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Abstract: Estimation of root-zone soil moisture (RZSM) at regional scales is a critical issue in surface hydrology that could be a great
help for estimating evapotranspiration, erosion, runoff, and irrigation requirements, etc. A significant number of satellites [soil moisture and
ocean salinity (SMOS), special sensor microwave imager (SSM/I), advanced microwave scanning radiometer-EOS (AMSR-E), tropical rain-
fall measuring mission/microwave imager (TRMM/TMI), etc.] retrieve surface soil moisture (SSM) using passive microwave remote sensing.
This information can be used to derive RZSM using a new mathematical filter. In particular, the recently developed soil moisture analytical
relationship (SMAR) can relate the surface soil moisture to the moisture of deeper layer using a relationship derived from a soil water balance
equation where infiltration is estimated based on the relative fluctuations of soil moisture in the surface soil layer. In the present paper, the
SMAR model is tested on two research databases in Africa and North America [African monsoon multidisciplinary analysis (AMMA) and
soil climate analysis network (SCAN), respectively], where field measurements at different depths are available. Furthermore, the TRMM/
TMI Satellite is selected to retrieve the satellite SSM data of the studied regions using the land parameter retrieval model (LPRM). Both
remotely sensed SSM and field measurements are used within the SMAR model to explore their ability in reproducing the RZSM and also to
explore the existing difference in model parameterization moving from one dataset to the other. The SMAR model is applied using three
different schemes: (1) with parameters calibrated using surface field measurements, (2) with parameters calibrated using remotely sensed
SSM as input, and finally (3) using the remotely sensed SSM with the same parameters calibrated in Scheme 1. In all cases, SMAR param-
eters have been calibrated using a genetic algorithm optimizing the root-mean square error (RMSE) between SMAR prediction and measured
RZSM. The results show that remotely sensed data may be coupled with the SMAR model to provide a good description of RZSM dynamics,
but it requires a specific parameterization respect to Scheme 1. Nevertheless, it is surprising to observe that two of the four parameters of the
model related to the soil texture are relatively stable moving from remote-sensed to field data.DOI: 10.1061/(ASCE)IR.1943-4774.0001115.
© 2016 American Society of Civil Engineers.

Author keywords: Surface soil moisture; Root-zone moisture; Remote sensing; Soil moisture analytical relationship (SMAR);
Data assimilation.

Introduction

The moisture of the vadose zone has an important role in many
water-related and energy-related studies, numerical weather predic-
tions, global change modeling, prediction of surface runoff, and
evaporation modeling (Holmes et al. 2009; Mattia et al. 2009;
Brocca et al. 2010; Manfreda et al. 2010; Parinussa et al. 2012;
Iacobellis et al. 2013). Therefore, soil moisture monitoring is
critical, but the in situ measurements even for small watersheds

are time-consuming and require a large effort to adequately sample
(Cashion et al. 2005; Wang and Qu 2009).

In contrast with in situ measurements, satellite remote sensing
images obtained from microwave sensors provide continuous and
large-scale patterns of soil moisture in the surface (0.2–5 cm of
depth) soil layer (Cashion et al. 2005; Wang and Qu 2009). In par-
ticular, microwave remote sensing has several unique advantages:
(1) potential application in all-weather coverage; (2) independence
from solar illumination (allowing day or night observation); and
(3) strong dependency of microwave measurements on the soil
dielectric properties that are mainly influenced by soil moisture
content (Jackson 1993).

The land parameter retrieval model (LPRM) uses a radia-
tive transfer model (Mo et al. 1982) to convert low-frequency
brightness temperatures (e.g., C, L, and Xa bands) in soil
moisture data using satellite microwave radiometer measure-
ments (Schmugge 1983; Kerr et al. 2001; Owe et al. 1999,
2001, 2008; De Jeu and Owe 2003; Mladenova et al. 2014).
The LPRM data products are available on a 0.25-degree spatial
resolution global grid. The first global-scale LPRM soil moisture
products were retrieved from passive microwave observations
at low frequencies from the advanced microwave scanning radi-
ometer (AMSR-E), tropical rainfall measurement mission micro-
wave imager (TRMM-TMI), special sensor microwave imager
(SSM/I), and scanning multichannel microwave radiometer
(SMMR) onboard the Nimbus 7 platform in 2008 (De Jeu et al.
2014).
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Nevertheless, retrieved soil moisture content from satellite ob-
servations require additional efforts to be used for hydrological ap-
plications. In fact, remote-sensed soil moisture products only refer
to a few centimeters of the topsoil whereas most ecosystem water
and energy budgets are highly dependent on the spatial distribution
of root-zone soil moisture (RZSM) content. Therefore, a significant
step forward can be the development of an analytical relationship
between the soil moisture at the soil surface and lower layers
(Ochsner et al. 2013). The accuracy of RZSM predictions made
by models using satellite-based data varies widely, with coefficients
of determination (R2) ranging from 0.11 to 0.84 compared with in
situ observations (Crow et al. 2008; Ridler et al. 2014; Wagner et al.
1999; Baldwin et al. 2016).

Wagner et al. (1999) developed an exponential filter to predict
RZSM from satellite data by defining an empirically derived
parameter (T; days − 1), which is interpreted as a pseudodiffusivity
constant that controls how much near-surface moisture content
moves and stays within the root zone over a time period of days.
No relationship between the T parameter and soil properties
(e.g., soil textural fractions) has been found (De Lange et al. 2008).
The lack of a relationship between parameter T and soil properties
limits the application of the exponential filter to the resolutions of
satellite data (Baldwin et al. 2016).

Manfreda et al. (2014) expanded the Wagner et al. (1999) model
to a two-layer, physically based infiltration model called the soil
moisture analytical relationship (SMAR). The SMAR model’s
parameters (surface field capacity, root zone wilting level, diffusiv-
ity coefficient, and water-loss coefficients) are theoretically related
to the soil properties and actual evapotranspiration (ET) of the
region (Baldwin et al. 2016).

In this paper, the authors try to evaluate the performance of
SMAR model when using remote-sensed surface soil moisture
(SSM) data as input. In this regard, a genetic algorithm is used
to calibrate the SMAR parameters with three different simulation
schemes: (1) with parameters calibrated using surface field mea-
surements, (2) with parameters calibrated using remotely sensed
SSM as input, and finally (3) using the remotely sensed SSM
with the same parameters calibrated in Scheme 1. This allows iden-
tification of the existing differences in the two data sets as well
as interpretation of the parameterization requirements of SMAR
model when moving from point to scale.

Soil Moisture Data

In Situ Sites: African Monsoon Multidisciplinary
Analysis Database

The African monsoon multidisciplinary analysis (AMMA)
program, which started in 2004, has developed a network of
ground-based stations in sub-Saharan west Africa (Redelsperger
et al. 2006). In this paper, the focus is on the point measurements
of soil moisture taken at the Wankama and Tondikiboro stations in
Niger (Fig. 1) which have a long and coherent collection of soil
moisture profiles.

Both locations have a semiarid climate characterized with lim-
ited rainfall events that generally occur in concentrated durations.
The mean annual rainfall reaches a value of about 550 mm
(AMMA-CATCH 2014).

At each site, soil moisture data are collected at five different
depths (5, 10, 40, 70, 100, and 135 cm) using water content refl-
ectometers (CS616, Campbell Scientific, Logan, Utah) placed
along the soil column with the geometry schematically described
in Fig. 2. Similar to Manfreda et al. (2014), the relative saturation

Fig. 1. Surrounding of (a) Tondikiboro (map data Google, image Di-
gitalGlobe); (b) Wankama stations from AMMA database in Niger
(map data Google, image DigitalGlobe, image CNES/Astrium)

Fig. 2. Relative position of the six soil moisture probes installed at
Tondikiboro station in Niger (reprinted from Manfreda et al. 2014)
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at a 5-cm depth was considered as a reference surface measure-
ment, and the relative saturation over the root zone was estimated
by averaging the soil moisture measurements below the sur-
face layer.

In Situ Sites: SCAN Database

The soil climate analysis network (SCAN) consists of more
than 190 stations in the United States with a variety of climatic,
geological and vegetation conditions (e.g., Schaefer et al. 2007).
Measurements are collected by dielectric devices at 5, 10, 20,
50, and 100 cm depths. The selected stations are (1) Mammoth

Cave, (2) Princeton#1 (both in Kentucky), and (3) Enterprise
(Utah) (Fig. 3). The Pedological Report (USDA-NRCS 2016)
(including soil texture, PSDA, rock fragments, bulk density etc.)
allowed for definition of the soil texture characteristics of the first
(first 10 cm) and second layer of soil (assumed equal to the remain-
ing 90 cm) that may be used to derive SMAR parameters for
each site.

The AMMA and SCAN databases are available in the
international soil moisture network (ISMN) database (Dorigo et al.
2011; ISMN 2016).

Satellite Data

The LPRM has been applied to several passive microwave satellite
datasets (Owe et al. 2008; De Jeu et al. 2014). In this research, the
tropical rainfall measuring mission-microwave imager (TRMM/
TMI) is chosen, because it was found to be consistent with the
observed meteorological conditions and compared well with the
ground observations in previous studies (Bindlish et al. 2003;
Cashion et al. 2005), besides the latest developments of LPRM
have been applied to TRMM/TMI (De Jeu et al. 2014). The tropical
rainfall measuring mission (TRMM) was launched in 1997 to
provide the first detailed and comprehensive data set of the rain-
fall, latent heat, and volumetric soil moisture content over vastly
undersampled tropical and subtropical oceans and continents
(40°S–40°N) (Liu et al. 2012). One of the satellite instruments
is the TRMM microwave imager (TMI). TMI is a dual-polarization
passive microwave conical scanning radiometer operating at 10.65,
19.4, 21.3, 37.0, and 85.5 GHz, which has a spatial resolution of
about 50 km at 10.65 GHz and a swath width of 758.5 km (Bindlish
et al. 2003).

The National Aeronautics and Space Administration (NASA)
Goddard Space Flight Center (GSFC) Earth Sciences Data and
Information Services Center (GES DISC) archives and distributes
free and near-real-time standard TRMM products from the TMI
including precipitation and surface soil moisture (Liu et al. 2012).
The TRMM online visualization and analysis system (TOVAS) is a
member of the GES-DISC interactive online visualization and
analysis infrastructure (GIOVANNI), which enables scientific ex-
ploration of Earth science data products without going through
complicated and often time-consuming data-processing steps
(i.e., data downloading and data processing). Over the years,
TOVAS has proven to be very popular for online access to TRMM
products (Liu et al. 2012).

The values of remotely sensed surface soil moisture for the
studied areas were extracted from GIOVANNI TOVAS. The data
represent a spatial average of a 25 × 25 km area with the ground
station located in its center (Liu et al. 2014).

SMAR Model

Manfreda et al. (2014) assumed that soil is composed of two layers.
One is the surface layer with a depth of a few centimeters (which
can be considered equal to the retrieval depth of the satellite SSM)
while the second layer sits below the first and extends to a depth
equal to the rooting depth of vegetation. Infiltration is the most rel-
evant water mass exchange between the two layers and other proc-
esses such as lateral flow and capillary rise are assumed negligible.
The water flux from the top layer can be considered significant only
when the soil moisture exceeds field capacity. Following the
Green–Ampt equation (Green and Ampt 1911), Manfreda et al.
(2014) proposed Eq. (1), which describes the instantaneous infil-
tration flux from the top layer to the lower layer

Fig. 3. Surroundings of (a) Mammoth Cave (map data Google);
(b) Princeton#1 stations (both in Kentucky) (map data Google); (c) En-
terprise station in Utah from SCAN database in the United States (map
data: Google, image USDA Farm Service Agency)
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n1Lr1IðtÞ ¼ n1Lr1I½s1ðtÞ; t� ¼ n1Lr1

� ðs1ðtÞ− sc1Þ; s1ðtÞ ≥ sc1

0; s1ðtÞ < sc1

ð1Þ
where IðtÞ = soil saturation amount infiltrating to the lower layer;
n1 = top layer soil porosity; Lr1 (L) = top layer depth; s1 (given by
the ratio between the soil water content, θ1, and the porosity, n1, of
the top layer) = relative saturation of the first layer; and sc1 = value
of relative saturation at field capacity of the top layer of soil.

In order to avoid the underestimation of infiltration and numeri-
cal problems, the surface-soil moisture value should be considered
as referring to the first 5–10 cm of soil. Most satellite sensors
cannot observe deeper than a few centimeters, but it is a reason-
able assumption that these measures can be representative of the
dynamics of a surface layer of approximately 5–10 cm (Manfreda
et al. 2014).

SMAR assumes that the soil water losses (i.e., sum of evapo-
transpiration and deep percolation) decrease linearly from a
maximum value at the saturation point to zero at the wilting point.
Eq. (2) describes the soil water balance that Manfreda et al. (2014)
used in the SMAR model

ð1 − sw2Þn2Lr2
dx2ðtÞ
dt

¼ n1Lr1yðtÞ − Γ2x2ðtÞ ð2Þ

where s2 = relative saturation of the second layer; sw2 = relative
saturation of the second layer at the wilting point; n2 = soil porosity
of second layer; Lr2 (L) = second layer depth; Γ2 [LT − 1] = soil
water loss coefficient accounting for both evapotranspiration and
percolation losses; and x2 = effective relative soil saturation of
the second soil layer

x2 ¼
ðs2 − sw2Þ
ð1 − sw2Þ

ð3Þ

In addition, w0 = maximum soil water storage as follows:

w0 ¼ ð1 − sw2Þn2Lr2 ð4Þ
The model was developed mainly for arid and semiarid climates

with flat surfaces and neglecting the presence of phreatic surfaces,

effects due to topographic convergence (e.g., subsurface flows),
presence of frozen soils, etc. (Manfreda et al. 2014). Eq. (2) can be
simplified using normalized coefficients

α ¼ Γ2

ð1 − sw2Þn2Lr2
; β ¼ n1Lr1

ð1 − sw2Þn2Lr2
ð5Þ

The value of these parameters can be related to the ratio of
depths of two layers and the soil water-loss coefficient and leads
to a generalization that includes the proposed case by Wagner et al.
(1999). Manfreda et al. (2014) assumed an initial condition for
the relative saturation x2ðtÞ equal to zero and derived an analytical
solution for Eq. (2)

x2ðtjÞ ¼ x2ðtj−1Þe−αðtj−tj−1Þ þ βIðtjÞðtj − tj−1Þ ð6Þ

That may be rewritten as a function of s2 as

s2ðtjÞ ¼ sw2½s2ðtj−1Þ − sw2�e−αðtj−tj−1Þ
þ ð1 − sw2ÞβIðtjÞðtj − tj−1Þ ð7Þ

Parameters sw2, sc1, α, and β can be estimated from the soil
texture, soil depth, and soil water losses. The parameter α is a
function of potential evapotranspiration and soil permeability and
can be estimated by regression functions such as those proposed by
Pan et al. (2003).

Materials and Methods

In order to estimate the root-zone moisture at regional scales, the
surface soil moisture products of a specific satellite derived from
LPRM model (Owe et al. 1999, 2001; De Jeu and Owe 2003)
were used as the input of SMAR model. As mentioned before,
GIOVANNI TOVAS provides users with the surface-soil moisture
data from different satellites since 1980s (e.g., AMSR-E, TRMM/
TMI, and SSM/I). TRMM/TMI products were chosen, because this
satellite covers the studied areas, provides long and coherent time
series of SSM, and the latest improvements of LPRM model had
been applied on them.

Fig. 4. Time series of measured and satellite SSM values for studied sites: (a) AMMA-Tondikiboro (Niger); (b) AMMA-Wankama (Niger);
(c) SCAN-Mammoth Cave (Kentucky); (d) SCAN-Princeton#1 (Kentucky); (e) SCAN-Enterprise (Utah)
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To have a better understanding of retrieved data qualities, the
time series of measured and satellite SSM values were plotted
for different study sites (Fig. 4). This preliminary comparison
shows some differences between the two time series that may be
due to several factors. On the one hand, the highest resolution
of LPRM products is 0.125° and as a matter of fact, comparing
a group of point measurements with their corresponding single re-
trieved value, representing that 0.125 × 0.125° area has obviously
some errors. On the other hand, the ground point measurements
are part of the 0.125 × 0.125° area that the integrated retrieved
value represents, especially if the area is homogenous. Never-
theless, Table 1 shows that general trend of satellite SSM values

were consistent with that of measured SSM values in all the sta-
tions, but the satellite SSM is generally characterized by a much
larger variability that may be due to the difference in the relative
depth of the investigated soil volume. In fact, soil moisture variabil-
ity is strongly controlled by the relative depth of the investigated
soil, and remote-sensed images may actually sense only the surface
skin of the soil.

It should be considered impossible to produce absolute volumet-
ric soil moisture values from microwave satellite systems for
several reasons. It is not possible to conduct a meaningful valida-
tion because there is no true ground truth at satellite scale. Micro-
wave systems are sensitive to the dielectric constant of the soil and
not direct soil moisture. In other words, soil information is always
needed to convert the dielectric constant to soil moisture. All the
models used to derive soil moisture from satellite systems are
semiempirical and are often calibrated for certain regions/sites.
Thus, in most cases which researchers used satellite soil moisture
in their applications, they used a relative variation in the interpre-
tation of satellite retrievals (e.g., Miralles et al. 2011; Martens et al.
2016; Renzullo et al. 2014; Reichle et al. 2002, 2004; Seneviratne
et al. 2010, etc.). Thus, the retrieved satellite data were applied in

Table 1. RMSE and RValues between Remote Sensed and Measured SSM

Database Station R RMSE

AMMA Tondikiboro 0.652 0.052
Wankama 0.612 0.045

SCAN Mammoth Cave 0.692 0.176
Princeton#1 0.453 0.206
Enterprise 0.555 0.107

Fig. 5. Time series of measured and SMAR-estimated RZSM calibrated by field data (Scheme1), remote-sensed data (Scheme 2), and remote-sensed
data with field parameters (Scheme 3) for AMMA database, Niger: (a) Tondikiboro; (b) Wankama

Fig. 6. Time series of measured and SMAR-estimated RZSM calibrated by field data (Scheme 1), remote-sensed data (Scheme 2), and remote-sensed
data with field parameters (Scheme 3) for SCAN database: (a) Mammoth Cave (Kentucky); (b) Princeton#1 (Kentucky); (c) SCAN-Enterprise
database (Utah)
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the SMAR model as relative saturation of the surface soil
layer.

Two sets of time-series data have been used as input of the
SMAR model in order to provide a description of t parameter
sensitivity to such changes in data that are actually affected by

the scale, reference depth of the surface soil, and heterogeneity
of the pattern included within a given pixel. The SMAR model
was applied using three schemes of simulations: (1) with parame-
ters calibrated using surface field measurements as input and
field measurements of root-zone layer for comparison, (2) with
parameters calibrated using remote-sensed data as input and
field measurements of root-zone layer for comparison, and finally
(3) using the remote-sensed data as descriptor of surface soil mois-
ture and the same parameters calibrated obtained in Scheme 1.
Scheme 1 is representative of point processes, the second is
representative of pixel-scale processes, while the last represents
extension of point parameterization to the pixel scale.

In order to calibrate the SMAR parameters for these datasets, a
genetic algorithm inMATLAB (Goldberg 1989) was applied assum-
ing the upper and lower boundaries for each parameter equivalent
to the maximum and minimum possible value (e.g., 0 ≤ sc1 ≤ 1),
respectively.

Results and Discussion

The RZSM data are estimated by operating SMAR model accord-
ing to the three simulation schemes described in the preceding
section. The measured RZSM values along with the time series
of the modeled RZSM obtained with the three SMAR schemes
are depicted in Figs. 5 and 6, where one may observe the differ-
ences among different schemes.

In general, the application based on the use of point data
(Scheme 1) is outperforming other schemes, but there are differen-
ces in the two considered datasets. Scheme 2 is able to capture
the soil moisture dynamics in the root zone, but it requires a differ-
ent parameterization in some cases. Finally, the third scheme

Table 2.Calibrated SMAR Parameters,R2 and RMSE of Estimated RZSM
Values for AMMA Stations Using Three Different Simulation Schemes

Station Scheme α β sw2 sc1 R2 RMSE

Tondikiboro 1 0.077 0.34 0.10 0.11 0.84 0.027
2 0.080 0.37 0.073 0.11 0.85 0.022
3 0.143 0.17 0.074 0.01 0.83 0.035

Wankama 1 0.077 0.34 0.10 0.11 0.84 0.027
2 0.083 0.41 0.11 0.12 0.78 0.027
3 0.077 0.34 0.10 0.11 0.78 0.027

Table 3.Calibrated SMAR Parameters,R2 and RMSE of Estimated RZSM
Values for SCAN Stations Using Three Different Simulation Schemes

Station Scheme α β sw2 sc1 R2 RMSE

Mammoth Cave 1 0.5 0.41 0.47 0.11 0.89 0.054
2 0.22 0.017 0.56 0.11 0.65 0.091
3 0.5 0.41 0.47 0.11 0.63 0.110

Princeton#1 1 0.396 0.389 0.28 0.065 0.924 0.046
2 0.016 0.036 0.56 0.369 0.742 0.081
3 0.396 0.389 0.28 0.065 0.437 0.115

Enterprise 1 0.024 0.079 0.38 0.18 0.91 0.054
2 0.011 0.27 0.34 0.23 0.79 0.079
3 0.024 0.079 0.38 0.18 0.70 0.122

Fig. 7. Observed RZSM versus SMAR-estimated RZSM using Schemes 1, 2, and 3 for (a) Tondikiboro; (b) Wankama from AMMA database;
straight line indicates the 1:1 line
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(Scheme 3) adopting the point scale parameters (Scheme 1) to-
gether with the satellite data is not always able to describe correctly
the soil moisture variability. Nevertheless, it is remarkable that in
a number of cases, Scheme 3 is performing fairly well considering
that its parameters have not been optimized based on the model
input (remote-sensed data).

The calibrated parameters of the SMAR model according to
each simulation scheme, as well as RMSE and R2 estimates are
reported in Tables 2 and 3 for the study stations of AMMA and
SCAN databases, respectively. Also, Figs. 7 and 8 show the
observed and SMAR-estimated RZSM saturation for the three dif-
ferent schemes for the AMMA and SCAN stations, respectively.
The straight line indicates the 1:1 line. Considering model’s RMSE
and R2 values in Tables 2 and 3 as well as Figs. 7 and 8, SMAR
provides reasonable estimates of the RZSM in all the simulation
schemes when applied to the AMMA dataset. In this case, the dif-
ferences among the three schemes are limited and probably negli-
gible, while the application to SCAN data highlights differences
among the three proposed schemes (reflecting differences between
point and remotely sensed soil moisture measurements). Here, the
performances of SMAR applied directly to field measurements
provides the best results respective to the other two schemes and
in some cases the differences are remarkable. This result may be
due to the different climatic condition of the two sites or to the
specific spatial heterogeneity of the area.

Focusing on model parameters, one can observe that in dry
areas, the parameterization derived from field measurements
(Scheme 1) seems to be consistent with that of Scheme 2. In fact,
Scheme 3 provides good results but by changing from field mea-
surements to satellite scale, parameters sw (wilting point) and sc
(field capacity) did not change significantly, while parameters α
and β were more sensitive to the scale changes. Parameter α had
lower value in almost all stations, which shows a lower rate of soil
water losses at the regional scale in comparison with field scale

while parameter β did not have a clear pattern between two
scales. This result may be extremely useful for the application of
the model considering that some parameters that are more closely
related to the soil texture exhibit a lower sensitivity to the change
of input.

Therefore, both time series (field and remotely sensed SM)
can be used to describe the relative saturation of the RZSM.
In particular, remote-sensed SSM data coupled with the SMAR
model may help monitoring root-zone soil moisture, especially in
dry areas.

Conclusions

In this study, a method for combining remote-sensed data with an
analytical method (SMAR) in order to estimate RZSM was intro-
duced. For the purpose of this study, two soil moisture databases
from Africa and North America (AMMA and SCAN, respectively)
were chosen as they both have a long and continuous record of soil
moisture profiles. Also, the remote-sensed surface soil moisture
data of the study stations were acquired using LPRM-TRMM/
TMI products from GIOVANNI TOVAS database. Despite satellite
products representing the spatial average of the pixel where the
measurement point is located, the remote-sensed SSM values
showed a good consistency with their point measurements,
which is in accordance with the results of the previous studies
(e.g., Bindlish et al. 2003; De Jeu and Owe 2003).

In order to evaluate the performance of the SMAR model when
using remote-sensed surface soil moisture (SSM) data, the authors
used a genetic algorithm inMATLAB to calibrate the SMAR param-
eters with three different simulation schemes including: (1) using
surface field measurements as input and field measurements of
root-zone layer for comparison, (2) using remote-sensed data as
input and field measurements of root-zone layer for comparison,

Fig. 8. Observed RZSM versus SMAR-estimated RZSM using Schemes 1, 2, and 3 for (a) Mammoth Cave; (b) Princetion#1; (c) Enterprise from
SCAN database
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and finally (3) using the remote-sensed data as descriptor of surface
soil moisture and the same parameters calibrated obtained in
Scheme 1.

The SMAR model showed good estimates of RZSM using all of
the schemes; however, Schemes 3, 2, and 1 had progressively better
results. Furthermore, parameter calibration of SMAR showed that
by changing from field measurements to satellite scale, parameters
sw2 (wilting point) and sc1 (field capacity) did not change signifi-
cantly; probably because soil texture properties do not change in
space as other physical characteristics like vegetation for instance
that affect soil water losses and root zone depth. Also, parameters
α and β were more sensitive to the scale changes (use of point
measurements versus pixel scale indirect measures), which may
be explained by the fact that soil water losses and surface soil thick-
ness have probably a larger variability within the pixel cell.

Considering the shortage and hardship of the soil moisture field
measurements, the results of the proposed methods seems promis-
ing in providing a good source of information for environmental
monitoring. The work demonstrates that satellite data can be used
in analytical methods such as SMAR, but that scale issue must be
taken into account in the parameterization. The study also suggests
that a physical-based model can probably be used for extended
analysis and some parameters (such as sw2 and sc1) can be easily
estimated exploiting the existing SM network.
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