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ABSTRACT
Of the boundary conditions that affect the simulation of convective precipitation, soil moisture is one of the
most important. In this study, we explore the impact of the soil moisture on convective precipitation, and
factors affecting it, through an extensive numerical experiment based on four convective precipitation events
that caused moderate to severe flooding in the Gard region of southern France. High-spatial-resolution (1 km)
weather simulations were performed using the integrated atmospheric model Regional Atmospheric Modeling System/Integrated Community Limited Area Modeling System (RAMS/ICLAMS). The experimental
framework included comparative analysis of five simulation scenarios for each event, in which we varied the
magnitude and spatial distribution of the initial volumetric water content using realistic soil moisture fields
with different spatial resolution. We used precipitation and surface soil moisture from radar and satellite
sensors as references for the comparison of the sensitivity tests. Our results elucidate the complexity of the
relationship between soil moisture and convective precipitation, showing that the control of soil water content
on partitioning land surface heat fluxes has significant impacts on convective precipitation. Additionally, it is
shown how different soil moisture conditions affect the modeled microphysical structure of the clouds, which
translates into further changes in the magnitude and distribution of precipitation.

1. Introduction
Despite advances in numerical weather prediction
(NWP) models over the past few decades, the simulation of convective precipitation remains a challenge. The
chaotic nature of atmospheric processes (Fritsch et al. 1998),
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the uncertainty of initial and boundary conditions, and
the incomplete description of physical processes can
influence the performance of NWP models with regard
to quantitative precipitation forecasting. Among the
most important boundary conditions affecting the
overlying atmosphere is soil moisture. As pointed out
by Dirmeyer et al. (1999), soil moisture determines
the partitioning of land surface heat flux between the
sensible and latent components, thus affecting both heat
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and water balances. Additionally, mesoscale circulation
forced by soil moisture patterns can trigger convection
(Trier et al. 2004).
Numerous observational and modeling studies have
explored the interaction of soil moisture and convection
across a wide range of spatial and temporal scales (Segal
et al. 1989; Pielke et al. 1989). By varying the initial
volumetric soil moisture content from 60% drier to
30% wetter than a control simulation, Gallus and Segal
(2000) found an increase in surface precipitation in the
midwestern United States. Cheng and Cotton (2004), on
the other hand, tested the sensitivity of varying soil
moisture initialization on a mesoscale convective system
(MCS) simulation in Texas and found wetter soil had a
tendency to suppress convection. Simulations by Van
Weverberg et al. (2010) of two extreme convection
events with different soil moisture initializations and
microphysical parameterization schemes demonstrated
an inverse relationship between surface precipitation
and soil moisture content. Hohenegger et al. (2009)
conducted simulations with resolved and parameterized convection to investigate feedback between soil
moisture and precipitation over the European Alps,
for a period of one month. According to their findings,
the two different systems yielded different convection
strengths and signs of feedbacks, with the high-resolution
simulation finding a negative soil moisture–precipitation
feedback.
Soil moisture remains one of the largest sources of
uncertainty in initial and boundary conditions of atmospheric simulations. The increasing availability of global
soil moisture datasets has made possible some recent
studies in this area. Panegrossi et al. (2011) used a highresolution soil moisture field dataset derived from
Envisat Advanced Synthetic Aperture Radar (ASAR)
observations to generate soil moisture initial conditions for a simulation of the Tanaro flood event of April
2009. The use of drier, high-resolution soil moisture
content showed a significant impact on the accuracy
of the precipitation forecast, mainly during the early
phase of the event. Hauck et al. (2011) used soil
moisture monitoring data to analyze the discrepancies
between observed and modeled soil moisture fields and
their potential impacts on the convective precipitation
forecast. They concluded that whereas a systematic
relationship with soil moisture exists for a number of
convection-related parameters, the response of convective precipitation to initial soil moisture is more
complex. Investigating possible relationships between
soil moisture and precipitation, Khodayar and Schädler
(2013) performed numerical experiments using soil
moisture observations. They found realistic initiation of
the model with soil moisture observations could affect
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the simulations until an extreme precipitation event
removed the initial soil moisture dependency. They also
noted a local positive feedback between the soil moisture and precipitation. Spatial variability of soil moisture constitutes a very important aspect of the initiation
and development of convection. Adler et al. (2011) investigated the impact of soil moisture spatial variability
on a MCS using idealized soil moisture fields. They found
that the soil moisture patterns altered the convectionrelated parameters and thus modified the MCS. Ronda
et al. (2002) concluded that a proper representation of
the season hydrological cycle in large-scale atmospheric
models requires taking account of the spatial heterogeneity
of the soil moisture content.
Tuttle and Salvucci (2016), in a more recent study,
stated that soil moisture anomalies significantly influence rainfall in the United States. Specifically, they
found a positive relationship between soil moisture and
precipitation in the western United States and a negative feedback in the east, concluding that the relationship depends on the regional aridity. Guillod et al. (2014)
used satellite-derived precipitation and soil moisture data
to investigate the relationship between soil moisture
and afternoon rainfall. They found a positive temporal
and negative spatial coupling between soil moisture and
precipitation. They stated that wetter soil might enhance
precipitation persistence while precipitation occurs more
often over dry soils. Wang et al. (2018) used the convergent cross-mapping method to investigate the soil
moisture–precipitation relationship. They concluded
that the effect of soil moisture on precipitation is evident
with a lag of one month.
In summary, all these past studies have demonstrated
that a relationship between soil moisture and precipitation
is evident and the magnitude and sign of impact depends
strongly on the characteristics of the region, the atmospheric conditions, and the model physical and parametric
configuration. However, no unidirectional feedback (i.e.,
only positive or only negative) between soil moisture and
convective precipitation has emerged from these various
investigations. The reasons for the contradictory findings
pertain to both physical aspects but can also be attributed
to technical specifications. The former highlights the
complexity in physical mechanisms involved in soil
moisture–precipitation relationship, while the latter refers to the impact of different experimental designs in
numerical-based investigations and relates also to uncertainty induced by differences in model structure,
model resolution, etc. As an example, a large body of
studies has focused on idealized experiments that, although they offer insight on the mechanisms involved,
refer to conditions that may not be realistic. Therefore,
to further advance our understanding of soil moisture
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FIG. 1. Extent of the model domains for the RAMS/ICLAMS simulations. The area of analysis of the current study
is represented in GRID 3.

impact on convective precipitation, it is important to
focus on the examination of realistic soil moisture
characteristics (magnitude and spatial variability) and
apply a consistent experimental framework for various
atmospheric conditions.
This work relies on the current availability of global
soil moisture estimates from satellite and land surface
models to derive realistic representation of soil moisture
fields and applies a consistent sensitivity analysis framework to further investigate the complex relationship between soil moisture and convective precipitation and its
dependence on meteorological conditions and initial soil
moisture characteristics (magnitude and variability).
Using four different case studies corresponding to floodinducing convective rainfall events that occurred over the
Gard region of southern France, we conducted a number
of sensitivity simulations (five per event) to 1) estimate
the impact of soil moisture on convective precipitation
under different meteorological conditions and 2) gain
further insight into the relationships and feedbacks between soil moisture and convective-related parameters.
This paper is organized into seven sections. The next
section (section 2) presents the main climatological and
soil characteristics of the study area. Section 3 describes
the meteorological characteristics of the four convective rainfall events, while section 4 introduces a short

description of the atmospheric model we used for
the simulations and the model configuration, as well
as the soil moisture and precipitation datasets used in
the current work. Section 5 presents the experimental
setup (i.e., the methodology we adopted). The main
results of the analysis of the sensitivity tests appear in
section 6, and section 7 discusses our main findings
and presents our conclusions.

2. Study area
The region under consideration is the wider area of
Gard in the south of France (Fig. 1). We selected this
area because of the high frequency of heavy precipitation events triggered by local atmospheric circulation (Delrieu et al. 2005; Anquetin et al. 2003)
and the availability of high-quality precipitation observations from weather radar (Delrieu et al. 2014;
Boudevillain et al. 2016).
The Gard region has a typical Mediterranean climate.
Molinié et al. (2012) note that the seasonal cycle of
monthly rainfall amounts exhibits two maxima; the
higher one occurs during the fall season and the lower
one during the spring. The nearby Mediterranean Sea
acts as an energy and moisture source for the lower layers
of the atmosphere, leading to frequent flood-inducing
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storm events in the region. Moreover, the complex terrain of the wider area surrounded by the Alps, Pyrenees,
and Massif Central Mountains contributes to convection
triggering and channels the low-level flows, enhancing
convective instability. The average depth in the region
does not exceed 55 cm (Anquetin et al. 2009), and the
average texture over the whole region consists of around
50% sand, 30% silt, and 20% clay (Manus et al. 2009).

Peninsula moved toward the Gard region, generating a
southwesterly flow and ascending motions. On September
7, the area was both under the diffluent part of an upperlevel trough over Spain and the left-exit region of a
moderate upper-level jet streak, causing deep convection.
These systems affected the area for 32 h, bringing high
amounts of convective rainfall. The 42-h accumulated
precipitation reached almost 400 mm, while rainfall rates
exceeding 130 mm h21 were recorded.

3. Case studies

d. 19–21 May 2012

The Gard region is the part of France most frequently
affected by flash floods (Gaume et al. 2009). For this
study, we selected four convective rainfall events that
caused heavy precipitation and flooding in the area. A
description of the meteorological conditions associated
with each event is given.

The last event analyzed in the current study was a mild
rainfall episode that started on 19 May 2012 and lasted
30 h. An easterly-moving low-level system west of the
Gard region, along with an upper-level low over the
Iberian Peninsula moving southeasterly, generated a
southwesterly flow that brought moist air from the
Mediterranean Sea. On 20 May, a cold frontal system
passed over the area, bringing significant rainfall. Records show a 48-h accumulated precipitation amount
of up to 122 mm, while the rainfall rate reached almost
44 mm h21.

a. 8–9 September 2002
A heavy precipitation event that took place 8–9
September 2002 was responsible for one of the most
severe floods ever recorded in the Gard region, resulting
in 24 deaths and an estimated $1 billion (U.S. dollars) in
economic damage (Huet et al. 2003). This catastrophic
precipitation event was caused by a quasi-stationary
MCS associated with an upper-level cold low centered
over Ireland and extending to the Iberian Peninsula,
which generated a southwesterly flow over the area on
8 September. The quasi-stationary MCS stayed over
the Gard region until the next day, when a cold frontal
system passed over and contributed to heavy precipitation (Delrieu et al. 2005). The 24-h accumulated
precipitation reached 700 mm, with 500 mm recorded
in less than 9 h (Anquetin et al. 2005).

b. 31 October–2 November 2008
The second event was a convective storm episode,
with observed rainfall amounts of up to 365 mm in 24 h
(Fresnay et al. 2012). The event started on 31 October
2008, when an occluded front system passed over the
region, resulting in rainfall rates of up to 16 mm h21. The
next day, 1 November, a large trough over western
France caused a very strong, low-level jet, bringing
moist, unstable air that was lifted by the Massif Central.
The presence of an upper-level low at the west of the
region induced a strong divergent flow over southeastern France, resulting in deep convection. Accumulated
precipitation amounts up to 744 mm in 49 h were recorded, and rainfall rates reached almost 80 mm h21.

c. 6–8 September 2010
A third heavy precipitation event began on 6 September
2010, when a low pressure system over the Iberian

4. Model configuration and datasets
a. Description and setup of the model
For the simulation of the four rainfall events described
above, we used the integrated atmospheric model Regional Atmospheric Modeling System/Integrated Community Limited Area Modeling System (RAMS/ICLAMS;
Solomos et al. 2011; Kushta et al. 2014). The Atmospheric Modeling and Weather Forecasting Group at
the University of Athens developed ICLAMS based on
RAMS version 6 (Pielke et al. 1992; Cotton et al. 2003).
The detailed two-moment (mass and number) bulk microphysical scheme (Meyers et al. 1997) describing the
in-cloud processes for seven categories of hydrometeors
(cloud droplets, rain droplets, pristine ice, snow, aggregates, graupel, and hail) included in this model makes
it suitable for high-resolution simulation of clouds and
precipitation.
For this study, we used a three-grid setup with a coarse
external domain of 24-km resolution (total size of 3360 km 3
3360 km) and two nested domains with 4 km (total size
of 896 km 3 896 km) and 1 km (total size of 166 km 3
182 km) horizontal grid spacing, respectively (Fig. 1).
Two-way nesting was activated for both inner domains.
Vertically, the domain stretches up to 13.3 km with
32 layers, with the top of the first layer located 24 m
above ground. Convective activity on the outer domain
(resolution of 24 km) is parameterized using the Kain–
Fritsch scheme (Kain and Fritsch 1993; Kain 2004).

Unauthenticated | Downloaded 01/09/23 07:26 AM UTC

JANUARY 2019

KOUKOULA ET AL.

The topography (USGS 2018a) and vegetation (USGS
2018b) data are derived from the U.S. Geological Survey (USGS) 3000 3 3000 dataset and the soil texture from
Zobler and FAO/UNESCO (Webb et al. 2000) at 20 3 20
resolution. We used the Final (FNL) Operational Global
Analysis data of the National Centers for Environmental
Prediction (NCEP), with 18 3 18 spatial resolution as initial
and lateral conditions, and the NCEP 0.58 3 0.58 sea
surface temperature (SST) analysis for water body initial conditions. The boundary conditions of the nested
domains are provided by the respective parent grid.
The land surface model in RAMS/ICLAMS is the Land
Ecosystem Atmospheric Feedback model, version 3
(LEAF-3; Walko and Tremback 2005). Its default initial
soil moisture field is based on a vertically varying profile
of soil water content, and the characteristics (saturation
volumetric moisture content, sand fraction) of each of
the 12 U.S. Department of Agriculture (USDA) soil
texture classifications used in the land surface model.
Based on the characteristics of the region under study
and/or climatological values, the user can define different initial soil moisture values for each layer below
the surface, but the soil moisture values are spatially
homogeneous across the model domain. For this study
we used eight soil layers down to 1 m below surface (the
bottom of each soil layer is 0.05, 0.1, 0.2, 0.3, 0.4, 0.6, 0.8,
and 1 m below ground, respectively).

b. Datasets
For the initial conditions of the simulations performed
in this study, we used simulated soil moisture datasets,
and for the evaluation of the model performance, we
used remote sensing estimates of soil moisture and
rainfall. In this section we present a brief description
of these datasets.
We used two datasets for initial soil moisture conditions. The first was the Earth2Observe tier-1 water resources reanalysis (WRR1) dataset. The WRR1 dataset
(Schellekens et al. 2017) consists of an ensemble of
10 global hydrological and land surface model simulations for the period 1979–2012, driven by a reanalysisbased meteorological forcing dataset. In this study we
used the surface (5 cm) and root-zone (up to 1 m) soil
moisture data from the simulations conducted with the
land surface model (LSM) Hydrology Tiled ECMWF
Scheme for Surface Exchanges over Land (HTESSEL),
which was developed by the European Centre for
Medium-Range Weather Forecasts (ECMWF). The
meteorological forcing used in WRR1 is the Watch
Forcing Dataset ERA-Interim (WFDEI; Weedon
et al. 2014) from ECMWF. The spatial resolution of
the WRR1 is 0.58 3 0.58, and the temporal resolution
of the outputs is daily.

27

The second dataset we used for initial soil moisture
conditions contains the four-layer soil moisture data
generated by the Global Land Data Assimilation
System (GLDAS; Rui and Beaudoing 2017; Rodell
et al. 2004). This dataset is derived from the Noah
model version 3.3 in Land Information System (LIS)
version 7. The data are at 0.258 resolution and range
from the year 2000 to the present at a temporal resolution of 3 h. The forcing dataset combines atmospheric analysis fields from the National Oceanic and
Atmospheric Administration/National Centers for
Environmental Prediction’s Global Data Assimilation System (GDAS) with spatially and temporally
disaggregated precipitation fields from the Global Precipitation Climatology Project (GPCP) and observationbased downward shortwave and longwave radiation
fields derived using the method of the Air Force Weather
Agency’s Agricultural Meteorological modeling system
(AGRMET).
To evaluate the soil moisture fields used as initial
conditions in this study, we used as reference the satellitederived European Space Agency Climate Change Initiative (ESA CCI) Surface Soil Moisture (SM) dataset
(product version 02.2; Liu et al. 2012). The ESA CCI SM
v02.2 product consists of three surface soil moisture datasets. In this study we used the combined product that
merges scatterometer-based active and radiometer-based
passive soil moisture retrievals (Liu et al. 2011, 2012;
Wagner et al. 2012). The spatial resolution of the dataset
is 0.258, and the temporal resolution is 1 day, with its
reference time at 0000 UTC. The ESA CCI SM is a stateof-the-art product that has been evaluated using groundbased observations over France (among other regions) by
Dorigo et al. (2015) and Liu et al. (2011). In both studies,
the merged soil moisture dataset, which is used here as
reference, has been evaluated against ground-based soil
moisture observations from the soil moisture observing
system–meteorological automatic network integrated
application (SMOSMANIA) network in southern
France. The temporal extent of the evaluation in the
first study was 2007–10, and for the second study was
January–December 2007. Liu et al. (2011) found an
average correlation coefficient R of 0.67. Dorigo
et al. (2015) found a correlation coefficient up to 0.71
(and an average of 0.44).
As reference data for the evaluation of the simulated
precipitation for the 2002 event, we used data from the
Hydrometeorological Data Resources and Technologies
for Effective Flash Flood Forecasting (HYDRATE)
project (http://www.Hydrate.tesaf.unipd.it/; Borga et al.
2011; Gaume et al. 2009). The rainfall data, derived
from a compilation of radar reflectivity observations and
rain gauge measurements, have 1-km spatial and 30-min

Unauthenticated | Downloaded 01/09/23 07:26 AM UTC

28

JOURNAL OF HYDROMETEOROLOGY

VOLUME 20

FIG. 2. Schematic representation of the structure of the simulations.

temporal resolution. For the other events, we used the
rainfall reanalysis, available at 1-km spatial and hourly
temporal resolution, based on radar–rain gauge merging
in the Cévennes–Vivarais region of France described in
Delrieu et al. (2014) and Boudevillain et al. (2016).

5. Methodology
To investigate the sensitivity of convective precipitation to the initial soil moisture field, we conducted
five simulation scenarios (one control simulation and
four sensitivity tests) for each event with different initial soil moisture conditions (see Fig. 2 for a schematic
representation of these simulations). All five simulations
of each event started around 12 h before the initiation
of convective precipitation. We performed three of
them with 3-day spinup runs, referred to in Fig. 2 as
the ESSM (ECMWF spinup soil moisture), GSSM
(GLDAS spinup soil moisture), and MSM (model soil
moisture; control run) runs; these simulations used,
respectively, ECMWF, GLDAS, and a spatial homogeneous initial soil moisture field (i.e., RAMS/ICLAMS
default initial soil moisture vertical profile). The spinup
simulations have been conducted in order to produce for
each simulation a soil moisture field, depending on the
meteorological conditions (precipitation and air temperature) and soil characteristics (e.g., hydraulic conductivity) of the study area that would provide a more

realistic spatial representation than that provided by the
low-spatial-resolution datasets used as initial soil moisture conditions. During this 3-day spinup timeframe, the
soil moisture field was altered as a result of model
simulation, reducing (smoothing out) the high spatial
gradients of soil moisture present in the initial field due
to the coarse resolution of the datasets used as initial
conditions (ECMWF and GLDAS). Moreover, for the
simulation in which the default initial soil moisture
conditions have been used, the spinup simulation reduced the homogeneity of the field. The soil moisture
fields corresponding to the last hour of the spinup were
used as initial soil moisture conditions for the three
simulations of the event.
We also considered two additional simulations without spinup (cold start simulations) to be able to evaluate
the impact of initial soil moisture resolution on convection. As shown in Fig. 2, these simulations used as
initial conditions the ECMWF and GLDAS soil moisture datasets (ESM and GSM, respectively).
In each scenario considering external soil moisture
data input (e.g., ECMWF or GLDAS), a two-step procedure is carried out to prepare the initial soil moisture
field for the atmospheric simulations. First, LEAF-3
reads the soil moisture values from each dataset and interpolates the value to the spatial resolution of each domain. Second, the interpolated soil moisture data values
are compared to the predefined soil type characteristics
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TABLE 1. Schematic representation of the contingency table.
Simulation , threshold

Simulation $ threshold

a
c

b
d

Observation , threshold
Observation $ threshold

and are adjusted accordingly. More specifically, the
LEAF-3 setup has predefined saturation volumetric
moisture content values (thresholds) for each soil type
considered. For each grid point, if the soil moisture
value derived from the datasets is higher than the
threshold value, their value is taken equal to the saturation volumetric moisture content. An important note
here is that for the analysis carried out in this work, we
considered as initial soil moisture fields the fields that
resulted after the two-step process described above.
This ensures consistency in the evaluation of differences
between initial soil moisture conditions.
Although we applied the different initial soil moisture
conditions over all three model domains, we extracted
the simulated precipitation values, to perform the statistical analysis of the current work, from the innermost high-resolution (1 km) domain, which covers the
area where the convective precipitation initiated and
evolved. It is anticipated that the precipitation over
the inner nested domain is affected not only by the
modified soil moisture field of the area covered but
also from changes in heat fluxes in the parent domains that are transmitted to the nested domain as
lateral forcing. Moreover, although the soil moisture
content varied up to a depth of 1 m, we based the
comparison on the surface soil moisture (first 5-cm
depth), given that the satellite could not provide information for deeper soil layers. Furthermore, because
of the short duration of the simulations, it is expected
that only the surface layer (0–5-cm depth) directly affect
the soil moisture–convective precipitation feedback
mechanism (Mei and Wang 2011).
For the analysis of the simulations, we initially
performed a statistical evaluation of the simulated rain
fields to ensure that the control simulations represented
the precipitation events realistically. The analyzed time
window for this evaluation is the 24 h with the highest
rainfall rate for each event (included in Table 2). The
comparison between the simulated and observed precipitation fields was conducted on four temporal scales:
1, 6, 12, and 24 h. For performance metrics we chose
the bias (Bias) and the square of the correlation coefficient R2 defined as follows:
Bias 5

1
N

N

å (Simi 2 Obsi ) ,

i51

N

å (Obsi 2 Simi )2

R2 5 1 2 i51
N

,

å (Obsi 2 Obs)

2

i51

where N is the number of the grid points multiplied with
the number of time steps (total number of observations),
Sim is the simulations, Obs is the observations, and Obs
is the mean value of the observations.
Moreover, we present three statistical scores computed from contingency tables (Table 1) determined
for three thresholds and each temporal scale. These
thresholds are based on the 70th, 80th, and 90th quantiles of the probability distribution of the observed
rainfall fields for each temporal scale. The statistical
scores presented in this study are the forecast accuracy
(ACC), the false alarm ratio (FAR), and the frequency
bias (FBIAS; Mason 1989), calculated as follows:
ACC 5

(a 1 d)
,
(a 1 b 1 c 1 d)

FAR 5

b
,
(b 1 d)

FBIAS 5

(b 1 d)
.
(c 1 d)

and

In addition to the point-by-point verification of the
rainfall fields, a further analysis using the neighborhood
approach technique (Roberts and Lean 2008; Schwartz
et al. 2009) is presented in terms of fraction skill scores
(FSSs) for a number of different radii and rainfall
threshold values. We used five different radius values
(0, 1, 2, 5, and 10 km) and from four to six rainfall
threshold values depending on the total accumulated
precipitation values of each event.
We present the results of the comparison of the different simulation scenarios in various forms. First, maps
of the differences in accumulated precipitation and initial soil moisture between the simulations and the reference datasets (radar rainfall and satellite soil moisture
estimates) provide an overview of the different spatial
distributions of precipitation and the water content of
the soil. A quantitative analysis, which includes quantile–
quantile (Q–Q) plots from the model and radar rainfall
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TABLE 2. Statistical evaluation of the three precipitation events.
1h

6h
2

Accumulation time step

Bias (mm)

R

1200 UTC 8 Sep to 1200 UTC 9 Sep 2002
0600 UTC 1 Nov to 0600 UTC 2 Nov 2008
0000 UTC 7 Sep to 0000 UTC 8 Sep 2010
0600 UTC 20 May to 0600 UTC 21 May 2012

20.9
0.7
20.3
0.4

0.04
0.12
0.02
0.02

accumulation estimates, as well as the model and satellite remotely sensed soil water content, are used to
assess the accuracy of the simulated fields of these
variables in capturing the observed distribution (5%–
95%). Additional information regarding the relative
skill with which each run simulated both the initial
soil moisture and the accumulated precipitation (in
terms of spatial distribution) is provided through
normalized Taylor diagrams (Taylor 2001; Kärnä and
Baptista 2016).
To show the impact of initial soil moisture conditions
on convection-related variables, we provide plots with
the distribution of the relative differences in soil moisture, heat fluxes, convective available potential energy
[CAPE; we calculated the CAPE (J kg21) only for the
parcel with maximum equivalent potential temperature
in the column], and precipitation between the sensitivity
tests and the control run (which in our study is the MSM
simulation). These plots provide insight into the response
of different convection-related variables to various soil
moisture fields. Finally, we investigated the impact of
initial soil water content on the microphysical structure of
the clouds. These results are presented in plots with the
domain-averaged liquid water and ice mixing ratios for
each vertical layer of the model.

6. Results
In this section we present the results of the different
simulation scenarios, beginning with statistical analysis
of the model prediction performance, followed by analysis of the impact of soil moisture on convection-related
variables.
The results of the statistical evaluation of the simulated rain fields from the control runs (described above)

12 h
2

24 h
2

Bias (mm)

R

Bias (mm)

R

25.6
4.9
23.9
2.7

0.16
0.27
0.04
0.19

211.3
9.3
24.5
4.9

0.23
0.42
0.01
0.41

Bias (mm)

R2

222.6
18.5
26.5
9.7

0.34
0.61
0.17
0.28

are presented in Tables 2–6. Specifically, Table 2 shows
the Bias and R2 calculated for the four simulated events
for each temporal scale. We note that the model underestimated the rain of the 2002 and 2010 events, while
there is overestimation of precipitation of the 2008 and
2012 events. In terms of correlation, the 2008 event exhibited the highest coefficient of determination R2 for
all temporal scales. On the contrary, the simulation of
the 2010 event showed the poorest representation of the
spatial distribution of precipitation. It is evident from
this table that for the larger temporal scale the simulated rainfall patterns are in closer agreement with the
observations.
The scores obtained from the contingency tables are
presented in Tables 3–6 for the 2002, 2008, 2010, and
2012 events, respectively, for each temporal scale (1–24 h).
The ACC values estimated for all four events is higher
than 0.64 for all threshold values and temporal scales.
These results indicate that the overall accuracy of the
rainfall representation from the simulations is relatively
high. In most cases the false alarm ratio is higher for the
higher threshold values, indicating that the model could
not represent accurately the spatial distribution of the
higher amounts of rainfall. The FBIAS score is improved with the largest thresholds for the 2002 and 2010
events (due to the underestimation mentioned earlier);
however, the opposite is the case for the overestimated
events (2008 and 2012). For all four events, the FBIAS
score reduces at the largest temporal scale.
Figure 3 shows the FSSs for each rainfall event. It is
evident from this plot that the broader the neighborhood radii used for the FSS estimation, the higher is
the FSS, especially for high rainfall thresholds. This indicates spatial displacement errors of the simulated
precipitation. For all the events, the plots show that the

TABLE 3. Statistical scores for the 2002 precipitation event.
Accumulation time step

1h

6h

12 h

24 h

Thresholds (mm)

3.4

6.1

14

26

44.5

95.4

64.3

107.8

166.7

138.9

217.9

338.5

ACC
FAR
FBIAS

0.69
0.53
0.75

0.75
0.64
0.81

0.86
0.75
0.85

0.71
0.46
0.85

0.78
0.53
0.88

0.88
0.63
0.72

0.74
0.4
0.76

0.81
0.48
0.75

0.88
0.62
0.87

0.77
0.34
0.7

0.83
0.4
0.71

0.89
0.57
0.78
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TABLE 4. As in Table 3, but for the 2008 precipitation event.

Accumulation time step

1h

6h

12 h

24 h

Thresholds (mm)

2

3.8

7.4

18.3

31

50.9

33.8

56.3

95.2

68.3

105.2

182.8

ACC
FAR
FBIAS

0.75
0.42
1.06

0.81
0.48
1.08

0.87
0.64
1.24

0.78
0.4
1.27

0.8
0.5
1.33

0.83
0.72
1.55

0.8
0.37
1.32

0.82
0.46
1.35

0.87
0.6
1.47

0.81
0.36
1.26

0.87
0.37
1.25

0.88
0.56
1.45

model has a higher skill for the lower rainfall amounts,
while the FSSs for the higher precipitation thresholds
are lower for all the events. This suggests that the simulation quality degraded at higher precipitation amounts.
These results show that, while the model simulations
exhibited certain limitations mainly in terms of the
spatial distribution, the representation of precipitation
fields is realistic and the overall performance is comparable (better in some cases) to past studies of the same
events (Anquetin et al. 2005). Therefore, we consider
that the control simulation has an acceptable performance
that allows us to continue with the sensitivity study.
Subsequently, we compared the simulated initial soil
moisture field with the satellite remotely sensed soil
water content. Figures 4 and 5 provide respective
soil moisture maps for the 2002 event (the most extreme) and the 2010 event (with high spatial variability both in convective precipitation and soil
moisture), while Fig. 6 compares the spatial distribution of soil moisture for all four events with the use of
quantile–quantile plots. Notable in Figs. 4 and 5 are
the differences among the initial soil moisture fields in
terms of magnitude and spatial distribution. Simulated initial soil moisture is generally lower than the
satellite-retrieved soil moisture magnitudes in most of
the sensitivity tests. As shown in Fig. 6, soil moisture
content in the simulations driven by ECMWF initial
conditions was systematically overestimated for most
of the events. Similarly, underestimation occurred in the
MSM sensitivity tests for all the events. The quantile–
quantile comparisons indicate that, in most of the cases,
the GLDAS-driven soil moisture simulated dataset
(GSM simulation) was the one with the closest agreement with the satellite-derived soil moisture data.
The analysis of the sensitivity test shows that the
amount of initial soil water content can influence the

magnitude and spatial variations of the accumulated
precipitation. The results demonstrate a high sensitivity
of the numerical simulations to the initial soil moisture
fields (see Figs. 7, 8). In contrast to the soil moisture, a
common pattern was not apparent among the simulations for the rainfall magnitude. Figure 9 shows the most
significant differences in the higher precipitation accumulation values. Comparing the quantile–quantile plots
of the two variables, differences in the initial soil moisture evidently resulted in different amounts of simulated
precipitation. This is more evident at the upper quantiles
of precipitation. Specifically, for the 2002 event, a 39%
change of the domain-averaged initial soil moisture
between the MSM and ESSM simulation resulted in
6% change of the domain-averaged accumulated precipitation. For the 2008 event, a 41% increase of the
initial soil moisture in the ESSM simulation (compared
to the MSM simulation) increased by 4.4% the domainaveraged accumulated precipitation. For the 2010 and
2012 events, the impact of soil moisture is higher on the
upper percentiles of the accumulated precipitation. The
highest increase of the accumulated precipitation was
evident in the 2010 event, where a 35% increase of soil
moisture resulted in a more than 24% increase of the
90th quantile of accumulated precipitation (between the
MSM and ESM simulations). Last, for the 2012 event, a
79% change of soil moisture between the MSM and
ESSM simulation resulted in a 12% change of the 90th
quantile of the accumulated precipitation.
The normalized Taylor diagram, which demonstrates
the relative skill with which each run simulated the initial soil moisture and the accumulated precipitation,
shows that for the 2002 event, the GSM simulation
exhibited the best performance statistics (correlation
and root-mean-square error) on both precipitation accumulation and initial soil moisture (Fig. 10a). For this

TABLE 5. As in Table 3, but for the 2010 precipitation event.
Accumulation time step

1h

6h

12 h

24 h

Thresholds (mm)

1.7

4.1

8.8

32.5

45.5

67.2

52.9

67.8

91.8

94.4

124.8

162.8

ACC
FAR
FBIAS

0.71
0.49
0.83

0.78
0.57
0.72

0.86
0.73
0.91

0.71
0.48
0.85

0.75
0.65
0.93

0.82
0.9
0.96

0.64
0.61
0.94

0.7
0.78
0.88

0.82
0.96
0.83

0.68
0.54
0.66

0.79
0.55
0.44

0.89
0.56
0.51
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TABLE 6. As in Table 3, but for the 2012 precipitation event.
Accumulation time step

1h

6h

12 h

24 h

Thresholds (mm)

0.9

2

4.7

11.6

17.5

27.2

23.3

31.3

40.6

44.3

53.5

66.8

ACC
FAR
FBIAS

0.7
0.5
1.05

0.72
0.68
1.06

0.83
0.84
1.15

0.71
0.49
1.08

0.72
0.67
1.21

0.83
0.74
1.51

0.81
0.33
1.06

0.82
0.47
1.3

0.84
0.66
1.9

0.7
0.5
1.18

0.76
0.57
1.36

0.85
0.63
2.05

event, the more accurate initial soil moisture fields in
terms of correlation with the satellite product used as
observations resulted in improved simulation of precipitation. This was not the case for the 2008 event
(Fig. 10b), in which small differences occurred in the
model performance for the precipitation simulations,
while the initial soil moisture field accuracy differed
significantly among the sensitivity tests. Similar behavior was evident in the simulations of the other two events
(Fig. 10c for 2010 and Fig. 10d for 2012), although here
the precipitation simulations presented slightly larger
differences among the sensitivity tests. Results for these
cases show that initial soil moisture conditions in closer
agreement with the reference dataset do not always result in improved simulations of convective precipitation.

Figure 11 shows the distribution of the relative differences in soil moisture, heat fluxes, CAPE, and precipitation, considering each grid point (time averaged),
between the sensitivity tests and the control run (MSM
simulation). A point to note from this figure is that the soil
moisture had a different effect on convection-related
parameters in each event. Furthermore, we observe that
the relative differences of CAPE were lower compared
to the other variables. However, we report the results
because past studies have shown that change in soil conditions is expected to impact the boundary layer conditions and thus CAPE. There are studies that stated
that drier boundary layer (resulted from dryer soil) will
result in lower CAPE values (Khodayar and Schädler
2013), and other studies that stated the opposite

FIG. 3. FSS scores of the simulated precipitation fields for a number of total rainfall thresholds and radius values, for
the (a) 2002, (b) 2008, (c) 2010, and (d) 2012 events.
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FIG. 4. Initial soil moisture field of the 2002 rainfall event at the start of the main simulations: (a) satellite observations, (b) MSM simulation, (c) ESSM simulation, (d) GSSM simulation, (e) ESM simulation, and (f) GSM simulation. White is missing data.

(Barthlott and Kalthoff 2011). Another notable piece of
information provided from Fig. 11 is that the distribution of the relative differences of the variables under
consideration is similar between the wet and the dry
simulations for each event. For the 2002 event, in particular, although the relative differences of soil moisture
seem to be higher in the GSM simulation, the two wet

simulations (ESM and ESSM) exhibited higher relative
differences in precipitation. For this event, it seems that
sensible heat flux was the most affected variable from
the differences among the initial soil moisture fields.
Contrary to the 2002 event, in the 2008 event the
different initial soil moisture fields affected the latent
heat flux more. This might be attributed to the fact that

FIG. 5. As in Fig. 4, but for the 2010 rainfall event.
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FIG. 6. Quantile–quantile plots of initial soil moisture field used in the simulation of the (a) 2002, (b) 2008, (c) 2010
and (d) 2012 rainfall events, for each model sensitivity test.

the specific humidity in the first event (2002) is higher
than the 2008 event; therefore, in the first case the vapor
supply to an already humid atmosphere (from the land
surface) through latent heat flux had a lower impact than
in the second case. Moreover, we observed different
behavior in the simulations with spinup runs (ESSM and
GSSM) from the ones with cold starts (ESM and GSM)
in the relative differences of the fluxes. For the cold start
simulations, the impact of soil moisture on the fluxes is
higher than in the other simulations. Similar to the 2002
event, for the two simulations with wetter soil conditions
(ESSM and ESM), the relative differences of precipitation
were significantly higher than in the other simulations.
Furthermore, we noticed that these two simulations (ESSM
and ESM) exhibited similar patterns of latent heat relative
differences for the upper quantiles.
In the 2010 event, similar to the 2002 event, the different initial soil moisture fields affected the sensible

heat flux more. The highest relative differences in sensible heat flux were exhibited in the GSSM simulation,
where the initial soil moisture was low. The relative
differences of precipitation were higher in the wetter
simulations. For the 2012 event, initial soil moisture
seemed to have had an impact on all variables. In all
the sensitivity tests, the higher the initial soil moisture
was, the higher were the relative differences of both
precipitation and heat fluxes.
As Cioni and Hohenegger (2017) and Schlemmer et al.
(2012) pointed out, surface fluxes may affect the ice and
liquid water mixing ratio of the clouds. To understand
the impact of soil moisture on the convection process,
we examined the vertical structure of each system.
Figure 12 shows two of the variables that are considered
important indicators of the vertical development of a
convective system—that is, water vapor and ice mixing
ratio. Initial soil moisture strongly influenced the vertical
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FIG. 7. The 49-h accumulated precipitation of the 2002 rainfall event: (a) radar observations, (b) MSM simulation, (c) ESSM simulation,
(d) GSSM simulation, (e) ESM simulation, and (f) GSM simulation.

structure of all four convective systems. Based on the
results, it is evident that the different initial soil moisture
fields influenced the total condensate mixing ratio and
the way in which this was partitioned into liquid water
and ice mixing ratios. The largest differences were observed in the liquid water mixing ratio among the sensitivity tests of the less severe rainfall events (2010 and

2012). These differences were more significant between
2.5 and 4.7 km altitude for the 2010 event, while for the
2012 event the maximum differences were observed at
lower altitudes—that is, 1–2.5 km. In both events, the
GSSM was the simulation with the lower liquid water
mixing ratio, while maximum amounts were observed
in the ESM simulation for the 2010 and the ESSM

FIG. 8. As in Fig. 7, but for the 2010 rainfall event.
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FIG. 9. Quantile–quantile plots of accumulated precipitation for the (a) 2002, (b) 2008, (c) 2010, and (d) 2012 rainfall
events, for each model sensitivity test.

simulation for the 2012 events. On the other hand, for
the heavier precipitation events in 2002 and 2008, the
differences in the liquid water mixing ratio among simulations were less significant.
The ice mixing ratio was used to demonstrate the
differences in vertical development among the events
and sensitivity tests. The 2002 and 2010 events had the
highest vertical development, and the mildest event
(2012) had the lowest. For the 2002 event, the ice
mixing ratio for the ESSM simulation was significantly
higher than for the other sensitivity tests. For the 2008
event, the ice mixing ratio for the GSSM and, especially, the MSM simulations were significantly lower
than the other three sensitivity tests. Similar behavior
was observed for the 2010 event: the ice mixing ratios
for the GSSM and ESSM simulations were lower than
for the other three runs. For the milder event, the ice
mixing ratio was lower than for the other events, but

the relative differences among the different simulations were large.

7. Discussion and conclusions
In this study, we designed a numerical experiment to
advance the understanding of the relationship between
soil moisture and convective precipitation under different meteorological conditions. The experiment included analysis of the sensitivity of weather simulations
to different initial soil moisture conditions, in terms
of magnitude and spatial distribution. The simulations
were performed for four convective precipitation events
that differ in terms of triggering mechanisms and synoptic
conditions.
Results from this numerical experiment elucidate the
complex feedback mechanism between initial soil moisture and convective precipitation. Although we did not
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FIG. 10. Normalized Taylor diagram of accumulated precipitation (circles) and initial soil moisture (squares) for
the (a) 2002, (b) 2008, (c) 2010, and (d) 2012 rainfall events. The normalized standard deviation is on the radial axis
and the correlation coefficient is on the angular axis. The blue dashed lines indicate center root-mean-square error.
The black circle is the observed time series (reference).

observe a consistent feedback pattern (in terms of the
sign and the magnitude of the relationship) between soil
moisture and precipitation for all the case studies, different initial soil moisture fields resulted in different
accumulated convective precipitation fields, in terms of
both magnitude and spatial distribution. Initial soil water content seems to have a strong impact on the simulation of convective precipitation, not only during mild
events, but also in extreme rainfall events with strong
synoptic forcing.
The results show that the initial soil moisture field in
closer agreement with the satellite-derived soil moisture
(used as reference) does not always improve the simulation of convective precipitation. This can be partly
attributed to the relatively low spatial resolution of both
the observed and simulated soil moisture datasets used
as initial conditions. However, 25 km was the highest
spatial resolution of available global daily soil moisture
data (covering the temporal extent of our events).
Small-scale soil moisture variability (not represented in
these low-resolution data), though, can affect local lowlevel circulation and thus the simulation of precipitation
(Panegrossi et al. 2011). For the 2002 heavy precipitation event, which was caused by a quasi-stationary

MCS, better representation of initial soil moisture
improved the simulation of convective precipitation.
Moreover, for the 2008 event, which was also caused by
deep convection that affected the area for a long period,
initial soil moisture fields that were in good agreement
with the reference data resulted in simulated precipitation with higher correlation to observations. On
the other hand, for the two events of shorter duration
(2010 and 2012), the accuracy of the initial soil moisture
field did not affect the relative skill of simulated precipitation. These findings suggest that a better representation of the initial soil moisture field can improve
the simulation of convective precipitation when the
simulated convective system persists locally over a long
period and is strongly affected by local circulation (the
local water vapor recycle—the contribution of the local
evapotranspiration of some region on precipitation at
any point within the same region; Eltahir and Bras 1994;
Eltahir 1996).
The analysis of the different sensitivity tests highlighted the complicated nature of the relationship between soil moisture and convective precipitation, which
is consistent with the varying results of previous studies
on the soil moisture–precipitation feedback mechanism.
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FIG. 11. Quantile–quantile plots of relative differences of hourly precipitation, soil moisture, latent and sensible heat fluxes, and CAPE
between the control run (MSM simulation) and the four sensitivity tests (ESSM, GSSM, ESM, and GSM) for the (a)–(d) 2002,
(e)–(h) 2008, (i)–(l) 2010, and (m)–(p) 2012 rainfall events.

Although a systematic relationship exists between heat
fluxes and the different initial soil moisture fields, no
common response of precipitation to these changes in
soil moisture conditions is apparent.
Further analysis of the sensitivity tests identified different feedback mechanisms for these variables. In some
cases (i.e., the 2002 event for all simulations but
the ESM simulation, the ESM and GSM simulations
of the 2010 event, and the ESM and ESSM simulations of
the 2012 event) wetter soil resulted in more precipitation,
while in other simulations (i.e., the ESM simulation of the
2002 event, the GSSM and ESSM simulation of the 2010
event, and the GSSM and GSM simulations of the 2012
event) it caused inhibition of convective precipitation—a
finding consistent with the contrasting results of different
studies (Guillod et al. 2015; Henneberg et al. 2018; Tuttle
and Salvucci 2016) on the soil moisture–precipitation
relationship. In most cases, wetter soil resulted in higher
latent heat flux, as expected, supplying the atmosphere

with water vapor and resulting in intensification of the
convective precipitation. However, in some cases [MSM,
GSSM, and GSM simulations of the 2002 event; MSM
simulations of the 2010 event; and between the drier
simulations (MSM and GSSM compared to GSM) simulations of the 2012 event], we identified a negative
feedback mechanism between soil moisture and precipitation. Drier soils resulted in higher sensible heat
fluxes, intensifying the vertical wind speed (see the
appendix) and, thus, the convective precipitation. Our
ESM simulation of the 2002 rainfall event showed very
high initial soil moisture resulting in lower rainfall
compared to the other sensitivity tests of this event; the
initial soil moisture seemed to affect the structure of the
MCS (in terms of ice and water mixing ratio). The cloud
cover ratio was higher than in the other sensitivity tests
(not shown), but the amount of precipitation was lower, a
possible indication of smaller droplets unable to reach
rain droplet size. Moreover, we observe that there is no
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FIG. 12. Vertical profiles of (left) liquid water and (right) ice mixing ratio of each rainfall event: (a),(e) 2002;
(b),(f) 2008; (c),(g) 2010; and (d),(h) 2012.
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consistent relationship between soil moisture and CAPE.
In some cases, wetter soil resulted in higher CAPE. For
example, the wet simulations of the 2002 and 2010 events
(ESM, ESSM, and GSM) resulted in higher CAPE (i.e.,
for the 2002 event a 5.4%–7.9% increase and for the 2010
event a 0.7%–4.3% increase of CAPE compared to the
MSM simulation). However, there were simulations, like
the sensitivity tests of the 2008 and 2012 events (ESM and
ESSM), which exhibited lower values of CAPE (i.e., for
the 2008 events up to 23% and for 2010 events up to 9.4%
lower CAPE compared to the MSM simulation) with
higher values of soil moisture. In the first case, wetter soil
resulted in a more humid low-level atmosphere and
therefore, condensation-associated cooling caused an increased CAPE. We may attribute the negative relationship between soil moisture and CAPE to the upper-level
atmospheric temperature. We noticed that the simulations with lower CAPE (despite the wetter soil) exhibited
lower liquid and ice mixing ratio and therefore less
condensation-associated cooling, which results in lower
values of CAPE. Higher CAPE did not always result in
higher amounts of precipitation. This may be attributed
to the contrasting effects of CAPE and cold pools.
Convective cold pools have been identified in the simulations of all four events. As Van Weverberg et al.
(2010) explained, the effect of the increased CAPE can
be compensated by less intense evaporating coolingrelated cold pools.
Our results showed that the spatial distribution of
soil moisture also plays an important role in convective
precipitation. As Emori (1998) pointed out, intense
spatial contrasts in soil moisture can cause thermally
induced local circulation that may modify the prevailing
atmospheric conditions. In this study we used three soil
moisture datasets with different spatial resolutions. We
noticed that when the initial soil moisture field had high
gradients (which was usually the case in the GSM simulation due to the higher resolution), the subsequent
convective precipitation was enhanced. This was the
case for the 2008 event, where the GSM simulation
resulted in higher amounts of precipitation compared
with the other sensitivity tests of the same event. Similar behavior of precipitation linked to high soil moisture gradients is also reported in Dalu et al. (1991).
Moreover, for the cold start simulations of the 2008
event, the impact of soil moisture on heat fluxes (mainly
on latent heat flux) was higher. During the three days of
the spinup period, the initial soil moisture field was
smoothed out relative to the cold start simulations, and
thus the range of heat fluxes was lower.
Initial soil moisture had an indirect effect on the
convective precipitation process. As mentioned above,
soil moisture can affect the microphysical structure of a
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convective system (as indicated by the liquid water and
ice mixing ratios). For the extreme events, the initial soil
moisture had a greater effect on the ice mixing ratio than
on the liquid water mixing ratio. For these events, the
similar behavior (in terms of magnitude) between convective precipitation and ice mixing ratio implied that
most of the precipitation was attributable to solid hydrometeors. The GSM simulation of the 2002 rainfall
event, however, which resulted in large amounts of
precipitation, had lower ice and liquid water mixing
ratios than the other sensitivity tests. This is because the
solid and liquid hydrometeors in this simulation were
fewer in number but big enough to become precipitable
water, unlike in the MSM and GSSM simulations, where
the mean diameter of the aggregates was smaller (not
shown). For the 2010 event, differences occurred among
the simulations in both the liquid water and ice mixing
ratios, and both ratios were correlated with the accumulated precipitation. Finally, for the mild event, the
larger amounts of precipitation for the simulations with
wetter soil seemed to come from the lower levels of the
atmosphere, while for the driest simulations sensible
heat flux intensified the updrafts, and, thus, soil hydrometeors from the upper atmosphere became precipitable
water. We noticed that for the two events (2002 and 2010)
where soil moisture affected the sensible heat flux more
(than the latent heat flux), the impact of soil moisture on
ice mixing ratio is higher compared to the other events.
This could be because changes in sensible heat flux affected the vertical wind speed, which resulted in changes
to the temperature profile of the system. A point to note is
that for these two events, sensible heat had the highest
impact on the vertical wind speed both in terms of
magnitude (see appendix) and temporal evolution (not
shown). The initial soil moisture also affected the microphysical structure of the clouds, changing not only
the amount of water vapor in the atmosphere, but also
the temperature.
The findings of this study demonstrate the complexity
of the relationship between soil moisture and convective precipitation, highlighting its nonlinear and nonmonotonic behavior. As Schär et al. (1999) showed,
local recycling (of water vapor) alone does not explain
the soil moisture–precipitation relationship; water vapor
advection also plays an important role in the water
budget of the atmosphere. For our study, we changed
the initial soil moisture field for all the domains, not only
the high-resolution one. Therefore, changes of water
vapor in the area under study could also be attributed to
the different initial soil moisture condition in the outer
domains. However, given that the sustained wind in all
four events analyzed in this study are southeast to
southwest, this suggests that most of the water vapor
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FIG. A1. Box plot of (left) the averaged (of all model layers) and (right) hourly maximum vertical wind speed of
each rainfall event: (a),(b) 2002; (c),(d) 2008; (e),(f) 2010; and (g),(h) 2012.

entering the domain through advection from the outer
domains comes from the Mediterranean Sea. Thus,
significant changes in lateral moisture supply, for the
different soil moisture scenarios, are not expected,
and we therefore assume that observed changes mostly
result from changes in the soil moisture conditions of the
high-resolution domain.

These results provide, at least in part, a possible explanation for the contradictory findings in the literature.
As mentioned, this study only investigated how convective precipitation is affected locally by soil moisture.
Water vapor advection from the outer domains might
affect the water budget of the atmosphere and thus
the amount of convective precipitation. Our results
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are intended to continue improving the simulation of
convective precipitation and advancing our understanding
of the physical mechanisms.
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APPENDIX
Vertical Wind Speed
We present the box plots (Fig. A1) of the hourly maximum and average vertical wind speed of all the model
layers (24–13 281 m above ground) of all the events. The
vertical wind speed was calculated using a moving window
(50 km 3 50 km) around the hourly domain maximum
precipitation, to focus only on the convective system. In
some events (2002, 2010, and 2012) a negative feedback
mechanism between the soil moisture and precipitation
was evident. In some cases, we noted that drier soils intensified the vertical wind speed, which consequentially
resulted in enhanced precipitation. These cases are the
MSM, GSSM, and GSM simulations of the 2002 event; the
MSM simulation of the 2010 event; and the MSM and
GSSM simulation of the 2012 events (compared to the
GSM event).
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