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Soil hydro-physical properties are necessary components in weather and cli-

mate simulation; yet, the parameter inaccuracies introduce considerable uncertainty

in the representation of surface water and energy fluxes. The surface fluxes not only

affect the terrestrial water and energy budgets, but through land-atmosphere in-

teractions, they can influence the boundary layer, atmospheric stability, moisture

transports, and regional precipitation characteristics. This set of three experiments

explores aspects of soil hydro-physical properties, and their impact on coupled re-

gional climate simulations in the North American region.

In the first two experiments, two soil datasets are considered: State Soil Ge-

ographic dataset (STATSGO) and Global Soil Dataset for Earth System Modeling

(GSDE). Each dataset’s dominant soil category allocations differ significantly at the

model’s resolution. Large regional discrepancies exist in the assignments of soil cat-

egory, such that, for instance, in the Midwestern United States, there is a systematic

reduction in soil grain size. Because the soil grain size is regionally biased, it allows



for analysis of the impact of soil hydro-physical properties projected onto regional

scales.

In the first experiment, in areas of reduced soil grain size, there is also a

reduction in latent heat flux and an increase in sensible heat flux following the

physical understanding of soil properties. These differences in surface fluxes affected

low-level thermodynamics, and PBLH. The second experiment analyzed soil-induced

differences in the general circulation, emphasizing horizontal moisture transports,

vertically-integrated moisture flux convergence, and regional precipitation. It found

that soil-induced differences in surface fluxes influenced each term of the atmospheric

water budget via both thermodynamic and dynamic means.

The third experiment assesses the impact of soil hydro-physical parameters

on surface fluxes, and the atmospheric response. The default soil hydro-physical

parameter table is replaced with a modernized soil parameter table. The findings

indicate that the role of each soil hydro-physical parameter is sensitive to both

climatic regimes (i.e., arid vs. temperate), and vegetation assignment.

Collectively, this series of experiments improves our understanding of the phys-

ical mechanisms that link the soil to the atmosphere in the coupled land-atmosphere

system. The improved understanding will inform the development of the next gen-

eration of land surface models.
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Chapter 1: General Introduction

1.1 Background

The land surface is intertwined with the atmosphere through the water and energy

cycles [Sorooshian et al., 2005], and soil moisture is fundamental to understanding

these physical relationships. Persistent soil moisture anomalies (or “soil moisture

memory”) can serve as a source of atmospheric predictability [Song et al., 2019]. It

allows the land surface to retain characteristics of past precipitation events, and use

them to influence future precipitation events [Dirmeyer et al., 2009; Sörensson and

Berbery, 2015; Yang et al., 2018].

In general, reduced soil moisture leads to reduced latent cooling and increased

surface temperatures [Fischer et al., 2007; Santanello et al., 2011]. High air tem-

peratures then lead to drying soils by increasing the evaporative demand. Through

this mechanism, land–atmosphere (L-A) interactions can impact drought persis-

tence [Roundy et al., 2013; Roundy and Wood, 2014], and lead to the initiation,

maintenance, or demise of heat waves [Dirmeyer et al., 2021].

Land-atmosphere interactions and coupling can lead to sustained, enhanced

or more frequent precipitation events, as well. A moist land surface with ample

soil moisture can experience high levels of ET, saturating the boundary layer and
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lowering the LCL and the LFC creating an environment more conducive to initiation

of convection [Dirmeyer et al., 2009; Gentine et al., 2013]. However, dry soils can

also lead to increased convection. Dry soils correspond to increased sensible heat

flux. Increased sensible heat flux instigates turbulent eddies, which cause the PBL to

grow. If the PBL grows sufficiently to intersect the LFC, convection can be initiated

[Weckwerth and Parsons, 2006; Ziegler and Rasmussen, 1998]. Additionally, the

land surface, through L-A interactions, can maintain and even enhance land falling

hurricanes leading to prolonged emergency scenarios [Andersen and Shepherd, 2014;

Nair et al., 2019; Shepherd et al., 2021].

It has been shown that L-A interactions occur preferentially in certain regions,

but among an ensemble of global climate models (GCMs) representing these pro-

cesses, large variability is found [Koster et al., 2004]. Land-atmosphere coupling in

both regional climate models (RCMs) and GCMs is shown to be sensitive to choice

of parameterizations and the interplay between model components and parameter

tuning [Dirmeyer et al., 2006]. Recently, it has been shown that some this variability

could be related to model-specific configurations, such as GCM resolution [Müller

et al., 2021], or land cover definition [McDermid et al., 2019; Singh et al., 2018].

Land surface properties alter the partitioning of surface fluxes, affecting the overly-

ing atmosphere (exchange of heat, moisture, momentum, turbulence, stability, and

dynamics) [Gentine et al., 2010, 2011, 2013]; therefore, they too influence variability

in representing L-A interactions.

Despite substantial improvements in land surface modeling capabilities over

the last two decades, many common land surface models remain dependent on
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empirically-derived parameters, some of which are both poorly observed in nature

and not scale-aware. Recognition of the role of land surface properties via discus-

sion of land use and land cover change (LULCC) has been well-documented [i.e.,

Mahmood et al., 2010], leading to a Chapter in the latest IPCC Special Report [Jia

et al., 2019]. Land use-Land cover changes have been shown to influence precipita-

tion [Chen et al., 2017; Lee et al., 2018], extreme heat events and droughts [Findell

et al., 2017; Hirsch et al., 2015], and the general circulation [Lee and Berbery, 2012;

Lee et al., 2013]. These studies have mostly focused on the role of surface param-

eters like albedo and surface roughness that are associated with changing the land

cover. However, some of the most impactful and hydrologically-relevant parameters

are those associated with soil physics [Cuntz et al., 2016], which have received less

attention. Through their physical properties, soils control the vertical and horizontal

movement of water beneath the surface. They can retain moisture, thus restricting

root uptake and the resulting evapotranspiration. By doing so, they strongly influ-

ence the distribution of soil moisture and soil moisture availability near the surface

and at deeper levels. Therefore, it is necessary to improve our understanding of

the physical processes related to linking soil properties to surface fluxes and L-A

interactions.

1.2 Objectives

This work is aimed at investigating the role of soil hydro-physical parameters in

land-atmosphere coupling and regional climate. Uncertainty related to the rep-
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resentation of soil processes in coupled land surface modeling stems from multiple

sources, including: soil texture assignment in each grid space, and soil hydro-physical

parameter variability. These sources of uncertainty are discussed with more com-

prehensive and specific background and context at the beginning of each chapter,

but the general objectives are as follows:

• Improve our understanding of the physical processes that link soil hydro-

physical properties to L-A coupling (Chapters 2–4).

• Investigate the role of soil texture class assignments in local thermodynamic

coupling (Chapter 2).

• Explore the dynamic implications of changing soil texture assignments on in-

tegrated atmospheric moisture transports and the atmosphere water budget

(Chapter 3).

• Examine the variability in empirically-derived soil hydro-physical parameters,

and evaluate the sensitivity of the coupled L-A system to changing those pa-

rameters (Chapter 4).

The experiments in the subsequent chapters utilize limited-area regional cli-

mate model simulations to test the coupled land-atmosphere system sensitivity to

choices of soil parameters. Coupled modeling will always present certain challenges.

It is useful for testing the responses of complex non-linear systems to small changes

in parameters or in conditions, but it cannot be done without some uncertainty. A

different approach would be to use an uncoupled land surface model, however, these
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experiments attempt to address the coupled implications specifically, necessitating

a coupled strategy. Like many questions in science, these experiments would benefit

from supplementary projects utilizing both uncoupled land surface model simula-

tions, as well as, coupled global model simulations. It is often best to approach

questions from multiple angles. That being said, the contributions made through

these experiments are focused on the responses of the coupled land-atmosphere sys-

tem to changes in how soils are represented.

The following chapters represent published work (Chapter 2), work that is un-

dergoing peer-review (Chapter 3), and work that is in late-stage production (Chapter

4). Chapter 5 will present our final thoughts and future directions.
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Chapter 2: The Role of Soil Texture in Local Land–Atmosphere

Interactions

The work in this chapter has been published in the Journal of Hydrometeorology as

Dennis and Berbery [2021].

2.1 Introduction

It has long been understood that the land surface is a critical component of the

climate system and that soil moisture is a key factor for determining land surface–

atmosphere interactions and coupling [Koster et al., 2004; Sellers et al., 1996; Senevi-

ratne et al., 2010]. The strength of the coupling between soil moisture and other

variables depends on the time scale, ranging from daily-to-weekly time scales [San-

tanello et al., 2011; Tawfik and Dirmeyer, 2014], to monthly–to–annual timescales

[Dirmeyer, 2011; Roundy and Wood, 2014], and extending into climate scales [Koster

et al., 2006; Seneviratne et al., 2010]. Similarly, land surface–atmosphere coupling

depends on the spatial extent of a phenomena, ranging from local-scales [Santanello

et al., 2018] to basin-scales [Betts, 2009; Ferguson et al., 2012; Weaver, 2004]. Soil

moisture affects the partitioning of surface energy fluxes that control the vertical

stability and the evolution of the planetary boundary layer (PBL).
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In certain synoptic regimes, the effects of soil moisture have been shown to

modify the quantity and timing of precipitation events [Baur et al., 2018; Song

et al., 2015; Welty and Zeng, 2018]. For instance, increased precipitation may result

from wet soil conditions, in which, enhanced latent heat flux (LHF) will moisten the

boundary layer, thereby reducing the height of the LCL. If the LCL and LFC lower

sufficiently that they intersect the PBL, convective precipitation can be triggered

[Aires et al., 2013; Findell and Eltahir, 2003; Gentine et al., 2013; Song et al., 2015].

Yet, dry soil conditions can also trigger convective precipitation, via thermal ed-

dies interacting with the appropriate mesoscale boundaries such that surface-based

parcels intersect the level of free convection (LFC) and initiate localized convection

[Gentine et al., 2013; Holt et al., 2006a; Weckwerth and Parsons, 2006]. Whether

an increase in soil moisture leads to increased or decreased precipitation depends on

spatiotemporal scales, season, and region.

Soil moisture, which may feedback into future precipitation events, can provide

a ‘memory’ of past precipitation events, thus presenting potentially useful informa-

tion regarding seasonal-to-interannual variability and prediction [Koster et al., 2000].

Further, certain regions are predisposed to stronger influence of the land surface rel-

ative to other precipitation forcing mechanisms [Dirmeyer and Halder, 2017; Koster

et al., 2004; Luo et al., 2007]. While the distribution of soil moisture is crucial to

simulating the processes at the land surface, the states and changes of soil moisture

are strongly dependent on the soil hydro-physical properties. These properties, as

well as properties related to vegetation, control the evolution of soil temperature

and evapotranspiration (ET), as well as the quantity and timing of runoff.

7



State-of-the-art LSMs, running in either uncoupled or coupled mode, contain

extensive functionality to include the effects of hydrology, biology, chemistry and

radiation that are important to simulating weather and climate [Kennedy et al.,

2019; Kumar et al., 2006; Lawrence et al., 2019; Niu et al., 2011]. Analysis of four

modern LSMs using the NLDAS-testbed [Xia et al., 2013] reveal that each model

has both strong attributes and shortcomings. Specifically, the Variable Infiltration

Capacity (VIC) had the best performance reproducing observed streamflow, the

Community Land Model version 4 (CLMv4) indicated an increased ability to par-

tition ET into components, and the Noah-Multiple Physics (Noah-MP) provided

improved soil moisture variability [Cai et al., 2014]. Other studies have compared

performance regarding individual components of the hydrological cycle: streamflow

[Bai et al., 2016; Xia et al., 2012], ET [Lawrence et al., 2007; Nearing et al., 2016;

Robock et al., 2018; Xia et al., 2015], soil moisture [Godfrey and Stensrud, 2008;

Nearing et al., 2016; Zhuo et al., 2019], and additionally, performance related to

local land–atmosphere interactions [Santanello et al., 2012], and climate-scale soil

moisture-precipitation interactions [Dirmeyer et al., 2006; Ferguson et al., 2012].

Every available LSM is imperfect, but each can provide utility in analyzing land

surface behaviors. Many of the LSM shortcomings can be related to the large num-

ber of parameters required to represent both soil and vegetation processes, which are

often poorly constrained by observations and not scale-aware. Because soil proper-

ties are difficult to define, lookup tables have been constructed to provide mean soil

hydraulic properties for each USDA soil type. In this way, only the percent sand,

silt, and clay is needed for regional to global simulations.
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To accurately account for land surface processes, LSMs require the prescrip-

tion of empirically-derived soil hydro-physical properties based on soil texture (i.e.,

the proportions of sand, silt, and clay). The identification of soil texture cate-

gories originated from a need to group soils with similar properties by subjective

mechanical analysis, (i.e., grain size and feel), for consistency in agriculture [Davis

and Bennett, 1927; Hobbs, 1941]. Similar classes are still used at present for lack

of more detailed in-situ measurements. Regional and global databases containing

gridded values of sand, silt, and clay have been constructed using a combination

of campaigns to survey soil profiles and statistical procedures [Chaney et al., 2019;

Hengl et al., 2017].

The use of a soil texture map paired with a lookup table is a practical solution

for enabling large scale land surface modeling and a standard practice at operational

forecast centers either coupled or uncoupled. The lookup table is an important con-

straint since it assumes a uniform hydraulic behavior for each soil category anywhere

in the world. In recent years, the soil sciences community has been working intensely

to advance the development of Pedotransfer Functions (PTFs) that should improve

current simplifications of soil processes [PTFs; see van Looy et al., 2017, for a

review]. PTFs vary markedly in complexity; some use advanced mathematical tech-

niques like machine learning and neural networks, while others use physically-based

relationships that allow soil properties to more accurately reflect the environmental

conditions. Advanced versions of the PTFs are being developed which will improve

the representation of water flow through the intricate soil-vegetation system.

Soil hydro-physical properties vary widely within each soil texture category
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(especially, as a function of the type of clay present), and there is significant un-

certainty in the PTF-derived parameters themselves, suggesting that both the soil

hydro-physical parameter values and the soil texture categorizations are imperfect

[He et al., 2016]. Conventional ground-based measurements of soil properties be-

come unrealistic at regional to global scales due to the meter-scale variability of soil

properties [Montzka et al., 2017]. Organic carbon is an additional factor exhibiting a

strong influence on the soil-water interface [Lannoy et al., 2014; Rawls et al., 2003].

Further, Duan et al. [2006] question the transferability from one region to another of

a priori parameter estimation techniques used for many LSM parameters—questions

which extend to include soil hydro-physical parameters, but also to include vegeta-

tion parameters, which can be just as important as soil hydro-physical parameters.

Differences in soil texture category assignments yield related differences in the

empirically-derived hydro-physical parameters assigned to each category. Because

the soil hydro-physical parameters exhibit strong controls on the evaporative fraction

[Betts and Ball, 1995; Dy and Fung, 2016; Seneviratne et al., 2010], the classification

of soil type can be critically important to the land–atmosphere interactions. How-

ever, soil hydro-physical properties are not the only parameters or mechanisms that

dictate the behavior of the land surface. Vegetation plays an important role in de-

termining surface characteristics: it modulates the albedo, intercepts falling water,

shades the soil, the roots interact with the soil, and it directly impacts transpiration.

While studies like Nearing et al. [2016] have shown that prediction uncertain-

ties due to the forcing data are larger than uncertainties due to model parameters,

the uncertainties in soil texture estimation need to be assessed. If properties as-
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sociated with soil texture drive the availability of soil moisture, and soil moisture

affects the magnitude and timing of SHF and LHF, then, it is hypothesized that

soil texture could also influence the evolution of the PBL and atmospheric stability.

Given that important differences exist between soil texture databases, the impacts

of using one versus another on simulated ET and sensible weather forecasts should

be understood and quantified. Accordingly, there is a need to know the spatial

distribution of soil classification uncertainty.

In this study, we compare the results of two WRF simulations with differ-

ent soil classification datasets: the State Soil Geographic (STATSGO) dataset from

USDA [NRCS Soil Survey Staff, USDA, 2012] and the Global Soil Dataset for use

in Earth System Models (GSDE) from Beijing Normal University [Dai et al., 2019b;

Shangguan et al., 2014]. The goal is to investigate the physical processes that link

soil texture to the surface and near-surface states and fluxes influencing PBL height

(PBLH) evolution and their sensitivity to soil texture classification. The experimen-

tal methods and the specific differences in available soil texture databases will be

discussed in Section 2. Section 3 will focus on the soil texture-induced thermody-

namic differences in the modeled climate in two contrasting regions. Section 4 will

present our concluding remarks.
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2.2 Data and Methods

2.2.1 The model setup

The Weather, Research and Forecasting–Advanced Research (WRF-ARW) Model

version 3.9 [Skamarock et al., 2008] is employed to test and evaluate the role of

soil texture in regional climate. WRF is a non-hydrostatic, full-physics numeri-

cal weather prediction model commonly used in similar research applications. The

model was configured with a 15-km horizontal grid spacing and 51 vertical layers;

thirteen of which are clustered in the lowest one kilometer to ensure a better repre-

sentation of the PBL structure and dynamics. To realistically represent the surface

layer, the lowest model level is close to 10 m AGL (i.e., the level of commonly ob-

served winds), which is helpful for improving the realism of the surface layer [Zhang

and Wang, 2003; Zhang et al., 2014].

The LSM coupled to WRF for this experiment is the Community Land Model

version 4 [CLM; Lawrence et al., 2011] available from NCAR. CLM is a widely-used

LSM originally developed to be used either coupled to the Community Earth System

Model (CESM) or in stand-alone (uncoupled) mode. It has since been converted

for use with other NWP models, such as WRF. CLMv4 has 10 vertical soil levels

increasing in thickness with depth. The WRF version of CLM can accept up to 4

independent soil columns per grid space. This is different from the version of CLM

directly from NCAR, which is designed to incorporate a telescoping structure (i.e.,

multiple plant functional types inside one soil column, multiple soil columns inside
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one land use category, and multiple land use categories per grid space). Instead,

some of that functionality was removed in WRF to make it compatible with the

WRF Preprocessing System (WPS) (K. Oleson 2019, personal communication).

The passage of water within the soil column is controlled by a version of

Richard’s Equation. CLM handles vegetation within the context of the water cycle

and the radiation budget in very fine detail including the effects of canopy shading,

albedo, carbon chemistry, phenology, root density and depth, among others. Zhuo

et al. [2019] compare CLM, Noah, and Noah-MP functionality and structure, (sum-

marized in their Table 1). CLM is favorable in terms of number of active soil layers,

deeper active soil layers, and greater heterogeneity per grid space. For a complete

description, see the CLM User Guide [Oleson et al., 2010].

The PBL scheme for each simulation is MYNN2, a second-order closure, lo-

cal PBL scheme [Nakanishi and Niino, 2006] along with the compatible MYNN

surface layer scheme. Due to the horizontal grid spacing, a convective parameteri-

zation is necessary—the Betts Miller Janjić (BMJ) was selected [Janjić et al., 2001].

Other parameterizations include the single-moment Thompson microphysics scheme

[Thompson et al., 2008], and the Rapid Radiation Transfer Model [RRTM; Iacono

et al., 2008]. The horizontal domain covers the majority of North America, as well

as Central America (See Figure 1). The boundary condition data are taken from the

GFS Final Analysis (GFS-FNL) [for Environmental Prediction/National Weather

Service/NOAA/U.S. Department of Commerce, 2015] at 6-hour intervals.

Model output for each simulation is written at 3-hourly intervals for 92 days,

over 3 summers: 1 June–31 August, 2016–2018. The purpose of doing an “ensemble”
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of three years is to reduce the dispersion among the individual years that may be

related to boundary conditions. The multi-year strategy allows us to more effectively

isolate the forcing related to the land surface characteristics amidst the complex

internal model variability. Three years is not enough to isolate the internal forcing

completely, but it is more robust than a single year.

Observational datasets are used to validate (but not calibrate) the model sim-

ulations at a basic level because the goal is to emphasize the potential implications

of changing the soil characteristics on the land surface–atmosphere coupling with-

out an attempt to rank the accuracy of the simulations. The approach used in this

study does not constrain the simulations to observed variables, but rather allows

the simulations to evolve free of constraint. This is a typical approach when the

interest is to explore how free simulations divert depending on the changes to an

internal factor (in this case, soil texture).

2.2.2 Soil texture

The FAO produced was the first global soil dataset, developed through both sur-

veying and by combining coarse soil texture datasets into a single database with

a scale of approximately 1:5 000 00 [FAO/UNSECO, 1971]. STATSGO, which is

provided at 1-km resolution, evolved from FAO’s soil map, by including datasets

from multiple high-resolution sampling campaigns complemented with LANDSAT

information over the conterminous US (CONUS), Alaska, Hawaii, and Puerto Rico.

STATSGO has been defined over the CONUS and US territories; Outside CONUS
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the source of data continues to be FAO.

Recently, other datasets have been developed which are comparable to STATSGO,

including GSDE at about 1 km horizontal resolution. GSDE is also based on the

FAO Soil Map of the World but uses advanced statistical methods and complex

mapping techniques to harmonize multiple sources of soil information into a single

high-resolution global dataset of soil type, organic matter, and nutrient contents

[Shangguan et al., 2014]. GSDE and STATSGO each provide multiple vertical

levels, but for uses in WRF they are processed into two levels each. During the

pre-processing, the percentages of sand, silt, and clay are calculated by weighted

averaging, with soil layer thickness used as the weight, and the soil is then classified

into soil categories on the determined model grid in accordance with the USDA 16-

class soil classification system. The soils data is fixed to two layers: a top (0–30cm

depth) and bottom layer (30 cm–bottom of soil column), despite the differences in

vertical resolution [Dy and Fung, 2016].

Figures 1a, b depict the top-layer soil texture classifications of WRF default

STATSGO and GSDE soil datasets, respectively over the study domain. Note the

differences in heterogeneity between the two, particularly throughout Mexico, the

Central United States, and the Mississippi/Ohio River Basins. In the STATSGO

soil dataset (Fig. 1a), loam (red) is dominant throughout Central Mexico and the

mountain west, while silt loam (green) occupies much of the Midwest. In contrast,

the GSDE dataset (Fig. 1b) exhibits a larger variety of soil types, with sandy loam

(light green), sandy clay loam (light orange), and clay (brown) occupying much of

Central Mexico. Likewise, over large portions of the U.S. Great Plains (hereafter,
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GP) clay loam (light purple) and silty clay loam (orange) dominate in the GSDE

dataset.

The specific differences are highlighted by category in Fig. 2. Figs 2a, b

show the proportions of each category in two pie charts, and Fig. 2c shows the

number of grid points associated with each category in both datasets. Categories

along the y-axis of Fig. 2c are from the STATSGO dataset, and categories along

the x-axis are from the GSDE dataset. The two largest differences between these

two datasets are 3361 grid cells transitioning from STATSGO loam to GSDE clay

loam, and 3309 grid cells transitioning from STATSGO loam to GSDE sandy loam.

The former describes a decrease in average grain size (from loam to clay loam),

while the latter is an increase in average grain size (from loam to sandy loam).

The diagonal represents grid points that have the same soil category in the two

datasets. If the two datasets are identical, there would be values only along the

diagonal and zeros elsewhere. Zero values mean that there are no dataset transitions

between the corresponding soil texture categories represented (e.g., no transitions

from STATSGO sand to GSDE silt). The comparison of these two datasets for land-

only points over this domain shows that only about 33% of the classification values

are the same at 15 km modeled resolution, representing substantial uncertainty.

Although some transitions may reflect only minor changes in the hydro-physical

properties.

The dataset disagreements are not randomly distributed but tend to be spa-

tially coherent and consistent, leaving a signal at regional scales. Figure 3 illustrates

where the seven most common soil type differences occur. The STATSGO-to-GSDE
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transitions representing increases in average grain size [loam-to-sandy loam (grey)

and silt loam-to-loam (blue)], are primarily located in the western US, throughout

Central Mexico, and in the Northeast. The remainder of the most common transi-

tions characterize decreases in grain size and occurred throughout GP, Western US,

the Mississippi and Ohio river Valleys, and the Atlantic Coast states.

2.2.3 Soil properties

Soil properties are the critical controllers of soil water infiltration, retention and

availability to plants. In NWP, the use of soil parameter look-up tables is common

practice. Select parameters from the WRF look-up table are presented in Table

1 and Fig. 4. In both Table 1 and Fig 4., the soil texture classes are organized

by decreasing saturated hydraulic conductivity, which closely aligns with decreasing

grain size. Saturated hydraulic conductivity is a measured quantity [Weil and Brady,

2017] that describes the efficiency at which a volume of saturated soil can transmit

a volume of water (See values in Table 1, and Fig 4a).

In unsaturated soils, a primary restricting force for water movement is matric

potential (hereafter, MP) [Weil and Brady, 2017], which describes the energy deficit

that needs to be overcome before water can be removed from the soil system.Matric

potential implicitly accounts for the effects of the pore size spectrum, the capillary

action within the soil, and the adhesive properties of individual soil grains. Cosby

et al. [1984] determined matric potential from 1448 soil samples by fitting a power-

function, given by:
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Ψm = Ψs

( θ
θs

)−b
(2.1)

where Ψs is the matric potential at saturation, θs is volumetric soil moisture

at saturation (or porosity), θ represents the actual volumetric soil moisture content,

and b is an empirical parameter. The porosity describes the percentage volume of

pore space in a volume of soil [Weil and Brady, 2017]. Physically, as the soil grain

sizes decrease, the porosity decreases. The parameter, b, is highly variable, such

that its value in some categories is smaller than the standard deviation of its value

in other categories [Cosby et al., 1984].

As soil moisture decreases, the amount of energy needed to overcome the

effects of matric potential increases (i.e., it requires more energy for roots to uptake

soil moisture, and it requires more energy to evaporate moisture from the surface).

Matric potential is shown here as a negative quantity, and when it exceeds (in

magnitude) the wilting point, sometimes defined as matric potential = −1500 J

kg−1, it often reduces root consumption to zero and halts transpiration for most

plant functional types [Stensrud, 2009].

Another important parameter is the field capacity (See values in Table 1 and

Fig 4). The field capacity is the value of soil moisture remaining after free drainage

occurs. The amount of water that can exist for a prolonged period in a soil profile

is restricted to a finite range between the wilting point and the field capacity, called

the extractable water. The extractable water is a useful metric in estimating the

total soil water reservoir [Ritchie, 1981]. Figure 4 graphically displays the wilting
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point, field capacity, saturated hydraulic conductivity, and matric potential as a

function of soil texture. It can be seen that the wilting point and the field capacity

both generally increase as grain size decreases, and so does the extractable water.

Figure 4b displays the matric potential at four soil moisture values, which are

calculated as percentages of the extractable water range. For example, 25% of the

extractable water range (EWR, below) is given by:

25% EWR =
0.25×

(
θfc − θwp

)
+ θwp

θs
(2.2)

where, θfc is the field capacity, θwp is the wilting point, and θs is, again,

volumetric soil moisture at saturation. Note that for larger grain soils, the matric

potential is near zero (i.e., little energy is required before evaporation can occur),

but for smaller grain soils like clay, the matric potential gets strongly negative (i.e.,

significant energy is required before evaporation can occur). Fig. 4b shows that

two categories (i.e, clay and silty clay) have started to experience the exponential

decrease of matric potential at 25% saturation (dotted line), such that plants could

likely no longer extract water from a clay profile at this saturation. As the saturation

percentage increases, all categories approach 0 J kg−1, which permits evaporation

to occur with only little activation energy required.

2.2.4 Soil texture and hydroclimate uncertainty

The impact of the soil properties on ET is susceptible to shifts in hydroclimate. At

low moisture content (< 20% saturation, likely the case in “dry regimes”), matric
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potential decreases for all categories, and the uncertainties in soil hydro-physical

properties will have little consequence to WRF simulations. Similarly, at higher

soil moisture contents (> 60%, likely the case in “wet regimes”), matric potential

approaches 0 J kg−1 in all soil texture categories (Fig. 4). It is at moderate values

of soil water content that uncertainties in soil hydro-physical properties can play a

pivotal role in determining the accuracy of surface water and energy fluxes.

At mid-range soil moisture values in smaller-grained soil, instead of LHF oc-

curring, the available incoming energy would be partitioned into sensible heat flux

(SHF). Enhanced SHF would lead to increased temperatures above the surface. Fur-

thermore, increasing the temperature at and above the surface would decrease the

relative humidity, increase the localized buoyancy, enlarge the turbulent convective

eddies mixing the boundary layer, and increase the planetary boundary layer height

(PBLH). This series of processes can be linked to the land and further linked in

part to soil texture. The connection of physical properties described here follows

the local “process chain” in land–atmosphere (L–A) interactions [e.g., Santanello

et al., 2011]—a way to systematically view the linkages between the land and the

atmosphere from a physical perspective.

2.3 Results

2.3.1 WRF verification

The WRF simulations are assessed by comparing the 2016–2018 JJA seasonal mean

2-m air temperature with gridded surface observations from the 2016–2018 monthly
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mean Global Historical Climatology Network version 2 and Climate Anomaly Mon-

itoring System [GHCN-CAMS; Fan and van den Dool, 2008]. The GHCN-CAMS

data is bi-linearly interpolated from its native 0.5◦ resolution to the model grid,

and displayed in Fig. 5a. The observations show the warmest temperatures along

the Gulf Coast of the US and Mexico, in the desert southwest, and along the Gulf

of California in Mexico. Temperatures in the central-western United States and

throughout Central Mexico are cooler as a result of the significant terrain features,

notably the Rocky Mountains, and the Sierra Madre Mountains, respectively. Finer-

scale features, such as the depression in values along the Appalachian Mountains

and enhancement of temperature along the interior of California, lend credence to

the quality of the dataset.

For comparison, Figs. 5b and c show the average 2-m temperature for the

STATSGO and GSDE simulations, respectively, for the three year JJA period. The

differences between the model simulations and the observations are calculated for

WRF-STATSGO and WRF-GSDE in Figs. 5d and 5e, respectively. The large

scale-patterns of 2-m temperature suggest that in both cases the model does a

reasonable job in reproducing many features of the observed pattern. Overall, the

simulated features correspond well to the observed features. Both models show a

moderate warm bias (+2 K) throughout the GP, the Gulf Coast states and east of

the Appalachian Mountains, with the STATSGO simulation (Fig. 5d) performing

slightly better in those regions. A cool bias of ∼ 1.5 K is found in the high deserts

of Nevada, east of the Sierra Nevada Mountains.

Given the role of the diurnal radiative cycle on land–atmosphere (L–A) in-
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teractions, it is important to evaluate the modeled diurnal cycle of near-surface

atmospheric variables. Observations for JJA 2016–2018 are collected from about

220 stations from the Integrated Surface Database [Smith et al., 2011] throughout

the GP region (approx. latitude: 32–41◦ N, longitude: 91–102◦ E). The timing of the

maximum and minimum temperature are consistent with observations of diurnal cy-

cle of 2-m temperature (Fig. 6a). The model simulations exhibit a +3 K warm bias

throughout this region (slightly larger during daytime, smaller at night). The mag-

nitude of the bias agrees with the mean fields shown in Fig 5. The difference between

the model simulations at this time-averaged scale is minor in Fig. 6. Nevertheless,

understanding the impact of soil texture should lead to a better understanding of

the physical processes involved in the land surface–atmosphere coupling. Fig. 6b

shows similar patterns in the 2-m dew point temperature—consistent timing in the

occurrence of the maximum and minimum values, but exhibiting a larger persistent

negative bias of approximately 4 K. Both model environments are warmer and drier

than observations by similar margins.

The diurnal onset of observed 10-m wind speeds (Fig. 6c) is, again consistent

between the model simulations and the station observations. The magnitude of the

peak diurnal winds is greater than the observed values in both simulations by about

2 m s−1, while the minimum values are closer to the station observations. Again,

both simulations exhibit minor differences from observations, but have similar per-

formances to each other.

In an effort to validate the WRF/CLM simulations against satellite-based

hydrological variables, we compared the model simulations to GLEAM (version 3)
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ET [Martens et al., 2017; Miralles et al., 2011]. Both WRF/CLM simulations exceed

GLEAM ET [Martens et al., 2017; Miralles et al., 2011] estimates by about 1.5 mm

day−1 (not shown). Further, the overestimation of total ET in CLM relative to

other LSMs has been noted in a global intercomparison of LSM performance [i.e.,

Ferguson et al., 2012].

GLEAM includes the partitioning of ET into components: bare soil evapora-

tion, transpiration, and evaporation from canopy interception. The ratio of canopy-

intercepted evaporation to total evaporation is small and similar in both GLEAM

and WRF/CLM. The WRF/CLM bare soil evaporation accounts for about 40–45%

of the total ET, and transpiration accounts for about 30-35%. GLEAM, on the

other hand, assigns about 90% of ET to transpiration. Either the WRF/CLM sim-

ulations place too much emphasis on bare soil evaporation [i.e., Lawrence et al.,

2007], or GLEAM puts too much weight on transpiration [Or and Lehmann, 2019,

Appendix C]. The correct quantity may lie somewhere in the middle of the two.

These differences in partitioning seem large, but they are a significant improvement

on the CLM3 formulation and are reasonable values compared to previous studies

[e.g., Lawrence et al., 2007]. The differences between the two WRF/CLM simula-

tions are smaller than the differences between either simulation and the GLEAM

product. When the specific parameters, differing equations and model structures

are considered, this is perhaps unsurprising. Additional analysis comparing these

WRF/CLM simulations to a calibrated hydrological dataset suggests that total ET

compares quite well to an LSM-produced ET climatology, but SM tends to be more

model specific. This analysis is presented in Appendix B.
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2.3.2 Modeled sensitivity to soil texture classification

2.3.2.1 Generalized domain differences

We will examine next the changes in the soil-water system that result from chang-

ing the input soil classification dataset (GSDE vs STATSGO). Fig. 7a shows the

differences (WRF-GSDE minus WRF-STATSGO) in JJA 2016–2018 averaged top

30-cm volumetric soil moisture, and Fig. 7b–d show the corresponding differences in

porosity, field capacity and wilting point, respectively. The differences in soil mois-

ture are wide-spread throughout the model domain, but with prominent positive

values along the southern Atlantic coast, and prominent negative differences on the

south-facing coast of southern Mexico. Field capacity, and wilting point increase

with decreasing soil grain size (though, at differing rates), meaning positive differ-

ences indicate a reduction in grain size from STATSGO to GSDE within that grid

space. Note the majority of positive values throughout the Midwest and the domi-

nant (though, minor) negative differences in Central Mexico, consistent with Fig. 3.

The differences in soil moisture (Fig. 7a) are highly correlated to the differences in

both wilting point and field capacity. Calculating the Spearman Rank Corrleation

Coefficient between the fields in Fig. 7a and Fig. 7d yields ρ = 0.927, suggesting

that the mean soil moisture is highly related to the assigned parameters.

Porosity is not so straightforward, showing negative differences throughout the

Midwest. This is because the range of porosity values (with the exception of sand) is

small (See Table 1), and therefore, the values in the Midwest, though negative, are
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very minor. Differences in the long-term average of soil moisture are most similar

to the differences in the assigned wilting point. Between rainfall events, as the soil

dries, the soil moisture has a propensity to return to the wilting point and rarely

goes below it. This behavior explains why the differences in soil moisture mirror the

differences in assigned wilting point, and it emphasizes the importance of assigning

hydro-physical properties via the placement of soil texture.

Figure 8 presents JJA-averaged differences (WRF-GSDE minus WRF-STATSGO)

in relevant surface fluxes and variables. The corresponding differences can be pre-

dominantly attributed to changes in the soil physical properties. Wherever GSDE

has finer grains than STATSGO, e.g. over the Midwest, the soil moisture will be

nearer to the wilting point at a higher value leading to slightly positive or neutral

differences in SM (Fig. 7a) but mostly negative differences in LHF (Fig. 8a). Larger

negative values in LHF are collocated with larger positive SHF values (Fig. 8b). On

the contrary, areas of coarser grains in GSDE, e.g., over central Mexico, exhibit an

increase in LHF (positive values in Fig. 8a) and a corresponding decrease in SHF

(Fig. 8b).

Surface fluxes directly impact conditions within the PBL. Over the Midwest,

where WRF-GSDE has smaller surface LHF, the 2-m moisture also has smaller

values (Fig. 8c). Over central Mexico and western US, the opposite is true: The

coarser grain sizes/smaller matric potential (in magnitude) lead to an increase in

LHF and a corresponding increase the 2-m moisture content. A similar analysis of

the SHF and 2-m temperature is possible. Incoming energy that could not remove

moisture from the surface due to the matric potential constraints is instead parti-
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tioned into SHF. Therefore, Figure 8b,d shows an increase in SHF in the Midwest

and a corresponding near surface warming. The opposite is true in Central Mex-

ico, where the decrease of SHF yields reduced temperatures at 2 m. Note that the

patterns of differences in 2-m temperature and 2-m mixing ratio do not correspond

exactly to those of the fluxes. The net radiation (Rnet) and ground heat flux (G)

were investigated as a potential cause of these discrepancies, but the diurnal cycle

of Rnet, G, and the component terms of the radiation budget did not show any sub-

stantial differences (not shown). The differences in the spatial distribution of 2-m

temperature and 2-m moisture are likely related to the dynamic effects of advection

that are implicitly included above the surface (not discussed here).

Changes in the SHF induce changes in the turbulent eddy growth and thus

affect the PBL height (PBLH). Because soil texture modulates the placement and

intensity of SHF, this sequence of processes corroborates the idea that the PBLH

is sensitive to changes in the soil texture. As a result, Figure 8f shows that PBLH

increases over the Midwest and decreases over central Mexico—a pattern consistent

with that of SHF (Fig. 8b) responding to changes in soil grain sizes (Fig. 3).

Precipitation in models is an inherently integrative process involving appropri-

ate thermodynamic conditioning, dynamic lifting, as well as a triggering mechanism.

The reference profiles for the BMJ convective scheme are calculated by lifting parcels

from the boundary layer, and their time dependence responds directly to the land

surface forcing. Patterns of precipitation in Fig. 8e do exhibit an impact from

changes in the soil properties. Although these results do not necessarily imply a

cause-effect behavior, differences in precipitation are likely due to the ET compo-

26



nent of land–atmosphere (L–A) interactions.

2.3.2.2 Great Plains regional differences

WRF-GSDE minus WRF-STATSGO soil texture differences over the GP show the

prevalence of three major category changes that represent a decrease in grain size.

The region delimited by 91–102◦ W, 32–41◦ N (see Fig. 9a) has 468 grid spaces that

shift from silt loam to silty clay loam, 338 from loam to clay loam, and 247 from

silt loam to clay loam. Together, they account for about 25% of the total grid cells

in this region. The locations of these differences are shown in Fig. 8a (along with

some additional less frequent category changes). The changes in grain size from

one category to another are not uniform. For example, the difference in grain size

between silt loam and clay loam is much smaller than the difference in grain size

between sandy loam and clay loam. Consequently, differences in the corresponding

hydro-physical parameters over the region will also be non-uniform.

Decreasing the soil grain size reduces soil water availability to ET due to

changes in matric potential (Fig. 9b; See Eq. 1). The fine-grained soils retain

soil moisture more vigorously than coarse grain soils and thus more energy will be

required to extract this moisture. Fig. 9b shows averaged differences in matric

potential for each of the soil texture transitions in Fig. 9a calculated using the

seasonally-averaged volumetric soil moisture. Changes in matric potential suggest

that in one soil category ET could be occurring while in the other category it is

likely that ET would not be occurring. For example, in the case of silt loam to
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silty clay loam (dark green), if the simulation with silt loam (WRF-STATSGO) had

matric potential values conducive to ET, and the simulation with silty clay loam

(WRF-GSDE) in those same grid spaces had matric potential values not conducive

to ET, then ∆Ψ would be greater than zero. The ∆Ψm was positive in each of the

468 grid spaces that underwent this transition.

According to Fig. 9c, the differences in wilting point are positive for coarse-

to-fine transitions, and negative for fine-to-coarse transitions. The same is true

for differences in field capacity (Fig. 9d), which follow a similar pattern as the

wilting point. It is apparent that the differences in wilting point and field capacity

will change depending on which categories are compared. Certain transitions [i.e.,

sandy loam to loam, (red)] denote a minor shift in grain size with relatively small

differences in the parameters’ values. Other shifts in categories (i.e., sandy loam to

clay loam) represent a considerable shift in grain size, resulting in large differences

in the parameters. These differences are further noted in the b-parameter (Fig. 9e),

the exponential term in Eq. 1. The differences in b between certain categories, such

as between sandy loam and loam are very small, while between other categories

(e.g., sandy loam-to-clay loam) the differences are substantial. In areas where the

soil grain size decreases, it is expected that the average value of the LHF (Fig. 9g)

in that area will also decrease. The decreases in LHF are compensated by increases

in SHF (Fig. 9h), which is apparent in the category-averaged differences. As a

result of the partition between the two heat fluxes, Figs 9g and 9h are similar but

of opposite sign.

Not all reductions in soil grain size are as intuitive, however. The differences in
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parameter values (Figs. 9c–e) are much larger for the transition from sandy loam to

clay loam than they are for the other most common transitions, yet, the differences

in the matric potential for sandy loam to clay loam are only moderate (Fig. 9b)

compared to the other categories. This alludes to the definition of matric potential

(Eq. 1), which considers both the hydro-physical parameters and the value of soil

moisture (Fig. 9f). In the case of the sandy loam to clay loam transition, the large

differences in parameter values and the large differences in soil moisture (Fig. 9f)

result in a competing effect that reduces the differences in matric potential rather

than enhancing it. Further, the moderate differences in matric potential yield only

moderate differences in the LHF (Fig. 9g), and, likewise, only moderate differences

in SHF (Fig. 9h). One would expect large differences in LHF corresponding to

large differences in soil moisture. However, the sandy loam to clay loam transition

supports the assertion that neither soil moisture, nor soil properties solely control

surface fluxes, but rather it is the combination of the two that dictate the surface

fluxes. For that matter, it is not only the soil characteristics but a combination of

all surface hydro-physical characteristics (including the effects of vegetation) and

soil moisture that determine the nature of the L–A coupling. Furthermore, changes

in the PBL characteristics and stability may affect precipitation processes.

The effect of grain sizes on the surface variables is further analyzed by ex-

amining the diurnal cycle in the two WRF simulations (Fig. 10). The solid lines

are area-averages over the GP region, while dashed lines correspond to averages

in grid spaces that underwent a certain transition: silt loam (WRF-STATSGO) to

silty clay loam (WRF-GSDE). The evolution of the variables throughout the day
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has the same shape, but with important differences in magnitude. Nighttime values

of LHF and SHF are close to zero. LHF rises up to a maximum at noon of about

150-200 W m−2, while noontime SHF is about 250-300 W m−2. These values are of

the same order of magnitude as those reported in the literature from observations in

Oklahoma [e.g., Marshall et al., 2003]. According to Fig. 10a, LHF (dashed, blue)

achieves the largest values for the WRF-STATSGO simulation where silt loam (the

coarser grains) dominates. LHF is reduced when STATSGO silt loam classification

is replaced with GSDE silty clay loam classification. The smaller soil grains in the

WRF-GSDE simulation lead to a higher energy requirement to extract water from

the soil system, and thus the reduction in LHF. Differences between the two spe-

cific soil types are as large as 50 W m−2 at 1300 LT, which is about 10–20% of the

daily peak, while the effect of the changed soil classification over the entire GP is

only about 10 W m−2 at 1300 LT (Fig. 10). Regardless of the magnitudes, uncer-

tainties in estimating LHF and SHF exist and can be related to soil hydro-physical

properties.

Changes in the diurnal cycle of SHF (Fig. 10b) are consistent with the changes

in LHF Fig. 10a. The WRF-GSDE simulation with its finer grain sizes (silty clay

loam) displays increased values of SHF over the WRF-STATSGO simulation with

its coarser silt loam. Again, this is noticed both in the area averages over the

specific categories (dashed lines) as well as over the whole GP (solid lines). The

diurnal cycle of 2-m temperature (Fig. 10c) follows similar patterns to SHF: greater

values over finer soils, and largest differences in the afternoon, though now the

separation between soil texture classes and the regional averages is not as great
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because the dynamic effects of advection are implicitly incorporated. Lastly, during

daytime, with well-mixed conditions, differences between the PBLH over silty loam

(STATSGO) and silty clay loam (GSDE) average 75 m (Fig. 10d), indicating that

even PBLH can be partially related to the soil hydro-physical properties.

2.3.2.3 Central Mexico regional differences

Contrary to the changes in the GP, in Central Mexico the change from STATSGO

to GSDE implies the largest coherent increase in average grain size in the full model

domain (See Fig. 3). While this region represents a convenient contrast in grain

size, it also contains significant terrain features such as the Sierra Madre Occidental,

the Sierra Madre Oriental, and the high plateaus of central Mexico that are more

complex than the relatively flat terrain that is present in the GP. Also, there are

precipitation differences present in Central Mexico in the full simulation mean, as

well as in the individual years (not shown). Due to its location, this region is

susceptible to influence from the North American Monsoon and the ITCZ, which

influence precipitation and add additional complexity to the environment.

Figure 11a depicts the distribution of soil texture differences (GSDE to STATSGO)

in the central Mexico sub-domain, showing that the most common shift is from

loam to sandy loam, an increase in grain size representing a small change in the

soil hydro-physical properties (Fig 11c–e). Particularly, the differences in matric

potential between loam and sandy loam are about 100–200 J kg −1—large enough

to modulate LHF values, but not exceedingly large. These differences in matric
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potential contribute to the differences in LHF (Fig. 11g), which are positive in

that category consistent with the increase in soil grain size. Correspondingly, the

averaged differences in SHF are negative (Fig. 11h).

Another noteworthy aspect of this analysis is that despite the categories un-

dergoing reductions in grain size having increased average soil moisture (Figs. 9f

and 11f), those categories experience reductions in LHF (Fig. 9g and 11g). This

phenomena can be related to the assigned wilting point in each category. During dry

down, finer grain soils have higher wilting points meaning they have an increased

minimum value for soil moisture (excluding extreme circumstances). Therefore,

despite consistently elevated soil moisture, these grid spaces will also experience

reduced LHF because the soil moisture will achieve its minimum value during dry

down at a greater soil moisture value.

Contrary to the GP, where the three most common transitions were of the

same sign (i.e., decreases in grain size), in Central Mexico, the second most common

shift, from loam to clay, represents a reduction in grain size instead of an increase.

Therefore, in principle, the competing effect of both increasing and decreasing the

soil grain size within the region should mitigate the regionally-averaged differences

in the surface fluxes between the simulations. The loam-to-clay transition towards

the south of the region (dark green, Fig 11a) exhibits considerable differences in

the hydro-physical properties (θwp, θfc and b; Fig 11c, d, and e, respectively). The

corresponding differences in soil moisture (Fig. 11f) are also large. Despite the sig-

nificant differences in hydro-physical parameters and the relatively large differences

in soil moisture (Fig. 11f) and matric potential (Fig. 11b), this transition results
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in only modest differences in the surface fluxes. While the differences in surface

fluxes are consistent in sign with the differences in hydro-physical properties and

in soil moisture, the magnitude of the surface flux differences (Fig. 11g and 11h)

is smaller than expected, considering the differences in hydro-physical properties.

Again, while soil hydro-physical properties are important in determining surface

fluxes, so are other surface hydro-physical characteristics, such as those associated

with vegetation, topography, and land cover type.

2.4 Summary and Conclusions

The effects of soil moisture on weather and climate have been widely discussed in

recent decades, though the underlying role of soil texture and corresponding prop-

erties in that relationship has only recently started to be considered. The capacity

of soil to retain moisture depends on its hydro-physical properties, which are dic-

tated in part by the size of the soil grains. This article discusses the implications

of soil properties, via the assignment of soil texture, for the computation of surface

variables relevant to the PBL structure. Two widely used soil texture datasets were

compared (the STATSGO dataset from the United States Department of Agricul-

ture, and the GSDE dataset from Beijing Normal University). In comparison to the

STATSGO dataset, the GSDE dataset exhibits a spatially coherent decrease in soil

grain size over the Midwest, while over Central Mexico it has a spatially coherent

increase in soil grain size. This study contrasts WRF 2016–2018 JJA simulations

employing the STATSGO soil texture dataset against similar simulations using the
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GSDE soil texture dataset. This study does not intend to evaluate the accuracy of

either dataset. Rather, it seeks to understand how modeled surface and near-surface

variables are affected by the use of one dataset versus the other.

It has been shown that the changes in soil texture and corresponding properties

affect the soil moisture content, since it is highly correlated to the wilting point. In

the Midwest, the GSDE simulation with its finer grains results in a reduction in

LHF, and an increase in SHF. The change in surface fluxes leads to enhanced warm

and dry conditions in the multi-year average. Consistent with the impacts of soil

grain size, the opposite is true over Central Mexico. There, GSDE identifies larger

size grains than STATSGO, resulting in an increase in LHF with a corresponding

decrease in SHF.

The changes in surface fluxes due to soil hydro-physical properties lead to

differences in the thermodynamic structure of the PBL. The decrease of LHF over

fine soils is consistent with the decrease in low-level humidity, while the increase in

SHF corresponds to an increase in low-level atmospheric temperature. Furthermore,

the PBL height is a function of turbulent eddy growth, which can be closely related

to SHF. In the Midwest, the increase in SHF over the smaller-grain soils of the

GSDE experiment lead to a deeper PBL. The opposite is true for Central Mexico,

where the PBL becomes shallower. Notably, the use of finer grains over the Midwest

results in a reduction of the mean precipitation while the use of larger grains over

Central Mexico tends to increase it. The mechanisms by which these changes occur

are the subject of a follow-up article.

The surface fluxes are a crucial element of land-atmosphere feedbacks acting
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through different mechanisms. The most common discussed in the literature involves

vegetation properties, which are not discussed here. This paper highlights the role

of soil hydro-physical properties in those exchanges. At present most models do not

represent processes that link vegetation with soil properties. The combined effects

of soil and vegetation on surface fluxes warrant further investigation.

The analysis of the individual contributions of each soil type reveals that the

soil properties themselves do not alone dictate the surface fluxes, but rather, it is

a combination of soil properties and soil moisture that do it. The choice of soil

texture database, as well as the soil parameter values in the look-up table should be

made with care, as they can have considerable consequences on simulated regional

climate.

2.5 Final Summary of Physical Relationships

This chapter has focused on the physical relationships that connect the land surface

to the atmosphere through the lens of soil texture representation in LSMs, and

differences in the associated soil hydro-physical properties. When parameterizations

are called within a land surface model grid space, soil parameters are extracted

from the look-up table and input into the model equations based on the soil texture

category in that grid space. It has been shown that the location of these soil texture

categories in reality is very uncertain, and between two premier datasets only few

grid spaces are assigned the same soil texture categories. Therefore, the land surface

model equations receive different soil hydro-physical parameters depending on the
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assigned soil texture categories, which leads to differences in the results of those

equations.

Figure 2.12 is a schematic depicting these relationships with coarse soil grains

on the left (a) and fine soil grains on the right (b). Differences in soil hydro-physical

parameters, such as wilting point and field capacity, dictate different behaviors of

soil layers in the land surface model. Both WP and FC are based on a term called

matric potential (Eq. 2.1). Inverting Eq. 2.1 to solve for θ allows calculation of

both WP and FC,

θwp,fc = θs

(
Ψm

Ψs

)−1
b

(2.3)

with FC occurring at Ψm = -33 J kg−1, and WP occurring at Ψm = -1500 J

kg−1. Matric potential describes an energy barrier that needs to be overcome before

moisture is removed from a volume of soil. It is due to the adsorptive properties and

capillary forces between individual soil grains. The movement of moisture within

the surface is based on the vertical gradient of matric potential as represented in

Richards equation. Water travels towards layers with strongly negative matric po-

tential. Therefore, it is much easier to remove water upwards through evaporation

and transpiration, and downwards through gravitational drainage in coarse-grained

soils like sand, which usually have matric potential values close to zero. On the other

hand, fine grained soils like clay, which can have matric potential values < −104,

retain moisture, and restrict moisture movement within the soil column.

This difference in behavior based on soil grain size has implications for the

coupled land-atmosphere system. In areas denoted by a reduction of soil grain
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size from STATSGO to GSDE, there was a reduction in associated latent heat

flux in the ensemble mean differences. This reduction in latent heat flux is due to

stronger (more negative) matric potential in finer soil grains which restricts both

the evaporation of water from bare soils, and the uptake of water by root systems

leading to a reduction in transpiration. Because latent heat flux is reduced due to soil

behavior, the energy that could not remove moisture form the soil was partitioned

into sensible heat flux instead. A schematic comparison between idealized grid

spaces with the same value of soil moisture is available in Fig. 2.12. Grid spaces

with coarse grains experience elevated latent heat flux and reduced sensible heat

flux, while grid spaces with fine soil grains experience the opposite behavior.

The responses of the surface latent and sensible heat fluxes then affect low-

level thermodynamic variables (i.e., T2m, and q2m). In areas of reduced latent

heat flux, there is an associated reduction in low-level moisture (i.e., q2m). In

those same areas, because the latent heat flux is reduced and the sensible heat flux

increased to compensate, there was an increase in 2-m temperature (i.e., T2m). This

leads to warm and dry biases above the surface in areas with finer soil grain sizes.

Also, in areas of increased sensible heat flux there was an associated increase in the

height of the PBL (i.e., PBLH). The response of PBLH is expected due to the close

relationship between sensible heat flux, turbulent kinetic energy, and the growth

and decay of the PBL.

Therefore, it has been shown through these physical mechanisms that differ-

ences in soil grain size and the related differences in soil hydro-physical properties

can affect the connection between the land surface in the atmosphere. The soil’s
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effect on the land-atmosphere connection is manifested in the effects of soil hydro-

physical properties on the movement of moisture within the soil column and the

movement of moisture between the land surface and the atmosphere by way of la-

tent heat flux. The main takeaway is that at a given value of soil moisture, fine

soil grains retain moisture more strongly, than coarse soil grains do. This can lead

to differences in latent heat flux, and therefore, differences in the surface energy

balance and land-atmosphere coupling.
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soil texture
category

Ks (×104) Ψs θs b θwp θfc

sand 0.466 0.069 0.339 2.79 0.010 0.192
loamy sand 0.141 0.036 0.421 4.26 0.028 0.283
sandy clay 0.0722 0.098 0.406 10.73 0.100 0.338
sandy loam 0.0523 0.141 0.434 4.74 0.047 0.312
sandy clay loam 0.0445 0.135 0.404 6.77 0.069 0.315
loam 0.0338 0.355 0.439 5.25 0.066 0.329
silt loam 0.0281 0.759 0.476 5.33 0.084 0.36
clay loam 0.0245 0.263 0.465 8.17 0.103 0.382
silt 0.0218 0.955 0.484 3.86 0.061 0.347
silty clay loam 0.0203 0.617 0.464 8.72 0.120 0.387
silty clay 0.0134 0.324 0.468 10.39 0.126 0.404
clay 0.00974 0.468 0.468 11.55 0.138 0.412

Table 2.1: Select soil hydro-physical parameter values extracted from the WRF
model look-up table, SOILPARM.TBL. Saturated hydraulic conductivity (Ks), ma-
tric potential at saturation (Ψs), porosity (θs), the b-parameter, wilting point (θwp),
and field capacity (θfc) are shown. See text for details.
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a) STATSGO

b) GSDE
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Sandy Loam
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Silty Clay Loam

Sandy Clay Loam

Loam
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Sandy Clay

Clay Loam

Clay

Silty Clay

Figure 2.1: Dominant top-layer soil texture classification in this study’s model do-
main at 15-km horizontal resolution according to (a) the STATSGO soil texture
database (default in WRF) and (b) the GSDE soil texture database. The categories
in both maps follow the key in (a). The categorical soil texture triangle has been
provided (lower left corner of b).
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Figure 2.2: Pie charts depicting the proportion of each soil category for each (a)
STATSGO, and (b) GSDE, and (c) count of grid spaces at 15-km resolution with
given soil texture transitions from the STATSGO category (vertical axis) to the
GSDE category (horizontal axis) (e.g., 3361 loam grid spaces in STATGSO transi-
tioned to clay in GSDE). In addition to the digits, white boxes denote classification
consensus between the two datasets; the higher number of transitions the greater
the color intensity (i.e., darker hues show more common occurrences).
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fine to coarse

coarse to fine

loam to sandy loam 

silt loam to loam 

loam to clay loam 

silt loam to silty clay loam 

silt loam to clay loam 

sandy loam to loam

sandy loam to clay loam

Grain Size Changes

Figure 2.3: Locations of the seven most common soil texture category transitions
from STATSGO to GSDE for the model domain. Loam to sandy loam (gray), and
silt loam to loam (blue) represent increases in grain size. Loam to clay loam (dark
green), silt loam to silty clay loam (light green), silt loam to clay loam (purple),
sandy loam to loam (pink), and sandy loam to clay loam (red) represent decreases
in average grain size.
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Figure 2.4: Prescribed parameter values for each soil texture category from the
default look-up table in the WRF model. Top panel: Field capacity (blue) and
wilting point (orange) have units of volumetric soil moisture [m3 m−3; top right
axis]. Saturated hydraulic conductivity (gray) is a unitless quantity [shown x104;
top left axis]. Bottom panel: matric potential (units: J kg−1) calculated according
to a percentage of the extractable water range as given by Eq. 2: 40% (solid green),
35% (dashed green), 30% (dashed-dotted green), and 25% (dotted green).
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b) STATSGO c) GSDE

d) STATSGO— 
GHCN-CAMS

e) GSDE —
GHCN-CAMS

[K]

[K]
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Figure 2.5: Two-meter air temperature (T2m) and model-minus-observational dif-
ferences averaged over the period JJA 2016–2018. (a) GHCN-CAMS gridded T2m,
(b) the WRF-STATSGO T2m, (c) the WRF-GSDE T2m, (d) differences between the
WRF-STATSGO and GHCN-CAMS T2m, and (e) differences between the WRF-
GSDE and GHCN-CAMS T2m.
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Figure 2.6: Mean (JJA 2016–2018) diurnal cycles from model grid spaces collocated
with 220 NOAA Integrated Surface Database (ISD) stations in the GP region (ap-
prox. latitude: 33–42◦ N, longitude: 92.5–102.5◦ W) of (a) 2-m temperature [K], (b)
2-m dew point temperature [K], and (c) 10-m wind speed magnitude. The WRF-
STATSGO simulation is in blue, the WRF-GSDE simulation is in red, and ISD sites
are black dotted. The region is shown in Fig. 9a.
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a) θ b) θs
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Figure 2.7: Differences (WRF-GSDE minus WRF-STATSGO) in (a) top 30-cm JJA
2016–2018 averaged volumetric soil moisture, and the assigned values of (b) θs, (c)
field capacity, and (d) wilting point.
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Figure 2.8: Three-year averaged JJA (2016–2018) model simulation differences
(WRF-GSDE minus WRF-STATSGO) of (a) surface LHF (W m−2); (b) surface
SHF (W m−2); (c) 2-m specific humidity (g kg−1), (d) 2-m temperature (K); (e)
precipitation (mm day−1); and (f) PBLH (m AGL).
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Figure 2.9: WRF-GSDE minus WRF-STATSGO differences averaged over seven
specific soil category transitions most common in the GP sub-domain (approx. lat-
itude: 32–41◦ N, longitude: 91–102◦ W). Changes in soil parameters: (a) soil cate-
gories (similar to Fig. 3); (b) matric potential (J kg−1) calculated following Eq. 1
using average top layer soil moisture and appropriate parameters; (c) wilting point
(m3 m−3); (d) field capacity (m3 m−3); and (e) the b parameter. Differences in the
JJA 2016–2018 averages of: (f) volumetric soil moisture (m3 m−3); (g) LHF (W
m−2); and (h) SHF (W m−2).
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Figure 2.10: Area-averaged JJA 2016–2018 diurnal cycles of (a) LHF [W m−2];
(b) SHF [W m−2]; (c) 2-m temperature [K]; and (d) PBLH [m AGL] over the GP
sub-domain shown in Fig. 9a. The full-region mean values for the WRF-STASGO
simulation is shown in solid blue, while the full-region means for the WRF-GSDE
simulation is in solid red. Dotted lines represent area averages only over the 468
grid spaces that transitioned from WRF-STATSGO silt loam (dotted blue), to WRF-
GSDE silty clay loam (dotted red).
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Figure 2.11: Similar to Fig. 9, except for the Central Mexico region (approx. lati-
tude: 20–30◦ N, longitude: 98–105.5◦ W).
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Figure 2.12: A schematic depicting the physical relationships established in Chapter
2. Coarse grain soils (a) are shown, along with (b) fine grain soils. Wilting point
[WP; m3 m−3] and field capacity [FC; m3 m−3], and matric potential [MP; J kg−1]
are chosen as key parameter differences. Soil moisture [SM; m3 m−3], latent heat
flux [LH; J kg−1], sensible heat flux [SH; J kg−1], 2-m mixing ratio [q2m; kg kg−1],
2-m temperature [T2m; K], and planetary boundary layer height [PBLH; m AGL]
are shown as comparative responses between both (a) coarse grains and (b) fine
grains. The green arrows symbolize latent heat flux and the red arrows symbolize
sensible heat flux.
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Chapter 3: The Effects of Soil Representation in the WRF/CLM on

the Atmospheric Water Budget

This chapter is currently under-going peer review in the Journal of Hydrometeorol-

ogy.

3.1 Introduction

Soil science plays an increasingly prominent role in Hydrology and Earth System

Science, partially motivating the creation of the International Soil Modeling Consor-

tium [Vereecken et al., 2016], which, among other activities, promotes the study of

soil processes within Earth system modeling frameworks. However, many challenges

still exist: the implementation of soil processes in land surface models (LSMs) has

been shown to introduce further GCM dependence on resolution [Bosilovich and

Sun, 1998], while high variability is shown between the use of different combinations

of soil textures, soil parameters, and hydraulic parameterizations [Verhoef and Egea,

2014]. Other results increasingly suggest that soil hydro-physical properties [Kishné

et al., 2017] are regionally specific. The solutions to these challenges necessitate

simultaneous observations of soil moisture, surface fluxes, and multiple horizons

of soil properties [Mu et al., 2021]—an observational dataset that is not globally
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achievable.

Despite these obstacles, the evolving soil sciences community has made re-

markable strides in developing high-resolution global soil datasets [Hengl et al.,

2017; Lannoy et al., 2014; Shangguan et al., 2014]. Estimates of soil hydro-physical

properties have been compiled from novel regional measurement techniques Lu et al.

[2020], physics-based relationships [Lehmann et al., 2018; Or and Lehmann, 2019;

Zhang et al., 2018], and statistical mechanisms such as random forests Szabó et al.

[2019] and other Pedotransfer Functions [PTFs; van Looy et al., 2017]. These are

used to derive high-resolution soil hydro-physical property maps [Chaney et al.,

2019; Dai et al., 2019a], which can be used to enhance coupled and uncoupled land

surface model (LSM) simulations. See Dai et al. [2019b] for a review of global soil

datasets used in Earth System models.

Despite the availability of global high-resolution soil hydro-physical property

datasets, many LSMs remain dependent on look-up tables to associate soil textural

categories with empirically derived hydro-physical properties. Look-up tables, while

computationally efficient, require soil hydro-physical properties to remain discrete

and linked to broad estimates of soil texture rather than continuous evolving quan-

tities. Furthermore, the usage of a look-up table assumes (a) that soil properties are

globally transferable, which often is not the case, and (b) that it is dependent on

soil texture maps. Thus, at typical coupled modeling resolutions, the prescriptive

soil texture categories can vary significantly between prominent datasets.

Furthermore, in the context of coupled modeling, soil hydro-physical proper-

ties and the choice of PTFs have been shown to impact soil moisture that in turn
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affects surface water and energy fluxes [Ek and Cuenca, 1994; Weihermüller et al.,

2021], surface heat fluxes [e.g., Peters-Lidard et al., 1998, etc.], and PBL evolution

[Breuer et al., 2012; Kim and Entekhabi, 1998; Pan and Mahrt, 1987]. Further,

land-atmosphere (L-A) interactions [Dirmeyer, 2011; Koster et al., 2004; Santanello

et al., 2018; Seneviratne et al., 2010] are dependent on surface water and energy

fluxes; therefore, if soil hydro-physical properties influence surface fluxes, they can

also influence L-A interactions. The so-called ”terrestrial leg” of L-A coupling links

soil moisture via surface processes [Dirmeyer, 2011] to surface latent and sensible

heat fluxes, while the atmospheric portion expands that relationship to describe the

effect of surface fluxes on PBL evolution, clouds, and precipitation [Dirmeyer et al.,

2014]. The specific role of surface properties in L-A coupling (including the role

of soil texture and soil hydro-physical properties) has received less attention than,

for instance, the relationship between soil moisture and precipitation [Eltahir, 1998;

Findell and Eltahir, 1997; Hohenegger et al., 2009]. Though it has been shown that

soil moisture alone does not dictate L-A coupling, but rather, it is the combined

effect of soil moisture and surface characteristics that do it [Dennis and Berbery,

2021].

At and beneath the surface, soil hydro-physical properties can play a vital role

in the terrestrial water budget, affecting evapotranspiration, and runoff. Clayey

soils, with a lower infiltration rate, require more time to percolate water to lower

levels, which can lead to increases in runoff immediately following a precipitation

event[Duffková, 2013]. Sandy soils, on the other hand, quickly absorb moisture after

rainfall. By a similar mechanism, after precipitation clayey soils can lead to pooling,
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ponding and the associated increase in evaporation of standing water [Duffková,

2013]. However, if similar amounts of precipitation fall on dry naturally-compacted

soils, it will be the coarse-grained soils that experience more evapotranspiration over

time due to the effects of matric potential [Dennis and Berbery, 2021]. Sub-surface

runoff generally increases for non-vegetated surfaces versus vegetated surfaces [Liao

et al., 2016], and for compacted soil surfaces versus aerated and natural surfaces

[Prats et al., 2021]. These mechanisms work to distribute soil moisture, which is

critical to linking the land surface with the atmosphere.

After soil moisture is distributed, land–atmosphere interactions have been

shown to create environments more (or less) conducive for convection to occur.

Soil moisture conditions have been shown to affect thermodynamic instability [Holt

et al., 2006b; Yin et al., 2015] and develop cross-boundary mesoscale circulations

providing vertical motion and preferred initiation locations [Avissar and Liu, 1996;

Lee et al., 2019; Zheng et al., 2021]. Similarly, the land properties can enhance or

diminish the horizontal transport of moisture [Lee and Berbery, 2012; Lee et al.,

2013; Yang and Dominguez, 2019], affecting vertically integrated moisture flux con-

vergence, which is a critical component in the atmospheric water budget to evaluate

continental water transport and partitioning [Rasmusson, 1968; Roads et al., 1994;

Trenberth et al., 2007]. While these impacts have been studied from a general

land surface perspective, the role of soil texture in these relationships has not been

examined as much.

The role of soil texture in the terrestrial water budget has received quite a

bit of attention, where-as the role of soil texture and its role in the coupled (L-A)
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effects on the atmospheric water budget has not. This study aims to connect the

atmospheric portion of L–A coupling to the impact of soil texture-modulated surface

fluxes. It is hypothesized that the soil’s hydro-physical properties, via their influence

on surface fluxes will affect the thermodynamic instability (i.e., CAPE/CIN), as well

as the dynamic moisture transports (i.e., atmospheric circulation), and ultimately

influencing the atmospheric water budget.

Dennis and Berbery (2021) examined the soil properties’ role on surface wa-

ter and energy fluxes and near-surface states in a first study. This study advances

their analysis of the impact on PBL evolution, thermodynamic environments for

precipitation (i.e., atmospheric stability), dynamic precursors to precipitation (i.e.,

moisture transports), and atmospheric water budget. To this end, we compare the

two sets of summer WRF simulations described in Dennis and Berbery (2021; here-

after DB21) using different soil texture datasets: one using the State Soil Geographic

Dataset [STATSGO; NRCS Soil Survey Staff, USDA, 2012] soil texture dataset and

the other using the Global Soil Dataset for Earth System Modeling [GSDE; Shang-

guan et al., 2014]. The experimental design is outlined in Section 2, followed by

descriptions of the soil texture datasets. Section 3 will validate the model simu-

lations using in-situ measurements and reanalysis. Section 4 will highlight the soil

parameter-induced differences in the thermodynamic and dynamic environment and

relate those differences to the atmospheric water cycle. Finally, section 5 provides

our concluding remarks.
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3.2 Experimental Setup

3.2.1 Model Design

The model configuration and simulations are the same ones used by DB21. We used

WRF’s Advanced Research version [WRF-ARW v. 3.9; Skamarock et al., 2008] to

carry out simulations over three summers (JJA 2016–2018) to examine near-surface

processes related to soil physics. In this study, we investigate how atmospheric

processes can be related to soil physics. The model domain covers the continental

United States (CONUS), Mexico, northern Central America, and southern Canada

(See Fig. 1) at a 15-km horizontal resolution. There are 51 vertical layers, with 13 of

them occurring in the lowest 1-km to improve boundary layer representation. The

model parameterizations include a single-moment microphysics scheme [Thompson

et al., 2008], the Rapid Radiation Transfer Model [Iacono et al., 2008], and the Betts-

Miller-Janjić convective parameterization scheme [Janjić et al., 2001]. The PBL is

represented using MYNN2, a second-order closure, a local PBL scheme [Nakanishi

and Niino, 2006], and the compatible MYNN surface layer scheme to account for

the interface between the land surface and the PBL.

As discussed in DB21, WRF is coupled with the Community Land Model

version 4 (CLMv4 hereafter CLM). CLM is a land surface model developed and

maintained by NCAR for use with the CESM1 global climate modeling system and

has since been adapted for use coupled to WRF. CLM interacts with the atmospheric

model to establish the lower boundary conditions related to the surface water and
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energy budgets. CLM includes relevant hydrological variables and the partitioning

of incoming radiation into its surface energy components. CLM incorporates the

effects of vegetation, soil, and land use. It represents the soil-atmosphere-vegetation

nexus using a resistance formulation and accounts for soil hydraulics using a classical

understanding of fluid movement within porous media (e.g., Richards 1931). CLM

has ten vertical soil layers increasing in thickness with depth and extending down

to 3.42 m. A full technical description of CLM can be found in [Oleson et al., 2010].

CLM’s performance has been reported thoroughly in the literature. First, against

the NLDAS testbed experiment [Cai et al., 2014; Xia et al., 2017, 2012]. Second, in

both offline and coupled mode (to CAM3.0) for climate-scale processes [Lawrence

et al., 2007]. Third, in full offline mode examining parameterization improvements

[Lawrence et al., 2011]. Lastly, the CLM coupled to WRF was evaluated to explore

landslide detection and prediction [Zhuo et al., 2019] and assess the impact of soil

properties on land-atmosphere coupling (DB21).

Representing soil physics requires knowing their hydraulic—or hydro-physical

—properties. In models, they are usually derived as parameters specific to a soil

texture classification. Then, a look-up table with parameters that correspond to each

soil texture category is used. The look-up table parameters are based on empirical

relationships obtained in laboratory experiments [e.g., Cosby et al., 1984]. This

method assumes that categories are universal (i.e., sand in one area is the same as

sand everywhere) and that they can be transferable to the real world—a topic that

is becoming increasingly important for soil science research. The approach has the

advantage that only the soil texture maps and the look-up table are needed to define
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all the soil’s hydro-physical properties; therefore, it is computationally inexpensive.

However, the soil system and the land-atmosphere coupling do become dependent

on the external soil texture databases.

Our goal is to determine the impact of these soil databases via their soil hydro-

physical properties on land-atmosphere interactions and the atmospheric water bud-

get. It is well understood that vegetation has a significant effect on surface fluxes, as

well. Therefore, the simulations have been given the same vegetation assignments

to avoid vegetation dependencies when assessing the impact of soil hydro-physical

properties. This approach allows us to isolate the effect of the soils more easily

despite the presence and role of vegetation.

3.2.2 Soil Databases

During the pre-processing stage for WRF the model’s grid is defined. Its static

fields are assigned to each grid space (i.e., soil type, vegetation type, topographi-

cal features) based on the provided databases. For a complete description of this

process, please refer to DB21 and the supporting literature. For instance, land

cover classes are defined by Moderate Resolution Infrared Spectrometer Interna-

tional Geosphere-Biosphere Programme (MODIS IGBP) data in default WRF set-

tings. The default soil texture classifications in WRF are provided using the USDA

STATSGO soil dataset [NRCS Soil Survey Staff, USDA, 2012]. For regions outside

of the United States, the Food and Agriculture Organization (FAO) Soil Map of

the World [FAO/UNSECO, 1971], which is about 5-km grid spacing, is employed.

59



Within the US, STATSGO is used. STATSGO was based initially on the FAO

Soil Map of the World. Still, since then, it has expanded to include multiple ad-

ditional high-resolution surveying campaigns supplemented with LANDSAT data

over CONUS and US territories, where its current resolution is about 1-km.

As in DB21, the second soil texture database in this study, GSDE, was also

based initially on the FAO Soil Map of the World. It uses numerous global sur-

veying campaigns complemented with advanced statistical re-gridding procedures

and machine learning to infer the soil parameters in under-surveyed regions [Dai

et al., 2019a; Shangguan et al., 2014]. It is provided at 1-km globally and provides

eight vertical levels of soil characteristics. GSDE offers a global 1-km resolution as

opposed to STATSGO’s 1-km resolution only over CONUS and US territories.

These datasets have many uses, but in modeling systems such as the WRF/

CLM suite, the primary use is to determine the spatial distribution of soil textu-

ral classes that will link grid spaces to parameters in the accompanying look-up

table. DB21 showed that the differences in soil classification between these two

datasets are not randomly distributed, but, instead, they exist in coherent areas of

reduced/increased soil grain size, which allows their impacts to be projected onto

regional scales (See Fig. 1c).

Figures 1a and 1b present the model soil classifications as portrayed by the

STATSGO database and the GSDE database. As shown in DB21, the primary

soil classification in the Midwestern United States (hereafter, Midwest) is silt loam

(green) in the STATSGO map. In contrast, in the GSDE map, many categories

can be identified: silty clay loam (orange), sandy loam (light purple), and loam
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(red). Each of these differences, or ’transitions,’ represents a change in soil hydro-

physical properties (i.e., a difference in how the soil interacts with water). Many

differences can be identified between Fig 1a and Fig 1b, but the ten most common

transitions are highlighted in Fig 1c. Notice a continuous area of transitions in Fig

1c that extends from the Texas-Arkansas border northeastward into Pennsylvania,

the area here referred to as the Midwest. The majority of these transitions represent

a decrease in average soil grain size.

Fig. 1 also shows the distribution of selected soil hydro-physical parameters

as they have been assigned from the look-up table. Fig 1d and 1e show the wilting

point (i.e., the lower limit for soil water storage under normal conditions). GSDE has

the higher wilting point values (Fig. 1e, lighter yellow colors) throughout Missouri,

Illinois, Indiana, Kentucky, and Ohio, as compared to the lower values in the same

area in the STATSGO dataset (Fig. 1d, mostly orange colors). Similarly, the third

row in the figure shows the field capacity (i.e., the maximum amount of moisture

a soil can hold after free drainage occurs). Notice the higher field capacity values

in GSDE (Fig. 1h, mostly blue colors) throughout the same region as the wilting

point example compared to the lower values in the STATSGO dataset (Fig. 1g,

light green colors).

The smaller size grains in GSDE imply that both field capacity and wilting

point increase. Therefore, the majority of the map (Fig. 1f, 1i) shows that the differ-

ences in GSDE minus STATSGO hydro-physical properties have positive differences.

As with wilting point and field capacity, other hydro-physical properties are con-

nected to each soil textural classification. Thus, when one changes the locations
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of the soil texture categories, in actuality, one is changing the spatial distribution

of soil hydro-physical properties, which affects the way the soil interacts with the

surface and sub-surface moisture. In the next section, we assess the impact of us-

ing these two soil datasets in separate regional climate simulations to support this

assertion.

3.3 Model Performance and Variability

Both model performance relative to observations. Performance of the model is

examined at two time scales, first the model’s ability to reproduce sub-daily scales

that determine the PBL processes in the lower troposphere, more specifically the

diurnal cycle of key components. Second, the model’s skill to represent the mean

seasonal scales. The first step will be to contrast the diurnal cycle of the model’s

surface fluxes against selected Ameriflux flux towers. Then, the evaluation of the

mean fields is done by contrasting mean fields with observationally-based forcings

employed in land data assimilation systems. In our study, the substance lies in the

differences produced by changes in soil categories between the models themselves.

Thus, it is not an attempt to determine which model configuration performs better.

Instead, comparing point measurements to model simulations is helpful to assess if

the model simulations are sufficiently realistic.

Additionally, the model internal variability is assessed to understand how the

simulations vary month-to-month within individual ensemble members and year-to-

year between ensemble members. During the summer period there is often variability
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between June and August signals in terms of hydrological cycle active. An analysis

of the deviation between monthly performance will improve our understanding of

signals present in the ensemble mean values.

3.3.1 Ameriflux towers

The diurnal cycle of surface latent and sensible heat fluxes in the WRF experiments

are contrasted against three Ameriflux tower data (Fig. 2). An inverse distance-

weighted average was used to interpolate the model data to each flux tower’s loca-

tion. The sites were chosen based on availability and continuity of data over the

Central United States. They are the US–ARM Central Facility in Oklahoma [Bi-

raud et al., 2020], the US-MMS in central Indiana [Novick and Phillips, 2020], and

the US-IB1 in the rural suburbs of Chicago, IL [Matamala, 2019]. Table 1 presents

the characteristics of each tower location.

The US-ARM site has a soil texture identified as silt loam, with a land cover

of cropland that cycles between winter wheat, alfalfa, and soybeans (see Table 1).

The model’s land use assignment for all experiments identifies the site as grassland.

The WRF-STATSGO simulation, hereafter WRFS, has the appropriate soil texture

for that location (silt loam). In contrast, the WRF-GSDE simulation, hereafter

WRFG, specifies clay loam—a relative reduction in soil grain size. According to

DB21, smaller soil grains can reduce latent heat flux and increase sensible heat

flux relative to the simulation employing STATSGO. Fig. 2a shows the US-ARM

flux tower’s JJA 2016–2018 mean diurnal cycle of latent and sensible heat fluxes
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and compares them to WRFS and WRFG simulations. In terms of latent heat flux

(solid lines), both model and observed diurnal cycles experience consistent timing

in the maximum and minimum values, with latent heat flux increasing throughout

the morning hours from about 0700 LT until about 1200 LT and decreasing as the

sun sets around 1800 LT. The WRFS simulation with silt loam soil type experiences

the greatest average latent heat flux at the diurnal maximum (about +300 W m−2

at 1200 LT). As discussed in DB21, the WRFG simulation has a smaller soil grain

assignment (i.e., clay loam is finer than silt loam), and it shows reduced average

latent heat flux throughout the diurnal cycle compared to the WRFS. In terms

of sensible heat flux, the WRFG simulation has an increased diurnal maximum

compared to the WRFS (+15 W m−2) and the in-situ measurements (+50 W m−2).

Interestingly, in Fig. 2a, despite having a different soil texture, the WRFG

simulation has a smaller latent heat flux bias (about +75 W m−2) versus about 100

W m−2 in WRFS) compared to the in-situ observations at the diurnal peak, possibly

related to erroneous vegetation assignments in the model. In reality, the crops

grow throughout the summer months and are largest and most impactful by the

July–August time frame. In contrast, the model is assigned grassland, which does

not evolve throughout the season resulting in different hydro-physical characteristics.

In this case, the differences could be due to improper vegetation assignment in the

model, rather than to the impact of soil properties.

Figure 2b, presents the US-MMS Ameriflux site (39.323, –86.413). This site’s

information does not include soil type, but it is located in a deciduous broadleaf

forest, as the model’s simulations also show (see Table 1). The diurnal cycle of
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latent heat flux in both model simulations are very similar to the observations at

this site, rising up to about 275 W m−2 at the peak and falling off to near 0 W m−2

during the nighttime hours. Sensible heat flux, however, shows more of a difference

between the two model simulations and the in-situ measurements. According to

[Bonan et al., 2018; Fisher et al., 2017], the non-linear characteristics of canopy

shading and sub-canopy turbulence are difficult to account for in models. Forest

dynamics could then contribute to the differences in sensible heat flux between the

simulations and in-situ measurements.

The third site, US-IB1 (Fig. 2c), is located in a rural suburb of Chicago, with

silty clay loam as the observed soil type and cropland as the observed vegetation

coverage (corn and wheat; see Table 1). In this instance, GSDE has the appropriate

soil type assignment (silty clay loam), while STATSGO’s is somewhat different (silt

loam). Curiously, WRFG has a lower performance than WRFS in terms of latent

and sensible heat flux biases. Both simulations have similar timing of the diurnal

cycle, but both overestimate the magnitude of sensible heat flux and underestimate

the magnitude of latent heat flux at the diurnal peak. Fig. 2c shows that with finer

soil grains in GSDE compared to STATSGO, the WRFG simulation yields reduced

latent heat flux values and subsequently increased sensible heat flux following the

surface energy balance, consistent with DB21 findings.
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3.3.2 NLDAS2 Forcing

It is also relevant to examine the spatial structure of the surface variables in the

model simulations. To this end, we employ as a proxy for observations the North

American Land Data Assimilation System Version 2 (NLDAS2) forced by a set of di-

verse observations that have been processed to fit the NLDAS2 grid [Cosgrove et al.,

2003]. We selected the 2-m temperature, 2-m specific humidity, and precipitation

to compare against the WRF model products from this dataset. Due to differences

in grid spacing, the WRF model data were bilinearly interpolated to the NLDAS2

grid (12-km grid spacing).

The NLDAS2 non-precipitation forcing data are derived from the North Amer-

ican Regional Reanalysis [NARR; Mesinger et al., 2006] analysis fields but are spa-

tially interpolated to the finer 1/8◦ NLDAS2 grid. Additionally, the forcing data

are temporally disaggregated from the 3-hourly NARR data to the NLDAS hourly

timestep. The NLDAS precipitation data are a temporal disaggregation of a CPC

gauge-based daily precipitation [Xie et al., 2007](Xie et al. 2007), combined with

Doppler RADAR data, CMORPH data, and 3-hourly NARR data in a way that

reflects the strengths of each dataset on the NLDAS grid (Xia et al. 2009).

Figure 3a presents the distribution of mean (JJA 2016–2018) precipitation

from the NLDAS forcing dataset. The western United States is mostly dry during

this period, with most areas experiencing 1 mm day−1 or less. While the monsoon

precipitation in northwestern Mexico is strongest in JAS, its signal is already de-

tected in JJA. In the Central United States, the characteristic gradient of increasing
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precipitation from the front range of Colorado eastward into the Midwest is present,

along with slightly elevated precipitation values along the eastern and southern US

coastal regions.

Most models tend to have more difficulties in reproducing summer precipita-

tion due to their dependence on imperfect parameterizations. Models often over-

produce precipitation in regions near stationary lifting mechanisms (i.e., topogra-

phy). In addition, the propagation speed of convective systems is reduced, resulting

in increased daily precipitation values, especially in mountainous regions [Navale

et al., 2020; Tripathi and Dominguez, 2013; Yun et al., 2020]. This is also the case

of the WRF model. The differences (WRFS – NLDAS) in mean (JJA 2016–2018)

precipitation are shown in Fig. 3b. The overall model precipitation pattern is simi-

lar to that in observations (not shown), but regional biases are noticed. The western

mountain region exhibits positive precipitation anomalies, while the opposite is true

in most of the United States east of the Continental Divide. Negative biases are

also observed along the eastern and southern US coasts, reaching precipitation of

about –2 mm day−1.

Figure 3c depicts the (JJA 2016–2018) mean 2-meter temperature from the

NLDAS2 forcing dataset. The climatological features show high temperatures in the

south-central US and in the southwestern US desert regions, with cooler values in the

Rocky Mountains and the Pacific Northwest. Comparing WRFS to NLDAS2 Forcing

(Fig. 3d), the WRFS simulation has a warm bias (+1–2 K) in the eastern and central

United States and a cool bias (–2–3 K) in the Rocky Mountains. Because the

resolutions of NLDAS2 and the WRF simulations are similar, we expect differences
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due to grid interpolation to be negligible, though in extreme topography areas (i.e.,

the Rocky Mountains) some differences may arise.

In Fig. 3e, the mean 2-meter specific humidity is shown from the NLDAS2

Forcing. The climatology shows a northwest-to-southeast gradient of increasing

specific humidity across the CONUS region, with maximum values along the Gulf

Coast and southern Atlantic Coast states. Compared to NLDAS2 Forcing, the

WRFS simulation reveals a widespread dry bias (–1–2 g kg−1) that occupies most

of the eastern part of the United States, with smaller positive biases (+0–1 g kg−1)

existing in the Western States.

The Midwestern US environment in the WRFS simulation is both slightly

warmer and slightly drier than the NLDAS2 forcing data. Still, compared to other

model simulations, it is within a reasonable range. The WRFG simulation displays

an environment more similar to WRFS than it is to NLDAS, but with even warmer

and drier conditions in the Midwest. Comparing these variables between WRFS

and WRFG is shown in DB21 (See their Fig. 8). This study aims not to rank the

simulations in terms of accuracy but instead to investigate the implications of their

soil-induced differences on free-running simulations.

3.3.3 Model Variability

An advantage of using an ensemble strategy is that multiple instances of similar

physical responses given different initial conditions is more robust than considering

a single simulation of a single time period. Therefore, it is important to understand
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how the individual ensemble members evolve to know whether an apparent signal is

robust throughout the duration of a simulation or if values dominate it in a specific

time period. Given the dependence of ensemble-mean values on the individual mem-

bers, particularly in cases when there are fewer members, it is necessary to evaluate

how the simulations compare with respect to key variables in both an intraseasonal

and an interannual way to ensure that collectively they are representative of an

adequate ensemble distribution.

Considering the intraseasonal variability, Figure 4 shows estimated probability

distribution functions of daily mean values for both domain-averaged precipitation

and domain-averaged latent heat flux. Concerning precipitation, each month reports

similar distributions of daily values. July has the narrowest distribution (Fig. 4a),

indicating the most similarity day-to-day, with mean values near 3 mm day-1. June

experiences the widest distribution with daily values approaching 6 mm day-1 on

the upper tail of the distribution and a cluster of non-precipitating days. While

the daily mean values in August are the most similar to the entire simulation mean

distribution (black line).

Intraseasonal daily latent heat flux (Fig. 4b) displays a different behavior

compared to intraseasonal daily precipitation, with domain-averaged daily values

decreasing as the season progresses: the highest likelihood of high values in June,

mid-range values in July, and highest likelihood of lower latent heat flux values in

August. Consistent with the multi-modular distribution between the months, the

full simulation-average daily values (black line) has a reduced peak but is much

broader to encompass the month-to-month variability.
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Contrasting interannual variability instead (Fig. 4c-d), precipitation and la-

tent heat flux show similar and related patterns. First, for precipitation, Fig. 4c

shows that 2017 is skewed towards the lower end of daily mean precipitation values,

while 2018 is skewed slightly towards the upper end of the distribution. The daily

values or precipitation from 2016 represent the best estimate of the ensemble mean.

The distribution of interannual daily latent heat flux (Fig. 4d) echoes the same

pattern as the distribution of interannual daily precipitation with less latent heat

flux occurring on average each day in 2017, while 2018 experiences slightly higher

than normal latent heat flux each day. The distributions of daily mean precipitation

and latent heat flux can be related in two ways: 1) If more precipitation occurs,

there could be more moisture available to transmit from the land surface to the

atmosphere, increasing latent heat flux, or 2) if more latent heat flux occurs, there

could be more conducive conditions for precipitation to occur leading to increased

precipitation likelihood.

The advantage of using an ensemble is that by considering multiple simulated

environments rather than a single simulated environment, you increase the likelihood

that the system’s responses are due to imposed conditions, rather than due to an

unknown factor. Even though this set of simulations is small relative to other

ensembles, there are no prominent outlying ensemble members lending confidence

that the systems are responding similarly to the imposed conditions despite different

initial conditions.
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3.4 Changes in the Environment

3.4.1 Thermodynamic Drivers

The thermodynamic forcing of summer precipitation processes is related to the dis-

tribution of atmospheric instability. Areas with more convective available potential

energy (CAPE) and smaller convective inhibition (CIN) are more conducive envi-

ronments for initiating and sustaining precipitating systems. CAPE and CIN are

highly dependent on low-level temperature and moisture and on the evolution of the

PBL; therefore, because soil properties affect the surface water and energy fluxes,

they influence atmospheric stability also.

The spatial patterns of latent and sensible heat fluxes are shown in Fig. 5. The

WRFS simulation mean latent heat flux (Fig. 5a) exhibits lower Western United

States values, with higher values in the eastern United States. In the Midwest, values

approach 150 W m−2 (Fig.5a). The differences between the two simulations (WRFG

– WRFS; Fig. 5b) are consistent with the reduction in soil grain size—smaller

grains in GSDE lead to reduced latent heat flux, as illustrated in the Midwest by

the negative differences of about –15 W m−2, or about 10% of the climatological

value. These differences lead to differences in 2-m specific humidity of about –2 g

kg−1 in the same region (DB21; their Fig. 8c)

When incoming energy can no longer remove moisture from the soil, it is in-

stead partitioned into sensible heat flux. Therefore, mean sensible heat flux displays

a similar (but opposite) pattern in the WRFS simulation (Fig. 5c): larger values

71



in the western United States and lower values in the eastern United States. Differ-

ences between the two simulations (Fig. 5d) reveal an increase in sensible heat flux

collocated with the soil texture-related negative differences in latent heat flux in the

Midwest region, approaching about 15 W m−2 or about 15–20% of the climatologi-

cal value in that region. These differences in sensible heat flux are collocated with

positive differences in 2-m temperature of about +2 K (DB21; their Fig. 8d).

As soon as model simulation differences arise in low-level thermodynamic vari-

ables such as 2-m temperature and 2-m specific humidity, instability quantities will

also be affected (i.e., CAPE and CIN). CAPE and CIN quantities are more sensitive

to low-level temperature and moisture; thus, we computed them from near-surface

variables. The summer average CAPE (JJA, 2016–2018) computed from the daily

WRFS output (Fig. 6a) exhibits a gradient from northwest to southeast with mini-

mal values west of the Rocky Mountains and maximum quantities along the eastern

and southern coasts. The gradient of CAPE is most pronounced through the Great

Plains region and in the Midwest states. The primary feature in the CAPE dif-

ferences map (WRFG–WRFS; Fig. 6b) is an area of reduced mean daily CAPE in

the upper Midwest of 150–200 J kg−1 (i.e., 15–20% of the climatological value in

that region). The smaller soil grain sizes restrict evaporation, leading to reduced

latent heat flux, and enhanced sensible heat flux values. Thus, negative differences

in CAPE are collocated with both the negative differences in latent heat flux (coin-

cident with negative differences in 2-m specific humidity and the positive differences

in sensible heat flux (coincident with increased 2-m temperature). Above the sur-

face, these warmer and drier conditions related to the finer soil grains create an
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environment with an elevated LCL in the WRFG simulation (not shown) compared

to the WRFS simulation. The elevated LCL leads to a reduction in CAPE and,

therefore, less conducive conditions for convection initiation and maintenance.

The JJA 2016–2018 mean pattern in CIN is slightly different from the CAPE

pattern in the WRFS simulation for this period (Fig. 6c). The eastern United

States shows more elevated values than the western United States, similar to CAPE;

however, CIN’s maximum values occur in the Great Plains (about 200 J kg−1). A

gradient is formed from that location, decreasing in all directions. The differences

(WRFG–WRFS; Fig. 6d) in CIN display a considerable reduction of CIN in an area

similar and a little west of CAPE’s negative differences. CIN’s value can be sensitive

to either temperature or moisture depending on the ratio of the environmental

stratification to the moist potential temperature lapse rate [Crook, 1996]. That is, it

depends on the lapse rate between the LCL and the LFC. The role of the surface is

primarily to define the LCL level. The warmer and drier surface environment in the

WRFG simulation related to the soil grain size would increase the LCL height and

reduce the distance between it and the LFC, in some cases, reducing CIN, thereby

making it more likely that convection will initiate.

The differences in CAPE and CIN can be traced directly to the impact of

reducing the soil grain size in the WRFG simulation. Taken together, the differences

indicate that the WRFG environment has less energy available to sustain convection

(CAPE: –150–200 J kg−1), yet, in the Midwest, that energy is more easily accessible

(CIN: –50 J kg−1), resulting in a competing effect. While it is difficult to be certain,

the differences in precipitation and the differences in CAPE share very similar spatial
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distributions. The differences in CIN and, especially in CAPE, are directly related

to the differences in surface fluxes; therefore, they are directly related to soil hydro-

physical properties via soil texture.

3.4.2 Moisture Transports

The implications of changing the soil’s hydro-physical properties extend beyond cre-

ating conducive or inhibited convective environments by thermodynamic means. By

changing the structure and evolution of the PBL through adjusting the distribution

of soil properties, low-level circulation and moisture transports are also affected. To

evaluate these processes, integrated quantities are presented in Fig. 7: precipitable

water, moisture transports, and moisture flux convergence (MFC). Mean values in

the figure are consistent with previous analysis [e.g., Roads et al., 1994].

A characteristic increasing gradient in precipitable water, or column integrated

water vapor, exists from the western deserts to the southeastern coastal regions in

the WRFS simulation (Fig. 7a), with the highest values occurring along the Gulf of

Mexico coast in Florida in the Yucatan Peninsula. The precipitable water differences

(WRFG – WRFS; Fig. 7b) describe a similar pattern to the differences in latent

heat flux (Fig. 7b) with negative values occurring throughout the Midwest, again

consistent with the area of smaller soil grain sizes. The differences in the Midwest are

mostly restricted to the lower troposphere and reflect the differences in the boundary

layer and near-surface moisture variables (DB21; their Fig. 8c). The finer soil grains

in this region restrict evaporation and lead to drier conditions above the surface.
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Additionally, there are positive differences in precipitable water throughout Central

Mexico and extending northward along the Rocky Mountains towards northeastern

Colorado and western Nebraska. These differences are consistent with the differences

in moisture transports and their convergence.

The moisture transports are shown in Fig. 7c (vectors) along with moisture

flux convergence (MFC, shaded), given by:

MFC =
1

g

∫ psfc

ptop

∇ · (qV)dp (3.1)

where q is water vapor, V vector wind field, and g is gravity, the integral is computed

on pressure coordinates. MFC has been smoothed using a two-dimensional Gaussian

smoother based on the standard deviation of the raw field. The moisture transport

vectors (1 shown every 20 grid points) indicate strong southerly flow from the Gulf

of Mexico into the Central United States, a feature consistent with the Great Plains

Low-level Jet location. The underlying contours denote negative MFC (or moisture

flux divergence) in southern Texas and Northern Mexico in the low-level jet’s entry

region. At the terminus of the low-level jet, the vectors veer eastward into the

Midwest, leading to an area of positive moisture flux convergence throughout the

southern Appalachian Mountains and the US Southeast. Also, note the strong

convergence (dark blue hues) along the western edge of Mexico, signifying the North

American Monsoon location.

Figure 7d shows that changes in the soil properties induce differences in mois-

ture transports (vector) and differences in moisture flux convergence (contours).
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The WRFG simulations show an increased southerly flow of moisture towards posi-

tive MFC differences in the Rocky Mountains, an area consistent with the positive

differences in precipitable water (Fig. 7b). These differences emanate from Central

Mexico, a place of increased soil grain size assignments in the WRFG simulation.

The differences in moisture transports in the Midwest indicate a northward exten-

sion of the Great Plains low-level jet moisture transport and concurrent veering

throughout Nebraska and extending northeastward towards Wisconsin and Indiana.

The vectors along the eastern coastal region show enhanced northerly transport of

moisture. Along southern coastal US, it shows enhanced easterly transport of mois-

ture culminating in a net cyclonic circulation of moisture transports in the eastern

US encircling the area of finer soil grains in the WRFG simulation. The underlying

moisture flux convergence differences are predominantly positive in the Midwest,

suggesting that the WRFG simulation has increased moisture flux convergence in

the same region.

In general, the larger sensible heat flux due to soil properties instigates en-

hanced turbulent kinetic energy in the boundary layer leading to higher planetary

boundary layer heights. The interaction of this PBL kinetic structure with the low-

level winds can lead to either enhanced or diminished horizontal flows at a given

height, as seen here. This agrees with previous findings where warm anomalies can

lead to enhanced meridional moisture transports [Yang and Dominguez, 2019]. Fur-

thermore, moisture transports are predominantly low-level phenomena because most

atmospheric moisture is in the lower troposphere. In some cases, the height of the

strongest winds in the boundary layer is altered, resulting in an alignment of strong
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winds and high moisture content and, therefore, enhanced moisture transports (such

as in Iowa and Illinois in WRFG). In other cases, the height of the strongest winds

is separated from the concentrated moisture, leading to reduced moisture transports

(such as along the Gulf Coast in WRFG). In both cases, the corridors of intense

winds and the areas of enhanced moisture in the PBL are directly influenced by

surface moisture and energy fluxes, which have been altered by changing the soil

texture assignments.

3.4.3 Atmospheric Water Budget

The primary components of the atmospheric moisture budget are precipitation (P),

evapotranspiration (ET), and the vertically integrated moisture flux convergence

(MFC). Commonly, the change in water content in an atmospheric column over

time is included ( δW
δt

), but this term is much smaller than the other three, so it is

left out of this first-order analysis. The atmospheric water budget can be equated

through the following relationship:

MFC = P − ET +R (3.2)

where, R, is a residual term, which accounts for any imbalances. This simple budget

equation states that the moisture entering a given area (by moisture flux convergence

and evapotranspiration) is equal to the water precipitating from that area. It is a

relationship that has been fundamental to water budget studies for decades [Berbery

and Rasmusson, 1999; Li et al., 2013; Rasmusson, 1968; Roads et al., 1994; Trenberth
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et al., 2007]. The individual terms of Eq. 2 are shown in Figure 8, and the values

over the Midwest region are expressed in Table 2.

Figure 8a shows the (JJA 2016–2018) mean precipitation from the WRFS

simulation. Enhanced P values are shown in areas of topography (the Rocky Moun-

tains and throughout the Appalachian Region), and there is an increasing gradient

of precipitation from the Rocky Mountains eastward to the Atlantic and Gulf Coasts

similar to the NLDAS Forcing (Fig. 3a) but with smaller values. The differences

due to soil texture changes in the simulations (WRFG – WRFS; Fig. 8b) depict

positive P values throughout the Rocky Mountains, consistent with the increased

precipitable water and the positive differences in MFC. However, in the eastern

United States, particularly in the Midwest, the differences are primarily negative

despite enhanced moisture convergence. Instead, the differences in the Midwest are

similar to the differences in precipitable water (Fig. 8b).

Where WRFS experienced more rainfall compared to the NLDAS forcing (Fig.

3b), WRFG experiences even more rainfall than WRFS (i.e., through the mountain-

ous western United States). Similarly, where WRFS experienced less rainfall than

the NLDAS Forcing, WRFG experienced less rainfall than WRFS (i.e., through the

Midwest). Furthermore, the negative differences in P are located in (and just east

of) the region of reduced mean CAPE (Fig. 6b). In the Midwest, there appears to

be a higher correspondence between the differences in CAPE (Fig. 6b) and precipi-

tation (Fig. 8a), than there is between MFC (Fig. 8f) and precipitation suggesting

that precipitation in this region is more sensitive to thermodynamic instability than

it is to dynamic moisture transports. Regardless, there are significant differences in
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the precipitation environments caused by both dynamic and thermodynamic means.

Each of the differences is related directly to surface fluxes, which have been modified

by using the differing soil category datasets.

Three-year JJA-averaged ET from the WRFS simulation is represented in

Fig. 8c, with the differences (WRFG–WRFS) of the same quantity in Fig. 8d.

The highest values of ET in WRFS are located along the Appalachian Mountains,

with maximum values nearing 4.5 mm day−1. The differences show that the largest

continuous area of negative differences is collocated with the area of decreasing

soil grain size in the Midwestern United States (Fig. 1c). The soil hydro-physical

properties associated with soil grain size directly affect ET because smaller soil

grains retain water more strongly at a given value of soil moisture than larger soil

grains. This retention both restricts and reduces bare soil evaporation and restricts

uptake from root systems, thus reducing transpiration, as shown in DB21.

The largest continuous area of negative ET differences (Fig 8d) is also collo-

cated, with the largest negative differences in P (Fig. 8b). Enhanced ET modifies

the thermodynamic instability (i.e., CAPE/CIN; Fig 6) to create an environment

more or less conducive for precipitation. In WRFG, the ET is reduced due to

the soil’s hydro-physical properties, creating drier conditions above the surface (see

DB21; their Figure 8c). This leads to negative differences in CAPE (Fig. 6b) in

the same region. The differences in ET (about 1 mm day−1) represent about 20%

of the simulation-average value of ET. The differences in precipitation in this area

(about 0.75–1.0 mm day−1) consequently also represent about 20% of the three-year

JJA-averaged value.
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According to Table 2, ET has large values for each month and in the seasonal

mean in both simulations. The land surface is a source of moisture in the summer

months, with ET at its most active compared to any point throughout the annual

cycle [Berbery, 2003]. Previous studies have suggested the ET is particularly difficult

to simulate and is often over- or under-estimated in modeling frameworks. A large

part of this difficulty is related to the lack of directly observed ET, therefore relying

on an attempt to represent meter-scale land surface heterogeneity, including the

effects of vegetation and soil hydro-physical properties in a much larger model grid.

Moisture flux convergence for WRFS is shown in Fig. 8e, and differences be-

tween the model simulations are shown in Fig. 8f. MFC differences tend to agree

with the differences in P: in central Mexico, positive differences in MFC are collo-

cated with positive P differences. Similarly, there are modest positive differences

in MFC throughout the Rocky Mountains in an area where there are also positive

differences in P. However, there are mostly positive differences in MFC in the Mid-

west, but there are primarily negative differences in P. According to Table 2, in the

Midwest, MFC has the smallest values compared to both P and ET. This is perhaps

unsurprising: one of the main contributors to MFC is the Great Plains low-level jet

which is maximized in the spring, not the summer months.

Additionally, the summer months are primarily void of synoptic-scale mid-

latitude cyclones that contribute significantly to moisture advection and conver-

gence/divergence. This result suggests that MFC is not necessarily the primary

driver of precipitation, and other effects (e.g., land surface forcing) may be taking

place. Nonetheless, this study shows that through the changes in soil hydro-physical
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properties, the boundary layer is altered, affecting the low-level winds and the gen-

eral circulation as it applies to the atmospheric water budget.

3.5 Conclusions

This study explored the effects of soil hydro-physical properties on atmospheric sta-

bility and the atmospheric water budget. To this end, three-year JJA regional

WRF simulations employing different external soil texture databases were con-

ducted. First, the well-known soil databases, STATSGO and GSDE, are used to

assign soil texture categories to model grid spaces. Then those assignments are used

with an accompanying look-up table to insert the appropriate soil hydro-physical

property when necessary. Look-up tables are convenient from a computing efficiency

standpoint. Still, they assume that soil properties associated with a soil texture cat-

egory in one location are the same as that category’s properties everywhere, which

may not be the case. By changing the external soil database, the spatial patterns

of the soil’s hydro-physical properties are changed. Therefore, they affect the inter-

actions between surface and sub-surface moisture and the interactions between the

soil and the atmosphere.

The STATSGO dataset provides 1-km resolution over the contiguous United

States and is developed using statistical techniques to combine multiple survey-

ing campaigns and complementary satellite remote sensing techniques. The GSDE

dataset is a modern advanced soil texture dataset developed using a more sophis-

ticated approach based on machine learning techniques. It provides global 1-km
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horizontal resolution soil data to be used primarily for Earth System modeling pur-

poses. These two datasets represent premier estimates of soil texture, and each is

widely used. However, as is evident in Fig. 1, they exhibit substantial differences.

Namely, the GSDE dataset represents a reduction in soil grain size throughout the

Midwest United States.

It has been shown that reducing the soil grain size leads to a reduction in

latent heat flux and an increase in sensible heat flux for a given value of soil mois-

ture (DB21). The changes in fluxes via soil texture altered low-level humidity and

temperature leading to differences in three-year JJA-averaged thermodynamic insta-

bility characteristics. In the Midwest, the WRFG environment experienced a drop in

mean CAPE. Reduction in CAPE signifies a reduction in energy available to sustain

convection. However, that area and areas just west of the Midwest also experienced

a reduction in CIN. The net effect of reducing both CIN and CAPE is an environ-

ment with less energy to sustain convection (smaller CAPE). Still, that energy is

more easily accessed (smaller CIN), resulting in a competing effect for precipitation

processes. The timing and location of the precipitation differences suggests a closer

relationship to the differences in CAPE rather than the differences in CIN.

Changes in surface fluxes due to the soil’s hydro-physical properties also have

dynamical implications, affecting atmospheric moisture transports and vertically in-

tegrated moisture flux convergence. Differences in sensible heat flux lead to changes

in turbulent kinetic energy (not shown) and PBL growth. In this case, those in-

teractions led to enhanced horizontal flows, such that a main general circulation

feature, the Great Plains Low-level Jet, was elongated, and in the exit region, the
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WRFG simulation indicated stronger veering into the upper Midwest. Similarly,

along the southern coastal states, there was a net easterly return flow, connecting a

net cyclonic rotation of moisture transports encircling the area of reduced soil grain

size in the WRFG simulation.

Additionally, it has been shown that changing the soil hydro-physical proper-

ties can affect each term in the atmospheric water budget: P, ET, and MFC. The

largest differences were shown in seasonal mean ET, a direct relationship in which

smaller soil grains lead to reduced ET via the mechanisms described in DB21. Lesser

but still apparent differences were found in MFC that are related to two mechanisms:

1) soil-related differences in low-level atmospheric moisture and 2) differences in low-

level horizontal winds related to soil-modulated surface heat fluxes. Furthermore,

the changes in continental precipitation depend on the type of precipitation regime:

ones that resemble and appear to be dependent on MFC (i.e., arid regions through-

out Mexico and the Rocky Mountains), and ones that are more dependent on the

thermodynamic environment (i.e., the Midwest). Both regimes seem to be affected

by soil properties through various mechanisms. The results of this study suggest

that uncertainties in the definition of soil hydro-physical properties can lead to dif-

ferences of the order of 15–20% of the mean values in the atmospheric water budget

in summer.

Finally, this work is novel because it connects surface characteristics (i.e., soil

properties) to both atmospheric thermodynamic instability and large-scale atmo-

spheric circulations fundamental to the hydrologic cycle. Using L-A interactions,

we have shown that soil properties affect surface fluxes, which alter the lower atmo-
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sphere to ultimately influence regional precipitation characteristics. These findings

are important to the consideration of soil representation in LSMs and will be helpful

in diagnosing the land surface’s role in sub-seasonal-to-seasonal prediction.

3.6 Final Summary of Physical Relationships

This study endeavored to connect prescribed land surface properties to atmospheric

stability and the general circulation by means of the atmospheric moisture budget.

The soil properties were altered by providing the model pre-processing system with

different global soil texture databases. As discussed in Chapter 2, these datasets

represent very different estimates of soil states with a notable negative differences

in soil grain size in the Midwestern United States in the GSDE dataset compared to

STATSGO. According to DB21, a reduction in soil grain size reduces mean latent

heat flux and a corresponding increase in sensible heat flux because the soil retains

moisture more strongly due to its adsorptive and capillary properties quantified

through various soil characteristics like matric potential. In this study, reduced

latent heat flux and increased sensible heat flux due to soil properties is shown

to affect the coupled land-atmosphere system through both thermodynamic and

dynamic means, eventually influencing precipitation. The essential aspects of these

relationships are illustrated schematically in Fig. 3.9.

The thermodynamic environment is assessed using both convective available

potential energy (CAPE) and convective inhibition (CIN) as proxies for atmospheric

thermodynamic instability. CAPE quantifies the energy per mass of air available to
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support and maintain convection. In areas with restricted latent heat flux and in-

creased sensible heat flux due to smaller soil grain sizes (i.e., the Midwest), there was

a corresponding reduction in mean surface-based CAPE in the GSDE simulation,

denoted by negative differences in the ensemble mean fields (red font in schematic

Fig. 3.9). The decrease in surface-based CAPE is because of the warmer and drier

conditions near the surface resultant from differences in surface sensible and latent

heat fluxes. The surface fluxes responded to the changes in soil texture; therefore,

the differences in CAPE can also be related to differences in soil texture. The nega-

tive differences in CAPE in the Midwest signify an area with less energy to sustain

convection in the ensemble mean (red text in schematic Fig. 3.9).

Following a similar mechanism, convection inhibition (CIN) is calculated based

on low-level temperature and moisture, as well as atmospheric stability near the top

of the PBL. Because the calculation of CIN is dependent on surface temperature and

moisture values, it also responds directly to the decreased moisture and increased

temperature associated with the soil-related reduction in latent heat flux and the

increase in sensible heat flux. The warmer and drier atmospheric conditions near the

surface led to negative differences in CIN in the Midwest in the GSDE simulation

(green text in Fig. 3.9); therefore, the simulation with smaller soil grains had

less energy available for convection (–CAPE), but that energy was easier to access

(–CIN).

The low-level temperature and moisture quantities in CAPE and CIN are

fundamental to determining the final atmospheric stability characteristics. In this

way, both can be linked directly to latent and sensible heat fluxes. The surface heat
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fluxes have been shown to respond to soil characteristics and soil moisture; therefore,

changing the soil characteristics can lead to important differences in atmospheric

stability.

The dynamic environment is linked to the land surface primarily through

sensible heat flux. Increased sensible heat flux enhances surface-based turbulent

kinetic energy in the boundary layer. The turbulent layer causes the boundary

layer height to grow and decay diurnally. Horizontal winds in the boundary layer

can either constructively or destructively interfere with the turbulent eddies. This

can cause locally enhanced or diminished horizontal flows at low levels, which af-

fects both horizontal transport of moisture via advection and the horizontal conver-

gence/divergence of that moisture. In the Midwestern United States, the reduction

of soil grain sizes led to an increase in sensible heat flux and a reduction in surface

latent heat flux. This caused an increase in low-level moisture transports through-

out the Central United States into the Midwest (light blue arrows in Figure 3.9b),

and a corresponding increase in the convergence of that moisture in the exit region

of the enhanced flow (black text in Fig. 3.9).

Large areas of differences in surface sensible and latent heat fluxes can also

lead to more regional and continental-scale differences in circulation. In the Eastern

United States, there is a net anti-cyclonic circulation apparent in the vertically-

integrated moisture flux difference field, which indicates a weakening of the con-

tinental cyclonic circulation of moisture transports. Due to the differences in soil

grain sizes, it is co-located with a large area of reduced latent heat fluxes and in-

creased sensible heat fluxes. This circulation is less apparent in the wind field (not
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shown), and is likely due to differences in the gradient of atmospheric moisture.

Through both thermodynamic and dynamic means, soil characteristics have

been shown to alter each term of the atmospheric water budget, given by:

P − E =
1

g

∫ psfc

ptop

∇ · (qV)dp (3.3)

where the RHS represents vertically-integrated MFC. In this framework, soil

characteristics have altered ET directly due to soil properties interacting with soil

moisture. Differences in precipitation in the Midwest and throughout the western

mountain corridor were related to changes in surface fluxes through differences in at-

mospheric stability (CAPE/CIN) and moisture transport. Differences in vertically-

integrated MFC suggested a relationship between surface fluxes and the horizontal

wind field, such that moisture transports were enhanced and diminished to increase

convergence in an area of reduced soil grain sizes and the corresponding differences

in fluxes (i.e., the Midwest). Precipitation was discussed via thermodynamic and

dynamic mechanisms. It has been shown that differences in surface fluxes caused by

soil characteristics have influenced atmospheric stability, the horizontal transport of

moisture, and the resulting regional precipitation characteristics.
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Location
Lat, Lon

Source Soil Type Veg. Type

US–ARM
36.605, -97.485

Flux Tower silt loam
(nearby)

CRO; winter wheat,
soy, alfalfa

STATSGO silt loam grasslands

GSDE clay loam grasslands

US–MMS
39.323, -86.413

Flux Tower unspecified Decid. Broadleaf For-
est; > 60% coverage

STATSGO silt loam Decid. Broadleaf For-
est

GSDE loam Decid. Broadleaf For-
est

US–IB1
41.859, -88.222

Flux Tower silty clay
loam

CRO; corn, soybean

STATSGO silt loam urban, cropland

GSDE silty clay
loam

urban, cropland

Table 3.1: Describes the characteristics of each Ameriflux Tower site according to
the Site Metadata compared to the characteristics of the associated grid spaces in
both model environments.
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WRFS WRFG

3-year
mean

P MFC ET Res P MFC ET Res

June 2.95 0.55 4.72 1.22 2.83 0.67 4.56 1.06
July 2.55 0.92 4.12 0.64 1.98 1.11 3.64 0.55
August 1.81 1.17 2.87 -0.11 1.57 1.84 2.52 -0.89
Total 2.44 0.88 3.90 0.58 2.13 1.21 3.57 0.24

Table 3.2: The main components of the atmospheric water budget are shown from
the Midwest: precipitation (P), moisture flux convergence (MFC), evapotranspira-
tion (ET) and the residual (RES). Single-month averages are included as well as the
full-period means. All units are mm day−1.
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Figure 3.1: Soil category assignments are shown for (a) STATSGO, (b) GSDE, and
(c) for the ten most common soil category transitions. The soil categories (a and
b; adapted from DB21, their Fig 1a, 1b, respectively) are defined by the key in (a).
The transitions (c) are organized by change in grain size with larger-to-smaller (i.e.,
decreasing grain size) transitions in cool colors, and smaller-to-larger transitions
(i.e., increasing grain size) in warm colors. The assigned wilting point is shown for
(d) STATSGO, and (e) GSDE, as well as (f) the differences (GSDE–STATSGO;
e–d). The field capacity for (g) STATSGO and (h) GSDE is shown, as well as (i)
the differences (GSDE–STATSGO; h–g) in field capacity.
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Figure 3.2: The diurnal cycle of latent (W m−2) and sensible heat flux (W m−2)
the model simulations are compared to Ameriflux tower in-situ flux measurements.
The location of each tower is given as lat/lon coordinates, and it is shown in the
inset map. Solid lines represent latent heat flux, while dotted lines show sensible
heat flux. The Ameriflux towers (black) are compared to WRFS (blue) and WRFG
(red) at each flux tower location.

91



Figure 3.3: Meteorological fields from the NLDAS Forcing are shown in the left
column: (a) precipitation (mm day−1), (c) 2-m temperature (K), and (e) 2-m specific
humidity (g kg−1). Differences (WRFS – NLDAS Forcing) are shown in the right
column bilinearly interpolated to the NLDAS grid: (b) precipitation (mm day−1),
(d) 2-m temperature (K), and (f) 2-m specific humidity (g kg−1).
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Figure 3.4: Domain-average daily mean values of (a and c) precipitation and (b
and d) latent heat flux are shown as estimated probability distribution functions.
Monthly analysis (a and b) of June (blue), July (orange), and August (green) are
shown, as well as yearly analysis (c and d) of 2016 (blue), 2017 (orange), and 2018
(green). The full ensemble mean distribution is shown in black for each variable.
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Figure 3.5: Three-year JJA-averaged surface (a) latent heat flux (W m−2) and (c)
sensible heat flux (W m−2) maps are shown for the WRFS simulation as well as
the differences (WRFG – WRFS) in (b) latent heat flux and (d) sensible heat flux,
which were adapted from DB21 Fig. 7c and 7d, respectively.
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Figure 3.6: Three-year JJA-averaged (a) CAPE (J kg−1) and (c) CIN (J kg−1) maps
are shown for the WRFS simulation as well as the differences (WRFG – WRFS) in
(b) CAPE and (d) CIN.
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Figure 3.7: Three-year JJA-averaged quantities are shown for the WRFS simulation
in the left column (a,c,e), and the differences (WRFG–WRFS) in those quantities
are shown in the right column (b,d,f). The first row is precipitable water (kg m−2).
The second row displays vertically-integrated moisture flux convergence (mm day−1;
shaded), and overlaid moisture flux vectors (kg m s−1; see keys for standard vector
sizes).
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Figure 3.8: The main components of the three-year JJA-averaged atmospheric water
budget are displayed for the WRFS simulation in the left column: (a) P, (c) ET, and
(e) MFC; while, the differences (WRFG – WRFS) in simulation-averaged quantities
are shown in the right column: (b) P, (d) ET, and (f) MFC. All units are mm
day−1).
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Figure 3.9: A schematic depicting the physical relationships established in Chapter
3. In the Midwest, in the simulation with larger soil grains (a) there was an increase
in ET (green arrow) compared to the same area with smaller soil grain sizes (b). The
simulation with larger soil grains (a) had an increase CAPE (bold red text), and CIN
(bold green text), and Precipitation (P; large dark blue arrow). The simulation with
smaller grain (b) had an increase in MFC (bold black text), resulting from differences
in horizontal winds (u; purple arrows), low-level moisture (Q), and the convergence
of moisture flux vectors (light blue arrows).
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Chapter 4: Soil Hydro-physical Parameter Uncertainty Leads to Dif-

ferences in Simulated Land–Atmosphere Coupling

The work presented in this Chapter is undergoing preparation for submission to the

Journal of Hydrometeorology in the near future.

4.1 Introduction

Land surface models (LSMs) are common tools used to estimate current and future

land surface states through physical relationships that exist within surface and sub-

surface systems. They can be used in standalone mode, forced with meteorological

inputs, or they can be configured to function coupled to an atmospheric model.

LSM development has occurred rapidly in the last two decades concurrent with the

evolution of computing systems and storage. In particular, the ability for LSMs

to predict surface snow depth and characteristics [Ek, 2003; Niu et al., 2011], to

describe the evolution of vegetation in the annual cycle [Cramer et al., 2001], to

account for advanced canopy-radiation interactions [Niu and Yang, 2004], to include

agricultural practices [Pugh et al., 2015], and to include the influence of urban

centers on temperature and surface fluxes [Kusaka and Kimura, 2004; Salamanca

et al., 2011] has evolved rapidly. Yet throughout this evolution, one aspect of LSMs
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has remained fairly constant: the representation of water movement in a vertical

column [i.e., Mahrt and Ek, 1984], and the role of soil hydro-physical properties in

that relationship [Chen and Dudhia, 2001].

Due to large land surface heterogeneity (at meter and sub-meter scales), LSMs

are reliant on empirically derived parameters, many of which are poorly observed.

In Noah-MP, for instance, there are more than 130 standard and hard-coded pa-

rameters [Cuntz et al., 2016]. The representation of soil processes alone introduces

dozens of highly uncertain, empirically-derived parameters, and these soil parame-

ters have some of the largest impacts on surface water and energy fluxes [Arsenault

et al., 2018].

Soil processes are dependent on external soil texture classification databases,

and these soil texture classes need to be linked to soil hydro-physical properties

via pedotransfer functions (PTFs), of which, there are many [See van Looy et al.,

2017, for a review]. PTFs are both used to derive the parameters that are used in

LSMs, and they are included in the LSM structure itself. For example, Cosby et al.

[1984] fit a power function to laboratory measurements of soil suction for each USDA

soil texture class. Now, commonly in LSMs (including Noah-MP and CLM), both

the fitting parameters and the power function are used as a part of the modified

Richards Equation, to simulate water movement vertically in the soil column [Chen

and Dudhia, 2001].

These soil hydro-physical parameters are derived in laboratory experiments,

based on regional surveying campaigns then applied widely in space—assuming, for

instance, that sand in one location is the same as sand everywhere. Following this
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framework, there is uncertainty in the external soil texture classification databases,

there is uncertainty in the PTFs, and there is uncertainty in the parameter defini-

tions that are inserted into the PTFs.

In this study, we analyze the impact of these soil hydro-physical parameter

definitions on land–atmosphere exchanges of heat and water. We utilize a mod-

ernized soil parameter table with updated hydro-physical properties [Kishné et al.,

2017, ; hereafter K17], and compare it to the default soil property table in the WRF

modeling suite. Section 2 will address the model design, discuss the role of soil

hydro-physical properties in this modeling configuration, as well as describe each

table and their origins. Section 3 will discuss the impacts of these parameters on

seasonal model simulations. Our final thoughts, and conclusions will be presented

in Section 4.

4.2 Experimental Design

4.2.1 Model design

This study utilizes the Weather Research and Forecasting model (WRF) version

4.1.2 [Skamarock et al., 2008] coupled to the Noah-MP land surface model [Niu et al.,

2011] version 3.1 to evaluate the role of soil hydro-physical parameter definitions

in land surface and coupled land-atmosphere processes. Two sets of experiments

are conducted. The first utilizes the default soil parameter descriptions provided

with the coupled WRF/Noah-MP modeling suite, and the second exchanges those

parameters for the updated K17 parameters. For each variation, simulations are
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conducted from January 1, 2020 through August 30, 2020. The initial 6 months are

chosen for model spin-up, and they are considered sufficient to bring deep layer soil

moisture into equilibrium. At the end of the spin-up period, the summer months

(JJA) are considered for evaluation. Ensemble members are initiated on consecutive

days from the end of the spin-up period: May 28, May 29, and May 30. Multiple

days are used to account for dependence on model initial conditions. The early days

are excepted, and only June 1 through August 30 are considered for analysis.

The model grid is set to 12-km horizontal resolution and is configured roughly

over the CONUS region. There are 50 vertical levels, with the additional levels

added to the lower atmosphere to better represent the boundary layer. The hori-

zontal resolution mandates a convective parameterization: the Betts-Miller-Janj́ıc

convective scheme is chosen [Janjić et al., 2001]. Thompson single-moment micro-

physics are implemented [Thompson et al., 2008] as well as, the RRTM-G radiation

scheme [Iacono et al., 2008]. A second-order closure, non-local planetary bound-

ary layer (PBL) scheme (MYNN2) is chosen to represent turbulent processes in the

boundary layer [Nakanishi and Niino, 2006].

4.2.2 Use of soil parameters in Noah-MP

The LSM chosen for these simulations is the Noah-Multi-Physics [Noah-MP; Niu

et al., 2011]. The Noah-MP LSM has been used and tested extensively serving

as the lower boundary condition of NOAA’s operational Global Forecast System

(GFS) and the Climate Forecast System (CFS). It is the main LSM in NASA’s
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comprehensive land modeling framework: Land Information System [Kumar et al.,

2011]. It has served as the primary land surface model through the development of

the North American Land Data Assimilation System [NLDAS; Cosgrove et al., 2003],

and other multi-institutional community-wide initiatives, and it very commonly used

for research applications such as this. For a more robust description, please refer to

Appendix C.

Noah-MP represents many processes within the land surface system in very

fine detail. Compared to its predecessor, Noah, Noah-MP separated the canopy from

the ground surface, which allows for more complex physical processes such as precip-

itation throughfall, sub-canopy turbulence, and canopy shading to be represented in

a far more realistic way improving the surface energy balance. Similarly, in Noah-

MP there are improved snow and frozen soil processes, and an unconfined aquifer

serves as the lower boundary condition, which improves soil storage, recharge, runoff

estimation [Niu et al., 2011].

The transport of water within the surface is controlled by a version of the

Richards Equation:

δθ

δt
=

δ

δz

[
K

(
δΨ

δθ

)
δθ

δz

]
+
δK

δz
+ Fθ, (4.1)

where, θ is volumetric soil moisture, Ψ represents matric potential, K describes

unsaturated hydraulic conductivity, z is depth (m), t is time (s), and F is a general

source sink term that includes the effects of infiltration, percolation, and evaporative

processes. Matric potential can be described by:
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Ψ = Ψs

(
θ

θs

)−b
(4.2)

(i.e., Cosby et al. 1984). While, K follows the Campbell (1974) formulation:

K = Ks

(
θ

θs

)2b+3

. (4.3)

Volumetric soil moisture at saturation, or the porosity, is represented by θs. Ks

and Ψs are the saturated hydraulic conductivity, and the saturated matric potential,

respectively. b, in the definitions of K and Ψ, represents a curve-fitting parameter

that displays a significant control over the both terms, but is heavily dependent

on the samples from which it was derived. Because the Richards Equation in this

form controls the transport of soil moisture, and it is strongly dependent soil hydro-

physical parameters, the performance of Noah-MP is also dependent on soil hydro-

physical parameters.

4.2.3 Soil hydro-physical parameters

The default soil hydro-physical parameters in the SOILPARM.tbl in Noah-MP are

collected from multiple sources and have evolved over the last two decades to include

additional categories (e.g., playa, lava, etc.), and some additional parameters (e.g.,

QTZ etc.) (See Kishné et al. [2017] for a detailed review; their Table 2). For this

discussion, we will focus on four of the original parameters: BB (b), MAXSMC

(porosity), SATPSI (saturated matric potential), and SATDK (saturated hydraulic

conductivity), which were each defined in Cosby et al. [1984] for 11 out of 12 of the
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original USDA soil categories (excluding silt).

Cosby et al. [1984, ; hereafter C84] used soil data from Holtan et al (1968)

Holtan et al. [1968]. It includes 1448 soil samples acquired from 35 sites spread

across 23 states and multiple major watersheds. The primary analysis included

measuring soil water retention across multiple pressure heads. These parameters

were the result of both measurement and fitting of a power function (given in Eq.

2). The mean values of each parameter from that analysis are used today in the

SOILPARM.tbl. See Fig. 1 for the original values of each of these four parameters,

and their standard deviations.

The soil hydro-physical parameters presented in K17 represent a more ro-

bust surveying campaign, utilizing 6749 soil samples from 850 profiles. While, C84

analyzed soil samples from localities distributed across the CONUS region, K17 pa-

rameters constitute a more high-resolution sampling strategy, with all 850 profiles

located in and around Texas (See K17, their Fig. 1). The goal being to investigate

the default table’s relevance to soil and hydrological studies in the Texas region. It

was not the goal of the K17 experiment to provide a widely applicable soil parameter

table, so while it uses more samples, it is limited by the same regional limitations

as the previous table in all areas outside of Texas and its surrounding states.

K17 parameters are also included in Fig. 1. For instance, Fig. 1a shows the

porosity (θs) values for both K17 and the default parameter table. The differences

in Fig. 1a are modest and less than the reported standard deviation, indicating the

original reported standard deviation in C84 was sufficiently variant to describe this

parameter. The same is true in Fig. 1b, except notice that the standard deviation
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in most categories is twice the parameter value, suggesting both significant variation

in the laboratory measurements, and overlapping parameter values in adjacent cat-

egories. The b parameter (Fig. 1c) is also highly variable (large standard deviations

relative to value). In the case of the b parameter in sandy loam and clay loam, the

differences between K17 and the default parameters are larger than the standard

deviations, suggesting that the parameters in C84, were likely not representative

of all conditions. Further, the differences in saturated matric potential (Ψs) (Fig

1d) for most soil categories are larger than the original reported standard deviation

value, suggesting again an inadequate representation of the parameter variance.

Figure 2 shows matric potential (a) and unsaturated hydraulic conductivity

(b) for select soil categories across a range of typical soil moisture values, following

Eq 2, and Eq 3, respectively. If matric potential for sand is considered, the values

are very similar at high soil moisture values, however as soil moisture decreases,

the differences between K17 parameters and default increases. This behavior is the

opposite in clay, with very similar values at low moisture, however with increas-

ing differences with increasing soil moisture. This contrasting behavior indicates

that soil moisture and the coupled system response will vary depending on both

soil texture category and climatic regime (i.e., moisture-limited vs. energy-limited

environments).

The differences in soil parameters are mapped on the model grid in Fig. 3,

along with the soil texture classification map (Fig. 3a). Differences in saturated

hydraulic conductivity (Fig. 3b) are fairly wide-spread along the U.S. East Coast,

and throughout the Mountain West, with the largest negative differences seen in
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Florida and western Nebraska, associated with the sand category. Large positive

differences are also seen in the U.S. Southeast in Georgia, and Alabama, primarily

associated with sandy loam, and minor negative differences are found throughout the

Midwest associated with silt loam. Differences in saturated matric potential (Fig.

3c) are moderately positive throughout the Midwest (silt loam), and moderately

negative in the west and throughout Mexico (loam). Differences in porosity (Fig.

3d) are mostly positive, with large positive values for the sand category in Florida

and Nebraska, and moderately positive throughout the Midwest (i.e., silt loam).

There are also minor negative values in porosity (Fig 3d), throughout the Texas

region (clay loam), and along the Eastern Coast of the Gulf of California (sandy

clay loam). The b parameter is shown in Fig. 3e. Strongly negative quantities occur

throughout the U.S. Southeast, and throughout the Western States (mostly sandy

loam), and weakly positive values elsewhere.

A change in parameters leading to an increase in matric potential would cause

the soil to retain water more strongly, and the opposite is true for a change leading

to a decrease in matric potential. A change in parameters leading to an increase in

hydraulic conductivity would increase the amount of moisture transmitting through

a volume of soil in a given time (i.e., increase sub-surface flow rate), and the opposite

is also true for a change leading to a decrease in hydraulic conductivity. In general,

these parameters are hydrologically consistent, meaning that for these parameters

to change with opposite impacts would be rare. For instance, negative differences

in b in the western states would lead to both a decrease in matric potential, and an

increase in hydraulic conductivity leading to a scenario where the soil retains water
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with less force and the flow rate has increased. As such, negative differences in b in

the west would be expected to lead to a decrease in available moisture in the soil,

and a reduction in latent heat flux. However, in arid regions like the west, extremely

dry soil conditions often limit the impact of soil hydro-physical parameters because

in both cases the soils are dry enough to continue to retain moisture very strongly,

both still limiting ET in a similar way, despite differences in matric potential. While

a change in b would affect both matric potential and hydraulic conductivity, a change

in saturated hydraulic conductivity (Ks) or saturated matric potential (Ψs) would

affect only hydraulic conductivity or matric potential, respectively.

Regional parameter differences such as those associated with the larger con-

tinuous area of silt loam will allow the differences in parameter values to project

themselves onto regional scales. Features like those associated with silt loam in Mid-

west will emphasize parameter differences, as opposed to other cases with a more

discontinuous representation. We expect that while there still may be differences

associated with local areas of relatively large parameter differences, the regional cli-

mate and general circulation will respond more strongly to larger coherent areas of

reduced or increased parameter values.

4.3 Parameter Impacts and Validation

We will examine next the response of the model simulations to changes in soil

hydro-physical parameters by calculating differences in the ensemble mean for cer-

tain variables relevant to land surface processes and land–atmosphere coupling,
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and comparing those fields to observations. This approach will generally follow

the land–atmosphere coupling processes chain, excluding the impact of entrainment

from the free-troposphere and cloud cover [Santanello et al., 2009]. It will consider

soil moisture, surface fluxes, and the response of 2-m temperature and precipitation.

To estimate model performance, a general performance metric is used for land-only

points. Mean absolute error (MAE) is used, given by:

MAE =
1

n

n∑
n=1

|yi − xi| (4.4)

Where n is the number of land-only points, x represents the observed value,

and y represents the predicted value. This quantity is averaged in time across the

3-month period (JJA 2020), and it will give us an indication whether improved

performance was achieved by updating the soil hydro-physical parameters or not.

4.3.1 Soil moisture

First, it is necessary to analyze differences in volumetric soil moisture. The soil

hydro-physical parameters dictate the movement of water at the surface and below,

so it is expected that changing the hydro-physical parameters will lead to differences

in volumetric soil moisture. For model validation, Soil Moisture Active-Passive

(SMAP) Level 4 Rootzone soil moisture is used [Reichle et al., 2019]. The SMAP

Level 4 dataset at 9-km horizontal resolution is derived from the raw SMAP satellite

data which is surface based (5 cm in depth), and is propagated downwards using

the Catchment Model. This constitutes a reliable estimate and land surface states,
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and is used in this procedure as the “truth” despite its own possible minor biases.

It is bi-linearly interpolated to the model grid so spatial biases can be calculated,

and rootzone soil moisture is considered (0–100 cm depth).

Figure 4 shows (a) SMAP soil moisture and compares it with ensemble mean

soil moisture from both (b) the set of WRF simulations utilizing K17 (hereafter,

WRFK17) and (d) the set of WRF simulations using the default settings (hereafter,

WRFdefault). The mean fields show a decrease in average soil moisture from west-to-

east, with the largest values in the Midwest United States, and within the eastern

Mississippi River Watershed. Values in the SMAP L4 data are more extreme than

the simulated soil moisture: drier in the dry areas, and wetter in the wet areas.

Some similar features are apparent, such as the relative dryness in Florida, and

the relative dry region in western Nebraska. In general, the patterns of rootzone

soil moisture are very similar. Calculating the model biases, reveals the patterns

discussed. Relative dry areas in the east, denoted by negative differences, and

relative wet areas in the west denoted by positive differences. The MAE for each

simulation is similar with only a slight, but perhaps negligible improvement for the

K17 simulation. Total soil moisture and differences between simulated soil moisture

and the observed soil moisture are related to many processes connected to the land

surface and the coupled land-atmosphere system, making it difficult to infer which

parameters lead to these differences; however, evaluating the differences between

the model simulations is more useful for this purpose.

Figure 5 shows the differences in the ensemble mean soil moisture with each soil

layer. Layer 1 (a) (0–10 cm depth) shows positive differences in the west (i.e., area
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where K17 is retaining more moisture), negative values in the Midwest. Notice how

the second (Fig. 5b) and third (Fig. 5c) layer are almost the opposite sign. The top

and bottom soil layers are more difficult to interpret because, not only are soil hydro-

physical properties working to alter soil moisture, but also there is input/removal

of moisture from the top layer directly from atmospheric processes, and there is

input/removal to the deepest layer from aquifer/groundwater interactions.

The middle two layers show very similar patterns to each other, which mainly

follow the patterns in b. Negative differences in b (i.e., the Western U.S. in Fig. 3e),

will cause the soil to retain moisture less strongly following matric potential (Eq. 2),

and unsaturated conductivity is impacted: the rate of drainage will increase leading

to negative differences in soil moisture in the west. This mechanism is enhanced

by the mostly positive differences in saturated hydraulic conductivity (Fig. 3b),

and the mostly negative differences in saturated matric potential (Fig. 3c), both

supporting the increased conductivity, and reduced retention, respectively.

There are positive differences in soil moisture in the upper Midwest in the

middle two soil layers, the opposite of what was seen in the West. Reversing the

mechanism from above, this area has positive differences in b (i.e., leads to increased

retention and reduced conductivity) and saturated matric potential (i.e., increased

retention), while the differences in saturated hydraulic conductivity are negative

(i.e., reduced flow), (Figs 3e, c, b, respectively). Also note the there is a positive

difference in porosity. Increasing porosity reduces drainage, and increases moisture

retention, though lesser so than the other more impactful parameters. Each of these

together leads to positive soil moisture differences at mid-levels in the Midwest.
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4.3.2 Surface fluxes

The differences in soil moisture are expected to lead to differences in the partition-

ing of water and energy fluxes at the surface. Ensemble mean latent heat flux in

the WRFdefault simulation (Fig. 6a) shows near-zero values occupying much of the

Western states, and increasing towards the East, with values reaching their maxi-

mum (about 150 W m−2) along the Appalachian Mountains. Differences in mean

latent heat flux (Fig. 6b) show an area of largely negative values in the Midwest

region, in the same area as the negative differences in the top-layer soil moisture. It

appears that the latent heat flux is responding to the top-layer soil moisture instead

of responding to the deeper rootzone layers. The ensembles utilize the same vegeta-

tion assignment, so even though soil properties influence vegetation at the soil-root

interface, the differences in transpiration could be low. In fact, given the magni-

tude of the differences, these could be primarily related to the bare soil evaporation,

which can occur in the non-vegetated fraction of each grid space. These differences

in latent heat flux from the top soil layer are due to the negative differences in soil

moisture shown in Fig. 4a.

Notice the area of strongly positive differences in Nebraska, in a region that

we earlier noted as sand (See discussion of Fig 3). Compare that sand region to

the region classified as sand in Central Florida. Despite the same changes in soil

hydro-physical properties for this texture category, and similar values in soil mois-

ture, there are strong differences in latent heat flux in Nebraska, which do not

occur in Florida. This is because the impact of soil hydro-physical properties on
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surface fluxes is sensitive the climate regime. Soil properties are less important in

water-limited environments, because regardless of soil texture category, the matric

potential retains moisture so strongly for all categories that it is unlikely to be re-

moved through ET. Similarly, in energy-limited environments soil moisture moves

rather free of constraint from matric potential, and drainage is only limited by K.

It is in the middle-range of possible soil moisture values that the soil properties have

a larger impact on surface fluxes, and soil moisture movement.

The response in sensible heat flux to the differing soil hydro-physical properties

(Fig. 6d) is similar but opposite sign to the response of latent heat flux. There is a

strongly positive area in the Midwest, with near zero values in most other regions.

Energy that impinged on the land surface was distributed, and the energy that did

not evaporate moisture went into sensible heat flux; therefore, we expect negative

differences in latent heat flux and positive differences in sensible heat flux to be

collocated following the surface energy balance.

4.3.3 2-m Temperature

In the next stage of the land surface-atmosphere coupling process chain, it is ex-

pected that increased matric potential will affect surface fluxes (i.e., reduced ET,

increased sensible heat flux) leading to differences in low-level thermodynamic vari-

ables (i.e., increased 2-m temperature and reduced 2-m specific humidity), while

regions with decreased matric potential would do the opposite. The same thinking

can be applied to hydraulic conductivity.
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The ensemble mean 2-m specific humidity shows a gradient of increasing val-

ues across the CONUS region, from west-to-east, with the highest values along the

eastern and southern coast of the U.S. and the eastern coast of Mexico (Fig. 7a).

Differences in ensemble mean specific humidity closely match differences in ensem-

ble mean latent heat flux (Fig. 6b) with negative moisture values in the Midwest

collocated with negative latent heat fluxes driven by soil hydro-physical properties,

and slightly positive values along the southern east coast of the U.S. and over the

region in western Nebraska, both collocated with positive differences in latent heat

flux and classified as sand. A similar picture can be illustrated for 2-m temperature.

Positive differences in 2-m temperature exist in the Midwest region collocated with

positive differences in sensible heat flux, along with the corresponding negative dif-

ferences along the southern east coast of U.S. and in Nebraska. These differences

in 2-m thermodynamic variables closely match the differences in surface latent and

sensible heat fluxes, which were induced by soil hydro-physical parameters.

To see if the differences in Fig. 7 translate to differences in model performance,

simulated 2-m air temperature is compared to the Global historical Climate Net-

work–Climate Anomaly Monitoring System [GHCN-CAMS Fan and van den Dool,

2008]. The GHCN-CAMS data are interpolated from their original 0.5◦ resolution

grid to the 12-km grid using a bi-linear approach. These data have not under-

gone any correction for topography, nor for bias resulting from the interpolation.

While it is understood that topography will influence the temperature by simple

thermodynamic relationships, our discussion will focus on areas away from extreme

topographical features (e.g., the Rocky Mountains) and will instead focus on the
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U.S. Great Plains region.

The GHCN-CAMS 2-m temperature shows a general increase in temperature

from north to south, with maximum values in the desert Southwest, and along

the coast of western Mexico (Fig 8a). Both ensemble mean temperatures reveal a

slightly different pattern with an extension of the southern coast U.S. temperatures

into the high plains of the Central U.S. (Fig. 8b and d). If the bias is considered for

each ensemble there is a prominent warm anomaly in the northern U.S. Great Plains

(Fig. 8c and 8e). This is not an uncommon feature in both seasonal and longer-

term simulations during summer in the Great Plains (i.e., Dennis and Berbery, 2021;

Klein et al 2006). In general, both ensemble mean 2-m temperatures are similar in

their representation of the observed seasonal mean. The MAE for each ensemble

supports this assertion with a difference of only 0.04.

Temperature at 2-m can also be compared to station observations (Fig. 9).

Each station in Fig. 9, represents an Automated Surface Observing Station (ASOS)

site at a regional airport in Texas. Texas was chosen because it is the location of soil

samples used to derive the K17 soil hydro-physical parameter dataset. It is expected

that in this location, there should be an improvement in land surface representation,

which should theoretically translate to improved temperature representation. These

data were collected from the Integrated Surface Database [ISD; Smith et al., 2011].

This remarkable database represents a vast collection (more than 35,000 stations) of

global hourly and synoptic observations from numerous sources including the ASOS

program, with some stations having over 100 years of activity.

The simulated ensemble mean diurnal temperature evolution closely follows

115



the observed diurnal evolution of 2-m temperature at each ISD station (Fig. 9). In

Abilene (Fig. 9a), both ensemble mean temperatures are slightly warmer throughout

the diurnal cycle than observations however, this bias is less than 2◦ C, with a very

modest improvement from WRFdefault. This is a similar situation in the other

locations, with the exception of San Antonio, which has a notable cool bias for both

ensemble mean diurnal cycles overnight and into the early afternoon. Furthermore,

this is another instance of differences in the ensemble means, but neither resulting

in a substantial improvement in the general model performance.

4.3.4 Precipitation

Differences in surface fluxes caused by soil hydro-physical properties led to differ-

ences in low-level thermodynamic variables. The land surface-atmosphere coupling

process chain culminates with the precipitation responding to the thermodynamic

evolution of the PBL. Following this approach, precipitation is analyzed to see

if changing soil hydro-physical properties, which altered soil moisture and surface

fluxes, will lead to differences/improvements in precipitation representation.

Simulated ensemble mean precipitation is compared CPC Global Unified gauge-

based precipitation dataset [Chen et al., 2008; Xie et al., 2007]. The CPC Global

Unified Precipitation data was provided by the NOAA/OAR/ESRL PSL, Boulder

Colorado, USA, from their web site https://psl.noaa.gov/data/gridded/data.cpc.globalprecip.html.

Similar to GHCN-CAMS, the CPC data is originally 0.5◦ resolution, and is bi-

linearly interpolated to the model grid without correction.
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CPC Unified Precipitation shows a dearth of precipitation in the arid western

states, with precipitation increasing towards the eastern U.S. coasts (Fig. 10a).

The highest values of observed precipitation are greater than 4.5 [mm day−1], which

occur along the eastern and southern U.S. coasts, and in Mexico along the west

coast in the North American Monsoon region. The ensemble mean precipitation is

lesser than observations in most areas in the eastern U.S. with most rain in the U.S.

falling along areas of topography, instead of through the Midwest and along the

coasts (Figs. 10b and 10d). The ensemble mean bias tells a similar story (Figs. 10c

and 10e) , with large negative differences in the eastern U.S. Both of the ensemble

mean precipitation representations are very similar, supported quantitatively by the

small differences in MAE. Differences between the ensemble mean precipitation are

apparent (not shown) but are less than shown in previous studies (i.e., Dennis and

Berbery, 2021) with maximum differences of about 0.4 [mm day−1]. The differences

are collocated with the more substantial surface flux differences (i.e., mostly east of

the Rocky Mountains).

4.4 Final Thoughts

This study utilized the coupled WRF-Noah-MP modeling suite to conduct two sea-

sonal simulations using an ensemble approach to compare the use of two soil hydro-

physical parameter datasets. The default soil parameter dataset is associated with

many LSMs that use a look-up table, including Noah-MP and CLM. The other soil

parameter dataset, that of K17, was derived as an alternative to the default, but
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mainly for use in Texas and the surrounding region. Even though K17 is not meant

for continental simulations such as these, it offered a set of hydrologically-consistent,

plausible soil parameters, which enabled this more general study looking at the im-

plications of changing soil hydro-physical parameter values on land surface states,

and land-atmosphere coupling. Changing soil hydro-physical parameters does not

improve the shortcomings associated with a look-up table. Both of these parame-

ter sets are still not regionally transferable, and soil texture categories are not fine

enough to be representative of soil texture heterogeneity and behavior.

This study focused on four variables in particular: porosity (θs), saturated

matric potential (Ψs), saturated hydraulic conductivity (Ks), and b. From these

parameters and volumetric soil moisture, one can calculate both matric potential

following C84 (Eq. 2), and unsaturated hydraulic conductivity following Campbell

(1974) (Eq. 3); two values which are critical to representing soil moisture movement

below the surface. In some cases, differences in both the b parameter and saturated

matric potential were greater than the original reported standard deviation of those

parameters, suggesting larger variability in soil samples.

Differences in these hydro-physical parameters translated to differences in soil

moisture. In some areas (like the western states), conductivity was increased, and

matric potential was mostly decreased, creating a situation where the soil would

transmit water quicker, and retain moisture less strongly; however due to the general

aridity of the landscape, few differences were seen associated with soil hydro-physical

properties. In other cases, like in the Midwest, matric potential was increased, so the

soil retained moisture more strongly leading to positive differences in soil moisture
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at level two and three, but negative differences in the top soil, which responds

more quickly to coupled land-atmosphere effects. In either case, the response of the

soil moisture to the differences in hydro-physical properties varied by region and

climate regime. Soil parameter-related differences in soil moisture led to differences

in surface sensible and latent heat fluxes, which were again sensitive to both region

and climate regime. The primary flux differences were located in the Eastern U.S.,

in a less arid climate, with strong negative differences in the Midwest associated

with decreased top-layer soil moisture. Strong negative differences in latent heat

flux were collocated with strong positive differences in sensible heat flux obeying

the surface energy balance.

Following the land surface atmosphere coupling process chain, differences in

soil moisture and surface fluxes led to physically consistent differences in low-level

thermodynamic variables. While these thermodynamic variables differed, when com-

pared to observations those differences meant little when it came to quantifiable

improvement in model performance. The same story is true connecting ensemble

mean precipitation to the boundary thermodynamic structure—while differences are

apparent in the ensemble mean values, those differences did not yield substantial

improvements in performance.

In conclusion, this study analyzed the impact of changing soil hydro-physical

properties on land surface states, and land-atmosphere coupling. It was found that

land surface states and land-atmosphere coupling are sensitive to soil hydro-physical

parameters, but that sensitivity is dependent on climate regime and region. The

variations in soil hydro-physical parameter values are highlighted in this work. Lab-
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oratory measurements of soil samples from differences regions often vary over orders

of magnitude. Yet, those measurements are applied widely when using LSMs. This

work is novel because it illustrates that differences in soil hydro-physical parameter

values can have significant effects on land-atmosphere coupling and regional climate.

These results improve our understanding of soil processes and the role of soil pro-

cesses in coupled modeling. The understanding gained through these experiments

will inform the next generation of land surface model development.

4.5 Final Summary of Physical Relationships

In this chapter, we investigated model uncertainties related to the definitions of soil

hydro-physical parameters. While the previous two chapters explored the role of

soil texture, this chapter examined the suitability of the soil parameters in the look-

up table. Like the locations of soil texture classes, soil hydro-physical parameters

are highly variable across small spatial scales making them difficult to define, yet in

LSMs, a single parameter is often applied to an entire grid space resulting in misrep-

resentations of soil hydrologic processes. To this end we employed an alternative set

of hydrologically-consistent soil parameters to replace the commonly-used default

soil parameter table in Noah-MP. Coupled seasonal WRF-Noah-MP simulations us-

ing either dataset revealed important differences in ensemble mean soil moisture,

surface latent and sensible heat fluxes, and the near surface atmospheric tempera-

ture and moisture related to the definitions of soil hydro-physical properties. For

this discussion of physical relationships, I will focus on the soil property differences
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associated with silt loam, the dominant soil category in the Midwest.

The key soil hydro-physical parameter differences associated with silt loam are

the following: an increase in saturated matric potential and b. Collectively, these

differences suggest that in the simulation with the new parameters, grid spaces with

silt loam will retain moisture more strongly (increased matric potential; + saturated

matric potential and +b).

The analysis of soil moisture reveals that there are near zero and slightly

negative ensemble mean differences in top layer soil moisture in the area defined as

silt loam, with near zero and slightly positive differences in the middle two soil layers

down to 1 m depth beneath the surface (See Fig. 4a–c). Soil moisture differences

of this magnitude are quite small, offering a unique opportunity to analyze the

impact of soil parameters like matric potential without trying to account for its

exponential relationship with soil moisture. Because both soil moisture and soil

properties control surface fluxes, having small differences in soil moisture allows

for more emphasis to be placed on soil properties. Matric potential will be larger

(i.e., more negative) for the simulation with the new parameters at a given value of

soil moisture (i.e., due to the positive differences in saturated matric potential and

positive differences in b), meaning that the soil will retain moisture more strongly.

This is true for the top layer, which is susceptible to bare soil evaporation, as well

as the middle two layers down to 1m depth, which constitute the active rootzone.

Increasing the magnitude of matric potential causes an increase in the energy

needed to overcome the adsorptive properties of the soil grains, therefore, it is ex-

pected that for a given value of soil moisture, there will be a decrease in evaporation
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and transpiration. Calculating the ensemble mean latent heat flux differences sup-

ports this assertion, showing negative differences in the region defined as silt loam,

consistent with the increase in matric potential (as shown in Fig. 5b). Energy

gained at the surface will cause moisture to evaporate either through direct surface

evaporation from the soil or by initiating transpiration processes in vegetation. In

either case, (at either the air-soil interface, or the root-soil interface), there is an

exchange of moisture based on retentive properties. For example, as air dries, evap-

orative demand increases, encouraging evaporation from the soil; however, as soil

dries, matric potential becomes more negative, causing soil to retain the remaining

moisture more strongly. This balance of forces determines whether or not evapora-

tion occurs. Likewise, at the root-soil interface there are physiological properties of

the plants that allow the root system to absorb water, however there is a similar

balance between the soil suction and the root suction. As moisture in the soil is

taken up by root systems, eventually the soil matric potential becomes more nega-

tive to a point that the roots will fail to absorb water. At that point, the plant will

start to wilt, hence this value of soil moisture is called the “wilting point”. These

are the processes occurring at and beneath the surface leading to the differences in

latent heat flux in the ensemble mean. As matric potential increases (i.e., becomes

more negative) as it does for silt loam with the new parameters, both evaporation

and transpiration will decrease leading to the patterns seen in latent heat flux.

Incoming energy that can no longer remove moisture from the surface (i.e., due

to the effects of matric potential) is partitioned into sensible heat flux. Therefore,

in the region with silt loam there are negative differences in ensemble mean latent
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heat flux, and positive differences in ensemble mean sensible heat flux in accordance

with the surface energy balance (see Fig 4d).

In a similar manner to the discussion of soil texture effects on the previous

chapters, those differences in surface fluxes then influence the low-level thermody-

namic variables. In the same region as the decrease in latent heat flux, there is a

decrease in mean two-meter mixing ratio. Likewise, the increase in sensible heat

flux led to an associated increase in two-meter temperature in the ensemble mean

differences. Once low-level thermodynamic quantities are altered, boundary layer

processes are initiated leading to differences in surface-based atmospheric stability,

boundary clouds, and even precipitation.

Soil hydro-physical properties and soil moisture are what dictate surface evap-

oration and transpiration. In cases like that of silt loam, when the values of soil

moisture are similar between simulations, but the soil parameters are different, the

analysis of different behavior can focus solely on the soil parameters. However, this

is not always the case. Often times matric potential needs to be considered with

both the soil properties and the soil moisture in mind, leading to complex relation-

ships in soil moisture movement, distribution and the resulting fluxes. Furthermore,

the responses of this coupled system to changing soil hydro-physical properties from

one dataset to another is specific to both region and climate. These results have

shown that uncertainty in the definitions of soil hydro-physical properties can affect

the distribution of latent and sensible heat fluxes through surface processes, and

that those fluxes will influence low-level atmospheric thermodynamics; therefore,

leading to differences in land-atmosphere coupling.
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Figure 4.1: Select soil hydro-physical properties are shown for 11 of the 12 USDA
soil categories (excluded silt). The default table values are shown (blue lines), as
well as the K17 values (red line) for comparison. The differences between the two
tables’ values is shown using green dashed lines, and the standard deviation for
each category as reported in Cosby et al. [1984], is shown as grey dotted lines. The
hydro-physical properties are as follows: (a) θs,(b) Ks × 105, (c) b, and (d) Ψs.
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Figure 4.2: Following Eqs. 2 and 3, soil matric potential (-cm) (a; Eq. 2), and
hydraulic conductivity (cm d−1) (b; Eq. 3) are shown as a function of volumetric
soil moisture (cm3 cm−3) for three soil categories: sand (red), silt loam (purple)
and clay (pink). The default parameters are used in the solid lines, and the K17
parameters are used for the dotted lines.
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Figure 4.3: Soil texture categories are shown (a) on the model grid following the
legend (top left panel), along with differences (K17–Default) in selected soil hydro-
physical properties (b–e) following the soil texture categories (a): (b) Ks × 106, (c)
Ψs, (d) θs, and (e) b.
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Figure 4.4: Volumetric soil moisture is shown from (a) the SMAP L4 Rootzone
product [0-100cm depth; m3 m−3], along with (b) the WRFdefault ensemble mean
volumetric soil moisture [0-100cm depth; m3 m−3], and (d) the WRFK17 ensem-
ble mean volumetric soil moisture [0-100cm depth; m3 m−3]. The bias is shown
(WRFdefault – SMAP) for (c) the WRFdefault simulation, and for (e) the WRFK17

simulation. The MAE for each simulation is shown in the top right panel.
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Figure 4.5: Differences (WRFK17 – WRFdefault) in mean volumetric soil moisture
are shown at each soil level: (a) Level 1 (0–10 cm), (b) Level 2 (10–40 cm), (c) Level
3 (40–100cm), and (d) Level 4 (100–200 cm). All units are m3 m−3.
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Figure 4.6: Ensemble mean (JJA, 2020) surface fluxes (W m−2) are shown: (a)
mean latent heat flux (W m−2) for the WRFdefault simulations, (c) mean sensible
heat flux (W m−2) for the WRFdefault simulation. Differences (WRFK–WRFdefault)
in (b) mean latent heat flux (W m−2), and in (d) mean sensible heat flux (W m−2)
are also shown.
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Figure 4.7: Ensemble mean (JJA, 2020) low-level thermodynamic variables are
shown: (a) mean 2-m specific humidity (g kg−1) for the WRFdefault simulations,
(c) 2-m temperature (K) for the WRFdefault simulation. Differences (WRFK −
WRFdefault) in (b) mean 2-m specific humidity (g kg−1), and in (d) mean 2-m tem-
perature (K) are also shown.
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Figure 4.8: Temperature at 2-m is shown from (a) the GHCN-CAMS product [K],
along with (b) the WRFdefault ensemble mean 2-m temperature [K], and (d) the
WRFK17 ensemble mean 2-m temperature [K]. The bias is shown (WRFdefault –
GHCN-CAMS) for (c) the WRFdefault simulation, and for (e) the WRFK17 simula-
tion. The MAE for each simulation is shown in the top right panel.
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Figure 4.9: The diurnal cycle of temperature at 2-m [oC] from station observations
in Texas from the Integrated Surface Database are shown in black lines: (a) Abilene
Regional Airport (32.410, -99.682), (b) Dallas Fort-Worth International Airport
(32.878, -97.019), (c) Lubbock International Airport (33.665, -101.823), and (d)
San Antonio International Airport (29.544, -98.484). The WRFdefault ensemble
mean 2-m temperature is shown (blue lines), and the WRFK17 ensemble mean 2-m
temperature is shown (red lines). The X-axes in each panel shown local time.
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Figure 4.10: Precipitation is shown from (a) the CPC Global Unified gauge-based
precipitation product [mm day−1], along with (b) the WRFdefault ensemble mean
precipitation [mm day−1], and (d) the WRFK17 ensemble mean precipitation [mm
day−1]. The bias is shown (WRFdefault – CPC Precip) for (c) the WRFdefault simu-
lation, and for (e) the WRFK17 simulation. The MAE for each simulation is shown
in the top right panel.
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Chapter 5: Final Thoughts

5.1 Summary and Challenges

This series of investigations has described the impacts of soil hydro-physical proper-

ties, represented in common LSMs, on coupled, seasonal WRF simulations over the

North American region. The individual experiments have tested both the model sen-

sitivity to rearranging the location of soil texture categories and the model response

to changing the soil hydro-physical parameter values themselves. However, in both

cases, neither configuration outperformed the other. While this collection of projects

represents an early step towards quantifying and improving our understanding of the

role of soil hydro-physical properties in couple land-atmosphere relationships, there

are some obvious limitations in our ability to isolate the forcings of interest, includ-

ing the role of vegetation, the limited-area modeling framework, and the coupled

system response.

Throughout these experiments, a common consideration is the role of vegeta-

tion in these soil–land-atmosphere relationships. In reality, if the soil characteristics

are changed, then the vegetation would physiologically respond. For example, if

sand was transformed into clay, root systems with stronger absorptive properties

would thrive instead of roots systems with weaker absorptive properties. Over long
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time periods, the plants with root systems that could not readily absorb moisture

from clay would not be able to transpire, leading to decay and replacement by plants

that were better suited. This process does not occur in land surface models. Instead,

the vegetation systems and the soil systems are unaware of each other. Parameters

from each system are used in the equations to define evapotranspiration processes,

but the systems themselves do not respond to each other. Vegetation is character-

ized much like the soil processes are defined. An external database often based on

satellite remote sensing (i.e., MODIS) defines the general vegetation type for each

grid space in the pre-processing system. Then those grid space indices are attached

to a look-up table of vegetation parameters (e.g., rooting depth, LAI, stomatal re-

sistance, etc.). When parameterizations in each grid space are activated, the model

uses the vegetation index to find the correct parameter for each vegetation category

and applies it accordingly. In this way, vegetation parameters and soil parameters

are often used in unison, however, the two sets of parameters cannot evolve to syn-

chronize with one another. This is the case with all current land surface models.

The situation created by this structure is one where possible physical responses do

not constrain soil-vegetation interactions but rather can occur in unrealistic sce-

narios (i.e., plants existing in soil conditions that are not likely or even possible).

It would be a great improvement if the vegetation and soil systems would interact

more realistically, but that type of LSM is still being developed.

Additionally, each of these experiments utilizes a limited-area model to per-

form simulations. In limited-area modeling, simulation quality can be limited by

a lack of uncertainty quantification in the boundary conditions. The scales of at-
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mospheric motions are restricted to those that fit within the boundary. In some

cases, it has been found that precipitation processes in summer have been better

represented in smaller regional domains, but that SM-P sensitivity is better repre-

sented in a larger domains [Seth and Giorgi, 1998]. In preparing these simulations,

the goal was to separate the model boundaries from the areas of interest as much

as possible to minimize the effects of the model structure on the modeled physical

systems. This is a valid approach that has been used in countless climate studies

using regional models. However, as is the case with all limited-area modeling, this

is never perfect. For example, in the southeastern corners of the domains, where

atmospheric flow is primarily easterly, we do not expect to see many model dif-

ferences because the atmosphere hasn’t interacted with the land surface (just the

ocean) in those locations, and similarly, in the northwestern corners of the domains,

the flow is primarily westerly, so we do not expect to see many differences. Also, the

timescales of atmospheric motion relative to the domain suggest that it may take

up to one month for the domain in certain fields to saturate, leaving little change

after one month.

Further, in reviewing the simulations for Chapters 2 and 3, the responses are

primarily local with very little change in continental-scale static stability, or in quasi-

geostrophic relative vorticity, indicating that there are very few differences in the

synoptic-scale regimes. This could be appropriately related to the surface forcing,

or the lack of synoptic response could be associated with the limited-area modeling

framework, but it is challenging to know which. The overlying issue in this regard,

unfortunately, lies in computational cost. Land-atmosphere interactions are known
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to occur on sub-seasonal to seasonal timescales, however, the characteristics of the

land surface are represented more realistically at finer model resolutions. Therefore,

these studies present a balance between high-resolution and long duration, making

global models computationally expensive. The choice of using a limited-area model

was a pragmatic one, despite the limitations.

Furthermore, coupled modeling such as is done in these simulations presents

its general challenges. There are likely non-linear repercussions of changing single

parameters (such as soil properties) without adjusting the whole system accordingly

(i.e., adjusting vegetation, for instance). This is precisely why we endeavored to per-

form these studies. Soil parameters, which are thought to be mostly innocuous for

the coupled climate system, can introduce substantial model uncertainty, as small

changes in parameter values can lead to significant differences in longer term sim-

ulations—a common result in coupled system modeling. It is difficult to recognize

a longer-timescale signal of the coupled system response vs. an artifact of coupled

model error growth. While our goal was to analyze the coupled system responses

specifically, this work would benefit from an understanding of the uncoupled land

surface model responses to these changes as well. In this way, considering the discon-

tinuity in spatial scales between atmospheric processes and land surface processes,

coupled modeling presents certain challenges that are difficult to overcome. Never-

theless, a holistic view of how these parameters affect the coupled system response

is an important finding for improved understanding, and it will motivate additional

experiments utilizing both coupled and uncoupled models with various strategies.
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5.2 Future Work

Despite the challenges reported here, we can improve the current land surface model

structure that will allow for a simpler, more accurate representation of soil proper-

ties.

Commonly as has been shown, LSMs use look-up tables to connect soil hydro-

physical properties to grid-assigned soil texture categories. The look-up table was

implemented as an efficient way to provide horizontally varying soil parameters to

an LSM. However, look-up tables provide a strong constraint on soil parameter het-

erogeneity. They restrict soils from varying within a soil texture category regionally,

which is not uncommon given the broad category definitions.

A promising solution will be to remove the look-up table and soil texture

assignments entirely from the model’s structure. Instead, it is suggested to utilize

soil hydro-physical parameter databases, which are now becoming available globally

at high-resolution. Instead of rearranging soil texture during pre-processing, the new

system could directly rearrange soil hydro-physical parameters, removing the soil

texture/look-up table category confinement and allowing parameters to represent

their regional characteristics more directly. I believe that this proposed solution is

computationally plausible because the most intensive component is pre-processing,

which only occurs before initiation. Because Noah-MP uses the same framework

as the operational version of the Noah model, this improvement can be useful in

operational NWP. Following implementation and sensitivity testing, this work could

move into the NOAA R2O arena.
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The proposed approach will follow a series of stages given below:

1. Pre-processing: Alter the Noah-MP Pre-processing System to accept and use

soil hydro-physical parameter databases, rather than soil texture databases.

2. Noah-MP Code: Change Noah-MP model code to call soil parameters directly

in subroutines, rather than calling the parameter table.

3. Testing: Conduct a series of sensitivity studies comparing the model physical

structures across spatiotemporal scales, and in both coupled and uncoupled

mode

4. Initiate R2O process.

5. Follow through to implementation.

It has been shown that soil texture and soil properties can affect surface fluxes,

land-atmosphere interactions, and the atmospheric component of the water balance;

therefore, I believe implementing an updated representation of soil properties can

lead to improvements in model performance.
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Appendix A:

A.1 Description of Community Land Model version 4 (CLMv4)

The following is a brief description of the Community Land Model Version 4 (here-

after, CLM), and its use of soil hydro-physical properties in equations that dictate

the movement of moisture in the soil. For a full description please refer to the NCAR

Technical Note: Oleson et al. [2013].

Figure A1 depicts the multitude of processes represented in the CLM modeling

framework. This description will focus on soil processes, and specifically, the soil

column’s interaction with sub-surface moisture at above freezing temperatures. The

following section is an adaptation of Section 7.4 in the above technical note.

A.2 Soil Water Physics

One-dimensional vertical flow of water in soils uses conservation of mass as

δθ

δt
= −δq

δz
−Q (A.1)

where θ is the volumetric soil water content (mm3 mm−3), t is time (s), z is height

above a soil layer node in the soil column (mm) (positive upwards), q is soil water
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flux (kg m−2 or mm s−1) (positive upwards) and Q is a soil moisture sink term (mm

mm−1 s−1) (ET loss). This equation is solved by dividing the soil column into layers,

and integrating downward in space and forward in time, with an upper boundary

condition provided by infiltration flux into the top soil layer, and a lower boundary

condition that depends on the depth of the water table.

The soil water flux q in Eq. A.1 can be described by Darcy’s Law

q = −kδΨh

δz
(A.2)

where k is the hydraulic conductivity (mm s−1) and Ψh is the hydraulic potential

(mm). The hydraulic potential is

Ψh = Ψm + Ψz (A.3)

where Ψm is the soil matric potential (mm) (which is related to the adsorptive and

capillary forces within the soil matrix), and Ψz is the gravitation potential (mm)

(the vertical distance from an arbitrary reference elevation to a point in the soil).

If the reference elevation is the soil surface, then Ψz = z. Letting Ψ = Ψm, Darcy’s

Law becomes

q = −k

[
δ(Ψ + z)

δz

]
. (A.4)

Darcy’s equation can be further manipulated to yield

q = −k

[
δ(Ψ + z)

δz

]
= −k

(
δΨ

δz
+ 1

)
= −k

(
δθ

δz

δΨ

δθ
+ 1

)
. (A.5)
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A substitution of Eq. A.5 into A.1, with Q=0 yields the Richards Equation

δθ

δt
=

δ

δz

[
k

(
δθ

δz

δΨ

δθ

)
+ 1

]
(A.6)

.

Zeng and Decker [2009] note that this θ-based version of the Richards Equa-

tion cannot maintain hydrostatic equilibrium due to truncation errors in the finite-

difference numerical scheme. They show that this deficiency can be overcome by

subtracting the equilibrium state from A.4 as

q = −k

[
δ(Ψ + z − C)

δz

]
(A.7)

where C is a constant hydraulic potential above the water table z∇.

C = ΨE + z = Ψsat

[
θE(z)

θsat

]−B
+ z = Ψsat + z∇ (A.8)

so that

q = −k

[
δ(Ψ−ΨE)

δz

]
(A.9)

where ΨE is the equilibrium soil matric potential (mm). Substituting A.9 into A.6

yield the modified Richards equation:

δθ

δt
=

δ

δz

[
k
δ(Ψ−ΨE)

δz

]
−Q (A.10)

142



where the soil moisture sink term Q is included.

A.3 Implementation of Soil Hydro-physical Properties

In the WRF model, soil texture is assigned to each model gridspace during pre-

processing (i.e., during execution of the WRF Pre-processing System, WPS). This

system uses external soil texture databases to inform which soil texture categories

occupy which grid spaces (a process described in Chapter 1). In this regard, the

WRF version of CLM differs slightly from the CESM version of CLM. But, the

general process is the same.

The hydraulic conductivity ki (mm s−1) and the soil matric potential Ψi (mm)

for soil layer i vary with volumetric soil moisture θi and soil texture. According to

the work of Clapp and Hornberger [1978], Cosby et al. [1984], and Campbell [1974]

among others. Soil organic material is also accounted for in these equations, but it

is beyond the scope of this description.

The hydraulic conductivity is defined at the depth of the interface of two

adjacent layers zh,i and is a function of the saturated hydraulic conductivity ksat[zh,i],

and the liquid volumetric soil moisture of the two layers, θi and θi+1, given by:

k[zh,i] =


ksat[zh,i]

[
0.5(θi+θi+1)

0.5(θsat,i+θsat,i+1)

]2Bi+3

1 ≤ i ≤ Nlevsoi − 1

ksat[zh,i]

(
θi

θsat,i

)2Bi+3

i = Nlevsoi

(A.11)

Soil Matric potential is defined at the node depth zi of each layer i
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Ψm,i = Ψsat,i

(
θi
θsat,i

)−Bi

≥ −1× 108 (A.12)

where 0.01 ≤ θi
θsat,i

≤ 1.

In this case, Ψm in each soil layer follows the Cosby et al. [1984] formulation:

Ψm = Ψsat

(
θ

θsat

)−b
(A.13)

while, hydraulic conductivity, k, is from Campbell [1974], given by:

k = ksat

(
θ

θsat

)2b+3

. (A.14)

See the diagram in Fig. A.2 for the locations of the definitions of matric

potential and soil hydraulic conductivity.

A.4 Numerical Solution

Sub-surface water balance is given by:

∫ −zh,i−1

−zh,i

δθ

δt
dz =

∫ −zh,i−1

−zh,i

δθ

δz
dz −

∫ −zh,i−1

−zh,i
Qdz (A.15)

rearranging and taking the finite difference with time and evaluating implicitly at

t = n+ 1 yields,

∆zi∆θliq,i
∆t

= −qn+1
i−1 + qn+1

i − ei (A.16)
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where ∆θliq,i = θn+1
liq,i − θnliq,i is the change in volumetric soil liquid water of layer i in

time ∆t and ∆zi is the thickness of layer i (mm).

The soil water fluxes in Eq. A.16, because of their dependence on hydraulic

conductivity and soil matric potential, can be linearized about θ using a Taylor

series expansion as

qn+1
i = qni +

δqi
δθliq,i

∆θliq,i +
δqi

δθliq,i+1

∆θliq,i+1 (A.17)

qn+1
i−1 = qni−1 +

δqi−1
δθliq,i−1

∆θliq,i−1 +
δqi−1
δθliq,i

∆θliq,i. (A.18)

Substituting Eq. A.17 and A.18, back in to A.16, yields a set of general

tridiagonal equations of the form:

ri = a1∆θliq,i−1 + bi∆θliq,i + ci∆θliq, i+ 1 (A.19)

where,

ai = − δqi−1
δθliq,i−1

(A.20)

bi =
δqi
δθliq,i

− δqi−1
δθliq,i

− ∆z1
∆t

(A.21)

ci =
δqi

δθliq,i+1

(A.22)
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ri = qni−1 − qni + ei. (A.23)

This set of equations is solved over layers i = 1, ..., Nlevsoi + 1 where the layer

i = Nlevsoi + 1 is an aquifer representation.

From here, one can solve for the finite difference form of Eqs. A.20–A.23 using

Eq. A.9, account for the boundaries of the general set of tridiagonal equations (i.e.,

the top soil layer, and the deepest layer before the aquifer), and incorporate the

equilibrium matric potential, [See Oleson et al., 2013, , Sections 7.4.2.0–7.4.2.4].

After doing so, solving the set of appropriate tridiagonal equations following Pres

et al. [1992] will update the liquid soil water as follows

wn+1
liq,i = wnliq,i + ∆θliq,i∆zi (A.24)

where, i = 1, ..., Nlevsoi. Volumetric soil water is

θi =
wliq,i

∆ziρliq
. (A.25)

A.5 Surface Fluxes

Parts of the following are abbreviated from Section 5.1–5.4 of Oleson et al. [2013].

Surface sensible and latent heat fluxes in CLM are derived from a resistance for-

mulation utilizing the Monin-Obukhov similarity theory. This section focuses only

on the latent heat flux from bare soil surfaces. For a full description, the reader is
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referred to the entire Technical Description Oleson et al. [2013].

In general, the surface latent heat fluxes from the bare soil can be written as

E = −ρatm
(qatm − qs)

raw
(A.26)

where ρatm is the density of the atmosphere, qatm is the atmospheric moisture con-

tent, qs is the surface moisture content, and raw is the aerodynamic resistance with

respect to water [see Oleson et al. [2013], their Eq. 5.57]. qs in Eq. A26 can be

written as

qsoil = αsoilq
T1
sat (A.27)

with qT1sat representing the saturated specific humidity at the soil surface temperature

T1. αsoil can be given by:

αsoil = exp

(
Ψ1g

1× 103RwvT1

)
(A.28)

an exponential term, dictated by Ψ1, the soil water matric potential in the topmost

soil layer, g the gravitation constant, and Rwv the gas constant for water vapor.

Therefore, the soil matric potential and, by definition, the soil hydro-physical pa-

rameters play a direct role in calculating surface evaporation.
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Figure A.1: A schematic depicting the complexity of processes that are represented
in the CLM modeling framework. This schematic was borrowed from the NCAR’s
Online Description of CLM: (https://www.cesm.ucar.edu/models/clm/).
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Figure 7.3.  Schematic diagram of numerical scheme used to solve for soil water fluxes. 

Shown are three soil layers, 1i − , i , and 1i + .  The soil matric potential ψ  and 

volumetric soil water liqθ  are defined at the layer node depth z .  The hydraulic 

conductivity [ ]hk z  is defined at the interface of two layers hz .  The layer thickness is 

z∆ .  The soil water fluxes 1iq −  and iq  are defined as positive upwards.  The soil 

moisture sink term e  (ET loss) is defined as positive for flow out of the layer. 

 

 
 
Figure A.2: Schematic diagram of the numerical scheme used to solve for soil water
fluxes. Three soil layers, i−1, i, and i+1 are shown. The soil matric potential Ψ and
volumetric soil moisture θliq are defined at the layer node depth z. The hydraulic
conductivity k[zh] is defined at the interface of two layers zh. The layer thickness is
∆z. The soil water fluxes are qi−1 and qi are defined as positive upwards. The soil
moisture sink term e (ET loss) is defined as positive for flow out of the layer. This
figure is adapted from Oleson et al. [2010], their Figure 7.3.

149



Appendix B:

This appendix was included in Dennis and Berbery [2021] as supplementary material

supporting Chapter 1, Section 3.1: WRF Verification.

B.1 Comparison of WRF/CLM simulations with Livneh et al (2015)

Land surface models are particularly challenging to validate. In situ measurements

often fall short in scale or duration. Quantities such as evapotranspiration (ET) are

not directly measurable and are strongly dependent on parameterization schemes.

On the other hand, soil moisture (SM) is considered a model-specific index [Koster

et al., 2009]. Nevertheless, it is relevant for a study that does not employ any model

calibration to be validated in its quality and realism. To do so, we will provide a

comparison of the free-running WRF/CLM simulations used in this study to the

long-term mean of a calibrated simulation reported by Livneh et al. [2015].

The Livneh et al. [2013] dataset is publicly available. It is a long-term, gridded

dataset of surface meteorological observations and hydrologically-consistent land

surface estimates. Livneh et al. [2015], hereafter L15, expanded this dataset to

include Mexico, the conterminous US (CONUS), and southern Canada at 1/16◦

spatial resolution (about 6 km) from 1950–2013. L15 used the Variable Infiltration
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Capacity (VIC) land surface model Liang et al. [1994] forced with the gridded surface

meteorological data from Livneh et al. [2013]. VIC parameters were obtained from

Livneh et al. [2013], who validated major river discharges over the CONUS region.

The resulting calibrated and hydrologically-consistent dataset represents a reliable

estimate of land surface states over the region of interest. It is thus suitable for

WRF/CLM validation.

The WRF/CLM simulations are compared to the 2003–2013 averaged L15

dataset in terms of ET and normalized SM. Fig. B.1 shows the spatial patterns in

ET (Figs. B.1a, c, e) and the normalized SM (Figs. B.1b, d, f) over the Mississippi

River Basin. The ET maps reveal very similar patterns, with a gradient in values

increasing from west to east, with maximums in all three maps approaching, and in

few cases exceeding, 4.5 mm day−1. There is a slight westward shift in higher values

in L15 than the model simulations, but overall these products are very similar.

Directly comparing soil moisture is not possible because the VIC and CLM

models’ structures, equations, and parameters are not the same. Therefore, the

comparison is focused on normalized total column soil moisture. Simple linear nor-

malization is used, given by:

xnorm = (x− x1)/(x99 − x1), (B.1)

Each model is normalized to its own range of values, reducing the dependence

on parameters and structure. x99, in this case, is the 99th percentile value of x, and

x1, is the first percentile. The use of percentiles reduces the impact of statistical
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outliers in determining the normalization range.

It is evident that throughout the Midwest, the two CLM simulations (Figs.

B.1b, and B.1d) are relatively moister compared to L15. The differences in soil

moisture could be due to many reasons not to be discussed here. For instance, they

could be the result of summer irrigation throughout the mid-western agriculture

belt, or they could be an artifact of the years chosen for climatology. Regardless,

the WRF/CLM simulations are similar to L15 in the overall pattern—increased

wetness throughout the Midwest, a similar gradient as in the ET maps, leading

to reduced relative wetness in the high plains along the Front Range of the Rocky

Mountains.

The temporal evolution of both ET and normalized SM is assessed using

monthly-averaged values over the Mississippi River Basin (Fig. B.2). The values of

ET (Fig B.2a) indicate that the WRF/CLM simulations are quite similar to each

other and also similar to the L15 ET values. In more than half of the sub-basins

and in the full Mississippi River Basin, the difference between a WRF/CLM sim-

ulated ET and L15 ET is smaller than the difference between the two WRF/CLM

simulations themselves (See Table S1). These results suggest that the range of val-

ues portrayed by the WRF/CLM simulations is reasonable, as defined by the L15

climatology.

The time series of normalized total column SM yields a somewhat different

story. The model simulations are very similar to each other, suggesting that the

soil texture categorization plays only a small role in normalized full column soil

moisture. In all instances in Fig. B.2b, the model simulations are more relatively
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moist than the L15 SM. The normalized scale, according to Eq B.1, is limited to

values between about 0 and 1. Therefore, the differences between the models and

L15 are about 15–20% of the normalized moisture range. These percentagewise

differences between WRF/CLM SM and L15 SM are larger than what is shown in

the ET analysis.

In conclusion, the unconstrained WRF/CLM model simulations, contrasted

to a constrained and validated dataset, produce reasonable ET values in terms of

spatial structure, multi-year basin-averages, and monthly time series. Evaluation of

normalized SM is more challenging because values are model-specific. Nevertheless,

comparing multi-year averages and monthly time series reveals that the differences

in relative moisture are on the order of 10–15% of the wetness range.
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Basin-averaged Evapotranspiration [ mm day−1]

Basin Name WRF-
STATSGO

WRF-
GSDE

Livneh
(2003–2013)

Arkansas 3.01 2.86 2.79
Ohio 4.36 3.91 3.71
Missouri 2.61 2.58 2.39
Upper Mississippi 3.25 3.11 3.41
Lower Mississippi 4.04 3.80 3.57
Full Mississippi 3.23 3.07 3.00

Normalized Full Column Soil Moisture [%]

Basin Name WRF-
STATSGO

WRF-
GSDE

Livneh
(2003–2013)

Arkansas 0.500 0.520 0.337
Ohio 0.670 0.645 0.524
Missouri 0.551 0.545 0.227
Upper Mississippi 0.541 0.561 0.334
Lower Mississippi 0.598 0.661 0.389
Full Mississippi 0.538 0.549 0.356

Table B.1: Shows the basin-averaged ET [mm day−1] over the JJA 2016–2018 period
for WRF-STATSGO, and WRF-GSDE, and for the JJA 2003–2013 for Livneh. It
also shows the basin-averaged normalized full column soil moisture [%] over the
JJA 2016–2018 period for WRF-STATSGO, and WRF-GSDE, and for the JJA
2003–2013 for Livneh. Arkansas, Ohio, Missouri, Upper Mississippi, and Lower
Mississippi are sub-basins that constitue the Full Mississippi River Basin.
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a) b)

c) d)

e) f)

WRF-GSDE ET

WRF-STATSGO normalized SM

WRF-GSDE normalized SM

WRF-STATSGO ET

Livneh Mean ET Livneh Mean normalized SM

[mm day-1]

[mm day-1]

[mm day-1]

[%]

[%]

[%]

Figure B.1: Assigned top-layer soil categories for (a) WRF-USGS, (b) WRF-GSDE
and (c) the seven most common transitions, as well as associated soil hydro-physical
properties: Extractable water (d) for WRF-USGS, (e) WRF-GSDE, and (f) the
differences (e - d); and the b-parameter (g) for WRF-USGS, (h) WRF-GSDE, and
(i) the differences (h – g).
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Figure B.2: Timeseries of (a) basin-averaged, monthly ET [mm day-1], and (b)
basin-averaged normalized full column soil moisture [%] for (blue) WRF-STATSGO,
(red), WRF-GSDE, and (black) L15 mean over the Mississippi River Basin. Solid
colored lines are for the 2016 period, dashed lines represent 2017 and dash-dotted
line indicate 2018. The solid black line represents L15 average for each variable
(2003–2013).
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Appendix C:

C.1 Description of Noah-MP

Noah-Multiple Physics (or Noah-MP) has evolved from the Noah land surface model

improving on the existing physics, and providing numerous alternative physics pack-

ages to test in the original Noah LSM framework [Niu et al., 2011].

The Noah LSM came to life in the early 2000s [Ek, 2003] as a combination of

existing land surface model components. Currently, the Noah LSM is used opera-

tionally for as the lower boundary condition in the Global Forecast System (GFS)

and in other NCEP products. Its main functionality is depicted in schematic form

in Fig. C.1. This section will describe the how the Noah-MP framework handles

soil moisture transport within the soil column, how soil hydro-physical properties

are implemented, and how surface fluxes are calculated in non-frozen non-vegetated

conditions. The description is collected from numerous sources, including Chen and

Dudhia [2001]; Chen et al. [1996, 1997]; Ek [2003]; Mahrt and Ek [1984]; Niu et al.

[2011]; Pan and Mahrt [1987]; Shellito et al. [2016], among others.
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C.2 Soil Hydraulics Functions and Soil Hydro-physical Properties

Noah-MP has 4 soil layers that increase in thickness with depth, and represents soil

hydraulics, soil thermodynamics, root density, transpiration processes, snow physics,

and canopy shading in very fine detail. The soil hydraulics are governed by a form

of the Richards Equation [Richards, 1931], presented here as in Chen et al. [1996],

and Shellito et al. [2016]:

δθ

δt
=

δ

δz

[
K

(
δΨ

δθ

)
δθ

δz

]
+
δK

δz
+ Fθ (C.1)

where θ is the volumetric soil moisture (m3 m−3), t is time (s), z is depth (m) Fθ

represents the a net source/sink term (cm3 cm−3 s−1), including processes such as

infiltration into and evaporation from the top soil layer, and transpiration from any

root containing layers. K represents the Campbell [1974] variation of unsaturated

hydraulic conductivity (m s−1), and Ψ describes the matric potential (-cm) as is

done in Cosby et al. [1984]. K and Ψ are given by,

K = Ksat

(
θ

θs

)2b+3

(C.2)

and

Ψ = Ψsat

(
θ

θs

)−b
, (C.3)

respectively. Eqs. C.2 and C.3 constitute the main pedotransfer functions that exist

within the Noah-MP LSM. Those connect soil grain size, via certain parameters to
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soil hydraulic functions. In Eqs. C.2 and C.3, Ksat, Ψsat, θs, and b, are empirically-

derived, constant, soil hydro-physical properties, representing saturated hydraulic

conductivity (m s−1), saturated matric potential (-cm), porosity (m3 m−3), and a

unitless curve fitting parameter, b, respectively.

Eq. C.1 is implemented in each of Noah-MP’s four soil layers, following the

general form,

dzi
δθi
δt

= D

(
δθ

δz

)
zi−1

−D

(
δθ

δz

)
zi

+Kzi−1
−Kzi − Eti , (C.4)

with slightly different expressions for the top and bottom layers (See Fig C.2). i in

Eq. C.4 refers to the soil layers, with i = 1 being the top most soil layer, increasing

downwards. K is the conductivity, also accounting for the gravitational percolation

downwards. D is diffusivity, given by D = K(δΨ/δθ), a component of Eq. C.1.

C.3 Surface Fluxes

While, Noah-MP represents many versions of surface water fluxes (i.e., surface evap-

oration, canopy evaporation, canopy throughfall, and multiple representations of

transpiration and stomatal resistance), this section will focus on only the soil’s role

in bare surface evaporation in the warm season.

Bare surface evaporation is given by:

Edir = (1− σf )

(
θ1 − θdry
θsat − θdry

)
Ep (C.5)
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where, σf is the vegetation fraction, θ1 is the top layer volumetric soil moisture, θdry

is the wilting point, θs is the porosity, and Ep is potential evaporation calculated by

a Penman-based energy balance approach, and a stability dependent aerodynamic

resistance [Mahrt and Ek, 1984]. In this context, the soil hydro-physical properties

are used to calculate top layer soil moisture content, and soil moisture content is

used directly in calculating surface fluxes, therefore, soil hydro-physical properties

can have a strong influence.
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Figure C.1: A schematic depicting the major components of the Noah-MP land
surface modeling suite. Borrowed from: https://www.jsg.utexas.edu/noah-mp/.
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If a layer thickness is less than its minimum value (0.045 m, 0.05 m, and 0.2 m for the three layers from top 

to bottom) due to sublimation and/or melt, the layer is combined with its lower neighboring layer; the layers are 

then re-divided depending on the total snow depth following the above procedure. The thinner first snow layer is 

designed to more accurately resolve the ground heat flux.  

 

 

 

 

 

 

 

 

 

 

  

Figure C.2: A schematic diagram depicting the discretization of snow, soil, and
aquifer layers in Noah-MP. Borrowed from Niu et al. [2011], their Fig. 2.
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