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Potential of Mapping Global Soil Texture Type
From SMAP Soil Moisture Product: A Pilot Study

Long Zhao , Kun Yang , Jie He, Hui Zheng, and Donghai Zheng

Abstract— Soil texture and associated thermal and hydraulic
parameters are key to land surface processes. Current global
soil datasets are derived from limited soil samples, which are
not only very costly but also prone to large uncertainties. While
it is difficult to directly retrieve soil properties through satellite
remote sensing, this study explores the feasibility of mapping
global soil type and thereby corresponding soil texture through
the Soil Moisture Active Passive (SMAP) soil moisture product
without reference to soil samples. Specifically, for each grid-cell,
12 U.S. Department of Agriculture (USDA) soil types are first
used to drive the Noah-MP land surface model and then the
optimal one is obtained by referring to a four-year (2015–2018)
SMAP soil moisture time series. The proposed scheme can
reasonably map the global distribution of soil types in terms
of sand/clay content and porosity that are close to the Global
Soil Dataset for Earth System Models (GSDE) dataset and
outperform the one used in the Global Land Data Assimilation
System (GLDAS)/Noah model. The result of this pilot study is
very encouraging as it purely relies on satellite data, which is
especially important for remote areas where few soil samples are
available and conventional soil datasets may have large biases.
Further improvements may be achieved upon improved soil
organic matter parameterization, through land data assimilation,
and by considering additional satellite information.

Index Terms— Land surface model, Noah-MP, Soil Moisture
Active Passive (SMAP), soil moisture, soil texture type.

I. INTRODUCTION

LAND surface models and satellite remote sensing are
commonly used in predicting and monitoring large-scale

land states. Soil texture like sand or clay content, and associ-
ated thermal and hydraulic parameters like porosity regulate
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energy and water flow and thus their specification may greatly
impact the land surface modeling [1]–[3] and remote sensing
retrieval results [4]. For the past decades, tremendous efforts
have been made to conduct soil surveys and to eventually
develop high-resolution regional and global soil database,
e.g., the State Soil Geographic (STATSGO; [5]), gridded soil
color map of China [6], Global Soil Dataset for Earth System
Models (GSDE; [7]), and SoilGrids [8]. The latter two that
derived with relatively better data resources are also found to
be of overall best accuracy as evaluated against the soil profile
database of the World Soil Information Service (WoSIS) [9].
Building upon these studies, Dai et al. [10] developed two
global scale high-resolution soil thermal and hydraulic datasets
using a fitting approach based on GSDE and SoilGrids. How-
ever, due to different algorithms and sources of soil databases
used, discrepancies persist among these datasets. Meanwhile,
all the available soil datasets are subject to uncertainties due
to limited soil samples, especially in remote areas.

While newly developed land surface models are capable of
digesting these spatially varying soil properties, some other
models opt to represent soil properties through prescribed
lookup tables [9]. This approach usually groups soils into a
few types according to their composition by following certain
algorithms like the U.S. Department of Agriculture (USDA)
textural triangle [5], and each soil type is assigned with a set of
distinct thermal and hydraulic parameters. However, the cur-
rent available global map of soil types is usually obtained
through limited soil samples, and biased soil types may lead to
large uncertainties in predicted land states [3]. Therefore, it is
necessary to implement soil calibration, especially in remote
regions or undeveloped countries with limited observations,
in order to improve land surface modeling on a global scale.

In fact, satellite remote sensing that exhibits large
spatiotemporal extents has long been proven useful and
applied in land surface modeling/monitoring. For example,
Niu et al. [11] developed a simple groundwater model using
terrestrial water storage anomalies from the Gravity Recov-
ery and Climate Experiment (GRACE). Yang et al. [12] and
Yang et al. [13] improved SiB2’s capability in soil moisture
estimation by calibrating time-invariant parameters through
the assimilation of AMSR-E brightness temperatures (TBs).
De Lannoy et al. [14] obtained global L-band microwave
radiative transfer parameters by fitting the climatology of sim-
ulated TB toward SMOS observations. The satellite-promoted
land surface modeling studies have also extended to the
Soil Moisture Active Passive (SMAP) mission. In addition
to its conventional applications in drought monitoring [15]
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and the generation of root zone soil moisture reanalysis
through assimilation of TB observations [16], the high-quality
SMAP soil moisture product has also inspired some pioneer
researches. For example, McColl et al. [17] retrieved soil
moisture drydowns as characterized by exponential decay
time scale over global land. Massari et al. [18] inferred pre-
cipitation upon SMAP retrievals, and Pinnington et al. [19]
calibrated parameters of pedotransfer function through SMAP
data assimilation (DA).

Although satellite sensors cannot directly “see” soil texture,
the past years have seen some pioneer studies that link field
samples of soil properties (i.e., sand and/or clay content)
with remotely sensed optical and radar imageries at certain
geo-climatic regions (see [20]–[22]). Given these successful
attempts, this research intends to explore the potential of
SMAP soil moisture product that contributes to land surface
modeling in terms of global soil mapping without referring to
any soil samples. Practically, soil properties can impact soil
water capacity/infiltration and thus soil moisture variations.
Here we hypothesize that the climatology from SMAP soil
moisture time series can help detect soil properties by com-
paring with soil-type-based land surface modeling, especially
in areas with limited soil samples. Specifically, the four-
year (2015–2018) SMAP level 3 passive surface soil moisture
retrievals (SPL3SMP) are used to calibrate Noah-MP soil
textural types (hereafter “soil types”), grid by grid, over the
global land. The calibrated soil types are then evaluated against
two other global soil databases by means of soil clay, sand
fractions, and porosity. It is worth noting that rather than
accurately mapping global soil type/texture, the overall goal of
this study is to demonstrate that satellite products with large
spatiotemporal extents like SMAP soil moisture do contain
information on land surface properties (e.g., soil texture).
Meanwhile, in order to facilitate the investigation and in regard
to the overall computational load, we opt to calibrate USDA
soil type rather than estimation of individual soil parameters
for a certain grid-cell. This article is organized to first briefly
describe the calibration scheme, the Noah-MP land surface
model as well as the SMAP soil moisture and forcing data used
in Section II, then the calibration of soil types and evaluation
results in Section III, followed by discussions and concluding
remarks in Sections IV and V.

II. METHODOLOGY AND DATA

A. General Schematic

This study examines the potential of the SMAP product
in reproducing the global distribution of soil properties. Our
scheme is to run a land surface model with the 12 USDA soil
types at a grid scale over the global land, and then compare the
estimated soil moisture time series with the SMAP retrievals
to screen the optimal soil type for each grid-cell. Note that
during the model simulation, the lookup table method is used,
and a unique set of soil hydraulic and thermal parameters are
assigned for each soil type (Table S1), resulting in a total
of 12 soil moisture time series for each grid cell. With this
calibration-oriented approach, special attention is paid to the
choice of forcing data and satellite observations, efforts are

Fig. 1. Schematic of the SMAP soil moisture and Noah-MP-based global soil
type calibration. “CMFD” and “GLDAS” forcing refer to reanalysis originated
from the 3-hourly CMFD and the GLDAS, respectively, and “GLDAS” and
“GSDE” soil data each indicates topsoil (0–30 cm) fractions used in most of
the GLDAS land models and those from the GSDE.

made in modifying the land surface model, and a stepwise soil
type screen procedure is implemented to obtain the optimal
soil type. Finally, the determined soil types are evaluated
against two global soil databases with regard to specific soil
textures (i.e., sand and clay content) and soil porosity. Fig. 1 is
the flowchart of this calibration and evaluation procedure,
and more details regarding the model implementation, soil
type calibration and evaluation, and related datasets are briefly
described in Sections II-B–II-D.

B. Noah-MP LSM

This study adopts Noah-MP as the land surface model
to provide soil moisture simulations. It is developed over
the Noah model version 3 by providing a series of alterna-
tive parameterization schemes for several key land surface
processes [23]. Regional evaluations suggest that Noah-MP
is capable of producing favorable soil moisture estimates
among mainstream land surface models [24]. By default,
Noah-MP opts to the lookup table-based solution to retrieve
prescribed soil and vegetation parameters through given soil
and vegetation types, which may ease the implementation
of the proposed soil type calibration experiment. Meanwhile,
it is integrated into the Weather Research and Forecast-
ing (WRF) model [25], such that subsequent improvements
made to Noah-MP are expected to directly feedback to regional
or global weather/climate models. Readers are encouraged
to refer to [23] for more details on the original design
and optional parameterization schemes of the model. The
offline Noah-MP is now embedded in the high-resolution
land data assimilation system (HRLDAS), and the recent
release of v4.0.1 with source code accessible online through
https://github.com/NCAR/hrldas is adopted as the baseline
model to perform land surface simulations.

By default, Noah-MP simulates hydrologic and thermal
states within four soil layers that are deep to a depth of 2 m
(i.e., 10, 30, 60, and 100 cm for the thickness of each layer).
Representativeness issue in the layering of soil moisture by the
land surface model is commonly observed by the community
(see [26]). In this study, the simulated first-layer soil moisture
is compared to the SMAP SPL3SMP product. However, this
relatively thick soil layer, namely, 0–10 cm, may lead to verti-
cally scale-mismatch as the L-band based microwave signal in
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SMAP can only penetrate a few centimeters (e.g., 2.5 cm over
the Tibetan Plateau as suggested by Zheng et al. [27]) under
most circumstances. Therefore, prior to the global calibration,
we have first modified the soil layering scheme in Noah-MP to
characterize topsoil with finer layers. Specifically, a total of six
soil layers with thicknesses of 2.5, 7.5, 10, 20, 60, and 100 cm
from top to the bottom are used. Besides, to accommodate
the newly introduced layering scheme, a three-loop spinup
phase is implemented by driving Noah-MP with forcing data
from the year 2015 (i.e., three years in total) to make the
model reach equilibrium, and the output from the last model
time step is served as initial conditions for the follow-on
simulation. Meanwhile, prior to the spinup, some external
reanalysis and satellite retrievals were used to initialize the
model (at the first model time step of January 1, 2015),
including multilayer snow, soil temperature, and soil moisture
from the Global Land Data Assimilation System (GLDAS)-2.1
Noah simulations (GLDAS_NOAH025_3H), leaf area index
and vegetation fraction from Global Land Surface Satellites
(GLASS) [28], and MODIS-derived land cover information.
Note that we opt to retrieve initial conditions from the
same model output to avoid possible energy and/or water
imbalance and thereby crash during the simulation. In fact,
the influence of initial conditions is barely seen after the
three-year spinup. As such, the use of GLDAS Noah output
to initialize the Noah-MP should have negligible impacts
on the Noah-MP simulations and the subsequent comparison
with GLDAS soil texture as well. The default combination
of parameterization schemes as adopted in WRF Noah-MP is
used, and readers could refer to the HRLDAS GitHub Reposi-
tory (https://github.com/NCAR/hrldas) for more details on the
default and alternative parameterization schemes. An example
of showing the refined Noah-MP’s capability in capturing the
fast-varying topsoil moisture is presented in Fig. S1.

C. Determination and Evaluation of Optimal Soil Type

The soil type calibration is conducted in a grid-by-grid
manner. After the spinup, which is conducted for each of the
12 soil types, the simulation is continued for another four
years spanning from 2015 to 2018 at an hourly time step.
The generated 12 members of the time series of surface layer
soil moisture are then compared with the SMAP products
to obtain three statistical metrics, namely, root-mean-square
error (RMSE), mean bias error (BIAS), and correlation coeffi-
cient (R). Upon further analysis (see Section III-A), a stepwise
screen procedure is proposed to determine the optimal soil type
by jointly using all three metrics.

The above-retrieved grid-dependent “optimal soil type” is
subsequently evaluated in terms of sand, clay fractions, and
porosity against two soil datasets, namely, the GLDAS top-
soil (0–30 cm) fractions derived from Reynolds et al. [29]
(hereafter “GLDAS”) and the more recent GSDE first layer
(0–10 cm) soil data for NOAH developed by Dai et al. [10]
(hereafter “GSDE”). To facilitate the evaluation, we have
followed Cosby et al. [30] to convert the SMAP-Noah-
MP-retrieved optimal global soil types into soil fractions
(hereafter “This study”). This is accomplished based on the

USDA textural triangle [5] by assigning midpoint values of
percent sand and clay for corresponding soil type, whereas
porosity is directly extracted from the Noah-MP soil lookup
table (see Table S1). The evaluation has focused on spatial
distribution and magnitudes of soil fractions and porosity.
Note that “GLDAS” is in fact originated from the Food and
Agriculture Organization (FAO) digital soil map with limited
soil samples [29], and by default used in most of the GLDAS
land models [31]. Therefore, it is used as the background soil
information. Meanwhile, while the aforementioned SoilGrids
and GSDE have incorporated massive in situ soil samples as
well as more sophisticated methods in merging multisource
soil data, and thus perform equally well in characterizing
global soil properties [9], the GSDE soil data is alternatively
used in this pilot study and is treated as the reference in the
following analysis. Under this scenario, the spatial distribution
of this study estimated soil texture and porosity that is closer
to GSDE than GLDAS will suggest an “effective” soil type
retrieval through the SMAP-Noah-MP experiment, and vice
versa.

D. Satellite and Forcing Data

Operating at passive/active L-band and from a sun-
synchronous, near-circular orbit, the SMAP satellite provides
an extraordinary opportunity to monitor land surface wetness
with a target overall accuracy of ubRMSE ≤0.04 m3·m−3.
While the active sensor failed in 2015, the passive sensor
has continued to deliver soil moisture retrievals since its first
launch in January 2015. The baseline soil moisture retrieval
algorithm, as well as the project description and introduction to
SMAP soil moisture products are documented in [32] and [33].
All the SMAP soil moisture products are available online
through the National Snow and Ice Data Center by visit-
ing https://nsidc.org/data/SMAP/SMAP-data.html. A series of
global evaluations have demonstrated the credibility of SMAP
passive soil moisture [34], [35], despite some dry and wet
biases [36], [37]. Further studies also suggest that SMAP
retrievals are among the currently best available satellite soil
moisture product [38]–[40], and can reasonably represent the
areal average as compared to in situ and modeled soil moisture
at certain circumstances [41]. Here in this pilot study, we opt to
use the user-friendly ease-grid 36 km SPL3SMP soil moisture
product (version 5, release of R16020 by the time of this
study) to calibrate soil type at the global scale, and the
validity of using soil moisture retrieval other than the original
TB observations for the calibration is further discussed in
Section IV.

Forcing data is also the key to land surface simulation
and thus may eventually impact the soil type calibration.
In this study, the recently released version 2.1 of 3-hourly
GLDAS [31] Noah forcing (GLDAS_NOAH025_3H) is used
by default to drive Noah-MP. This dataset is a fusion of
multisource meteorological products that combines reanalysis
from NCEP’s Global DA System and observed precipitation
from the Global Precipitation Climatology Project as well
as radiation from the Air Force Weather Agency. The main-
land of China, however, is favored with the 3-hourly China
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Fig. 2. Cumulative distribution function (CDF) of statistics differences over
all grid-cells in terms of (a) RMSE, (b) |BIAS|, and (c) R between the first
and the lower tenth RMSE-ranked soil type.

Meteorological Forcing Dataset (CMFD) developed by
He et al. [42]). The unique feature of this CMFD is the
integration of a large number of in situ observations from
the China Meteorological Administration (CMA), and it is
proven superior to the GLDAS forcing over the mainland of
China [42]. A detailed description of the CMFD is documented
in [42]. Note that: 1) the original 0.25◦ GLDAS-2.1 and
0.1◦ CMFDs are spatially aggregated to the S-km ease-grid
resolution to facilitate the subsequent soil type calibration and
2) while GLDAS forcing and SMAP product are produced
up to present, CMFD is available till December 2018 by the
time of this study, and therefore, the four-year overlap of
2015–2018 among GLDAS, CMFD, and SMAP is adopted
as the study time window.

III. RESULTS

A. Stepwise Screen of Optimal Soil Type

To ensure statistical significance, only those grid-cells with
at least 200 effective SMAP soil moisture retrievals during
the four-year (2015–2018) time window are considered. Mean-
while, since the SMAP retrieved absolute soil moisture values
may contain large uncertainties, grid-cells with minimum
RMSE values equal to or larger than 0.06 m3·m−3 are excluded
in the following soil type optimization. It is worth noting
that, for most grid-cells, a few of RMSE-based top-ranking
soil types may have close statistics. To better illustrate this
issue, we have calculated the RMSE difference between each
of the lower- and top-RMSE-ranked soil types for all the grid-
cells. As seen from Fig. 2, at least 60% of the grid-cells
possess less than 0.04 m3·m−3 of RMSE difference between
the first ranked and each of the other top nine (second–
tenth) RMSE-ranked soil types. This RMSE difference of
0.04 m3·m−3 in soil moisture is actually the target global
retrieval accuracy for the SMAP mission [32]. Similarly,
among the top three RMSE-ranked soil types there are more
than 50% of the grid-cells differ less than 0.01 m3·m−3 in
|BIAS| comparison. Besides, among the lower-ranked 11 soil
types, about 40% of the grid-cells hold even larger R values
than the first RMSE-ranked one. Therefore, we should not
simply rely on a single metric to determine optimal soil type.

The above observations further imply that more than one
top-ranked soil types, either RMSE-, R-, or BIAS-based, are
possible candidates for the desired soil type. Therefore, for

Fig. 3. Comparison between optimal soil type modeled soil moisture and
SMAP products in terms of (a1) RMSE, (b1) R, and (c1) BIAS, and their
corresponding (a2)–(c2) histogram plots over global land from 2015 to 2018.
Note that BIAS in (c2) is represented as absolute values.

a given grid-cell, we propose to determine the optimal soil
type through a stepwise procedure that screens out unqualified
soil types by successively referring to the three statistical
metrics of RMSE, BIAS, and R. First, all the candidate soil
types (RMSE ≤ 0.06 m3 · m−3) are ranked according to
their RMSE values, and those differing the least RMSE by
less than 0.04 m3·m−3 are retained in the repository. Second,
the updated soil type repository is reranked based on |BIAS|,
and those differing the least |BIAS| by less than 0.01 m3·m−3

are retained. Finally, the reupdated soil type repository is
reranked again for the third time according to R, and the top-
ranked one is taken as the final optimal soil type. Note that
this three-step screening is terminated whenever only one soil
type is retained and then taken as the optimal one.

B. Evaluation of Optimal Soil Type With SMAP Soil Moisture

Fig. 3 shows the spatial distributions of statistics between
SMAP SPL3SMP and the model estimated soil moisture using
the afore-screened optimal soil type.

The blanks over global land correspond to areas with
effective model-SMAP pairs less than 200 and/or RMSE
larger than 0.06 m3·m−3. They also approximate specific
regions where either SMAP soil moisture retrieving is not
performed or its accuracy hardly meets the expected require-
ments [32]. These mainly include high latitudes of America
and Eurasia, Greenland, and the Himalayas that characterized
by seasonal or permanent snow cover, frozen soils and/or
mountainous topography, and the East USA, North to Middle
South America, Middle Africa, and Southeast Asia that are
typically characterized by dense vegetation—both hamper
accurate soil moisture estimation from either land surface
modeling and microwave remote sensing.

Despite the blank areas, for the rest of the global land
(hereafter “qualified-grid-cells”), the optimal soil type is found
to in general yield reasonable topsoil moisture estimates
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Fig. 4. Spatial distribution of soil sand fraction (%) originated from
(a) SMAP-Noah-MP-calibrated soil type (this study), (b) GSDE soil data,
and (c) GLDAS soil texture over global land.

with respect to the four-year (2015–2018) SMAP SPL3SMP
soil moisture time series. Specifically, more than 70% of
the qualified grid-cells yield statistics with RMSE less than
0.05 m3·m−3 and R larger than 0.5, and over 90% of the grid-
cells with |BIAS| less than 0.02 m3·m−3. Note that relatively
low RMSE, BIAS, and small correlations (R) are found over
parts of northern and eastern Africa. This is reasonable since
this area is typically characterized by desert with low soil
water content and less seasonal variations as well due to
limited precipitation. Another exception is the high latitudes
around Alaska and East Russia that exhibit significant large
negative bias and small correlations. This can be partially
explained by the unrealistic estimation of soil porosities, as
demonstrated in Section III-C.

C. Evaluation Against GSDE and GLDAS Soil Data

Figs. 4–6 show the comparison of this study, GSDE, and
GLDAS estimated soil texture in terms of sand/clay fraction
and soil porosity. With the excluding of dense vegetated and
seasonal frozen/snow-covered areas, the proposed scheme has
reproduced GSDE- and GLDAS-like spatial distribution of soil
texture for qualified-grid-cells. Take Australia as an example,
all the three soil textures observe more sand content in the
western part (Fig. 4), together with less (more) clay content
in the West (East) (Fig. 5), and thereby yields lower (higher)

Fig. 5. Spatial distribution of soil clay fraction (%) originated from
(a) SMAP-Noah-MP-calibrated soil type (This study), (b) GSDE soil data,
and (c) GLDAS soil texture over global land.

porosity in the West (East) (Fig. 6). Similar patterns are also
seen in other continents, e.g., more clay content in Southwest
Eurasia, more sand content in both North and South Africa,
and moderate sand content in the USA. Besides, at some
locations like Southeast Russia, West USA, and South Africa
(see colored cycles in Figs. 4 and 5), both this study and
GSDE suggest higher (lower) sand (clay) contents in contrast
to GLDAS. This is even more evident in regard to soil porosity
(see Fig. 6), of which this study and GSDE exhibit relatively
lower values at mid-to-low latitudes, while GLDAS suggest
overall higher porosity in most regions.

A quantitative comparison is conducted to better measure
the consistency between this study estimated soil properties
against known soil databases. Note that the original 0.25◦
GLDAS and 1 km GSDE soil texture and porosity are first
spatially resampled to the 36 km ease grid to facilitate the com-
parison. As shown in Fig. 7, it is clear that, in terms of percent
sand, clay, and soil porosity, the differences between this study
and GSDE are greatly reduced as compared to GLDAS at the
global scale. More specifically, the global mean difference in
percent sand, clay, and porosity has decreased from −5.9% to
−2.5%, 4.9% to 0.8%, and 0.083% to 0.025%, respectively.
The former also possesses relatively smaller dispersions for
soil sand and clay content (29.7%, and 13.4% versus 27.2%
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Fig. 6. Spatial distribution of soil porosity originated from (a) SMAP-Noah-
MP-calibrated soil type (this study), (b) GSDE soil data, and (c) GLDAS soil
texture over global land.

and 12.6%), indicating the estimated soil properties are closer
to the “reference” GSDE soil data than the GLDAS default.
Similar results are also seen in Fig. 8 for the Mainland of
China, with an even larger reduction in clay and porosity
estimation as well as smaller dispersions as compared to the
globe. The above suggests that the proposed method in this
study holds potential in reasonably estimating soil properties
over global land.

IV. DISCUSSION

A. Soil Porosity Uncertainties and the Impact of Organic
Matter

The negative bias in estimated soil moisture at high latitudes
as observed from Fig. 3(c1) can be partially attributed to the
unrealistic presentation of soil porosity in Noah-MP. The high-
est porosity value prescribed in the lookup table is 0.484 for
“silt” (see Table S1). The reference GSDE data, however, sug-
gest relatively low soil porosity at middle latitudes but a sig-
nificantly higher value of ∼0.600 at high latitudes [Fig. 6(b)].
While GSDE cannot necessarily represent the ground truth,
the GLDAS soil dataset, in the meantime, also suggests even
larger spatial extents of high soil porosity [Fig. 6(c)]. In a land
model like Noah-MP, soil porosity determines the maximum
soil water content. As such, this overall “lower” prescribed

Fig. 7. (a)–(c) Histogram and (d) statistics of soil texture and porosity
differences between this study estimation and GSDE/GLDAS soil databases.
Shown are the results over global land grid-cells by excluding blanked areas
in Fig. 4(a).

Fig. 8. (a)–(c) Histogram and (d) statistics of soil texture and porosity
differences between this study estimation and GSDE/GLDAS soil databases.
Shown are the results over Mainland of China.

soil porosity will likely generate low soil moisture and thus
is prone to negative bias as compared to SMAP, which will
subsequently yield sandier soils during the soil type screening
[see Fig. 4(a)]. On the other hand, the high soil porosity that
is observed in both GSDE and GLDAS datasets probably
results from increasing soil organic matter content in some
regions as proposed by Calvet et al. [43]. This, however,
is not well represented through the lookup table-based solution
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Fig. 9. Variations between dielectric mixing model (see [48]) simulated
L-band permittivity and (a) soil moisture, (b) soil clay fraction, and (c) soil
temperature. In each subplot, the solid lines and error bars each represent
the mean and ±1 standard deviation of real/imaginary parts of the complex
permittivity that is calculated by fixing one of the soil parameters while
varying the other two.

that prescribes soil parameters upon limited soil types, and
therefore indicates the necessity of better parameterizing the
impact of soil organic matter through improved pedotransfer
functions (see [43], [44]).

B. Validity of Soil Type Calibration With SMAP Soil Moisture

There exist a series of microwave remote sensing-based
land DA by assimilating either TB (see [16], [45]) or soil
moisture ([19], [46]). However, in this pilot study, we opt to
calibrate global soil texture type using SMAP soil moisture
product rather than the TB observations, mainly due to two
considerations. First, the TB estimation relies on a microwave
radiative transfer model which requires additional inputs of
other land states (e.g., soil and vegetation temperature, and
vegetation optical depth) and auxiliary parameters (e.g., sur-
face roughness), and thus may bring new uncertainties to the
calibration process. Second, although the retrieved SMAP soil
moisture may have already implicitly contained information of
soil texture, the simulated microwave TBs are generally less
sensitive to the input of soil texture, e.g., sensitivity analysis
toward C-band TB from [47]. In this article, we also verify this
for the SMAP TB by quantifying the sensitivity of L-band soil
permittivity simulations to different soil parameters. We rely
on a commonly used temperature- and texture-dependent
dielectric mixing model developed by Mironov et al. [48],
which represents soil permittivity as a function of soil mois-
ture, temperature, and soil clay content, to estimate soil
permittivity. And the sensitivity analysis is accomplished by
varying each of the three input soil parameters within their
typical physical ranges (soil moisture: 0–0.5 m3·m−3; clay
fraction: 0%–60%; soil temperature: 0 ◦C–40 ◦C).

As shown in Fig. 9, both the real and imaginary parts of
the L-band complex permittivity are mainly determined by
soil moisture and less by soil texture (i.e., clay fraction),
and almost insensitive to soil temperature. This is further
confirmed by using a global sensitivity analysis tool developed
by Cannavó [49], which suggests “first order Sobol’ sensitivity
indices” [50] of around 0.952, 0.036, and 0.002 for each of
the aforementioned three parameters. These analyses indicate
that the L-band soil permittivity, and thereby TB, is relatively
less affected by soil texture. Therefore, the use of SMAP

Fig. 10. Spatial distribution of (a) total number of available SMAP soil
moisture retrievals during the calibration period (2015–2018) and (b) mini-
mum RMSE values (unit: m3m−3) between model and satellite soil moisture
among all soil types.

soil moisture for global soil mapping in this pilot study is
justifiable.

C. Uncertainties in Satellite Retrieval and Model Estimations

In this study, we have set criteria of: 1) effective SMAP-
Noah-MP soil moisture pairs no less than 200 and 2) minimum
RMSE between model and SMAP not exceeding 0.06 m3·m−3.
Fig. 10 shows the global statistics of total available SMAP soil
moisture retrievals during the calibration period (2015–2018)
and the minimum RMSE values among all soil types for
each grid-cell. It is clear that almost all the grid-cells possess
enough qualified soil moisture pairs (≥200) for calibration,
indicating the blank areas are mainly originated from the
RMSE criteria, which is further verified by Fig. 10(b).

Despite the above, it is still difficult to attribute this uncer-
tainty to either SMAP or Noah-MP estimations. First, the
Noah-MP model used in this study is by default not using
the dynamic vegetation parameterizations. Therefore, biased
vegetation initial conditions as originated from the GLASS
leaf area index and vegetation fraction may probably induce
additional uncertainties into the model outputs, especially
at densely vegetated areas like forests. Second, while it is
common that land surface modeling is challenging over moun-
tainous and heavy vegetated areas, the degradation in satellite
retrievals including SMAP is also well recognized over these
areas (see [35]), and the official 0.04 m3·m−3 accuracy of
SMAP soil moisture is not claimed over these areas either [32].
This is likely to induce decreased correlation as well as large
root mean square difference (RMSD) between them.

A possible solution of making use of biased satellite and
land model is through land DA that first eliminates sys-
tematic biases between the two, as previously attempted by
Yang et al. [12] and Vrugt et al. [51]. Besides, while most of
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the land surface components are closely connected, satellite
remote sensing of both the soil and vegetation properties
(e.g., SMOS-IC, [52]) should further promote the land surface
modeling by integrating multisensor products like evapotran-
spiration and land surface temperature. These are recognized
as future work and shall be reported in future studies.

V. CONCLUSION

This study proposes to map global soil type by using
SMAP soil moisture within a land surface model framework.
Preliminary findings demonstrate encouraging results such as:
1) the proposed scheme is capable of reasonably mapping
global soil texture (e.g., sand/clay content and porosity) and
2) the calibrated soil type can produce reasonable topsoil
moisture through Noah-MP as compared to SMAP retrievals.
It is worth noting that this is achieved without reference to any
soil samples, but by purely relying on SMAP soil moisture
alone, highlighting the potential of using SMAP soil moisture
in advancing land surface modeling through the calibration of
grid-scale soil properties.

Limitations are also recognized in this pilot study. First,
most of the soil thermal and hydraulic parameters are retrieved
upon prescribed soil types and thus the impact of soil organic
matter, which is commonly observed in the high latitudes,
is not well represented in this study. Second, during the
stepwise screening of optimal soil type, the use of a universal
criterion and associated thresholds are subjective and screening
results may vary with different criteria used. Third, during the
soil type evaluation, the preprocess that projects soil type into
soil texture by assigning midpoint values following the soil
textural triangle may introduce additional uncertainties, and
the reference “GSDE” may also be biased at some locations
too [9]. In addition, uncertainties in the SMAP soil moisture
may result in overfitting during the soil type calibration, and
the sensitivity test of soil moisture retrieval from TB with
regard to soil clay still suggests potential impacts, especially
under low clay content conditions.

Given the above limitations, it is impossible, nor is our
intention, to accurately map global soil texture through this
pilot study, and therefore, evaluation against in situ soil profiles
database is not performed. Nevertheless, it does shed light on
improving land surface modeling as satellite data do contain
information on soil and vegetation properties. The latter is
indeed the basics for parameter-calibration-oriented land DA.
Most of the previous land DA studies, as to our knowledge,
have been focusing on introducing increments into land states.
This pilot study, however, suggests that satellite product holds
promise to improve land surface modeling through calibration
of temporally invariant but spatially variable soil and/or veg
parameters. Further improvements in estimating soil texture
as well as other soil thermal-hydraulic parameters could be
achieved with more considerations, such as by incorporating
soil organic matter with improved thermal and hydraulic
parameterizations (see [43], [44]), by including multisensor
products that are closely connected to land soil properties,
and/or counting uncertainties from both the model and satellite
observations through sophisticated land DA.
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