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tural regions due to high spatial variability and dynamic vegetation
conditions. The need for information about SM conditions is even
more evident in developing countries with limited monitoring
infrastructure. Satellite SM products are a useful tool as a proxy
for SM conditions on the ground, but they need to be evaluated
for specific regions. In this study, we assess the quality of the
soil moisture active passive (SMAP) SM retrievals at 36, 9, and
3 km in an agricultural region in Central Mexico using in situ
measurements during the Terrestrial Hydrology Experiments in
Mexico 2018 and 2019. In addition, we provide insights into soil
and vegetation parameters in the retrieval algorithms compared
to those observed in the region. It was found that the SM spatial
variability at the SMAP pixel grids was well represented by
upscaled in situ SM measurements (SMup) from five monitoring
stations using the soil-weighted averaging and the Voronoï
diagrams. Overall, the SMAP SM retrievals are highly correlated
with SMup at all scales, but they estimated wetter conditions and the
average root-mean-square difference (RMSD)> 0.045 m3/m3. The
lowest RMSD was obtained for the SM product at 36 km, while the
highest RMSD was found for the SM product at 3 km. In addition,
the single-channel algorithm using H-polarization provided the
lowest RMSD for the products at 36 and 9 km. The main sources of
uncertainty in the region may arise from the higher clay fraction
used in the SMAP retrieval algorithm, by 13% compared to that
observed, and a nonrepresentative characterization of land cover
heterogeneity for vegetation water content estimation. The incor-
poration of in situ values into an SM retrieval algorithm resulted
in differences <0.04 m3/m3 between SM estimates and in situ SM
for the complete growing season. Particularly, the use of in situ
information helped in improving SM estimation when optimizing
V- and dual-polarization brightness temperature observations.

Index Terms—Agricultural region, L-band passive microwave,
Mexico, multiscale soil moisture (SM), soil moisture active
passive (SMAP), terrestrial hydrology experiments in Mexico 2018
(THEXMEX-18), terrestrial hydrology experiments in Mexico
2019 (THEXMEX-19).

I. INTRODUCTION

ACCURATE knowledge of soil moisture (SM) is cru-
cial in hydrology, micrometeorology, and agriculture for
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estimating energy and moisture fluxes at the land surface. Esti-
mates of SM can be significantly improved by using remotely
sensed microwave observations at frequencies <10 GHz that
are sensitive to SM changes in the upper few centimeters of the
soil (near-surface SM) [1]–[3]. For SM studies, observations
at L-band (1.2–1.4 GHz) are desirable due to larger penetra-
tion depth and system feasibility [2]. Currently, the National
Aeronautics and Space Administration (NASA)—Soil Mois-
ture Active/Passive (SMAP)—and the European Space Agency
(ESA)—Soil Moisture and Ocean Salinity—missions [4], [5]
include passive microwave sensors at L-band and provide global
observations of brightness temperatures (TB), with a repeat
coverage of about three days and pixel sizes of 36 and 43 km,
respectively. In addition to the passive observations at 36 km,
the SMAP mission also provides high-resolution TB obser-
vations at 3 and 9 km, using SMAP 36 km observations and
3 km observations at C-band from ESA Sentinel-1 [6], [7].
Since TB observations are also sensitive to other land surface
parameters, such as soil temperature (ST), surface roughness,
and vegetation water content (VWC) [8], SM retrieval from
TB observations has been particularly challenging in agricul-
tural regions due to high spatio-temporal variability of SM
and dynamic vegetation conditions (e.g., [9]–[13]). In these
regions, SMAP retrievals have shown a wide range of agreement
with in situ SM with root-mean-square differences (RMSDs)
between 0.02 and 0.05 m3/m3 (e.g., [12]–[18]). In many regions,
particularly those not covered by the core validation sites, the
SM retrievals have uncertainties >0.04 m3/m3 [12], [19]. For
example, Colliander et al. [12] found errors >0.05 m3/m3 in
croplands of the Pampean region in Argentina. These differences
are mainly due to rapid changes in surface, diversity in climate,
and agricultural practices that might be resulting in larger vari-
ations in the parameters compared to the global values used in
SM retrieval algorithms. Identifying the parameters that are the
main sources of uncertainties is critical for more accurate SM
estimates covering a wider range of conditions worldwide.

Most of the studies evaluating SMAP SM products have been
dedicated to the 36 km product [14] and very few have assessed
products at finer resolutions (e.g., [19], [20]). Uncertainties
in instrument noise, errors in the radiometric calibration, and
assumptions in the retrieval model at different spatial scales
result in systematic and random errors in the SM retrievals when
compared to in situ SM measurements [21]. Studies addressing
the effects of parametrization at different scales have pointed
out the need to account for seasonal effects on retrievals when
time-variant parameters are assumed constant or estimated using
climatological information in the algorithms [20]. Colliander
et al. [20] found that SM retrievals at airborne and satellite scales
follow the trend of in situ SM, but the errors vary with scale
and also over time. Studies have recommended accounting for
multiscale effects of soil parameters [19], [20] and compensating
for the rapidly changing vegetation, such as agricultural lands, at
different scales over growing cycles [20]. The authors conclude
the necessity of additional datasets to improve the understand-
ing of the effects due to uncertainties in soil parameters and
VWC on SMAP SM retrievals at agricultural lands and different
spatial scales. However, such datasets need to fulfill minimum

requirements to allow multiscale studies, such as the number of
required locations (NRL) at different grid sizes.

Different efforts have been implemented to increase the
number of reference locations and create global datasets,
particularly in developing countries. In Latin America, the
“Sistema Integral Regional de Información Satelital” is
an international collaboration between the Inter-American
Development Bank and the Space Agencies from Argentina,
Bolivia, Chile, Ecuador, Mexico, Paraguay, Peru, and Uruguay
[22] to provide satellite products over Latin America, including
SMAP SM. However, very few agricultural validation sites
in Latin America and the Caribbean have been included for
validation [12], [23], [24], primarily because of the lack of mid-
and long-term and/or reliable datasets of in situ SM. Due to the
importance of agriculture in the region [25]–[27], more long-
term datasets describing agricultural regions of Latin America
and the Caribbean are needed to improve SM estimates in the
region.

Existing datasets, including in situ SM for agricultural re-
gions, in developing countries are based on sparse networks.
Evaluation of the satellite SM products using these networks
depends upon the upscaling method used [21], [28]. The chal-
lenge in the selection of the upscaling method arises from the
heterogeneity in the spatial distribution of the SM as a result
of soil texture, topography, vegetation, and climate [29]–[31].
Some of these features are static, while others vary spatially
and/or temporally. Previous studies such as [19] have suggested
the arithmetic method as representative enough of the SM con-
ditions in an agricultural area. Bhuiyan et al. [30] concluded
that the arithmetic mean and other upscaling methods obtain
similar SM values for networks with a large number of SM sta-
tions; however, Crow et al. [32] recommended the utilization of
other upscaling strategies different from the arithmetic mean for
sparse networks to generate representative upscaled SM values
accounting for heterogeneities of land cover, soil properties, and
topography. Thus, a more detailed study is needed to select an
approach specific to a region to upscale the field-scale values of
SM to a reference satellite pixel.

As a response to this need, Terrestrial Hydrology Experiments
in Mexico (THEXMEXs) have been conducted over different
biomes, including agricultural lands, to monitor the dynam-
ics of soil and vegetation [33]–[35]. During 2018 and 2019
(THEXMEX-18 and -19), an agricultural region was character-
ized by two complete growing seasons of corn in the region of
Huamantla, Central Mexico. This two-season dataset included
intensive ground sampling to characterize soil and vegetation
and is used to assess the SMAP SM products at different spatial
resolutions. In this study, we aim to understand the quality of
the SMAP SM retrievals in Central Mexico and provide insights
into parameters used in the retrieval algorithm. The specific
objectives of this study are to: 1) compare different methods of
upscaling in situ SM at the SMAP grid scales, 2) assess SMAP
SM retrievals at spatial scales of 36, 9, and 3 km with in situ SM
over different growing seasons, and 3) provide insights into the
effects of the parameter uncertainty during the growing season
using an SM retrieval algorithm based upon [36], focusing on
the agricultural region in Central Mexico.
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Fig. 1. (a) Geographical location of Huamantla, Tlaxcala, Mexico. (b) Agricultural land in the study area. (c) Soil types in the study area and grids at 3, 9, and
36 km based on the EASE Grid 2. The red boxes indicate the grids used for validation of the SMAP SM products at 9 and 3 km.

TABLE I
SOIL PARAMETERS OBSERVED DURING THEXMEX-18 AND THEXMEX-19 AT THE SAMPLING SITES (SEE FIG. 1)

II. TERRESTRIAL HYDROLOGY EXPERIMENTS IN MEXICO

2018 AND 2019

During 2018 and 2019 (THEXMEX-18 and -19), five corn
fields within one 36 km SMAP pixel (see Fig. 1 and Table I)

were characterized. The THEXMEX-18 and -19 were conducted
from mid-April to mid-October in 2018 and from mid-March to
early December in 2019, respectively. The protocols to measure
the vegetation and soil parameters in the fields are based on [30],
[37]–[39]. Fig. 2 presents the dates of data collection for soil and
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Fig. 2. Acquisition times for various observations during THEXMEX-18 and -19. For in situ vegetation observations, dark green and light green circles represent
sampling dates for corn and other crops, respectively.

vegetation conditions. In this section, a detailed description of
observations during the two field experiments used in the study
is provided.

A. Site Description

The agricultural fields during both experiments are located in
Huamantla, Central Mexico (19◦ 18′ 51.09′′N; 97◦ 51′ 27.91′′W)
(see Fig. 1). Huamantla is a small city in Huamantla Mu-
nicipality located in the eastern half of the Mexican state of
Tlaxcala. The municipality’s economy is still heavily dominated
by agricultural activities, with almost a third of the workforce
dedicated to crops and livestock. Over half of the municipality’s
territory is used for farming and grazing, but agriculture’s role
has been diminishing. The municipality has about 25 000 ha
under cultivation with crops, such as corn, oat, alfalfa, beans,
wheat, animal feed, and pumpkin, and the livestock activities, in-
cluding the cattle for dairy, pigs, sheep, goats and domestic fowl
[40]. The climate of Huamantla is characteristically temperate
(subhumid). Rainfall occurs from May to October, ranging from
500 mm per year East to 800–1000 mm in the Southwest. Rain-
fall variations in the midsummer months can lead to extended
droughts. Local farmers use the rainy season to cultivate the
different crops. Average monthly temperatures fluctuate within
a narrow range, with January being the coldest month (0–9 ◦C)
and April or May generally the warmest (19–27 ◦C). Huamantla

soils are generally sandy and highly drained, although some soils
are gravelly or rocky. Depth varies from 10 cm in the Lithosols of
the west and north-central regions to deep fluviols on the plains
of Huamantla.

B. Soil Observations

SM was observed during the THEMEX-18 and -19 using a
sparse temporary in situ network of SM sensors and manual
SM measurements at specific locations within the five fields.
Throughout the entire growing season of corn in the area, we
operated a total of five automated data collection stations, one
in each field. In addition to SM, these stations recorded ST
every 20 min at depths of 2.5, 5, 10, 20, and 30 cm. SM
was obtained from time-domain reflectometer (TDR) probes
(Campbell Scientific CS-616) that were installed horizontally.
This provided an integrated estimate for the SM profile for
the surface SM. Each station included two independent sets of
SM sensors at depths of 2.5 and 5 cm located at two opposite
edges of the fields in order to have a better representation of the
spatial distribution of the surface SM (0–5 cm). Precipitation
gauges were installed to capture the high-intensity rainfall that
is received during summer. Additionally, every three weeks,
manual measurements of SM were conducted using Delta-T
Theta probes to characterize the spatial variability of SM in the
top 5 cm of the soil. In addition, soil samples at depths of 2.5, 5,
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Fig. 3. In situ SM measurements and precipitations over the agricultural fields. (a) Sites MAC-1 and MAC-2. (b) Sites ALV-1 and ALV-2. (c) Sites ALF-1 and
ALF-2. (d) Sites PX1-1 and PX1-2. (e) Sites PX2-1 and PX2-2.

10, 20, and 30 cm were collected at each field site to calibrate the
SM sensors using a bulk density core (volume of 5 cm × 5 cm
× 5 cm). The samples were placed in a plastic bag to minimize
moisture loss, weighed wet, oven-dried for 24 h at 100 ◦C, and
reweighed dry to obtain the gravimetric SM. These samples were
also used to calculate the soil-specific bulk density and produce
specific calibration equations for the TDRs and theta probes at
each site. Calibration equations were developed independently
for each site. In general, first-order polynomials were found
to calibrate the Theta probes and second-order polynomials
were needed to calibrate the TDR sensors. The RMSD between
gravimetric SM measurements and the fitting curves was <0.03
(m3/m3) for both the Theta probes and the TDR sensors. These
values of RMSD in the calibration of SM sensors are similar to
those reported in the literature (e.g., [10], [11], [13], [30]). Fig. 3
shows the calibrated near-surface SM (0–5 cm) and 20 cm for
each site using the different SM sensors; Fig. 4 shows the ST
for all locations. It is observed that, during the study periods,
the SM sensors were within their optimal temperature interval
of operation.

Soil texture was also measured at each site using the sieving
method with dried soil samples. Table I presents the percentage
of sand, clay, silt, and bulk density for each site.

Surface soil roughness measurements of root-mean-square
(RMS) height (hRMS) and correlation length (cl) were also
collected using a traditional grid board method [41] during the
sampling dates for each site (see Fig. 2). The roughness measure-
ments consisted of two components: a periodic component that
is perpendicular to the plow lines and a random component that
is parallel to the plow lines. During the measurements, leaf litter
and wild grass were carefully removed. Ten 2-D surface profile
pictures per site were taken using a 1.5-m-long grid board. The
surface profile from each grid board was digitized individually
to calculate hRMS and cl [41]. Each soil roughness measure-
ment was acquired by averaging the ten independent hRMS and
cl values.

C. Vegetation Observations

Vegetation properties for each corn field were measured at
three sampling locations every three weeks during the complete
growing season. A vegetation sampling consisted of measure-
ments of height, width, biomass, leaf area index (LAI), geomet-
ric description of the plant, and VWC. The crop density was
derived from the stand density and row spacing (76–80 cm)
measured at the first sampling. In order to characterize the
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Fig. 4. Air temperature, canopy temperature, and in situ ST over the agricultural fields. (a) Sites MAC-1 and MAC-2. (b) Sites ALV-1 and ALV-2. (c) Sites ALF-1
and ALF-2. (d) Sites PX1-1 and PX1-2. (e) Sites PX2-1 and PX2-2.

vegetation biomass within each field, each sampling included
one row of corn in the three sampling locations within a field.
The sampling length started between two plants and ended at
the next midpoint between plants was greater than or equal to
1 m away from the starting point, as mentioned in [30] and [39].
Two plants within this length were cut at the base, separated into
leaves, stems, and ears, and weighed immediately. The samples
were dried in the oven at 60 ◦C for one week and weighed.
Destructive LAI was calculated using the equation presented in
[42]. Fig. 5 shows the time series of VWC and crop height for
each site.

In addition to the corn fields, VWCs from two fields of oats,
two of pumpkins, one of alfalfa, one of wheat, and one of the
vegetables in the study area were monitored. Because of the
different growing seasons of these crops compared to corn, these
sites were less intensively characterized and were measured
three times for each experiment at different locations.

To provide best estimates of canopy conditions with the
same temporal resolution as information from the soil sta-
tions, VWC and plant height at each sampling field were
linearly interpolated in time between sampling rounds. For

small numbers of sampling events per site, a piecewise linear
fit is recommended as more adequate than nonlinear curve
fitting [43].

D. Meteorological Conditions

Meteorological data were provided by the National Wa-
ter Commission of Mexico (Comisión Nacional del Agua,
CONAGUA) [44] and obtained from in situ stations located
at the agricultural fields. The meteorological dataset includes
information about accumulated precipitations and values of air
temperatures (Tair) at temporal resolutions of 20 min and every
hour, respectively. In addition, the precipitation was obtained
from four different stations within a radius of 5 km surrounding
the corn fields [45]. Figs. 3 and 4 show the precipitation and the
soil and canopy temperatures, respectively, as collected by the
meteorological stations for each corn field.

E. Land Cover Map

Land covers during the THEXMEX-18 and -19 were com-
puted using information from the National Institute of Statistics
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Fig. 5. Time series of the (a) plant height and (b) VWC over the agricultural fields.

and Geography of Mexico (INEGI) and a classification algo-
rithm based on a genetic algorithm and a support vector machine
(SVM) code to process Sentinel-2 images [46]. For both 2018
and 2019, the land cover was obtained from the classification
algorithm at 10-m resolution using the location of about 50
agricultural fields to train and validate the final classification.
The classification showed an accuracy higher than 70% at scales
of 36, 9, and 3 km. Fig. 6 shows the land cover during the
THEXMEX-18 and -19 and Table II lists the cover fractions
for the main classes presented in the area at the different spatial
scales.

III. SMAP DATASET

The passive SM product level-2 (L2SMP, version 7, R17030)
has a grid resolution of 36 km, based on the equal-area scalable
earth (EASE) grid, version 2 [36]. In this study, SM retrievals
from three algorithms were used: V-polarization single-channel
algorithm (SCA-V), H-polarization single-channel algorithm
(SCA-H), and dual-channel algorithm (DCA). Among these
three algorithms, the SCA-V algorithm is currently being used as
the default option for the SM retrievals [14]; however, the SMAP
SM product also includes the SM retrievals using the other two
algorithms. In the two SCA algorithms, historical values of the
normalized difference vegetation index (NDVI) product from
the moderate-resolution imaging spectroradiometer (MODIS)
is used to estimate VWC, while in the DCA, SM and the
vegetation optical depth (τ ) are retrieved simultaneously [47].
The enhanced 9-km SM product (L2SMPE, version 7, R17030)
is based on the reconstructed SMAP TB measurements at their
native resolution of 36 km, using the Backus–Gilbert optimal
interpolation method [36]. In addition, the high-resolution 3-km

Fig. 6. Land covers observed at the grid resolutions of 36, 9, and 3 km during
(a) THEXMEX-18 and (b) THEXMEX-19. The cover fractions are presented
in Table II.
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TABLE II
PERCENTAGE OF MAIN LAND COVERS DURING THEXMEX-18 AND

THEXMEX-19 AT THE DIFFERENT SMAP GRIDS (SEE FIG. 6)

product (L2SMAPS, version 3, R17030) was also used in this
study. The product is based on merging SMAP L-band radiome-
ter and Sentinel-1A/1B C-band radar data [7] and is available
every 6–12 days.

During THEXMEX-18 and -19, 720 SM retrievals from the
L2SMP, L2SMPE, and L2SMAPS products were obtained. No
retrievals were available from 19 June to 23 July, 2019 due to
SMAP’s operation in safe mode.

IV. METHODOLOGY

A. Upscaling SM Methods

In this study, four upscaling approaches are implemented to
obtain in situ SM at 36, 9, and 3 km. The performance of the
upscaling methods is evaluated based on their representativeness
errors, defined as the deviations of the upscaled SM from the
in situ SM variations [21] and can be evaluated using second-
order statistical moments, such as standard deviation and the
coefficient of variation (CV) [28], [31]. The standard deviation
also allows us to determine the optimal NRL to estimate the mean
value of SM within an area with a prescribed absolute error and
an established level of confidence. In the following sections, we
briefly describe the upscaling methods and the statistics used to
assess their performance.

1) Arithmetic Mean: The mean (SMA) and the standard de-
viation (σA) at time t are given by

SMA,t =
1

N

N∑
i=1

SMi,t

σA,t =

√√√√ 1

N

N∑
i=1

(SMi,t − SMA,t)2 (1)

where SM i represents the surface SM value at the ith location
andN indicates the number of locations. The resulting SM value
is the upscaled surface SM within the satellite pixel. In this
approach, arithmetic mean was calculated considering all the
stations [48].

2) Soil-Weighted Average: The upscaling soil-weighted ap-
proach includes soil polygon aggregation based on soil texture
information and then computation of the percent area within the
SMAP footprint for each of the soil textures. The soil textures are
aggregated into three categories: eutric cambisol, eutric fluvisol,
and eutric regosol [see Fig. 1(c)]. In situ stations are categorized

and clustered based on the soil textures of their locations. Based
on the percent area of each of the soil texture classes, in situ
surface SM values for each of the clusters are weighted on the
percent area of the cluster within the SMAP pixel. The weight
for each soil texture class (wi) is obtained by

wi =
ai
A

M∑
i=1

wi = 1 (2)

where ai is the area of the ith class of soil texture, A represents
the total area of the SMAP pixel, and M indicates the number of
soil texture classes. The following equations are used to deter-
mine the upscaled in situ surface SM (SMS) and its associated
standard deviation (σS) at time t

SMS,t =

M∑
i=1

wiSMi,t

σS,t =

√√√√ M∑
i=1

wi

(
SMi,t − SMS,t

)2
(3)

where SMi represents the averaged surface SM of all stations
located in the ith class of soil texture. It is noted that this is the
default approach implemented by the SMAP team to upscale
SM [12]. To develop the soil-weighted scaling approach, each
in situ surface SM value is identified based on its corresponding
soil texture. Then, soil texture data are intersected to the SMAP
pixel, and percent area statistics are derived for each of the soil
texture types [12].

3) Voronoï Diagram: A Voronoï diagram approach [49] is
also used as an upscaling function and applied to the in situ
surface SM information collected during the field campaigns,
similar to previous works [30], [31], [34]. Input parameters used
to generate the Voronoï diagram include the bounding area of
the SMAP pixel and the geographical location of the in situ
stations. The Voronoï diagram partitions the SMAP pixel into
convex polygons (Thiessen polygons) based on the Euclidean
distance between the measurement points [see Fig. 7(a)]. An
area-based weighting function is then applied to the surface
SM value measured by the in situ stations. The weight for each
station is obtained by

wi =
bi
A

N∑
i=1

wi = 1 (4)

where bi is the area of the ith polygon,A represents the total area
of the SMAP pixel, and N indicates the number of in situ SM
stations. The upscaled in situ surface SM based on the Voronoï
diagram (SMV ) and the standard deviation (σV ) at time t are

SMV,t =

N∑
i=1

wiSMi,t

σV,t =

√√√√ N∑
i=1

wi (SMi,t − SMV,t)
2. (5)
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Fig. 7. Voronoï diagrams used for weighting the in situ SM measurements at
36 km grid for (a) Voronoï scaling method and (b) soil-weighted Voronoï scaling
method.

4) Soil-Weighted Voronoï Diagram: The soil-weighted
Voronoï diagram upscaling uses the intersection of the gener-
alized soil texture information and the Voronoï diagram created
from the in situ stations [see Figs. 1(c) and 7(a)]. The contri-
bution of each in situ station to the upscaled surface SM was
weighted by the area fraction defined by the intersection of the
Thiessen polygons and the soil texture map [see Fig. 7(c)]. For
this approach, the weights (wij) are given by

wij =
cij
Aj

A =

M∑
j=1

Aj

M∑
j=1

L∑
i=1

wij = 1 (6)

where cij indicates the area of the ith polygon located within
the jth soil texture class, Aj is the total area covered by the jth
soil texture class, L is the total number of in situ stations located
within the jth soil texture class, and M represents the number

of soil texture classes. The upscaled in situ surface SM based
on the soil-weighted Voronoï diagram (SMSV ) and the standard
deviation (σSV ) at time t are

SMSV,t =

M∑
j=1

L∑
i=1

wijSMij,t

σSV,t =

√√√√ M∑
j=1

L∑
i=1

wij(SMij,t − SMSV,t)2 (7)

5) Statistical Assessment: The relationship between the stan-
dard deviation (σ) and the CV with the upscaled SM from each
upscaling method is investigated. The CV in space at time t is
calculated as [28]

CVt =
σt

SMt
(8)

with σt and SMt being the standard deviation and the upscaled
SM, respectively, for each method described above.

The standard deviation and the CV can be used to estimate
the optimal number of in situ SM stations as a function of the
different SMAP scales. These relationships allow the characteri-
zation of the SM variability and, hence, to address the assessment
of the NRL to estimate the scaled value of SM at the SMAP scale
with a prescribed absolute error [21], [28], [31]. The NRL for a
given time is determined by the following equation [28]:

NRLt =
(
t1−α/2,df

σt

AE

)2

(9)

where t1−α
2 ,df is the inverse Student’s t-distribution at the confi-

dence interval α/2 and with (NRL − 1) degrees of freedom (df)
and AE is the absolute error expressed in (m3/m3). Given that
the NRL is unknown and the degree of freedom as well, (9) is
iteratively solved for NRL = {1, 2, ..., N}, with N being the
number of in situ locations. The iterative process is conducted
until the difference in the optimal number of stations is less
than one station; this is until |NRLk − NRLk−1| < 1, with k
representing the degree of freedom. In this study, we select α
= 95% and AE = 0.03 m3/m3 based on the requirement of
the SMAP mission. We also consider that the SM stations are
located independently and normally distributed as is commonly
assumed [21], [31].

B. Assessment of SMAP SM

To assess the SMAP SM, we compare the SM products at
every 6-AM and 6-PM passes with the upscaled in situ SM to
quantify their differences for each spatial resolution. The perfor-
mance of the SM estimates from SMAP is statistically evaluated
by the Bias, the RMSD, the unbiased RMSD (ubRMSD), and
the Pearson correlation coefficient (r), as defined in [21].

C. Upscaling of Effective ST and VWC

The effects of using climatologically based effective ST and
VWC were analyzed by comparing the upscaled in situ mea-
surements at 36, 9, and 3 km with those used in the SMAP
algorithm. This comparison provided an understanding of the
effects of quick changes within the growing season.
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In the SMAP SM retrieval algorithms, the soil effective tem-
perature Teff is estimated as [36]

Teff = K [Tsoil2 + C(Tsoil1 − Tsoil2)] (10)

where C = 0.246 for 6-AM SM retrieval and 1.0 for 6-PM SM
retrieval and K = 1.007 for agricultural lands. Tsoil1 refers to
the average ST for the first soil layer (0–10 cm) and Tsoil2 refers
to the average ST for the second soil layer (10–20 cm). The
upscaled T eff is obtained using the same upscaling SM method
that represents the best spatial variability in the region.

The VWC is upscaled based on an aggregation method of
VWC [43] using the cover fraction of each class according to
the land cover map (see Fig. 6 and Table II) to obtain the best
representativeness of the variability in vegetation conditions at
SMAP scales. In this study, the upscaled VWC is obtained as

VWC =
N∑
i=1

fiVWCi (11)

where f i indicates the cover fraction for the ith class, VWCi is
the mean VWC for each ith class, and N is the total number of
classes. Since corn is the dominant crop in the study region, the
vegetated period in the area is divided into three corn growth
stages defined as bare soil or early season, midseason, and late
season. Bare-soil condition is defined when most of the corn
fields have no vegetation cover or the plant height is lower
than 15 cm. The midseason is characterized by the maximum
vegetation growth and includes tasselling and silking phases
of the corn plant. The late season represents the period of ear
formation and harvest. For the THEXMEX-18, most of the corn
fields were under bare-soil conditions from April 14 to May 1,
in midseason from May 1 to July 7, and in late season from July
7 to 14 October 14. During the THEXMEX-19, the bare-soil
conditions were identified from March 17 to April 15 and
from November 1 to early December after harvest, midseason
covered from April 15 to July 7, and late season from July 7 to
November 1.

D. SM Retrieval Algorithm

To provide insights into the impact of uncertainty in clay
fraction, T eff, VWC, and roughness on SM retrievals, values
used in the SMAP SM retrieval algorithm at 9 km [36] were re-
placed by in situ measurements at 9 km. The SM retrievals were
conducted for the agricultural area using TB observations at H
(TB,H ) and V (TB,V ) polarizations from the SMAP L1C_TB_E
product concurrent with THEXMEX-18 and -19 observations.
The optimization to estimate SM was carried out using TB,H

and TB,V independently for the SCA-H- and SCA-V, respec-
tively, and simultaneously both TB,H and TB,V for the DCA.
The convergence was reached when the difference between the
estimated and observed TB,p was lower than 1 K, correspond-
ing to the uncertainty in SMAP TB observations. To quantify
the impact of the uncertainty, different SM retrieval scenarios
were implemented. For each scenario, SM was estimated after
replacing one parameter value used in the SMAP SM retrieval
algorithm by the corresponding in situ value. The difference

between the SM estimates obtained from these scenarios and
the SMAP SM estimates provides the impact of each variable.

The forward model for the SM retrievals followed the SMAP
passive SM retrieval algorithm based on [36]

TBp = Tsepexp(−τpsec θ) + Tc(1− ωp)

× [1− exp(−τpsec θ)][1+rpexp(−τpsec θ)] (12)

with

rp = [(1−Q)r0p +Qr0q]e
hcosnp (θ) (13)

and [8]

h =

(
0.9437(hRMS × 1000)

0.8865(hRMS × 1000) + 2.2913

)6

(14)

where the subscripts p and q are H or V polarization, ep =
1 − rp is the soil emissivity, T s and T c are the soil and
vegetation temperatures, τp is the nadir vegetation opacity, ωp

is the effective scattering albedo from vegetation, and rp is the
rough soil reflectivity. The rp is a function of dielectric constant ε
and is estimated using [50]. The r0p and r0q represent the smooth
surface reflectivities at p and q polarizations, respectively.

Based on the SMAP SM retrieval algorithm,ωp is set to 0.0538
for the single-polarization configuration and set to 0.0715 for
the dual-polarization configuration. The parameter Q in (13)
is assumed to be 0 for single-polarization configuration and
Q = 0.1771 h for dual-polarization configuration [47]. The
np is equal to 2. When using in situ temperature information,
T eff is obtained using (10). The τp was obtained using either
the information provided by the SMAP SM products or the
in situ VWC with τp = b × VWC, where b is an empiri-
cal factor depending upon vegetation type, polarization, and
phenology [51], [52]. For this study, b was equal to 0.11 for
croplands [36].

V. RESULTS

A. Field Observations During THEXMEX-18 and -19

1) Meteorological Conditions: The growing season during
THEXMEX-18 was atypically dry [35], [53] with average
monthly precipitation of 78.5 mm, while the conditions were
more typical during THEXMEX-19 with an average of 90.5 mm.
Particularly, in July 2018, the precipitation was about 90 mm
lower than typically observed in the region. In addition, the
precipitation was more uniformly distributed in 2019, compared
to the 2018 season [see Fig. 3(a)–(e)]. The dry conditions
and heterogeneous pattern of precipitation in 2018 caused two
month-long drought periods from May 10th to June 7th and from
July 14th to August 9th.

The difference in the precipitation pattern during the
THEXMEX-18 and -19 also impacted the values for air temper-
ature [see Fig. 4(a)–(e)]. During the THEXMEX-18, the average
monthly air temperature was 288 K; in contrast, it was 287 K in
the THEXMEX-19.

2) Land Surface Conditions: Fig. 3(a)–(e) shows the time
series of SM at 0–5 cm for the ten sites (see Table I) during the
THEXMEX-18 and −19. The SM values from the Theta probes
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and TDR observations at 0–5 cm match well with gravimetric
measurements, having an RMSD<0.03 m3/m3 and a correlation
coefficient >0.68 for all sites. This indicates the representative-
ness of both sensors to characterize the SM conditions at the
field sites.

The soil conditions varied among the five field sites, as shown
in Fig. 3(a)–(e). In general, drier conditions were observed for
fluvisol soils with a texture classified as a sandy loam (sites
MAC-1 and MAC-2), whereas wetter conditions were observed
for regosol soils with a texture classified as silt loam (sites
PX1-1, PX1-2, ALV-1, and ALV-2) (see Fig. 1 and Table I).
This soil texture-based behavior was also found at the Carman
site during the SMAP Validation Experiment in 2016 conducted
in Manitoba, Canada (SMAPVEX16-MB) [30]. The site PX2-2
consistently showed the wettest conditions in the top 5 cm during
both growing seasons, whereas the site MAC-1 showed the
driest conditions with a mean difference of 0.01 m3/m3 for both
years. The atypical distribution in the rainfall pattern during the
THEXMEX-18 resulted in very low values of SM, particularly
at MAC-1 and MAC-2, with near-surface SM reaching values
as low as 0.04 m3/m3 in July 2018.

The average monthly ST was 291 K in the top 5 cm. In
agreement with the rainfall pattern, during the THEXMEX-18,
higher values of ST were recorded compared to THEXMEX-19.
In general, the warmest location was PX2-1, and the coolest
location was MAC-1, with a mean difference of 2.61 K between
the two sites.

The periodic component of the surface roughness is largely
dependent upon the agricultural practices in the region and
showed less variation among the five sites compared to the
random component that is largely dependent upon the soil type.
The periodic component could be represented as a sinusoidal
function with a period of 78 cm and an averaged amplitude
between crest and trough of 13.5 cm. For the random component,
hRMS ranges from 0.6 to 1.7 cm and cl from 7.1 to 30.7 cm.
These values of hRMS were within the same order of magnitude
as reported in the literature for corn (e.g., [54]–[56]). Fields
with other crops, such as oat, wheat, alfalfa, and vegetables,
in the region had only the random component with values of
1.1–1.23 cm in hRMS and 18.6–22.2 cm in cl. In general, these
fields presented lower uncertainty in cl compared to corn fields.
The areas covered by forest presented a mean hRMS of 1.46 cm
and mean cl of 14.5 cm, similar to other forested areas such as
[34].

The differences between the rainfall pattern during the two
seasons of corn also resulted in variations in crop growth. As
observed in Fig. 5, the drier season of 2018 resulted in smaller
plants reaching a mean height of 2.1 m, whereas, during the
wetter season, the plants reached a mean height of 2.6 m. The
site ALF, with a hybrid corn cultivar, reached the maximum
height of 2.4 m in 2018 among the sites. In the wet season of
2019, this site reached a height of 2.5 m. Overall, the maximum
height of 3.2 m was obtained by the site PX1 with a creole corn
cultivar.

The VWC was also impacted by the variations in the meteo-
rological conditions. The drier conditions resulted in maximum
values of VWC ranging between 3.53 and 5.47 kg/m2 in the corn

plant in 2018; in contrast, the wetter season produced maximum
values of VWC between 5.38 and 7.89 kg/m2 [see Fig. 5(c)].
During the drier season, the maximum value of VWC was found
in PX1 and the minimum value in ALV, both having a creole
cultivar. In the wetter season, the maximum VWC was found
in MAC and the lowest VWC in ALV, also both using creole
cultivars. Based on observations during the visit to the fields,
it was found that although the creole plants had significantly
more yellow leaves compared to the hybrid plants, the stems of
both creole and hybrid cultivars kept enough amount of water
to maintain the corn plants alive. The selection of the most
adapted corn cultivar for this area is still a remaining question
due to the erratic pattern of rainfalls. The range of values in
VWC for corn collected during these experiments has also been
reported in other areas with similar warm and wet conditions.
For instance, Vermunt et al. [57] reported maximum values of
about 4.5 kg/m2 over warm conditions in Florida, USA, whereas
Judge et al. [13] and Cosh et al. [39] reported maximum values
of VWC higher than 6.5 kg/m2 under wet conditions in Iowa,
USA.

VWCs of other crops in the region were typically lower than
the maximum VWC of corn. For example, the mean maximum
values of VWC during both seasons were 0.53 kg/m2 for alfalfa,
0.365 kg/m2 for oat, 1.62 kg/m2 for pumpkin, 0.125 kg/m2

for wheat, and 0.35 kg/m2 for other vegetables. In contrast,
the average VWC in the forest of 17.4 kg/m2 was higher than
the VWC in crops in both seasons. All these values of VWC
were also confirmed using concurrent NDVI information from
Landsat.

B. Upscaling in Situ SM to 36, 9, and 3 km Grids

Table III presents the mean σ and mean CV for each of the
four upscaling methods at the scales of 36, 9, and 3 km. In
all upscaling methods, the mean σ is <0.040 m3/m3, with a
difference <0.006 m3/m3 among the upscaled SM from each
method. At all scales, the lowest mean σ and the lowest mean
CV are obtained by Voronoï method. As the scale decreases from
36 to 3 km, and the land conditions become more homogeneous,
the difference between the mean σ from the upscaling methods
also reduces.

Fig. 8 shows the comparison of the upscaled SM using the
four different upscaling methods at 36, 9, and 3 km during
the growing seasons. In general, the upscaled SM from the
Voronoï’s method shows drier SM when compared to the other
upscaling methods throughout the THEXMEX-18 and -19. The
arithmetic, soil-weighted, and soil-weighted Voronoï methods
provide upscaled SM with differences of 0.01–0.015m3/m3

among them. The highest mean difference of 0.015 m3/m3 is
observed between the arithmetic mean and the Voronoï method,
whereas the mean difference among the Voronoï, soil-weighted,
and soil-weighted Voronoï methods is always <0.01 m3/m3

at all spatial scales. The upscaled SM at 36 km exhibits the
highest temporal variability in all the upscaling methods similar
to [28]. All upscaling methods are able to identify the dry and
wet periods in the area (e.g., the two drought periods in 2018)
(see Fig. 3). The upscaled SM during those two periods ranged
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TABLE III
MEAN VALUES OF STANDARD DEVIATION (σ), CV, AND THE NRL FOR THE FOUR UPSCALING METHODS AT SPATIAL SCALES OF 36, 9, AND 3 KM

Fig. 8. Comparison between the upscaling SM methods for grids at (a) 36 km, (b) 9 km, and (c) 3 km. B.S. stands for bare-soil conditions, M.S. for mid-season,
and L.S. for the late season of the corn growth stages.

between 0.07 and 0.095 m3/m3. These values are close to the
wilting point of 0.05 m3/m3 for the soils in the region [58].

During 2019, when the rainfalls were more uniform through-
out the season, the minimum values for the upscaled SM are
>0.065 m3/m3 for all upscaling methods.

The CV is a statistical descriptor allowing the comparison
of the variability of different samples even if characterized by
different mean values, and, hence, to analyze the SM variability
across different spatial scales. Fig. 9 compares the CV at scales
of 36, 9, and 3 km. For all scales and all upscaling methods, the
CV follows a negative exponential behavior as the SM increases

similar to the results presented in [28] and [31]. The difference in
CV among the upscaling methods is <0.12 for all values of SM
at the three spatial scales. This result indicates that SM temporal
variations are more significant than the spatial variations, hence
confirming the importance of following the standardized criteria
in monitoring SM, as those proposed in [21].

Table III and Fig. 9(b), (d), and (f) show the NRL for con-
fidence of 95% at scales of 36, 9, and 3 km, respectively. At
36 km, the NRL varies from 3 to 9 for all upscaling methods;
at 9 km, NRL ranges between 3 and 7; and at 3 km, it varies
from 2 to 6. These values are within the range suggested in [12]
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Fig. 9. CV and NRL at grids of (a)–(b) 36 km, (c)–(d) 9 km, and (e)–(f) 3 km.

to validate the SM product from SMAP. The lowest number of
NRL at all spatial scales is obtained by the Voronoï method,
while the highest number is shown by the arithmetic method.

For the agricultural region located in Central Mexico, Table III
illustrates that the utilization of either Voronoï’s technique or
the soil-weighted method provides equivalent results in the
representativeness of the SM values, even during extreme SM
conditions, at the three spatial scales, similar to [12]. These
upscaling methods require between 4 and 7 SM locations,
depending upon the spatial scale, to be representative of SM
conditions in the agricultural area with a confidence interval of
95% and an uncertainty lower than 0.03 m3/m3.

C. Evaluation of SMAP SM

The upscaled SM from the soil-weighted method and the
Voronoï’s diagrams were averaged to produce a representative
upscaled in situ SM (SMup) characterizing the agricultural re-
gion of Huamantla. Table IV presents the RMSD, the bias, the
ubRMSD, and the correlation coefficient (r) between SMup and
the SMAP SM products. Overall, the SMAP SM retrievals were
highly correlated with SMup; however, the RMSD>0.04 m3/m3

at all scales. Similar RMSD values reported in Table IV have also
been found in other agricultural areas, such as [13], [16], [17],
[19], [30].

During both growing seasons, SMAP products at all scales
estimate wetter conditions than SMup, with a mean bias and
ubRMSD of 0.07 m3/m3 and 0.05 m3/m3, respectively, over
the region. The SCA-H algorithm provides the lowest bias and
RMSD, while the DCA provides the highest bias and RMSD at
36 and 9 km (see Table IV). Figs. 10 and 11 show the time series
of the three SMAP SM retrieval algorithms when compared
to SMup at 36 and 9 km, respectively. All SMAP retrieval
algorithms produce SM following the same trend as SMup mea-
surements with r > 0.56. Particularly, the differences between
SMAP SM and SMup increase after rainfall events at 36 and 9 km
grids. In addition, immediately after rainfall events, the SMAP
estimated a higher dynamic range (0.13 m3/m3) compared to
the dynamic range of 0.09 m3/m3 for SMup. Wetter conditions
throughout the growing seasons in the SMAP products suggest
uncertainties in the soil and vegetation parameters used in the
SMAP SM retrieval algorithm.

During bare-soil conditions, both the SCA algorithms show
a low ubRMSD of 0.024 m3/m3 at 36 and 9 km. The ubRMSD
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TABLE IV
RMSD, UBRMSD, AND CORRELATION COEFFICIENT (r) BETWEEN UPSCALED IN SITU SM (SMUP) AND THE SMAP SM ESTIMATES FROM THE SMAP SM

RETRIEVAL ALGORITHMS

increases to 0.044 m3/m3 during the vegetated period. However,
the bias in the SM retrieved from the SCA-H algorithm changes
from negative in bare soil into positive bias during the vegetated
stages. In the late season, the SCA-H algorithm provides lower
bias and RMSD than the SCA-V algorithm at both 36 and 9 km
(see Table IV and Figs. 10 and 11). The difference between
the performance of the two SCA algorithms during vegetated
stages indicates that vegetation parameters used in the algorithm
may not be representative of the region. As seen in Figs. 10
and 11, the SCA-H SM retrievals are closer to SMup than the
other two retrieval algorithms for all vegetated conditions for
THEXMEX-18 and -19 at both 36 and 9 km.

At 3 km grid, the SMAP SM retrievals show a high bias
and an RMSD of 0.063 m3/m3 and 0.087 m3/m3, respectively,
with respect to the SMup over the complete growing seasons
(see Table IV), with a lower correlation coefficient of 0.41 than
that at coarser resolutions. However, the correlations were high
during bare-soil conditions, at >0.82, with a low bias and an
RMSD of 0.035 m3/m3 and 0.048 m3/m3, respectively. Similar
performance of the SMAP/Sentinel-1 retrieval algorithm was
also reported in [7], [47] over other agricultural lands. Fig. 12
compares the time series of the SMup and the SMAP SM
retrievals at 3 km. During the vegetated period, the bias and
RMSD gradually increased up to 0.063 m3/m3 and 0.087 m3/m3,
respectively. As shown in Fig. 12, the difference between the
SMAP SM retrievals and the SMup has a dominant random
component (ubRMSD) throughout the growing season for both
the THEXMEX-18 and -19.

The SCA-H algorithm provides the closest estimates to the
SMup at 36 and 9 km compared to the other two retrieval

algorithms; however, the high bias and RMSDs in the SM
estimates from the SCA-V and DCA algorithms indicate the
need to further examine the values used in the parameterization
within the retrieval algorithm. Previous studies involving error
characterization due to parameter calibration [8], [17], [20] sug-
gest that the main sources of errors are due to uncertainty in soil
texture, soil effective temperature, and τ that is directly related to
VWC. As mentioned earlier, these parameters are derived from
MODIS NDVI and global meteorological models [36]. These
global parameters may not be representative at regional/local
scales and could impact SM estimates, particularly for sites that
have not been part of the calibration sites, such as the agricultural
region in Huamantla, Mexico. In Section V-D, we analyze the
impact of the values used in these variables on the SM estimates
at 9 km over the agricultural region in Central Mexico.

D. Impact of the Parametrization in the SMAP SM Retrieval
Algorithm on SM Estimates

Table V lists the statistics of the SM estimates when compared
to the in situ SM after replacing the values used in the SMAP
SM retrieval algorithm by in situ values. While the in situ clay
content was about 18%, the SMAP retrieval algorithm uses
a clay fraction of 31% (see Table I). This reduction of 13%
in clay fraction resulted in an averaged decrease across the
three retrieval algorithms of about 0.034 m3/m3 in bias and
0.023 m3/m3 in RMSD, getting closer to in situ SM. Significant
improvements were observed for the SM estimates when using
TB,V and dual-polarization configuration. Higher clay fraction
results in lower soil permittivity according to the equations used
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Fig. 10. Time series of the comparison between the SMAP SM retrieval algorithm using the SCA-H, SCA-V, and DCA options and in situ upscaled SM (SMup)
at 36 km grid. B.S. stands for bare-soil conditions, M.S. for mid-season, and L.S. for the late season of the corn growth stages.

in the SMAP algorithm [59] resulting in wetter SM compared
to observed SM to compensate for the difference in soil texture.
Singh et al. [19] also found a difference in the clay percentage
considered in the SMAP SM and in situ information. They re-
ported a clay value of 14% lower in the SMAP SM products than
actual values over an agricultural area in India, estimating wetter
conditions than in situ SM values. Soil texture descriptions of
specific regions for satellite remote sensing can be improved
using shapes developed by local governments. In Latin America,
countries such as Mexico, Argentina, and Brazil have developed
digital platforms to download freely edaphological maps of their
territories (e.g., [60]–[62]).

When replacing the ST from the NASA Goddard Earth Ob-
serving System Model, Version 5 (GEOS-5) used to estimate
Teff in the SMAP algorithm by in situ ST measurements, the
improvement in SM retrievals was marginal for all polarization
configurations. It was found that an average seasonal differ-
ence of 3K resulted in an average reduction across the three
retrieval algorithms of 0.002 m3/m3 in bias and 0.004 m3/m3

in SM retrievals when compared to in situ SM (see Table I).

It is noted that for this agricultural region, there are no sig-
nificant seasonal effects resulting in variations in the differ-
ences between Teff and ST. Similar behavior was obtained by
Walker et al. [16], reporting that the effective ST from SMAP
SM products presents a difference of 0.6–1.2 K when com-
pared to in situ information over an agricultural area in Iowa,
USA.

Table V lists that the use of in situ VWC resulted in an
averaged reduction of the bias greater than 0.039 m3/m3 and
0.037 m3/m3 in RMSD on the SM estimates at 9 km when
compared to in situ SM, particularly for the optimization based
on TB,V and dual-polarization configurations. The VWC in the
SCA SMAP SM retrieval algorithm is obtained by using the
climatology of NDVI from MODIS and shows the same values
at scales of 36 and 9 km [see Fig. 13(a) and (b)]. The VWC used
in the SMAP algorithm was found to be highly correlated with
the in situ VWC; however, the VWC is higher by 1.7 kg/m2 at
36 km, on average, than in situ values, while the VWC from
the 9 km product is lower by 1.56 kg/m2, on average. This in-
dicates that although the climatological information adequately
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Fig. 11. Time series of the comparison between the SMAP SM retrieval algorithm using the SCA-H, SCA-V, and DCA options and in situ upscaled SM (SMup)
at 9 km grid. B.S. stands for bare-soil conditions, M.S. for mid-season, and L.S. for the late season of the corn growth stages.

TABLE V
RMSD, UBRMSD BETWEEN UPSCALED IN SITU SM (SMUP) AND RETRIEVED SM USING IN SITU VWC, IN SITU CLAY FRACTION, AND SMAP TB

OBSERVATIONS AT 9 KM

0The label “all SMAP values” refers to SM retrievals obtained with values used in the SMAP algorithm.

represents the dynamics in the region, the VWC values may
not be representative of the heterogeneity of the region. The
difference between in situ VWC and VWC from 36 and 9 km has
also been reported in previous works, such as [20]. In addition,
during the early season, the SMAP products at 9 km classified the
region as grassland instead of bare soil (see Fig. 6 and Table II).
The estimation of actual conditions in VWC is not an easy task
because of the heterogeneity in different areas and variability in
actual vegetation conditions. Studies such as [13], [63], [64] have
shown that it is possible to improve actual VWC estimates using
information from microwave active sensors, such as Sentinel-1
and CONAE SAOCOM-A and -B and the future missions
NASA/ISRO NISAR and ESA ROSE-L, and/or implementing
constrained optimization algorithms to retrieve simultaneously
SM and τ (accounting for VWC). These constraints need to
be accounting for the land cover heterogeneity over the studied
region. The characterization of these heterogeneous conditions
requires reliable land cover maps at regional/local scales. A
regional project called Latin American network for monitoring

and studying of natural resources (SERENA) [65] was imple-
mented using a large number of validation points to generate
a land cover map including all countries within Latin America
and the Caribbean for the year 2008 and can be used to include
spatial variability information for this region.

The effect of the soil roughness was also analyzed in Table V.
The relationship used to relate the empirical h parameter to in
situ hRMS was presented in (14). The value of the h parameter
based on in situ information was 0.411, which is higher than the
value used in the SCA option (0.12) and lower than that used in
the DCA option (0.84). For the optimization of TB,V and TB,H

(single-channel configurations), the SM retrievals marginally
reduced the ubRMSD by 0.002 m3/m3 when compared to in situ
SM. However, the bias and RMSD increased by 0.019 m3/m3

and 0.030 m3/m3, respectively. The most significant improve-
ment was observed by the dual-polarization configuration with a
reduction of 0.049 m3/m3 in both bias and RMSD. This confirms
the polarization dependence of the h parameter for SM retrieval,
similar to [8] and [13]. The SMAP SM retrieval algorithm relies
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Fig. 12. Time series of the comparison between the SMAP SM retrieval algorithm and in situ upscaled SM (SMup) at 3 km grid. B.S. stands for bare-soil
conditions, M.S. for mid-season, and L.S. for the late season of the corn growth stages.

on a lookup table providing constant values of h based on the
land cover types. Because of the high dependence of h upon
other soil parameters [see (13)] and the complexity in finding a
widely representative value of the roughness parameter h on SM
retrievals at satellite scales, as highlighted in previous studies
(e.g., [8], [66]), it is challenging to find an optimal global h
value for most of the agricultural regions worldwide.

The use of in situ values in clay fraction and VWC in the
SM retrieval algorithm shows the major improvement in the SM
estimates over the agricultural region. Fig. 14 shows the time se-
ries of the SM estimates when using TB,V and dual-polarization
observations from the L1C_TB_E product and incorporating si-
multaneously the in situ values in clay fraction and VWC during
dry-down periods for THEXMEX-18 and -19. It is observed that
the SM estimates when using these in situ values reduced their
difference with in situ SM during the complete growing season
for both years. During bare-soil conditions, the SM estimates
showed mean differences of 0.011 m3/m3 and 0.026 m3/3 when
optimizing TB,V and dual-polarization observations, respec-
tively. During the vegetated period, the mean differences were

0.022 m3/m3 and 0.040 m3/m3 when optimizing TB,V and
dual-polarization observations, respectively. This indicates that,
although the differences increased during the vegetated periods,
the SM estimates are within the SMAP requirements when
incorporating in situ information within the retrieval process.
When TB,H observations were optimized using in situ values
of clay fraction and VWC, the results were similar to those
observed from the SCA-H SMAP SM retrieval algorithm (see
Table IV) with the RMSD and ubRMSD of SM estimates of
0.050 m3/m3 and 0.047 m3/m3, respectively.

VI. CONCLUSION

In this study, we provided insights into the difference and the
seasonal trend of SM retrievals from the SMAP SM products
at 36 km (L2SMP), 9 km (L2SMPE), and 3 km (L2SMAPS)
in agricultural regions and analyzed the impact of uncertainty
in soil and vegetation parameters on SM estimates at the three
scales. It used high temporal resolution SM measurements up
to 30 cm depth in the soil based on a sparse network and VWC
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Fig. 13. Time series of the comparison between the VWC from the NASA SM products and in situ upscaled VWC at grids of (a) 36 km (SCA options)
and (b) 9 km (SCA options). B.S. stands for bare-soil conditions, M.S. for mid-season, and L.S. for the late season of the corn growth stages.

Fig. 14. Time series of the comparison between the upscaled in situ SM at 9 km (SMin situ), retrieved SM using in situ values of VWC and clay (SMVC) using
SMAP TB,V and dual-polarization observations, and SMAP SM retrievals for (a) THEXMEX-18 and (b) THEXMEX-19. B.S. stands for bare-soil conditions,
M.S. for mid-season, and L.S. for the late season of the corn growth stages.
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information during two agricultural seasons from THEXMEX-
18 and -19. Four SM upscaling methods were evaluated to
understand the spatial representativeness of the in situ SM mea-
surements at the SMAP scales: arithmetic mean, soil-weighted
average, Voronoï diagram, and soil-weighted Voronoï diagram.
Both the soil-weighted average and the Voronoï diagram ob-
tained the best results with low standard deviation and high CV.
In addition, it was found that the minimum NRL implemented
during THEXMEX-18 and -19 to represent the variability of
SM was fulfilled for these two upscaling methods at the three
SMAP spatial scales with a confidence of 95% and an error of
0.03 m3/m3.

In general, the SMAP SM retrievals at 36, 9, and 3 km were
well correlated with the upscaled SM; however, the SMAP prod-
ucts estimated wetter conditions and the RMSD >0.045 m3/m3

when compared with in situ SM. Among the different options in
the SMAP SM retrieval algorithm, it was found that the single-
channel algorithm based on H-polarization obtained the lowest
bias and RMSD of 0.016 m3/m3 and 0.049 m3/m3, respectively,
for the products at 36 and 9 km. For the 3-km SM product,
the bias and RMSD were 0.063 m3/m3 and 0.087 m3/m3. The
differences between the SMAP SM products and in situ SM were
mainly due to uncertainties in soil and vegetation parameters,
such as soil texture, effective ST, and VWC, that are impacting
SM retrievals during the crop growing season in the agricultural
area. It was found that the incorporation of available in situ
information within the SM retrieval process reduced the differ-
ences of SM estimates when compared to in situ SM, particularly
when V- and dual-polarization TB observations were used in
the optimization cost function. It was also observed that using
simultaneously in situ values in clay fraction and VWC resulted
in SM retrievals with mean differences lower than 0.04 m3/m3

when optimizing either single-channel or dual-channel TB ob-
servations. The use of a local dataset validated by national
institutions could correct the difference in soil texture infor-
mation. Additional field experiments could help in improving
relationships between statistical parameters characterizing the
surface soil roughness and the empirical h parameter used in
emission models. It was also observed that variations due to
spatial heterogeneity in VWC changes at the SMAP pixel level
were not properly characterized by the MODIS NDVI clima-
tology. It is possible to improve actual VWC estimates using
information from microwave active sensors, such as Sentinel-1
and SAOCOM-A and -B and the future missions NISAR and
ROSE-L, and/or implementing constrained optimization algo-
rithms, accounting for the land cover heterogeneity over the
studied region, to retrieve simultaneously SM and τ .

The results of this study are particularly relevant to deter-
mining the applicability of SMAP SM retrievals in agricultural
regions in Central America since the performance of the current
SMAP baseline algorithm has been evaluated for the core vali-
dation sites that are mainly located in USA, Canada, Europe, and
Australia—0.034. Overall, the results are encouraging of how
the SMAP SM retrievals can be improved to enlarge their appli-
cability over agricultural areas that are not included as validation
core site. Improvement of some parameters such as VWC can be
conducted by using active observations or derived information,

such as the cross-polarization ratio as a proxy, as suggested in
[13]. Utilizing current L- and C-band active missions, such as
CONAE SAOCOM-A and -B and CSA Radarsat-2 and future
SAR missions such as NASA/ISRO NISAR and ESA ROSE-L,
is promising, particularly for regions lacking in situ vegetation
information.
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