric water vapor have a significant impact
on convective instability, thus in turn induces large differences in pre-
cipitation, as demonstrated in Fig. 10b. Moreover, changes in atmo-
spheric horizontal wind suggest that the moisture and energy changes in
surface soil can further impact atmospheric circulation, and the distinct
altered low-level wind fields indicate changes in moisture convergence
and atmospheric water transport through land-atmosphere coupling.

In austral winter months, the difference in soil texture, i.e., Sand in
GSDE to Loamy Sand in HWSD, in the dry land of the interior (Fig. S2b,
d) enhances the cold and dryness of the surface (Fig. 11a, d-e). This
difference also results in a slight decrease in atmospheric moisture in the
low atmosphere (Fig. 11c, 12b). The surface heat fluxes are slightly
increased, which in turn affects the thickness of the planetary boundary
layer (Fig. 11g-i). Precipitation remains not much affected in the interior
region (Fig. 11b), owing to the slight change in atmospheric water vapor
(Fig. 12b). In contrast, the small and fragmented soil texture differences
in the temperate and subtropical coastal area have a noticeable impact
on moisture and heat flux variables, which further correspond to model-
produced runoff differences. Also, the correspondence of changes in
PBLH and precipitation changes can be partially detected over the
coastal area. Above results highlight the impact of corresponding
changes in surface water and heat fluxes due to changes in soil texture on
land-atmosphere interactions, which are closely related to local climate
and moisture conditions and are characterized by inter-seasonal
differences.
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4. Discussions and conclusions

Global soil dataset, representing one of the boundary conditions of
Earth system models, have been found to exhibit large disparities in
many regions around the world. This study examines simulated land-
atmosphere interface variables in the context of the uncertainties in
the global soil dataset over Southern Africa. Four commonly used global
soil data, i.e. the FAO, HWSD, GSDE, and SoilGrids, were implemented
in the fully coupled regional land surface-hydrological-atmosphere
model WRF-Hydro model with the aim to (1) quantify the internal
variability of simulation variables introduced by soil data variations,
and (2) investigate the impact on land-atmosphere interactions associ-
ated with differences in soil texture and its hydrophysical properties. All
the simulations were performed at convection-permitting high-resolu-
tion of 4 km for the period of January 2015 to June 2016, and with
enhanced lateral hydrological processes compared to the conventional
weather forecasting model.

Upon comparing the ensemble simulations with observation-based
datasets, evaluation results show that the coupled WRF-Hydro model
represents the spatial patterns of land surface hydrometeorological
fields reasonably well. Specifically, the overall biases for precipitation
and air temperature are 0.084 mm/day and —0.56°C, and for surface
evapotranspiration and soil moisture are —0.015 mm/day and —0.05
m>/m?, respectively. Comparison with in-situ soil moisture observations
reveal plausible spatiotemporal variations of surface moisture condi-
tions. These results highlight the model’s applicability in investigating
land-atmosphere interactions, and in particular, indicate that the
modeling perform well compared to previous modeling studies (e.g.,
Arnault et al., 2021b; Crétat and Pohl, 2012; Ratna et al., 2014; Ratnam
et al, 2013). This partly attributes to the fact that using
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Fig. 8. Comparison of time series of daily surface soil moisture between in-situ observation, remote sensing observation and WRF-Hydro ensemble members at 11

ISMN station sites.

convection-permitting WRF-Hydro on the one hand revokes the un-
certainties associated with cumulus schemes (Prein et al., 2015), and on
the other hand improves the realism of the representation of terrestrial
hydrological processes (Gochis et al., 2020; Zhang et al., 2022).
Concerning the impacts of different global soil datasets on simulated
hydrometeorological variables, the results indicate that the internal
variability of precipitation is more pronounced in the inland northern
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and eastern areas. This can be attributed to increased model perturba-
tions from coastal to inland regions, as well as the topography-induced
effects that enhance convection triggering. Similarly, the actual evapo-
transpiration demonstrates a comparable pattern of internal variability
to precipitation as it is constrained by the availability of precipitation.
Temperature and soil moistures are uncertain due to differences in soil
textures. Higher temperature variability is found over the arid interior
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Table 2

Station name, location, and soil texture category as represented in four global soil datasets at the location of 11 ISMN station sites.
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Station Name Longitude Latitude Soil texture
FAO HWSD GSDE SoilGrids

Mapungubwe 29.39 -22.19 Loam Sand Loamy Sand Sandy Clay Loam
Mafikeng 25.54 —25.81 Sandy Loam Sand Sandy Loam Sandy Loam
Lichtenburg 26.57 —26.03 Sandy Loam Sandy Clay Loam Sandy Clay Loam Sandy Clay Loam
Newcastle 29.98 —27.77 Loam Sandy Clay Loam Sandy Clay Loam Sandy Clay Loam
Bethlehem 28.33 —28.25 Clay Loam Sandy Loam Sandy Clay Loam Sandy Clay Loam
Cathedral 29.25 —28.99 Clay Loam Sandy Clay Loam Sandy Clay Loam Clay Loam
Two-Streams 30.65 —29.21 Loam Sandy Clay Loam Sandy Clay Loam Clay
Baynesfield 30.34 —29.76 Loam Sandy Clay Loam Sandy Clay Loam Clay Loam
Upington 21.26 —28.41 Sandy Loam Sand Sandy Loam Sandy Loam
Sutherland 20.81 —32.38 Loam Clay Loam Loam Sandy Clay Loam
Gobabeb 15.05 —23.55 Loamy Sand Sandy Loam Sandy Loam Loamy Sand
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Fig. 9. Difference of assigned soil parameters of (a) porosity, (b) wilting point and (c) saturation hydraulic conductivity between selected two WRF-Hydro members
(GSDE minus HWSD). (d) The most common soil texture transitions from WRF-Hydro members HWSD to GSDE.

characterized by coarser soil texture. Larger soil moisture variability is
mainly associated with high soil wetness and large differences in soil
hydrophysical parameters. By explicitly comparing two simulations
with soil data of GSDE and HWSD for austral summer and winter sea-
sons, differences in surface variables are associated with difference in
soil texture and assigned hydrophysical properties. The impact on local
climate varies seasonally and differs further depending on local climatic
conditions. For instance, the differences of patches of soil texture attri-
bution from Sand to Loamy Sand and Sandy Loam result in cold and wet
effects during austral summer and cold and dry effects during the winter
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time over the semiarid and arid interior areas. Changes in surface energy
fluxes also affect atmospheric processes between seasons, as seen in the
impact of surface conditions on the atmospheric water vapor, and
Planetary Boundary Layer height, which is a function of turbulent eddy
growth.

The results of this sensitivity study emphasize the critical role of
accurate global soil data in modeling land-atmosphere interactions and
underscore the need for continued improvements in soil data quality and
consistency. It is worth noting that the availability of regional datasets
may offer more realistic land surface characteristics and lead to some
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Fig. 10. Averaged differences between two WRF-Hydro members (GSDE minus HWSD) for four austral summer months (DJMF) of (a) 2-meter air temperature, (b)
precipitation, (c) 2-meter specific humidity, (d) top-layer soil moisture, (e) surface skin temperature, (f) surface runoff, (g) surface latent heat flux (LE), (h) surface
sensible heat flux (H), and (i) PBL height (PBLH). The dashed contour in (a) in black denotes the MND region, and in red denotes the NSA region.

improvements in regional modeling results (e.g., Gao et al., 2008; Lin
and Cheng, 2016; Pedruzzi et al., 2022). However, generalized global
soil dataset still continue to be relied upon in weather and climate
modeling due to their wide availability, standardized information, and
consistent representation. While the primary objective of this sensitivity
study was to better understand the influence of soil data variations on
modeling uncertainties rather than to identify a superior soil dataset,
utilizing recently developed global soil data (e.g. GSDE, SoilGrids) is
more likely to be a favorable option for regional modeling approaches
(Dai et al., 2019). These datasets integrate more soil observations and
detail the soil properties and characteristics at high spatial information,
which is particularly important for model simulations at very high res-
olution (<4 km).

However, it is important to recognize that uncertainties related to
soil data alone do not solely determine land-atmosphere interactions.
Regional characteristics are also influenced by additional factors such as
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vegetation and local climate overlay. Vegetation types and coverage
significantly impact albedo, shading of the soil surface, rainfall inter-
ception and regulation of root water uptake, playing a vital role in
modulating the radiation budget and water cycle at the local level even
extending to surrounding areas (e.g., Boisier et al., 2012; Wang et al.,
2023). Moreover, the interlinkage of vegetation dynamics with soil
texture and properties is not adequately represented in current weather
and climate modeling processes. Therefore, further investigation is
required to better understand the combined effects of soil and vegetation
on land-atmosphere interactions. Additionally, different physical
schemes regarding soil thermal and hydrology process are parameter-
ized differently in various land surface models (e.g., Gan et al., 2019;
Van Den Broeke et al., 2018; Zhuo et al., 2019), and the choice of land
surface model in coupled modeling may yield different responses
regarding soil data uncertainties. Since this study focuses on specific
regional coupled modeling study, it is important to consider the location
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Fig. 11. Averaged differences between two WRF-Hydro members (GSDE minus HWSD) for the austral winter months (JJA). For details see caption of Fig. 10.

of the study area as well as the overlying climate, as they inherently
determine the baseline characteristics of land-atmosphere interactions,
and the uncertainties are also influenced by interannual variability. By
considering these aspects, more holistic understanding of
land-atmosphere interactions can be achieved, leading to improved ac-
curacy and reliability in regional climate modeling.

Overall, our study underscores the non-neglectable influence of soil
texture on model-predicted variables at the land-atmosphere interface.
It is well acknowledged that soil moisture and its memory have sub-
stantial impacts on climate simulations both at regional and global
scales (Dirmeyer et al., 2006; Menéndez et al., 2019; Schar et al., 1999;
Seneviratne et al., 2006), with signals in soil moisture being transmitted
to and manifesting in the atmosphere states and processes through
land-atmosphere coupling. At a regional scale, the magnitude of the
responses could be large, due to the strong coupling strength over
different areas, i.e. hot spot regions (Knist et al., 2017; Koster et al.,
2002; Santanello et al., 2011). Specifically, coupling experiments pro-
jects have suggested a strong coupling between soil moisture and

14

precipitation over the region of southern Africa (Guo et al., 2006; Sen-
eviratne et al., 2006), and studies have identified that soil moisture
exerts both positive and negative feedbacks on precipitation over the
dryland area in the study area (Cook et al., 2006; Yang et al., 2018; Zhou
et al., 2021). Therefore, the implications and uncertainties resulting
from soil data differences extend beyond the surface water and energy
fluxes shown in this study. A recent study by Dennis and Berbery (2022)
indicated the changes in soil hydrophysical properties on the simulation
of North American atmospheric water budget in summer months.
Building upon their research, our sensitivity experiments have demon-
strated the potential impacts of soil datasets on atmospheric circulation,
water budgets as well as atmospheric instability, emphasizing the
importance of correctly setting soil information in southern Africa for a
climate simulation. To conduct a more comprehensive investigation into
soil uncertainties, particularly regarding precipitation simulations, it
would be beneficial to implement large ensemble modeling in long-term
climate studies, provided sufficient computational resources are
available.



Z. Zhang et al.

Agricultural and Forest Meteorology 339 (2023) 109565

2
00 0.2
0.1
-_— (o)}
©
£ 50 0.0 <
N _0.1
g -0.2
2 700
w0 0.1
£ gs0
n- - m
0o £
1000 - £
T T T T T _0.1
16 20 24 28 32 — 02m/s
Longitude
(b)
200
i Al S A s - = 0.1
-_ ~ ~ CAC~ = ~ (o)}
© = BTN *F = e = ~
a 0.0 =
< 500 S
[}
= -0.1
2 700
$ 0.1
& 850 %
0.0 =
1000 - =
T T T T T —0.1
16 20 24 28 32 e 02m/s
Longitude

Fig. 12. Vertical West-East cross-sections at around 28° S of the water vapor content (black line represents the land surface) and soil moisture differences between
WRF-Hydro members GSDE and HWSD for the austral (a) summer and (b) winter. The vectors represent the zonal and vertical winds differences.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

Data will be made available on request.

Acknowledgments

This work was carried out with financial support from the Federal
Ministry of Education and Research (BMBF) for the SPACES II Joint
Project: South Africa Land Degradation Monitor (SALDi) (BMBF grant
01LL1701 A-D) within the framework of the Strategy “Research for
Sustainability” (FONA). We sincerely thank the publicly available data
of ECMWF reanalysis (https://www.ecmwf.int), CRU data (https
://crudata.uea.ac.uk/cru/data), CHIRPS data (https://www.chc.ucsb.
edu/data/chirps), ESA-CCI data (https://esa-soilmoisture-cci.org),
GLEAM data (https://www.gleam.eu) and ISMN data (https://ismn.eart
h/en). The high-resolution hydrographic digital elevation model is
derived from HydroSHEDS data (https://www.hydrosheds.org). We
thank the Editor and three anonymous reviewers for their helpful
comments, and we are grateful to Prof. Mark Rounsevell for his kind
suggestions. Furthermore, we acknowledge the computational support
from the HoreKa supercomputer funded by the Ministry of Science,

15

Research and the Arts Baden-Wiirttemberg and by BMBF.
Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.agrformet.2023.109565.

References

Abba Omar, S., Abiodun, B.J., 2021. Simulating the characteristics of cut-off low rainfall
over the Western Cape using WRF. Clim. Dyn. 56, 1265-1283. https://doi.org/
10.1007/500382-020-05532-8.

Alexandru, A., de Elia, R., Laprise, R., 2007. Internal variability in regional climate
downscaling at the seasonal scale. Mon. Weather Rev. 135, 3221-3238. https://doi.
org/10.1175/MWR3456.1.

Al-Yaari, A., Wigneron, J.-P., Dorigo, W., Colliander, A., Pellarin, T., Hahn, S.,

Mialon, A., Richaume, P., Fernandez-Moran, R., Fan, L., Kerr, Y.H., de Lannoy, G.,
2019. Assessment and inter-comparison of recently developed/reprocessed
microwave satellite soil moisture products using ISMN ground-based measurements.
Remote Sens. Environ. 224, 289-303. https://doi.org/10.1016/j.rse.2019.02.008.

Arnault, J., Fersch, B., Rummler, T., Zhang, Z., Quenum, G.M., Wei, J., Graf, M., Laux, P.,
Kunstmann, H., 2021a. Lateral terrestrial water flow contribution to summer
precipitation at continental scale — A comparison between Europe and West Africa
with WRF-Hydro-tag ensembles. Hydrol. Process 35, 1-19. https://doi.org/10.1002/
hyp.14183.

Arnault, J., Jung, G., Haese, B., Fersch, B., Rummler, T., Wei, J., Zhang, Z.,
Kunstmann, H., 2021b. A joint soil-vegetation-atmospheric modeling procedure of
water isotopologues: implementation and application to different climate zones with
wrf-hydro-iso. J. Adv. Model Earth Syst. 13 https://doi.org/10.1029/
2021MS002562.

Batjes, N.H., 2016. Harmonized soil property values for broad-scale modelling
(WISE30sec) with estimates of global soil carbon stocks. Geoderma 269, 61-68.
https://doi.org/10.1016/j.geoderma.2016.01.034.

Boisier, J.P., de Noblet-Ducoudré, N., Pitman, A.J., Cruz, F.T., Delire, C., van den
Hurk, B.J.J.M., van der Molen, M.K., Miiller, C., Voldoire, A., 2012. Attributing the


https://www.ecmwf.int
https://crudata.uea.ac.uk/cru/data
https://crudata.uea.ac.uk/cru/data
https://www.chc.ucsb.edu/data/chirps
https://www.chc.ucsb.edu/data/chirps
https://esa-soilmoisture-cci.org
https://www.gleam.eu
https://ismn.earth/en
https://ismn.earth/en
https://www.hydrosheds.org
https://doi.org/10.1016/j.agrformet.2023.109565
https://doi.org/10.1007/s00382-020-05532-8
https://doi.org/10.1007/s00382-020-05532-8
https://doi.org/10.1175/MWR3456.1
https://doi.org/10.1175/MWR3456.1
https://doi.org/10.1016/j.rse.2019.02.008
https://doi.org/10.1002/hyp.14183
https://doi.org/10.1002/hyp.14183
https://doi.org/10.1029/2021MS002562
https://doi.org/10.1029/2021MS002562
https://doi.org/10.1016/j.geoderma.2016.01.034

Z. Zhang et al.

impacts of land-cover changes in temperate regions on surface temperature and heat
fluxes to specific causes: Results from the first LUCID set of simulations. J. Geophys.
Res.: Atmospheres 117. https://doi.org/10.1029/2011JD017106.

Cook, B.I., Bonan, G.B., Levis, S., 2006. Soil moisture feedbacks to precipitation in
Southern Africa. J. Clim. 19, 4198-4206. https://doi.org/10.1175/JCLI3856.1.
Cosby, B.J., Hornberger, G.M., Clapp, R.B., Ginn, T.R., 1984. A statistical exploration of
the relationships of soil moisture characteristics to the physical properties of soils.

Water Resources Res. 20 (6), 682-690. https://doi.org/10.1029/
WRO020i006p00682.

Crétat, J., Macron, C., Pohl, B., Richard, Y., 2011. Quantifying internal variability in a
regional climate model: a case study for Southern Africa. Clim. Dyn. 37, 1335-1356.
https://doi.org/10.1007/s00382-011-1021-5.

Crétat, J., Pohl, B., 2012. How physical parameterizations can modulate internal
variability in a regional climate model. J. Atmos. Sci. 69, 714-724. https://doi.org/
10.1175/JAS-D-11-0109.1.

Crétat, J., Pohl, B., Richard, Y., Drobinski, P., 2012. Uncertainties in simulating regional
climate of Southern Africa: Sensitivity to physical parameterizations using WRF.
Clim. Dyn. 38, 613-634. https://doi.org/10.1007/s00382-011-1055-8.

Dai, Y., Shangguan, W., Wei, N., Xin, Q., Yuan, H., Zhang, S., Liu, S., Lu, X., Wang, D.,
Yan, F., 2019. A review of the global soil property maps for Earth system models.
Soil 5, 137-158. https://doi.org/10.5194/s0il-5-137-2019.

de Lannoy, G.J.M., Koster, R.D., Reichle, R.H., Mahanama, S.P.P., Liu, Q., 2014. An
updated treatment of soil texture and associated hydraulic properties in a global land
modeling system. J. Adv. Model Earth Syst. 6, 957-979. https://doi.org/10.1002/
2014MS000330.

Dennis, E.J., Berbery, E.H., 2021. The role of soil texture in local land
surface-atmosphere coupling and regional climate. J. Hydrometeorol. 22, 313-330.
https://doi.org/10.1175/jhm-d-20-0047.1.

Dennis, E.J., Berbery, E.H., 2022. The effects of soil representation in WRF-CLM on the
atmospheric moisture budget. J. Hydrometeorol. 23 (5), 681-696. https://doi.org/
10.1175/jhm-d-0101.1.

Dewitte, O., Jones, A., Spaargaren, O., Breuning-Madsen, H., Brossard, M., Dampha, A.,
Deckers, J., Gallali, T., Hallett, S., Jones, R., Kilasara, M., le Roux, P., Michéli, E.,
Montanarella, L., Thiombiano, L., van Ranst, E., Yemefack, M., Zougmore, R., 2013.
Harmonisation of the soil map of Africa at the continental scale. Geoderma 211-212,
138-153. https://doi.org/10.1016/j.geoderma.2013.07.007.

Dirmeyer, P.A., Koster, R.D., Guo, Z., 2006. Do global models properly represent the
feedback between land and atmosphere? J. Hydrometeorol. 7, 1177-1198. https://
doi.org/10.1175/jhm532.1.

Dirmeyer, P.A., Wu, J., Norton, H.E., Dorigo, W.A., Quiring, S.M., Ford, T.W.,
Santanello, J.A., Bosilovich, M.G., Ek, M.B., Koster, R.D., Balsamo, G., Lawrence, D.
M., 2016. Confronting weather and climate models with observational data from soil
moisture networks over the United States. J. Hydrometeorol. 17, 1049-1067.
https://doi.org/10.1175/jhm-d-15-0196.1.

Dorigo, W., Himmelbauer, I., Aberer, D., Schremmer, L., Petrakovic, ., Zappa, L.,
Preimesberger, W., Xaver, A., Annor, F., Ardo, J., Baldocchi, D., Bitelli, M.,
Bloschl, G., Bogena, H., Brocca, L., Calvet, J.-C., Camarero, J.J., Capello, G.,

Choi, M., Cosh, M.C., van de Giesen, N., Hajdu, 1., Ikonen, J., Jensen, K.H.,
Kanniah, K.D., de Kat, I., Kirchengast, G., Kumar Rai, P., Kyrouac, J., Larson, K.,
Liu, S., Loew, A., Moghaddam, M., Martinez Fernandez, J., Mattar Bader, C.,
Morbidelli, R., Musial, J.P., Osenga, E., Palecki, M.A., Pellarin, T., Petropoulos, G.P.,
Pfeil, I., Powers, J., Robock, A., Riidiger, C., Rummel, U., Strobel, M., Su, Z.,
Sullivan, R., Tagesson, T., Varlagin, A., Vreugdenhil, M., Walker, J., Wen, J.,
Wenger, F., Wigneron, J.P., Woods, M., Yang, K., Zeng, Y., Zhang, X., Zreda, M.,
Dietrich, S., Gruber, A., van Oevelen, P., Wagner, W., Scipal, K., Drusch, M.,
Sabia, R., 2021. The International Soil Moisture Network: serving Earth system
science for over a decade. Hydrol. Earth Syst. Sci. 25, 5749-5804. https://doi.org/
10.5194/hess-25-5749-2021.

Dorigo, W., Wagner, W., Albergel, C., Albrecht, F., Balsamo, G., Brocca, L., Chung, D.,
Ertl, M., Forkel, M., Gruber, A., Haas, E., Hamer, P.D., Hirschi, M., Ikonen, J., de
Jeu, R., Kidd, R., Lahoz, W., Liu, Y.Y., Miralles, D., Mistelbauer, T., Nicolai-Shaw, N.,
Parinussa, R., Pratola, C., Reimer, C., van der Schalie, R., Seneviratne, S.I.,
Smolander, T., Lecomte, P., 2017. ESA CCI Soil Moisture for improved Earth system
understanding: State-of-the art and future directions. Remote Sens. Environ. 203,
185-215. https://doi.org/10.1016/j.rse.2017.07.001.

du Preez, C.C., van Huyssteen, C.W., 2020. Threats to soil and water resources in South
Africa. Environ. Res. 183, 109015 https://doi.org/10.1016/j.envres.2019.109015.

Dudbhia, J., 1989. Numerical study of convection observed during the winter monsoon
experiment using a mesoscale two-dimensional model. J. Atmos. Sci. 46, 3077-3107.
https://doi.org/10.1175/1520-0469(1989)046<3077:nsocod >2.0.co;2.

DY, C.Y., Fung, J.C.H., 2016. Updated global soil map for the weather research and
forecasting model and soil moisture initialization for the noah land surface model.
J. Geophys. Res.: Atmospheres 121, 8777-8800. https://doi.org/10.1002/
2015jd024558.

FAO, 2013. The Digitized Soil Map of the World Including Derived Soil Properties
(Version 3.6). FAO, Rome, Italy.

FAO/IIASA/ISRIC/ISS-CAS/JRC, 2012. Harmonized World Soil Database (ver. 1.2). FAO,
Rome, Italy.

Fatichi, S., Or, D., Walko, R., Vereecken, H., Young, M.H., Ghezzehei, T.A., Hengl, T.,
Kollet, S., Agam, N., Avissar, R., 2020. Soil structure is an important omission in
earth system models. Nat. Commun. 11, 522. https://doi.org/10.1038/541467-020-
14411-z.

Fersch, B., Senatore, A., Adler, B., Arnault, J., Mauder, M., Schneider, K., Volksch, I.,
Kunstmann, H., 2020. High-resolution fully coupled atmospheric-hydrological
modeling: a cross-compartment regional water and energy cycle evaluation. Hydrol.
Earth Syst. Sci. 24, 2457-2481. https://doi.org/10.5194/hess-24-2457-2020.

16

Agricultural and Forest Meteorology 339 (2023) 109565

Fisher, R.A., Koven, C.D., 2020. Perspectives on the future of land surface models and the
challenges of representing complex terrestrial systems. J. Adv. Model. Earth Syst. 12
https://doi.org/10.1029/2018ms001453.

Funk, C., Peterson, P., Landsfeld, M., Pedreros, D., Verdin, J., Shukla, S., Husak, G.,
Rowland, J., Harrison, L., Hoell, A., Michaelsen, J., 2015. The climate hazards
infrared precipitation with stations—A new environmental record for monitoring
extremes. Sci. Data 2, 150066. https://doi.org/10.1038/sdata.2015.66.

Gan, Y., Liang, X., Duan, Q., Chen, F., Li, J., Zhang, Y., 2019. Assessment and reduction
of the physical parameterization uncertainty for noah-mp land surface model. Water
Resources Res. 55 (7), 5518-5538. https://doi.org/10.1029/2019WR024814.

Gao, Y., Chen, F., Barlage, M., Liu, W., Cheng, G., Li, X., Yu, Y., Ran, Y., Li, H., Peng, H.,
Ma, M., 2008. Enhancement of land surface information and its impact on
atmospheric modeling in the Heihe River Basin, northwest China. J. Geophys. Res.
Atmospheres 113, 1-19. https://doi.org/10.1029/2008JD010359.

Glotfelty, T., Ramirez-Mejia, D., Bowden, J., Ghilardi, A., West, J.J., 2021. Limitations of
WRF land surface models for simulating land use and land cover change in Sub-
Saharan Africa and development of an improved model (CLM-AF v. 1.0). Geosci.
Model. Dev. 14, 3215-3249. https://doi.org/10.5194/gmd-14-3215-2021.

Gochis, D.J., Barlage, M., Cabell, R., Casali, M., Dugger, A., Fitzgerald, K., McAllister, M.,
McCreight, J., Rafieeinasab, A., Read, L., Sampson, K., Yates, D., Zhang, Y., Yu, W.,
2020. The WRF-Hydro modeling system technical description, (Version 5.1.1), NCAR
Technical Note.

Gomiero, T., 2016. Soil degradation, land scarcity and food security: reviewing a
complex challenge. Sustainability 8, 281. https://doi.org/10.3390/5u8030281.

Greve, P., Warrach-Sagi, K., Wulfmeyer, V., 2013. Evaluating soil water content in a
WRF-Noah downscaling experiment. J. Appl. Meteorol. Climatol. 52, 2312-2327.
https://doi.org/10.1175/JAMC-D-12-0239.1.

Guo, Z., Dirmeyer, P.A., Koster, R.D., Sud, Y.C., Bonan, G., Oleson, K.W., Chan, E.,
Verseghy, D., Cox, P., Gordon, C.T., McGregor, J.L., Kanae, S., Kowalczyk, E.,
Lawrence, D., Liu, P., Mocko, D., Lu, C.-H., Mitchell, K., Malyshev, S., McAvaney, B.,
Oki, T., Yamada, T., Pitman, A., Taylor, C.M., Vasic, R., Xue, Y., 2006. GLACE: the
global land-atmosphere coupling experiment. Part II: Analysis. J. Hydrometeorol. 7,
611-625. https://doi.org/10.1175/JHM511.1.

Harris, I., Osborn, T.J., Jones, P., Lister, D., 2020. Version 4 of the CRU TS monthly high-
resolution gridded multivariate climate dataset. Sci. Data 7, 109. https://doi.org/
10.1038/541597-020-0453-3.

Hengl, T., Mendes de Jesus, J., Heuvelink, G.B.M., Ruiperez Gonzalez, M., Kilibarda, M.,
Blagoti¢, A., Shangguan, W., Wright, M.N., Geng, X., Bauer-Marschallinger, B.,
Guevara, M.A., Vargas, R., MacMillan, R.A., Batjes, N.H., Leenaars, J.G.B.,

Ribeiro, E., Wheeler, 1., Mantel, S., Kempen, B., 2017. SoilGrids250m: Global
gridded soil information based on machine learning. PLoS One 12, e0169748.
https://doi.org/10.1371/journal.pone.0169748.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horanyi, A., Munoz-Sabater, J.,
Nicolas, J., Peubey, C., Radu, R., Schepers, D., Simmons, A., Soci, C., Abdalla, S.,
Abellan, X., Balsamo, G., Bechtold, P., Biavati, G., Bidlot, J., Bonavita, M., Chiara, G.,
Dahlgren, P., Dee, D., Diamantakis, M., Dragani, R., Flemming, J., Forbes, R.,
Fuentes, M., Geer, A., Haimberger, L., Healy, S., Hogan, R.J., HOlm, E.,

Janiskova, M., Keeley, S., Laloyaux, P., Lopez, P., Lupu, C., Radnoti, G., Rosnay, P.,
Rozum, 1., Vamborg, F., Villaume, S., Thépaut, J., 2020. The ERAS5 global reanalysis.
Q. J. Royal Meteorol. Society 146, 1999-2049. https://doi.org/10.1002/qj.3803.

Hong, S.-Y., Lim, J.J., 2006. The WRF single-moment 6-class microphysics scheme
(WSM6). Asia Pac. J. Atmos. Sci. 42, 129-151.

Hong, S.-Y., Noh, Y., Dudhia, J., 2006. A new vertical diffusion package with an explicit
treatment of entrainment processes. Mon. Weather Rev. 134, 2318-2341. https://
doi.org/10.1175/MWR3199.1.

Jiménez, P.A., Dudhia, J., Gonzélez-Rouco, J.F., Navarro, J., Montavez, J.P., Garcia-
Bustamante, E., 2012. A Revised Scheme for the WRF Surface Layer Formulation.
Mon. Weather Rev. 140, 898-918. https://doi.org/10.1175/MWR-D-11-00056.1.

Kendon, E.J., Stratton, R.A., Tucker, S., Marsham, J.H., Berthou, S., Rowell, D.P.,
Senior, C.A., 2019. Enhanced future changes in wet and dry extremes over Africa at
convection-permitting scale. Nat. Commun. 10, 1794. https://doi.org/10.1038/
$41467-019-09776-9.

Khosa, F.v., Feig, G.T., van der Merwe, M.R., Mateyisi, M.J., Mudau, A.E., Savage, M.J.,
2019. Evaluation of modeled actual evapotranspiration estimates from a land
surface, empirical and satellite-based models using in situ observations from a South
African semi-arid savanna ecosystem. Agric. For. Meteorol. 279, 107706 https://doi.
org/10.1016/j.agrformet.2019.107706.

Kishné, A.S., Yimam, Y.T., Morgan, C.L.S., Dornblaser, B.C., 2017. Evaluation and
improvement of the default soil hydraulic parameters for the Noah Land Surface
Model. Geoderma 285, 247-259. https://doi.org/10.1016/j.geoderma.2016.09.022.

Knist, S., Goergen, K., Buonomo, E., Christensen, O.B., Colette, A., Cardoso, R.M.,
Fealy, R., Fernandez, J., Garcia-Diez, M., Jacob, D., Kartsios, S., Katragkou, E.,
Keuler, K., Mayer, S., van Meijgaard, E., Nikulin, G., Soares, P.M.M., Sobolowski, S.,
Szepszo, G., Teichmann, C., Vautard, R., Warrach-Sagi, K., Wulfmeyer, V.,

Simmer, C., 2017. Land-atmosphere coupling in EURO-CORDEX evaluation
experiments. J. Geophys. Res.: Atmospheres 122, 79-103. https://doi.org/10.1002/
2016JD025476.

Koster, R.D., Dirmeyer, P.A., Hahmann, A.N., [jpelaar, R., Tyahla, L., Cox, P., Suarez, M.
J., 2002. Comparing the degree of land-atmosphere interaction in four atmospheric
general circulation models. J. Hydrometeorol. 3, 363-375. https://doi.org/10.1175/
1525-7541(2002)003<0363:CTDOLA>2.0.CO;2.

Landman, W.A., Engelbrecht, F., Hewitson, B., Malherbe, J., van der Merwe, J., 2018.
Towards bridging the gap between climate change projections and maize producers
in South Africa. Theor. Appl. Climatol. 132, 1153-1163. https://doi.org/10.1007/
s00704-017-2168-8.


https://doi.org/10.1029/2011JD017106
https://doi.org/10.1175/JCLI3856.1
https://doi.org/10.1029/WR020i006p00682
https://doi.org/10.1029/WR020i006p00682
https://doi.org/10.1007/s00382-011-1021-5
https://doi.org/10.1175/JAS-D-11-0109.1
https://doi.org/10.1175/JAS-D-11-0109.1
https://doi.org/10.1007/s00382-011-1055-8
https://doi.org/10.5194/soil-5-137-2019
https://doi.org/10.1002/2014MS000330
https://doi.org/10.1002/2014MS000330
https://doi.org/10.1175/jhm-d-20-0047.1
https://doi.org/10.1175/jhm-d-0101.1
https://doi.org/10.1175/jhm-d-0101.1
https://doi.org/10.1016/j.geoderma.2013.07.007
https://doi.org/10.1175/jhm532.1
https://doi.org/10.1175/jhm532.1
https://doi.org/10.1175/jhm-d-15-0196.1
https://doi.org/10.5194/hess-25-5749-2021
https://doi.org/10.5194/hess-25-5749-2021
https://doi.org/10.1016/j.rse.2017.07.001
https://doi.org/10.1016/j.envres.2019.109015
https://doi.org/10.1175/1520-0469(1989)046&tnqh_x003c;3077:nsocod&tnqh_x003e;2.0.co;2
https://doi.org/10.1002/2015jd024558
https://doi.org/10.1002/2015jd024558
http://refhub.elsevier.com/S0168-1923(23)00256-3/sbref0025
http://refhub.elsevier.com/S0168-1923(23)00256-3/sbref0025
http://refhub.elsevier.com/S0168-1923(23)00256-3/sbref0026
http://refhub.elsevier.com/S0168-1923(23)00256-3/sbref0026
https://doi.org/10.1038/s41467-020-14411-z
https://doi.org/10.1038/s41467-020-14411-z
https://doi.org/10.5194/hess-24-2457-2020
https://doi.org/10.1029/2018ms001453
https://doi.org/10.1038/sdata.2015.66
https://doi.org/10.1029/2019WR024814
https://doi.org/10.1029/2008JD010359
https://doi.org/10.5194/gmd-14-3215-2021
https://doi.org/10.3390/su8030281
https://doi.org/10.1175/JAMC-D-12-0239.1
https://doi.org/10.1175/JHM511.1
https://doi.org/10.1038/s41597-020-0453-3
https://doi.org/10.1038/s41597-020-0453-3
https://doi.org/10.1371/journal.pone.0169748
https://doi.org/10.1002/qj.3803
http://refhub.elsevier.com/S0168-1923(23)00256-3/sbref0041
http://refhub.elsevier.com/S0168-1923(23)00256-3/sbref0041
https://doi.org/10.1175/MWR3199.1
https://doi.org/10.1175/MWR3199.1
https://doi.org/10.1175/MWR-D-11-00056.1
https://doi.org/10.1038/s41467-019-09776-9
https://doi.org/10.1038/s41467-019-09776-9
https://doi.org/10.1016/j.agrformet.2019.107706
https://doi.org/10.1016/j.agrformet.2019.107706
https://doi.org/10.1016/j.geoderma.2016.09.022
https://doi.org/10.1002/2016JD025476
https://doi.org/10.1002/2016JD025476
https://doi.org/10.1175/1525-7541(2002)003&tnqh_x003c;0363:CTDOLA&tnqh_x003e;2.0.CO;2
https://doi.org/10.1175/1525-7541(2002)003&tnqh_x003c;0363:CTDOLA&tnqh_x003e;2.0.CO;2
https://doi.org/10.1007/s00704-017-2168-8
https://doi.org/10.1007/s00704-017-2168-8

Z. Zhang et al.

Laux, P., Dieng, D., Portele, T.C., Wei, J., Shang, S., Zhang, Z., Arnault, J., Lorenz, C.,
Kunstmann, H., 2021. A high-resolution regional climate model physics ensemble for
northern Sub-Saharan Africa. Front. Earth Sci. (Lausanne) 9, 1-16. https://doi.org/
10.3389/feart.2021.700249.

Lawrence, D.M., Thornton, P.E., Oleson, K.W., Bonan, G.B., 2007. The partitioning of
evapotranspiration into transpiration, soil evaporation, and canopy evaporation in a
GCM: impacts on land-atmosphere interaction. J. Hydrometeorol. 8, 862-880.
https://doi.org/10.1175/JHM596.1.

Leenaars, J.G.B., van Oostrum, A.J.M., Ruiperez Gonzalez, M., 2014. ISRIC report BT -
Africa Soil Profiles Database, Version 1.2. A compilation of georeferenced and
standardised legacy soil profile data for Sub-Saharan Africa (with dataset).

Li, J., Chen, F., Zhang, G., Barlage, M., Gan, Y., Xin, Y., Wang, C., 2018. Impacts of land
cover and soil texture uncertainty on land model simulations over the central tibetan
plateau. J. Adv. Model. Earth Sys. 10 (9), 2121-2146. https://doi.org/10.1029/
2018MS001377.

Lin, T.S., Cheng, F.Y., 2016. Impact of soil moisture initialization and soil texture on
simulated land-atmosphere interaction in Taiwan. J. Hydrometeorol. 17,
1337-1355. https://doi.org/10.1175/JHM-D-15-0024.1.

Lucas-Picher, P., Caya, D., de Elia, R., Laprise, R., 2008. Investigation of regional climate
models’ internal variability with a ten-member ensemble of 10-year simulations over
a large domain. Clim. Dyn. 31, 927-940. https://doi.org/10.1007/s00382-008-
0384-8.

Martens, B., Miralles, D.G., Lievens, H., van der Schalie, R., de Jeu, R.A.M., Fernandez-
Prieto, D., Beck, H.E., Dorigo, W.A., Verhoest, N.E.C., 2017. GLEAM v3: satellite-
based land evaporation and root-zone soil moisture. Geosci. Model. Dev. 10,
1903-1925. https://doi.org/10.5194/gmd-10-1903-2017.

Massey, J.D., Steenburgh, W.J., Knievel, J.C., Cheng, W.Y.Y., 2016. Regional soil
moisture biases and their influence on wrf model temperature forecasts over the
intermountain west. Weather Forecast. 31, 197-216. https://doi.org/10.1175/WAF-
D-15-0073.1.

Meijninger, W., Jarmain, C., 2014. Satellite-based annual evaporation estimates of
invasive alien plant species and native vegetation in South Africa. Water SA 40, 95.
https://doi.org/10.4314/wsa.v40i1.12.

Menéndez, C.G., Giles, J., Ruscica, R., Zaninelli, P., Coronato, T., Falco, M.,

Sorensson, A., Fita, L., Carril, A., Li, L., 2019. Temperature variability and
soil-atmosphere interaction in South America simulated by two regional climate
models. Clim. Dyn. 53, 2919-2930. https://doi.org/10.1007/500382-019-04668-6.

Miller, D.A., White, R.A., 1998. A conterminous united states multilayer soil
characteristics dataset for regional climate and hydrology modeling. Earth Interact.
2, 1-26. https://doi.org/10.1175/1087-3562(1998)002<0001:ACUSMS>2.3.CO;2.

Mlawer, E.J., Taubman, S.J., Brown, P.D., lacono, M.J., Clough, S.A., 1997. Radiative
transfer for inhomogeneous atmospheres: RRTM, a validated correlated-k model for
the longwave. J. Geophys. Res.: Atmospheres 102, 16663-16682. https://doi.org/
10.1029/97JD00237.

Niu, G.Y., Yang, Z.L., Mitchell, K.E., Chen, F., Ek, M.B., Barlage, M., Kumar, A.,
Manning, K., Niyogi, D., Rosero, E., Tewari, M., Xia, Y., 2011. The community Noah
land surface model with multiparameterization options (Noah-MP): 1. Model
description and evaluation with local-scale measurements. J. Geophys. Res.:
Atmospheres 116, 1-19. https://doi.org/10.1029/2010JD015139.

Pedruzzi, R., Andreao, W.L., Baek, B.H., Hudke, A.P., Glotfelty, T.W., Dias de Freitas, E.,
Martins, J.A., Bowden, J.H., Pinto, J.A., Alonso, M.F., Toledo de Almeida
Abuquerque, T., 2022. Update of land use/land cover and soil texture for Brazil:
Impact on WRF modeling results over Sao Paulo. Atmos. Environ. 268, 118760
https://doi.org/10.1016/j.atmosenv.2021.118760.

Prein, A.F., Langhans, W., Fosser, G., Ferrone, A., Ban, N., Goergen, K., Keller, M.,
Tolle, M., Gutjahr, O., Feser, F., Brisson, E., Kollet, S., Schmidli, J., Lipzig, N.P.M.,
Leung, R., 2015. A review on regional convection-permitting climate modeling:
Demonstrations, prospects, and challenges. Rev. Geophys. 53, 323-361. https://doi.
org/10.1002/2014RG000475.

Quenum, G.M.L.D., Arnault, J., Klutse, N.A.B., Zhang, Z., Kunstmann, H., Oguntunde, P.
G., 2022. Potential of the Coupled WRF/WRF-Hydro Modeling System for Flood
Forecasting in the Ouémé River (West Africa). Water (Basel) 14, 1192. https://doi.
org/10.3390/w14081192.

Ratna, S.B., Ratnam, J.v., Behera, S.K., Rautenbach, C.J., de, W., Ndarana, T.,
Takahashi, K., Yamagata, T., 2014. Performance assessment of three convective
parameterization schemes in WRF for downscaling summer rainfall over South
Africa. Clim. Dyn. 42, 2931-2953. https://doi.org/10.1007/s00382-013-1918-2.

Ratnam, J.v., Behera, S.K., Ratna, S.B., de Rautenbach, C.J.W., Lennard, C., Luo, J.J.,
Masumoto, Y., Takahashi, K., Yamagata, T., 2013. Dynamical downscaling of austral
summer climate forecasts over southern africa using a regional coupled model.

J. Clim. 26, 6015-6032. https://doi.org/10.1175/JCLI-D-12-00645.1.

Santanello, J.A., Dirmeyer, P.A., Ferguson, C.R., Findell, K.L., Tawfik, A.B., Berg, A.,
Ek, M., Gentine, P., Guillod, B.P., van Heerwaarden, C., Roundy, J., Wulfmeyer, V.,
2018. Land-atmosphere interactions: The LoCo perspective. Bull. Am. Meteorol. Soc.
99, 1253-1272. https://doi.org/10.1175/BAMS-D-17-0001.1.

Santanello, J.A., Peters-Lidard, C.D., Kennedy, A., Kumar, S.v., 2013. Diagnosing the
nature of land-atmosphere coupling: a case study of dry/wet extremes in the u.s.
southern great plains. J. Hydrometeorol. 14, 3-24. https://doi.org/10.1175/JHM-D-
12-023.1.

Santanello, J.A., Peters-Lidard, C.D., Kumar, S.v., 2011. Diagnosing the sensitivity of
local land-atmosphere coupling via the soil moisture-boundary layer interaction.
J. Hydrometeorol. 12, 766-786. https://doi.org/10.1175/JHM-D-10-05014.1.

Schiér, C., Liithi, D., Beyerle, U., Heise, E., 1999. The soil-precipitation feedback: a
process study with a regional climate model. J. Clim. 12, 722-741. https://doi.org/
10.1175/1520-0442(1999)012<0722:TSPFAP>2.0.CO;2.

17

Agricultural and Forest Meteorology 339 (2023) 109565

Seneviratne, S.I., Corti, T., Davin, E.L., Hirschi, M., Jaeger, E.B., Lehner, 1., Orlowsky, B.,
Teuling, A.J., 2010. Investigating soil moisture-climate interactions in a changing
climate: a review. Earth Sci. Rev. 99, 125-161. https://doi.org/10.1016/j.
earscirev.2010.02.004.

Seneviratne, S.I., Koster, R.D., Guo, Z., Dirmeyer, P.A., Kowalczyk, E., Lawrence, D.,
Liu, P., Mocko, D., Lu, C.-H., Oleson, K.W., Verseghy, D., 2006. Soil moisture
memory in agem simulations: analysis of global land—atmosphere coupling
experiment (GLACE) Data. J. Hydrometeorol. 7, 1090-1112. https://doi.org/
10.1175/JHM533.1.

Senior, C.A., Marsham, J.H., Berthou, S., Burgin, L.E., Folwell, S.S., Kendon, E.J.,
Klein, C.M., Jones, R.G., Mittal, N., Rowell, D.P., Tomassini, L., Vischel, T.,

Becker, B., Birch, C.E., Crook, J., Dougill, A.J., Finney, D.L., Graham, R.J., Hart, N.C.
G., Jack, C.D., Jackson, L.S., James, R., Koelle, B., Misiani, H., Mwalukanga, B.,
Parker, D.J., Stratton, R.A., Taylor, C.M., Tucker, S.0., Wainwright, C.M.,
Washington, R., Willet, M.R., 2021. Convection-permitting regional climate change
simulations for understanding future climate and informing decision-making in
Africa. Bull. Am. Meteorol. Soc. 102, E1206-E1223. https://doi.org/10.1175/BAMS-
D-20-0020.1.

Shangguan, W., Dai, Y., Duan, Q., Liu, B., Yuan, H., 2014. A global soil data set for earth
system modeling. J. Adv. Model. Earth Syst. 6, 249-263. https://doi.org/10.1002/
2013MS000293.

Soil Survey Staff, 2012. Digital General Soil Map (STATSGO2). Web Soil Survey. USDA.

Song, H.-J., Ferguson, C.R., Roundy, J.K., 2016. Land-atmosphere coupling at the
southern great plains atmospheric radiation measurement (arm) field site and its role
in anomalous afternoon peak precipitation. J. Hydrometeorol. 17, 541-556. https://
doi.org/10.1175/JHM-D-15-0045.1.

Tamene, L., Sileshi, G.W., Ndengu, G., Mponela, P., Kihara, J., Sila, A., Tondoh, J., 2019.
Soil structural degradation and nutrient limitations across land use categories and
climatic zones in Southern Africa. Land Degrad. Dev. 30, 1288-1299. https://doi.
org/10.1002/1dr.3302.

Tuswa, N., Bugan, R.D.H., Mapeto, T., Jovanovic, N., Gush, M., Kapangaziwiri, E.,
Dzikiti, S., Kanyerere, T., Xu, Y., 2019. The impacts of commercial plantation forests
on groundwater recharge: a case study from George (Western Cape, South Africa).
Phys. Chem. Earth, Parts A/B/C 112, 187-199. https://doi.org/10.1016/j.
pce.2018.12.006.

Van Den Broeke, M.S., Kalin, A., Alavez, J.A.T., Oglesby, R., Hu, Q., 2018. A warm-
season comparison of WRF coupled to the CLM4.0, Noah-MP, and Bucket hydrology
land surface schemes over the central USA. Theoret. Appl. Climatol. 134 (3-4),
801-816. https://doi.org/10.1007/s00704-017-2301-8.

Wang, X., Zhang, Z., Zhang, B., Tian, L., Tian, J., Arnault, J., Kunstmann, H., He, C.,
2023. Quantifying the impact of land use and land cover change on moisture
recycling with convection-permitting wrf-tagging modeling in the agro-pastoral
ecotone of Northern China. J. Geophy. Res.: Atmospheres 128 (8). https://doi.org/
10.1029/2022JD038421.

Wei, J., Dong, N., Fersch, B., Arnault, J., Wagner, S., Laux, P., Zhang, Z., Yang, Q.,
Yang, C., Shang, S., Gao, L., Yu, Z., Kunstmann, H., 2021. Role of reservoir regulation
and groundwater feedback in a simulated ground-soil-vegetation continuum: A long-
term regional scale analysis. Hydrol. Process 35, 1-24. https://doi.org/10.1002/
hyp.14341.

Pitman, W.V., Bailey, A.K., 2021. Can CHIRPS fill the gap left by the decline in the
availability of rainfall stations in Southern Africa? Water SA 47. https://doi.org/
10.17159/wsa/2021.v47.i2.10912.

Yang, L., Sun, G., Zhi, L., Zhao, J., 2018. Negative soil moisture-precipitation feedback in
dry and wet regions. Sci. Rep. 8, 4026. https://doi.org/10.1038/541598-018-22394-
7.

Yang, Y., Uddstrom, M., Duncan, M., 2011. Effects of short spin-up periods on soil
moisture simulation and the causes over New Zealand. J. Geophys. Res.: Atmos. 116
https://doi.org/10.1029/2011JD016121.

Yang, Z., Huang, M., Berg, L.K., Qian, Y., Gustafson, W.1., Fang, Y., Liu, Y., Fast, J.D.,
Sakaguchi, K., Tai, S., 2021. impact of lateral flow on surface water and energy
budgets over the southern great plains—a modeling study. J. Geophy. Res.:
Atmospheres 126 (12). https://doi.org/10.1029/2020JD033659.

Zhang, Z., Arnault, J., Laux, P., Ma, N., Wei, J., Kunstmann, H., 2021. Diurnal cycle of
surface energy fluxes in high mountain terrain: High-resolution fully coupled
atmosphere-hydrology modelling and impact of lateral flow. Hydrol. Process 35,
1-21. https://doi.org/10.1002/hyp.14454.

Zhang, Z., Arnault, J., Laux, P., Ma, N., Wei, J., Shang, S., Kunstmann, H., 2022.
Convection-permitting fully coupled WRF-Hydro ensemble simulations in high
mountain environment: impact of boundary layer- and lateral flow
parameterizations on land-atmosphere interactions. Clim. Dyn. 59, 1355-1376.
https://doi.org/10.1007/500382-021-06044-9.

Zhang, Z., Arnault, J., Wagner, S., Laux, P., Kunstmann, H., 2019. Impact of lateral
terrestrial water flow on land-atmosphere interactions in the heihe river basin in
china: fully coupled modeling and precipitation recycling analysis. J. Geophy. Res.:
Atmospheres 124, 8401-8423. https://doi.org/10.1029/2018JD030174.

Zheng, H., Yang, Z.-L., 2016. Effects of soil-type datasets on regional terrestrial water
cycle simulations under different climatic regimes. J. Geophy. Res.: Atmospheres
121 (24). https://doi.org/10.1002/2016JD025187, 14,387-14,402.

Zhou, S., Williams, A.P., Lintner, B.R., Berg, A.M., Zhang, Y., Keenan, T.F., Cook, B.IL,
Hagemann, S., Seneviratne, S.I., Gentine, P., 2021. Soil moisture-atmosphere
feedbacks mitigate declining water availability in drylands. Nat. Clim. Chang. 11
https://doi.org/10.1038/541558-020-00945-z.

Zhuo, L., Dai, Q., Han, D., Chen, N., Zhao, B., 2019. Assessment of simulated soil
moisture from WRF Noah, Noah-MP, and CLM land surface schemes for landslide
hazard application. Hydrol. Earth Syst. Sci. 23 (10), 4199-4218. https://doi.org/
10.5194/hess-23-4199-2019.


https://doi.org/10.3389/feart.2021.700249
https://doi.org/10.3389/feart.2021.700249
https://doi.org/10.1175/JHM596.1
https://doi.org/10.1029/2018MS001377
https://doi.org/10.1029/2018MS001377
https://doi.org/10.1175/JHM-D-15-0024.1
https://doi.org/10.1007/s00382-008-0384-8
https://doi.org/10.1007/s00382-008-0384-8
https://doi.org/10.5194/gmd-10-1903-2017
https://doi.org/10.1175/WAF-D-15-0073.1
https://doi.org/10.1175/WAF-D-15-0073.1
https://doi.org/10.4314/wsa.v40i1.12
https://doi.org/10.1007/s00382-019-04668-6
https://doi.org/10.1175/1087-3562(1998)002&tnqh_x003c;0001:ACUSMS&tnqh_x003e;2.3.CO;2
https://doi.org/10.1029/97JD00237
https://doi.org/10.1029/97JD00237
https://doi.org/10.1029/2010JD015139
https://doi.org/10.1016/j.atmosenv.2021.118760
https://doi.org/10.1002/2014RG000475
https://doi.org/10.1002/2014RG000475
https://doi.org/10.3390/w14081192
https://doi.org/10.3390/w14081192
https://doi.org/10.1007/s00382-013-1918-2
https://doi.org/10.1175/JCLI-D-12-00645.1
https://doi.org/10.1175/BAMS-D-17-0001.1
https://doi.org/10.1175/JHM-D-12-023.1
https://doi.org/10.1175/JHM-D-12-023.1
https://doi.org/10.1175/JHM-D-10-05014.1
https://doi.org/10.1175/1520-0442(1999)012&tnqh_x003c;0722:TSPFAP&tnqh_x003e;2.0.CO;2
https://doi.org/10.1175/1520-0442(1999)012&tnqh_x003c;0722:TSPFAP&tnqh_x003e;2.0.CO;2
https://doi.org/10.1016/j.earscirev.2010.02.004
https://doi.org/10.1016/j.earscirev.2010.02.004
https://doi.org/10.1175/JHM533.1
https://doi.org/10.1175/JHM533.1
https://doi.org/10.1175/BAMS-D-20-0020.1
https://doi.org/10.1175/BAMS-D-20-0020.1
https://doi.org/10.1002/2013MS000293
https://doi.org/10.1002/2013MS000293
http://refhub.elsevier.com/S0168-1923(23)00256-3/sbref0076
https://doi.org/10.1175/JHM-D-15-0045.1
https://doi.org/10.1175/JHM-D-15-0045.1
https://doi.org/10.1002/ldr.3302
https://doi.org/10.1002/ldr.3302
https://doi.org/10.1016/j.pce.2018.12.006
https://doi.org/10.1016/j.pce.2018.12.006
https://doi.org/10.1007/s00704-017-2301-8
https://doi.org/10.1029/2022JD038421
https://doi.org/10.1029/2022JD038421
https://doi.org/10.1002/hyp.14341
https://doi.org/10.1002/hyp.14341
https://doi.org/10.17159/wsa/2021.v47.i2.10912
https://doi.org/10.17159/wsa/2021.v47.i2.10912
https://doi.org/10.1038/s41598-018-22394-7
https://doi.org/10.1038/s41598-018-22394-7
https://doi.org/10.1029/2011JD016121
https://doi.org/10.1029/2020JD033659
https://doi.org/10.1002/hyp.14454
https://doi.org/10.1007/s00382-021-06044-9
https://doi.org/10.1029/2018JD030174
https://doi.org/10.1002/2016JD025187
https://doi.org/10.1038/s41558-020-00945-z
https://doi.org/10.5194/hess-23-4199-2019
https://doi.org/10.5194/hess-23-4199-2019

	Impact of alternative soil data sources on the uncertainties in simulated land-atmosphere interactions
	1 Introduction
	2 Method and materials
	2.1 Regional land surface-atmosphere coupled model setup
	2.2 Soil datasets
	2.3 Reference dataset and evaluation protocol

	3 Results
	3.1 Comparison of soil texture at lower boundary conditions
	3.2 Evaluation of model simulations
	3.3 Internal variabilities in model ensemble simulations
	3.4 Model sensitivity on spatially distributed soil moisture
	3.5 Effects of soil texture differences on land-atmosphere interfaces

	4 Discussions and conclusions
	Declaration of Competing Interest
	Data availability
	Acknowledgments
	Supplementary materials
	References


