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Chapter 1.  General Introduction



General introduction

1.1 Scientific Background

1.1.1 Soil physical properties

Soil is defined as the weathered and fragmented outer layer of the Earth’s
terrestrial surface that serves as a home to innumerable microscopic and
macroscopic plant communities (Hillel, 2003). As soil constitutes a natural body,
the soil is engaged in dynamic interactions with the atmosphere above and strata
below and affects the Earth’s climate and hydrological and carbon cycles (Fatichi
et al., 2020; Paustian et al., 2016). Soil strata (horizons) comprise a soil profile,
which reflects the character of soil as a whole. An example is shown in Figure
1.1, where the O horizon contains organic litter derived from plants and animals,
which are usually present on the surface, the A mineral horizon occurs at the soil
surface or below the O horizon, which contains organic matter mixed with
mineral material, the B mineral horizon constitutes a subsoil layer below the A
horizon, and the C mineral horizon underlying the B horizon comprises the soil

parent material (Buol et al., 2011).
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Chapter 1

Figure 1.1 Schematic representation of a hypothetical soil profile (Ben-Dor, 2019) and
the United States Department of Agriculture (USDA) Natural Resources Conservation
Service (NRCS).

Generally, soil is regarded as a three-phase (i.e., solids, air and water) disperse
system (Hillel, 2003): 1) the soil solid phase comprises mineral particles, which
have different sizes and shapes, as well as attached amorphous compounds, such
as organic matter and hydrated chemicals (e.g., iron oxides). The soil matrix is
the solid phase of soil, and the range of particle sizes in the soil is termed the soil
texture. 2) Once soil particles (i.e., sand, clay and silt particles, as shown in Figure
1.2) are organized naturally, the pore space is formed, in which air and water are
transmitted and retained. 3) The geometric characteristics of the pore space can
be characterized through the soil dry bulk density (the ratio of the mass of solids
to the total soil volume (the volume of both the solids and pores)), and the total

volume fraction of pores is termed as the porosity.

Capillary water

Capillary water

Adsorbed water

Air

Figure 1.2 Schematic soil composition and soil physical process. K (¢) and 1(0) are the
soil hydraulic and thermal conductivity, respectively. ¢ denotes the soil matric potential

and @ is soil water content.

Soil water generally refers to the amount of water contained in the unsaturated
soil zone (also referred to as the vadose zone) (Hillel, 1998). Soil water in the
unsaturated zone involves two types, namely capillary water and adsorption water
(as shown in Figure 1.2). Due to the adhesive intermolecular forces between

water and the solid surfaces of pores exceeding the cohesive intermolecular
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forces among water molecules, capillary motion occurs, which is demonstrated
by the upward/horizontal movement of water through pores against the force of
gravity (Lu & Likos, 2004). The height to which water rises depends on the pore
size. The smaller the soil pores are, the greater the capillary height. Compared to
the capillary phenomenon, adsorption water envelopes the particle surface,
especially that of clay particles. Clay particles typically carry a net negative
electrostatic charge due to ion replacement occurring during crystallization and
incomplete charge neutralization of terminal ions along lattice edges (Hillel,
2003). When hydrated, polar water molecules become attached to clay surfaces
and form an electrostatic double layer, and the thusly attached water is referred
to as adsorption water. Compared to capillary water, adsorbed water, which is
denoted as bound water in soil dielectric modeling (Mironov et al., 2004) does
not freely flow. The state of soil water is characterized by the potential, and the
matric potential quantifies the tenacity with which soil water is retained by the
soil matrix (Hillel, 2003) (as shown in Figure 1.2). When all pores are filled with
water, the soil is saturated.

The soil water content and matric potential are functionally related. The graphical
representation of this relationship is the soil moisture retention curve (SWRC)
(Baver et al., 1956), which is affected by the direction and the rate of change of
soil moisture. Moreover, the SWRC is indispensable in hydraulic transport
modeling as it permits the definition of the hydraulic conductivity (transmitting
property of the conducting medium) function (Buckingham, 1907). Parametric
functions that fit a wide range of experimental data were proposed to describe the
SWRC. Brooks and Corey (1964) proposed a two-parameter power function of
the soil matric potential to represent the effective saturation, which was validated
in several studies, such as Campbell (1974) and Clapp and Hornberger (1978).
However, this model does not suitably depict soil water retention near saturation

in finer-textured soils and undisturbed field soils (Clapp & Hornberger, 1978;
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Milly, 1987; van Genuchten & Nielsen, 1985), which exhibit S-shaped retention
characteristics. To remedy this condition, continuously S-shaped curves were
proposed, such as the models of Brutsaert (1966), Laliberte (1969) and van
Genuchten (1980). The van Genuchten (1980) model was found to provide a good
fit to SWRC data for many soils, particularly considering near-saturation data
(van Genuchten & Nielsen, 1985), although this model may yield poor results at

low water contents (Nimmo, 1991; Ross & Smettem, 1993).

A series of studies has been carried out to mitigate the limitation of empirical
equations applied within a certain suction range. For instance, Campbell and
Shiozawa (1992) used an observed linear function between the capillary pressure
in the dry region and liquid saturation (on a semilogarithmic plot) and added the
van Genuchten (1980) function to obtain the SWRC over the range from complete
saturation to zero-liquid residual saturation (approximating oven dryness).
Fredlund and Xing (1994) developed a general SWRC equation over the entire
suction range from 0 (full saturation) to 10° kPa (approximating oven dryness)
(Ross et al., 1991) based on the soil pore-size distribution. Rossi and Nimmo
(1994) modified Brooks-Corey equations and fitted two- and three-parameter
models describing the SWRC at a zero residual saturation. Fayer and Simmons
(1995) further modified Brooks—Corey and van Genuchten functions by replacing
the residual water content with an adsorption equation developed by Campbell
and Shiozawa (1992). Morel - Seytoux and Nimmo (1999) extended the Brooks—
Corey model to oven dryness with the three-parameter junction model of Rossi
and Nimmo (1994). The results in these studies revealed good data-model
comparisons, but considering the ease of implementation, Webb (2000) extended
the van Genuchten model with a dry-region expression according to the

adsorption equation of Campbell and Shiozawa (1992).
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The SWRC is based on the soil pore structure. Assuming that the shape of the
SWRC depends on the soil pore-radius (size) distribution, the SWRC is uniquely
determined if the pore-size distribution of a given soil is obtained or predicted
(Fredlund & Xing, 1994). For instance, the Brooks-Corey power function is a
unique case when the pore-size distribution inversely varies with the power of the
radius, while the van Genuchten model follows a different pore-size distribution
(Fredlund & Xing, 1994). Given that the distribution of the particle size of many
soils is approximately lognormal, Kosugi (1994) applied three-parameter
lognormal distribution to the pore-radius distribution and pore capillary pressure
distribution function to obtain a new SWRC model. To represent soil water
retention under all matric potentials, Khlosi et al. (2006) modified the Kosugi
(1994) function by replacing residual water content with the adsorption equation
of Campbell and Shiozawa (1992). Compared to other models, the Khlosi et al.
(2006) model was found to be the most consistent among different soils, and they
attained a significant correlation between the model parameters and basic soil
properties (Khlosi et al., 2008).

Based on the assumption of an ideal capillary medium characterized by a certain
pore-size distribution model, conductivity models such as the Burdine (1953) and
Mualem (1976) models were proposed. These two models were incorporated to
derive closed-form expressions to quantify soil the unsaturated hydraulic
conductivity based on SWRC models. Leij et al. (1997) and Assouline and Or
(2013) provide a comprehensive review of popular closed-form expressions
describing soil water retention and hydraulic conductivity. Among land surface
models (LSMs), the Clapp and Hornberger (1978) model and van Genuchten
(1980)-Mualem (1976) model represent the most widely applied schemes for the
parameterization of soil hydraulic properties (SHPs) (i.e., SWRC and hydraulic
conductivity). For instance, the community Noah land surface model (Chen &
Dudhia, 2001) and community land model (CLM) (Oleson et al., 2008) reply on
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the former (Chen & Dudhia, 2001; Oleson et al., 2008), whereas the Hydrology-
Tiled European Center for Medium-Range Weather Forecasts (ECMWF)
Scheme for Surface Exchanges over Land (H-TESSEL) (Balsamo et al., 2009)

employs the latter.

Soil thermal properties (STPs) involve the soil heat capacity and thermal
conductivity. Soil volumetric heat capacity is defined as the change in the heat
content of a unit bulk volume of soil per unit change in temperature (De Vries,
1963). Soil thermal conductivity is defined as the rate at which heat energy flows
across a unit area of soil due to a unit temperature gradient (De Vries, 1963).
STPs depend on the composition of the solid phase (mineral and organic
constituents), volumetric water content, porosity, dry density, and temperature
(Farouki, 1986). Moreover, STPs were found to be sensitive to the sizes, shapes
and spatial arrangement of soil particles (De Vries, 1963). A number of studies
has been conducted to estimate STPs, such as the empirical Johansen (1975)
model, which has been adopted in LSMs, including Noah, H-TESSEL and CLM.
There are other semi-empirical STP parameterizations, such as Kersten (1949),
De Vries (1963), Farouki (1981), Campbell (1985), Coté and Konrad (2005),
Balland and Arp (2005), Lu et al. (2007), Tarnawski and Leong (2012) and the
simplified De Vries method (Tian et al., 2016). The performance of these
different soil thermal conductivity schemes has been evaluated for application in
land surface modeling (Dai et al., 2019).

With both SHPs and STPs quantified, LSMs model soil water (vertical) flow and
heat transport with a one-dimensional Richards (1931) equation and the Fourier
diffusion law (Kreith & Black, 1980) respectively.

1.1.2 Soil moisture estimation

Soil moisture is an essential climate variable (ECV), as designated by the Global

Climate Observing System (GCOS, 2006), and included in the European Space

7
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Agency (ESA) Climate Change Initiative (CCI) project (Hollmann et al., 2013).
An ECV is defined as a physical, chemical or biological variable that critically
contributes to the characterization of Earth’s climate (GCOS, 2006). Soil
moisture is a well-known main variable to specify the lower boundary condition
of the atmosphere, control the partition of incoming energy into latent and
sensible heat fluxes, adjust surface runoff and soil drainage, and regulate canopy
transpiration and photosynthesis (Koster et al., 2004; Seneviratne et al., 2010).
Through its role in land and atmosphere interactions, soil moisture is important
in weather/climate predictions. In numerical weather prediction models, a
realistic initialization of soil moisture is a necessity given the inferred impacts of
this variable on temperature and precipitation (Chen & Avissar, 1994; Koster et
al., 2004).

There are a variety of methods to estimate soil moisture, such as ground
observations, remote sensing and land surface model simulations (Njoku et al.,
2002; Owe et al., 2008; Seneviratne et al., 2010; Su et al., 2011; Su et al., 2020b;
Yang et al., 2013; Zeng et al., 2016). Since ground observations are very limited
in space and remote sensing estimates suffer limitations regarding their temporal
and/or spatial coverage, as well as the accuracy and exact link with root-zone soil
moisture, LSMs synergized with in situ and remote sensing observations within
a data assimilation framework have become a useful alternative to produce
spatiotemporally consistent (profile) soil moisture information. Therefore,
enhancement of understanding of the physics of soil water flow and energy

exchange in the vadose zone is imperative to obtain soil moisture estimates.

As SHPs & STPs described in section 1.1.1 govern water and heat transport
processes and the partitioning of soil moisture between infiltration and
evaporation fluxes, they are mandatory physical parameters for the estimation of
soil moisture profiles. In certain cases, soil moisture simulations with LSMs were

found to be much more dependent upon the specification of SHPs & STPs than
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on the specification of atmospheric forcing or surface conditions (Gutmann &
Small, 2005; Pitman, 2003; Santanello et al., 2001). Soils with different textures
have varied SHPs & STPs. In contrast, as the soil is repeatedly wetted by rain,
drained by gravity and dried by evaporation and root extraction, SHPs & STPs
also vary in time and space. Moreover, most SHP & STP models adopted are
pore-scale derivations. The appropriate representation remains problematic when
these models are implemented in LSMs, which are characterized by large-scale
heterogeneous processes. Nevertheless, the appropriate characterization of SHPs
& STPs under different spatial (e.g., in the field approximately at ~m scale and
regionally at the ~km scale) conditions and at the appropriate process scale is
critical to ensure the success of land surface modeling for spatiotemporally soil

moisture estimation (Mohanty, 2013).

Additionally, these parameters are required in agronomy, as they can be
considered to schedule management practices, especially irrigation and
fertilization, and in contaminant hydrology and geochemistry regarding pollutant
evaluation and treatment. In engineering applications such as site selection for
railway construction, especially in alpine regions, knowledge of SHPs & STPs is

also necessary.

1.1.3 Estimates of soil physical properties

Field and laboratory measurements to quantify SHPs & STPs require a substantial
investment in time, manpower and resources (Angulo-Jaramillo et al., 2000). As
basic soil properties such as soil texture, organic matter content, dry bulk density
and porosity (please refer to section 1.1.1) play a fundamental role in determining
SHPs & STPs, pedotransfer functions (PTFs) (Bouma, 1989) were proposed to
relate the parameters in SHP & STP schemes to these readily available data on
basic soil properties. PTFs can be categorized as class and continuous PTFs

(Wosten et al. 1990). Class PTFs predict average hydraulic characteristics based
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on soil texture classes, and continuous PTFs consider basic soil properties to
estimate SHPs & STPs, such as through statistical regression equations (Cosby et
al., 1984; Saxton et al., 1986) or artificial neural networks (Schaap et al., 1998;
Zhang & Schaap, 2017).

As global and regional soil property maps (e.g., FAO-UNESCO Soil Map of the
World  (2007) and the Harmonized World Soil  Database
(FAO/IIASA/ISRIC/ISSCAS/IR, 2012)) have become available, most LSMs
including CLM, Noah and H-TESSEL, utilize PTFs to obtain SHPs & STPs. As
published soil property maps only show a single soil texture type on a spatial grid,
a single set of SHPs & STPs is generated. However, these SHPs & STPs may not
represent all spatial extents due to their high heterogeneity in space (Vereecken
et al., 2007). Additionally, in a certain area, there might be varied soil types
according to different soil map sources, which might cause discrepancies in LSM
simulations. Moreover, the uncertainties in these existing soil property maps are
hard to quantify (Dai et al., 2013; Shangguan et al., 2012). Inaccurate soil
property maps might lead to an inaccurate specification of SHPs & STPs through
PTFs and further introduce biases in the results of LSM simulations. For instance,
Su et al. (2013) found that due to the unrepresentative soil property map of the
Tibetan Plateau adopted in H-TESSEL, the estimated saturated hydraulic
conductivity was two orders of magnitude lower than that based on field
measurements, resulting in soil moisture analyses at the ECMWEF significantly
overestimating the regional soil moisture level in the cold-semiarid Naqu area
during the monsoon season. Therefore, accurately and objectively obtaining soil
physical properties across a wide spatial scale range and quantifying their
uncertainties are imperative to improve estimates of land surface states/fluxes.
For this purpose, remote sensing that provides fast and repetitive coverage of
large areas for many applications (e.g., ranging from weather forecasts to reports

on natural disasters) deserves to be investigated.
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Remote sensing (RS) is the process of inferring surface parameters from distant
measurements of the upwelling emitted or reflected electromagnetic radiation of
the land surface in both passive and/or active modes (Ben-Dor, 2019). As
electromagnetic radiation interacts with soil materials, this provides information
regarding a range of physical parameters of the soil matrix (mostly at the surface).
Compared to optical measurements, the microwave spectral region (e.g., the C-
band at 4.75 GHz and L-band at 1.4 GHz) is transparent in regard to the
atmosphere. As such, this approach is more advantageous to obtain microwave
thermal radiation (i.e., brightness temperature) observations of the Earth’s surface
from space under all meteorological conditions. The propagation of
electromagnetic waves in the medium is determined by the complex dielectric
constant (Ulaby et al., 2014). Due to the molecular structure of water, liquid water
has a higher dielectric constant (= 80 at a low frequency, i.e., < 4 GHz) in the
microwave band than that of dry soil (= 5 at the same frequency), air (= 1) and
ice (= 3). Owing to these characteristics, different types of soil with varied water

contents can be detected via microwave remote sensing.

To obtain quantitative information on soil physical properties across a wide
spatial scale range, a retrieval approach based on remotely sensed data in
conjunction with a coupled soil physics and microwave radiative transfer model
has been proposed. The retrieval method has a physical foundation and does not
require intensive laboratory SHP & STP measurements. With the use of the SHP
& STP retrieved at the appropriate process scale, land state variables (i.e., soil
moisture and temperature) and surface fluxes (i.e., land heat and sensible fluxes)
can also be calculated. The conceptual framework for SHP & STP retrieval via

microwave remote sensing is shown in Figure 1.3.
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Figure 1.3 Conceptual framework for SHP & STP retrieval via passive microwave remote
sensing. The yellow rectangle represents the hypothetical zone of emission measured by
the microwave radiometer. K (¢) and A(8) are soil hydraulic and thermal conductivity,
respectively. ¢ denotes soil matric potential, 8 denotes soil water content, T is soil
temperature, z is soil depth and 0/ 1/i denotes the soil layer. zp, represents soil
penetration/emission depth. T3 is brightness temperature (with p = H or V polarization).
z"* denotes the dielectric profile ((z*)) from air to soil, and E'and ES denote incident

and scattering electric field, respectively.

Camillo et al. (1986) were among the early researchers envisioning that SHPs
could be estimated by calibrating energy and moisture balance models with

microwave brightness temperature data. Following the studies of Feddes et al.
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(1993), Burke et al. (1997), etc. verified the success of retrieval modeling based
on soil moisture information to estimate SHPs at a large spatial scale. With the
availability of soil moisture data derived from proximal-, air- or satellite-based
observations, soil moisture became the main state variable used for SHP & STP
retrieval combined with LSMs (Bandara et al., 2014; Bandara et al., 2015;
Montzka et al., 2011; Peters-Lidard et al., 2008; Qin et al., 2009; Santanello et
al., 2007). In addition to soil moisture, the land surface temperature (LST), leaf
area index (LAI), and evapotranspiration (ET) are applied in SHP & STP retrieval
(Charoenhirunyingyos et al., 2011; Corbari et al., 2015; Dong et al., 2016;
Gutmann & Small, 2010; Lu et al., 2016). It should be noted that LST, LAI and
ET, as state variables, are derived from spectral remotes sensing (e.g., MODIS,
Landsat), which is not directly linked to the signal penetrating into the soil and is
often limited by cloud cover signal contamination. The use of these state variables
to estimate SHPs & STPs may be associated with a high probability of
contamination and unexpected uncertainties. In contrast, soil moisture derived
from microwave remote sensing is not affected by weather conditions, although
it only represents the soil moisture content in the upper centimeters (Jackson,
1993; Njoku & Kong, 1977). The application of soil moisture information derived
from microwave remote sensing in SHP & STP estimates has become a preferred

approach.

Since passive microwave L-band remote sensing has become the most promising
technique to measure near-surface soil moisture due to its high penetrating
capability, the soil moisture derived from L-band brightness temperature
observations has been applied for SHP & STP retrieval purposes. Two innovative
passive microwave missions are currently operating in the L-band to monitor
surface soil moisture over continental surfaces. One mission is the Soil Moisture
and Ocean Salinity (SMOS) mission launched in November 2009 dedicated to
global soil moisture mapping (Kerr et al., 2001; Kerr et al., 2010). The other
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mission is the Soil Moisture Active Passive (SMAP) mission launched in January
2015 (Entekhabi et al., 2010), which incorporates a radiometer (continues to
operate as planned) and radar (failed in July 2015) to measure and map the global
soil moisture and freeze/thaw state. Researchers have seized this unique
opportunity to estimate SHPs at a large spatial scale using SMOS-retrieved soil
moisture products, such as Lee et al. (2014) and Bandara et al. (2015). However,
any uncertainties in the adopted remotely sensed data at the calibration and
retrieval stages can propagate to the retrieved soil physical properties at the pixel-

scale (Ines & Mohanty, 2009) (as shown in Figure 1.3).

LSMs driven by atmospheric forcing provide profile soil moisture and soil
temperature data, and these data can be fed into a microwave emission model for
brightness temperature (T, with p = H, V polarization) simulations. With the use
of coupled LSMs and microwave emission models (i.e., a forward observation
simulator) to assimilate T} observations, SHPs & STPs can be retrieved based on
the optimization between simulated and observed T,f values (please refer to
Figure 1.3). Compared to the direct retrieval technique using soil moisture, this
approach represents a more consistent physical method. Cutting-edge studies
were conducted by Han et al. (2014a), Dimitrov et al. (2014; 2015) and Yang et
al. (2016).

Finally, SHPs & STPs can be retrieved either directly by bypassing PTFs (e.g.,
Gutmann et al. 2010; Bandara et al. 2014; Lee 2014; Dimitrov et al. 2014) or
indirectly by using PTFs (e.g., Han et al. 2014; Santanello et al. 2007; Yang et al.
2016). The direct retrieval method is common, and the results are regarded as
effective SHPs & STPs while the scale- and model-dependent. Moreover, the
characteristics of different SHP & STP schemes can only be depicted in a
statistical manner but cannot be analyzed from a physical perspective. The PTF-

based method considering inherent soil properties can facilitate soil property
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mapping, and its accuracy can be evaluated with in situ and existing soil property
datasets. The latter method guarantees soil physical consistency in land-
atmosphere processes and has been advised as a more suitable way to retrieve
spatially aggregated SHPs & STPs (Cooper et al., 2020; Santanello et al., 2007;
Soet & Stricker, 2003).

1.2 Problem Description

The Tibetan Plateau observatory for soil moisture and soil temperature (Tibet-
Obs) was built in 2016 and has been maintained onwards (Su et al., 2013; Su et
al., 2011), providing comprehensive observations (including atmospheric forcing
data and soil moisture and temperature profiles) for land surface modeling and
validation of SM retrieval from satellite microwave remote sensing and reanalysis
SM datasets (Dente et al., 2012; Yu et al., 2018; Zeng et al., 2016; Zheng et al.,
2015a; Zheng et al., 2018a; Zhuang et al., 2020). In 2016, a ground-based
ELBARA-III L-band (1.4 GHz) radiometer was mounted at the Tibet-Obs Maqu
site (33.91°N, 102.16°E), providing Té’ observations for L-band microwave
radiometry investigation (Su et al., 2020a; Zheng et al., 2019; Zheng et al., 2018a;
Zheng et al., 2018b; Zheng et al., 2017). Considering its comprehensive in situ
observations, the Maqu site is selected as the study area in this thesis to
investigate soil physical property retrieval. However, soil properties and SHPs &
STPs are measured only for the topsoil layer by the Tibet-Obs (Zheng et al.,
2015a). Moreover, these data are not available in the area where the ELBARA-
111 radiometer is operated. Soil physical property data obtained from available
global and regional soil maps can be used as an alternative for land surface
modeling and retrieved result validation. However, it is important to obtain in situ
measurements because there might exist uncertainties in soil property data

extracted from these datasets due to very few accessible in situ soil profiles in
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spatial data interpolation on the Tibetan Plateau (TP) (Su et al., 2013). Therefore,
the first research question this thesis tries to address is as follows:

(1) What is the accuracy of existing soil datasets and their derived SHPs & STPs

across the TP?

To answer the above question, there is a need to carry out an intensive field
campaign to collect soil samples across the three climate zones (i.e., from east to
west, sub-humid, semi-arid, and arid zones occur) on the TP. Nevertheless, as
mentioned in section 1.1.3, in situ samplings experience limitations in generating
continuous spatial soil property maps of the TP. To derive a physically consistent
soil property map, it is necessary to combine different sources of information
retrieved from in situ, satellite, and model data. Such kind of “information
blending” can be realized via a coupled LSM with a microwave emission model
within a data assimilation framework to retrieve basic soil properties and
associated SHPs & STPs, through the assimilation of T} observations (as shown
in Figure 1.3). On the other hand, because the uncertainties in the observation
operator propagate into soil physical property retrieval, the second focus of this
thesis is to investigate the physical process that may affect L-band radiometry

modeling.

It is to note that all observation operators applied in current retrieval approaches
(Han et al., 20144a; Yang et al., 2016) are zeroth-order radiative transfer models
(RTMs). Specifically, regarding the vegetation part, vegetation regarded as
scatters is assumed to exhibit equal dimension, shape and permittivity
characteristics. As such, vegetation emission can be characterized by two global
parameters (Wigneron et al., 2007)—the single scattering albedo w and the
optical thickness t. w is assumed to remain constant for different vegetation
types, such as the zero value considered in the SMOS soil moisture retrieval

algorithm (Kerr et al., 2012). 7 is estimated via empirical relationships using
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vegetation parameters such as the LAI (e.g., used in SMOS) and normalized
difference vegetation index (NDVI, e.g., used in SMAP). Regarding the soil part,
the surface reflectivity is calculated with planar Fresnel equations combined with
a surface roughness correction model such as the Q/H model (Choudhury et al.,
1979; Wang & Choudhury, 1981).

However, as mentioned in section 1.1.1, natural surfaces are complex, and soil
characteristics (e.g., structure, moisture content) are highly heterogeneous.
Topsoil structures and inhomogeneous moisture distribution in a given soil
volume may induce volume scattering and affect the L-band microwave surface
emission (please refer to Figure 1.3). However, the surface roughness model
adopted in the zeroth-order RTM is a site-specific empirical model and cannot be
used to investigate relevant physical processes. Therefore, the second and third

research questions are as follows:

(2) How do the topsoil moisture distribution and geometric structure affect the
dielectric roughness and surface roughness? How can we model these roughness
effects in the observation operator to gain an improved understanding of the L-

band radiometry? (as shown in Figure 1.3)

(3) Based on the observation operator improved in (2), does the Tg’ observation
assimilation enable improvements in soil property retrieval? Consequently, does
it improve estimates of (profile) soil moisture and temperature and land surface

fluxes?
1.3 Structure of the Thesis
Correspondingly, this thesis is organized as follows:

Chapter 1 introduces the background of this research. The definition of soil

physical properties is briefly reviewed in section 1.1.1, and estimates of soil
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moisture and soil physical properties are provided in sections 1.1.2 and 1.1.3,
respectively. The research questions to be addressed in this thesis are introduced
in section 1.2.

Chapter 2 describes field and laboratory experiments in terms of soil samples
collected across the TP, to determine soil physical properties (as shown in Figure
1.3). Based on the compiled dataset, this chapter specifically addresses research
guestion (1), thereby analyzing uncertainties in existing soil datasets via a
comparison of basic soil properties, SHPs & STPs among the three climate

regimes across the TP.

Chapter 3 develops an enhanced air-to-soil transition (ATS) model (please refer
to Figure 1.3) that incorporates a new roughness parameterization to account for

the effect of surface roughness on TBZ’ modeling.

Chapter 4 retrieves soil physical properties with a forward observation simulator,
namely, CLM 4.5 is coupled with a physically-based discrete scattering-emission
model that integrates the developed ATS model in (3), within a data assimilation
framework (as shown in Figure 1.3). Via comparison to in situ observations, this

chapter addresses research question (3).

Chapter 5 synthesizes this study and presents an outlook for the future.
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Chapter 2.  Analysis of Soil Hydraulic and
Thermal Properties for Land Surface
Modeling on the Tibetan Plateau

This chapter is based on:

Zhao,H., Zeng Y., Lv S., and Su Z. "Analysis of Soil Hydraulic and Thermal
Properties for Land Surface Modeling over the Tibetan Plateau.” Earth System
Science Data 10, no. 2 (2018): 1031-61.
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Tibetan Plateau

Abstract: Soil information (e.g., soil texture and porosity) extracted from
existing soil datasets over the Tibetan Plateau (TP) is claimed to be inadequate
and even inaccurate for determining soil hydraulic properties(SHPs) and soil
thermal properties (STPs), thus hampering the understanding of land surface
processes over the TP. As soil varies across the three dominant climate zones
(i.e., arid, semi-arid, and sub-humid) on the TP, the associated SHPs & STPs are
expected to vary correspondingly. To obtain explicit insights into soil hydro-
thermal properties on the TP, in situ and laboratory measurements of over 30 soil
property profiles were obtained across the above climate zones. The results
demonstrate that the porosity and SHPs & STPs differ across these climate zones
and strongly depend on the soil texture. In particular, it is proposed that the gravel
impact on the porosity and SHPs & STPs should be considered in both the arid
zone and deep layers of the semi-arid zone. Parameterization schemes for the
porosity, SHPs & STPs were investigated and compared to measurements. To
determine SHPs, including the soil water retention curve and hydraulic
conductivity, the pedotransfer functions (PTFs) developed by Cosby et al. (1984)
(with the Clapp-Hornberger model) and the continuous Wosten et al. (1999) (with
the van Genuchten-Mualem model) are recommended. The STP parameterization
scheme proposed by Farouki (1981) based on the model of De Vries (1963)
performed better across the TP than did other schemes. With the use of the
parameterization schemes mentioned above, the uncertainties in five existing
global and regional soil datasets and their derived SHPs & STPs on the TP are
guantified through a comparison to in situ and laboratory measurements. This
study suggests the SoilGridslkm dataset for the use in the arid and sub-humid
zones, while the combination of the FAO-UNESCO Soil Map of the World
dataset in shallow layers and the Harmonized World Soil Database (HWSD)

dataset in deeper layers is recommended in the semi-arid zone on the TP. The
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measured  soil physical property  dataset is  available at
https://data.4tu.nl/repository/uuid:c712717c-6ac0-47ff-9d58-97f88082ddcO0.

Keywords: Soil hydraulic and thermal properties; Tibetan Plateau; Pedotransfer
functions; Soil maps; Land surface model.
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Analysis of soil hydraulic and thermal properties for land surface modeling on the
Tibetan Plateau

2.1 Introduction

As the highest plateau in the world, the Tibetan Plateau (TP) exerts a significant
influence on the Earth’s climate system and plays a prominent role in the
evolution of the Asian monsoon system (Kang et al., 2010; Ma et al., 2017; Qiu,
2008; Yao et al., 2012). Studying this influence can advance our understanding
of climate change (Ma et al., 2017). Soil moisture (hereafter referred to as SM),
one of the lower boundary conditions of the atmosphere, is a crucial land surface
state (Koster et al., 2004) and therefore of great interest to investigate land-
atmosphere interactions, thereby reflecting the trend and variability in the
feedback between the water cycle and climate on the TP (Su et al., 2013; Su et
al., 2011). Accurate SM information is a necessity to improve precipitation and
hydrology forecasts (Dirmeyer, 2000; Drusch, 2007; Robinson et al., 2008),
especially on the TP, which experiences evident climate change (Douville et al.,
2001; Ma et al.,, 2017; Yang et al., 2014; Yang et al., 2011). Consistent
spatiotemporal SM data can be obtained by using land surface models (LSMs)
assimilating in situ and satellite observations. In these models, the specification
of soil hydraulic properties (SHPs) (i.e., soil water retention curve, hydraulic
conductivity) and soil thermal properties (STPs) (i.e., thermal conductivity and
heat capacity) is more decisive in SM simulation than is the specification of
atmospheric forcing and land surface characteristics (Gutmann & Small, 2005;
Kishné et al., 2017; Livneh et al., 2015; Shellito et al., 2016) because SHPs
govern the partitioning of SM between infiltration and evaporation fluxes and
STPs regulate water and heat transport processes (Garcia Gonzalez et al., 2012;
Zeng et al., 2009a; Zeng et al., 2009b).

In situ measurements of basic soil properties and SHPs & STPs are crucial for
soil moisture and heat flux simulations with LSMs. LSMs frequently adopt the
Clapp and Hornberger (1978) model and the van Genuchten (1980)-Mualem
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(1976) model formulated with SHPs, and the Farouki (1981) and Johansen (1975)
schemes formulated with STPs. Since direct measurements of SHPs & STPs are
always highly time-consuming, labor-intensive and costly, pedotransfer functions
(PTFs) (Bouma, 1989; Van Looy et al., 2017) based on basic soil property
information have been developed to estimate parameters of the above SHP & STP
schemes. Examples include the Cosby et al. (1984) PTF (e.g., based on the sand
fraction) for CH scheme estimation in the Noah and community land model
(Chen & Dudhia, 2001; Oleson et al., 2008), and the soil class PTF (e.g., based
on the soil texture type) for the VG scheme (Balsamo et al., 2009) in the
Hydrology-Tiled European Center for Medium-Range Weather Forecasts
(ECMWF) Scheme for Surface Exchanges over Land (H-TESSEL). However,
these PTFs do not consistently predict SHPs &STPs well, especially when the
soil contains organic matter or gravel (particle diameter > 2 mm), because gravel
and organic matter possess different hydraulic and thermal properties than those
of other fine mineral soil, which suggests the necessity to obtain comprehensive
soil property information (e.g., not only soil texture and porosity information but

also soil organic content and gravel fraction information).

Furthermore, studies using the information on state variables (e.g., near-surface
soil moisture or brightness temperature) can retrieve the effective SHPs & STPs
directly or indirectly through PTFs within LSMs (Dimitrov et al., 2015; Dimitrov
et al.,, 2014; Han et al., 2014a; Ines & Mohanty, 2008a; Yang et al., 2016).
Nevertheless, most of these retrieval studies only focused on basic surface soil
properties and SHPs, under the assumption of a homogenous soil column. If the
system is highly heterogeneous (e.g., along the vertical profile), retrieval may be
problematic (Ines & Mohanty, 2008b) and in situ measurements of soil property

profiles may shed light on the retrieval of soil property along the vertical profile.

Many global and local efforts have been made to compile and develop soil

databases, but uncertainties in these soil datasets might also cause a certain bias
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in SHP & STP predictions, and hence introduce uncertainties in the representation
of the land surface state by LSMs. It has been reported that the overestimations
of ECMWF SM analyses in the central TP region could be partly attributed to the
unrepresentative soil information extracted from the FAO Digital Soil Map
(2003) as used in H-TESSEL (Su et al., 2013). Currently, there is only soil texture
information and few soil organic content profiles available for the TP when
relying on published globally in situ soil profiles (Batjes et al., 2017). The profiles
of other vital soil properties, such as the dry bulk density (BD) and porosity, are
commonly not provided (e.g., no in situ BD or porosity profiles are available).
Moreover, there are no comprehensive in situ measurements of basic soil

properties, SHPs and STPs suitable for land surface modeling on the TP.

In this study, we implemented in situ and laboratory measurements of soil
physical property profiles across the three climate zones on the TP and compiled
a Tibet-Obs soil property dataset. Based on the compiled dataset, variations in
basic soil properties and SHPs & STPs across the three climate zones were
investigated. Applications of the Tibet-Obs dataset were demonstrated in two
cases: 1) appropriate parameterization schemes of the porosity and SHPs & STPs
were examined in regard to their applicability in land surface modeling on the
TP; 2) the uncertainties in five existing global and regional soil datasets and their
correspondingly derived SHPs & STPs were evaluated on the TP. In section 2.2
of this chapter, the field campaign and laboratory experiments are described, as
well as the parameterization schemes for the porosity and SHPs & STPs
estimates. Specification of the Tibet-Obs dataset with the data availability is
documented in section 2.3. The results of the application of this dataset are
presented in section 2.4. Conclusions are presented in section 2.5. This chapter is
expected to contribute to land surface modeling and hydro-climatology studies of
the Third Pole environment and to soil research in terms of filling geographic

gaps in existing published global soil databases.
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2.2 Materials and Methods

2.2.1 Field experiments

On the TP, soils exhibit spatial variation due to varying soil formation factors
(e.g., climate and parent material). The TP can be categorized into three main
climatic zones, namely, an arid zone (0.03 < aridity index (Al) <0.2), a semi-arid
zone (0.2 < Al < 0.5) and a sub-humid zone (0.5 < Al < 1.0), according to the
Food and Agriculture Organization (FAO) aridity index map (Figure 2.1a) (Zeng
etal., 2016). The Tibetan Plateau observatory of plateau-scale soil moisture (SM)
and soil temperature (ST) (Tibet-Obs) (Su et al., 2011) is distributed throughout
these climatic zones, including: 1) the Ngari network in the arid zone, located in
the western part of the TP with the elevation varying between 4200 and 6300 m
above mean sea level (a.s.l), where the annual mean temperature is 1.01 °C, the
annual mean precipitation amount is 66.4 mm, the land cover is a typical desert
environment dominated by bare soil surrounding desert shrub, and soils are
prevailed by sandy soils mixed with gravel (Figure 2.1b); 2) the Naqu network in
the semi-arid zone, located in a flat terrain with rolling hills at an average
elevation of 4500 m a.s.l, where the annual mean temperature is -0.6 °C, the
annual mean precipitation amount is 482 mm, the land cover is characterized as
grasslands consisting of prairie grasses and mosses, and soils are dominated by
loamy sand with organic matter and gravel (Figure 2.1c); and 3) the Maqu
network in the sub-humid zone, located at the northeastern edge of the TP at
elevations varying between 3430 m and 3750 m, where the annual mean
temperature is 1.8 °C and the annual precipitation is 600 mm with more than 70%
occurring during the monsoon season (from June till September). The land cover
is dominated by short grasslands, and soils are dominated by fine minerals with
high silt proportions (Figure 2.1d). Of these networks, the Naqu network is
collocated with the multiscale SMST monitoring network in the central Tibetan
Plateau (CTP-SMTMN) area (Yang et al., 2013).
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Figure 2.1 Location of Tibet-Obs and the spatial distribution of soil sampling sites across
the three climate zones. (a) Tibet-Obs networks are distributed in the three climatic zones
where the zones are classified based on the FAO aridity index map. The dark blue color
represents the area around the Tibetan Plateau, with an elevation lower than 3000 m
above sea level (a.s.l.) (Zeng et al. 2016). (b), (c) and (d) show sampling distributions of
the Maqu network in the sub-humid zone, Naqu network in the semi-arid zone and Ngari
network in the arid zone, respectively, in a kml image extracted from Google Earth. It
should be noted that the image acquisition-times are August, February and December.

The triangle in pink represents each sampling site.

A field experiment was carried out across the TP in August 2016, and soil core
samples were collected and the field saturated hydraulic conductivity (K;) was
measured at various soil depths (Table 2.1 and Figure 2.1). Soils were vertically
sampled using sample rings and augers (Eijkelkamp Soil & Water Company) in
the vicinity of existing Tibet-Obs SMST stations (Su et al. 2011). Table 2.1 lists
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the specific sampling approach: 1) soil was sampled (c.a. 200 g) with a plastic
bag used to measure the gravel content, soil texture and soil organic content
(SOC); 2) soil was sampled with standard sample rings (5 cm in height, 100 cm?®
in volume) to determine the dry bulk density (BD), porosity and thermal
conductivity (1); 3) to generate soil water retention curves (SWRCs), a dedicated
small-sample ring (1 cm in height, 20 cm® in volume) was used; 4) K, was
measured in situ with an Aardvark permeameter (2840 operating instructions -
Eijkelkamp), which is a fully automated constant-head borehole permeameter.
The Reynolds and Elrick solution aided with soil texture-structure category

information (Elrick, 1989) was chosen to calculate K.

Table 2.1 Sampling approach for the basic soil properties, SHPs and STPs based on
Tibet-Obs

o é 2 i ( ; Sampling Depths
25 | §|S|8ixl2| 18121
52 |F|T|O0y34g|E4>1Ed .
E 2 =8|z (> 2| 2{=42 Maqu | Naqu | Ngari
S< | 3|06 | 38{a1E|F{8d T
Plastic NI BN N 5cm | 5cm | 5cm
bag 10cm | 10cm | 10cm
Standard 20cm | 20cm | 20cm
sample VNN 40cm | 40cm | 40cm
rings 80cm | 50cm
Small
sample \/
rings
Profile 10cm | 10cm | 10cm
Auger N 20cm | 20cm | 20cm
40cm | 40cm | 40cm
80cm | 50cm

Within the Maqu network, soil samples were collected at eight stations located in
areas to the east, west and southeast of the ELEBARA-III radiometer location

and in the southwest corner of the Maqu network (Figure 2.1a). K was measured

27



Analysis of soil hydraulic and thermal properties for land surface modeling on the
Tibetan Plateau

at three locations near the ELBARA station and one location (CST05-near) in the
southwest corner. Within the Naqu network, soil samples were obtained at eight
sites along the southwest branch of the CTP-SMTMN network (Figure 2.1b), and
K was measured at seven sites at BJ, Naqu_west, NQ01-04 and MS3608. Within
the Ngari network, soils were sampled at 14 stations (Figure 2.1c). Eight sites at
Ali02, SQ03, SQ07, SQ10, SQ17, SQ18, SQ20 and SQ21 were chosen for K
measurement. In total, 155 soil samples were collected and loaded in plastic bags,
101 samples were collected in standard rings, and another 96 samples were
collected in small-sample rings. Due to the remoteness and harsh environment on
the TP, the locations chosen for soil sampling and fieldwork necessitates certain
practical considerations, such as 1) the location should be accessible by railway,
local roads or national roads; 2) the surrounding area should be flat enough to be
representative of the local area.

2.2.2 Laboratory Experiments

Three categories of soil samples were processed. Among the 155 samples (59
from Ngari, 45 from Naqu and 51 from Maqu) in plastic bags, the collected soils
were first separated into gravel and fine minerals (size < 2 mm) by using a 2-mm
diameter mesh sieve and separately weighed to obtain gravimetric gravel
fractions (GGFs). Sand (0.05 mm < size < 2 mm), silt (0.002 mm < size < 0.05
mm) and clay (size < 0.002 mm) percentages and the mean particle diameter of
fine minerals (FD) were determined with a Malvern Mastersizer 2000 particle
size analyzer (http://www.malvern.com), and the SOC was determined with a
total organic content analytical instrument, Multi N/C 3100
(http://www.analytik-jena.de/). In regard to gravel, a set of sieves with diameters
of2,25,4,5,7,10, 16, 20, 25, 31.5, 40 and 50 mm was used to obtain the particle

size distribution and the mean particle diameter of gravel particles(GD).
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The 101 undisturbed soil samples (35 from Ngari, 21 from Naqu and 45 from
Maqu) contained in standard sample rings were saturated and then dried in an
oven (105 °C) for 24 hours. The difference between the wet and dry weights with
a known volume was used to calculate the porosity and BD. A KD2Pro thermal
property analyzer connected to an SH-1 sensor (Decagon Devices) was employed
to measure the heat capacity C, and thermal conductivity A during soil drying,

providing drying C;-SM and 1-SM curves.

The 96 samples contained in small-sample rings were reserved for SWRC
experiments via the pressure cell method, but completing the entire task was
considered highly time- and labor-consuming. Therefore, instead of utilizing all
soil samples, only 30 out of the 96 samples were used among the E-east, E-west,
E-southwest, CST05-near, NST30 and NST33 sites in the Maqu network. As the
structure of the samples collected at the Naqu and Ngari networks was highly
unconsolidated resulting in the material not remaining enclosed within the rings,
only 25 undisturbed samples contained in standard rings were analyzed, which
were obtained at the Naqu_north, SQ17, SQ18 and SQ21 sites.

The quality of the measured soil property dataset was evaluated based on four
quality indicators (i.e., observation date, level of trust, data quality rating and
accuracy) recommended by the World Soil Information (WoSIS) Institute
(Ribeiro et al., 2015). These four indicators provide measures that allow
investigators to recognize factors that may compromise the quality of certain data
and hence their suitability for use (Ribeiro et al., 2015). The results indicate that
the dataset is of trust level C, which is the highest level of this subjective measure
inferred from soil expert knowledge. The entered data (level A) were
standardized (level B), i.e., the data numbers were correspondingly aligned with
the measured soil properties involved in GlobalSoilMap specifications
(GlobalSoilMap, 2009) and with the measurement methods and units (please

refer to the above paragraphs in section 2.2.2). The level B dataset was further
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harmonized (C) to enable sorting in a reference table (Ribeiro et al., 2015). For
instance, tables of profile data (please refer to the raw data in the data repository
(Zhao et al., 2018b)) describe soil profiles and their attributes (e.g., land cover,
position) and constituent layers with their respective soil properties. These
collated raw data included error-checking steps for possible inconsistencies.
Furthermore, the values of the measured soil properties and SHPs & STPs were
compared to those available in the literature to cross-check if they occurred within

a reasonable range.

The compiled basic soil property and SHP & STP dataset, denoted as the Tibet-
Obs dataset, will be further used to evaluate the existing soil datasets of the FAO-
UNESCO Soil Map of the World (2007) (hereafter referred to as FAO-
UNESCO), the Harmonized World Soil Database (hereafter referred to as
HWSD) (FAO/IIASA/ISRIC/ISSCAS/IR, 2012), a Chinese dataset of soil
properties (Shangguan et al., 2012; Shangguan et al., 2013) and soil hydraulic
parameters using PTFs (Dai et al., 2013) released by the Beijing Normal
University (hereafter referred to as BNU), SoilGridslkm (Hengl et al., 2014a)
and the updated version of SoilGrids250m (Hengl, 2017) released by the
International Soil Reference and Information Center (ISRIC) - WoSIS Institute,
and hydraulic parameters based on SoilGridslkm and Schaap et al. (2001) PTFs
(hereafter referred to as HPSS) (Montzka et al., 2017). A description of these
existing datasets is listed in Table Al.1 of Appendix A. All datasets were linearly
interpolated to match the measured dataset at specific depths to ensure (inter)

comparability.

2.2.3 Parameterization Schemes

Many basic soil property-dependent schemes have been proposed for porosity
estimation. The Coshy et al. (1984) univariate PTF that uses the sand percentage

(hereafter referred to as the Cosby-S scheme, please refer to equation (Al.1) in
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Appendix A) has been widely used, and it should be noted that there exists a
multivariate PTF (Cosby et al. (1984)) that considers both clay and sand (Van
Looy et al., 2017). The porosity can be inversely related to the soil dry bulk
density (Hillel, 2003) and calculated from in situ BD data (hereafter referred to
as the BD scheme, please refer to equation (Al.2)). In most cases, these schemes
perform well. However, with the SOC in soils, the soil porosity tends to increase.
Another factor affecting the porosity is the gravel content. With increasing gravel
content, the porosity tends to decrease. Chen et al. (2012) parameterized the
impact of SOC and gravel content via a porosity estimation scheme (hereafter
referred to as the SocVg scheme, as expressed in equations (Al1.3-A1.6)). Zhang
et al. (2011) proposed a mixing-coefficient model to calculate the porosity of a
binary mixture consisting of coarse (gravel) and fine components within a certain
gravel content range (hereafter refer to as the BM scheme, as expressed in
equations (A1.7-A1.10)). In this study, as shown in Figure 2.2, the Cosby-S, BD,
SocVg and BM schemes were evaluated for their applicability in the three climate

Zzones.
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Soil hydraulic properties
VG: Van Genuchten (1980) and Mualem (1976)
CH: Clapp and Hornberger {1978)
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Figure 2.2 Flowchart of the implementation of the different porosity and SHP & STP
schemes by using in situ basic soil property data. Dashed boxes indicate the various
categories of the parameterization schemes and comparisons to measurements. Black
arrows indicate the main data flow for these comparisons. Single arrows indicate the
steps that occur internally for each part or they connect various parts. Rectangles
represent the schemes. Rounded rectangles denote the porosity and SHP & STP

parameters. K and D denotes the hydraulic conductivity and diffusivity, respectively.

Regarding SHP estimation, we selected the Clapp and Hornberger (1978)
(hereafter denoted as CH) and the van Genuchten (1980) - Mualem (1976)
(hereafter denoted as VG) schemes. Based on the measured SWRCs, we used the
scaling method (please refer to equation (Al.15)) (Montzka et al., 2017) to
determine the hydraulic parameters of the saturated soil moisture (6;), soil water
potential at air-entry (@), and b, which is an empirical parameter related to the
pore-size distribution of the soil matrix in the CH function (please refer to
equations (A1.11-A1.12)), and the parameters of 6, residual soil moisture 6,., a,

which is a parameter corresponding approximately to the inverse of the air-entry
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value, and n, which is a shape parameter of the VG model (as expressed in
equations (Al1.13-Al1.14)). The field capacity (FC) and the permanent wilting
point (PWP) (regarded as the SM under matric pressures of approximately -33
kPa and -1500 kPa, respectively) were also derived, as they are the main
parameters of the soil water budget. Furthermore, the selected PTFs (please refer
to Table A1.2 in Appendix A) were used to estimate the hydraulic parameters of
SWRC-CH and SWRC-VG. Given that a good 6, estimate will improve SWRC
prediction, the optimal porosity scheme will be preselected to predict SWRC-CH
and SWRC-VG. The estimated SWRCs based on PTFs were further compared to
measurement-determined SWRCs to indicate the uncertainty in the application of
the different PTFs.

The saturated hydraulic conductivity, K;, combined with SWRCs-CH or
SWRCs-VG is adopted to calculate the unsaturated hydraulic conductivity (K)
and diffusivity (D). The PTFs used for SWRC-CH and SWRC-VG estimation
also have corresponding equations (please refer to the footnotes in Table Al.2,
Appendix A) to predict K;, and most PTFs were developed based on fine
minerals. To estimate K of a mixture containing gravel, Peck and Watson (1979)
applied a heat-flow analogy correlating the K; value of the mixture with the K,
values of both fine minerals and volumetric gravel fraction (VGF) (hereafter
referred to as the PTFs-VGF scheme, as expressed in equation (A1.16)). The
PTFS-VGF scheme can be applied to soils with a low gravel content (Zhang et
al., 2011). It is noted that the PTFS-VGF scheme requires input (K¢ s, as
described in A.3) from K estimation based on PTFs. Furthermore, Koltermann
(1995) used the Kozeny—Carman equation to estimate the hydraulic conductivity
of binary mixtures, and suitable grain diameter estimation was deemed important
(Kamann et al., 2007). To improve the performance of the Kozeny—-Carman
equation, Zhang et al. (2011) introduced the BM scheme for porosity estimation

and a power-averaging method to calculate the representative grain diameter
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(hereafter referred to as the BM-KC scheme, as expressed in equations (A1.17-
A1.19)). In this study, the standard PTFs (Table Al.2), PTFS-VGF and BM-KC
schemes were employed, as shown in Figure 2.2.

Several (semi-) empirical models have been developed to estimate soil thermal
conductivity 1. De Vries (1963) developed a Maxwell equation analogous to a
physics-based model to describe A (please refer to equation (A1.22)). This model
can predict A accurately, although this is complicated by the fact that at least five
soil mineral components and their separate shape features must be considered
(Tarnawski & Wagner, 1992). Furthermore, the effect of vapor movement caused
by the temperature gradient is parameterized in the De Vries (1963) model. It
should be noted that the consideration of soil vapor flow is critical to accurately
investigate the simultaneous transfer of moisture and heat, particularly in semi-
arid and arid environments (Zeng & Su, 2013; Zeng et al., 2011b; Zeng et al.,
2011c). Farouki (1981) proposed an alternative method and regarded liquid water
as the continuous medium and soil minerals as uniform particles in the De Vries
(1963) model. In this model, A of soil minerals was estimated with a geometric
mean equation according to the quartz content in soil minerals and the A values
of quartz and other soil minerals (please refer to equation (A1.23)). The A value
of vapor and the shape factor of air pores were calculated in terms of the water
content and porosity, respectively (please refer to equations (Al.24-Al1.25))
(hereafter referred to as the D63F scheme). Tian et al. (2016) developed a simple
and generalized De Vries-based model, which assumed that the A values and
shape features of soil minerals are determined by the soil texture (sand, clay and
silt), and that the effect of vapor movement is negligible (hereafter referred to as
the T16 scheme, equations (A1.26-A1.29)). The empirical model proposed by
Johansen (1975) used the Kersten (1949) number and A under dry and saturated
conditions to estimate A (hereafter referred to as the J75 scheme, equations
(A1.30-A1.35)). In this study, as shown in Figure 2.2, the D63F, T16 and J75
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schemes were adopted. For each A scheme, a comparison was made using
parameters (i.e., the A value of soil minerals) with (equation (A1.35)) and without
(equation (A1.23)) gravel/SOC consideration. The De Vries (1963) model was
applied to calculate C; (equations (A1.20-Al1.21)). Details on the porosity and
SHP & STP schemes are listed in Appendix A (A1.1-Al.5).

2.3 Tibet-Obs Dataset

2.3.1 Data availability

The soil physical dataset is available at the 4TU.Center for Research Data at
https://data.4tu.nl/repository/uuid:c712717c-6ac0-47ff-9d58-97f88082ddc0
(Zhao et al., 2018b). The data are stored as Excel files. A readme file describes

the structure of Excel files, measurement devices and contact information. The
download links of the existing soil property datasets considered in this chapter
are included in the .txt file. The sampling locations are stored in a .kmz file. The
raw data for each sampling site are also provided.

2.3.2 Basic analyses of the Tibet-Obs dataset
Soil texture

Figure 2.3 shows the mean sand, clay and silt percentages, GGF, SOC, FD and
GD at different depths across the three climate zones on the TP. Within the Ngari
network in the arid zone (Figure 2.3a), the mean sand content was approximately
80%, with higher values in the 5- and 10-cm surface layers than that in deeper
layers. The silt and gravel contents ranged from 10-20%, and the percentages
increased with the depth. The clay content and SOC were 3% and 0.8%,
respectively, and remained constant along the profile. The FD and GD ranged
from 0.19-0.24 mm and 4-8 mm, respectively, and showed a tendency to increase
from the top to a depth of 20 cm but decreased in the deeper layers. It can be

concluded that the soil texture in the arid zone consists of a high proportion of
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coarse sand accompanied by gravel and that the gravel content increases until 20
cm and then slightly decreases in the deeper layers.

Within the Naqu network in the semi-arid zone (Figure 2.3b), the mean sand
fraction ranged from 70-80% with a slight decrease with the depth. The silt and
clay contents ranged from 15-25% and 4-8%, respectively, and increased with
the depth. GGF exceeded 50% at soil depths of 40 and 50 cm, while it was much
lower in shallow layers. Mean FD and GD ranged 0.18-0.22 mm and 4-8 mm,
respectively. GD at deep layers was larger than that at shallow layers. SOC
approached 10% in the surface layers but quickly declined in the deep layers. In
summary, the soil texture in the semi-arid zone is dominated by a high percentage
of sand mixed with a low proportion of gravel, but with a high SOC in shallow

layers and mainly mixed with large gravel particles in deep layers.
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Figure 2.3 Profiles of the mean basic soil properties in the three climate zones. Top panel:
Variations in the sand, clay, silt, GGF, and SOC at the various depths. Bottom panel:
Variations in GD and FD at the different depths. GGF is the gravimetric gravel fraction.
SOC is the soil organic matter content. FD is the mean particle diameter of fine minerals.

GD is the mean particle diameter of gravel particles.

Within the Magu network in the sub-humid zone (Figure 2.3c), the mean silt and
clay contents were approximately 60% and 10%, respectively, with a smoothly
decreasing trend along the profile. The mean sand fraction ranged from 28-40%
and increased with the depth. No gravel was found. The mean FD value ranged
from 0.024-0.036 mm, and the fine soil mineral particles in the deep layers (40
and 80 cm) were larger than those in the shallow layers (as shown in the lower
panel of Figure 2.3c). Similar to the SOC profile distribution in the Nagu network,
the SOC reached almost 20% in the surface soil layers and declined to 2.8% at

80 cm. The soil texture in the sub-humid zone is characterized as being dominated
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by a high percentage of silt content with a relatively high SOC in the shallow
layers and mainly fine sand in the deep layers.

Dry bulk density and Porosity

Within the Ngari network in the arid zone (Figure 2.4a), BD varied slightly
(between 1.55 and 1.65 g/cm®) with the depth, showing a peak at 10 cm. The
porosity of the surface layer was slightly higher than that of the deeper layers,
with a mean profile porosity of 0.33. The porosity at 20 cm was the lowest along
the profile, which might be caused by this layer containing the highest proportion
of gravel and the largest GD and FD values (please refer to Figure 2.3a,). Within
the Naqgu network in the semi-arid zone (Figure 2.4b), BD increased continuously
with the depth, with a minimum of 1 g/cm? in the top layer and a maximum of
2.1 g/cm® in the bottom layer. The porosity peaked at approximately 0.6 in the
top layer, and monotonously decreased to 0.25 in the bottom layer. Combined
with soil texture analysis (please refer to Figure 2.3b), variations in BD and
porosity along the profile were inferred to be related to the high SOC in the
surface layer and the high gravel content in the bottom layer. Within the Maqu
network in the sub-humid zone (Figure 2.4c), BD ranged from 0.8 to 1.5 g/cm?®
and increased with the depth, while the porosity decreased with the depth and
ranged from 0.72 to 0.45. The profile pattern of BD and porosity might be the
result of SOC variation in the surface layer and soil texture fraction variation in
the deeper layers as shown in Figure 2.3c. In summary, the profiles of BD and
porosity differed with the soil texture between the three climate zones, and both
SOC and gravel content affected the porosity. The overall porosity of the shallow
layers (5, 10 and 20 cm) increased from the arid to the semi-arid and sub-humid
zones, while that of the deeper layers (>= 40 cm) exhibited an increase from the

semi-arid to the arid and sub-humid zones.
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Figure 2.4 Profiles of the mean dry bulk density (BD) and porosity in the three climate

Zones.
Soil water retention curve (SWRC) and saturated hydraulic conductivity (Ky)

Figure 2.5 shows that the pressure-cell measured SWRCs (markers in the figure)
differed across the three climate zones. Within the Ngari network in the arid zone,
soil water retention decreased with increasing suction (Figure 2.5a). The same
situation occurred in the deeper layers in the Naqu network in the semi-arid zone
(Figure 2.5b). Within the Maqu network in the sub-humid zone, soil water
retention was high and gradually decreased with increasing suction (Figure 2.5c).
Figure 2.5 also shows that the CH and VG models captured the retention
characteristics of soil water (lines in the figure) well across the three climate
zones. Determined parameters of [6,, b, @] of the CH model and [6,, 6, a, n] of
the VG model based on the measured SWRCs and scaling method are listed in

Table 2.2.

Table 2.2 Pressure-cell determined parameters of the CH and VG models in the three

climate zones. The scaling method used for the determination is equation (A1.15).

Depth CH
Region (cm) b Qs 0s FC PWP
- em mm3 mdm3® méim3
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Ngari (arid) 5 019 435 03 021 0.1
10 016 583 032 024 013
20 016 202 027 017  0.09
40 018 245 028 017 0.9

Naqu
- 5 0.07 0.02 0.51 0.3 0.23
(semi-arid)
10 01 1121 0.43 0.39 0.27
20 0.16 4.59 0.39 0.29 0.15
40 013 164 0.39 0.27 0.16
50 0.19 058 0.39 0.18 0.09
Maqu
. 5 0.28 39.04 0.79 0.75 0.29
(sub-humid)
10 0.25 39.17 0.72 0.7 0.29
20 0.24 37.89 0.66 0.65 0.27
40 0.2 33.13 0.54 0.53 0.25
80 0.27 36.61 0.56 0.56 0.21
Depth VG
Region (cm) Or 05 a n FC PWP
mm3 mm® cm?® - mmd® mim3
Ngari (arid) 5 0.03 0.25 0.02 1.39 0.22 0.09
10 0.03 029 0.02 131 0.26 0.12
20 0.03 0.2 0.02 134 0.18 0.08
40 0.03 021 0.03 1.37 0.18 0.08
N.'?lqu_ 5 0.03 033 005 11 0.3 0.23
(semi-arid)
10 0.04 0.44 0.04 1.15 0.4 0.25
20 0.04 0.35 0.04 1.29 0.3 0.14
40 0.04 0.3 0.02 127 0.28 0.14
50 0.04 0.23 0.03 143 0.2 0.08
Maqu . 5 0.05 0.77 0.02 1.33 0.61 0.3
(sub-humid)

10 0.05 06 0.01 127 0.58 0.3
20 0.05 054 0.01 125 0.53 0.28
40 0.05 047 0.01 123 0.45 0.25
80 0.05 049 001 131 0.49 0.21
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Figure 2.5 Average observational SWRCs and determined SWRCs-CH and SWRCs-VG
from the scaling method at the different depths in the three climate zones: Ngari in the
arid zone, Naqu in the semi-arid zone and Maqu in the sub-humid zone. Dots indicate the
average observed soil moisture content under a specific suction. Lines represent the
determined SWRCs-CH and SWRCs-VG.

Within the Ngari network in the arid zone (Figure 2.6a), the magnitude of the
mean K, value was on the order of 10° (m/s). K, at 20 cm was lower than that at
the other depths, which might be attributed to the lowest values of the porosity in
this layer (please refer to Figure 2.4a). Within the Naqu network in the semi-arid
zone (Figure 2.6b), the mean K; value exhibited a variation of one order of
magnitude with the depth, namely, 10 (m/s) at depths of 10, 20 and 50 cm and
10° (m/s) at a depth of 40 cm. In the Maqu network under the sub-humid zone
(Figure 2.6¢), K also differed by one order of magnitude: 10 (m/s) at depths of
5, 10, 20 and 80 cm and 107 (m/s) at a depth of 40 cm. It should be noted that the
K, profiles of both the semi-arid and sub-humid zones revealed a lower K value
in the shallow layers than that in the deeper layers. This mainly occurs due to the
negative correlation between the saturated hydraulic conductivity and soil

organic carbon in soils where the hydrophobic functional group might dominate
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the organic carbon composition and reduce the soil wettability (Ellerbrock et al.,
2005; Nemes et al., 2005; Wang et al., 2009). K, varies with the soil texture in
the three climatic zones, and both SOC and the gravel content yield an effect. At
a certain depth, where the basic soil properties undergo a transition (please refer
to Figure 2.3), K, reaches a minimum. The mean and standard deviation of the
soil properties of the profiles in the three climate zones are listed in Appendix A
(Tables A1.3-A1.5).

(a) Ngari (arid) (b) Naqu (semi-arid) (c) Maqu (sub-humid)
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Figure 2.6 Profiles of the mean saturated hydraulic conductivity (K;) in the three different

climate zones.

Gravel impact on porosity and K

Figures 2.7a&b show that the porosity did not change with GGF increasing from
0-0.3 in the shallow layers, while at GGF > 0.4, the porosity tended to decline
with increasing GGF, especially in the deeper layers. For example, the porosities
of the layers with GGF values of 0.6 and 0.72 at 20 cm and 40 cm depths were
lower than those with GGF < 0.3 at 5 cm and 10 cm depths (Figure 2.7a). With
more gravel particles embedded in the matrix, the flow paths in the soil would
become blocked and the porosity reduced (Zhang et al., 2011). However, the

porosity did not always decrease with increasing GGF. The porosity of the layer
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with a GGF value of 0.84 in the semi-arid zone was higher than that of the layers
with a GGF varying between 0.4 and 0.6 at the 50 cm depth (Figure 2.7b). The
porosity of the layer with a GGF value of 0.7 at the 20 cm depth in the arid zone
was also higher than that with a GGF value of 0.6 at the 40 cm depth (Figure
2.7a). The porosity tended to increase with increasing GGF, because when the
GGF is relatively high (> 1 minus the porosity of gravel), connected pores can

form among gravel particles and thus increase the porosity (Zhang et al., 2011).
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Figure 2.7 Scatter points of the measured porosity (top panel) and K, (bottom panel) with

the GGF in the different depths in the arid and semi-arid zones.

Figures 2.7c&d show a slight decrease in K at 10 cm for GGF < 0.62 and a slight
increase in K at 20 cm and 40 cm for GGF > 0.8, which is consistent with the
changes in porosity. These observations clearly show that gravel exerts a distinct
impact on the porosity and K in the arid and semi-arid zones. It should be noted
that although the in situ K; measurements were conducted at locations adjacent
to soil sampling sites, heterogeneity may have affected the values of the soil
properties and parameters throughout our sampling procedures, similar to any soil
field experimentation. Nevertheless, the current findings based on field
experiments are in line with the reported findings based on laboratory
experiments (Koltermann, 1995; Sakaki & Smits, 2015; Zhang et al., 2011).
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Heat capacity € and thermal conductivity 4

Figures 2.8a&b show that the heat capacity C, increased and decreased with
increasing SM within the Ngari and Nagu networks in the arid and semi-arid
zones, respectively. Some samples collected from these two networks are fine-
grained soils mixed with gravel particles. In regard to these samples, it was not
easy to vertically insert the needle probes of the KD2Pro device (please refer to
section 2.2). Instead, the needle probes were buried in the surface of the sample
as the alternative for the measurement. Additionally, the KD2 needle probes
might experience a slight deviation upon contact with gravel. All these factors
might cause the fluctuation in Cy with increasing SM, while an overall rising
trend was still observed in Figures 2.8a&b. Figure 2.8c shows that C, almost
steadily increased with SM within the Maqu network in the sub-humid zone. The
samples collected from the sub-humid zone are all fine-grained soils, and the
needle probes of the KD2 device were easily inserted, thus forming a steady
environment for the measurements. Figures 2.8a&b&c show that no distinct
layering occurred at the different depths for C; with SM in the three climate
zones. C ranged from 1 MJ m= K in the oven-dry state to 2.5 MJ m= K as the
soil reached complete saturation in the arid zone, 0.5 to 3 MJ m? K in the semi-

arid zone, and 0.5 to 2.4 MJ m= K1 in the sub-humid zone.
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Figure 2.8 Mean soil heat capacity (Cs) and thermal conductivity (1) with the water

content (SM) at the different depths in the three climate zones.

Figures 2.8d&e&f show the A-SM relationship with the depth. In the arid zone
(Figure 2.8d), the A-SM curves were very similar at each depth due to the nearly
homogenous sandy soils across the whole profile (please refer to Figure 2.3a).
The mean A value ranged from 1.8 W m K at full saturation to 0.2 W m* K*!
as the soils reached the oven-dry state. In the semi-arid zone (Figure 2.8e), the A-
SM curves were stratified, and the soils with gravel in the deeper layers (please
refer to Figure 2.3b) clearly attained a higher A value (>2 W m K1) than that of
the other layers and other climate zones. In the sub-humid zone (Figure 2.8f), the
A-SM curves also presented variation with the depth, albeit within a much
narrower range than that in the semi-arid zone. This variation is mainly caused
by the sand distribution along the profile, which increased slightly with the depth
(please refer to Figure 2.3c). The mean A value in the sub-humid zone ranged
from 1.6-0.2 W m? K as soils dried out. Furthermore, the surface layers in the
semi-arid and sub-humid zones exhibited lower A values (Figures 2.8e&f)

because of the SOC influence.
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2.4 Applications of the Tibet-Obs Dataset

2.4.1 Assessing the parameterization schemes for LSMs
Porosity estimation

With the use of the basic soil property data of Tibet-Obs and four schemes, the
porosity was estimated. Comparisons to measured porosities (please refer to
Table A1.6) indicated that the BD scheme performs the best in the estimation of
porosity in the different depths in the three climate zones, as this bulk estimation
scheme considers both gravel and fine minerals. The Cosby-S scheme
overestimated the porosity in the arid zone and provided constant porosity values
in the semi-arid and sub-humid zones. The SocVg scheme also overestimated the
porosity because the assumed porosity of gravel soils with a theoretical minimum
value (0.363) was higher than the observed maximum porosity (0.31) (Wu &
Wang, 2006). The BM scheme suitably estimated the porosity of soils with more

gravel, especially in the deeper layers of the arid and semi-arid zones.

SWRC and K estimation

With the basic soil property data of Tibet-Obs and the selected PTFs (please refer
to Table Al.2), the parameters of SWRC-CH and SWRC-VG were estimated
(please refer to Tables A1.7-Al1.8). Figure 2.9 shows comparisons of the
estimated SWRCs based on PTFs combined with the BD porosity scheme to the
measurement-determined SWRCs at 5 cm (please refer to section 2.3.2). The
Saxton et al. (1986) PTFs overestimated the SWRCs-CH in the arid zone (Ngari),
while the PTFs given by Campbell and Shiozawa (1992) and Saxton and Rawls
(2006) underestimated them (Figure 2.9a), whereas the Cosby et al. (1984) PTFs
(1 and 2) yielded good SWRC-CH predictions with lower absolute biases (please
refer to Table A1.9) over the measurements. In the semi-arid zone (Naqu) (Figure
2.9b), all PTFs underestimated the SWRCs-CH at 5 cm, while the Cosby et al.
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(1984) PTFs (1 and 2) and the Saxton et al. (1986) and Saxton and Rawls (2006)
PTFs captured them well with lower biases (please refer to Table A1.9) over the
measurements. In the sub-humid zone (Maqu) (Figure 2.9c), the Cosby et al.
(1984) PTFs (1) and Saxton et al. (1986) PTFs predicted the SWRCs-CH well. It
should be noted that in combination with the BD scheme, the Cosby PTFs (1)
performed much better in SWRC-CH estimation than did the estimates obtained
with the Cosby PTFs (1) combined with the Cosby-S porosity scheme (please
refer to section 2.2.2). In contrast, without the BD scheme, the Saxton and Rawls
(2006) PTFs were found to perform better (as indicated in Table A1.10 in

Appendix A) in the semi-arid and semi-humid zones.
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Figure 2.9 Comparison of the estimated SWRCs via PTFs combined with the BD scheme
and the measurement-determined SWRCs at 5 cm in the three climate zones. It should be
noted that the SWRC estimated with the Vereecken et al. (1989) PTFs is beyond the range

in the sub-humid zone and not considered (right figure in Figure 9c).

In regard to SWRCs-VG estimation, the Rosettal-H3 and Rosetta3-H3 PTFs
were developed based on a mixed database (Schaap et al., 2001). Figure 2.9 (right
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panel) shows that they underestimated the SWRCs-VG across the three climate
zones, as did the Rawls and Brakensiek (1985) PTFs. The Weynants et al. (2009)
PTFs underestimated the SWRCs-VG in the semi-arid zone, while the Class
Wosten et al. (1999) PTFs overestimated them (Figure 2.9b). The Vereecken et
al. (1989) PTFs, which were developed based on a database containing hydraulic
properties measured with the same measurement techniques across all samples
(Vereecken et al., 2010), performed well when m was set to 1. However, these
PTFs did not perform well for m=1-1/n in the VG model and estimated SWRCs-
VG that were out of the range in the sub-humid zone. The continuous Wasten et
al. (1999) PTFs were developed based on the Hydraulic Properties of European
Soils (HYPRES) database and as such were more akin to the database of
Vereecken et al. (1989). The Weynants et al. (2009) PTFs were developed based
on the Vereecken et al. (1989) database and included BD as a variable. These two
PTFs predicted the SWRCs-VG well in the three climate zones. Comparisons of
the estimated SWRCs via PTFs to the measurements at 10, 20 and 40 cm were
shown in Figures A1.1-A1.3 in Appendix A. Accordingly, the Cosby et al. (1984)
PTFs (1) and the continuous Wasten et al. (1999) PTFs combined with the BD
porosity scheme are suggested to be more applicable for the prediction of the
SWRC-CH and SWRC-VG, respectively, across the three climate zones.

Adopting the basic soil property data of Tibet-Obs as input, K, was estimated by
using the PTF scheme (please refer to the footnotes in Table A1.2 in Appendix
A), the empirical PTFS-VGF scheme (please refer to equation (A1.16)) and the
semi-physical BM-KC scheme (as expressed in equations (Al1l.17-Al1.19)).
Comparing the estimated values against in situ measured K, values, Figures
2.10a&d show that the PTF scheme yielded a lower bias in LogioK prediction
than that yielded by PTFS-VGF and BM-KC schemes in the arid zone (Ngari).
In particular, the PTFs given by Cosby et al. (1984) (1 and 2) predicted good K

values that could be used in the CH model to estimate the hydraulic conductivity
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(K), similar to the Rosettal-H3 PTFs, Rosetta3-H3 PTFs and Rawls and
Brakensiek (1985) PTFs did with the VG model. The K; values derived based on
BM-KC scheme had a smaller RMSE with measurements at 40 cm depth,

indicating the gravel impact on K.
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Figure 2.10 Comparisons of Ky, derived from the PTFs, PTFs-VGF and BM-KC schemes
with the CH and VG models, to field measurements at the different depths in the three

climate zones.

Figures 2.10b&e show that the BM-KC scheme predicted better K at depths of
10, 20 and 40 cm in the semi-arid zone (Naqu) than did most PTFs and PTFs-
VGF. Regarding the K estimates used in the CH model, the Cosby et al. (1984)
(1) PTFs performed the best at shallow depths, while the PTFs-VGF among these

PTFs performed better in the deeper layers at 40 and 50 cm. In terms of usage in
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the VG model, the K, values derived from the PTFs and PTFs-VGF schemes
were almost the same, indicating that the estimated K used in the VG model is
less affected by gravel. The Rosettal-H3 PTFs better predicted K than did the
other PTFs. Figures 2.10c&f show that most of the PTFs underestimated K,
while the selected PTFs (i.e., Cosby (1) and Rosettal-H3) in the arid zone also
predicted K values close to the measurements in the sub-humid zone (Maqu). In
summary, the Cosby et al. (1984) (1) and Rosettal-H3 PTFs are appropriate for
K, estimation, which are used in the CH and VG models, respectively, across the
three climate zones. The PTFs-VGF of the Saxton and Rawls (2006) scheme
should be applied in the deeper layers in the semi-arid zone, where gravel is
abundant in the soil.

C, and A estimation

With the use of the basic soil property data of Tibet-Obs, C was estimated
through the De Vries (1963) model. Compared to the Cs measurements, this
scheme performed well in the three climate zones. Furthermore, considering the
SOC impact, it improved the C, estimates (as indicated in Table A1.11) for soils

at top layers in the semi-arid and sub-humid zones.

Based on the Tibet-Obs basic soil property data, the D63F, T16 and J75 schemes
combined with the BD porosity scheme were used to estimate A. In the arid
(Ngari) and semi-arid (Naqu) regions, the estimation of A considered two
scenarios: with (Case 1) and without (Case 2) gravel impact. In the sub-humid
region (Maqu), A estimations with (Case 1) and without (Case 2) SOC impact
were considered. Table 2.3 revealed that the A values derived from the D63F
model had a lower bias in all cases compared to the measurement over the other
schemes in the three climate zones. The T16 scheme overestimated A, which may

be attributed to its ideal assumption that the 4 value of soil minerals is totally
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determined by sand, clay and silt particles. The J75 scheme generally
underestimated A.

Table 2.3 Biases of the 4 estimates based on the D63F, T16 and J75 schemes combined
with the BD scheme along the different depths in the three climate zones and the
measurements. Case 1 is the bias (listed in the upper part of the table) derived from the
schemes not considering gravel impact parameterization in the arid and semi-arid zone
or SOC impact parameterization in the sub-humid zone. Case 2 is the bias (listed in the
lower part of the table) with these parameterizations considered. The unit of the listed
value is W m? K1,

Schemes D63F T16 J75 D63F Ti16 J75
5cm 0.06 03 -0.26 0 026 -0.29
10cm 0.18 0.32 -0.24 0.08 025 -0.23
20cm 0.02 03 -042 -013 0.18 -043
40cm -0.01 0.07 -037 -0.14 -0.02 -0.39
5cm -0.09 0.02 -038 -0.2 -0.13 -0.34
10cm -0.02 025 -0.21 -0.11 0.18 -0.28
Naqu (semi-arid) 20cm -0.03 031 -0.35 -0.16 0.2 -043
40cm 001 054 -035 -0.26 0.27 -0.53
50 cm 02 099 -023 -0.2 044 -049
5cm -0.01 0.05 -013 -0.14 -0.16 -0.22
10cm -004 01 -02 -019 -0.16 -0.31
Maqu (sub-humid) 20cm -0.06 0.18 -0.29 -0.22 -0.14 -0.41
40cm -0.05 023 -032 -0.13 0.01 -041
80cm -0.08 02 -037 -0.12 0 -0.45

Ngari (arid)

Table 2.3 also indicates that the D63F scheme improved the A estimates for
surface layers in the arid zone and at a depth of 50 cm when incorporating gravel
impact parameterization (lower biases in Case 2). The improvement also occurred
with the T16 scheme, while the biases tended to be higher under the J75 scheme.
In the sub-humid zone, the biases also increased for all schemes when SOC

impact parameterization was considered. Although the parameterization of the
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SOC impact was demonstrated to improve the A estimate for the top layer (SOC
> 12%) in the eastern TP (Chen et al., 2012; Zheng et al., 2015b), it should be
noted that in these studies of porosity estimation, the Cosby-S scheme was used
instead of the BD scheme as adopted in this chapter. The comparisons in Table
2.3 indicate that the D63F scheme combined with the BD porosity scheme can
predict A well in the three climate zones. It should be noted that combined with
the Cosby-S scheme, the D63F scheme also performs well (as shown in Figure
Al.4in Appendix A).

2.4.2 Evaluation of the existing soil datasets

The current existing global and regional soil datasets, including FAO-UNESCO
(FAO/UNESCO, 2007), HWSD (FAO/IIASA/ISRIC/ISSCAS/IR, 2012), BNU
(Shangguan et al., 2012; Shangguan et al., 2013), SoilGrids1km (Hengl et al.,
2014a), SoilGrids250m and HPSS (Montzka et al., 2017), were extracted on the
TP and compared to the in situ and laboratory measurements of Tibet-Obs.

Basic soil properties

Figure 2.11 shows that all datasets underestimated both the sand fraction and BD
in the arid and semi-arid regions, but overestimated them in the sub-humid region.
Regarding the silt fraction, the pattern was reversed. Almost all datasets
overestimated the silt fraction in the arid and semi-arid regions (only FAO-
UNESCO underestimated the silt fraction very slightly in the semi-arid region)
and underestimated the silt fraction in the sub-humid region. All datasets

overestimated the clay fraction in the three climate zones.
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Figure 2.11 Average bias in the basic soil properties between the existing products and
the laboratory measurements in the three climate zones. To enable the comparison of BD
with the same order of magnitude as that of the other properties, the original BD value
multiplied by 100 (unit x 100 g/cm?®). Likewise, a multiplication (% x 10) is applied to
the SOC data in the semi-arid zone. FAO-UNESCO is the FAO-UNESCO Soil Map of the
World  (2007). HWSD is the Harmonized World Soil Database
(FAO/IIASA/ISRIC/ISSCAS/IR, 2012). BNU is a Chinese data set of soil properties
(Shangguan et al., 2012; Shangguan et al., 2013) and soil hydraulic parameters using
PTFs (Dai et al., 2013) released by the Beijing Normal University. The SoilGridslkm
(Hengl et al., 2014a) and the updated version of SoilGrids250m (Hengl, 2017) datasets
are released by the International Soil Reference and Information Center (ISRIC) - WoSIS
Institute. HPSS is the hydraulic parameter set of the van Genuchten (1980)-Mualem
(1976) model based on SoilGridslkm and Schaap et al. (2001) PTFs (Montzka et al.,
2017).
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The estimates of SOC based on all the datasets were within a 1% range of the
measurements in the arid and semi-arid zones and within 10% in the sub-humid
zone, except for the FAO-UNESCO data, which heavily underestimated SOC in
this region. Most of the GGF estimates in the arid zone were within 10%, with
the FAO-UNESCO data underestimating GGF by 20%. In the semi-arid and sub-
humid regions, all datasets consistently underestimated and overestimated,

respectively, GGF.

The BD scheme was used to derive the porosity from the existing datasets. Figure
2.12a shows that the estimations of the porosity were higher than the in situ
measurement in the arid zone, with SoilGridslkm and HWSD providing the
closest approximations. In the semi-arid zone (Figure 2.12b), all datasets
underestimated the porosity of the top layer but overestimated it at the other
depths. It should be noted that SoilGridslkm and SoilGrids250m yielded an
almost constant porosity in each profile, which is not representative of the
conditions in the field. The porosity estimations based on FAO-UNESCO,
HWSD and BNU did show profile variation, although much less than the in situ
measurements did. In the sub-humid region (Figure 2.12c), all datasets
underestimated the porosity in the surface layers at 5, 10 and 20 cm, and either

underestimated or overestimated the porosity of the deeper layers.
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Figure 2.12 Comparisons between the porosity estimated with the various existing
datasets based on the BD scheme and the in situ measurements.

SWRC and K

As the previous analyses of the PTFs (please refer to section 4.1) suggested, the
Coshy et al. (1984) and continuous Wosten et al. (1999) PTFs were used with
basic soil properties (i.e., only texture, BD and SOC) obtained from the
independent datasets (e.g., SoilGrids) to estimate SWRCs-CH and SWRCs-VG,
respectively. Given the relatively homogenous soil profile derived from the
existing products (Figure 2.13), the averaged SWRCs derived from the existing

datasets over the different depths were compared to the laboratory measurements.
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seven datasets, of which HPSS only provides

Figure 2.13a shows that all datasets overestimated the SWRCs in the arid zone,
in the order of FAO-UNESCO > BNU > HWSD > SoilGrids250m > HPSS (for
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the VG model) > SoilGridslkm > Tibet-Obs. In the semi-arid zone (Figure
2.13b), all datasets underestimated the SWRCs for the surface layers at 5 and 10
cm but overestimated the SWRCs for the deeper layers. FAO-UNESCO captured
the SWRCs-CH for the surface layers well, and BNU presented the closest
estimations for the deeper layers. Regarding the SWRCs-VG, SoilGrids250m and
HWSD matched the measurements for the surface and deeper layers well. In the
sub-humid zone (Figure 2.13c), all datasets showed similar SWRCs-CH, slightly
underestimating them under a low suction (< 100 kPa) but then eventually
becoming consistent with the measurements. The results for the SWRCs-VG
were quite diverse. HWSD and HPSS showed consistent underestimations. FAO-
UNESCO and BNU closely matched the measurements for the deeper layers. The
SoilGridslkm and SoilGrids250m results were within the range of the
measurements across the whole profile, although their mean values were larger
in the high-suction range (> 300 kPa). Furthermore, it should be noted that the
averaged profile SWRCs derived from Tibet-Obs tended to reflect the SWRCs
for the deeper layers in the three climate zones. Additionally, the SoilGridslkm-
, HWSD- and SoilGrids1km-derived FC (0.37, 0.41 and 0.51 m® m) and PWP
(0.16, 0.20 and 0.27 m* m®) were found to be close to the mean measured values

in the three respective climate zones (please refer to Table A1.12).

With basic soil properties (i.e., soil texture, BD and SOC) obtained from the
independent datasets (e.g., SoilGrids, etc.) with the Cosby et al. (1984) (1) and
Rosettal-H3 PTFs, Table 2.4 provides the mean predicted K (10 m/s) values
based on the existing datasets across the three climate zones. The values were of
a smaller order than that of some of the field measurements in the arid and semi-
arid zones but of a larger order than some of the field measurements in the sub-
humid zone. The Tibet-Obs dataset as input for the applicable PTFs predicted K
well. The existing datasets for SWRCs estimation, i.e., SoilGridslkm, HWSD,
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and SoilGrids1km, also performed well in estimating K, in the three climate

Z0nes.

Table 2.4 Comparisons of the mean derived K, values obtained with the applicable PTFs
and the CH and VG models based on the various soil datasets, to the measurements. The

unit of the listed value is m/s.

) . L (sub-
Region Ngari (arid) Naqu (semi-arid) Maqu 1 imid)

CH VG CH VG CH VG
3"9""5““9 2.53E-05 253E-05 2.50E-05 2.50E-05 4.21E-06  4.21E-06
g&et- 1.81E-05 2.41E-05 149E-05 2.38E-05 3.00E-06  1.65E-05
FAO-

UNESC 7.16E-06 6.09E-06 7.05E-06 5.25E-06 7.05E-06 5.25E-06
0]

HWSD 5.74E-06 4.14E-06 7.98E-06 5.39E-06 6.72E-06 4.85E-06
BNU 4.92E-06 4.26E-06 7.91E-06 9.59E-06 3.91E-06 3.07E-06

fﬁ:r']G”ds 751E-06 4.96E-06 6.34E-06 5.84E-06 4.24E-06  5.62E-06
gggnf”ds 729E-06 6.95E-06 6.22E-06 5.99E-06 3.97E-06  3.15E-06
HPSS 7.42E-06 6.65E-06 4.33E-06

SHPs & STPs in LSMs

Most LSMs use Richards’ equation in soil water flow modeling (please refer to
A.6 in Appendix A) with the hydraulic conductivity. In certain LSMs (e.g., Noah
and H-TESSEL), the soil diffusivity (D) is used. When soil dries down, with the
largest soil pores draining, K and D are reduced many orders of magnitude from
complete saturation to dryness (Bittelli et al., 2015). A lower K (higher D) value
results in slower water transport and thereby a higher SM estimated with LSMs

than determined from soil moisture measurements, and vice versa.

LSMs use the thermal diffusion equation in soil heat transport modeling (please

refer to A.6 in Appendix A). The soil heat capacity (C,) and thermal conductivity
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(4) are the most important thermal parameters in the equation. Lower A values
with higher C, values lead to reduced soil heat fluxes and thereby the higher soil
temperature estimated with LSMs than measured soil temperature, and vice versa.
The curves of K, D, C and A based on basic soil properties obtained from the
independent datasets (SoilGrids etc.) with the recommended parameterization
schemes were compared to the measurements (as shown in Figures A1.5-A1.7 in
Appendix A) to quantify the LSM uncertainty inherited from the soil dataset. A
special case is formed by the FAO-UNESCO dataset, which slightly
overestimated VG-K for the surface layers and heavily underestimated it for the
deeper layers, while it heavily overestimated VG-D for the surface layers and
slightly underestimated it for the deeper layers. These factors led to
overestimation of the derived SM values, similar to the ECMWF SM analyses in
this region (Su et al., 2013). The uncertainty stemming from the soil dataset also
propagates to soil temperature estimation. The FAO-UNESCO dataset
underestimated C,-SM for the surface layers, but overestimated A-SM, while at
the other depths, this dataset estimated C;-SM well but underestimated A-SM.
These factors led to the underestimation of the simulated soil temperature, which
is also consistent with the findings of previous ECMWF soil temperature analyses
(Suetal., 2013).

2.5 Conclusions

In this study, an in situ measurement dataset of soil physical properties was set
up across the arid (Ngari), semi-arid (Naqu) and sub-humid (Maqu) climate zones
on the Tibetan Plateau. This dataset can fill geographical gaps in global profile
data on the Third Pole region. Analyzing this in situ dataset shows that the soil
texture within the Ngari network in the arid zone consists of a high proportion of
coarse sand with gravel and that the gravel content increases until 20 cm and then

decreases slightly in the deeper layers. BD and the porosity slightly vary with the
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depth. The soil texture within the Naqu network in the semi-arid zone is
dominated by a high percentage of sand mixed with a small proportion of gravel,
but with a high SOC in the shallow layers and mainly large gravel particles in the
deeper layers. BD reached a minimum in the top layer and a maximum in the
bottom layer, and the porosity presents the opposite trend. The soil texture within
the Maqu network in the sub-humid zone is dominated by a high percentage of
silt with a relatively high SOC in the shallow layers and mainly fine sand in the
deeper layers. BD increases with the depth, and the porosity decreases.
Depending on the basic soil properties in the three climate zones, the soil
hydraulic properties (SHPs, i.e., soil water retention curve, hydraulic
conductivity) and thermal properties (STPs, i.e., heat capacity and thermal
conductivity) differ in each climate zone and vary within each profile (e.g.,
presenting layering in the semi-arid and sub-humid zones), and gravel was found
to affect the porosity and SHPs & STPs in the arid zone and in the deeper layers

of the semi-arid zone.

Various schemes to estimate the porosity and SHPs & STPs on the TP were
examined. The Cosby et al. (1984) PTFs proved more applicable for SHP
estimation with the Clapp and Hornberger (1978) (CH) model, and the continuous
Wosten et al. (1999) PTFs for SHP estimation with the van Genuchten (1980) -
Mualem (1976) (VG) model. The original formulation of the De Vries (1963)
model could be deployed successfully to estimate the heat capacity along the
profile. Furthermore, the De Vries (1963) model combined with the Farouki
(1981) scheme (D63F) under the implementation of the BD porosity scheme

proved superior in thermal conductivity estimation.

Referenced by the measurements, the uncertainties in the existing basic soil
property datasets and their derived SHPs & STPs were quantified on the TP. This
information is of significance for the assessment of the LSM uncertainty inherited

from soil datasets to screen the proper soil datasets for LSMs on the TP.
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Furthermore, the existing soil property datasets can also be used as ancillary data
for SM retrieval. For example, the composited datasets of the FAO and HWSD
were used in Soil Moisture and Ocean Salinity (SMOS) and Soil Moisture Active
Passive (SMAP) SM product generation. Therefore, the information is also
valuable to better understand the uncertainties in satellite SM products inherited
from soil maps. Based on dataset comparison, this chapter indicates that
SoilGrids1km can reduce this uncertainty and is therefore recommended for use
in the arid and sub-humid zones, while the combination of FAO-UNESCO in
shallow layers and HWSD in deeper layers is recommended in the semi-arid zone
on the TP.

In summary, this chapter provides a comprehensive in situ measured dataset of
soil physical properties on the TP and presents applicable schemes to use for
porosity and SHP & STP estimation in LSM on the TP. The dataset contributes
significantly to the generation of spatial-temporally consistent soil moisture and
temperature estimates with LSMs. Furthermore, the evaluation of the existing
soil property datasets is crucial to quantify the uncertainty arising from the soil
data considered in LSMs and soil moisture retrieval from microwave remote

sensing.
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Chapter 3.  Observation Operator - A
Discrete Scattering-Emission Model
Incorporating An Air-to-Soil Transition
Model

This chapter is based on:

Zhao, H., Zeng, Y., Wen, J., Wang, X., Wang, Z., Meng, X., & Su, Z.
(2021). An Air-to-Soil Transition Model for Discrete Scattering-Emission
Modeling at L-Band, Journal of Remote Sensing, vol. 2021, Article
ID 3962350, 20 pages.
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Abstract: Topsoil structures and inhomogeneous distribution of moisture in a
given soil volume induce dielectric discontinuities from air to the bulk soil, which
in turn may induce multiple and volume scattering and affects microwave surface
emission. In situ ELBARA-III L-band radiometer observations of brightness
temperature Tg’ (p =H or V polarization) at the Maqu site on the Eastern Tibetan
Plateau are exploited to better understand the effect of surface roughness on
coherent and incoherent emission processes. Assisted by in situ soil moisture
(SM) and temperature profile measurements, this study develops an air-to-soil
transition (ATS) model that incorporates the dielectric roughness (i.e., resulting
from fine-scale topsoil structures and the soil volume) characterized by SM and
geometric roughness effects, and demonstrates the necessity of the ATS model
for L-band Tg’ modeling. The Wilheit (1978) coherent model and Lv et al. (2014)
incoherent model are compared in the determination of the dielectric constant of
bulk soil inthe ATS zone and in the calculation of soil effective temperature Tz f.
The Tor Vergata discrete scattering model (TVG) integrated with the advanced
integral equation model (AIEM) is used as the baseline model configuration to
simulate L-band T7 . Then, the ATS model is integrated with the foregoing model
to assess its performance. The results show that the ATS-based models reduce
the underestimation of TF (= 20-50 K) generated in the baseline simulations. As
a dynamic parameter in nature, the proposed dielectric roughness
parameterization in the ATS model significantly improves the ability to interpret
TP dynamics, which is important for SM retrieval enhancement at the global

scale.

Keywords: Air-to-soil transition model, L-band radiometry, dielectric roughness

dynamics, soil effective temperature, discrete scattering model.
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3.1 Introduction

Soil moisture (SM) is highly important for weather and climate predictions by
controlling the partition of heat and water fluxes across the land-atmosphere
interface (Babaeian et al., 2019; Seneviratne et al., 2010; Taylor et al., 2012).
Passive L-band microwave remote sensing has become the most promising
technique for near-surface SM measurement by properly quantifying the
contributions of vegetation and ground surface (Entekhabi et al., 2010; Kerr et
al., 2010; Wigneron et al., 2017). Independent L-band brightness temperature
observations and radiative transfer models (e.g., the community microwave
emission model (de Rosnay et al., 2009)), if integrated with land surface models
within a data assimilation framework, can be used to estimate soil physical
properties (Bandara et al., 2015; Dimitrov et al., 2014; Han et al., 2014a; Montzka
etal., 2011; Yang et al., 2016), which are crucially important to better understand
SM dynamics (Prentice et al., 2015; Su et al., 2013).

The efforts related to microwave remote sensing of the land surface may be traced
back to the work of Peake (1959), which demonstrated the complementary
relationship between emission and scattering and verified it against data obtained
from Straiton et al. (1958). This may be called the scattering-emission radiative
transfer approach. More recent works include those of Fung (1994) and Chen et
al. (2003a) on an advanced integral equation model (AIEM) for a rough bare soil
surface, and those of Ferrazzoli and Guerriero (1996) and Bracaglia et al. (1995)
on a discrete scattering model (Tor Vergata model) for a vegetated surface. These
approaches consider uniform soil moisture and soil temperature (SMST) profiles
and use the surface value of the dielectric constant with roughness parameters in
the calculation of the surface reflectivity by integrating bistatic scattering
coefficients over the half-space above the surface. The other line of work includes
the studies of Njoku and Kong (1977) and Wilheit (1978), which relied on

stratified coherent radiative transfer approaches to calculate microwave emission
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of a medium with a nonuniform temperature profile (i.e., coherent models) to
account for the nonuniform SMST profile of natural soil. In particular, the SMST
profile was used to determine the smooth surface reflectivity and soil effective
temperature T,sr. Due to its simpler formulation, the Wilheit (1978) model is
widely adopted, followed by simplified semi-empirical models (Choudhury et al.,
1982; Parrens et al., 2014; Schmugge & Choudhury, 1981; Wang & Choudhury,
1981; Wigneron et al., 2017) in applications involving airborne and satellite
microwave remote sensing. Generally, these models use Fresnel equations to
obtain the surface reflectivity with roughness corrections, which is continued into
the zeroth-order radiative transfer model used for Soil Moisture and Ocean
Salinity (SMOS) (Kerr et al., 2010) and Soil Moisture Active Passive (SMAP)
(Entekhabi et al., 2010) SM retrieval (Das et al., 2010; Kerr et al., 2012). In
contrast, these models do not retain the coherent character as similar to the
Wilheit model, mainly due to the simplified T.;; parameterization scheme
(Choudhury etal., 1982; Lv et al., 2014). To investigate the impact of T, s on the
microwave radiometry, Lv et al. (2014) used an analytical formulation to
physically explain various T,sr schemes, all of which have their roots in the
scheme of Choudhury et al. (1982), and proposed the Lv’s T,¢r scheme (e.g.,
incoherent model). In this study, we investigate the effects of the Wilheit (1978)

coherent model and Lv et al. (2014) incoherent model on T, and associated

brightness temperature (T, with p = H or V polarization) simulations.

Another research focus of microwave L-band radiometry is the surface roughness
effect. The geometric roughness resulting from the variation in surface height
influences surface scattering and is modeled with the physically-based AIEM.
However, the AIEM assumes isotropic roughness properties for a homogenous
dielectric half-space and does not consider the dielectric effects due to any

heterogeneities in the soil characteristics (e.g., composition, moisture content,
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bulk density). On the other hand, the fact that lateral structures (e.g., the unfilled
surface composed of organic matter and clods) are much smaller than the
observation wavelength (e.g., A, = 21 c¢cm, in the L-band) influences the manner
of wave propagation and induces an impedance mismatch of the rough surface
between air and soil. The aforementioned heterogeneities produce the dielectric
roughness (namely, the notable dielectric discontinuities at the soil surface and
within the soil volume) and may induce the volume and multiple scattering
processes, which affects microwave surface emission. The model parameters
used in zeroth-order radiative transfer models may implicitly account for both the
geometric and dielectric roughness effects. However, they are site-specific
empirical parameters, obtained by using the best-fit approaches based on limited
field observations and model simulation results. An air-to-soil transition (ATS)
model (Matzler, 2006)—an intermediate modeling approach between physical
and semi-empirical approaches—is suggested to describe the roughness effects
of topsoil structures on L-band radiation through an impedance matching between
the dielectric constants of air and bulk soil. In the original ATS model
(Schneeberger et al., 2004; Schwank et al., 2004), the structured topsoil is
adopted as a transition layer with a geometric thickness h, considering that the
volume fraction of soil materials increases with the depth in the ATS zone.
Moreover, h is related to s (the height standard deviation with a Gaussian
distribution, centered on lateral separation) as s(h) = 0.2489h (Matzler, 2006;
Schneeberger et al., 2004). As the geometric surface roughness (i.e., s) does not
notably change, h is a fixed peak-to-trough transition layer thickness induced by
topographical effects and independent of soil moisture. However, regarding h to
be constant is questionable due to the fact that the dielectric properties of the
topsoil and the soil volume below may be modulated by inhomogeneity related
to moisture. This study develops an enhanced air-to-soil transition (ATS) model
with a new h parameterization scheme to investigate the soil moisture-dependent

dielectric roughness of the topsoil structures and the soil volume below on L-
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band radiation. The Maqu site (33.91°N, 102.16°E) in the eastern Tibetan Plateau
meadow region, which provides comprehensive field observations (Su et al.,
2011; Su et al., 2020a; Zeng et al., 2016; Zhuang et al., 2020), is chosen as the
study area to validate the model.

With the ATS dielectric layer obtained, an equivalent homogenous dielectric
entity acting as the ground scattering-emission medium can be assumed with a
given dielectric constant and surface geometric roughness. The AIEM (Chen et
al., 2003a), which uses a more complete expression of the single scattering terms
to maintain the acceptable energy conservation when calculating emissivity
according to bistatic scattering coefficients (Zeng et al., 2017), is employed to
simulate soil surface scattering. As the research object is a natural grassland, the
Tor Vergata model simulating vegetation scattering is coupled with the AIEM
(TVG+AIEM) for overall vegetation-soil scattering-emission modeling. The
coupled model including the ATS model (TVG+AIEM+ATS) is further
employed to investigate the impacts on h estimations and T} simulations by
adapting the Wilheit stratified model or Lv model or by applying SM at the single
layer depth of 2.5 cm (in situ measurements) given its topmost role in surface
emission (Escorihuela et al., 2010; Wilheit, 1978). Finally, the applicability and
uncertainty in the enhanced ATS model on L-band radiometry modeling are

discussed.

This chapter is organized as follows: in situ SMST profiles and ELBARA-III TB”
observations at the Maqu site are described in section 3.2. In section 3.3, a brief
description of the TVG model is introduced. The improved ATS model is
presented with the Wilheit (1978) and Lv et al. (2014) models. The configurations
of the different simulation experiments are also explained. The results regarding
the performance of the enhanced ATS model and seasonal T} simulations are

provided in section 3.4, in addition to the influences of the above coherent and
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incoherent models and SM at 2.5 cm on T simulations. Discussions in
applicability and uncertainty in the ATS models on T3 simulations are described
in section 3.5, as well as discussions in the impacts of the geometric roughness
on the performance of the ATS model. The potential advantage of the ATS model
in terms of satellite-based SM retrieval improvement is also discussed in section

3.5. Conclusions are drawn in section 3.6.

3.2 In Situ Measurements at the Maqui site

ELBARA-III (Schwank et al., 2010) is a Dicke-type radiometer and equipped
with a dual-polarized conical horn antenna with a -3 dB full-beamwidth of 12°.
The ELBARA-III radiometer at the Maqu site is mounted on a 4.8-m high
scaffold tower, which makes the center of rotation in elevation at 6.5 m above
ground (upper panel in Figure 3.1). The direction of the antenna beam is toward
the south. Daily measurements include elevation scanning sequences toward the
ground and sky measurements. The angular range of ground scans at every 15
min is between 40° and 70° (relative to nadir) in steps of 5°. Sky measurements
are performed at the local time of 23:55 every day with an observation angle of
155°. The half axes a and b (the lower panel in Figure 3.1) are estimated
corresponding to the -3dB beamwidth, the installation height, and the incidence
angle ;. The horizontal distances d,,;;, and d,,,, (measured from the
radiometer to the closet and the farthest border of the elliptic footprints) and the
footprint areas A are also estimated following Schwank et al. (2005) and
described in Table 3.1. The diagram of footprint areas is shown in Figure 3.1

(lower panel).
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________________________________________________________ =

45m SMST_LC+

Figure 3.1 Sketch of the ELBARA-111 T} footprint and SMST_LC site at the Maqu site.
The upper panel shows a diagram of the ELBARA-III observation geometry, and the
lower panel shows the location of the installed in situ soil moisture and soil temperature
sensors (SMST_LC) and the surface projection of the observation footprints at different
incidence angles. Note that the scale is only applied to the elliptic footprints described
inside the blackline box. The half-axes a and b of the elliptic footprint with the incidence

angle 9, are given in Table 3.1.

Table 3.1 Footprint dimensions at the different incidence angles 6;

9i (o) a (m) b (m) dmin (m) dmax (m) A (mZ)

40 117 090 438 6.73 3.31
45 138 098 526 8.03 4.24
50 168 108 6.28 9.64 5.70
55 212 122 748 11.73 8.13
60 283 141 895 14.6 12.55
65 403 170 10.82 18.88 21.57
70 6.37 218 13.33 26.07 43.64
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During the 2016 summer campaign, soil moisture and soil temperature (SMST)
5TM ECH20O probes (Decagon Devices, Inc., USA) were installed in the
SMST_LC pit (Lv et al., 2018; Su et al., 2020a) near the ELBARA-I1II location
(shown in the lower panel in Figure 3.1). The 5TM probe—a capacitance sensor
operated at 75 MHz measures the real part of the dielectric constant of the
surrounding soil, and the Topp’ model (Topp et al., 1980) is used to convert real
dielectric constant values to SM values. As the Topp’ model does not consider
the impact of the soil texture on the soil dielectric constant, the site-specific
calibration conducted by Dente et al. (2012) is used to improve the accuracy of
the probe output. A dense SMST profile (at 2.5, 5, 10, 20, 35, 60 and 80 cm below
the soil surface) was collected in the period between 08/08/2016 and 20/03/2017.
Due to power outages (for example, snow cover on the solar panels), the
ELBARA-III radiometer was occasionally out of commission in December, and
Tg’ data were only available during the period from 08/08/2016 to 30/11/2016 in
2016. The analyses of this study focus on in situ data and T,f simulations during
the late-monsoon (August to September) and post-monsoon (October to
November) periods in 2016. To keep consistent with the SMAP incidence angle,
the T,f data analysis is confined to the angle of 40°, although the location of the
SMST_LC sensors is close to 50° (please refer to the lower panel in Figure 3.1).
The T¥ data contaminated by solar beams reflected into the ELBARA-11I antenna
horn due to the solar elevation in the range of 44-56° (please refer to the upper
panel in Figure 3.1 for an illustration of such geometry) (Su et al., 2020a) is

regarded as outliers and removed with interquartile range filtering.

Additionally, leaf area index (LAI) is an important input parameter in vegetation
modeling with the Tor Vergata model, which determines the number of grass
leaves as discrete dielectric scatters. LAl time series is obtained from
MCD15A2H - Moderate  Resolution Imaging  Spectroradiometer
(MODIS/Terra+Aqua) LAI (500-m resolution)

71


https://modis.gsfc.nasa.gov/about/

Observation Operator — A Discrete Scattering-Emission Model Incorporating An Air-to-
Soil Transition Model

(https://lpdaac.usgs.gov/products/mcd15a2hv006/). Affected by atmospheric
conditions and issues from spectrum—the sensor itself, the MODIS LAI contains
noise and is discontinuous in time series. Moreover, due to the cloud impact
caused by water vapor absorption in the red band area, some of the original
MODIS LAI data might be lower than real values. Therefore, the harmonic
analysis of the time series (HANTS) algorithm (Verhoef, 1996) is used to filter
MODIS LAI data during the period of 2016. The results in Figure 3.2 show a
reliable interpreted LAI The processed MODIS LAl data are further compared
to in situ ones measured in the 2018 filed campaign (Su et al., 2019), and a good
match between them is confirmed. Furthermore, meteorological observation data
in the Maqu site (Su et al., 2019) are used to support analysis. The data mainly
involve precipitation intensity, air temperature, and albedo with ground surface
temperature, which are derived from in situ four components radiation

measurement (i.e., up- and down-welling shortwave and longwave radiation).

—— HANTS
<P +  Original data

© © ©
RS UAR G

o 6 3
0%\10‘\ '\_0\10‘\' {L\qp\

Figure 3.2 MODIS/Terra+Aqua leaf area index (500-m resolution) original data with
filtered data using the HANTS algorithm.
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3.3 Methods

3.3.1 Tor Vergata discrete scattering model

The TVG model (Bracaglia et al., 1995; Ferrazzoli & Guerriero, 1996) assumes
the soil as a homogeneous infinite half-space with a rough interface, and the
overlying vegetation is represented as an ensemble of discrete dielectric scatters.
The scattering modeled by the TVG model involves three components: vegetation
volume scattering, soil surface scattering and the scattering component resulting
from vegetation-surface interactions. The TVG model has been investigated in
the Maqu area (Bai et al., 2019; Dente et al., 2014; Wang et al., 2018; Zheng et
al., 2017). As reported in Dente et al. (2014), the grass leaves at the Maqu site are
described by dielectric thin discs with a random orientation distribution. Bistatic
scattering and extinction (absorption plus scattering) cross sections of these
dielectric discs are computed by applying the Rayleigh-Gans approximation in
the L-band (Eom & Fung, 1984) (® in Figure 3.3), in which the Matzler (1994)
model is applied to calculate the vegetation dielectric constant. Subsequently, the
contributions of all discs (scatters) are integrated using the matrix doubling
algorithm (® in Figure 3.3). Therefore, the scattering and transmission matrices
are computed for the whole vegetation (® in Figure 3.3). Values of vegetation
parameters such as the disc radius, disc thickness, number of discs (calculated as
LAl/the disc area) and plant moisture content used in this study are calibrated
ones from Dente et al. (2014) and Wang et al. (2018), and they are found
insensitive to the emissivity in the L-band (Bai et al., 2019).

Soil surface scattering is computed with the AIEM, in which the soil dielectric
constant and various surface roughness parameters (i.e., the standard deviation of
surface height s, correlation length of surface height L, and assumed exponential
autocorrelation function for natural surfaces) are needed as inputs. In the previous

version of the TVG model adopted for the Maqu site, a grassland litter component
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was included (Dente et al., 2014). The litter part, however, is not implemented in
this study. One reason is that the grassland on the Tibetan Plateau is grazed by
sheep and yaks (Su et al., 2011), and the litter in most areas is decomposed (as
shown in two snapshots in Appendix B). In contrast, for natural land surfaces,
there does exist a more gradual transition zone of the dielectric constant from air
to the bulk soil than that of an abrupt surface, such as in calm seas (Matzler,
2006). Therefore, our concern in this chapter is to improve transition zone
modeling. Ignoring the litter part in the modeling system is for simplicity but also
reduces the numerous required input parameters that may degrade the

performance of the model.

In this study, the enhanced air-to-soil transition (ATS) model (section 3.3.2) is
used to obtain the effective dielectric constant (@ in Figure 3.3). Two
components, incoherent bistatic scattering coefficients (computed with the
AIEM, ® in Figure 3.3) and coherent specular reflection coefficients (computed
with Fresnel equations corrected by the roughness factor, ® in Figure 3.3), are
computed to determine composite air-to-soil medium scattering. The same matrix
doubling algorithm is then used to combine the calculated vegetation contribution
with that of the air-soil medium (® in Figure 3.3). Subsequently, the emissivity
ep(8;) under p polarization (i.e., H or V) at an incidence angle 6; is obtained by
applying the energy conservation law and integrating the bistatic scattering
coefficients over the half-space above the surface (@-® in Figure 3.3). Due to
the low vegetation emission in the L-band, the physical temperature of vegetation
is assumed to be the same as that of soil in this study. The soil effective
temperature T, ¢ can be estimated with either the Wilheit (1978) coherent model
or Lv et al. (2014) incoherent model (section 3.3.3) (@ in Figure 3.3). Finally,
TP (=e,(8;) - Tefy) is computed using the emissivity e, (6;) multiplied by T, zf

(® in Figure 3.3). Figure 3.3 shows a flowchart of the forward T simulations
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with the coupled TVG model and AIEM including the ATS model. The parameter
values used in the TVG+AIEM+ATS simulations are listed in Table A2.1 in
Appendix B for reference.

I s

i Dry matter fraction, TVG: Vegetation part
| [ Matzler dislectric model Rayleigh-Gans Extinction cross section
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Figure 3.3 Flowchart of the procedure for the forward T} simulations with the coupled
TVG model and AIEM including the ATS model. @- @ represent the workflow. The square
rectangle indicates inputs and parameters, and the rounded rectangle in orange refers to
models and algorithms. The outermost dashed blue box encloses elements of the
TVG+AIEM+ATS model. Three dashed boxes in blue enclose elements of scattering
modeling of the vegetation and soil parts and their combination. The black dashed box
inside the upper blue dashed box contains inputs used to calculate scattering and
transmission matrices. The black dashed box inside the lower blue dash box is with inputs
used for calculating the dielectric constant, and the dashed arrow points to the inputs
used for the baseline and ATS-based simulations (section 3.3.4). Detailed descriptions of
the ATS model are provided in section 3.3.2, and the Wilheit coherent model and Lv
incoherent model are described in section 3.3.3.
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3.3.2 Air-to-soil transition (ATS) model

The vegetated soil medium is composed of a substantial amount of loose dirt,
plant debris and crumbs scattered on the surface and a much denser soil entity
below (Figure 3.4a). Driven by changing weather systems such as after the dry
and sunny conditions following rainfall events, wetted plant debris and large
clods on the surface dry out more quickly than those of the bulk soil beneath the
surface. Affected by roots and air pockets present in the soil volume, an
inhomogeneous layer is produced between the soil structures near the surface and
the bulk soil at the bottom. All these effects may lead to high spatial variability
in SM at the soil surface and within the soil volume (Matzler, 2006).
Consequently, this induces different (e.g., wet-dry layers) interfaces occurring in
the gradual transition zone of the dielectric constant from air to the bulk soil
(ATS). The ATS zone may extend across the peak-to-trough geometric thickness
for natural smooth surfaces, especially when the soil surface is dry and

electromagnetic waves from deeper layers transmit toward the surface.
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Figure 3.4 Sketch of the air-to-soil transition (ATS) model (a) and the dielectric depth
profile in the ATS zone (b). V},(z*) is the cumulative probability of the density of S, (z*),
and 1- V,,(z*) corresponds to the total air volume fraction of the ATS zone. h is the total
dielectric roughness thickness (unit: cm) of a soil area with the order of A, by 4, (4, =
21 cm in the L-band). hgs (unit: cm) refers to the dielectric roughness thickness of the
topsoil structures. hg, (unit: cm) is the dielectric roughness thickness of the soil volume.
z = 0 is the average surface geometric height with standard deviation s (unit: cm). The
ECH20 5TM probes (Decagon Devices, Inc., USA) are located at different depths (e.qg.,
2.5 and 10 cm). (b) describes h under wet and dry soil conditions with a s value of 0.9
cm, in which &, is the real part of the dielectric constant of bulk soil, 5,5 = 17.3 +
i 2.2 for SM = 0.31 m¥m?, and &,,;; = 5.1 + i 0.4 for SM = 0.1 m¥m3,

Assuming L is smaller than the wavelength A, in free space, the concept of the
dielectric roughness (h, L) is proposed for the ATS zone, in which h is the
dielectric roughness thickness characterizing the depth of interfaces, not only
resulting from topsoil structures (hgg) affected by both irregularities (i.e., the
geometric roughness) of the soil surface and inhomogeneous distribution of

moisture but also attributed to the inhomogeneity within the soil volume (hgy)
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that is related to the soil porosity and moisture. The dielectric roughness thickness
h for the ATS zone is the sum of hgs and hg,, (as shown in Figure 3.4a).

h = hSS + hSV (31)

Due to the difficulty in obtaining detailed volumetric information on
inhomogeneous mediums (e.g., loose dirt, plant debris, bulk soil mixed with
roots) along the ATS zone, the Fermi-Dirac distribution function (Kittel, 1976) is
used in this study to construct the dielectric depth profile, following an
exponential dependence of the roughness thickness on SM (Schneeberger et al.,
2004; Wigneron et al., 2001). Subsequently, an equivalent homogenous dielectric
ATS zone with a given dielectric constant is produced as a consequence of
impedance matching over the ATS zone, which is used to calculate the scattering
of the ATS medium by the AIEM (please refer to section 3.3.1).

In this study, h is chosen as the SM-dependent roughness parameter. Modulated
by SM, h varies, and the probability density function S, (z*) for the dielectric
roughness height is assumed to have an exponential distribution with a rate
parameter o, considering exponential attenuation in regard to the water content
and (physical) height of surface emission (Métzler, 2006). Sj, (z*) is expressed in

equation (3.2):

Sp(z*) = aexp(—az*), z*=0 (3.2

As h is also affected by the geometric roughness, the depth dependence of the
volume fraction of soil materials underlying the variations in the dielectric profile
is consequently related to the dielectric height distribution and can be described
as the cumulative distribution of S, (z*). Specifically, the integral of S, (z*) over
depth z*— V,, (z*) represents the volume fraction of soil materials and 1-V},(z*)

represents the air volume fraction (equation (3.3)):
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1-V,(z") = exp(—az*), z*=0 (3.3)

At the soil surface, hqg is impacted by topographic effects and is related to 2s as
the surface geometric height (as shown in Figure 3.4a). hgs in this study is also
assumed to depend on both the incidence angle and polarization as reported in
previous investigations, e.g., Wang and Choudhury (1981), Escorihuela et al.
(2007) and Bircher et al. (2013). If we assume that the air volume fraction is 1 at
an arbitrary position above the surface structures where z* = 0 (z* is away from
the average surface geometric height; z = 0 for nadir observation), since more
soil particles occupy voids in topsoil structures at the lateral scale with increasing
depth (z* > 0), the air volume fraction in the topsoil structures decreases (Figure
3.4a). The decreased air volume is filled by an increased volume of soil materials,
and the resultant effect of moisture on hgg can be described by a logarithmic SM
(equation (3.4)) function. While hgs decreases when the soil surface is wet, the
surface may become ‘saturated’ when it is sufficiently wetted, namely, the soil
moisture reaches the field capacity (FC), at which z* = 0 moves to z = —s and

ensures that hgs approaches 2s. hgs is then given as follows:

hgs = (3.4)

{ 2.5 (—In(SM)) - cos™?(8;) SM < Field capacity
2-s SM > Field capacity

where 8; is the incidence angle, Np is a polarization modulation parameter, and
Np is set to O for H polarization and -1 for V polarization in this study. SM is the

volumetric soil moisture.

With z* deepening in the ATS zone, when the topsoil structures within the whole
lateral scale range tend to become fully filled with soil materials (Figure 3.4a),
the soil texture (i.e., the porosity) and SM profile become the dominant factors

whose influences can be represented by hgy,, which is the depth where the air

79



Observation Operator — A Discrete Scattering-Emission Model Incorporating An Air-to-
Soil Transition Model

volume fraction in the ATS zone equals the maximum volume of the pore space
in the soil (porosity) (equation (3.5)).

—In(porosity) 5)

h =
SV
(04

Affected only by moisture in the soil volume (this is where SM is measured), the
parameter of the distribution a can be estimated by the power attenuation
coefficient, similar to Choudhury et al. (1982) and Lv et al. (2018), which is
determined by A, and the complex dielectric constant of bulk soil in the ATS

zone as follows:

2m . Esoil (3.6)

- /1_0 vV <‘:soil,

where g0i1 = €soi1’ + i€s0i1’ s Esoi’ 1S the real part, and gg,;;"" is the imaginary

(0

part of the soil dielectric constant of the ATS zone. In this study, the soil porosity
is set to 0.62 according to laboratory measurements (Zhao et al., 2018a), and FC
is valued at 0.35 m3/m?3 for silt loam soil. A sketch of the improved ATS model

is shown in Figure 3.4a.

The Fermi-Dirac distribution function (Kittel, 1976) expressed in equation (3.7)
is used to describe the dielectric depth profile e(z*) in the ATS zone. The

steepness parameter kg in equation (3.8) is related to s and SM effects.
1 (3.7)

P (esoil - gair)
1+ exp (— Z — sy kAhSV)

&(z*) = gqir +

ks = exp(—az*) - s (3.8)

Figure 3.4b shows two estimated h profiles and the correspondingly derived
€(z*) values under wet and dry soil conditions. The same temperature can be

assumed for all layers in the ATS zone due to the small influences of temperature
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change on the dielectric constant of (organic) soils (Mironov et al., 2015). As
such, a coherent radiative transfer model can be used to compute the overall
coherent reflectivity for the ATS zone considering €(z*), which is based on a
matrix formulation of the boundary conditions of dielectric discontinuities
derived from Maxwell’s equations (Bass et al., 1995). The coherent model is
applied over a total depth of h with the thickness of each layer set to 1 mm, which
is less than one-tenth of the wavelength A,. This coherent model predicts
reflectivity trend as a function of the layer thickness but is characterized by
enhanced oscillations due to the coherent interactions among the multiple
reflected waves, and this process can be smoothed by the natural variations in the
layer thickness around its average value and an averaging procedure (Della
Vecchia, 2006). Considering the impacts of both the surface geometric roughness
and SM at the bottom of the ATS zone, the average dielectric surface (zgz,4 =
h/2 along z*, as shown in Figure 3.4a) is assumed to decrease with the depth

measured by s multiplied by the natural logarithm of SM (equations (3.9-3.10)).
Zayg = h/2 (3.9

2z}, = h/2 —In(SM) - s (3.10)

Consequently, the reflectivities obtained for this layer thickness (z4,q < z* <

z;, ) are averaged, and the effective dielectric constant of an equivalent
homogenous dielectric ATS zone (used for the calculation of scattering by the
AIEM) is computed by minimizing an objective function between the obtained
reflectivities and those computed for the ATS zone using Fresnel equations (Della
Vecchia, 2006).

The effective roughness parameters obtained via model calibration are
recommended for use in physically-based surface backscattering models (Mattia
et al., 2006; Su et al., 1997). In this study, s is regarded as 0.9 cm and L as 9.0
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cm in the Maqu case (Dente et al., 2014). These two calibrated values consider
the high correlation between s and the roughness slope (s/L) (Benninga et al.,
2018; Su et al., 1997). The SM of the lower boundary of the ATS zone used to
calculate hgg (equation (3.4)), &5,;; and associated hg,, (refer to equations (3.5-
3.6)) in the L-band is difficult to obtain, but can be regarded as the representative
SM. The measured SM at 2.5 cm is considered as the representative SM, because
the reflectivity of a stratified dielectric medium is primarily determined by
changes in the real part of the refractive index over a depth interval of
approximately 1/10 to 1/7 wavelengths (~2.5 cm in the L-band) (Wilheit, 1978).
Notably, the representative SM is also obtained by considering the impact of the
SMST profile on soil microwave emissions through either the Wilheit (1978)
model or Lv et al. (2014) stratified model (please refer to section 3.3.3). The
Mironov et al. (2015) dielectric model is used to calculate &,;; throughout the
whole study period, and the considered soil texture (i.e., clay fraction and bulk

density) information is based on laboratory measurements (Zhao et al., 2018a).

3.3.3 Wilheit coherent model and Lv incoherent model

In this study, we regard the Wilheit (1978) model as a coherent model because
the electromagnetic wave considered in this model is formulated with the
amplitude and phase, and electromagnetic energy flow through the plane is given
by the Poynting vector with the retained coherent character. When rapid surface
drying occurs, there are dry and wet layers at various depths. Reflections from
the air-soil interface and the dry-wet soil interface may interfere, resulting in the
wave stemming from the deeper layers adding to the surface energy density either
constructively (in phase) or destructively (out of phase), or in between (i.e., the
addition of two waves). In contrast, the Lv et al. (2014) model is regarded as an
incoherent model because the model derivation is based on the radiation intensity

(i.e., with only amplitude considerations but without phase considerations)
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(Choudhury et al., 1982). T.¢; and associated Té’ simulations with these two
models are expected to provide physical insights into the interactions of
microwaves with soil medium. From an application perspective, this can help
determine whether coherent and incoherent effects should be considered for
emission modeling of natural surfaces, whose status changes with meteorological

and hydrological conditions.
3.3.3.1 Wilheit coherent model

In the Wilheit (1978) model, soils are treated as a layered plane dielectric
medium. The basic assumption is that there is a reflection for the incident
radiation on the air-soil interface and the thermal equilibrium in each following
layer (i.e., beneath the interface) of this stratified medium. That is to say, only the
absorption and transmission of electromagnetic waves are considered in each
layer. The fraction of absorption (fl.p) can be calculated by solving Maxwell's
equations with the aid of boundary conditions at the interfaces for a coherent
electromagnetic wave propagating through the layered soil (Wilheit, 1978). If T;
is the temperature of the ith layer, under thermodynamic equilibrium, the layer
radiates energy equal to the product of the fractional absorption fip and the
temperature T;. In terms of the conservation of energy, the reflectivity of smooth

air-soil interface R is described by equation (3.11):

N (3.11)

where N represents the total number of discrete soil layers. As such, the
representative SM (SM_Wil) used for determining h is the one resulting in a
minimum root mean square error difference between the obtained reflectivities
and those computed for a set of SM through the Fresnel equations (Della Vecchia,
2006). Wilheit (1978) also defined the thermal sampling depth &; as the average
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depth, at which the upwelling thermal radiation from the soil originates. & is a
function of integrals over the imaginary part of the refraction index but calculated

using an approximation (equation (3.12)).

_Zxifi (3.12)

o =737

where x; is the depth of the ith layer and fl.p (p = H, V polarization) is the
weighting function (e.g., the fraction of absorption) for that layer as previously
defined. The average soil temperature over the 8 is regarded as the soil effective

temperature T, sy and calculated by equation (3.13).

2 il (3.13)
Y

Te

3.3.3 Lv incoherent model

The soil effective temperature is defined as the net intensity at the soil surface,
which is a superposition of intensities emitted at various depths (Choudhury et

al., 1982). The formula is as follows:

*© z 3.14
Teff=_]; a(z)T,(2) exp [—L a(z") '] dz (3.14)

where T (z) is the soil temperature at depth z. a(z) is the attenuation coefficient
related to the complex soil dielectric constant € = &’ + i . &'’ at depth z. For low-
loss dielectric and nonmagnetic soil medium, a(z) can be expressed as
(Choudhury et al., 1982; Ulaby et al., 2014),

2w €' (z) (3.15)

=/1_0.\/:»:’(2)

a(z)
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Assuming uniform SM and texture in each layer, a discrete formulation of (14) is
derived by Lv et al. (2014),

Teff = Ts,l(l —e™™ 'AZI) (3.16)
N-1 i-1
n Z Tyi(1 — e 8%1) 1_[ o~ Az
i=2 j=1
N-1
+Tsn n e~
j=1

Where 1, i, and j represent the soil layers. N shares the same meaning as in
equation (3.11). Ty is soil temperature. « is the attenuation coefficient given in
equation (3.15) and Az is soil thickness. 1 — e~% A% js defined as the weight
function for the ith layer (Lv et al., 2016b). By assuming uniform dielectric
properties of soils throughout the emitting layer and a linear soil temperature
gradient along the soil optical depth, the soil temperature at one time of the soil
optical depth is proved equivalent to T, ;. The depth corresponding to one soil
optical thickness is defined as the penetration depth of soil effective temperature
6pp (Lv et al., 2018) as follows:

Spp (3.17)
f Az;a(z) =1
0
2V
PP 2mer

where Az, a and ¢ share the same meanings as in equations (3.15-3.16). The in
situ SM at 2.5 cm is used for calculating 85, in this case. Measured SM at depths
above 6pp are integrated using the weight function (in equation (3.16)) for
obtaining the representative SM (SM_Lv, equation 3.18) that considers the
impacts of profile SMST. The &pp (Lv’s model) and & (Wilheit’s model) are
referred to as sampling depths of soil effective temperature in the following

analysis.
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SM_Lv = SM; (1 — e~o1-A71) (3.18)
Spp—1 i-1
n Z SM;(1 — et i) ne—aj Azj
i=2 j=1
N-1
+ SMSPD 1_[ e—ak Azk
k=1

where SM; refers to SM at i layer. The other symbols in equation (3.18) share
the same meanings as in equation (3.16).

3.3.4 Configuration of the simulation experiments

To assess the importance of the ATS model in seasonal TE’;’ simulations, five
experiments involving the Wilheit coherent model and the Lv incoherent model
for the soil part are carried out. The first two experiments are called “baseline”
simulations, only using the AIEM+TVG model without integration of the ATS
model. The baseline experiments are configured with both the Wilheit and Lv
models, which can reflect the impacts of the effective soil temperature and
effective soil moisture, respectively, on TB” simulations. Considering that
emission is sensitive to SM in the top layers (Zheng et al., 2017), the in situ
measured SM at 2.5 cm is used to calculate the dielectric constant of bulk soil in
the second experiment, which is equivalent to a concept of representative SM
based on the Wilheit model. Furthermore, a total soil depth of 60 cm is considered
in these two stratified layer models since the in situ measured SM at 60 cm

remains almost constant during the study periods.

The third and fourth experiments integrate the ATS model combined with the
combination of the Wilheit and Lv models separately (namely, “ATS-Wil” and
“ATS-Lv”, respectively) to reflect the effects of the dielectric roughness on TB?

simulations. Specifically, SM_Wil and SM_Lv are used respectively, to
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determine the dielectric constant of the bulk soil and T.sf (i.e., Tesp _Wil,
Ters _Lv, respectively) (as shown in Figure 3.3). Furthermore, the fifth
experiment is considered with the combination of the Lv model and the 2.5cm
SM to calculate the dielectric constant of the bulk soil and to evaluate the
effectiveness of the Lv weighted SM approach (please refer to Figure 3.3). Table

3.2 summarizes the configurations of the simulation experiments.

Table 3.2 Configuration of the simulation experiments.

Experiments  AIEM ATS Tepr LV Terr Wil Emissivity
SM_Wil, computed based on in

1) Base-Wil  + + situ SMST at 2.5, 5, 10, 20, 35, 60
cm

2) Base-Lv + + In situ SM at 2.5 cm

SM_Wil, computed based on in

3) ATS-Wil  + + + situ SMST at 2.5, 5, 10, 20, 35, 60
cm
SM_Lv, computed based on in situ
HATSLv o+ b+ SMST at 2.5, 5, 10, 20, 35, 60 cm
5) ATS-Lv2.5 + + + In situ SM at 2.5 cm

With the Wilheit (1978) model, properties such as the layer thickness d and the
interpolation method to estimate the SMST in each layer based on a limited
number of observations, affect model simulations. Similar to Raju et al. (1995)
linear interpolation is used in this study. Considering the high sensitivity of
coherent models to the optical thickness, a preliminary test was carried out to
investigate the sensitivity of the Wilheit model to the soil layer thickness d. The
results confirm the use of d value of 1 mm in the Wilheit model simulations,

which is consistent with that considered by Raju et al. (1995).
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3.4 Results

3.4.1 Late-monsoon period

3.4.1.1 Dielectric roughness thickness (h) and the sampling depths of the soil

effective temperature (6pp and 8r)

As a constant difference in the dielectric roughness thickness (k) between H and
V polarizations is assumed (as expressed in equations (3.1, 3.4, 3.5)), only the
estimated h value for H polarization is analyzed. Figure 3.5 shows comparisons
of h estimated by the third (h_Wil), fourth (h_Lv) and fifth (h_Lv_SM2.5cm)
experiments (bottom panel), together with the representative SM derived from
Wilheit’s (SM_Wil) and Lv’s (SM_Lv) models and the in situ SM at 2.5 cm
(SM_2.5cm) (upper panel). SM_Wil is found changing coincidently with
SM_2.5cm, which might be attributed to the sampling depth of SM determined
by the Wilheit model being approximately one-tenth the wavelength
(approximately 2.5 cm in the L-band). SM_Wil is also slightly higher than
SM_2.5cm when soils experience dry-wet-dry transition during the mid-monsoon
period. Comparatively, a slight variation in SM_Lv is observed during this
period, and this is the consequence of the Lv incoherent model with an assumed
uniform SM distribution along the profile. Correspondingly, h _Lv does not
increase as much as h_Wil and h_Lv_SM2.5cm do when upon soil drying.
However, the Wilheit model can simulate h with obvious variations when soils
experience dry and wet conditions due to its capability of considering the effect
of the SM profile in calculating the dielectric constant of bulk soil. Compared to
h_Lv_SM2.5cm, h_Wil is slightly lower in the soil drying process (Figure 3.5).
The wet soil in the deeper layers considered in the Wilheit model leads to a
smooth increase in h when the soil surface dries. h is estimated to exceed 10 cm
under dry conditions (e.g., SM = 0.1 m*m?®) (Figure 3.5). When SM increases

and exceeds 0.3 m%m?, the estimated h decreases under all schemes (Figure 3.5).
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Figure 3.5 Comparisons of the estimated dielectric roughness thickness (k) in the third
(ATS-Wil), fourth (ATS-Lv) and fifth (ATS-Lv2.5) experiments, supported by comparisons
of SM during the late-monsoon period. SM_Wil is the representative SM derived from the
Wilheit coherent model using Fresnel equations (e.g., by minimizing the objective
function of the reflectivity difference). SM_Lv is the weighted SM derived from the Lv

incoherent model, and SM_2.5cm refers to the in situ measured SM at 2.5 cm.

Figure 3.6 shows that the sensing depths of the effective temperature derived
from the Lv model (6pp) and Wilheit model (57) exhibit the same variations and
approach each other during the whole late-monsoon period. Due to the
consideration of the coherent effect in the Wilheit model, constructive
interference might occur in reflections from the air-soil interface, and the dry-wet
soil interfaces (drying front) and & are found higher (~2.3 cm) than 8, (Figure
3.6). Tepr_Wil is close to T.rr_Lv, but both reveal a phase lag reflecting the
propagation of periodic temperature waves from the deeper soil, over the in situ
soil temperature at 2.5 cm (ST_2.5cm). T,zf, as a result of the superposition of

the foregoing waves at the various depths within the soil, does not show as much
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variation as does ST_2.5 cm because the latter experiences rapid diurnal
variations due to direct solar radiation, and this kind of variation is attenuated
with increasing soil depth. As such, ST_2.5 cm is higher than T, s Wil and
Terr_Lv at midday but lower at midnight. T,¢r_Wil is slightly higher (~0.2 K)
than T,rr_Lv, especially at midday and midnight (Figure 3.6), whereas their
differences decrease when soils are wet following rainfall events (as shown by
the sharp jumps in SM_2.5cm in Figure 3.5). Figure 3.6 shows a negligible
difference (~0.2 K) between T,z Wil and Ts;_Lv, while the varied thermal

sampling depths of the soil temperature are important to determine the optimal
mounting depth for observations Lv et al. (2016b).
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Figure 3.6 Comparisons of the sampling depths of the soil effective temperature estimated

by the Wilheit coherent model and Lv incoherent model (67 and 8pp) and T (Tepr_Wil
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and T.z¢_Lv) during the late-monsoon period. ST_2.5cm is the in situ soil temperature

measured at 2.5 cm.

3.4.1.2 T% simulation

Figure 3.7 shows that the two baseline simulations underestimate T throughout
the whole late-monsoon period, signifying that considering only the impacts of
the effective soil temperature and effective soil moisture does not mitigate the
discrepancy between simulations and observations. However, the
underestimation of T4 (= 30-50 K) is obviously compensated by integrating the
ATS model. The TH simulated by the ATS-based models is close to the
ELBARA-III observations in magnitude before late August, in which the ATS-
Wil and ATS-Lv2.5 simulations match the observations, while the ATS-Lv
model yields underestimations. The T# simulated with the ATS-based models
continues to be consistent with the observations in September when the soil
surface is wet. This indicates the necessity of the ATS model for surface emission

modeling under H polarization during the late-monsoon period.

Regarding V polarization, Figure 3.7 shows that the two baseline models simulate
TY well in August but underestimate T¥ (= 20 K) in September when the soil
surface is wet. By integrating the dielectric roughness in the ATS model, the
underestimation degree is reduced, similar to that under H polarization.
Compared to the ELBARA-I1II observations, the ATS-based models yield slight
underestimations before late August but yield values closer to the observations
than those of the baseline simulations. The ATS-Wil model performs better than
the ATS-Lv model in Ty modeling during this period. All ATS-based models
attain the same performances and capture Ty well during the end-monsoon
period (September), despite certain discrepancies occurring after high-rainfall
events (e.g., on 25/08/2016). The ATS model improves surface emission

modeling under V polarization during the late-monsoon period.
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Figure 3.7 Comparisons of T simulated by the different models to the ELBARA-III T}
observations during the late-monsoon period. p denotes the H or V polarization mode.
Base-Lv and Base-Wil denote the experiments using AIEM+TVG in combination with the
Wilheit and Lv models, respectively. ATS-Lv and ATS-Wil denote the experiments using
ATS+AIEM+TVG in combination with Wilheit and Lv models, respectively. ATS-Lv2.5
denotes the experiments using ATS+AIEM+TVG in combination with the Lv model and
the soil moisture at 2.5 cm to calculate the dielectric constant of bulk soil.

3.4.2 Post-monsoon period

3.4.2.1 Dielectric roughness thickness (h) and the sampling depths of the soil

effective temperature (6pp and 8r)

Figure 3.8 shows that the SM_Wil and SM_Lv and associated h_Lv and h_Wil,
respectively, are consistent with the in situ SM at 2.5 cm and h_Lv_SM2.5cm

during the post-monsoon period before the soil freezing-dominated period, where
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the surface soil temperature is below 0 ° C (e.g., from 26/11/2016 to 30/11/2016,
as shown in Figure 3.9). SM_Wil and SM_Lv and associated h_Lv, h_Wil and
h_Lv_SM2.5cm (Figure 3.8) are found to experience fewer diurnal variations
than those in SM_2.5cm during the surface freeze-thaw transition period, in
which the surface soil temperature fluctuates around the freezing level 0 °C (e.g.,
from 12/11/2016 to 25/11/2016, Figure 3.9). At the beginning of the freezing-
dominated period, the in situ SM at 2.5cm, SM_Wil and SM_Lv drop rapidly,
resulting in all estimated h increasing. Notably, the estimated h value from 4-6

cm corresponds to the surface SM changes from 0.24-0.32 m3/m? (Figure 3.8).
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Figure 3.8 Same as Figure 3.5 but for the post-monsoon period.
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Figure 3.9 In situ measurements of the atmospheric variables, soil moisture and soil
temperature at 2.5 cm (SM_2.5cm and ST_2.5cm, respectively) and the ELBARA-111 T
observations at the Maqu site during the post-monsoon period. The albedo (dimensionless)
is calculated using the measured down- and up-welling solar radiation. TG refers to
ground surface temperature, derived from the measured down- and up-welling longwave

radiation. Tair refers to air temperature and Pre is the precipitation intensity.

Figure 3.10 shows that &7 is higher (~1.6 cm) than §p, most of the time during
the post-monsoon period with §; ranging from 7.2-14.0 cm and §pp ranging
from 6.1-12 cm. The values of T, Wil and T¢;_Lv are almost the same, and
the difference between T.rr Wil and T,fr_Lv with ST_2.5 cm as shown in
Figure 3.10 is smaller than that during the late-monsoon period (as shown in
Figure 3.6), which is related to seasonal variations in solar radiation. Similar to
Figure 3.6, Figure 3.10 also shows a negligible difference between T, s Wil and

Ters _Lv, while the important varied thermal sampling depths of the soil
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temperature are used to determine the optimal mounting depth for observations
as previously mentioned.
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Figure 3.10 Same as Figure 3.6 but for the post-monsoon period.

3.4.2.2 T% simulation

Figure 3.11 shows that the two baseline simulations underestimate T (= 20-50
K) during the post-monsoon period, while the T simulated by the ATS-based
models is much closer to the observations. The TZ simulated by the ATS-based
models deviates in October (Figure 3.11) when the weather system changes and
the soils start to experience freeze-thaw processes. For instance, a low air
temperature (Tair) and ground surface temperature (TG) occurred on
approximately around 13/10/2016 (Figure 3.9), below the freezing point during
the nighttime, followed by heavy precipitation with intensity over 10.0 mm/hour
on 14/10/2016. As both TG and Tair are below the freezing point during the

nighttime on the following days (as shown in Figure 3.9), the surface soil water
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might freeze at night and melt during the daytime, and the accumulated surface
water might pond atop a frozen soil layer. The T} simulated by the ATS-based
models exhibits deviations but are much closer to the observations than those
simulated by the baseline models in this time window (Figure 3.11). When soils
experience steady surface freeze-thaw processes (e.g., without rainfall and
snowfall during the period from 12/11/2016 to 25/11/2016, as shown in Figure
3.9), the T4 simulated by the ATS-based models is close to the observations but
contain weak diurnal variations (@ in Figure 3.11). The TY simulated by the
ATS-based models is underestimated (@ in Figure 3.11). However, both T£ and
TY simulated by the ATS-based models coincide with the observations during the
freezing-dominated period (e.g., from 26/11/2016 to 30/11/2016, @ in Figure
3.11) during the study period.
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Figure 3.11 Same as Figure 3.7 but for the post-monsoon period.
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3.5 Discussion

3.5.1 Applicability and uncertainty in the ATS model

The enhanced ATS model in this study stems from the original ATS model
(Schneeberger et al., 2004; Schwank et al., 2008; Schwank et al., 2004),
considering the effect of roughness components within the observed A, range,
and finding the impedance match in the ATS zone (Matzler, 2006). The enhanced
ATS model with the above new parameterizations of the dielectric roughness
effects maintains the original physical considerations and helps improve TB?’

simulations.

The dielectric roughness thickness h is a key parameter in the ATS model, which
is parameterized as comprising two components. One component is dielectric
roughness within the soil volume (hg,), and the other is the dielectric roughness
induced by both SM in the surface and the geometric roughness effects (hgs).
Figure 3.12 shows that during the study period except for the soil freeze-thaw
transition period, with SM decreasing (refer to SM decreasing from 0.2 to 0.1
m®m? in Figure 3.5), the contribution induced by SM in the soil volume to the
dielectric roughness thickness (hg, /h) increases (Figure 3.12a), while that of the
surface (hggs/h) decreases, and the opposite occurs when SM increases (refer to
SM increasing from 0.15 to 0.3 m3/m? in Figure 3.5). This is reasonable because
as the soil dries, emissions originate from the deeper layers, the spatial
heterogeneity in the dielectric constant of the soil volume notably increases and
the dielectric roughness effects are enhanced, and the opposite is observed when
soils become wet. This phenomenon was also reported by Escorihuela et al.
(2007), Mo et al. (1987), Schneeberger et al. (2004), and Wigneron et al. (2001),
in which the site-specific empirical soil roughness parameter Hg (Choudhury et
al., 1979; Wang & Choudhury, 1981) was obtained for zeroth-order radiative

transfer models.
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Figure 3.12 Comparisons of the ratio of hg, and hgg to h based on the third (ATS-Wil),
fourth (ATS-Lv), and fifth (ATS-Lv2.5) experiments. (a) is for the late-monsoon period

and (b) the post-monsoon period.

With decreasing SM, the scattering medium (e.g., loose dirt, plant debris, and
clogs) at the soil surface increasingly dries and becomes more transparent for

electromagnetic wave transmission. Hence, the contribution to the dielectric
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roughness of the soil surface (hgg/h) decreases as shown in Figure 3.12a.
Conversely, with increasing SM, the scattering medium including senescent
vegetation (please refer to the decreased LAI in Figure 3.2) atop soils becomes
wet and may trigger litter effects, leading to an increase in roughness (hgg/h)
(Figure 3.12). This is in line with findings reported by Grant et al. (2008) and
Saleh et al. (2006), in which higher values of the calibrated Hy parameter are used
to account for surface effects related to litter in grasslands. Moreover, given the
parameterization of hgg related to both the geometric roughness and SM, the
scaled hgg (namely hgg/h) parameter can be comparable to Hg, which implicitly
accounts for both the geometric and dielectric roughness effects. hgg/h ranges
from 0.31 to 0.43 (Figure 3.12), and these values are close to Hgz (=
1.3972- (s/L)%5879) from Wigneron et al. (2001) and Hyp (= (0.9437-
5/(0.8865 - s + 2.29143))®) from Wigneron et al. (2011), with the same s and
L values used in this study. In another study on grasslands in the Goulburn River

catchment, Australia (Saleh et al., 2009), Hr was approximately 0.4.

Correspondingly, for the associated Té’ modeling during the late-monsoon
period, the two baseline simulations have high Pearson correlation coefficients
(R>0.87) but yield consistently underestimated results. The Té’ simulated by the
ATS-based model only considering hgs is higher than those of the two baseline
simulations but still lower than the observed TY values (please refer to section
B.1 in Appendix B). However, the ATS-based models considering the impacts
of both hgg and hgy, greatly compensate for the underestimations of the foregoing
simulations, with more simulation results closely aligned to the 1:1 line as shown
in Figure 3.13a-b. The simulated Tg’ has similarly high R values (> 0.85) but
much smaller root mean square errors (RMSEs < 9.2 K for T# and 8.0 K for T¥)
than those of the baseline simulations (RMSEs over 37 K for T4 and 12 K for
TY). The ATS-Wil and ATS-Lv2.5 models perform better than the ATS-Lv
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model during this period, as more clustered points aligned along the 1:1 line are
observed in Figure 3.13a-b that better match the observations shown in Figure
3.7. This underlines the importance of obtaining a realistic SM value that can
reflect the moisture status of the ATS zone, and suggests that coherent effects can
be considered during the late-monsoon season. With changing weather systems
during the post-monsoon period, the ATS-based models maintain their
performances with smaller RMSEs (< 12.5 K for T4 and 10.9 K for TY) than
those of the baseline simulations (RMSEs over 39 K for T4 and 18 K for TY ), in
which the ATS-Lv2.5 and ATS-Lv models with smaller RMSEs perform better
than the ATS-Wil model (Figure 3.13c-d). This may indicate that the coherent
effects occurring during the late-monsoon period may be disrupted due to the
freeze-thaw processes during this period.
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Figure 3.13 Simulated TF (_m) from the Base-Lv, Base-Wil, ATS-LV, ATS-Wil and ATS-
Lv2.5 experiments against the ELBARA-II1 observed T? (_o) at the Maqu site. (a) and (b)
are for the late-monsoon period (from 08/08/2016 to 30/09/2016), and (c) and (d) are for
the post-monsoon period (from 01/10/2016 to 30/11/2016). R is the Pearson correlation

coefficient,

and RMSE is the root mean square error and

is calculated as

\/% (TP _m — Té"_o)2 (where n is the number of observations). Base-Lv and Base-Wil
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denote the experiments using AIEM+TVG in combination with the Wilheit and Lv models,
respectively. ATS-Lv and ATS-Wil denote the experiments using ATS+AIEM+TVG in
combination with the Wilheit and Lv models, respectively. ATS-Lv2.5 denotes the
experiment using ATS+AIEM+TVG in combination with the Lv model and the soil

moisture at 2.5 cm to calculate the dielectric constant of bulk soil.

However, the ATS-based models underestimate Tg for soils undergoing surface
freeze-thaw processes, and the simulated Té’ exhibits weak diurnal variations
(please refer to Figure 3.11). The estimated dielectric roughness derived from the
ATS-based models during this period (as shown in Figure 3.12b) is also found
exhibiting slight variations for the ATS-based models, and the stable §; and 8pp
values and associated T.rr_ Wil and T,sf_Lv (please refer to Figure 3.8 and
Figure 3.10, respectively) may partially account for this variation. As the air
temperature and ground surface temperature play the topmost roles in affecting
the soil surface freeze-thaw process, appropriate temperature information is
necessary to refine h estimation for soils during the freeze-thaw transition period.
TG and Tair as shown in Figure 3.9 exhibit strong diurnal variations, and they
should be investigated prior to soil moisture measurement at 2.5 cm, which does
not reveal obvious diurnal variations during this period, but this is beyond the
scope of this study. On the other hand, freeze-thaw processes exaggerate the
inhomogeneity in soil media (e.g., composed of ice in pores mixed with pre-
existing cracks, or melted liquid water mixed with ice, organic matter and soil
solids). The formed ice affects the dielectric constant of the bulk soil during the
nighttime and early morning, and the melted surface (soil) water affects that
during the daytime. Without the soil ice content and surface (soil) water
information considered in the ATS model parameterizations, the ATS model does
not capture similar mixtures nor accurately models h and associated T If we

further consider surface (soil) liquid water and ice content information in h
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estimation, the performance of the ATS model for the L-band radiometry of
frozen-thawed soil is expected to improve. Notably, the soil ice content cannot
be measured directly in situ but can be retrieved indirectly by assimilating
proximal sensing signals (Mwangi et al., 2020). The inclusion of the soil ice
content, surface liquid water fraction and ground surface temperature in the ATS
model will be explored in further studies. A similar improvement can be expected
to be implemented in Té’ modeling considering rainfall events, such as with the
ATS model considering surface water effects when the accumulated intensities
of rainfall become higher than the soil infiltration capacity of the surface and the

formed surface water blocks soil emission from the deeper layers.

Nevertheless, the correspondences between Té’ estimated by the ATS-based
models and the observations indicate that the ATS model is necessary for L-band
Tg’ modeling. The h variable parameterized in this study acting as a dynamic
parameter can describe the dielectric roughness of the soil surface and within the
soil volume well, which is significant for the interpretation of observed Tg
dynamics. The hgg variable in this study is also related to the incidence angle and
polarization, and N, similar to the empirical roughness parameterization (Wang
& Choudhury, 1981), is found with a N value of 0 and Ny, value of -1 in the best
Tg’ simulations at the Maqu site. This result supports the finding that different N
values should be used for horizontal and vertical polarizations (Escorihuela et al.,
2007; Lawrence et al., 2013; Wigneron et al., 2011). The applicability of N, in
other climate regimes should be further confirmed, but this is beyond the scope
of this study.
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3.5.2 Impacts of the geometric roughness on the performance of the
ATS model

Geometric surface roughness parameters (s and L) exert great impacts on surface
scattering. s is considered in the dielectric roughness h parameterization and
affects the depth that determines the variations in the effective dielectric constant
of the air-to-soil medium (please refer to section 3.3.2). Considering the difficulty
in determining the “true” values of s and L for natural grasslands and their
importance in calculating the backscattering coefficients with the AIEM (Su et
al., 1997), the effective geometric roughness parameters (s and L) obtained from
satellite measurements in the Maqu area (Dente et al., 2014) are used in this study,
as described in section 3.3.2. To investigate the impacts of the geometric
roughness on the performance of the baseline and ATS-based model TB?’
simulations, sensitivity analyses by applying a varying s value in the range of
[0.75,0.9, 1.2, 1.5, 2.5 cm] with constant a constant L value of 9 cm (considering
its lower impacts than those of s) are carried out. A s value of 0.9 cm is regarded
as a smooth natural surface, and a s value of 2.5 cm is regarded as a rough surface
in the L-band in this case. The results presented in section 3.4 and the
aforementioned discussions confirm that both the ATS-Wil and ATS-Lv2.5
models perform the best in terms of T2 simulations during the late-monsoon
period and that both the ATS-Lv and ATS-Lv2.5 models do so during the post-
monsoon period except for the freeze-thaw transition period. Figures reflecting
the impacts of the geometric roughness are thus only shown based on the ATS-
Wil and ATS-Lv models together with the corresponding baseline models, and
the discussions are focused on the whole study period except for the freeze-thaw
transition period. Error metrics including R and RMSE are listed in Table 3.3 to

guantitatively describe the performances of these models with varying s values.
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The simulated TY (especially TZ) by the baseline models (Figure 3.14a,c) is very
sensitive to s variations, and the simulation results with large s values (e.g., 2.5
cm) are closer to the observations than those with small s values during the late-
monsoon and post-monsoon periods. Please also refer to the reduced RMSESs with
larger s values in Table 3.3. However, most simulations do not capture diurnal
variations of T} over the observations. With the ATS model integrated, the
variations of T} (especially T4') can be captured, and the impacts of s variations
on T during the late-monsoon period are reduced (i.e., refer to the narrow range
of the variations of T4 with the different s settings in Figure 3.14d-1), although
this is less apparent for T§ (Figure 3.14b-2,d-2). T,f simulations with small s
values (e.g., 0.75 cm) present overestimations (Figure 3.14b-1), which is the
opposite to those based on the Base-Wil model. T,f simulations with a s value of
2.5 cm are found consistent with those using a s value of 0.9 cm (similar higher
R and small RMSE values in Table 3.3) and match the observations except during
the soil freeze-thaw transition period (Figure 3.14a-d). However, the calculated
microwave polarization difference index (MPDI=(Ty — TE)/(T¥ + TH)) with
a s value of 2.5 cm does not match the observed diurnal variations, while it does
so with a s value of 0.9 cm (Figure 3.14e,f). This indicates that the positive effects
imposed by high geometric surface roughness (e.g., s = 2.5 cm) on surface
emission may become dominant and balance the negative effects of SM in the
ATS model. In contrast, the ATS model with a s value of 0.9 cm can continuously
capture the dynamic variations in dielectric roughness, not only at the soil surface
related to the distribution of water and geometric roughness but also within the
soil volume. Based on these analyses, the surface geometric roughness
parameters (s =0.9 cmand L =9 cm) used in the ATS model are proved sufficient
in this study. The surface geometric roughness may experience slight changes

due to soil freeze-thaw processes, such as soil water freezing causing volume
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expansion and surface meltwater might smooth the surface, but this is beyond the

scope of this study.
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Figure 3.14 Comparisons of T} simulated by the different models with the different s
[0.75, 0.9, 1.2, 1.5, 2.5 cm] settings with a constant L (9 cm). (a) and (b) are by the Base-
Wil and ATS-Wil models respectively, for the late-monsoon period. (c) and (d) are by the

Base-Lv and ATS-Lv models respectively, for the post-monsoon period. (e) and (f) are the
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calculated MPDI (= (Ty — TZ)/(T¥ + Ti)) with a s value of 0.9 cm and 2.5 cm for the
late-monsoon and post-monsoon periods, respectively. Base-Lv and Base-Wil denote the
experiments using AIEM+TVG in combination with the Wilheit and Lv models,
respectively. ATS-Lv and ATS-Wil denote the experiments using ATS+AIEM+TVG in

combination with the Wilheit and Lv models, respectively.

Table 3.3 Comparisons of T4 simulated by different models with different s [0.75, 0.9,
1.2, 1.5, 2.5 cm] settings with constant L (9 cm) to ELBARA-111 observations.

Period Late-monsoon Post-monsoon
; Experim .
Eg:]ar'za ents Base-Wil ATS-Wil  Base-Lv ATS-Lv
s (cm) RMSE RMSE RMSE RMSE
R (K) R (K) R (K) R (K)
0. 0.8 0. 0.1
0.75 9 40.1 5 23.0 37 414 3 28.8
0. 0.8 0. 0.2
0.9 9 38.4 8 9.2 37 394 1 12.2
H 0. 0.8 0. 0.3
1.2 9 34.0 9 20.8 37 345 7 20.6
0. 0.8 0. 0.4
15 9 29.0 6 27.3 37 28.9 1 22.0
0. 0.8 0. 0.3
2.5 9 11.3 9 9.8 38 12.1 6 11.6
0. 0.8 0.
0.75 88 12.8 4 14.8 55 18.3 0 12.3
0. 0.8 0. 0.1
0.9 88 125 6 1.7 55 18.1 6 10.3
v 0. 0.7 0. 0.4
1.2 88 11.7 3 17.6 54 17.1 8 13.9
0. 0.8 0. 0.5
15 88 10.6 7 14.1 53 15.7 6 20.5
0. 0.8 0. 0.4
25 87 75 7 7.4 48 10.2 5 9.6
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3.5.3 Impacts of a fixed hgg/h analogous to Hg in the SMAP and
SMOS-CMEM systems on T% simulations

SMAP and SMOS brightness temperature forward modeling approaches use a
fixed soil roughness parameter H, (Choudhury et al., 1979; Wang & Choudhury,
1981) for SM retrieval at the global scale. Given the similarity between hgs/h
derived from the ATS model and Hy (please refer to section 3.5.1), this section
attempts to investigate the impacts of fixed roughness parameters analogous to
those used in SMAP and SMOS retrievals on T3 modeling. In the SMAP SM
retrieval algorithms, parameter Hy is assumed to be linearly related to s as Hg =
0.1cm™1 - s with a s value of 1.56 cm for grasslands (O’Neill et al., 2015). The
default SMAP Hj value of 0.156 is reported too low for TE’;’ modeling on the
Tibetan Plateau in comparison to the recommended Wigneron et al. (2011) soil
roughness model (Hg = (0.9437 - s/(0.8865 - s + 2.29143))°) with the same s
value (=1.56 cm) adopted (Zheng et al., 2018b). Regarding SMOS Tg’ long-term
monitoring at the ECMWEF (European Center for Medium-Range Weather
Forecasts), the simple Wigneron et al. (2001) soil roughness model (Hr =
1.3972 - (s/L)%587%) with a s value of 2.2 cm and L value of 6 cm is used in the
CMEM (Community Microwave Emission Modeling Platform) (de Rosnay et
al., 2020). The Choudhury et al. (1982) soil roughness model (Hr = (2ks)?) used
in SMOS SM retrieval (Kerr et al., 2012) adopts Hr = 1.73 if a s value of 2.2
cm is used, similar to CMEM, and this parameterization is found inferior to the
simple Wigneron et al. (2001) roughness model (de Rosnay et al., 2020). Notably,
this Hg (= 1.73) is different from the scaled hgs (i.€., hgs/h), Which attains a
maximum value of 1 in this study. An alternative SMOS soil moisture product
(SMOS-IC) (Fernandez-Moran et al., 2017) uses globally mapped Hy values

decoupled from the optimized combined vegetation and roughness parameter TR

(ZThaa + Hi where 7,,,4 IS the vegetation optical depth at the nadir (Parrens et
R
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al., 2016)) by assuming a linear relationship between TR and LAI obtained from
MODIS. As such, the uncertainties in the obtained Hy are more related to
vegetation properties than to surface roughness which is the primary interest of
this chapter. In contrast, the obtained Hy is directly applied in SMOS-IC
retrieval, and there is no quantified relationship between Hp and geometric
roughness parameters (s and L ). Given the great impact of s on
ATS+AIEM+TVG modeling (please refer to section 4.2), SMOS-IC Hy is not a
good choice for comparisons in this study. To facilitate comparison, hgg/h is set
to a constant to match Hg = 0.77 (used in SMOS-CMEM) and Hp = 0.58
(suggested in SMAP on the Tibetan Plateau) during the study period. The same
s and L values adopted in SMOS-CMEM and SMAP are used in the ATS-based
model simulations. The Np parameter is set the same to that used in this study

(i.e., 0 for H polarization and -1 for V polarization).

The T4 simulated by the ATS-based models with the SMAP setting (i.e., hgs/h
= 0.58) is found lower than the observations during the late-monsoon (Figure
3.15a, RMSE of 28.7 K in Table 3.4) and post-monsoon periods (Figure 3.15b,
RMSE of 26.9 K in Table 3.4). In contrast, moderate underestimations are
attained in the T§ simulations (Figure 3.15) with RSME values of 9.7 K and 13.3
K (Table 3.4) for the late-monsoon and post-monsoon periods, respectively. This
may explain why only T is used in the SMAP soil moisture retrieval algorithms
(O'Neill et al., 2020), which might be attributed to its lower sensitivity to changes
in the surface roughness (refer to the narrower dynamic range of the TY
simulations than that of T, as shown in Figure 3.14, and the Tg(50°) simulation
results presented in section B.2 in Appendix B). A similar finding was also
reported by Zeng et al. (2017). The TB” simulated by the ATS-based models with
the SMOS-CMEM setting (i.e., hgs/h = 0.77) is found close to the observations
during the late-monsoon and post-monsoon periods (RMSEs < 13.3 K in Table

3.4) but do not match the strong diurnal variations (Figure 3.15). Furthermore,
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the fixed roughness parameter does not capture the temporal variations in the

roughness characteristics related to changing surface conditions driven by the

weather system, especially during the soil freeze-thaw transition period. In

contrast, the proposed ATS model in this study (please refer to section 3.4) has

the potential to reflect the dynamics of the dielectric roughness related to surface

conditions, which is important to improve SM retrieval at the global scale.

Table 3.4 Comparisons of T} simulated by the ATS-based models using fixed roughness

parameters to the ELBARA-III observations. The ATS-Wil model is for the late-monsoon

period and the ATS-Lv model for the post-monsoon period.

L Period Late-monsoon Post-monsoon
Polarization -
Experiments R RMSE (K) R RMSE (K)
SMOS-CMEM 0.89 10.7 040 115
H SMAP 0.89 28.7 0.29 26.9
SMOS-CMEM 0.87 7.6 047 9.2
\Y/ SMAP 0.87 9.7 051 13.3
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Figure 3.15 Simulated T} values by the ATS-based models using fixed roughness
parameters compared to the ELBARA-III observations. (a) and (b) show the values
simulated by the ATS-Wil model for the late-monsoon period and by the ATS-Lv model
for the post-monsoon period, respectively. SMOS-CMEM is run with hgs/h = 0.77, and
SMAP is run with hgg/h = 0.58.
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In summary, the enhanced ATS model coupled with the AIEM+TVG model is
validated for natural grasslands. The proposed ATS model, as a physically-based
model is expected to be applicable once all parameters become available for the
area of interest (e.g., bare soil, cropland and forest). Parameters such as the
wavelength and polarization mode are obtained from the sensor configuration.
The effective geometric roughness parameters (i.e., s, L and Np) can be obtained
by calibration using backscatter observations and soil moisture measurements as
introduced by Su et al. (1997). When in situ measurements are not available, the
most consistent input of soil moisture and temperature profiles in a consistent
manner can be estimated by using land surface models (LSMs), such as the
community land model (CLM) (Oleson et al., 2013), Noah LSM (Chen & Dudhia,
2001) and Hydrology-Tiled European Center for Medium-Range Weather
Forecasts (ECMWF) Scheme for Surface Exchanges over Land (H-TESSEL)
(Balsamo et al., 2009), while the simulation results should be validated to ensure
the accuracy. Soil texture information can be obtained from global and regional
soil maps, for instance, SoilGridslkm (Hengl et al., 2014b) suggested for the
Tibetan Plateau (Zhao et al., 2018a). It is to note that the AIEM used in this study
only involves single-scattering terms. Once a multiple scattering term is
incorporated, the ATS model should be coupled with the updated version to

ensure a more realistic scattering calculation.

Finally, we highlight the potential uses of the ATS model in microwave multi-
frequency (i.e., commonly used 1-10 GHz) applications because it considers the
wavenumber factor when parameterizing the dielectric roughness hg,, induced by
the inhomogeneity in the soil volume (please refer to equations (3.5)and (3.6) in
this chapter) and causes h scaling with the wavelength. Moreover, the developed
ATS model can be applied to the active microwave case. Radar backscattering
depends not only on soil moisture dynamics but also on the surface roughness,

and better quantification of the latter can contribute to substantial improvements
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in soil moisture retrieval results (Lievens et al., 2011; Moran et al., 2004; Su et
al., 1997). When the surface roughness issue is better approached with our
proposed method, a better understanding of the vegetation scattering-emission
can be focused, which will further contribute to soil moisture retrieval of

vegetated regions.

3.6 Conclusions

In this study, the Tor Vergata discrete scattering model (TVG) coupled with the
advanced integral equation model (AIEM) is used as a basis to investigate the
effect of the surface roughness on coherent and incoherent emission processes.
The developed air-to-soil transition (ATS) model with the proposed dielectric
roughness parameterization is integrated with the TVG+AIEM model to
investigate seasonal TBZ’ signals as observed by the ELBARA-III radiometer on
an eastern Tibetan alpine meadow. The Wilheit (1978) coherent and Lv et al.
(2014) incoherent models are compared in terms of quantification of the dielectric
constant of bulk soil in the ATS zone together with the in situ SM at 2.5 cm and
calculation of the soil effective temperature Tz (T Wil and T,pr_Lv). The
penetration depths representing the sensing depth of T,r, derived from the

coherent (8) and incoherent (5pp) models are also compared.

The reduced discrepancy (= 20-50 K) between the modeled and observed T}
values demonstrates that the ATS model is necessary in seasonal L-band T}
simulations. The dielectric roughness thickness h parameterized in the ATS
model can suitably describe the surface roughness resulting from fine-scale
topsoil structures characterized by SM and geometric roughness effects and
resulting from the soil volume attributed to a heterogeneous SM distribution. The
proposed dielectric roughness can replace the fixed roughness parameter Hp and

capture the dynamics of the surface roughness related to hydro-meteorological
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conditions. The consideration of the dynamic dielectric roughness is important
for the improvement of SM retrieval at the global scale, in which a fixed Hg is
used in current state-of-the-art processing. Furthermore, the soil porosity and
logarithmic SM considered in the h parameterization enhance the physical
coupling between microwave emission models and land surface models, which
might improve retrievals of soil physical properties and contribute to the
development of a soil monitoring system utilizing space-based Earth observation
data with in situ data and modeling, especially in remote areas such as the Third

Pole region.

The ATS model combined with the Wilheit coherent model (ATS-Wil) can be
applied in TBZ’ simulations for soils that occur under quasi-equilibrium conditions,
such as thawed soils with a vegetation cover during the late-monsoon season and
the beginning of the post-monsoon period. The ATS model combined with the
Lv incoherent model (ATS-Lv) is applicable in T} simulations of soils
undergoing complex physical processes driven by rapidly changing weather
systems, such as freeze-thaw processes after heavy rainfall events during the post-
monsoon season. The ATS model using the in situ SM measured at 2.5 cm (ATS-
Lv2.5) can be applied during the whole study period except the soil freeze-thaw
transition period. The discrepancy between the modeled and observed Tg’ values
during the soil freeze-thaw transition period suggests a potential enhancement of
the ATS model by considering the effects of the surface temperature, surface

water fraction and liquid water-ice mixtures in the calculation of h.
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This chapter is based on:

Zhao, H., Zeng, Y., Han, X., & Su, Z. (2021). Retrieving Soil Physical
Properties via Assimilating SMAP Brightness Temperature Observations in the
Community Land Model. Journal of Advances in Modeling Earth System (under
review).
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Observations in the Community Land Model

Abstract: Basic soil physical properties (i.e., soil texture and organic matter) and
associated soil hydraulic properties (i.e., soil water retention curve and hydraulic
conductivity) play an essential role in land surface models (LSMs) for soil
moisture estimation. With the physical link between soil properties, LSMs and
radiative transfer models (RTMs), soil physical properties can be retrieved using
a LSM coupled with a microwave L-band emission observation model in a data
assimilation framework. For this purpose, this chapter couples an enhanced
physically-based discrete scattering-emission model with the community land
model (CLM) v4.5 to retrieve soil physical properties with the local ensemble
transform Kalman filter (LETKF) algorithm, assimilating Soil Moisture Active
and Passive (SMAP) Level-1C (L1C) brightness temperature under H or V
polarization (T4 and TY), assisted with in situ measurements at the Maqu site on
the eastern Tibetan Plateau. The results show improved estimates of the soil
properties of the topmost layer by assimilating SMAP Té’ (p =HorV),as well
as of the profile using retrieved top-layer soil properties and a prior depth ratio.
The use of TH and TY exhibits varied sensitivities to the retrieval of different soil
compositions (i.e., sand, clay, organic) and soil moisture estimates. However,
analyses indicate that the obtained (retrieved) soil properties with high accuracy
are not sensitive factors that could lead to the improvement of soil moisture
estimates. Instead, the uncertainties in the CLM model structures, such as the
fixed PTFs (pedotransfer functions), the hydraulic function describing the soil
water retention curve and the water stress function determining root water uptake,

should be considered.

Keywords: Soil physical property retrieval; Data assimilation; Enhanced discrete
scattering-emission model; Community land model; Uncertainties in model

structures

116



Chapter 4

117



Retrieving Soil Physical Properties via Assimilating SMAP Brightness Temperature
Observations in the Community Land Model

4.1 Introduction

Soil moisture, as one of the lower boundary conditions of the atmosphere, is a
crucial land surface state that controls the partitioning of incoming energy into
latent and sensible heat fluxes, and of rainfall into soil drainage and surface
runoff, particularly in semi-arid and arid regions, where strong coupling between
soil moisture and precipitation occurs (Koster et al., 2004; Seneviratne et al.,
2010). Spatiotemporally consistent soil moisture information can be obtained
using land surface models (LSMs) by assimilating in situ and remote sensing
observations (De Lannoy & Reichle, 2016; Reichle et al., 2017; Reichle et al.,
2007; Rodell et al., 2004; Yang et al., 2020). However, soil moisture simulations
with LSMs are found more dependent on the specification of soil hydraulic (i.e.,
soil water retention characteristic and hydraulic conductivity) and thermal
properties (i.e., soil heat capacity and thermal conductivity) (SHPs and STPs,
respectively) than on the specification of atmospheric forcing or surface
conditions (Gutmann & Small, 2005; Pitman, 2003; Santanello et al., 2001),
because they govern the partitioning of soil moisture between infiltration and
evaporation fluxes, and soil heat transport processes (Garcia Gonzalez et al.,
2012; Zeng & Decker, 2009; Zeng et al., 2011a; Zeng et al., 2011c; Zeng et al.,
2009a; Zhao et al., 2018a). Parameters of SHP & STP functions required by
LSMs can be derived via pedotransfer functions (PTFs) (Van Looy et al., 2017;
Vereecken et al., 2010), which use basic soil properties (i.e., soil texture and
organic matter content) as input data. This consideration guarantees soil physical
consistency in the land-atmosphere process (Cooper et al., 2020; Santanello et
al., 2007; Soet & Stricker, 2003).

Many global and local efforts have been made to compile and develop soil
databases, but uncertainties in these soil datasets might also cause a bias in SHP

& STP predictions, and hence introduce uncertainties in representing the land
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surface states with LSMs (Su et al., 2013; Zhao et al., 2018a). To obtain soil
properties and associated SHPs & STPs on a large scale (e.g., LSMs at the field
and larger spatial scales), a retrieval approach, where the information on the
spatial and temporal distributions of state variables (e.g., near-surface soil
moisture) stemming from remote sensing observations, can be used to estimate
soil properties by inversely solving the equations of water flow and energy
balance (Mohanty, 2013).

With the availability of soil moisture derived from proximal-, air- or satellite-
based observations (Su et al., 2020b), soil moisture has become the main state
variable used for the retrieval of soil physical properties through improved LSMs
(Bandara et al., 2014; Bandara et al., 2015; Montzka et al., 2011; Peters-Lidard
et al., 2008; Qin et al.,, 2009; Santanello et al., 2007), and passive L-band
microwave remote sensing has become the most promising technique to measure
near-surface soil moisture (Lv et al., 2014; Lv et al., 2016a; Zheng et al., 2019).
This trend is further accelerated by the launch of two innovative space missions
equipped with L-band radiometers, the Soil Moisture and Ocean Salinity (SMOS)
(Kerr et al., 2010) and the Soil Moisture Active and Passive (SMAP) (Entekhabi
et al., 2010) missions, which have provided global soil moisture products at the
daily scale. The zeroth-order radiative transfer model (RTM), the so-called T —
w model that contains a zero scattering phase function, is commonly applied as
the forward model in L-band brightness temperature modeling (TY, withp = H
or V polarization) during soil moisture retrieval (de Rosnay et al., 2020; Kerr et
al., 2012; O'Neill et al., 2018), in which the surface reflectivity is calculated
through Fresnel equations (based on the plane wave assumption) combined with
a semi-empirical surface roughness correction model (Choudhury et al., 1979;
Wang & Choudhury, 1981).
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SMOS soil moisture products have been used to retrieve soil hydraulic properties
(Bandara et al., 2015; Lee et al., 2014; Shellito et al., 2016). However, current
soil moisture products contain considerable biases, especially in high-latitude
regions (Su et al., 2013; Su et al., 2011; Zeng et al., 2015; Zeng et al., 2016;
Zhuang et al., 2020), due to uncertainties in specified parameters (e.g., surface
roughness and vegetation optical parameters) in regard to microwave remote
sensing (Su et al., 2020a). Any uncertainties in remotely sensed data at the
calibration and retrieval stages can propagate to retrieved soil physical properties
(Ines & Mohanty, 2009). Moreover, the soil dielectric mixing model (DMM)
implemented in the RTM depends on soil moisture and temperature profiles and
basic soil properties (i.e., soil texture, organic matter content and bulk density),
which contain conditional uncertainties. These uncertainties degrade the
consistency of soil physics and further affect the consistency between soil
(moisture and temperature) states and boundary layer fluxes. Therefore, it may
be challenging to retrieve soil physical properties with currently available soil
moisture products (Bandara et al., 2014; Corbari et al., 2015; Yang et al., 2016).

Nevertheless, a LSM implements SHP & STP functions to predict soil water and
heat fluxes and soil moisture and temperature profiles, with the latter outputs
driving RTMs. As such, the coupled LSM and RTM approach naturally enables
forward dynamic observation simulation of T} . By assimilating T} observations
within a data assimilation framework with the coupled system involved, soil
properties and associated SHPs & STPs can be retrieved (Burke et al., 1997;
Camillo et al., 1986; Han et al., 2014a; Liu & Gupta, 2007; Reichle et al., 2013).
Dedicated studies on soil property retrieval via T} assimilation have been
reported; for example, synthetic L-band T2’ data have been assimilated into the
coupled community land model (CLM) (Oleson et al., 2013) and community
microwave emission model (CMEM) (de Rosnay et al., 2020) (Han et al., 2014a),
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ground-based ELBARA-II L-band T4 observations of bare tilled soil have been
assimilated into a coupled coherent RTM with the HYDRUS-1D model rather
than a LSM (Dimitrov et al., 2015; Dimitrov et al., 2014), and basic soil properties
have been calibrated through a similar coupled system (Yang et al., 2016) with
satellite-based AMSE-R (Advanced Microwave Scanning Radiometer for Earth
Observing System) Ty observations at 6.9, 10.7 and 18.7 GHz assimilated. All
observation operators used in current studies are zeroth-order RTMs with semi-

empirical parameterizations.

The complementary relationship between emission and scattering (Peake, 1959)
has allowed the development of scattering (formulated with the involved
scattering phase function) — emission physically-based models through
Maxwell’s equations, such as the integral equation model (IEM) (Fung, 1994)
and its advanced version (AIEM) (Chen et al., 2003b) for rough bare soil surfaces,
and discrete scattering model (notably Tor Vergata model) (Ferrazzoli &
Guerriero, 1996) for vegetated surfaces. The Tor Vergata model simulating
vegetation scattering coupled with the AIEM can be used to model scattering-
emission of the overall vegetation-soil continuum (Bai et al., 2019; Dente et al.,
2014; Wang et al., 2018; Zheng et al., 2017). As the surface roughness greatly
impacts L-band T simulations (Schneeberger et al., 2004; Schwank et al.,
2004), a physical process-based surface roughness model, an air-to-soil transition
(ATS) model (Zhao et al., 2021), was developed, which incorporates the
dielectric roughness, resulting not only from topsoil structures affected by both
irregularities (i.e., geometric roughness) of the soil surface and inhomogeneous
moisture distribution, but also attributed to the inhomogeneity within the soil
volume related to the soil porosity and moisture. The above development has
enabled the application of an enhanced physically-based observation operator,
namely, the integrated TVG-AIEM-ATS-DMM model, for soil property

retrieval.
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This chapter adopts the integrated TVG-AIEM-ATS-DMM (abbreviated as
TVG) model as the observation operator. The TVG model coupled with CLM 4.5
(Oleson et al., 2010) in the open-source multivariate land data assimilation
framework (DasPy) (Han et al., 2014a; Han et al., 2015) is deployed as the T
simulator, and basic soil properties are retrieved by means of the local ensemble
transform Kalman filter (LETKF) (Hunt et al., 2007) algorithm by assimilating
SMAP Level-1C (L1C) T data. The Maqu site (33.91°N, 102.16°E) on the
eastern Tibetan Plateau, providing comprehensive field observations (Su et al.,
2011; Su et al., 2020a; Zeng et al., 2016; Zhuang et al., 2020), is selected as the
study area to investigate: 1) whether the SMAP Té’ observation assimilation
improves estimates of soil properties and their vertical descriptions?
Consequently, do the retrieved soil properties improve estimates of soil moisture
and temperature profiles, and land surface heat fluxes with the CLM? 2) Is the
retrieval of soil property polarization-dependent? Since T# is claimed to be
sensitive to soil moisture changes (Njoku et al., 2002), and comparably, T¥
observations are less affected by surface roughness changes, this results in a
higher accuracy when applied in satellite soil moisture retrieval results (O’Neill
et al., 2015). As such, the assimilation of T signals on different polarizations
may Yyield different soil property retrievals. This study assimilates SMAP TZ and
TY data separately and analyzes the effect of the polarization configuration on
soil property retrieval. 3) Are the model physics and structure adequate for soil

property retrieval and associated land state estimates over in situ observations?

The chapter is organized as follows: section 4.2 presents the Maqu site
observations, a brief description of methods (the CLM, TVG and LETKF
algorithms), and the experimental design for soil property retrieval. Results and
discussions are provided in sections 4.3 and 4.4, respectively. Conclusions are

drawn in section 4.5.
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4.2 Materials and Methods

4.2.1 Maqui site observations

The Maqu area has a cold climate with dry winters and warm summers (Dwb)
according to the updated Koppen-Geiger climate classification (Peel et al., 2007).
The winter season ranges from late November to late March, in which soils
undergo freeze-thaw cycles (Su et al., 2020a). The land cover mainly comprises
alpine meadows with grass heights ranging from 5 to 15 cm throughout the
growing season due to intensive grazing by livestock (e.g., yaks and sheep). The
prevailing soil types are sandy loam, silt loam, and organic soil with average
proportions of 30.3% sand, 9.9% clay, and a maximum of 39.0% organic matter
(Zhao et al., 2018a).

In this chapter, collected half-hourly wind speed, near-surface air temperature,
near-surface relative humidity and air pressure, liquid precipitation, and incident
solar and longwave radiation data at the Maqu site (Su et al., 2020a) are used for
atmospheric forcing. Basic soil properties (i.e., soil texture, organic matter
content) measured in the laboratory (Zhao et al., 2018a), and soil moisture and
temperature profiles combined with turbulent heat fluxes measured in situ are
adopted to evaluate the performance of T} assimilation in regard to soil property
retrieval. MCD15A2H - MODIS/Terra+Aqua leaf area index (LAI, 500m
resolution) (https://lpdaac.usgs.gov/products/ mcd15a2hv006/) products are
extracted to obtain LAI time series (please refer to section 3.2), which is used to
define the plant functional type in CLM model and determine the number of grass

leaves regarded as scatters parameterized in the TVG model.

The SMAP Level-1C Tg’ data acquired by the L-band radiometer at 2 to 3-day
intervals (Entekhabi et al., 2014) are also available at the Maqu site (Su et al.,
2020a). SMAP T7 at near 6:00 AM local time (the time of the SMAP descending
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pass) is considered for assimilation, because the temperature within one model
grid cell can be regarded as homogeneous at this time, and the vegetation
temperature is the same as soil temperature. The different spatial scales of the
SMAP T} and field observations were not considered in this study. The SMAP
T3 observations used in the study are the arithmetic average of fore- and aft-
looking data. Furthermore, T at the field scale measured by the ELBARA-III
radiometer installed at the Maqu site is adopted for validation. Detailed
descriptions of the instrumentation and data at the Maqu site are given in Su et
al. (2020a).

Data on the soil non-frozen period are more favorably used for soil property
retrieval, because the soil freeze-thaw processes occurring during the winter
period (from November afterward) might alter the topsoil particle composition
and alter soil physical properties (Xie et al., 2015; Zhang et al., 2016). Moreover,
snowfall and soil freeze-thaw processes complicate microwave emission and
render TB” model unreliable. Nevertheless, the basic soil texture does not change
dramatically due to these complications, although the soil hydraulic properties
can be altered due to the presence of soil ice (Yu et al. 2018, Yu et al. 2020,
Mwangi et al. 2020). Soil property retrieval by assimilating SMAP TB” is

therefore concentrated during the non-frozen period.

4.2.2 Methods
4.2.2.1 Community land model

Community land model (CLM) v4.5 (Oleson et al., 2013) uses a modified
Richards equation to predict the one-dimensional multi-layer vertical soil water
flow and heat transport. The Monin-Obukhov similarity theory is used to derive
land surface fluxes. In the CLM, soils are divided into 15 layers, in which the

depths of the soil layers exhibit an exponential relationship along the profile, and
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the first 10 layers are used for soil moisture estimations. Soil layer node depths
that define where the volumetric soil water and temperature are estimated by the
CLM are listed in Table 4.1 for the ten layers of the soil column. The upper
boundary conditions for soil water flow and heat transfer are the infiltration flux
and ground heat flux into the topsoil layer, respectively, and the lower boundary
condition depends on the depth of the water table and the zero heat flux at the
bottom of the soil column. The CLM uses the Campbell (1974) power function
to describe soil water retention and soil hydraulic characteristics (SHPs). Four
hydraulic parameters—saturated soil moisture content 8, (m3m?3), saturated
matric potential ¢, (mm), the pore size distribution index B (dimensionless) and
saturated hydraulic conductivity K; (mm/s) characterize the function, and they
are estimated through Cosby et al. (1984) PTFs by using the percentages of sand
and clay as inputs and organic properties of the soil (Lawrence & Slater, 2008).
The De Vries (1963) thermal parameterization scheme instead of the default
Johansen (1975) scheme is used to estimate soil thermal properties (i.e., soil heat
capacity and thermal conductivity), given its physical considerations and higher
performance based on in situ investigations (Yu et al., 2018; Zhao et al., 2018a).
Other default model physics/parametrizations/constant values are applied in this
study. Detailed equations for soil water flow and heat transfer modeling by the
CLM are listed in Appendix C.

Table 4.1 Soil layer node depth, thickness and depth at layer interface for the ten layers
in the CLM.

Layer Layer node depth z; (cm) Thickness (cm) Depth z,; (cm)

1 0.71 1.75 1.75
2 2.79 2.76 451
3 6.23 4.55 9.06
4 11.89 7.5 16.55
5 21.22 12.36 28.91
6 36.61 20.38 49.29
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61.98 33.6 82.89

103.8 55.39 138.28
9 172.76 91.33 229.61
10 286.46 150.58 380.19

4.2.2.2 Tor Vergata model

A detailed flowchart of the forward T} simulation with the integrated TVG-
AIEM-ATS-DMM model can be found in section 3.3.1. The DMM recently
developed by Park et al. (2017) is used in this study, which considers the effect
of the organic matter (by linking it with the dry bulk density) on soil dielectric
constant. The input of the Park DMM includes the soil volumetric water content,

soil temperature, sand and clay fractions, and organic matter content.

4.2.2.3 Local Ensemble Transform Kalman Filter (LETKF)

The DasPy data assimilation framework (Han et al., 2014a; Han et al., 2015) was
developed to integrate observations from multiple sources with the CLM to
improve predictions of the water and energy cycles of the soil-vegetation-
atmosphere continuum. The LETKF (Hunt et al., 2007) is incorporated as the
main data assimilation algorithm in DasPy, which uses the Gaussian
approximation and follows the time evolution of the mean and covariance by

propagating an ensemble of states. This section follows the derivation given in
Hunt et al. (2007). Given an ensemble x?fil) of m-dimensional model state
vectors attime t — 1, a nonlinear model (M,_, ;) is applied to drive the evolution
)

of each ensemble member to form a background ensemble xf( at time ¢

(equation (4.1)). y? is a vector of observations at time t. These observations are

related to the state vector by equation (4.2).

x?(i) =M1 (x?£i1)) T € (4.1)

126



Chapter 4

92 = e (20) @2

where i = 1,2 ....k with k as the ensemble member size. The subscripts a(i)
and b (i) denote the analysis (posterior) and background (prior), respectively, of
member i. H,, as the observation operator, maps the state vector onto the
observations. €, and &, denote the model and observation errors respectively. &;
are assumed as unbiased Gaussian and uncorrelated errors in time with known
covariance matrices R. In the following, the operations and results at the posterior
t are concentrated and the subscript t is dropped. Regarding the prior state
estimate and its covariance, the sample mean and covariance of the prior

ensemble are used (equations (4.3-4.4)).
k
b — k—lz £b@
i=1

K
PP = (k—1)! Z(xb(i) _ %) (PO — 7)T
i=1

(4.3)

(4.4)

= (k= D)7IXP (X"
Formally, the LETKF aims to find the initial state and/or parameters that
minimize the distance to the prior estimate, weighted by P?, while also
minimizing the distance of the model trajectory to the observations, weighted by

R~ at time t. The Kalman filter cost function to be minimized to determine the

posterior mean x¢ is formulated in equation (4.5).

J@x) = (x— %) (P?) " (x — =) (4.5)
+[y° —H®)]"R™'[y° — H(x)]

The m x m background covariance matrix P? is noted to be invertible, as it
exhibits a rank of at most k — 1. However, as a symmetric matrix, it is one-to-

one on its column space S (i.e., the column space of X?) spanned by the prior
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ensemble perturbations. P? and J(x) are therefore well defined on S, and
minimization is carried out in this space. To obtain the posterior ensemble on S,
a linear transformation is assumed for X? from a k-dimensional space S onto S,
and local analysis is performed in §. Let w denote a vector in S, X?w then
belongs to the space S spanned by the prior ensemble perturbations, and x =
x” + XPw is the corresponding model state. Let [ be the number of scale
observations used in the analysis. Assuming w is a Gaussian random vector with
mean 0 and covariance (k — 1)1, x = x” + Xw is Gaussian with mean x”
and covariance P? = (k —1)7X?(X?)T . Then, equation (4.5) becomes

equation (4.6):
Jw) = (k — DwTw (4.6)
+[y° —HE®? + X*w)]"R™[y° — H(X"
+ XPw)]

An ensemble y?® = H(x?®) of prior observation vectors is defined with mean

y?, and the [ x k matrix Y? = y?® — yb a5 the perturbation matrix. The linear

approximation is assumed by equation (4.7):

H(x" + X°w) ~ y° + Y'w (4.7)
Then the cost function (equation (4.6)) yields a quadratic form and is formulated
by equation (4.8):

Jw) = (k-—Dwlw (4.8)
+[y° =y’ —Y’'W)|"R[y° - y°
— YPw]

This cost function (equation (4.8)) occurs in the form of the Kalman filter cost

function, using the prior mean w? = 0, prior covariance P? = (k —1)~*I and
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Y? acting as the observation operator. Then, analogous to the updates in the

Kalman filter:
we = I"ja(yb)TR—l(yo _ yb) (4.9)
P = [(k — DI+ (Y?)TR™1yb] 1 (4.10)

In model space, the posterior mean and covariance are formulated by equations
(4.11-4.12):

x* =x" + XPw* (4.11)
P% = XPp(x"HT (4.12)

Then, the posterior ensemble described by X¢ = X?W? also must be updated, in

which the symmetric square root is used to determine W based on P2,
We = [(k — 1)P?]/? (4.13)

Finally, w® is added to each column of W¢ to form the vector w®®, we®  as

the weight vector, is used to obtain the posterior ensemble in the model space:
22D = xb 4 xPya® (4.14)

To ensure stable ensemble Kalman filter operation, localization and inflation are
required to address sampling errors (Carrassi et al., 2018). To reduce residual
sampling errors and make the ensemble spread (Carrassi et al., 2018), the
multiplicative inflation algorithm (Whitaker & Hamill, 2012) is implemented in
DasPy and applied to the soil properties and soil moisture ensemble, in which the
inflation of the posterior ensemble is proportional to the reduction amount of the
ensemble spread attributed to observations. Because there is only one observation
site in this study, spatial localization implemented in the LETKF for spurious
spatial error correlation reduction is not used. While time localization is

implemented as assimilation is conducted during a specific period.
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4.2.2.4 Experimental design

In this study, the model physics and structure/parameterization involving the
formulation of the PTFs described in section 4.2.2.1 are assumed to be ideal (i.e.,
the €, term in equation (4.1) is disregarded). Uncertainties that affect the model
prediction performance are assumed due to errors in the basic soil properties and
atmospheric forcing data. The SoilGrids1lkm dataset (Hengl et al., 2014b) is used
to provide basic soil properties given its higher accuracy over other global and
regional datasets on the Tibetan Plateau (Zhao et al., 2018a). To carry out
investigations on whether SMAP Tg’ data assimilation improves estimates of soil
properties, four experiments including a reference, an open loop and two types of
data assimilation strategies are designed for evaluations and comparisons, in

which the time step for CLM integration is half an hour.

The reference (unperturbed, single-ensemble) run (denoted as Ref) is driven by
in situ atmospheric forcing over the period from 01/05/2016 to 30/10/2016 to
generate soil moisture and temperature profiles and heat fluxes, which are used
to evaluate the accuracy of the data assimilation experiments. A one-month spin-
up run is conducted in advance to drive the land states close to equilibrium with
the simulated climate. The six layers of soil data of SoilGridslkm are linearly
interpolated to generate soil properties for the ten CLM layers (please refer to
Table 4.1).

To accomplish the open loop and data assimilation experiments, atmospheric
forcing data and basic soil properties are perturbed to generate 30 ensemble
members. An ensemble size of 30 is chosen due to its effectiveness in balancing
the ensemble performance and the cost of computational resources (Han et al.,
2014a; Maet al., 2012). The thickness of the soil layer whose dielectric properties
contribute to soil emission in the L-band can exceed 10 cm under dry conditions

(Maétzler, 2006; Zhao et al., 2021). However, as the near-surface (~2.5 cm) soil
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contributes the most to soil emission in L-band (Wilheit, 1978; Zheng et al.,
2019), soil properties of the first layer in the CLM are perturbed and retrieved in
this study. Soil properties at the other depths are obtained by using a prior depth
ratio considering the typical development of soil and its profiles, namely
pedogenesis (Buol et al., 2011). The soil profile at shallow depths (until 40 cm)
investigated on the Tibetan Plateau (Zhao et al., 2018a) typically consists of two
horizons (i.e., layers). The top layer (~2.5 - 10 cm), the A mineral horizon,
especially on the humid cold climate regime, is enriched with organic matter,
which results from the decomposition of the plant (roots) and animal residues.
The organic matter deposited on the surface usually acts as cement and mixes
with fine mineral materials to form the aggregated topsoil structure (Hillel, 2003).
Some clay particles formed in this layer due to mineral weathering tend to migrate
downward. The B mineral horizon (~20 - 40 cm) beneath the surface contains
less organic matter and concentrated sand and silt particles (Buol et al., 2011).
Due to the fact that the organic matter content decreases and sand fraction
increases along the depth, the prior depth ratio is determined in terms of the
exponential form adopted by the CLM to obtain fine soil layers near the soil
surface. The resultant depth ratios in terms of organic matter and sand fractions
at the Maqui site are [1.0, 0.98, 0.95, 0.45, 0.28, 0.18, 0.12, 0.07, 0, 0] and [1.0,
1.02,1.06, 1.12,1.14, 1.16, 1.18, 1.19, 1.21, 1.23] respectively for the ten CLM
layers (Table 4.1). Clay fraction experiences very small changes (within 2%) with
the depth (Zhao et al., 2018a). Therefore, the prior depth ratio for the clay fraction

isset 1.

Given the good accuracy of SoilGridslkm’s at the Maqu site, sand fraction and
clay fraction of the first layer are both perturbed by adding a small uniformly
distributed noise in the range of [-2%, +2%], and the perturbation range for the
organic matter density is [-1.0 (kg/m?), 1.0 (kg/m®)]. In terms of the determined

variances of these uniform distributions, a Gaussian random noise field is
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generated through the geoR package (https://rdrr.io/cran/geoR/man/grf.html) of
statistical data analysis software R. The perturbed values of the first layer are the
sum of the original ones extracted from the SoilGrids1km dataset and the defined
Gaussian noise. The range of [14%~60%] is set for sand fraction, [3%~20%] for
clay fraction and [1~40 kg/m®] for organic matter density in this study.
Accordingly, the perturbed soil properties (sum of the sand fraction and clay
fraction and range of the organic matter density), as well as the retrieved ones at
each assimilation step, are rechecked and adjusted. In situ atmospheric forcing
inputs such as precipitation, air temperature and radiation are perturbed because
they are the dominant forcing data for soil moisture and temperature and Tf’f
estimates, and the perturbation parameters according to Reichle et al. (2008) are
listed in Table 4.2. More detailed descriptions of atmospheric driving
perturbations can be found in Han et al. (2012). Driven by the generated 30
ensembles of in situ atmospheric forcing and soil properties, and the initial soil
moisture and temperature condition data (unperturbed) after the aforementioned
spin-up period, the open loop run (denoted as OL as a prior) is conducted without

data assimilation.

Table 4.2 Perturbations in the atmospheric forcing data used in this study.

Standard
Variables Noise Distribution ~ Mean deviation
Air temperature  additive normal 0 10K
Precipitation multiplicative  lognormal 1.0 0.5
Shortwave
radiation multiplicative  normal 1.0 0.3
Longwave 36.0
radiation additive normal 0 W/m?

The third and fourth experiments are to retrieve soil properties using the data
assimilation technique over the period from 01/05/2016 to 31/08/2016 with the
following two months (from 01/09/2016 to 31/10/2016) as the verification period.
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To identify whether the retrieved soil properties alone are sufficient to help
improve estimates of land state variables (i.e., soil moisture and temperature) and
land heat fluxes by the CLM, the third experiment updates soil properties only,
i.e., without updating soil moisture (denoted as Only_Para). In particular, the 30
ensembles and the initial unperturbed soil moisture and temperature condition
data (the same as for the open loop experiment) are used to run 30 realizations of
the CLM to produce soil moisture and temperature at the ten soil layers. When
Tlf observation is available at time t, the simulated soil moisture and temperature
at t together with the mean soil properties acquired from the soil property
ensemble are fed into the TVG model to produce an ensemble of prior estimates
of Tg’ at t. The mean soil properties rather than the perturbed ones for each
member are used because the former is found appropriate for parameter retrieval
(Han et al., 2014a). Moreover, the soil moisture and temperature of the second
layer (2.79 cm in Table 4.1) are adopted as those of the first layer by the TVG
model because the soil moisture content at depth of 1/10 of the wavelength (~2.5
cm for the L-band) affects the sensing depth of soil moisture (Wilheit 1978). Soil
moisture and temperature of the following four layers (i.e., 36.61cm) are also fed
into the TVG model for effective soil temperature calculations with the Wilheit
model (please refer to section 3.3.3) since the in situ measured soil moisture at
40 cm remains almost constant during the study periods (Zhao et al. 2020). In the
following, the soil property vector (z” = [sand clay organic]T, similar to x?
in equation (4.1)) is updated through the LETKF algorithm by assimilating
SMAP TP observations, and posterior estimates of the soil properties z* (similar
to x% in equation (4.14)) are obtained. Subsequently, the updated soil properties
z% are utilized by the CLM to run 30 realizations to produce an ensemble of prior
land state variables (e.g., soil moisture and temperature) at the next time step t +

1. The LETKF is then recursively implemented to sequentially assimilate
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observations once they are available until the end of the assimilation period.
These described steps are also shown in schematic form in Figure 4.1.

30 Perturbed atmospheric SoilGrids1km
forcing data dataset
v . ]
—» The initial (e.g., soil Community Land Surface | 30 Perturbed soil
moisture) conditions model (CLM 4.5) ™ properties set
v

30 Estimates of soil moisture,
temperature at time t

If T3
observation
ate?

Y.

Tor Vergata
model (TVG)

Joint
Update?

Background soil properties,
2P = [sand clay organic]T

Y

Background soil moisture &
soil properties

q° = [6071cm -~ O3661em 1"
2P = [sand clay organic]”

v

Updated soil moisture, Updated soil properties,
q° = [6071em "'936.616771]T z% = [sand clay orgcmic]T

Figure 4.1 Flowchart for the retrieval of basic soil physical properties under the DasPy
data assimilation framework. Rounded rectangles indicate the following three parts: the
system model CLM, observation operator TVG, and LETKF data assimilation algorithm.
Black arrows refer to forward flow in soil property retrieval and dashed arrows denote
soil moisture update. t refers to time and t + 1 is the next time step. 30 represents the
ensemble size. (note: in the ‘only Para’ experiment, only ‘Passl’ is used; in the
“Joint_Updt’ experiment, ‘Passl’ and ‘Pass2’ are used to update both soil properties

and soil moisture.)
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The fourth experiment (denote as Joint_Updt) updates both soil properties and
soil moisture for the assimilation period (from 01/05/2016 to 31/08/2016) in
comparison to the third experiment. To this end, the state augmentation method
(Gelb, 1974) is used by DasPy, in which the aforementioned soil property vector

zP and soil moisture vector g”are adjoined as an extended prior ‘state vector’
b . .
(xP = (;b)) and updated simultaneously. To save computational memory, a

dual-pass approach (Han et al., 2014a; Yang et al., 2007) is implemented (as
shown in Figure 4.1). In the parameter estimation pass (Pass 1), the same z”
described above is updated first. Then, in the following state estimate pass (Pass
2), the soil moisture  at  the  first six layers q” =
[80.71cm 02.79cm B623cm O11.89cm O21.22em O36.610m ] is updated.
Subsequently, both the updated soil properties and soil moisture are fed into the
CLM for simulations at the next time step, and the rest of the sequence remains
the same as that in the third experiment.

Finally, the retrieved soil properties obtained at the final assimilation step are
compared to in situ measurements using the root mean square error (RMSE). Clay
particles are generally plate-like and some exhibit internal surface areas, while
sand and silt particles tend to have a smooth surface. As such, clay particles
contribute more to the overall specific surface of soil than sand and silt particles
do, and the larger the specific surface is, the higher the soil water retention (Hillel,
2003). On the other hand, clay particles typically carry a net negative electrostatic
charge due to ions replacements occurring during the incomplete charge
neutralization of terminal ions on lattice edges (Hillel, 2003). When hydrated,
polar water molecules are attached to clay surfaces and form an electrostatic
double layer. The adsorbed water does not move freely and is retained by soils
under high suctions. It is also called bound water in the soil dielectric modeling,
which is assumed to exhibit a different dielectric constant to that of free soil water
(Mironov et al., 2004; Park et al., 2019; Wang & Schmugge, 1980). Therefore,
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the clay fraction is the key textural fraction affecting soil physical properties (e.g.,
soil moisture, dielectric constant). Moreover, sensitivity analyses also indicate
that the variation of the clay fraction results in estimated soil moisture values
changing greater than those due to the variations of the sand and silt fractions.
The clay fraction retrieved at high accuracy, to a great degree, is assumed to
reflect the success of soil property retrieval. Furthermore, the soil moisture and
temperature at the different depths and the latent heat and sensible heat fluxes
simulated by the three experiments are compared to the reference results, and
Pearson correlation coefficient (R) and RMSE values are calculated. Better

simulation results are obtained with higher R and smaller RMSE values.

4.3 Results

4.3.1 Retrieved soil properties

Figure 4.2 shows the prior (gray) and posterior (blue) distributions of the
retrieved sand fraction (%), clay fraction (%) and organic matter density (kg/m?)
of the first layer obtained at the final assimilation step in the Only Para and
Joint_Updt experiments by assimilating SMAP T2, with the truth based on
laboratory measurements of a 0-5 cm soil layer sampled in the field. The statistics
listed in Table 4.3 reveal the mean prior and posterior soil properties and their
standard deviations. When only the soil properties are updated, the posterior
distribution of the retrieved sand fraction remains almost the same to that of the
prior (the overlapped gray and light blue lines in Figure 4.2a), and both of their
mean values are larger than the truth (the solid black vertical line in Figure 4.2)
within 8% (Table 4.3). The posterior distribution of the retrieved organic matter
content exhibits a slight shift toward the truth (Figure 4.2a). The posterior
distribution of the retrieved clay fraction is obviously shifted and narrowed (a
standard deviation of 1.21 vs. 0.97, as indicated in Table 4.3) to approach the
truth (Figure 4.2a).
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Figure 4.2 Prior and posterior distributions of the sand fraction (%), clay fraction (%)
and organic matter density (kg/m3) of the first layer, with the truth based on laboratory
measurements of the 0-5 cm soil layer sampled in the field. Gray indicates the prior and
light blue indicates the posterior, and black dash-dotted line indicates the laboratory
measurements. (a) Only_Para and (b) Joint_Updt experiments by assimilating SMAP T}

with an ensemble of size 30.

Table 4.3 Two data assimilation results and their calculated standard deviations (_std)
for the retrieved soil properties of the first layer when SMAP T} is assimilated with an

ensemble of size 30 in the experiments.

T Ty
Tr zb Only_Par Joint_Up Only Par Joint_Up
H b —
Soil property e % std @ dt a dt
z¢ z¢ z? z?

z¢ std 2z std z® std  z% std
38. 46. 10 46. 09 42. 0.8 43. 11 43.
Sand fraction (%) 79 06 1 04 5 6 8 34 1 33 11
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94 17. 12 12. 09 13. 09 15 11 15
Clay fraction (%) 2 62 1 % 7 5 7 27 4 05 11
Organic matter 17. 17. 04 17. 05 15. 05 17. 05 16. 05
density (kg/m?3) 97 22 7 47 7 9% 4 19 3 88 7

When both the soil properties and soil moisture are updated (refer to Figure 4.2b),
the posterior distributions of both the retrieved sand fraction and clay fraction
shift toward the truth. The improvement of sand fraction retrieval is observed in
the Joint_Updt experiment but not in Only_Para (as shown in Figure 4.2a). While
the distribution of the retrieved organic matter density deviates from the prior and
the truth (shown in Figure 4.2b, a standard deviation of 0.47 vs. 0.54, as listed in
Table 4.3), which goes against the Bayesian theorem stating that the posterior
normally falls between the prior and the truth. Table 4.4 shows that the
Joint_Updt experiment greatly reduces the RMSE for the sand fraction (46.6%)
over the Only_Para does (0.4%). The Only_Para experiment reduces the RMSE
for the organic matter density (14.6%), and the Joint_Updt experiment increases
the RMSE (2.08 vs. 0.89), indicating a high negative efficiency in terms of
organic matter density retrieval. Nevertheless, both data assimilation experiments
by assimilating SMAP TZ result in the largest reduction in RMSE for the clay
fraction (> 48%).

Table 4.4 RMSE values of the retrieved soil properties of the first layer in the two data

assimilation experiments by assimilating SMAP T3 with an ensemble size of 30.

T Ty
. Z" _ Only Para Joint_Updt Only_Para Joint_Updt
Soil property RM' "5a _ Red 2z Red z* _Red 2z% _ Red
SE RM uctio RM uctio RM uctio RM uctio
SE n SE n SE n SE n

b

Sand fraction 0.40 46.6 36.2 36.4
(%) 734 731 % 392 0% 468 0% 467 0%
Clay fraction 55.7 48.7 28.1 30.7
(%) 829 367 0% 425 0% 59 0% 574 0%
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Organic matter - -
density 14.6 133 5.60 -
(kg/m®) 089 076 0% 208 % 094 % 1.23  38%

Figure 4.3 shows that the posterior distributions of both the retrieved sand
fraction and clay fraction shift toward the truth when the two experiments
assimilate SMAP TY . Although neither experiment achieves a positive efficiency
regarding organic matter density retrieval (negative values in Table 4.4), they
reduce the RMSE by ~36% for the sand fraction and RMSE by ~28% for the clay
fraction. In the Only_Para experiment, the use of T# is found to be more sensitive
to retrieval of the clay fraction and organic matter than the application of T¥
assimilation, which shows sensitivity to sand fraction retrieval. In contrast, the
Joint_Updt experiment can retrieve both the sand and clay fractions when
assimilating either TZ or TY . Nevertheless, all reductions in RMSE values for the
clay fraction indicate the improvement of soil property estimates by assimilating
SMAP T7, as the clay fraction is the key textural fraction over the other fractions
as reasoned in section 4.2.2.4. Furthermore, utilizing the prior depth ratio (section
4.2.2.4), the posterior distributions of the retrieved clay fraction and organic
matter density of the third layer (i.e., 11.89 cm) (as shown in Figure A3.1 and
Tables A3.1-A3.2 in Appendix C as an example) also shift toward the truth. This
indicates that by updating the soil properties of the first layer, the descriptions of
soil properties at the other depths can be enhanced through the prior depth ratio.
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Figure 4.3 Same as Figure 4.2 but based on the experiments by assimilating SMAP Ty .

4.3.2 Comparison of the land state variables

Since the clay fraction retrieved by the experiments assimilating T4 indicates
more improvements than those assimilating Ty (please refer to section 4.3.1),
evaluation analysis of the soil states (soil moisture and temperature) and land
surface fluxes (LE and H) in the OL, Only_Para and Joint_Updt experiments was
only implemented considering the assimilation of TZ. Figure 4.4b and Figure
4.5b show that the assimilation of SMAP TZ slightly improves the soil moisture
estimate, and the results of Joint_Updt (with higher R and smaller RMSE values)
are slightly better than those obtained with Only_Para. Compared to the soil
moisture of the first layer, the estimated soil moisture of the deep layers near the
surface (e.g., 11.89 and 21.22 cm) has lower R and larger RMSE values (Figures

4.4b and 4.5b). In CLM, soil moisture and temperature are connected through

140



Chapter 4

heat fluxes. The Joint_Updt experiment with the slight improvement in soil
moisture estimate yields in better LE estimate, correspondingly, better H and soil
heat flux estimates in terms of the energy balance (higher R and lower RMSE
values in Figures 4.4a and 4.5a, respectively). Accordingly, the soil temperature
estimated by the Joint_Updt experiment also yields a smaller RMSE (Figure
4.5¢).
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Figure 4.4 R values of the land state and flux variables in the open loop (OL) experiment,
the data assimilation experiment with only soil properties updated (Only_Para), and the
data assimilation experiment with both the soil properties and soil moisture estimates
(Joint_Updt) by assimilating SMAP T2 over the assimilation period (from 01/05/2016 to
31/08/2016). (a) is for the land latent heat flux (LE), sensible heat flux (H) and soil heat
fluxes, and (b) and (c) are for the soil moisture and soil temperature, respectively, at the
different depths.
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Figure 4.5 Same as Figure 4.4 but for the RMSE values.

During the verification period, the soil moisture biases are again slightly reduced
in the Only_Para and Joint_Updt experiments (Figures 4.6b, 4.7b). The
Only_Para experiment yields a slightly smaller RMSE than that of the Joint_Updt
experiment. No improvements are found in the land heat flux (the same R and
RMSE values in Figures 4.6a and 4.7a) and soil temperature (Figures 4.6¢ and
4.7c) estimates over the verification period.
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Figure 4.6 Same as Figure 4.4 but over the verification period (from 01/09/2016 to
31/10/2016).
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Figure 4.7 Same as Figure 4.5 but over the verification period (from 01/09/2016 to
31/10/2016).

4.4 Discussion

The results in section 4.3 indicate the possibility of correcting the SoilGridslkm
soil property product by assimilating SMAP TB’,’ at the Maqu site. However, only
slight improvements in the simulations of the land surface state and flux variables
are achieved, with large RMSE values obtained for the land heat fluxes (> 40
W/m?) and soil moisture (> 0.04 m3/md, the required RMSE value of satellite soil
moisture accuracy (Reichle et al., 2017)) over the assimilation period. This
indicates that reducing the errors in the basic soil properties and atmospheric
forcing data may not be sufficient to account for the unsatisfactory model
performance. To reveal whether the model physics and structure are adequate,
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comparisons are made between the four experimental results and (available) in

situ observations over the assimilation period for discussion purposes.

4.4.1 Estimates of the near-surface soil moisture

Figure 4.8 shows that the soil moisture at 2.79 cm simulated in the reference run
is close to the in situ observations (R value of 0.94 in Figure 4.9b and RMSE <
0.04 m*/m? in Figure 4.10b) despite overestimations when the soil is wet. The soil
moisture at 2.79 cm simulated in the OL run shown in Figure 4.8 is much higher
than the observations and yields a large RMSE (approximately 0.08 m3/m?3 in
Figure 4.10b). After data assimilation, the soil moisture at 2.79 cm estimated in
the Only_Para experiment is still higher than in situ measurements but exhibits
slight improvements over the OL run (Figure 4.8, RMSE of 0.07 m®/m? vs. 0.08
m3/m? in Figure 4.10b). This implies that the soil property with a fine accuracy is
not a sensitive factor impacting the accuracy of soil moisture estimates by CLM.
The soil moisture at 2.79 cm estimated in the Joint_Updt experiment is closer to
the observations than that estimated in the OL and Only_Para experiments
(RMSE of 0.05 m%m3 vs. 0.08 m3/m? vs. 0.07 m3m? in Figure 4.10b), especially
when the soil undergoes the drying process (e.g., soil moisture < 0.28 m3/md), but
soil moisture is overestimated in wet soil (Figure 4.8). This signifies that the
model structure relating to surface soil moisture estimates may contain
uncertainties since its performance is not consistent between dry and wet

conditions.
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Figure 4.8 Soil moisture time series from 07/08/2016 to 08/31/2016 of the second (2.79
cm) and fourth (11.89) layers in the reference (Ref) experiment, open loop (OL)
experiment, experiment with only soil properties updated (Only_Para) and experiment
with both the soil properties and soil moisture updated (Joint_Updt) by assimilating
SMAP TH.
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Figure 4.9 R values of the land state and flux variables for the reference (Ref) experiment,

open loop (OL) experiment, experiment with only soil properties updated (Only_Para),

and experiment with both the soil properties and soil moisture updated (Joint_Updt) by
assimilating SMAP T over the assimilation period (from 08/08/2016 to 31/08/2016), in

comparison to the in situ observations. (a) is for the land latent heat flux (LE) and sensible

heat flux (H), and (b) and (c) are for the soil moisture and soil temperature, respectively,
at the different depths.
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Figure 4.10 Same as Figure 4.9 but for the RMSE values.

In the CLM, soil water flow in the unsaturated zone is modeled by Darcy’s law
(refer to equation (A2.1) in Appendix C). The soil liquid water in the node layer
z; depends on the hydraulic conductivity of the interface of two adjacent layers
zp; and the soil matric potential gradient. The soil node layer depth z; (refer to
Table 4.1) is known, and the soil matric potential at z; can be calculated from the
soil moisture content at z; through the Campbell (1974) soil water retention
function parameterized by three hydraulic parameters 6, @, and B (refer to
equation (A2.6) in Appendix C). As such, the change in volumetric soil liquid
water over the z;_, and z; layers is mainly determined by the hydraulic
conductivity in the z,, ;. The hydraulic conductivity at z, ; is parameterized as a
function of kg in the z, ;, 65 and the soil moisture content in the z;_; and z;

layers, and the hydraulic parameter B at z; (refer to equation (A2.3) in Appendix
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C). As the (prior and posterior) soil properties are close to the measurements
(shown in Figure 4.2 and Figure 4.3), our initial guess of the uncertainties focuses
on the soil hydraulic parameters calculated through the Cosby PTFs with fixed

structures.

Figure 4.11 and Figure 4.12 show that the prior and posterior values, respectively,
of the soil hydraulic parameters deviate from the in situ measurements. Both the
estimated 6, and K values at 2.79 cm are lower than the measurements, and both
@, and B are overestimated. The mutual corroboration of these four parameters
may lead to the soil moisture at 2.79 cm being slightly overestimated in the
reference run. When only the soil properties are updated in the Only Para
experiment (Figure 4.11a), B decreases due to the reduced retrieved clay fraction,
and the other three parameters retain the same values as the posteriors of the sand
fraction and organic matter density with no appreciable differences from the prior
(shown in Figure 4.2a). This implies that the change in clay fraction mainly
affects B. In contrast, the Joint_Updt experiment assimilating TZ (shown in
Figure 4.2b) and both assimilation experiments assimilating T§ (shown in Figure
4.3) estimate reduced posterior sand fractions, resulting in K and ¢, decreasing
(Figures 4.11b, 4.12). However, due to the fixed PTF structures, the slight
changes in the values of the soil hydraulic properties do not correct the biased
soil moisture estimates due to the uncertainties in the precipitation forcing data,
which in reality is always the case, especially in large-scale applications (Koster
etal., 2018).
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Figure 4.11 Prior and posterior distributions of the soil hydraulic parameters at 2.79 cm,
with the truth based on laboratory measurements of the 0-5 cm soil layer sampled in the
field. Gray shows the prior, and light blue indicates the posterior, and the black dash-
dotted line indicates the laboratory measurements. (a) Only_Para and (b) Joint_Updt
experiments by assimilating SMAP TH with an ensemble size of 30. The hydraulic
parameters are the saturated soil moisture content 8, (m3mq), saturated matric potential
@s (mm), pore size distribution index B (dimensionless) and saturated hydraulic

conductivity K (mm/s).
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Figure 4.12 Same as Figure 4.11 but based on the experiments assimilating SMAP Ty

with an ensemble size of 30.

The Cosby PTFs are derived by fitting to results retrieved from laboratory
experiments on 1448 small soil samples (cm dimensions) collected in 23 states in
the United States (for further details of the soil samples and sampling methods,
please refer to Rawls (1976) and Holtan (1968)). Hence, the estimated soil
hydraulic parameters are also based on a small-scale (cm), which may differ from
the effective parameters at the field scale (~m). Cooper et al. (2020) optimized
the constants in the underlying PTFs to obtain soil hydraulic parameters
representing the field scale by assimilating daily-averaged COSMOS-UK soil
moisture data, and showed that the performances of LSMs in soil moisture
simulations were improved with the optimized PTFs. In this study, in situ
atmospheric forcing data are measured at the field scale while the assimilated

SMAP TP data exhibit a large spatial resolution of 36 km. The scale problem is
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beyond the scope of this study. However, obtaining physically consistent
parameter sets is an alternative way to optimize PTF structures and obtain soil
hydraulic parameters with a matched scale to that of the inputs (i.e., atmospheric
forcing and Té’). The use of optimized PTFs in LSMs may help improve
temporally continuous soil moisture estimates at large scales (e.g.,
hydrometeorology at ~10 km and hydroclimatology at ~ 40 km scale), as reflected

by the improved performance obtained in Cooper et al. (2020).

The soil moisture at 2.79 cm estimated in all experiments is overestimated (shown
in Figure 4.8) when the soil is undergoing the wetting process due to rainfall
events. Our second presumption is that the Campbell (1974) function describing
soil water retention may also contain uncertainties. This function leads to an air-
entry pressure in the soil water retention curve above which the soil is assumed
to be saturated. As such, there exists a discontinuity in the slope of the curve at
the air-entry value, and the transition zone near saturation is ignored for natural
fine-textured soils (Clapp & Hornberger, 1978), resulting in moisture
overestimations when soils occur near saturation. The van Genuchten (1980) soil
water retention function parameterized with five independent hydraulic
parameters was demonstrated to suitably simulate the soil water retention curve
for soils near saturation (van Genuchten & Nielsen, 1985). Compared to the
Campbell (1974) function, the van Genuchten (1980) function is more widely
used in vadose zone research due to its flexibility in describing a large range of
soil water retention curve shapes, in which the hydraulic parameters can be
estimated by PTFs (Van Looy et al., 2017; Vereecken et al., 2010). LSMs such
as H-TESSEL (Hydrology-Tiled ECMWF Scheme for Surface Exchanges over
Land) used by the ECMWF (European Center for Medium-Range Weather
Forecasts) (Balsamo et al., 2009) employ the van Genuchten (1980) function to
replace the previously used Campbell (1974) function. In the CLM used in this

study, the update of the soil hydraulic function can be implemented in future
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studies, and comparisons will be made to evaluate the uncertainty in soil property
retrieval by using different soil hydraulic functions.

4.4.2 Estimates of the soil moisture of the deeper layers near the

surface

The soil moisture at greater depths (i.e., 11.89 and 21.22 cm) simulated in the
reference run presents underestimations (shown in Figure 4.8, and a RMSE value
of 0.05 m*¥m? in Figure 4.10b) over the observations. While the soil moisture at
depths of 11.89 and 21.22 cm simulated in the OL run is close to the observations
despite slight overestimations (shown in Figure 4.8), it yields a smaller RMSE (<
0.04 m%m? in Figure 4.10b). The soil moisture at depths of 11.89 and 21.22 cm
estimated in the Only_Para experiment is close to that estimated in the OL run
(shown in Figure 4.8). This is expected because the updated soil properties of the
first layer experience only a small change over the prior soil properties (shown in
Figure 4.2), and this results in slight changes in the updated soil properties of the
deeper layers through the prior depth ratio. Combined with a fixed PTF structure,
the estimated soil moisture does not differ from that estimated in the OL run.
However, in the Joint_Updt experiment, the soil moisture at depths of 11.89 and
21.22 cm is jointly updated by using the calculated surface increment (due to the
soil moisture sensing depth of the SMAP radiometer in the near-surface zone)
through the LETKF algorithm. The updated soil moisture values are close to
those obtained by the OL and Only_Para experiments except when the surface
soil becomes dry (e.g., 18/08/2016 to 24/08/2016 in Figure 4.8), but yield
consistencies with the observations when the soil occures under wet conditions
(e.g., 25/08/2016 to 31/08/2016 in Figure 4.8).

To a certain degree, this can reflect the improvement in surface information
propagating downward to deeper layers through assimilation. However, the

improvement may be impeded by deficiencies in the modeled subsurface physical
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process, since the soil moisture in the deeper layers estimated by the reference
experiment tends to ‘stick’ at a water content of 0.1 during the dry period, and
soil moisture assimilation is not consistent between dry and wet conditions. For
instance, the (saturated) soil moisture at the interface of two adjacent layers zj, ;,
calculated as half of the sum of the soil moisture in the z;_; and z; layers, does
not rest on a theoretical basis justifying this average approach (Yang et al.,
2009Db). Moreover, root water uptake in the CLM is estimated by using the water
stress function, which is calculated by the product of the root fraction and the
plant wilting factor parameterized by using the soil matric potential (Oleson et
al., 2013). However, the water potential in the root collar that drives the water
flux from a given soil layer z; is not considered, nor is the absolute root biomass,
while the relative root fraction is used instead (Kennedy et al., 2019). This may
result in biases in the soil water availability and thus in estimates of the soil
moisture in the root zone (deep soil layers). The plant hydraulic stress (PHS)
(Kennedy et al., 2019), i.e., a new plant water stress parameterization based on
the hydraulic theory considered in the recently released CLM v5, has been
developed. The PHS implementing a physical model of the vegetation water
potential is demonstrated to improve estimates of the root water uptake and
thereby the vertical distribution of soil water (Kennedy et al., 2019). With the
consideration of the PHS and a physically-based root growth model, the soil-
plant-atmosphere continuum (SPAC) system is expected to be modeled
consistently. As such, the coupling strength of land state information (i.e., soil
moisture and temperature) will coherently depend on the root zone (deeper soil
layers). Additionally, a highly discretized profile near the surface is used in the
CLM, which may lead to a weak coupling strength from the surface to deeper
layers in the CLM, as claimed by Kumar et al. (2009), thus constraining the
efficiency of the abovementioned improvements through data assimilation.

Changing the layering structure (especially near the surface) of the CLM should
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be tested in future research to verify if the coupling strength can be enhanced, and
thereby the soil moisture and even basic soil properties of the deeper layers
updated through assimilation.

4.4.3 Estimates of the land heat fluxes and soil temperature

Affected by underestimations of the soil moisture in the deeper layers near the
surface (shown in Figure 4.8), soil evaporation is confined, and the resulting LE
simulated by the reference run is lower than the observations (Figure 4.13) and
yields a large RMSE (over 80 W/m? in Figure 4.10a). The reference run shows
small RMSE values (< 3 K in Figure 4.10c) for the estimates of the soil
temperature at the different depths (Figure 4.14). Therefore, the ground flux that
enters the soil column does not deviate as much as the simulated LE. In terms of
energy balance equations and simulated net radiation with limited accuracy
(RMSE of 82 W/m? in this case), H simulated by the reference run is larger than
the observations (Figure 4.13) and exhibits a large RMSE similar to that of the
simulated LE (shown in Figure 4.10a). The LE and H simulated by the OL run
are closer to the observations (Figure 4.13, with smaller RMSE values in Figure
4.10a) than is the reference run, and this occurs due to the unexpected match
between the soil moisture at the different depths simulated by the OL run and the
observations (shown in Figure 4.8). The Only_Para experiment simulates better
H than do the other experiments (smaller RMSE values in Figure 4.10a). In
contrast, the Joint_Updt experiment simulates better LE (smaller RMSE values
in Figure 4.10a). The performance of these two data assimilation experiments in
LE estimation differs when the soil occurs under dry conditions (e.g., the in situ
soil moisture is close to 0.1 m®/m? from 18/08/2016 to 23/08/2016 in Figure 4.13).
This may reflect the deficiency in dry soil water simulations by the CLM, in
which vapor transport is not considered while deemed predominant under dry
conditions (Zeng et al., 2009a; Zeng et al., 2009b).
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Figure 4.13 Land sensible heat flux (H) and latent heat flux (LE) time series from
07/08/2016 to 08/31/2016 in the reference (Ref) experiment, open loop (OL) experiment,
the scenario with only soil properties updated (Only_Para) and the scenario with both

the soil properties and soil moisture estimates (Joint_Updt) updated by assimilating

SMAP T4
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Figure 4.14 Same as Figure 4.13 but for the soil temperature time series.

In contrast, the large discrepancies in H and LE (RMSE over 70 W/m? in Figure
4.10a) in these four experiments might relate to the inadequate parameterizations
used in the heat flux simulations by the CLM. Previous studies (Yang et al.,
2009a) have shown that an excess resistance must be introduced to estimate H
from the ground and air temperature difference. Neglecting this resistance was
found to lead to the overestimation of H during the daytime (Yang et al., 2008).

The current parameterization of the heat transfer resistance in CLM does not
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consider this excess resistance, and H simulated by the reference experiment as
shown in Figure 4.13, is clearly overestimated during the day. The excess
resistance parameterized by Yang et al. (2009a) can be added in future studies to
improve the H estimate.

The soil surface resistance to evaporation with respect to soil moisture is found
to be very sensitive and results in the simulated LE changing drastically,
especially for dry soil surfaces (Yang et al., 2009a). The CLM uses a ‘soil beta’
parameterization to represent the effect of the soil resistance on soil evaporation
(Oleson et al., 2013). This empirical function depends on the CLM top layer soil
moisture and the field capacity of the top layer, and the latter is parameterized by
O, K, and B of the topsoil layer. As 6 and K, are underestimated and B is
overestimated (shown in Figures. 8-9), the field capacity is underestimated. This
leads to an increase in soil resistance and consequently a decrease in soil
evaporation. As shown in Figure 4.13, the LE simulated by the reference run
during the dry period (e.g., from 09/08/2016 to 15/08/2016) is lower than the
observations during the daytime and quickly reaches a peak at the diurnal scale.
When the soil surface becomes wet, net radiation dominates soil evaporation
rather than soil moisture, and the soil resistance is negligible (Yang et al., 2009a).
Figures 4.13 and 4.14 show the consistency between the simulated LE, H and soil
temperature with the observations when the soil is wet (e.g., 25/08/2016 to
31/08/2016). Based on the above analyses, a better estimate of LE can be
anticipated when the estimates of the soil hydraulic properties and soil moisture
are improved. Additionally, the incorporation of the PHS parameterization (refer
to section 4.3) will also help improve LE estimates.
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4.4.4 Estimates of T%

We compare Té’ estimated by the assimilation experiments to the SMAP and
ELBARA-III observations. Figures 4.15a and 4.15b show the underestimations
in T}f by the experiments compared to the SMAP observations. Moreover, to
correct and obtain superior estimates of Tg through assimilation, the Only_Para
and Joint_Updt experiments tend to yield lower values of soil moisture (shown
in Figure 4.8). Correspondingly, when the uncertainties of the soil properties are
assumed to account for overestimations in soil moisture, the clay fraction is

preferentially reduced through assimilation as shown in Figures 4.2 and 4.3.

However, the values of the posterior (updated) T through assimilation (Figure
4.15a) are observed consistently lower (~10-30 K) than the SMAP observed
values, especially during the soil drying period (e.g., approximately 19/08/2016
in Figure 4.8). The TBZ’ estimate for the soil part is mainly affected by the soil
temperature, which determines the soil effective temperature (T,f), and the soil
moisture, which determines the surface dielectric roughness (please refer to
section 3.3.2) and soil emissivity. The aforementioned uncertainties in the soil
hydraulic property estimates in this study (refer to section 4.4.1) result in biased
soil moisture estimates, and the resulting overestimated soil moisture (shown in
Figure 4.8) leads to underestimations of the surface dielectric roughness and
thereby overestimated effective dielectric constant and associated underestimated
emissivity values. In contrast, the estimates of T, obtained through assimilation
show coincidences with the in situ soil temperature at 2.5 cm on 08/2016 (Figure
4.15c). As in situ soil temperature observations are not available during the period
from 05/2016 to 07/2017, the ground surface temperature (TG in Figure 4.15¢c)
derived from in situ longwave radiation measurements is used as a surrogate in
comparison to assess the uncertainty in the T, estimates. Figure 4.15¢ shows

that the difference between T, ¢ and TG is confined within 5 K except for the
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sharply decreased TG values before rain events (e.g., the sudden drop in SMAP
Tg’ in Figures 4.15a,b). Combined with smaller RMSE values (< 3 K) for the soil
temperature estimates through assimilation (shown in Figures 4.5c, 4.7c, 4.9,
4.14), it is observed that the T, estimates contain acceptable uncertainties. The
uncertainty in the soil moisture estimates contributes the most to the large gap
between the posterior T4 values and SMAP observations in this study.
Furthermore, vegetation during the assimilation period experiences phenological
changes, and the uncertainties in vegetation modeling in the TVG model also

affect the T} estimates, which is beyond the scope of this study.

In contrast to the T4 estimates, a better match is shown between the posterior Ty
values and SMAP observations (Figure 4.15b). Because the lateral topsoil
structures are significantly smaller than the observation wavelength (4, = 21 cm,
in the L-band), the heterogeneities in the topsoil structures and within the soil
volume (e.g., composition and soil moisture) may impose greater impacts on the
brightness temperature at H polarization (T4). Ty variations are less affected by
this kind of surface roughness change. Therefore, this may be the reason that only
TY is used in existing SMAP soil moisture retrieval algorithms (O'Neill et al.,
2020). The results presented in section 4.3.1 indicate that T is more applicable
to the assimilation of clay fraction and organic matter retrievals than T . This
may be related to the plate-like structure of clay and may account for the general
claim (based on regression analysis using observations) that TZ is sensible to soil

moisture changes (Njoku et al., 2002).

Last but not the least, the SMAP Té’ at the Maqu site is consistent with the
ELBARA-III observations (Figures 4.15a,b), indicating good-quality SMAP T7

data. Due to their different spatial resolutions, the SMAP T2 data with a spatial
resolution of 36 km are lower (~15 K) than the ELBARA-III observations at the
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field scale (~m), similar to SMAP T¥ (lower ~5 K). The difference in vegetation

dynamics between the SMAP scale (grazed) and the field scale (fenced off) may

be another factor contributing to the differences in T4 and Ty .
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Figure 4.15 Comparisons of SMAP TZ, T¥ estimated by the OL and assimilation

experiments and field T} observed by the ELBARA-111 radiometer during the assimilation

period (from 01/05/2016 to 31/08/2016), as well as T, comparisons. The in situ soil

temperature at 2.5 cm (ST_2.5cm) is available after 07/08/2016. TG denotes the ground

surface temperature, which is derived based on the in situ measured downward and

upward longwave radiation using the Stefan-Boltzmann equation.
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4.5 Conclusions

In this study, a physically-based discrete scattering-emission model (the Tor
Vergata model, or TVG model) is for the first time coupled with CLM 4.5 in the
DasPy data assimilation framework with the LETKF algorithm implemented. To
investigate whether SMAP T} data assimilation improves estimates of soil
properties and associated land states (i.e., soil moisture and temperature) and land
surface heat fluxes, four experiments including a reference, an open loop and two
types of data assimilation strategies are designed. One assimilation experiment
updates only the soil properties (Only_Para), and the other updates both the soil
properties and soil moisture (Joint_Updt). In situ observations at the Maqu site
on the eastern Tibetan Plateau are utilized to help with the investigation. To assess
the effect of the different polarization configurations on the retrieval results,

SMAP T# and T¥ are assimilated separately.

The results show the improvement of the soil property estimates by assimilating
SMAP TZ, as both assimilation experiments reduce the RMSE for the retrieved
clay fractions over the in situ measurements. The descriptions of the soil
properties along the profile are also improved through the retrieved soil properties
of the first layer and prior depth ratio. In the Only_Para experiment, the use of
T is more sensitive to clay fraction and organic matter retrieval, and Ty to sand
fraction retrieval. Comparatively, the Joint_Updt experiment can retrieve both the
sand and clay fractions when assimilating either T or TY . The Joint_Updt
experiment also provides better estimates of the soil moisture, soil temperature
and land heat fluxes during the assimilation period than those provided by the
Only_Para experiment. However, they perform almost the same during the

verification period.

162



Chapter 4

Comparing the assimilation results to the in situ observations indicates that the
retrieved soil properties with a finer accuracy are not sensitive factors affecting
the accuracy of the soil moisture estimates by the CLM. Uncertainties in the
model structures relating to soil moisture estimates should be considered. The
above discussions reveal that optimizing PTF structures may be an alternative
way to improve soil hydraulic property estimates and thereby soil moisture
estimates. On the other hand, the van Genuchten (1980) function, which yields
good estimates of soil moisture near saturation may be used to replace the
Campbell (1974) function in the CLM. To enhance the surface soil moisture
information propagating downward to the deeper layers through assimilation, the
developed parameterization of the plant hydraulic stress within CLM 5 can be
incorporated, and the highly discretized layering structure of the CLM may need
to be adjusted. For better heat flux simulations, the parameterizations of land heat
fluxes in the CLM also need to be improved, as the estimates of the reference run
exhibit large discrepancies over the in situ observations. Improvement in model
structures is expected to improve soil moisture estimates and thereby the L-band
brightness temperature.
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5.1 Summary

As the lower boundary condition of the atmosphere, soil moisture plays an
important role in land and atmosphere interactions and thereby in weather/climate
predictions. Basic soil properties (i.e., soil texture and organic matter content)
and associated soil hydraulic properties (SHPs) (i.e., soil water retention curve
and hydraulic conductivity) and soil thermal properties (STPs) (i.e., soil heat
capacity and thermal conductivity) are essential in estimating soil moisture-
temperature profiles with land surface models (LSMs). Due to a lack of detailed
soil property maps, the soil parameterization schemes considered in LSMs may
be unrepresentative and hence introduce uncertainties in land surface states and
heat fluxes estimates. With the use of the physical link between soil physical
properties, soil moisture and temperature and the soil dielectric constant, soil
physical properties can be retrieved with a LSM coupled with a microwave

emission observation model in a data assimilation (DA) framework.

Passive L-band microwave remote sensing has become the most promising
technique for the retrieval of near-surface soil moisture based on the measured
brightness temperature (T, p =H, V). This trend has been further accelerated by
the launch of two innovative space missions equipped with L-band radiometers,
the Soil Moisture and Ocean Salinity (SMOS) and the Soil Moisture Active and
Passive (SMAP) missions, which have provided global TY and soil moisture
products at nearly daily scales. The retrieval of soil physical properties by
assimilating TF observations into a coupled LSM and L-band emission model
can thus be regarded, especially in remote areas, as a soil monitoring system

utilizing space-based Earth observation (EO) data with in situ data and modeling.

This research aims to improve our understanding of soil physical property
retrieval by using the aforementioned DA system. The LSM as a system model

and the emission model as an observation operator are the two main components
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involved. In LSMs, soil moisture-temperature estimates are primarily determined
according to basic soil properties and associated SHPs & STPs. In microwave L-
band emission modeling, the surface roughness imposes significant impacts,
especially on H polarization emission, and the resulting uncertainties in emission
will propagate into the soil physical property retrieval process. Therefore, before
carrying out the retrieval of soil properties, this thesis first focuses on soil
physical properties for LSM modeling (Chapter 2) and the effect of surface
roughness on L-band Tg estimates (Chapter 3). The Maqu site (33.91°N,
102.16°E) on the eastern Tibetan Plateau (TP), which provides comprehensive

field observations, is chosen as the study area to help conduct the investigation.

To validate the retrieved results and analyze basic soil properties and SHPs &
STPs for accurate land surface modeling on the TP, we conducted in situ and
laboratory measurements of soil physical property profiles across different
climate zones of the TP. With these collected profiles on the arid (Ngari), semi-
arid (Naqu) and sub-humid (Maqu) zones, we compiled the Tibet-Obs soil
property dataset. Based on this dataset, in Chapter 2, we 1) analyzed the variations
in basic soil properties and SHP & STP across these three climate zones; 2)
examined various schemes for estimation of the porosity and SHPs & STPs on
the TP; 3) quantified the uncertainties in existing basic soil property datasets and
their derived SHPs & STPs on the TP. We found that 1) the basic soil properties
and SHPs & STPs differed in each climate zone and varied along the soil profile;
2) the Cosby et al. (1984) pedotransfer functions (PTFs) proved more applicable
for SHP estimation with the Clapp and Hornberger (1978) (CH) model, and the
continuous Waosten et al. (1999) PTFs with the van Genuchten (1980) - Mualem
(1976) (VG) model. The De Vries (1963) semi-empirical model proved superior
in the estimation of soil thermal properties. 3) We recommend the SoilGrids1km

dataset in the arid and sub-humid zones, and a combination of FAO-UNESCO in
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the shallow layers and HWSD in the deeper layers of the semi-arid zone is
recommended on the TP.

We have published this dataset at the 4TU.Center for Research Data
(https://data.4tu.nl/articles/Soil_Hydraulic_and_Thermal_Properties_for_Land
Surface_Modeling_over_the Tibetan Plateau_version_1 /12721418/2). We
hope that the compiled dataset and our findings contribute to modeling and
research of the Third Pole environment in the hydro-climatology community, and
fill geographic gaps amidst the already published global soil databases by the soil

community.

To account for the effect of topsoil structures and inhomogeneous moisture
distribution in the soil volume on L-band radiation, we developed an air-to-soil
transition (ATS) model with a newly proposed dielectric roughness
parameterization scheme in Chapter 3. The Tor Vergata discrete scattering model
(TVG) integrated with the advanced integral equation model (AIEM) was
adopted as the baseline model configuration to simulate the L-band brightness
temperature (TF, p =H, V). Then, the ATS model was coupled with the foregoing
model to assess its performance. The comparison results indicate that the ATS
model was necessary, as it compensated for the underestimation of T,f (= 20-50
K) in the baseline simulations. The proposed dielectric roughness is suggested as
a replacement of the fixed roughness parameter Hy currently considered in state-
of-the-art SMAP and SMOS soil moisture retrieval methods, as it captures the
dynamics of surface roughness related to hydro-meteorological conditions.
However, the discrepancy between the modeled and observed Tg’ values during
the soil freeze-thaw transition period suggests that the ATS model still requires
improvement by also incorporating the effects of surface temperature, surface
water fraction and liquid water-ice mixtures in the calculation of the dielectric

roughness thickness.
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In Chapter 4, we coupled the enhanced physically-based discrete scattering-
emission model, namely, the ATS+AIEM+TVG model (Chapter 3) with the
community land model (CLM) v4.5 to retrieve soil physical properties by using
the local ensemble transform Kalman filter (LETKF) algorithm assimilating
SMAP Level-1C (L1C) TH and T¥ data separately. To identify whether the
retrieved soil properties alone were sufficient to improve estimates of soil
moisture and thereby land heat fluxes with the CLM, we conducted two
comparative DA experiments. One experiment updated only the soil properties
(Only_Para), and the other experiment updated both the soil properties and soil
moisture (Joint_Updt). The results revealed an improvement of the estimates of
the soil properties of the topmost layer by assimilating SMAP Tf’f (p =H, V), as
well as of the profile using the retrieved top-layer soil properties and prior depth
ratio. In the Only_Para experiment, the use of T was very sensitive to the
retrieval of the clay fraction and organic matter, whereas Ty was sensitive to sand
fraction retrieval. In contrast, the Joint_Updt experiment could retrieve both the
sand and clay fractions when assimilating either T or TY . The Joint_Updt
experiment provided better estimates of soil moisture, soil temperature and land
heat fluxes during the assimilation period than those provided by the Only_Para
experiment. However, we found that our obtained (retrieved) soil properties, with
improved accuracy, were not the sensitive factors for improving soil moisture
estimates. Therefore, in future studies, we should change our focus to the
uncertainties in CLM model structures, such as the fixed PTF structures, the
hydraulic function describing the soil water retention curve, the water stress
function determining root water uptake and the soil layering structure, as well as

the parameterizations describing land heat fluxes.

As a final note, we would like to highlight that the DA system for soil property
retrieval developed in this study has the potential to obtain regional and even

global soil parameter sets consistent not only in physics but also at different
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scales. Moreover, we should further investigate the uncertainties in LSM and L-
band radiometry modeling, as this may improve not only the retrieval of soil
properties but also the estimation of land surface states/fluxes.

5.2 Outlook

Future works should be carried out from the perspective of improving the
performance of the observation operator, process model and DA algorithm. The
retrieval of soil physical properties can be applied across the whole Tibetan
Plateau, and extended to the global scale.

5.2.1 Enhancement of the integrated ATS+AIEM+TVG model for

seasonal T% simulation

Based on the results in section 3.4.2 and the discussions in section 3.5.1, we
postulate that the integrated ATS+AIEM+TVG scattering-emission model can be
improved considering soils experiencing freeze-thaw cycles, if the ground surface
temperature, surface water fraction and soil ice content in the soil mixture is
appropriately incorporated. To obtain an intuitive sense of how these three
elements may affect surface Tg’ modeling during the freeze-thaw period, we
recommend assessing the results reported in Su et al. (2020a). To simulate similar
diurnal variations, we may attempt to obtain surface water fraction information.
It is obviously difficult to acquire this kind of information, but there are three
potential solutions. The first solution is to derive an index to reflect the
information of the surface water fraction in terms of the microwave polarization
difference index based on statistical values of T} observations (communication
with Prof. Bob Su and Dr. Yijian Zeng). For instance, considering that the surface
water is highly related to H polarization due to geometric considerations,
variations in the observed T2 can be explored. If assuming that the maximum

value of T4 is characteristic for frozen soils, which also applies to the minimum
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TH value for thawed soils, their difference can indicate the amount of
frozen/thawed water, and the ratio of T variation to this difference may reflect
surface water fraction information. The second solution is to apply the (surface
runoff) outputs of the CLM or STEMMUS-FT model (the Simultaneous Transfer
of Energy, Mass and Momentum in Unsaturated Soil (STEMMUS) with freeze-
thaw (FT) components) (Yu et al., 2020; Yu et al., 2018) with the enhanced
consideration of soil freeze-thaw processes (please refer to section 5.2.2). The
third solution is to adopt in situ observations, for example, mounting a high-end

camera near the surface to monitor the change in surface status.

The current approach for the acquisition of soil ice content (SIC = TSWC —
USWC) involves the determination of the unfrozen soil water content (USWC)
and total soil water content (TSWC). To obtain SIC, two approaches can be
considered. One is to use simulation results from the CLM with the enhanced
parameterizations (please refer to section 5.2.2). The other is to obtain enhanced
TSWC estimates by assimilating in situ cosmic-ray neutron probe (CRNP)
observations, which will consequently lead to improved estimates of SIC.
Mwangi et al. (2020) investigated the retrieval of SIC at the Maqu site utilizing
in situ soil moisture (i.e., liquid phase, USWC) and CRNP observations (i.e., total
water including liquid and ice, TSWC) with Observing System Simulation
Experiments (OSSE). The OSSE in their study involved the STEMMUS-FT
model (Yuetal., 2018; Zeng et al., 2011c) as the physically-based process model,
and the cosmic-ray soil moisture interaction code (COSMIC) model as the
observation operator (i.e., forward neutron simulator). Assimilating CRNP
observations into the coupled CLM with COSMIC was implemented based on
the DasPy framework by Han et al. (2014b). Therefore, this is a promising
approach to obtain SIC. With the enhanced integrated ATS+AIEM+TVG model,
we anticipate that this system can help monitor real-time changes in the surface

status due to weather system changes.

171



Synthesis

5.2.2 CLM 5.0 to enhance the consideration of soil physical processes

Version 5.0 of the community land model (CLM 5.0) (Lawrence et al., 2019) is
the latest in a series of global land models developed by the Community Earth
System Model (CESM) Land Model Working Group (LMWG) and maintained
at the National Center for Atmospheric Research (NCAR). Compared to CLM
4.5, CLM 5.0 introduces a dry surface layer-based soil evaporation resistance
parameterization scheme (Swenson & Lawrence, 2014). CLM 5.0 applies a
varying soil thickness in space (Brunke et al., 2016; Swenson & Lawrence, 2015),
which allows a realistic retrieved soil physical property profile across different
climate zones. CLM 5.0 also introduces an adaptive time-stepping solution to
Richard’s equation to improve the accuracy and stability of the numerical soil
water solution. Moreover, the plant hydraulic stress (PHS) (Kennedy et al., 2019)
approach to the modeling of water transport through vegetation according to a
hydraulic framework is implemented in CLM 5.0, in which water supply
equations are used to determine the vegetation water potential forced by the
transpiration demand and a set of layer-by-layer soil water potentials. As
described in section 4.4.2, using the PHS improves the estimation of root water
uptake and thereby the vertical distribution of soil water (Kennedy et al., 2019).
The performance of CLM 5.0 at the Maqu site should be assessed, and CLM 4.5,
implemented in DasPy can be replaced by CLM 5.0.

In CLM 5.0, in regard to the freezing process in soil layers, the concept of
supercooled soil water proposed by Niu and Yang (2006) is adopted. In contrast,
STEMMUS (Zeng et al., 2011c) is a coupled water and energy model considering
the gaseous phase (water vapor and dry air) flow mechanism. As soil freezing
processes can be analogous to the drying process (Farouki, 1981; Koopmans &
Miller, 1966; Rautiainen et al., 2014), water vapor during the freezing period can
be transported from beneath the freezing front to the land surface (Yu et al., 2020;
Yu et al., 2018). The STEMMUS model using the van Genuchten (1980) -
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Mualem (1976) (VG) model can be incorporated into soil part modeling in CLM
5.0. As such, the uncertainties in the different parameterizations of soil hydraulic
properties as well as soil water dynamic processes (i.e., freeze-thaw process) and

their impacts on soil property retrieval can be investigated.

5.2.3 Use of the four-dimensional ensemble variational (4DEnVar) DA

algorithm

Sequential ensemble methods such as the LETKF algorithm are easy to
implement, which performs a linear update and propagates the statistics of errors.
However, the ensemble Kalman filter (EnKF)-based approach is claimed to lead
to the retrieval of time-varying parameter sets physically inconsistent with the
behavior of the land surface (Pinnington et al., 2020). The variational method
designed for the estimation of the model trajectory that best fits all the
observations within a prescribed observing window can help with this issue,
which relies on time-independent statistics of errors and searches for a nonlinear
estimation of the maximum posterior of the underlying probability distribution
function using nonlinear optimization techniques (Carrassi et al., 2018). The
derivation of adjoint models is generally required to obtain the variational cost
function and can be minimized using nongradient-based optimization routines but
comes at the cost of many more model runs to achieve convergence and a loss of

accuracy (Pinnington et al., 2018).

For theoretical reasons (nonlinear analysis and error accumulation) and technical
reasons (no adjoint model), new hybrid methods combining both ensemble and
four-dimensional variational technigques (Bannister, 2017; Desroziers et al., 2014;
Liu et al., 2008) have been developed, presenting a way to retrieve time-invariant
parameters within a specific time window with improved background-error
covariance matrices and efficiency. Pinnington et al. (2020) implemented the

hybrid technique of four-dimensional ensemble variational (4DEnVar) DA with
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the Joint UK Land Environment Simulator (JULES) land surface model to
estimate parameters (e.g., LAI, gross primary productivity) controlling crop
behaviors. With the use of the same 4DEnVar algorithm, Cooper et al. (2020)
optimized constants in the underlying Cosby PTFs adopted in JULES and thereby
improved the estimation of soil moisture by JULES. Similarly, the LETKF
algorithm implemented in DasPy can be upgraded into 4DEnVar to improve the
background-error covariance matrices and DA efficiency (Bannister, 2017) and

thereby the robust retrieval of soil physical properties.
5.2.4 Retrieval of soil physical properties on the Tibetan Plateau

Once the retrieval system is improved, soil physical properties can be estimated
across the whole Tibetan Plateau. The first high-spatiotemporal resolution
gridded near-surface meteorological dataset, namely, the China Meteorological
Forcing Dataset (CMFD) (He et al., 2020), can be adopted as the atmospheric
forcing to drive CLM 5.0. The dataset has a temporal resolution of three hours
and a spatial resolution of 0.1° (He et al., 2020). The SoilGrids1km data can be
used as the prior in the retrieval system. The SMAP L1C T,f dataset with a spatial
resolution of 36 km and the SMAP L1C enhanced T} dataset with a spatial
resolution of 9 km can be assimilated and compared. The retrieved soil physical
properties can be validated against the available in situ measured Tibet-Obs soil
dataset (Zhao et al., 2018a) at the point scale. FAO-UNESCO (FAO/UNESCO,
2007), HWSD (FAO/IIASA/ISRIC/ISSCAS/IR, 2012), BNU (Shangguan et al.,
2012; Shangguan et al., 2013) and HPSS (Montzka et al., 2017) datasets can be
used for cross-validation in terms of spatial distribution patterns. The estimated
soil moisture-temperature and land heat fluxes can be evaluated via a comparison
to the Tibet-Obs soil moisture dataset (Su et al., 2011; Su et al., 2020a; Zeng et
al., 2016; Zhang et al., 2020; Zhuang et al., 2020). The period from 01/2016 to

the present can be specifically investigated, in which the in situ Tibet-Obs dataset
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and ELBARA-III Té’ observations are available. The retrieved soil physical
properties, which are consistent with atmospheric forcing data and SMAP Tg’
observations, are expected to be applied in the Earth system models to acquire

better estimates of initial conditions and thereby accurate weather/climate
predictions.
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Appendix A. Soil Water and Heat Flow Modeling

Table Al.1 Information of the exiting soil datasets adopted in this study.

Soil Spatial ~ Profile
propert  resoluti informat Data Dat
Name y on ion source Reference e
Soil 1.5
texture 2 layers  million
fraction 0-30cm, Soil Map  FAO-UNESCO Digital
FAO- S, 30- of the Soil Map of the World, 200
UNESCO socC 5km 100cm World 2007 7
11
million
soil map
of China;
1.5 FAO/IIASA/ISRIC/ISSC
million AS/JRC, 2012.
Soil Map
Soil of the Harmonized World Soil
texture 2 layers  World; Database (version 1.2).
fraction 0-30cm, 7292 FAO, Rome, Italy and
S, 30- profilesin  1IASA, Laxenburg, 201
HWSD SOC 1km 100cm China Austria. 2
8 layers
0-4.5¢cm,
4.5-
9.1cm
9.1-
16.6cm,
16.6-
28.9cm
28.9-
Soil 49.3cm,
texture 49.3- 11
fraction 82.9cm million
S, 82.9- soil map
SOC, 138.3cm  of China;
BD, , 8979
GGF, 138.3- profilesin  Shangguan et al. (2012, 201
BNU Porosity  1km 229.6cm  China 2013) 2
Chinese
soil
profile
database
Soil (Shanggu
texture anetal.
fraction 7 layer 2013)
S, 0,5,15,  Covariabl
SOC, 30, 60, es:
SoilGridsl  BD, 100and  MODIS 201
km GGF 1km 200cm. images, Hengl et al. (2014) 4
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SRTM
DEM etc.
Chinese
soil
profile
database
(Shanggu
an et al.
Soil 2013)
texture Covariabl
fraction 7 layer es:
S, 0,5,15, MODIS
SOC, 30, 60, images,
SoilGrids2 BD, 100and SRTM 201
50m GGF 250m 200cm. DEMetc.  Hengl etal. (2017) 7
Paramet
ersin
the van 7 layer
Genuch 0,5, 15,
ten and 30, 60,
Mualem 100and  SoilGrids 201
HPSS model 25km 200cm. 1km Montzka et al. (2017) 7

Where SRTM denotes the Shuttle Radar Topography Mission and DEM denotes the digital
elevation model.

A.1 Porosity estimation schemes
Coshy-S scheme (univariate)

The Cosby et al. (1984) PTF is used to estimate porosity based on the sand
percentage of the soil texture,
¢ = 0.489 — 0.001268 X (%sand) (A1.2)

where ¢ is the soil porosity, %sand is the sand proportion.
BD scheme
The BD scheme for porosity calculation (Hillel, 2003) is as follows,

) (A1.2)
=
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where p,, is the dry bulk density (g/cmd). p, is the mineral particle density valued
at 2.65g/cm?. In the soil mixture, the BD scheme assumes that the coarse and fine

components share the same particle density.
SocVg scheme

Regarding soil as a mixture of organic and fine minerals, Chen et al. (2012)
conceptualized the porosity as expressed in equation (Al1.3). Through the
determination of the volumetric SOC, the gravel impact was considered
(equations (Al.4-A1.5)) and was assumed to be equal to the impact of sand
particles. The effective sand proportion was calculated with equation (A1.6).

bm = (1 - Vsoc)¢F + V;oc(psoc,sat (A1-3)
Vsoc (A1.4)

ps(l - ¢F)msoc
GGF
pSOC(l - mSOC) + pS(l - ¢F)msoc +(1- ¢F)([1)SO—CTF)

VGF (AL5)
Psoc(1 — ¢p)GGF
- s0cGGF
(1 = GGF)(psoc(1 — myoc) + ps(1 — pp)mgoe + (1 — ¢F)m

%sand, = %sand * (1 —VGF) + VGF (A1.6)

where ¢,, is the porosity of the soil mixture. V;,. and VGF are the volumetric
fractions of SOC and gravel, respectively. ¢ is the porosity of the fine
component and was calculated with equation (Al.1), where %sand is determined
with equation (A6). GGF and mg,. are the gravimetric fractions of gravel
particles and SOC, respectively. ps,.=0.13 g/cm? is BD of peat. ¢4 5q:=0.9 is
the porosity of peat.

Binary mixture (BM) scheme

Zhang et al. (2011) proposed a mixing-coefficient model to estimate the porosity

of the binary mixture,
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bm (AL7)
{(VGF — Bm * VGF + Bm)dg + VFF * g — By * VFF
B if VFF < ¢,
_{ (1= PBp) *VGF x g + VFF * ¢p
if VFF = ¢,

where VFF is the volumetric fraction of the fine mineral. VGF is determined with
equation (A1.8). ¢ shares the same definition as in the SocVg scheme. ¢ is the
porosity of gravel particles, which is mainly affected by the median grain size
(Frings et al., 2011). In this study, ¢, was calculated by using empirical equation
(A1.9) given by Wu and Wang (2006). f,, is the mixing coefficient related with
the grain size (equation (A1.10)).

o GGF(1 — ¢p) (A1.8)
GGF(1—¢p) + (1 — GGF)(1 — ¢)
0.21 (A1.9)
=0.13
g * (GD + 0.002)0-21
GD GD (A1.10)
: —+ 0. — <
~ 0.0363 7 +0.2326  for—- <21
Bm = GD
1 —>21
for D >

where GD and FD are the mean grain sizes of gravel particles and the fine

minerals, respectively, and the unit is mm.
A.2 Functions modeling soil water retention curve (SWRC)

The function of Clapp and Hornberger (1978) (i.e. CH) modeling soil water

retention is written as:
¢ =9/ o<, (AL1.11)

where ¢ is the saturated capillary potential (cm). b is the pore size distribution

index (dimensionless). 8 is SM (m®* m3) and 6, is the saturated SM. ¢; denotes
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an inflection point near saturation. The corresponding soil conductivity and
diffusivity estimations are formulated as:

(k@ =K, (%,) " e

D(®) = D, (9 /o,
L Ds =1/« Ks(Po/p)

where K and D are the soil hydraulic and thermal conductivity, respectively. K

)2+1/b

and Dy are the saturated hydraulic conductivity (m/s) and diffusivity (m?s),

respectively.

The Van Genuchten (1980)-Mualem (1976) (i.e. VG) model describes the water

retention curve as shown in equation (A1.13),

(A1.13)

95 - er
0(h) = 6, + D f(h, 6,0, a,n)

where 8(h) is SM (m® m™®) at pressure head h (cm). 6, is the residual SM (m* m-
%). 6, shares the same meaning as the above. « is the inverse of the air entry value
(cm?). n is the shape parameter (dimensionless). The corresponding soil

conductivity and diffusivity estimations are formulated as:

0—0, (Al.14)

K = K021 - (1- @1/(1—1/71))1—1/11]2

(1 - m)Ks
am(gs - 97”)

+(1-0vm)" 2]

D(@) — @1/2—1/m[(1 _ Gl/m)_m

m=1—-1/n

where 0 is the effective saturation.
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Based on the measured soil water potential and SM, we adopted the scaling
method proposed by Montzka et al. (2017) to estimate the hydraulic parameters
of the CH and VG models. The expected-scale (representative) parameters
(5, b, @;) and (6, 8, &, 7i) were obtained with the damped least-squares method
of Levenberg-Marquardt (Marquardt, 1963), which generates the minimum of the
sum of squares of the deviations between the water retention curves of
f(h, 08 b,0) and f(h, 6,6, a,n) with all respective observationsi =1...N
(equation (A1.15)). The initial values adopted in the parameter fitting algorithm

were the means of (6, a,n) and (6,., 65, @, n) based on each observation.

- " , (AL15)
(gs'b' q)s) = argmlnz [9i - f(hrgs,i' bi' ¢Si)]

i=1

N
(0,02, 7) = argmin ) [0;
i=1

- f(h' Qr,irgs,i' a;, ni)]2

A.3 PTFs for SWRC estimation

Various PTFs have been developed to determine soil hydraulic properties. In
terms of criteria described in Dai et al. (2013), five PTFs (No. 1-5 in Table A1.2)
were selected to estimate parameters (6, @, b) of the CH model, and seven PTFs
(No. 6-12 in Table Al.2) were selected to estimate parameters (6,, 65, o, n) of
the VG model.

Table A1.2 List of PTFs to estimate soil water retention curve.

Retent Sa Si Cl Organic Dry bulk De

N ion/ nd It ay Carbon density pth
0 PTF K,mo
: dél % % % % gcm?® -
Cosby et al., 1984 CH,
1 Q) K V x/

1K, = 60.96 = 10~0-884+0.0153=sand (ynjt: cm/day).
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Cosby et al., 1984 CH,
2 @ 2o
3 Saxtonetal., 1986 E';' \ N oA
S
Campbell and CH,
4 Shiosawa, 1992 Ks? v VoA v
5  Saxton etal., 2006 E'j N NI
Rawls and VG,
6 Brakenssiek1985 K& v v
Class Wostenetal., VG,
! 1999 Ks’ v Vo v
Vereecken et al., VG,
8 1989,1990 K¢ v v v v
Continuous Woésten VG,
9 etal., 1999 K® VoA v v
é Rosettal-H3 \K/:’fo v o NN v
i Rosetta3-H3 \éGn v o Ny N
S
1  Weynants et al. VG,
2 20039/) K12 v v v v

where 10 and 11 were developed by Schaap et al. (2001) and Zhang and Schaap
(2017), respectively.

2 K5 = 60.96  10706+0-0126+5and=0.0064-clay (mylti-variate) (unit: cm/day).
3K, = 24 % {exp[12.012 — 0.0755 * sand + [—3.8950 + 0.03671 * sand — 0.1103 * clay + 8.7546 *
10™* * clay?](1/6,)]} (unit: cm/day).

1.3b
K, =339.0%(52) " exp(—0.06888 * clay — 0.03638 * silt — 0.025) (unit: cm/day).

®x =0.00251 * sand + 0.00195 = clay + 0.00011 * SOC + 0.00006 * sand * SOC 0.00027 * clay * SOC +
0.0000452 = sand * clay + 0.299; K, = 4632 * (8, — x)3~? (unit: cm/day).

86, =¢ = 1— BD/2.65; K, = 24.0 * exp(19.52348 * ¢ — 8.96847 — 0.028212 * clay + 0.00018107 *
sand? — 0.0094125 * clay® — 8.395215 = ¢ + 0.077718 * sand * ¢ — 0.00298 * sand? = p? —
0.019492 * clay? * ¢p* + 0.0000173 * sand? * clay + 0.02733 * clay® * ¢ + 0.001434 = sand? * ¢ —
0.0000035 = sand * clay? (unit: cm/day).

" The K, for the FAO textural classes (Pachepsky & Rawls, 2004). (unit: cm/day).

8 Log(K;) = 20.62 — 0.96 = log(clay) — 0.66 = log(sand) — 0.46 * log(clay) — 8.43 * BD
(unit: cm/day).

9 K, = exp(7.755 + 0.0352 * silt + 0.93 * itop — 0.967 * BD? — 0.000484 * clay? —
0.000322 = silt? + 0.001/silt — 0.0748/SOC — 0.643 * In(silt) — 0.01398 * BD * clay —
0.1673 * BD * SOC + 0.02986 * itop * clay — 0.03305 * itop # silt)), where topsoil is an ordinal
variable having the value of 1 (depth 0-30 cm) or O (depth 30 cm). (unit: cm/day).

10 H3 hierarchical pedotransfer function in Schaap et al. (2001) (unit: cm/day).

1 Updated H3 hierarchical pedotransfer function in Zhang and Schaap (2017) (unit: cm/day).

2 K. = exp(1.9582 + 0.0308sand — 0.6142BD — 0.01566S0C * 1.72) (unit: cm/day).

183



Appendix

A.4 Saturated hydraulic conductivity estimation schemes
PTFs-VGF scheme

The PTFs-VGF scheme estimates Ks of the soil mixture (Peck & Watson, 1979)
as follows:
B 2(1 —VGF) (A1.16)
Kom = Rsarr =55 var
where K, is Ks of the soil mixture. K4 is Ks of the fine mineral and was

calculated using PTFs listed in Table Al.2. VGF shares the same definition as in
equation (A1.8).

BM-Kozeny-Carman equation (BM-KC scheme)

The Kozeny-Carman equation (A1.17), originally developed to quantitatively
describe hydraulic conductivity vs. the mean grain size in the capillary flow, was
used to estimate K of the binary mixture. The porosity was obtained by using the
BM scheme described in A.1 section. The representative grain diameter was
estimated using the power-averaging method (equation (A1.18)) proposed by
Zhang et al. (2011). This method introduces an empirical coefficient (equation

(AL1.19)), which is parameterized considering the critical fraction of gravel

particles.
Ken = (22) [ﬂ (AL17)
u/|180(1 — ¢m)?
dym = (VGF % GDP + VFF * FDP)'/p (A1.18)
P= 1+eXp[(a(V16Fc—VGF))] -1 (AL.19)

where ¢,, shares the same definition as in equation (Al.7). d, is the
representative grain diameter of the soil mixture. p is the fluid density. g is the
gravitational acceleration, and p is the dynamic viscosity. VGF, VFF, GD and

FD share the same definitions as in the BM scheme described in A.1 section. p is
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the coefficient that varies sigmoidally from —1 to 0 as VGF increases from 0 to
1. The VGFc is the critical fraction of gravel particles and is calculated by
VGFc =1 — ¢4 (¢, from equation (A1.9)). « is the shape factor with a value of
20 as adopted by Zhang et al. (2011).

A.5 Heat capacity and thermal conductivity modeling

Heat capacity estimation

The soil heat capacity C;depends on the heat capacities of all constituents of

soil, and is calculated with equation (A1.20) given by De Vries (1963),

Cs =0C, + (1 —6,)Cspi; + (65 — 0)Cyir (A1.20)
where 8 and 6, share the same meanings as in equation (A1.11). C represents the
heat capacity (MJ m? K), and the subscripts ‘w’, ‘soil’ and ‘air’ refer to water,
soil solid and air, respectively. C,,, Cs,;; and Cy;,- are valued at 4.2, 2.0 and 0.001
MJ m? K1, respectively. If considering SOC impact, Cs is calculated with

equation (A1.21) shown as follows,

Cs =0C,, + (1 —05) = (1 — Vsoc) * Csoyp + Vgoc * Csoc) + (A1.21)
(95 - Q)Cair
where Vsoc shares the same definition as in equation (Al.4). C,. is the heat

capacity of the organic matter and valued at 2.5 MJ m= K1,
The De Vries (1963) model revised by the Farouki (1981) model (D63F)

The De Vries (1963) model was developed from the Maxwell equation, which
was used to estimate the electrical conductivity of a mixture of the granular
materials dispersed in a continuous fluid (Eucken, 1932). Farouki (1981) set
liquid water as the continuous medium and regarded soil minerals as the uniform
particles. Considering soil as the binary mixture of fine minerals and coarse

gravel particles, A is estimated as follows:
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1 Oy + Woxq(Ag + 4y) + Wi A + WyXgAdg + WeocXsocAsoc (A1.22)
B 0+ wyx, + wWyx, + WyXg + WeocXsoc

where w is the weighting factor, x is the volume fraction, A is the thermal

9 LY 6 Y ¢

conductivity, and the subscripts ‘w’, ‘a’, ‘v’, ‘m’, ‘g’ and ‘soc ’refer to water, air,
vapor, fine minerals, gravel particles and SOC compositions of soil, respectively.
Ay =057 W m™ K, 1, =2.0 W m* K*, 4, =254 W m™ K™ and A4, =0.25 W

m?* K. 4, is calculated with equation (A1.23),

A = 202,079 (A1.23)
where 4, is the thermal conductivity of quartz (1,=7.7 W m™ K™), and 4, is the
thermal conductivity of other minerals (1,=2.0 W mK™). Vsoc shares the same
meaning as in equation (Al1.4). In this study, the volumetric quartz g is assumed

to equal half of the sand fraction (g = 1/2V,4n4) in terms of investigations by
Chen et al. (2012).

w in equation (A1.24) is estimated empirically by:

(A1.24)
1 2 1
w; == Ai +

3 Ai
1+(E—1)ga 1+<ﬁ—1)(1—2ga)

where g, is the shape factor of the ellipsoidal particles. A uniform shape factor

9 value of 0.125 is used for the fine minerals (Farouki, 1981), a g, value 0of 0.33
in gravel particles and a g, value of 0.5 in SOC (De Vries, 1963).

Regarding the estimations of 1,, and g, of air, Farouki (1981) provided the
following equations (A1.25-A1.26).

For0.09 m*m3<6<¢,
Ay =25 and gaam = 0333 — (0.333 — 0.035)x,/¢p  (AL.25)

And for 0<6 <0.09 m® m?,
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ly==22 and gogar = 0.013 +0.9446 (A1.26)

where A3 is the value of 4,, of the saturated vapor. ¢ shares the same meaning

as in equation (A1.2).
The Simplified De Vries-based model (T16)

The T16 scheme (Tian et al., 2016) assumed a negligible effect of the vapor
movement (i.e. A, = 0) in the De Vries-based model (equation (A22)). The soil
texture was assumed to determine the physical properties of the soil minerals. 4
of the fine minerals (4,,,) and the shape parameters of the minerals and air were

computed using equations (A1.27-A1.29),

)lm — /’leand;{ClachlaylsiltVsilt (A127)

sand
Jam) = Ya(sand)Vsana + asie) Vsite + ga(clay)Vclay (A1.28)
where Aggng =7.7 W m?t K?, gosana) =0.782, Agyr =2.74 W mt K7,
Ya(sitr)=0.0534, A14,=1.93 W m? K1, and Ja(clayy=0.00775.

Ja(air) 1S assumed to linearly vary with the air fraction and is estimated using
equation (A1.29),

Ya(air) = 0.333 (1 — xa/¢) (A1-29)
where ¢ shares the same meaning as in equation (Al.2) and x, shares the same

meaning as in equation (A1.22).

In regard to dry soil, the calculation of 4,,., follows equation (A1.30) proposed
by De Vries (1963),

WaXghaq + WinXmAm + WyXgAdg + WeocXsocAsoc  (AL1.30)
WeXq + WXy, + WgXg + WyocXsoc

Adry = 1.25%

where the parameters share the same definitions as in equation (A1.22).
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Johansen model (J75)

The Johansen (1975) model estimates A in terms of the combination of dry and
saturated state values and a weight factor known as the Kersten number as shown
in equation (A1.31),

A= Ko(Asat — Aary) + Aary (A1.31)
where A4, and A, are the dry and saturated thermal conductivity, respectively.

K, is the Kersten number, a normalized thermal conductivity, which relates to the
logarithm of SM (Kersten, 1949) as shown in equation (A1.32),

A= Aary (A1.32)
Asat - Adry
K, = l0g10(S,) +1.0 S, > 0.05

K, =0.7*log(S,) +1.0 S,>0.1
K,=0 S, <0.05

e =

where S,. is the saturation degree and is defined as equation (A1.33),

5 0/95 A32) (A1.33)

where 6 is SM (m* m?). 6, is the saturated SM (m® m) calculated using equation
(A1.2).

The saturated thermal conductivity is calculated using equation (A1.34),

e, (A1.34)
Asat = :TL /1W 95

where A, shares the same definition as in equation (A1.23). If considering the

SOC impact, 4,, is calculated using equation (A1.35),

/1m — AZ(l—Vsoc)Ao(1—q)(1—Vsoc)/1$0CVsog (A1.35)

The estimation of the thermal conductivity of dry soil is given by equation
(AL1.36):
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0.135p;, + 64.7 (A1.36)

Aary = 5700 = 0.947p,
where p,, is the dry bulk density (kg/m?3).

A.6 Soil water flow and heat transport modeling

The vertical movement of water in the unsaturated zone of the soil matrix is
modeled by the Richards equation (Richards, 1931):

9 _ 9 (peg) 2 _
2_2 (D(e) % K(B)) +5,

where D(0) (m?/s) and K () (m/s) are the hydraulic diffusivity and hydraulic

(A1.37)

conductivity, respectively, and Sy is a volumetric sink term associated with the
root uptake (m® m? s1), which depends on the surface energy balance and the
root profile.

The soil heat transfer is modeled by the Fourier law of diffusion:

T _ 9 (,07 Al1.38
Cs at oz (’1 62) ( )
where C; is the soil thermal heat capacity (J m= K1), 4 is the thermal conductivity
(W m?tK?)and T is soil temperature (°C).

Table A1.3 Means and standard deviations of the measured soil properties at the different

depths in the Ngari area

Parameter 5cm 10 cm 20 cm 40 cm

Sand (%) 84.54+8.28 86.19+8.63 77.21+1755 78.81+£17.93
Clay (%) 3.05+ 1.99 2.73+ 2.03 3.83+£ 2.67 3.27£2.71
Silt (%) 12.42+ 6.54 11.08£6.93  18.96+14.98 17.93+15.41
GGF (%) 11.26+ 10.76 11.77+15.71 23.17+25.05 18.75+20.17
SOC (%) 1.02+ 0.67 0.7£0.49 0.73+0.49 0.79+ 0.67
Porosity (%) 33.49+2.78 35.8+£ 6.76 31.4+£7.2 33.8£9.47
GD (mm) 5.02+ 2.92 5.23+2.47 7.56% 5.07 4,96+ 1.7

FD (mm) 0.22+ 0.1 0.2+ 0.08 0.23+£0.19 0.19+ 0.09
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BD (g/cm®)  1.56+0.13
LogK, (m/s)

1.63+0.26
-4.57+ 0.24

1.6+ 0.26
-4.94+ 0.47

1.56+0.18
-4.68+ 0.30

Table A1.4 Means and standard deviations of the measured soil properties at the different

depths in the Naqu area

Parameter 5¢cm 10 cm 20 cm 40 cm 50 cm
81.48+ 75.13+ 75.93+ 70.15+
Sand (%) 78.79+6.86 13.49 14.67 10.64 20.28
Clay (%) 441+1.63 4.02+3.04 5.84+3.87 6.43+4.17 7.29+6.39
19.03+ 22.56+
Silt (%) 16.8+5.79 145+ 10.46 10.85 17.64+7.09 14.14
12.69+ 53.29+ 57.43+
GGF (%) 13.11 19.3+ 1591 34+ 25.97 24.05 22.43
SOC (%) 9.18+355 8.17+395 225+1.11 1.61+093 2.68+3.24
Porosity
(%) 58.5+21.49 45.67+6.81 39.75+5.8 29.5+6.61 24.5+5.92
GD (mm) 455+1.78 3.96%x1.2 7.28+457 7.75+499 6.18+2.6
FD (mm) 0.19+£0.04 0.21+£0.07 0.19+0.08 0.22+0.05 0.19+0.12
BD (g/cm®) 1.01+0.48 1.42+0.08 1.64+0.17 1.87+0.21 2.11+0.18
LogK; (m/s) -5.20£0.25 -5.09+0.50 -5.20+0.77 -6.12+0.99

Table A1.5 Means and standard deviations of the measured soil properties at the different

depths in the Maqu area

Parameter 5cm 10 cm 20 cm 40 cm 80 cm
26.95+ 29.03+ 29.21+ 34.83+
Sand (%) 10.55 13.08 12.61 31.6+x12.47 17.06
Clay (%) 9.86+ 0.89 9.95+ 0.91 10.15+ 0.61 10.43+0.89 9.35+2.68
63.19+ 61.02+ 60.65+ 57.97+ 55.82+
Silt (%) 10.08 12.52 12.48 12.18 14.95
SOC (%) 17.88+9.05 12.16+6.23 8.05+5.05 4.13+3.14 2.87+2.89
Porosity
(%) 72.92+ 755 65.57+7.57 59.21+6.22 509675 47.06£6.5
FD (mm) 0.03+0.01 0.03+£0.01 0.03+0.01 0.03+0.01 0.04+ 0.02
BD (g/cm®) 0.76+0.22 0.95+0.25 1.23+0.19 1.4+ 0.12 1.49+0.18
LogK; (m/s) -5.5+0.32 -555+0.44 -6.52+0.3 -5.65+ 0.97
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Table A1.6 Values of the Bias and RMSE between the estimated porosities with the

measurements on the three climate zones. The unit of the listed values is m3 m-,

Schemes Cosby-S BD SocVg BM

Region Depth Bias RMSE Bias RMSE Bias RMSE Bias RMSE
5cm 005 005 006 006 01 011 0.03 003

Ngari ~10cm 002 007 004 004 007 01 006 0.6

(arid)  20cm 007 009 005 005 0.09 0.09 0.06 0.06
40cm 005 009 007 007 011 015 0.07 007
5cm 018 025 004 005 014 017 0.06 007

Naqu 10cm 0.08 01 003 003 015 016 013 0.15

(semi- 20cm 005 0.05 003 004 008 0.09 007 0.08

arid)  40ecm 009 011 002 002 016 017 0.05 0.6
50cm 014 015 004 004 02 021 005 0.6
5cm 027 028 0.02 003 004 005

Maqu 10cm 02 021 003 005 006 008

(sub- 20cm 014 015 007 0.08 007  0.09

humid)  40cm 007 009 006 006 008  0.09
80cm 006  0.07 005 0.06 0.08 0.1

Table A1.7 Values of the absolute bias of the estimated SWRCs based on PTFs without

the combination of the BD scheme, with the measurements at 5 cm in the three climate

ZOnes.

Ngari (arid) Naqu (semi-arid) merl:]]il:j)(wb_

PTFs Absolute Bias Absolute Bias Absolute Bias
(m®m?¥) (m®m?¥) (m3m?)

Cosby et al., 1984 0.03 0.09 0.23

Cosby et al., 1984 0.03 0.09 0.20

Saxton et al., 1986 0.09 0.08 0.21

Campbell and

Shiosawa, 1992 0.06 0.11 0.17

Saxton et al., 2006 0.05 0.07 0.07

Rawls and

Brakenssiek 1985 0.06 0.16 0.30
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Wosten et al., (Class

PTF) 0.05 0.05 0.36
Vereecken etal., 1989 (.02 0.11 0.36
Wosten et al., 1999 0.05 0.07 0.25
Rosettal-H3 0.05 0.14 0.26
Rosetta3-H3 0.04 0.12 0.40
Weynants et al. 2009 0.05 0.07 0.23

Table A1.8 Estimated values of the parameters of the CH model based on PTFs on the
three climate zones of the TP. The 6; aligned with each PTFs was estimated in terms of
the estimation scheme parameterized in PTFs. The values of 6; listed in the last line was
calculated from the in situ BD measurements.

Ngari (arid) Naqu (semi-arid) Maqu (sub-humid)
1 2 4 1 2 4 5 1 2 4 8
Par 5 o o o0 5 o0 o0 o o 5 0 0 o0 o
am ¢ c c c ¢C c Cc ¢ c c c c c c
PTFs eter m m m m M M M M M M M m m m
0. 0. 0. 0. 0 0. O O 0. 0 0 0 o
o0 3 2 3 2 2 2 2 2 2 2 2 2 2
b)) 30 0 9 o 8 9 7 6 6 2 2 2 2 3
- - - - - - - 1 3 3 3 3 2
Cosbhy et O - 5. 8 8 7. 7. 8 8 0 5 3 3 1 o
al., 1984 c¢Gm 6. 9 6 3 3 2 8 1 9 3 9 5 1 4
) 2 3 7 7 1 3 4 8 7 0 2 5 6 2
0s
(md 0. 0. 0. 0 0 0 0 0 0 0 0 0 o
m 0 3 3 3 3 3 3 3 4 4 4 4 4 4
%) 38 8 9 9 9 9 9 9 0 6 5 5 5 5
0. 00 0. 0. 0. 0. 0. 0. 0. 0. 0 0 o
o0 3 2 3 2 2 2 2 2 2 2 2 2 2
A4) 30 1. 9 0o 8 9 7 6 6 2 2 2 2 3
- 1 - - - - - 1 5 4 4 4 4
Coshy et P - 6. 0. 9. 8 8 9 8 2 1. 8 7. 3. 1
al., 1984 eGm 6. 4 1 8 0 O 9 9 4 0 7 9 6 1
) 77 3 8 6 9 5 5 4 9 0 4 9 4 5
0s
(md 0. 00 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0
m 0 3 3 3 3 3 4 3 4 4 4 4 4 4
%) 38 8 9 9 9 9 0 9 0O 6 6 6 6 5
Saxton et 0. 00 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0
al. 1986 o0 2 2 2 2 2 2 2 2 2 2 2 2 2
" b(-y 26 7 6 7 4 5 4 3 4 8 7 17 1 7
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- i 1 1 1 - 1 - 1 5 5 5 5 5
O 16 0. 4 8 0. 9 0 8 3 9 5 5 0 O0
cm 4. 6 6 5 2 9 4 8 2 9 7 0 3 6
) 28 7 6 9 7 4 7 7 5 0 0 4 3 1
0s
(m? 00 00 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0
m 00 3 3 3 3 3 3 3 3 4 4 4 4 4
3) 31 1 4 2 5 4 7 7 7 4 4 4 4 3
0. 00 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0
00 4 4 4 3 4 3 3 3 1 1 1 1 1
M) 44 7 0 3 6 1 4 3 4 7 7T 7T 7T 9
Campbell - - 1 1 - - - 1 1 - - 1 2 3
and O 0 9. 2. 2. 5 7. 9 5 9 3 7. 7. 8 7
Shiosawa, eGm 1 4 2 8 0 2 9 2 0 4 6 6 0 9
1992 ) 3 9 0 5 1 6 4 1 3 2 3 8 2 5
0s
(md 0. 0. 0. 0. 0. 0. 0. 0. 0 0. 0 0 O
m 00 3 3 4 6 4 3 2 2 7 6 5 4 4
%) 41 8 9 1 2 6 8 9 0 1 4 4 7 4
0. 0. 0. 0. 0. 0. 0. 0. 0 0. 0 0 O
00 4 4 4 2 2 2 2 3 2 2 2 2 3
b 32 5 2 o0 0 0 5 6 0 6 7 7 9 1
- 1 1 - - - - - 2 2 2 3 4
Saxton et s - 7. 1. 2 1. 1. 3 2. 8 0 1. 9 7. A4
al., 2006 ceGm 2. 0 4 6 6 7 9 8 4 4 8 3 8 3
) 60 2 2 2 8 7 1 7 9 6 3 9 7 9
0s
(md 0. 00 0. 0. 0. 0. 0. O 1. 0. 0. 0. O
m 00 4 4 4 6 6 4 4 4 0 8 6 5 4
%) 43 3 2 3 5 3 6 4 7 0 5 9 3 9
0s estimated with 0. 0. 0. 00 0. 0. 0. 0. 0 0 0 0 O
the BD scheme 00 3 3 4 6 4 3 2 2 7 6 5 4 4
(m3 m3) 41 8 9 1 2 6 8 9 0 1 4 4 7 4

Table A1.9 Estimated values of the parameters of the VG model based on PTFs on the
three climate zones of the TP. The 6; aligned with each PTFs was estimated in terms of
the estimation scheme parameterized in PTFs. The values of &; listed in the last line was
calculated from the in situ BD measurements.

Ngari (arid) Naqu (semi-arid) Maqu (sub-humid)
Para 5 10 20 40 5 10 20 40 50 5 10 20 40 80

me¢e ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢
PTFs ers m m m m m m m m m m m m m m
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Rawls and
Brakenssie
k 1985

Wosten et
al., (Class
PTF)

Vereecken
etal., 1989

Woasten et
al., 1999

Rosettal-
H3
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0s 0 0. 0.
(m 3 0 0 0 4 0 0 0 0 5 0 0 0 0
m3 6 35 34 35 6 41 34 31 29 5 51 43 38 37
a 0 0.
(cm 0 0. 0. O 0 O 0 0 0 0 0. O 0
D) 4 04 03 03 4 04 04 05 04 0O 01 01 01 01
2 1. 1.
2 2 1. 2 8 2 2. 1 2 7 1 1. 1 1
n(-) 6 3 95 07 4 41 13 84 45 3 7 67 61 54
0s estimated with 0 0. 0.
the BD scheme 4 0. 0. O 6 0 0. O 0 7 0 0. 0 0O
(m3 m3) 1 38 39 41 2 46 38 29 20 1 64 54 47 44

Table A1.10 Values of the bias of the estimated SWRCs based on PTFs with the
combination of the BD scheme and the measurements at 5 cm in the three climate zones.

Ngari (arid) Nagqu (semi-arid) ma:gilé)(SUb_
PTFs Absolute Bias Absolute Bias Absolute Bias
(m®m?¥) (m®m?¥) (m3m®)
Cosby et al., 1984 0.03 0.09 0.15
Cosby et al., 1984 0.04 0.09 0.12
Saxton et al., 1986 0.15 0.08 0.12
Campbell and
Shiosawa, 1992 0.06 0.11 0.17
Saxton et al., 2006 0.05 0.10 0.18
Rawls and
Brakenssiek 1985 0.06 0.16 0.30
Wosten et al., (Class
PTF) 0.05 0.04 0.29
Vereeckenetal.,, 1989 (.01 0.10 0.38
Wosten et al., 1999 0.05 0.07 0.22
Rosettal-H3 0.06 0.14 0.20
Rosetta3-H3 0.06 0.12 0.16
Weynants et al. 2009 0.06 0.07 0.17

Table A1.11 Values of the biases of the estimated C based on the De Vries (1963) model
and the measurements on the three climate zones. The upper part of the table lists bias

values based on estimations without considering SOC impact, and the lower part of the
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table lists bias values based on estimations with considering SOC impact in the Maqu
and Naqu regions. The unit of listed values is MJ m K.

Region 5cm 10cm 20cm 40cm 50cm 80 cm
Ngari (arid) -0.04 001 -0.05 0.00

Naqu (semi-arid) -029 000 022 031 0.14

Maqu (sub-humid) -0.10 -0.02 0.00 0.10 0.13
Naqu (semi-arid) +SOC ~ -0.22 011 026 033 0.15

Maqu (sub-humid) +SOC 0.00 0.08 0.10 0.16 0.19

Table A1.12 Comparisons of the mean derived FC and PWP based on SWRC-CH and
SWRC-VG models using the various soil datasets, with the laboratory measurements. FC

is the field capacity, and PWP is the permanent wilting point.

FAO- B
Paramet Meas Tibet- UNESC HW N  SoilGrid SoilGrid
Region ers ured  Obs o] SD U slkm s250m
FC (m® 0.4
Ngari m?) 020 0.26 0.46 0.43 6 0.37 0.41
(arid) PWP 0.2
(m3 m3) 0.10 0.08 0.26 0.21 2 0.16 0.18
Naqu FC (m® 0.4
Somd) 028 0.27 0.44 041 4 0.44 0.45
(semi- by 0.2
and) mwm3) 018 0.10 026 020 O 0.21 0.22
Maqu FC (m® 0.4
(sub- ms) 0.68  0.56 0.44 041 6 0.51 0.48
humid) PWP 0.2
(m®m3) 026 024 0.26 0.21 3 0.27 0.26
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Figure Al1.1 Comparisons between estimated SWRCs from PTFs combined with the BD
scheme, and the measurement determined SWRCs at 10 cm for three climate zones. It is

to note that the SWRC estimated from Vereecken et al. (1989) PTFs was out of range over

the sub-humid zone and was removed (right figure in Figure A1.1-C).
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Figure A1.2 Comparisons between the estimated SWRCs from PTFs combined with the
BD scheme, and the measurement-determined SWRCs at 20 cm in the three climate zones.
Notably, the SWRC estimated from Vereecken et al. (1989) PTFs was beyond the range

in the sub-humid zone and not considered (right figure in Figure A1.2-C).
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Figure A1.3 Comparisons between the estimated SWRCs from PTFs combined with the
BD scheme, and the measurement-determined SWRCs at 40 cm in the three climate zones.
Notably, the SWRC estimated from Vereecken et al. (1989) PTFs was beyond the range

in the sub-humid zone and not considered (right figure in Figure A1.3-C).
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Figure Al.4 Biases of the estimated A based on the D63F model, the T16 model and the
J75 scheme combined with the Cosby-S scheme (Coshy PTFs) in the profile on the three
climate zones with the measurements. Case 1 is the bias derived based on schemes not
considering gravel impact parameterization on the arid and semi-arid zone and SOC
impact parameterization on the semi-humid zone. Case 2 is the bias derived based on
schemes considering the foregoing parameterizations.
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Figure A1.5 Comparisons of derived soil conductivity (K) and soil diffusivity (D) by the
CH model based on the six soil datasets, with those derived from the laboratory
measurements. Given the relatively homogenous soil profile obtained based on the
existing datasets (please refer to Figure 2.12 in the text), the averaged K and D derived

from existing datasets over the different depths were illustrated.
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Figure A1.6 Comparisons of the derived soil conductivity (K) and soil diffusivity (D) by
the VG model based on the seven soil datasets, with those derived from the laboratory
measurements. Given the relatively homogenous soil profile obtained based on the
existing datasets (please refer to Figure 2.12 in the text), the averaged K and D derived
from existing datasets over the different depths were illustrated. The HPSS only provides

values of the hydraulic parameters of the VG model.

202



Appendix

(a) Ngari (arid)

- 3 : " " : " = 3

:C E‘ Measure derived

£ Eogl | —¢-5m —O -100m —% -20em

g =z —3% - 40cm — 3 - 500m —A - 80cm

) < t

Q = 2

Z =

§ g 1.5+

@ o

O c

% 8 17

o [ Tibet-Obs ———

I g 05 ¥ s ;Q%UNESCO ]
E & SoilGrid 1km S0ilGrid250m
=

05 : . . : . =0 : : :
0.1 0.2 0.3 0.4 0.5 0.6 0 0.1 0.2 0.3 0.4 05 0.6
SM (m*m=) SM (m®m?)
(b) Naqu (semi-arid)

— = 3 :

¥ X

o - *

£ Ezsl -

=7 E ///ﬁ %

s =, ¥ -

» >, - £©

> I -

‘S o1l

g 3 -0

3 g 1

@ —_

(] [V]

I § 054
5 /
=

. =) . . . . .
0 0.1 0.2 0.3 0.4 05 06 0 0.1 0.2 0.3 0.4 0.5 06
SM (m® m=) SM (m* m?)

~ (c) Maqu (sub-humid)

N ~ 3 .

E ¥

- =25¢

= 2

> 3

¢ <2

5 2

8 &

8 E

5 E

E 8
®
£
o
[+]
= L n L

06 & 0 01 0.2 0.3 0.4 0.5 0.6
SM (m® m?)

Figure A1.7 Comparisons of the derived Cs -SM (left panel) and 1-SM (right-panel) by
the D63F model based on the various datasets, with the measurements. Given the
relatively homogenous soil profile obtained based on the existing datasets (please refer
to Figure 2.12 in the text), the averaged Cs-SM and A1-SM derived from the existing
datasets over the different depths were illustrated.
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Appendix B. Inputs of the ATS+AIEM+TVG Model

Table A2.1 Input parameters of the integrated ATS+AIEM+TVG model.

Referenc
Parameter name Value e
MCD15A2H,
Leaf area index (LAI) Figure 3.2 in Chapter 3
Plant moisture content (kg Wang et
TVG: kg?) 0.59 al., 2018
Vegetation . . Dente et
part Leaves: d!sc ra_dlus (cm) 1.4 al., 2014
Leaves: disc thickness Dente et
(cm) 0.02 al., 2014
Leaves: disc angular Dente et
distribution Random al., 2014
Suetal.,
Volumetric soil moisture In situ measurements at 2.5, 2020
and soil temperature 5, 10, 20, 35 and 60 cm
Zhao et
ATS+AIE Soil texture In situ measurements al., 2018
g/lo'" part The standard deviation of Dente et
the surface height (cm) 0.9 al., 2014
Dente et
Correlation length (cm) 9 al., 2014
Dente et
Autocorrelation function Exponential al., 2014
Sensor Incidence angle (°) 40
configurati  Frequency 1.4 GHz
on Polarization Hand V
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Figure A2.1 Snapshots of the Maqu site (left, taken in October) and Naqu site
(right, taken in Augusts) on the Tibetan Plateau, where the grassland is grazed

by yarks.

B.1 Comparisons of Tg simulations with considering the impact of

Only hgg and hgsthgy

To quantify the change in simulated Tg due to the consideration of the roughness
resulting from only topsoil structures (hgs) and from both the topsoil structure
and soil volume (hgs+hg,, current case in Chapter 3), we extended TY
simulations by only considering the former (i.e., hgs) and compared results to
current simulation results shown in Chapter 3. The conclusions in Chapter 3 show
that the ATS model using the in situ SM at 2.5 cm (ATS-Lv2.5) can be applied
during the whole study period except for the soil freeze-thaw transition period.
Accordingly, the configuration of the ATS-Lv2.5 model was used here for

investigations.

To only consider the impact of hgg on TF simulations, we set hg, to zero. As
described in Chapter 3, there is an exponential dependence of the roughness
thickness on soil moisture and the dielectric constant of air as the upper boundary
and that of the bulk soil as the lower boundary. To obtain the dielectric profile,
we utilized the Fermi-function, which describes the probability of energy
(dielectric in this case) distribution. The parameterization of k,¢ was unchanged.
With air being the upper boundary, namely e(z* = 0) = ¢,;,-, we arbitrarily
chose a constant set for z,g, which replaced the hgy, in equation (3.7) in Chapter
3, and it referred to at which z* = 0 for the case with only considering hgs. The
5 cm of z45 was chosen in the simulation experiments. Correspondingly, the
depth at which the averaging procedure (please refer to equations (3.9, 3.10) in

Chapter 3) applied was adjusted to zg,,; = z4s + hgs/2.0, and the variation of
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layer thickness around the zg,,, was assumed due to the physical geometric

roughness (s) at the top, and that was z;,,, = zg,,g — .

Figures A2.2 and A2.3 show that TB” simulated by the ATS-Lv2.5 model only
considering hgg are higher than those from baseline simulations, especially when
the soil is wet (please refer to soil moisture in Figure 3.5 in Chapter 3). However,
without considering the impact of hgy, Té’ especially under H polarization is still
underestimated, and the underestimation is compensated by simulations
considering the impacts of both hgst+hgy,. This indicates again the necessity of the
ATS model in L-band modeling, which incorporates the parameterization of
dielectric roughness resulting from both the topsoil structure and soil volume in
this study. The error metrics including R and RMSEs are adopted and the

corresponding values are listed in Table A2.2 for comparisons.

Obs Base-Lv —— ATS-Lv2.5 —— ATS-Lv2.5_hss

260 A
240 A
220 A
200 A
180
160

T4 (K)

280 A

260 A

240 A

Ty (K)

220 A

200 A
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Figure A2.2 Comparisons of simulated TB” by the different models to the
ELBARA-III Tg’ observations during the late-monsoon period. p denotes H or V
polarization mode. Base-Lv refers to the experiment using the AIEM+TVG model
in combination with the Lv model. ATS-Lv2.5 denotes the experiments
considering hgs+hgy,, and the ATS-Lv2.5_hgs model considering hgs. (As a
matter of fact, the Base-Lv simulation results give the lower limit, which excludes
the effect of hgy, in the ATS-Lv2.5 experiment simulations and is demonstrated by

the ATS-Lv2.5_hgg experiment simulations).

Obs Base-Lv —— ATS-Lv2.5 —— ATS-Lv2.5_hss
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Figure A2.3 Same as Figure A2.2 but for the post-monsoon period.

Table A2.2 Comparisons of simulated T by the different models to the ELBARA-
111 observations. R is the Pearson correlation coefficient and the unit of RMSE is
K.
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Polarization Period_ Late-monsoon Post-monsoon
Experiments R RMSE (K) R RMSE (K)

Base-Lv 0.90 376 0.36 39.4

ATS-Lv2.5 0.89 9.1 0.29 11.9

H ATS-Lv2.5 hgs 0.88 314 03 30.9
Base-Lv 0.88 12.1 0.54 18.1

ATS-Lv2.5 0.87 75 0.26 10.5

\Y; ATS-Lv2.5 hes 0.88 9.4 0.48 15.1

B.2 T% simulations under incidence angles of 50° and 60°

We consider the mechanism of the surface-radiation interaction has less to do
with the footprint. The bigger footprint may average out certain surface
irregularities, however, it does not alter the wavelength scale interactions between
the waves and the surface features. Nevertheless, we tried to demonstrate the
impact of the footprint size on T% modeling using the measured multi-incidence

angular data by comparisons to the baseline and ATS-based simulation results.

The configuration of the ATS-Lv2.5 model was used, please refer to the reason
described in section B.1. Accordingly, we extended simulations using the Base-
LV model and ATS-Lv2.5 model, respectively, at incidence angles of 50° and
60° as an example. Here we only focused on model comparisons during the late-
monsoon period because of the limitation of the current ATS model used during
the post-monsoon period (please refer to discussions in section 3.5.1 in Chapter

3), in which the soil surface starts to experience freeze-thaw processes.

Figure 3.7 in Chapter 3 and Figures A2.4-1 and A2.5-1 below show that the
underestimation of T4 (= 30-50 K) by the baseline model at incidence angles of
40°, 50° and 60° respectively is obviously compensated by integrating the ATS
model. Accordingly, it is observed that the integration of the ATS model reduces

the impact of the surface roughness on emission modeling at different incidence
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angles under H polarization. Regarding the imperfect capture of the explicitly
measured diurnal variations, this consideration is beyond the scope of this study,
because, generally, apart from the soil part, which is mainly focused in this
chapter, the vegetation part such as the vegetation water content, vegetation
growing/senescing, vegetation intercepted water also contribute to TB” variations

as well as the surface runoff after rainfall events.

Figure 3.7 in Chapter 3 shows that the consideration of the ATS model improves
TY (40°) simulations during the late-monsoon period. Figure A2.4-2 below also
shows a slight improvement of T¥ (50°) simulation with the ATS-based model
compared to the baseline simulation results. Although Figure A2.5-2 below
shows TY (60°) overestimated by both the baseline and ATS-based models, the
ATS-based model attempts to decrease the emissivity and led to the simulated
TY (60°) closer to the observations than those simulated by the baseline model.
The effect of the Brewster angle might account for the aforementioned
description (Shi et al., 2002). The TY simulations are observed exhibiting less
sensitivity to the surface roughness especially under large incidence angles (e.g.,
50°-60°). As such, factors rather than the surface roughness resulting in the
overestimations of Ty (60°) (Figure A2.5-2) is also beyond the scope of this

study.
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Figure A2.4 Comparisons of simulated T} (50°) by the different models to the
ELBARA-III Tg’ (50°) observations during the late-monsoon period. p denotes H
or V polarization mode. Base-Lv refers to the experiment using the AIEM+TVG
model in combination with the Lv model. ATS-Lv2.5 denotes the experiments
using the ATS+AIEM+TVG model in combination with the Lv model and soil

moisture at 2.5 cm for the calculation of the dielectric constant of bulk soil.
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Appendix C. Community Land Model and Retrieval Results

The modified Richards equation is formulated in equation (A2.1), which
maintains the hydrostatic equilibrium soil moisture distribution,
a6 0 f oW —Yg) (A2.1)
ot 0z 0z ¢
where 0 is the volumetric soil water content. z is the height in the soil column
(mm). k is hydraulic conductivity (mm s™). 1 is the soil matrix potential and v
is the equilibrium soil matric potential (mm). Q is the soil sink term. 1 is linked

to a constant hydraulic potential (C) above the water table zy (unit: m),
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C=yYp+z=Ysu + 27y (A2.2)

The hydraulic properties of soil are assumed to be a weighted combination of the
mineral properties, which are determined according to the percentages of the sand
and the clay (i.e., %sand, %clay) investigated by Campbell (1974) and Cosby et
al. (1984), and the soil organic matter investigated by Lawrence and Slater
(2008).

The hydraulic conductivity k; is defined at the depth of the interface of the two
adjacent layers zj; and is a function of the saturated hydraulic conductivity
ksqt[zn ], the liquid volumetric soil moisture of the two layers 6; and 6, and

an ice impedance factor 0;,.

0.5(6; + 6;11) , (A2.3)
(G)iceksat [Zh,i][ : s ]ZB‘+3
k[Z ] — 0.5(0sat,i + Osat,i+1) 1
" 0: 243 ;
kgiceksat [Zh,i](e—t') ’ i = Nigvoi
sat,i

i< Nlevsoi

The ice impedance factor is a function of the ice content, which is used to quantify

the increased tortuosity of the water flow when the part of the pore space is filled

with ice. The power law of ©;., = 10™%ice where Q = 6 and F;, = % is the
sat

ice-filled fraction of the pore space. 6,,; is the saturated soil moisture (usually
regarded as soil porosity in hydrology). Considering organic matter impact, 6,

is calculated with equation (A2.4),

Hsat,i = (1 - fom,igsat,min,i) + fom,iesat,om (A2'4)

where f,,, ; is the soil organic matter fraction using fo,, = pom/130.0, in which
Pom IS soil organic matter density. 84 o IS the porosity of organic matter and

sett0 0.88 (Letts etal., 2000). The porosity of mineral soils 8¢ 1in,; 1S cOMputed

by
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Osatmini = 0489 — 0.001268(%sand); (A2.5)
The soil matrix potential ¥ (mm) is defined as,

Vi =sai" g, )= —1x10° (A2.6)
sat,i

where 1), is the saturated matric potential (mm). B; is the pore size distribution

index (dimensionless).
lpsat,i = (1 - fom,i)lpsat,min,i + fom,iwsat,om (A2'7)

B, = (1 - fom,i)Bmin,i + fom,iBom

where Ygq¢ om 1S the saturated organic matter matric potential and valued at
—10.2 mm (Letts et al., 2000). B,,, = 6.1 (Letts et al., 2000). The saturated
mineral soil matric potential Y q¢ min; and By, ; are calculated by equation
(A2.8),

=—-10.0 X 101.88—0.0131(%sand)i (A28)

lpsat,min,i
Bpini = 2.91 + 0.159(%sand);

Due to the organic matter fraction less than the threshold of 50%, no connected
flow pathways consisting of organic materials are assumed to exist and span the
soil space. Instead, unconnected flow pathways that pass through the mineral and
organic components in series are assumed and the corresponding saturated

hydraulic conductivity is calculated by equation (A2.9),

1-—f. f (A2.9)
ksat,uncon = funcon(k S + S )

sat,mim ksat,om

where fncon,i 1S ONe When organic matter density is less than 50%. kgt om IS @
saturated hydraulic conductivity of organic matter and valued at 0.002 mm/s
(Letts et al., 2000). Saturated hydraulic conductivity of mineral soils kgq¢ pim

(mm/s) depends on soil texture (Cosby et al., 1984) as
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ksat,mim[Zh,i] = 0.0070556 X 10—0.884+0.0153(%sand) (A210)
The bulk soil layer saturated hydraulic conductivity is then computed as
ksat [Zh,i] = funcon,iksat,uncon [Zh,i] + (1 (A2'11)
- funcon,i)ksat,om [Zh,i]

Parameterization of soil heat transfer and thermal properties can be found in
section A.5.

Table A3.1 Values of the retrieved soil properties in the third layer (i.e., 11.89
cm) in the two data assimilation experiments with the assimilation of SMAP T#

and the ensemble size of 30, and the derived standard deviation values.

Only_Para Joint_Updt
Soil property True zP 2P std z% st
z¢ z¢ std z¢ d
Sand fraction 43.7 46.0 47.7
(%) 1 6 1.01 5157 1.07 2 0.99
Clay fraction 17.6 135
(%) 930 2 121 1296 0.97 6 0.97

Organic matter 17.2
density (kg/m®)  9.61 2 0.47 7.86 0.26 7.18 0.24

Table A3.2 Values of RMSE of the retrieve soil properties in the third layer (i.e.,
11.89 cm) in the two data assimilation experiments with the assimilation of SMAP

TH and the ensemble size of 30, and the derived standard deviation values.

b Only_Para Joint_Updt
Soil property gE - z¢ RM
SE Reduction

za_RMSE Reduction
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Sand  fraction
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Clay fraction
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Figure A3.1 Prior and posterior distributions of the sand fraction (%), clay
fraction (%) and organic matter density (kg/m°) in the third layer (i.e., 11.89 cm).
Grey denotes the prior and light blue denotes the posterior, and the black dashed-
dotted line refers to the laboratory measurements. (a) is for Only_Para
experiment and (b) is for Joint_Updt experiment by assimilating SMAP T with

an ensemble size of 30.
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Figure A3.2 Soil moisture time series of the second (2.79 cm) and fourth (11.89
cm) layers in the reference (Ref) experiment, open loop (OL) experiment, the
experiment with updating only the soil properties (Only Para) and the
experiment with updating both the soil properties and soil moisture (Joint_Updt)
based on the assimilation of SMAP T¥ during the period from 07/08/2016 to
08/31/2016.
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Samenvatting

Samenvatting

In weer- en klimaat voorspellingen speelt het grondvochtgehalte van de bodem
een belangrijke rol als zijnde de onderste randvoorwaarde van
atmosfeermodellen. Basale grondeigenschappen, i.e. grondtextuur en het gehalte
organisch materiaal, en daarbij behorende hydraulische grondeigenschappen
(HGE), i.e. grondvocht retentiecurve en hydraulische geleiding, en thermische
grondeigenschappen (TGE), i.e. de warmte-inhoud van de grond en thermische
geleiding, spelen een essentiéle rol bij het schatten van het grondvochtgehalte en
de grondtemperatuur middels aardoppervlakmodellen (AOMN). Vanwege het
gebrek aan gedetailleerde grondeigenschapkaarten kunnen
grondparametrisatiemethodes welke gebruikt worden in AOMn mogelijk niet
representatief zijn, wat resulteert in onzekerheden bij het schatten van
grondoppervlakcondities en warmtestromen. Door gebruik te maken van het
fysische verband tussen de grondfysica-eigenschappen, het grondvochtgehalte,
de grondtemperatuur enerzijds en de effectieve diélektrische constante van de
grond anderzijds, kunnen met behulp van een microgolfemissie-observatiemodel
gekoppeld aan een AOM - binnen een data-assimilatie kader - de grondfysica-

eigenschappen afgeleid worden.

Remote sensing met behulp van L-band microgolfemissie (ook wel passieve
remote sensing genoemd) is de meest veelbelovende techniek om het
grondvochtgehalte direct aan het aardoppervlak te achterhalen. Dit gebeurt
middels de gemeten helderheidstemperatuur (Engels: brightness temperature)
(TP, p =H, V). Deze trend versnelt sinds de lancering van twee innovatieve
satellietmissies: SMOS (Soil Moisture and Ocean Salinity) en SMAP (Soil
Moisture Active and Passive), welke beide uitgerust zijn met L-band radiometers.
Sinds de lancering hebben beide satellieten Té’- en grondvochtproducten voor het

gehele aardoppervlak aangeleverd met een bijna dagelijkse meetfrequentie. Het
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afleiden van grondfysica-eigenschappen middels de assimilatie van TPf’ -metingen
in het gekoppelde AOM en L-band emissiemodel kan worden beschouwd as
zijnde een grondobservatiesysteem dat gebruikmaakt van aardobservatie-data uit
de ruimte, lokaal gemeten data en modelleren. Deze analogie gaat vooral op als

men afgelegen gebieden beschouwd.

Dit onderzoek heeft als doel het begrip te verbeteren van het afleiden van
grondfysica-eigenschappen middels het hiervoor genoemde assimilatie-systeem.
De twee belangrijkste componenten binnen dit assimilatie-systeem zijn het AOM
als zijnde het systeem-model en het microgolfemissiemodel als observatiefunctie.
In  AOMn worden de schattingen van de grondvocht- en
grondtemperatuurprofielen voor het grootste gedeelte bepaald door de basale
grondeigenschappen en de hierbij behorende HGE en TGE. Bij het modelleren
van L-band microgolfemissie is juist een belangrijke rol weggelegd voor de
oppervlakteruwheid, vooral de emissie met horizontale (H) polarisatie is hier erg
gevoelig voor. Meetonzekerheden in de resulterende emissie zullen daarom
doorwerken in de hieruit afgeleide grondfysica-eigenschappen. Voordat het
afleiden van grondeigenschappen aan de orde komt, zal daarom in dit proefschrift
eerst afzonderlijk worden ingaan op de grondfysica-eigenschappen die gebruikt
worden voor AOMn (hoofdstuk 2) en wvervolgens op het effect van
opperviakteruwheid op L-band T schattingen (hoofdstuk 3). Als
onderzoekslocatie voor het helpen uitvoeren van dit onderzoek is gekozen voor
het Maqu station (33.91°N, 102.16°E) dat zich op het oostelijk Tibetaans
hoogplateau (TH) bevind en waarvoor een uitgebreid scala aan veldobservaties

voorhanden is.

Om de afgeleide fysische grondeigenschappen en de daaropvolgende AOM-
analyse te kunnen valideren zijn veldmetingen en bijbehorende
laboratoriummetingen van basale grondeigenschappen en SHP & STP uitgevoerd

in verschillende klimaatzones binnen het TH. Met deze verzamelde
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grondprofielen van droge (Ngari), semi-droge (Naqu) tot sub-vochtige (Maqu)
klimaatzones stelden wij de zogenaamde Tibet-Obs dataset van
grondeigenschappen samen. Met deze dataset wordt/worden in hoofdstuk 2
vervolgens: 1) een analyse gedaan naar de verschillen in basale
grondeigenschappen en SHP & STP over de hierboven genoemde klimaatzones;
2) verschillende methodes onderzocht om de poreusheid en SHP & STP van de
grond van het TP te bepalen; en 3) de onzekerheid van bestaande basale
grondeigenschappen en de daarvan afgeleide SHP & SP over het TP
gekwantificeerd. Wij vonden hierbij dat: 1) de basale grondeigenschappen en
SHP & STP voor elke klimaatzone verschillend waren en tevens dat deze
varieerden over de bodemprofielen; 2) de pedotransferfuncties (PTFs) van Cosby
e.a. (1984) beter van toepassing waren voor het afschatten van HGE bij het model
van Clapp en Hornberber (CH) (1978), en dat de continue PTFs van Wasten e.a.
(1999) meer van toepassing waren voor het van Genuchten (1980) — Mualen
(1976) (VG) model. Het semi-empirische model van De Vries (1963) bleek
superieur voor het schatten van STP. 3) SoilGridslkm aan te bevelen is voor
gebruik in droge en sub-vochtige zones, een combinatie van FAO-UNESCO voor
ondiepe lagen en HWSD voor diepe lagen in semi-droge zones op het TP.

De dataset is gepubliceerd bij 4TU.Center for Research Data
(https://data.4tu.nl/articles/Soil_Hydraulic_and_Thermal_Properties for_Land
Surface_Modelling_over_the Tibetan_Plateau_version 1 /12721418/2). Wij

hopen dat de dataset en onze bevindingen kunnen bijdragen aan het modelleren
van, en het onderzoek doen naar het derde poolgebied door de hydro-
klimatologische gemeenschap en dat deze de geografische gaten zal kunnen
dichten tussen de reeds gepubliceerde globale grond-database van de

grondonderzoeksgemeenschap.

Om rekening te houden met de effecten van structuren in de bovenlaag van de

bodem en de inhomogene verdeling van bodemvocht op L-band emissie,
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Samenvatting

ontwikkelen wij in hoofdstuk 3 een lucht-naar-grond transitie model (LNG)
waarin wij het begruik van diélektrische ruwheidsparametrisatie voorstellen. Het
Tor Vergata discrete scattering model (TVG), geintegreerd met het advanced
integral equation model (AIEM), wordt gebruikt als referentiemodel voor het
simuleren van Té’ (p =H, V) voor L-band. Dit gecombineerde model wordt
vervolgens uitgebreid met het ATS model. We tonen aan dat deze uitbreiding met
het ATS model noodzakelijk is om de te laag geschatte TB” waarde van het
referentiemodel (= 20-50 K) omhoog te halen. Wij suggereren om de vaste
ruwheidsparameter Hy, welke in de huidige grondvocht-afleidingsprocessen van
SMAP en SMOS gebruikt wordt, te vervangen door onze diélektrische ruwheid
om zo hydrometeorologische veranderingen in de bodem, gerelateerd aan de
oppervlakteruwheid te kunnen vastleggen. Echter, het verschil tussen de
gemodelleerde- en de gemeten Tgf’ tijdens het bevriezings- en dooiproces van de
bodem suggereert dat het ATS model nog verbeterd kan worden door tevens de
effecten van de oppervlaktetemperatuur, oppervlaktewaterfractie en het mengsel

van water en ijs mee te nemen in het berekenen van de diélektrische ruwheid.

In hoofdstuk 4 koppelen we het verbeterde, op fysica-gebaseerde, discrete
scattering- and emissie model, genaamd ATS+AIEM+TVG (hoofdstuk 3), met
het Community Land Model 4.5 (CLM) om zo grondfysica-eigenschappen af te
leiden middels het Local Ensemble Tranform Kalman Filter (LETKF) algoritme
door het afzonderlijk assimileren van SMAP Level-1C (L1C) T4 en T§. Om te
bepalen of enkel het afleiden van grondeigenschappen voldoende is om de
schattingen van grondvocht, en daaruit volgend, de hittestromen boven land te

verbeteren, zijn twee data-assimilatie experimenten uitgevoerd en vergeleken.

Bij het eerste werden enkel de grondeigenschappen in het assimilatieproces
vernieuwd (Only Para), terwijl dit bij het tweede experiment zowel de
grondeigenschappen als het grondvocht waren (Joint_Updt). De resultaten van
beide experimenten lieten potentiéle verbeteringen zien bij de schattingen van
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grondeigenschappen van de toplaag door SMAP T (p = H, V) assimilatie, en
verbeteringen bij het beschrijven van grondeigenschappen met een vooraf
bekende diepteverhouding. Bij het Only_Para experiment bleek het gebruik van
TH meer gevoelig voor het afleiden van de Kleifractie en de hoeveelheid
organisch materiaal, en bleek het gebruik van T§ meer gevoelig voor het afleiden
van de zandfractie. Aan de andere kant konden bij het Joint_Updt experiment
zand- én klei-fractie worden afgeleid door assimilatie van zowel TZ als T§ .
Verder gaf het Jonit_Updt experiment betere schattingen van grondvocht,
grondtemperatuur en hittestromen over land gedurende de geassimileerde periode
vergeleken met het Only_Para experiment. Echter, voor het gunstig beinvloeden
van  grondvochtschattingen  bleken  deze  nauwkeuriger  afgeleide
grondeigenschappen toch weinig relevant. In plaats daarvan zullen bij toekomstig
onderzoek de onzekerheden van de modelstructuren van het CLM worden
beschouwd, zoals de vaste PTFs, de hydraulische functie welke de retentiecurve
van het grond vocht beschrijft, de waterstresfunctie welke de wateropname door
plantwortels bepaald, en ook de parameters voor hittestromen over land.

Als laatste opmerking willen we benadrukken dat het in dit proefschrift
ontwikkelde data-assimilatiesysteem voor het afleiden van grondeigenschappen
in potentie regionale of zelfs globale grondparametersets kan leveren die zowel
fysisch als op meerdere schaalgroottes consistent zijn. Tegelijkertijd merken we
op dat verder onderzoek naar de onzekerheden in AOMn en L-band
emissiemodellen nodig zijn, zodat zowel het afleiden van grondeigenschappen

als het schatten van hittestromen over land verbeterd kan worden.
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