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Abstract: The assimilation of radiometer and synthetic aperture radar (SAR) data is a promising
recent technique to downscale soil moisture products, yet it requires land surface parameters and
meteorological forcing data at a high spatial resolution. In this study, we propose a new downscaling
approach, named integrated passive and active downscaling (I-PAD), to achieve high spatial and
temporal resolution soil moisture datasets over regions without detailed soil data. The Advanced
Microwave Scanning Radiometer (AMSR-E) and Phased Array-type L-band SAR (PALSAR) data are
combined through a dual-pass land data assimilation system to obtain soil moisture at 1 km resolution.
In the first step, fine resolution model parameters are optimized based on fine resolution PALSAR
soil moisture and moderate-resolution imaging spectroradiometer (MODIS) leaf area index data, and
coarse resolution AMSR-E brightness temperature data. Then, the 25 km AMSR-E observations are
assimilated into a land surface model at 1 km resolution with a simple but computationally low-cost
algorithm that considers the spatial resolution difference. Precipitation data are used as the only
inputs from ground measurements. The evaluations at the two lightly vegetated sites in Mongolia
and the Little Washita basin show that the time series of soil moisture are improved at most of the
observation by the assimilation scheme. The analyses reveal that I-PAD can capture overall spatial
trends of soil moisture within the coarse resolution radiometer footprints, demonstrating the potential
of the algorithm to be applied over data-sparse regions. The capability and limitation are discussed
based on the simple optimization and assimilation schemes used in the algorithm.

Keywords: active-passive; data assimilation; microwave remote sensing; soil moisture; downscaling;
disaggregation; PALSAR; AMSR-E; MODIS

1. Introduction

Soil moisture plays an important role in controlling the energy and water cycles in the
land-atmosphere system [1–3]. However, soil moisture exhibits a high spatiotemporal variability,
mainly dictated by soil texture, vegetation, meteorological forcing, and topography [4–6]. Due to
the high variability, it is impractical to fully capture the soil moisture behavior in time and space
by sparsely distributed ground-based point measurements. Therefore, there has been a compelling
need to quantify soil moisture with high spatial and temporal resolutions for successful hydrological,
meteorological, and agricultural applications [7].
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Satellite remote sensing can measure soil moisture on a large spatial scale with consistent accuracy
at a constant revisit interval. Among the remote sensing techniques which can measure soil moisture,
passive microwave remote sensing systems have proven to be the most promising technique to
measure soil moisture with shorter revisit times through sensing the dielectric properties of the
soil [8,9]. However, major passive remotely sensed soil moisture products, such as the Advanced
Microwave Scanning Radiometer 2 (AMSR2), the Soil Moisture Ocean Salinity system (SMOS),
and the Soil Moisture Active and Passive system (SMAP), have coarse spatial resolutions (several
tens of kilometers) for hydrological applications. As a consequence, many studies have explored
downscaling or disaggregation methods for deriving fine resolution soil moisture from passive
microwave observations through combining optical and thermal remote sensing observations [10,11];
soil surface attributes [12]; and higher frequency radiometer observations [13].

Active microwave sensors also detect surface soil moisture through the changes in the soil dielectric
properties. For instance, the Advanced Scatterometer (ASCAT) can measure daily soil moisture with
25 km resolution [14]. Furthermore, synthetic aperture radars (SARs) achieve higher spatial resolutions
but with long revisit intervals such as the phased array-type L-band SAR (PALSAR) and Sentinel-1
SAR. The combination of radar and radiometer observations is another approach to downscale soil
moisture, which outperforms other approaches in accuracy and robustness [7]. To obtain the maximum
benefit of using active and passive microwave sensors, SMAP was designed to carry L-band radar
and radiometer instruments with resolutions of 3 km and 36 km, respectively [15]. Das et al. [16]
proposed an active-passive retrieval algorithm, which estimates soil moisture with a 9 km resolution
assuming the linear relationship between brightness temperature and backscattering. As the radar
onboard SMAP stopped transmitting due to an anomaly in July 2015, it is no longer possible to combine
SMAP active and passive observations. Nevertheless, Das et al. [17] utilized the active and passive
data during the 2.5 months before the failure and demonstrated the potential of combining radar and
radiometer data for monitoring high-resolution soil moisture.

As using radar and radiometer systems on the same satellite is not currently possible, the combined
use of different satellite datasets has significantly become important. Although several studies have
utilized both active and passive data to obtain higher resolution products [18–21], they have focused
on snapshot downscaling but not continuous time series. Therefore, these methods require active and
passive sensors to concurrently overpass the target region at every time step, which is impractical for
the long revisit interval of SARs.

Recently, data assimilation-based downscaling techniques have been developed to downscale
coarse passive microwave data by using a high-resolution land surface model. The advantages of the
model-based approach are that it can be applied for datasets with any revisit intervals and data loss
due to cloud coverage, and it is capable of assimilating various types of observations. Draper et al. [22]
assimilated 25 km ASCAT soil moisture and 25 km resampled AMSR for Earth Observing System
(AMSR-E) soil moisture into a 25 km land surface model. Similarly, Kolassa et al. [23] assimilated
ASCAT and AMSR-E soil moisture datasets into a land surface model and validated against point-scale
measurements over various sites in the United States. These studies, however, focused on the joint
assimilation of radar and radiometer datasets and did not downscale radiometer data. Lievens et al. [24]
assimilated 36 km SMAP brightness temperature and aggregated 9 km Sentinel-1 SAR backscatter [25]
observations into a 9 km land surface model. They used the three-dimensional ensemble Kalman filter
that considers the scale difference between the SMAP observations and the land surface model. Some
studies also used similar data assimilation techniques to downscale passive microwave observation
without radar data [26–28]. However, the main drawback of these studies is the requirements of
meteorological and land surface parameters at a high spatial resolution to simulate land surface models,
restricting the applications to data-sparse regions.

This study investigates a new approach to estimate high spatial and temporal resolution soil
moisture data by fusing AMSR-E and PALSAR data into a land surface model. The objective
of this study is to develop a new downscaling algorithm, named integrated passive and active
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downscaling (I-PAD), that is applicable to regions without dense land surface datasets. The PALSAR
and moderate-resolution imaging spectroradiometer (MODIS) data are utilized as high-resolution
initial conditions and constraint to estimate land surface parameters at a high resolution (1 km). Then,
25 km AMSR-E C-band (6.9 GHz) and K-band (18.7 GHz) observations are assimilated with a simple
algorithm that accommodates the spatial resolution difference between the model and observations.
The proposed I-PAD method is evaluated at lightly vegetated regions using ground observations,
PALSAR observations, and a well-validated hydrological model.

The developed algorithm is based on the Coupled Land and Vegetation Data Assimilation
System (CLVDAS) [29]. This is a dual-pass land data assimilation system that consists of parameter
optimization and data assimilation processes. The data assimilation step uses a simple algorithm to
assimilate coarse AMSR-E brightness temperature observations into a high-resolution land surface
model assuming a linear decomposition of radiometer data (Figure 1). The benefit of using the simple
algorithm is that it does not require as high computational resources as ensemble methods, which
is crucial for global applications. This algorithm is designed to simulate from an initial PALSAR
observation to the subsequent PALSAR observation to fill the gap between PALSAR and AMSR-E
observations as illustrated in Figure 1c.
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b . The superscripts c and f represent coarse and fine resolutions, respectively. (c) The

target of the current study.

2. Study Area and Datasets

2.1. Study Areas and In-Situ Observations

We selected two observation sites to evaluate the performance of I-PAD. The first experiment was
conducted at the flat semiarid CEOP Mongolia reference site (Figure 2a), comprising 13 automatic
stations for soil hydrology (ASSH) and three automatic weather stations (AWS) [30]. Soil moisture and
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soil temperature were measured at depths of 3 cm and 10 cm at ASSH. Wind, temperature, humidity,
pressure, and precipitation were measured at AWS, in addition to soil moisture and soil temperature.
In this study, the target area was set from 106.50◦E to 106.75◦E longitude and from 46.00◦N to 46.25◦N
latitude, which contains the AWS DRS site and the ASSH C4 site (blue box in Figure 2a). Soil moisture
measurements at 3 cm depth were used to validate simulated surface soil moisture. The measurements
were taken by time domain reflectometry (TDR) probes that were set horizontally at 3 cm depth and
designed to measure the average volumetric water content from 1.5 to 4.5 cm depths [31]. Simulation
periods were selected from June to September to avoid soil freezing and thawing processes, as the
main interest of this study was in the spatial heterogeneity of soil moisture.

The second target area was selected at the Little Washita basin, located in Oklahoma, USA
(Figure 2b). The Little Washita watershed is a well-known site for hydrological validations and
applications, with a number of field campaigns undertaken, such as the Southern Great Plains
Hydrology Experiments (SGP97 and SGP99) and the Soil Moisture Experiments (SMEX02, SMEX03,
and SMEX04). The catchment encompasses an area of 603 km2 and is a sub-humid river basin with
an average annual rainfall of 750 mm. This watershed was selected because of the existence of a
moderate slope, which plays a key role for both wetting and drying processes after rainfall, and the
abundant in-situ data for validation. Twenty agricultural research service (ARS) Micronet stations
were available, which provided soil moisture at 5 cm, 25 cm, and 45 cm depths, rainfall, solar radiation,
relative humidity, air temperature, and soil temperature data [32]. Four Oklahoma Mesonet stations
(ACME, APAC, CHIC, and NINN) also provided rainfall, solar radiation, pressure, relative humidity,
air temperature, soil temperature, and wind speed data [33,34]. In this study site, soil moisture
measurements at 5 cm depth were used to validate simulated surface soil moisture. Hydra Probes
(Stevens Water Monitoring Systems, Inc., Portland, OR, USA) are installed horizontally at 3–7 cm
depths (average of 5 cm) and considered as the 0–5 cm average volumetric water content [35].

Only precipitation data were used as in-situ data to run I-PAD. At the Mongolia site, spatially
homogeneous rainfall was used because only the AWS DRS site measured rainfall within the study area.
In contrast, rainfall data at the ARS Micronet and Mesonet stations in Little Washita were interpolated
to a resolution of 0.01◦ using the Inverse Distance Weighting (IDW) method [36].
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Figure 2. Maps of the target areas and observation stations. (a) CEOP/Mongolia reference site; (b) Little
Washita Basin. Digital elevation model (DEM) was obtained from the National Elevation Dataset
provided by the United States Geological Survey.

2.2. Datasets

PALSAR is a multi-polarimetric L-band SAR with a spatial resolution of about 10 m, and a revisit
interval of about 30–40 days. Soil moisture content was retrieved by PALSAR backscatters using
the algorithm developed by Aida et al. [37] with a slope correction method. Although PALSAR has
a polarimetry (HH/HV/VH/VV) mode, which is effective for separating the contributing factors in
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backscattering, its normal operation modes are fine-beam single polarization (FBS; HH or VV) and
fine-beam dual polarization (FBD; HH/HV or VV/VH) modes. This method utilizes the information of
a limited number of the polarimetry mode to retrieve surface soil moisture from the other frequent
observation modes by assuming the homogeneity in soil characteristics within the image swath and the
stationarity in parameters during the observation period (see Appendix A for further details). Table 1
shows the dates of PALSAR soil moisture retrieved in this study at each target area. The retrieved
data were spatially averaged to a resolution of 0.01◦ (about 1 km) to use for model initial conditions.
Since the PALSAR L-band sensor has deeper penetration depth than the model surface layer (5 cm),
the mean of the estimated soil moisture was then bias-corrected by linear scaling.

Table 1. Dates of PALSAR observations.

Site PALSAR Observations

Mongolia 21 July 2009, 5 September 2009,
8 June 2010, 23 July 2010

Little Washita 6 February 2007, 25 February 2007,
2 March 2007

For passive microwave remote sensing, brightness temperature observations of AMSR-E on
the EOS Aqua satellite were employed. AMSR-E is a multi-channel instrument with frequencies of
6.9, 10.7, 18.7, 23.8, 36.5, and 89 GHz in horizontal and vertical polarization. In this study, 6.9 GHz
(C-band), which is sensitive to soil moisture, and 18.7 GHz (K-band), which is sensitive to vegetation
water content were used following the study by Sawada and Koike [38]. The penetration depth of
these two frequencies is typically 1-2 cm with deeper penetration for C-band. The spatial resolutions
are 75 × 43 km at 6.9 GHz and 27 × 16 km at 18.7 GHz. The brightness temperature from the
descending orbit (1:30 am) at almost daily resolution was resampled at a resolution of 0.25◦ (about
25 km). In addition, we obtained the AMSR-E Level 3 daily soil moisture product [39] for the
validation of the I-PAD results. This product can be obtained through the Globe Portal System website
(https://gportal.jaxa.jp/gpr/?lang=en). Please note that the AMSR-E soil moisture product was only
used for validation purpose and not used for assimilation.

Vegetation is one of the key drivers of soil moisture. Leaf area index (LAI), which is one of the state
variables in the land surface model employed in this study, were obtained from MODIS (MCD15A2) to
use high spatial resolution vegetation information for initial conditions. It is the 8-day product with 1
km resolution, which collects the best observation to remove clouds effects. The obtained data were
resampled at a resolution of 0.01◦ with the nearest-neighbor method.

Meteorological forcing data (rainfall, solar radiation, longwave radiation, air temperature, specific
humidity, air pressure, and wind speed) are necessary to run I-PAD. Although in-situ data were
used with respect to rainfall to reduce error sources, the final goal of this study was to apply I-PAD
globally without relying on in-situ observations. Therefore, the Global Land Data Assimilation System
(GLDAS) [40] data were used for other forcing data while some finer resolution datasets are available
for the Little Washita basin such as the North American Land Data Assimilation System Phase 2
(NLDAS-2) [41,42]. Since GLDAS data are available at 0.25◦ resolution, we assumed uniform forcing
over the modeling domain. In addition, surface soil moisture of GLDAS was used to bias-correct
PALSAR soil moisture, and GLDAS land surface data were used as initial conditions except for surface
soil moisture and LAI.

3. Methods

I-PAD is a dual-pass downscaling algorithm (Figure 1) based on the Coupled Land and Vegetation
Data Assimilation System (CLVDAS) [29,38,43], which is an upgraded version of the Land Data
Assimilation System of the University of Tokyo (LDAS-UT) [44]. LDAS-UT was the first land data
assimilation system that utilized a dual-pass assimilation technique to assimilate AMSR/AMSR-E

https://gportal.jaxa.jp/gpr/?lang=en
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low-frequency observations. CLVDAS was then further developed by introducing vegetation dynamics
and simultaneous assimilation of soil moisture and LAI. The grid size of LDAS-UT and CLVDAS
depends on the observed brightness temperature scale, whereas I-PAD can have a grid size smaller
than the scale of the observed brightness temperature. The simultaneous assimilation of soil moisture
and LAI was not adopted in this study.

The I-PAD model used high spatial resolution soil moisture (aggregated to 0.01◦ resolution) from
PALSAR and LAI from MODIS as initial conditions. In the first step, model parameters at 0.01◦

resolution were optimized using the AMSR-E brightness temperature with a long-time window (several
months) as shown in Figure 1a. Then, in the assimilation step, surface soil moisture in the fine model
grids (0.01◦ resolution) was adjusted with the coarse AMSR-E brightness temperature (0.25◦ resolution)
on a daily basis considering the scale discrepancy (Figure 1b). In this study, 6.9 GHz and 18.7 GHz
AMSR-E observations were used in both steps without considering the difference in penetration depth.
This downscaling approach incorporated EcoHydro-SiB [45] as a land surface model to forecast land
surface variables, and a radiative transfer model (RTM) [46] to calculate brightness temperature. A
core system operated the two applications seamlessly. EcoHydro-SiB, the RTM, and the structure of
the dual-pass system are explained in the following sections.

3.1. Land Surface Model

EcoHydro-SiB [45] was employed as a land surface model to forecast land surface variables
in this study. It is an improved version of Hydro-SiB [47] with a dynamic vegetation scheme that
explicitly simulates vegetation growth and senescence. The model has a multiple sublayer structure
to calculate vertical interlayer flows based on the one-dimensional Richards equation. The first
layer depth of the model was set to 5 cm in this study. The EcoHydro-SiB was applied in various
climatological regions and showed reliable accuracy in calculating water and vegetation dynamics, and
drought indices [43,45,48]. The model parameters include hydrological parameters such as saturated
hydraulic conductivity, porosity, and van Genuchten’s water retention curve parameters [49], ecological
parameters such as turnover rate of leaves, water-related stress parameters, and temperature-related
stress parameters.

3.2. Radiative Transfer Model

The RTM [46] calculates microwave brightness temperature based on the surface soil moisture,
surface temperature, canopy temperature, and vegetation water content estimated by EcoHydro-SiB.
In this model, the brightness temperature at 6.9 and 18.7 GHz with horizontal and vertical
polarization was calculated based on the τ-ω model [50] with the surface reflectivity estimated
by the physically-based advanced integral equation model (AIEM) incorporating a shadowing effect.
The effects of the atmosphere are minimal in these microwave regions and they were not considered in
calculating AMSR-E brightness temperature. The parameters in the RTM are roughness parameters,
soil texture parameters, and vegetation parameters.

3.3. Parameter Optimization Scheme

There are in total 19 parameters in EcoHydro-Sib and the RTM [38]. To make I-PAD applicable to
data-sparse regions, these parameters are auto-calibrated by fitting estimated brightness temperature
with the observed brightness temperature (Figure 1a). This step utilizes a long-time window (~months)
by assuming that the parameters do not change dramatically over the period. The optimum parameter
set at each grid point (i, j) is defined as that which minimizes the following cost function:

COSTi, j =
T∑

t=0
[
(
T6.9V

b,est i, j − T6.9V
b,obs

)2
+

(
T6.9H

b,est i, j − T6.9H
b,obs

)2
+

(
T18.7V

b,est i. j − T18.7V
b,obs

)2

+
(
T18.7H

b,est i, j − T18.7H
b,obs

)2
], #

(1)
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where T6.9p
b,esti,j and T18.7p

b,est i, j are the fine scale estimated brightness temperatures at the point (i, j) at

frequencies of 6.9 GHz and 18.7 GHz, respectively, T6.9p
b,obs and T18.7p

b,obs are the coarse scale observed
brightness temperatures, and p is the polarization (V, vertical; H, horizontal). T was set to 40–60 days
in this study.

The shuffled complex evolution method [51] was used for searching the global optima for the
parameters at each model grid point. The optimization was applied at each fine scale (0.01◦) model grid
point initiated from high-resolution PALSAR soil moisture and MODIS LAI using the coarse AMSR-E
observations. Therefore, the difference between the model grid scale and the AMSR-E footprint was
not considered in the optimization process. The optimized parameter sets were not directly validated
in this study.

3.4. Assimilation Scheme

The assimilation algorithm was developed to connect high spatial and low temporal resolution
SAR data, and low spatial and high temporal resolution radiometer data. The spatial resolution of
CLVDAS depends on radiometer data and it does not consider heterogeneity inside model grids.
To overcome this, we utilized PALSAR soil moisture and MODIS LAI data as initial conditions, which
included high spatial resolution information, and maintained temporal fluctuation with AMSR-E data
on a coarse scale.

The optimized parameters for each fine resolution grid point were used in this step to simulate
high-resolution soil moisture dynamics. Figure 3 illustrates the structure of this assimilation system.
When brightness temperature was observed by the passive sensor, soil moisture, vegetation, and other
land surface variables estimated by EcoHydro-SiB were used as the RTM inputs for estimating the
brightness temperature at 0.01◦ resolution. To compare with the observed brightness temperature at
0.25◦ resolution, we assumed the brightness temperature on a footprint scale can be approximated from
the arithmetic mean of the brightness temperature on a fine scale [52,53]. Consequently, the reference
brightness temperature at the fine scale was estimated by the following equations using the observed
brightness temperature at the coarse scale:

T6.9V
b,re f i, j = T6.9V

b,est i, j

T6.9V
b,obs∑

i, j T6.9V
b,est i, j/N

, T18.7V
b,re f i, j = T18.7V

b,est i, j

T18.7V
b,obs∑

i, j T18.7V
b,est i, j/N

, (2)

where T6.9V
b, re f i, j and T18.7V

b, re f i, j are the reference brightness temperatures at the point (i, j) at frequencies
of 6.9 GHz and 18.7 GHz, respectively. N is the total number of the grid points within the AMSR-E
footprint. By using the reference brightness temperatures, the system searched for the optimum surface
soil moisture at each grid point which minimizes the following cost function:

COSTi,j =
(
T6.9V

b,est
′

i, j − T6.9V
b,re f i, j

)2
+

(
T18,7V

b,est
′

i, j − T18.7V
b,re f i, j

)2
, (3)

where T6.9V
b,est

′

i, j and T18,7V
b,est

′

i, j are the brightness temperatures at the point (i, j) estimated by the modified
soil moisture at the frequency of 6.9 GHz and 18.7 GHz, respectively. This method assumed that there
are no uncertainties in AMSR-E brightness temperature observations. The simple assimilation method
was chosen to reduce the computational costs of EcoHydro-SiB and RTM that had to be solved at each
grid point (25 × 25 points in this study). The assimilated soil moisture value was used as an input for
the next time step calculation.
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Figure 3. Schematic representation of the assimilation system. High-resolution initial conditions of
soil moisture (SM) and leaf area index (LAI) are obtained from PALSAR and MODIS observations.
Then, the land surface model EcoHydro-Sib estimates the evolution of land surface states until when
AMSR-E has a brightness temperature (Tb) observation. With the forecasted land surface variables,
the radiative transfer model calculates brightness temperature at each grid point. The fine resolution
reference brightness temperature is estimated by the coarse resolution observed brightness temperature
and the fine resolution simulated brightness temperature by assuming linearity in microwave emission.
In the assimilation loop, soil moisture at each grid point is updated to minimize the cost between the
updated and reference brightness temperature.

3.5. Experimental Design

I-PAD was driven from the days listed in Table 1 for about two months to simulate from an initial
PALSAR observation to the subsequent PALSAR observation. Thus, this algorithm can be used to
compensate for the low temporal resolution of PALSAR observations (Figure 1c). The surface soil
moisture results were compared after the parameters were calibrated (hereafter optimized model or
opt), and after soil moisture was assimilated (assimilated model or assim).

As the aim of this algorithm was to obtain a high spatial and temporal resolution soil moisture
dataset by taking advantage of the active and passive sensors, it should be evaluated both spatially and
temporally. For this purpose, we examined the algorithm using three sources. First, in-situ observations
were used to evaluate the temporal variations in soil moisture. Second, the spatial distribution of
soil moisture calculated by I-PAD was compared with the soil moisture maps obtained by PALSAR.
The PALSAR images used for the evaluation were images taken subsequent to those used for the initial
conditions (usually after 30–40 days). However, soil moisture retrieved from PALSAR observations has
own uncertainties generated from the algorithm which may bias the evaluations. To mitigate this issue,
WEB-DHM was additionally used to examine the spatial distribution of soil moisture. WEB-DHM
is a hydrological model that couples Hydro-SiB and a geomorphology-based hydrological model
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(GBHM) to incorporate the topography effects on soil water redistribution processes [54]. We chose
WEB-DHM as an additional independent reference because it calculates detail moisture movements
using high-resolution topography, soil properties, land use, and vegetation data. We configured
WEB-DHM and validated its soil moisture outputs over the Little Washita basin as shown in Appendix B.
Please note that the third validation method was only applied in the Little Washita basin where the
sufficient amount of data are available and the soil moisture estimation by WEB-DHM was intensively
validated using two aircraft datasets obtained in SGP97 and SGP99 [54].

Time series of simulated surface soil moisture values were evaluated using skill metrics such as
root-mean-square error (RMSE, m3 m−3), correlation coefficient (R), and mean bias (m3 m−3) against
in-situ observations. With respect to spatial distributions, standard score normalization was done to
compare with PALSAR observations which are sensitive to deeper soil depth.

4. Results

4.1. Mongolia

Figure 4 shows the comparison of the optimized model, assimilated model, and in-situ observation
for daily surface soil moisture at DRS and C4 stations in Mongolia. The model results were obtained
from the closest grid points to the stations. Although the optimized model overestimated soil moisture
at both sites during the dry period, the RMSEs were about 0.04 m2 m−2 which satisfy the soil moisture
accuracy requirement proposed in the SMAP mission [15]. The surface soil moisture estimation became
even better after the assimilation of AMSR-E brightness temperature. The corresponding AMSR-E soil
moisture products are also shown in green circles. Some discrepancies between the estimated and
in-situ observed soil moisture were seen, such as the peak on 28 July 2009 at DRS. This may be due to
the limitation of using uniform rainfall over the domain. However, the I-PAD estimate of the peak
was better than the AMSR-E soil moisture, suggesting the positive effects of the parameter estimation
initiated by PASLAR soil moisture. Conversely, the limitations of decomposing the single AMSR-E
observation linearly to many grid points were detected. Because I-PAD fundamentally adjusts high
spatial resolution soil moisture according to the mean brightness temperature over the domain, soil
moisture at a single grid point could have extreme values as can be seen in the last days in Figure 4a.
The results at C4 show that the assimilated model (I-PAD) estimated better soil moisture both for the
lower limit and the peaks during early August when compared to the optimized model and AMSR-E
soil moisture. Therefore, assimilating the AMSR-E brightness temperature had overall positive impacts
on the simulation of soil moisture temporal variations as observed in the RMSEs and biases.
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distribution on 21 July 2009 is also shown in Figure 5a. As can be seen from Figure 5a and 5b,  

Figure 4. Time series of surface soil moisture (m3 m-3) from the optimized model (blue), assimilated
model (red), observation (black dot), and AMSR-E soil moisture (green circle) at (a) DRS in 2009 and
(b) C4 in 2010 in Mongolia. Skill metrics are indicated on each figure as the root-mean-square error
(RMSE), correlation (R), and bias.

Figure 5 displays a comparison of the soil moisture distributions on 5 September 2009 obtained by
PALSAR and the assimilated model after running for 46 days in Mongolia. The initial soil moisture
distribution on 21 July 2009 is also shown in Figure 5a. As can be seen from Figure 5a,b, the northern
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part of the domain is generally wetter, and the southern part is drier. Figure 5c shows that I-PAD
homogenized the distribution of soil moisture due to the use of the uniform rainfall over the domain.
Note that since we normalized the soil moisture values, these figures are focused on visualizing
relative differences between the grid points which were mainly caused by the optimized hydrological
parameters. The differences between the optimized parameters were generated based only on the
PALAR soil moisture and MODIS LAI. Thus, it is possible that the optimization result at a grid point
was a local optimum considering a large number of the parameters.
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Figure 5. Spatial distributions of normalized surface soil moisture on (a) 21 July 2009 obtained by
PALSAR, and on 5 September 2009 obtained by (b) PALSAR and (c) I-PAD.

Given that the value in a single point may not be reliable, the zonal and meridional averages
of normalized soil moisture over the target area at the Mongolia site (blue box in Figure 2a) were
analyzed for the results on 5 September 2009 (Figure 6). It is clear from Figure 6a that although I-PAD
underestimated soil moisture at the most northern part, it captured the overall trend of the north-south
soil moisture pattern. In addition, Figure 6b indicates that I-PAD succeeded in estimating the wetter
region in the center and drier regions in the domain edges in the east-west direction. Therefore,
it demonstrates that the optimization scheme was able to estimate general patterns of soil texture and
hydraulic properties with high-resolution information only from PALSAR soil moisture and MODIS
LAI at the Mongolia site.
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4.2. Little Washita

Figure 7 shows the time series of soil moisture at two selected observation sites with different
starting dates in the Little Washita basin. The AMSR-E soil moisture product (green circles) shows
underestimations over this basin which basically results in lowering the level of the model soil moisture
estimates. Figure 7a demonstrates that although the R was decreased from 0.61 to 0.58, the assimilation
of AMSR-E brightness temperature clearly improved the time series of soil moisture at a135 with the
simulation starting on 6 February. The RMSE was almost decreased to a half and the bias was reduced
by more than ten times due to the assimilation. However, the simulation starting on 25 February was
not as successful as seen in Figure 7b. While it has an overlapping period with the simulation shown
in Figure 7a, the correction of soil moisture did not perform the same. This result indicates that I-PAD
has a high sensitivity to initial conditions. It reveals that the parameter optimization scheme produces
different parameter sets depending on initial PALSAR soil moisture and MODIS LAI.
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Figure 7. Time series of surface soil moisture (m3 m-3) from the optimized model (blue), assimilated
model (red), observation (black dot), and AMSR-E soil moisture (green circle) at (a) a135 from 6 February
2007, (b) a135 from 25 February 2007, (c) a148 from 6 February 2007, and (d) a148 from 25 February
2007 in Little Washita. Each case was simulated 60 days from the initial date. Skill metrics are indicated
on each figure as the root-mean-square error (RMSE, m3 m-3), correlation coefficient (R), and mean bias
(m3 m−3).

Figure 7c illustrates that the assimilation may not positively affect soil moisture estimation in some
region. The a148 site had the most negative impact among the simulation starting on 6 February (see
Figure 8), because it was relatively drier and other sites were relatively wetter than observations during
the optimization run. Due to the condition, I-PAD attempted to reduce overall soil moisture according
to AMSR-E observations which resulted in the underestimation at a148. However, with respect to the
simulation starting on 25 February, the assimilation positively affected soil moisture at a148 in terms of
RMSE and bias as shown in Figure 7d. Overall, despite the underestimation of AMSR-E soil moisture,
I-PAD positively blends the effects of the parameter optimization using PALSAR soil moisture and the
assimilation of AMSR-E brightness temperature to have better estimates than the optimized model
and AMSR-E soil moisture estimates.
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Figure 8 summarizes the RMSEs, Rs, and biases of soil moisture for the simulation starting
on 6 February 2007 at 14 observation stations in Little Washita. The optimized model showed
overestimations at all stations, implying the limitations of the parameter optimization scheme. Since 19
parameters were used for the optimization, the reduction of the number of parameters may be required
to improve the optimization scheme. Nevertheless, the soil moisture estimation was improved at 10
stations in terms of RMSE, and 11 stations in terms of R and bias by the assimilation. Although the
estimation was worsened at some stations, overall the average of the RMSE at all sites was decreased
by 29% and the average bias became almost negligible. The most improved site was a131, where
the RMSE was almost reduced to a half, the R was increased by 55%, and the bias became close to 0.
The sites that showed increases in RMSEs (a148, a152, a153, and a162) had smaller overestimations in
soil moisture compared to other sites during the optimization run. As discussed in the results at a148
which had the largest negative impact in RMSE, this condition resulted in having negative impacts by
the assimilation based on the linear decomposition of the AMSR-E observations. Among these sites,
the Rs at a148, a153, and a162 were improved because the soil moisture variations became larger by the
assimilation of AMSR-E observations. At the a152 site, the R was degraded since the variability was
relatively small at this site and it was closer to the results of the optimization model. Only the R was
degraded at a149 possibly due to the missing data during the peaks in late March to early April at the
site. The RMSE and bias were improved at this site.
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Also, the Rs were improved at all sites except a148. However, the simulation yielded higher overall 

RMSE and bias as compared to the results in Figure 8. These results show the limitation of optimizing 

model parameters with initial PALSAR soil moisture that has uncertainties generated by the retrieval 

Figure 8. Summary of (top) the root-mean-square error (RMSE, m3 m−3), (middle) correlation coefficient
(R), and (bottom) mean bias (m3 m-3) for surface soil moisture at each observation site in Little Washita
for the simulation starting on 6 February 2007. Blue and green bars show the results of the optimized
model and assimilated model, respectively. Average values at all sites are shown on the left.

A similar analysis, but with the simulation starting on 25 February 2007, is shown in Figure 9.
The soil moisture estimations were improved in terms of RMSE and bias at all sites in this case. Also,
the Rs were improved at all sites except a148. However, the simulation yielded higher overall RMSE
and bias as compared to the results in Figure 8. These results show the limitation of optimizing
model parameters with initial PALSAR soil moisture that has uncertainties generated by the retrieval
algorithm. Nevertheless, the assimilation attempted to minimize the overestimations in soil moisture
that were caused by the optimized parameters. RMSE and bias were most improved at a162 in this case,
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where RMSE was decreased by 21% and bias was reduced by 43%. Overall, the results in Figures 8
and 9 confirmed the effectiveness of the simple assimilation algorithm for improving the time series of
high-resolution soil moisture.
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Figure 9. As in Figure 8 but for the simulation starting on 25 February 2007. Note that observation was
not available at a159 during this simulation period.

Figure 10 shows the soil moisture spatial distributions of I-PAD, WEB-DHM, and PALSAR on
2 March 2007. I-PAD was simulated for 24 days from 6 February 2007. The standard score normalization
was undertaken to compare the distributions estimated by PALSAR, WEB-DHM, and I-PAD. The results
of I-PAD and PALSAR are not shown in the whole area because PALSAR observations do not always
cover the entire basin. The results in Figure 10c shows that I-PAD tends to produce large anomalies in
soil moisture due to the simple assimilation method. To find out the overall trends, we analyzed the
zonal and meridional means of normalized soil moisture as displayed in Figure 11. The patterns in
Figure 11a indicates that I-PAD simulated zonal mean soil moisture similar to PALSAR and WEB-DHM.
However, it overestimated in the western part of the watershed as shown in Figure 11b. Please note
that although I-PAD uses PALSAR soil moisture as initial conditions that consider slope effects, the
land surface model of I-PAD does not consider lateral flow and ignores the effects of topography,
unlike WEB-DHM. Therefore, rainfall was not redistributed correctly in the model regardless of the
relatively accurate rainfall inputs from in-situ observations, which could also explain the high spatial
variability seen in the results. It should be also noted that WEB-DHM utilized a considerable amount
of in-situ forcing (rainfall, solar radiation, relative humidity, air temperature, soil temperature, and
wind speed), soil, and land use data, whereas I-PAD only used rainfall as in-situ forcing data. Thus,
there are many rooms for improving I-PAD, yet it was able to capture at least the zonal mean trend of
soil moisture distributions.
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Figure 11. (a) Zonal mean and (b) meridional mean of normalized surface soil moisture on 2 March
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5. Discussion

It was demonstrated that I-PAD successfully estimated high-resolution soil moisture at the
Mongolia site without the using high resolution land surface parameters and meteorological datasets.
The RMSEs of soil moisture time series were below the SMAP mission standard (0.04 m3 m−3), and
the overall trends of soil moisture within the AMSR-E footprint were adequately captured without
employing soil texture and hydraulic parameter datasets. The results over the Little Washita basin were,
however, not as successful as in the Mongolia site, and some limitations were revealed. Nonetheless,
our results are still encouraging compared to the other data assimilation-based studies where the
RMSEs ranged from 0.03 to 0.09 m3 m−3 with the use of high-resolution soil parameter datasets [7].
Uncertainties in this study were caused by initial PALSAR soil moisture, the optimization scheme, the
assimilation scheme, and the models.

The hydrological and radiative transfer parameters at each grid point were optimized based on
the same AMSR-E observations with different initial soil moisture and LAI. As a result, it was shown
that the optimized results were highly dependent on initial conditions. This could be improved by
incorporating multiple PALSAR and MODIS observations into the optimization processes. In addition,
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the number of the optimization parameters can be reduced through selecting parameters that have
higher sensitivities to microwave brightness temperature [38]. The selection of parameters would also
alleviate the issue of obtaining a local optimum by the optimization.

Although it was shown the I-PAD assimilation scheme improved soil moisture estimation, many
limitations were found in the simple assimilation algorithm with the linear decomposition. Future
work should use a more sophisticated algorithm to treat the uncertainties in AMSR-E observations
correctly and prevent soil moisture to become implausible values. The effectiveness of the frequency
bands used in this study also needs to be reconsidered. As we used an L-band SAR, observations
by the passive sensors with L-band, such as SMOS and SMAP, need to be assimilated in the model.
The simultaneous assimilation of soil moisture and LAI could be also investigated.

Soil moisture is affected by several factors such as soil characteristics, topography, land cover and
meteorological forcing across the scale [55]. In this study, the effects of soil texture and vegetation
were considered by optimizing model parameters using PALSAR and MODIS high spatial resolution
data. However, we only applied I-PAD to the semiarid regions. Future work should investigate
the applicability of this algorithm over different vegetation conditions. The radiative transfer model
could be improved to be more applicable to vegetated regions such as by incorporating optical sensor
observations [56] but it would be challenging to apply the current system over densely vegetated regions
because of the small sensitivity of soil moisture to C-band microwave brightness temperature [57].

Obtaining rainfall patterns within the AMSR-E footprint scale is still challenging. Although we
used the intense in-situ observed rainfall in Little Washita, such observation networks are rare. To make
I-PAD more applicable, it would be desirable to use global products, such as the Global Satellite
Mapping of Precipitation (GSMaP) [58] dataset, which has a spatial resolution of 0.1◦. We did not use
these data in this study as it could be an additional error source without an appropriate bias correction.
However, this issue must be resolved for global applications. Furthermore, in-situ soil moisture and
roughness measurements were used in the PALSAR soil moisture retrieval. Although we separated the
parameters used in the PALSAR retrieval and I-PAD, incorporating the PALSAR retrieval processes in
the I-PAD system would be a solution to apply the method without in-situ measurements. In addition,
the effects of topography should be included in the land surface model, as indicated by the results in
the Little Washita basin. It is necessary to consider lateral flow to accurately simulate the redistribution
of rainfall, though the computational efficiency of I-PAD should be improved before such applications.

6. Conclusions

Microwave sensors are one of the effective methods to measure surface soil moisture. However,
active and passive microwave sensors provide either poor temporal or spatial resolution. This study
aimed to produce a synergy between active and passive sensors to estimate high spatial and temporal
soil moisture over data-sparse regions. To achieve this goal, we developed a dual-pass assimilation
system, named I-PAD, which can incorporate both active and passive data. Soil moisture distributions
obtained from PALSAR were used as initial conditions, and brightness temperatures at two frequencies
obtained from AMSR-E were assimilated through the RTM in this system. The discrepancy between
the spatial resolutions of the model grids and AMSR-E were considered in the assimilation step by
assuming linearity in microwave emission. The performance of I-PAD was evaluated at the two lightly
vegetated regions at the semiarid CEOP/Mongolia reference site and the Little Washita basin.

It was demonstrated that this active and passive combined approach improved the ability to
estimate the soil moisture time variations on a local scale and simulated the general spatial patterns of
soil moisture within the AMSR-E footprint with a relatively simple algorithm and without utilizing
high-resolution soil parameter datasets. Meanwhile, the limitations of the approach were found and
discussed. Future work should investigate on a more robust approach with improved optimization
and assimilation schemes using L-band passive observations.
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Appendix A

Soil moisture retrieval algorithm from PALSAR observations based on Aida et al. [37], which
showed successful results in the Mongolia reference site, is presented in this section. Three PALSAR
observation modes, polarimetry (HH/HV/VH/VV), fine-beam single polarization (FBS; HH or VV),
and fine-beam dual polarization (FBD; HH/HV or VV/VH), were utilized. To consider the effects of both
surface scattering and volume scattering, the integral equation model (IEM) [59] and the dense media
radiative transfer model (DMRT) [60] were used. This method first calculated the dielectric properties
of a dense medium based on the particle size distribution and its fraction. Then, a second-order
Müller matrix was calculated under geometric consideration of a half-space layer using IEM and
DMRT. The effects of topography were considered through a slope correction method suggested by
Ulander [61]. In this study, direct surface scattering, the coherent component of volume scattering in
the specular and non-specular directions, and the incoherent component of volume scattering were
included in the Müller matrix. Backscattering could be generally written in this forward model as
shown in Equation (A1):

σo
pq = f (λ, p, q, α, θ, s, l, φ, D), (A1)

where σo
pq is the scattering coefficient transmitted at polarization p (vertical or horizontal) and received

at polarization q, λ is the frequency, α is the incident angle, θ is the surface volumetric water content (a
surrogate for dielectric constant), s is the root-mean-square height, l is the correlation length, φ is the
soil porosity, and D is the geometric mean diameter of soil particles.

In addition to the sensor dependent parameters, soil moisture (θ), porosity (φ), particle size (D),
and two surface roughness parameters (s, l) were the factors in backscattering. We assumed that
porosity and particle size were invariant within the target areas (scale, about 25 km) during the research
period. Furthermore, the time stationarity of the surface roughness parameters was assumed because
surface roughness is relatively unchanged under natural conditions, while the spatial heterogeneity of
the surface roughness parameters was maintained.

Based on these assumptions, the soil moisture could be estimated from any observation mode
if porosity, particle size, and the roughness parameters were known at one time point. To estimate
the parameters, we first used a polarimetry image. Using the image, the porosity and particle size
were optimized with the observed soil moisture and roughness data at a point location. As porosity
and particle size were assumed to be spatially homogeneous, the distributions of the soil roughness
parameters and soil moisture were then estimated from the optimized porosity and particle size using
the same polarimetry image. Finally, we estimated the soil moisture from FBS and FBD images at
different times, assuming that these parameters were invariant with time. A lookup table was prepared
beforehand with the forward model to reduce computational cost. All variables were optimized,
with the cost function defined as the sum of the square error between the estimated and observed
backscattering for each polarization.
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Appendix B

WEB-DHM [54] is a hydrological model that couples Hydro-SiB and GBHM. Following the study
by Wang et al. [54], the model was calibrated using discharge data from the United States Geological
Survey (USGS) stream gauge, as shown in Figure A1a. Meteorological data (rainfall, solar radiation,
relative humidity, air temperature, soil temperature, and wind speed) to run WEB-DHM were obtained
from ARS Micronet and Mesonet stations, and interpolated using the IDW method. Soil properties
from Gridded Soil Survey Geographic, land use data from USGS, and vegetation data from MODIS
were also collected for the model input. Although WEB-DHM had positive biases in the soil moisture
estimation in Little Washita, the R with all the ground observation was over 0.7 (Figure A1b). Therefore,
in addition to the validation using the PALSAR soil moisture map, the mean of WEB-DHM soil
moisture was bias-corrected by linear scaling for validating the spatial distribution.

Sensors 2019, 19, x FOR PEER REVIEW 17 of 20 

 

prepared beforehand with the forward model to reduce computational cost. All variables were 

optimized, with the cost function defined as the sum of the square error between the estimated and 

observed backscattering for each polarization. 

Appendix B 

WEB-DHM [54] is a hydrological model that couples Hydro-SiB and GBHM. Following the 

study by Wang et al. [54], the model was calibrated using discharge data from the United States 

Geological Survey (USGS) stream gauge, as shown in Figure A1a. Meteorological data (rainfall, solar 

radiation, relative humidity, air temperature, soil temperature, and wind speed) to run WEB-DHM 

were obtained from ARS Micronet and Mesonet stations, and interpolated using the IDW method. 

Soil properties from Gridded Soil Survey Geographic, land use data from USGS, and vegetation data 

from MODIS were also collected for the model input. Although WEB-DHM had positive biases in the 

soil moisture estimation in Little Washita, the R with all the ground observation was over 0.7 (Figure 

A1b). Therefore, in addition to the validation using the PALSAR soil moisture map, the mean of WEB-

DHM soil moisture was bias-corrected by linear scaling for validating the spatial distribution. 

 

Figure A1. Validations of WEBDHM at the Little Washita basin: (a) Temporal variations of discharge 

by WEBDHM and an in-situ observation site; (b) scatter plots of surface soil moisture by WEBDHM 

and in-situ observation sites. The correlation coefficient (R) and root-mean-square error (RMSE) are 

indicated in each figure. 

References 

1. Western, A.W.; Grayson, R.B.; Blöschl, G. Scaling of Soil Moisture: A Hydrologic Perspective. Annu. Rev. 

Earth Planet. Sci. 2002, 30, 149–180. 

2. Koster, R.D. Regions of Strong Coupling Between Soil Moisture and Precipitation. Science 2004, 305, 1138–

1140. 

3. Seneviratne, S.I.; Corti, T.; Davin, E.L.; Hirschi, M.; Jaeger, E.B.; Lehner, I.; Orlowsky, B.; Teuling, A.J. 

Investigating soil moisture–climate interactions in a changing climate: A review. Earth Sci. Rev. 2010, 99, 

125–161. 

4. Famiglietti, J.S.; Rudnicki, J.W.; Rodell, M. Variability in surface moisture content along a hillslope transect: 

Rattlesnake Hill, Texas. J. Hydrol. 1998, 210, 259–281. 

5. Teuling, A.J. Improved understanding of soil moisture variability dynamics. Geophys. Res. Lett. 2005, 32, 

L05404. 

6. Rosenbaum, U.; Bogena, H.R.; Herbst, M.; Huisman, J.A.; Peterson, T.J.; Weuthen, A.; Western, A.W.; 

Vereecken, H. Seasonal and event dynamics of spatial soil moisture patterns at the small catchment scale. 

Water Resour. Res. 2012, 48, doi:10.1029/2011WR011518. 

7. Sabaghy, S.; Walker, J.P.; Renzullo, L.J.; Jackson, T.J. Spatially enhanced passive microwave derived soil 

moisture: Capabilities and opportunities. Remote Sens. Environ. 2018, 209, 551–580. 

8. Schmugge, T.; O’Neill, P.; Wang, J. Passive Microwave Soil Moisture Research. IEEE Trans. Geosci. Remote 

Sens. 1986, GE-24, 12–22. 

Figure A1. Validations of WEBDHM at the Little Washita basin: (a) Temporal variations of discharge
by WEBDHM and an in-situ observation site; (b) scatter plots of surface soil moisture by WEBDHM
and in-situ observation sites. The correlation coefficient (R) and root-mean-square error (RMSE) are
indicated in each figure.

References

1. Western, A.W.; Grayson, R.B.; Blöschl, G. Scaling of Soil Moisture: A Hydrologic Perspective. Annu. Rev.
Earth Planet. Sci. 2002, 30, 149–180. [CrossRef]

2. Koster, R.D. Regions of Strong Coupling Between Soil Moisture and Precipitation. Science 2004, 305, 1138–1140.
[CrossRef] [PubMed]

3. Seneviratne, S.I.; Corti, T.; Davin, E.L.; Hirschi, M.; Jaeger, E.B.; Lehner, I.; Orlowsky, B.; Teuling, A.J.
Investigating soil moisture–climate interactions in a changing climate: A review. Earth Sci. Rev. 2010, 99,
125–161. [CrossRef]

4. Famiglietti, J.S.; Rudnicki, J.W.; Rodell, M. Variability in surface moisture content along a hillslope transect:
Rattlesnake Hill, Texas. J. Hydrol. 1998, 210, 259–281. [CrossRef]

5. Teuling, A.J. Improved understanding of soil moisture variability dynamics. Geophys. Res. Lett. 2005, 32,
L05404. [CrossRef]

6. Rosenbaum, U.; Bogena, H.R.; Herbst, M.; Huisman, J.A.; Peterson, T.J.; Weuthen, A.; Western, A.W.;
Vereecken, H. Seasonal and event dynamics of spatial soil moisture patterns at the small catchment scale.
Water Resour. Res. 2012, 48. [CrossRef]

7. Sabaghy, S.; Walker, J.P.; Renzullo, L.J.; Jackson, T.J. Spatially enhanced passive microwave derived soil
moisture: Capabilities and opportunities. Remote Sens. Environ. 2018, 209, 551–580. [CrossRef]

8. Schmugge, T.; O’Neill, P.; Wang, J. Passive Microwave Soil Moisture Research. IEEE Trans. Geosci. Remote Sens.
1986, GE-24, 12–22. [CrossRef]

9. Dobson, M.C.; Ulaby, F.T. Active Microwave Soil Moisture Research. IEEE Trans. Geosci. Remote Sens. 1986,
GE-24, 23–36. [CrossRef]

http://dx.doi.org/10.1146/annurev.earth.30.091201.140434
http://dx.doi.org/10.1126/science.1100217
http://www.ncbi.nlm.nih.gov/pubmed/15326351
http://dx.doi.org/10.1016/j.earscirev.2010.02.004
http://dx.doi.org/10.1016/S0022-1694(98)00187-5
http://dx.doi.org/10.1029/2004GL021935
http://dx.doi.org/10.1029/2011WR011518
http://dx.doi.org/10.1016/j.rse.2018.02.065
http://dx.doi.org/10.1109/TGRS.1986.289584
http://dx.doi.org/10.1109/TGRS.1986.289585


Sensors 2019, 19, 3924 18 of 20

10. Chauhan, N.S.; Miller, S.; Ardanuy, P. Spaceborne soil moisture estimation at high resolution:
A microwave-optical/IR synergistic approach. Int. J. Remote Sens. 2003, 24, 4599–4622. [CrossRef]

11. Merlin, O.; Rüdiger, C.; Al Bitar, A.; Richaume, P.; Walker, J.P.; Kerr, Y.H. Disaggregation of SMOS soil
moisture in Southeastern Australia. IEEE Trans. Geosci. Remote Sens. 2012, 50, 1556–1571. [CrossRef]

12. Kim, G.; Barros, A.P. Downscaling of remotely sensed soil moisture with a modified fractal interpolation
method using contraction mapping and ancillary data. Remote Sens. Environ. 2002, 83, 400–413. [CrossRef]

13. de Jeu, R.A.M.; Holmes, T.R.H.; Parinussa, R.M.; Owe, M. A spatially coherent global soil moisture product
with improved temporal resolution. J. Hydrol. 2014, 516, 284–296. [CrossRef]

14. Wagner, W.; Hahn, S.; Kidd, R.; Melzer, T.; Bartalis, Z.; Hasenauer, S.; Figa-Saldaña, J.; De Rosnay, P.; Jann, A.;
Schneider, S.; et al. The ASCAT soil moisture product: A review of its specifications, validation results, and
emerging applications. Meteorol. Z. 2013, 22, 5–33. [CrossRef]

15. Entekhabi, D.; Njoku, E.G.; O’Neill, P.E.; Kellogg, K.H.; Crow, W.T.; Edelstein, W.N.; Entin, J.K.; Goodman, S.D.;
Jackson, T.J.; Johnson, J.; et al. The Soil Moisture Active Passive (SMAP) Mission. Proc. IEEE 2010, 98,
704–716. [CrossRef]

16. Das, N.N.; Entekhabi, D.; Njoku, E.G.; Shi, J.J.C.; Johnson, J.T.; Colliander, A. Tests of the SMAP Combined
Radar and Radiometer Algorithm Using Airborne Field Campaign Observations and Simulated Data.
IEEE Trans. Geosci. Remote Sens. 2014, 52, 2018–2028. [CrossRef]

17. Das, N.N.; Entekhabi, D.; Dunbar, R.S.; Colliander, A.; Chen, F.; Crow, W.; Jackson, T.J.; Berg, A.; Bosch, D.D.;
Caldwell, T.; et al. The SMAP mission combined active-passive soil moisture product at 9 km and 3 km
spatial resolutions. Remote Sens. Environ. 2018, 211, 204–217. [CrossRef]

18. Bindlish, R.; Barros, A.P. Subpixel variability of remotely sensed soil moisture: An inter-comparison study of
SAR and ESTAR. IEEE Trans. Geosci. Remote Sens. 2002, 40, 326–337. [CrossRef]

19. Narayan, U.; Lakshmi, V.; Jackson, T.J. High-resolution change estimation of soil moisture using L-band
radiometer and Radar observations made during the SMEX02 experiments. IEEE Trans. Geosci. Remote Sens.
2006, 44, 1545–1554. [CrossRef]

20. Montzka, C.; Jagdhuber, T.; Horn, R.; Bogena, H.R.; Hajnsek, I.; Reigber, A.; Vereecken, H. Investigation of
SMAP Fusion Algorithms With Airborne Active and Passive L-Band Microwave Remote Sensing. IEEE Trans.
Geosci. Remote Sens. 2016, 54, 3878–3889. [CrossRef]

21. Santi, E.; Paloscia, S.; Pettinato, S.; Brocca, L.; Ciabatta, L.; Entekhabi, D. On the synergy of SMAP, AMSR2
AND SENTINEL-1 for retrieving soil moisture. Int. J. Appl. Earth Obs. Geoinf. 2018, 65, 114–123. [CrossRef]

22. Draper, C.S.; Reichle, R.H.; De Lannoy, G.J.M.; Liu, Q. Assimilation of passive and active microwave soil
moisture retrievals. Geophys. Res. Lett. 2012, 39. [CrossRef]

23. Kolassa, J.; Reichle, R.H.; Draper, C.S. Merging active and passive microwave observations in soil moisture
data assimilation. Remote Sens. Environ. 2017, 191, 117–130. [CrossRef]

24. Lievens, H.; Reichle, R.H.; Liu, Q.; De Lannoy, G.J.M.; Dunbar, R.S.; Kim, S.B.; Das, N.N.; Cosh, M.; Walker, J.P.;
Wagner, W. Joint Sentinel-1 and SMAP data assimilation to improve soil moisture estimates. Geophys. Res.
Lett. 2017, 44, 6145–6153. [CrossRef]

25. Geudtner, D. Sentinel-1 system overview and performance. In Proceedings of the 2012 IEEE International
Geoscience and Remote Sensing Symposium, Munich, Germany, 22–27 July 2012; Volume 852802,
pp. 1719–1721.

26. Sahoo, A.K.; De Lannoy, G.J.M.; Reichle, R.H.; Houser, P.R. Assimilation and downscaling of satellite
observed soil moisture over the Little River Experimental Watershed in Georgia, USA. Adv. Water Resour.
2013, 52, 19–33. [CrossRef]

27. Draper, C.; Reichle, R. The impact of near-surface soil moisture assimilation at subseasonal, seasonal, and
inter-annual timescales. Hydrol. Earth Syst. Sci. 2015, 19, 4831–4844. [CrossRef]

28. Reichle, R.H.; De Lannoy, G.J.M.; Liu, Q.; Ardizzone, J.V.; Colliander, A.; Conaty, A.; Crow, W.; Jackson, T.J.;
Jones, L.A.; Kimball, J.S.; et al. Assessment of the SMAP Level-4 Surface and Root-Zone Soil Moisture
Product Using In Situ Measurements. J. Hydrometeorol. 2017, 18, 2621–2645. [CrossRef]

29. Sawada, Y.; Koike, T.; Walker, J.P. A land data assimilation system for simultaneous simulation of soil
moisture and vegetation dynamics. J. Geophys. Res. Atmos. 2015, 120, 5910–5930. [CrossRef]

http://dx.doi.org/10.1080/0143116031000156837
http://dx.doi.org/10.1109/TGRS.2011.2175000
http://dx.doi.org/10.1016/S0034-4257(02)00044-5
http://dx.doi.org/10.1016/j.jhydrol.2014.02.015
http://dx.doi.org/10.1127/0941-2948/2013/0399
http://dx.doi.org/10.1109/JPROC.2010.2043918
http://dx.doi.org/10.1109/TGRS.2013.2257605
http://dx.doi.org/10.1016/j.rse.2018.04.011
http://dx.doi.org/10.1109/36.992792
http://dx.doi.org/10.1109/TGRS.2006.871199
http://dx.doi.org/10.1109/TGRS.2016.2529659
http://dx.doi.org/10.1016/j.jag.2017.10.010
http://dx.doi.org/10.1029/2011GL050655
http://dx.doi.org/10.1016/j.rse.2017.01.015
http://dx.doi.org/10.1002/2017GL073904
http://dx.doi.org/10.1016/j.advwatres.2012.08.007
http://dx.doi.org/10.5194/hess-19-4831-2015
http://dx.doi.org/10.1175/JHM-D-17-0063.1
http://dx.doi.org/10.1002/2014JD022895


Sensors 2019, 19, 3924 19 of 20

30. Kaihotsu, I.; Yamanaka, T.; Koike, T.; Oyunbaatar, D.; Davaa, G. Ground truth for evaluation of soil moisture
and geophysical/vegetation parameters related to ground surface conditions with AMSR and GLI in the
Mongolian Plateau. Available online: https://www.researchgate.net/publication/288256285_Ground_truth_
for_evaluation_of_soil_moisture_and_geophysicalvegetation_parameters_related_to_ground_surface_
conditions_with_AMSR_and_GLI_in_the_Mongolian_Plateau_ground-based_observations_for_the_
ADEO (accessed on 11 September 2019).

31. Kaihotsu, I.; Koike, T.; Yamanaka, T.; Fujii, H.; Ohta, T.; Tamagawa, K.; Oyunbaatar, D.; Akiyama, R.
Validation of Soil Moisture Estimation by AMSR-E in the Mongolian Plateau. J. Remote Sens. Soc. Jpn. 2009,
29, 271–281.

32. Starks, P.J.; Fiebrich, C.A.; Grimsley, D.L.; Garbrecht, J.D.; Steiner, J.L.; Guzman, J.A.; Moriasi, D.N. Upper
Washita River Experimental Watersheds: Meteorologic and Soil Climate Measurement Networks. J. Environ.
Qual. 2014, 43, 1239. [CrossRef]

33. Brock, F.V.; Crawford, K.C.; Elliott, R.L.; Cuperus, G.W.; Stadler, S.J.; Johnson, H.L.; Eilts, M.D. The Oklahoma
Mesonet: A Technical Overview. J. Atmos. Ocean. Technol. 1995, 12, 5–19. [CrossRef]

34. McPherson, R.A.; Fiebrich, C.A.; Crawford, K.C.; Kilby, J.R.; Grimsley, D.L.; Martinez, J.E.; Basara, J.B.;
Illston, B.G.; Morris, D.A.; Kloesel, K.A.; et al. Statewide Monitoring of the Mesoscale Environment:
A Technical Update on the Oklahoma Mesonet. J. Atmos. Ocean. Technol. 2007, 24, 301–321. [CrossRef]

35. Cosh, M.H.; Evett, S.R.; McKee, L. Surface soil water content spatial organization within irrigated and
non-irrigated agricultural fields. Adv. Water Resour. 2012, 50, 55–61. [CrossRef]

36. Shepard, D. A two-dimensional interpolation function for irregularly-spaced data. In Proceedings of the 1968
23rd ACM National Conference, New York, NY, USA, 27–29 August 1968; ACM Press: New York, NY, USA, 1968;
pp. 517–524.

37. Aida, K.; Koike, T.; Kaihotsu, I. Study on Development of a Frequently Applicable SAR Algorithm for Soil
Moisture Using ALOS/PALSAR. J. Jpn. Soc. Civ. Eng. Ser. B1 Hydraul. Eng. 2014, 70, I_589–I_594.

38. Sawada, Y.; Koike, T. Simultaneous estimation of both hydrological and ecological parameters in an
ecohydrological model by assimilating microwave signal. J. Geophys. Res. Atmos. 2014, 119, 8839–8857.
[CrossRef]

39. Koike, T.; Nakamura, Y.; Kaihotsu, I.; Davva, G.; Matsuura, N.; Tamagawa, K.; Fujii, H. Development of an
Advanced Microwave Scanning Radiometer (AMSR-E) Algorithm of Soil Moisture and Vegetation Water
Content. Annu. J. Hydraul. Eng. 2004, 48, 217–222. [CrossRef]

40. Rodell, M.; Houser, P.R.; Jambor, U.; Gottschalck, J.; Mitchell, K.; Meng, C.-J.; Arsenault, K.; Cosgrove, B.;
Radakovich, J.; Bosilovich, M.; et al. The Global Land Data Assimilation System. Bull. Am. Meteorol. Soc.
2004, 85, 381–394. [CrossRef]

41. Xia, Y.; Mitchell, K.; Ek, M.; Sheffield, J.; Cosgrove, B.; Wood, E.; Luo, L.; Alonge, C.; Wei, H.; Meng, J.; et al.
Continental-scale water and energy flux analysis and validation for the North American Land Data
Assimilation System project phase 2 (NLDAS-2): 1. Intercomparison and application of model products.
J. Geophys. Res. Atmos. 2012, 117. [CrossRef]

42. Xia, Y.; Mitchell, K.; Ek, M.; Cosgrove, B.; Sheffield, J.; Luo, L.; Alonge, C.; Wei, H.; Meng, J.; Livneh, B.; et al.
Continental-scale water and energy flux analysis and validation for North American Land Data Assimilation
System project phase 2 (NLDAS-2): 2. Validation of model-simulated streamflow. J. Geophys. Res. Atmos.
2012, 117. [CrossRef]

43. Sawada, Y.; Koike, T. Towards ecohydrological drought monitoring and prediction using a land data
assimilation system: A case study on the Horn of Africa drought (2010–2011). J. Geophys. Res. Atmos. 2016,
121, 8229–8242. [CrossRef]

44. Yang, K.; Koike, T.; Kaihotsu, I.; Qin, J. Validation of a Dual-Pass Microwave Land Data Assimilation System
for Estimating Surface Soil Moisture in Semiarid Regions. J. Hydrometeorol. 2009, 10, 780–793. [CrossRef]

45. Sawada, Y.; Koike, T.; Jaranilla-Sanchez, P.A. Modeling hydrologic and ecologic responses using a new
eco-hydrological model for identification of droughts. Water Resour. Res. 2014, 50, 6214–6235. [CrossRef]

46. Kuria, D.N.; Koike, T.; Lu, H.; Tsutsui, H.; Graf, T. Field-Supported Verification and Improvement of a Passive
Microwave Surface Emission Model for Rough, Bare, and Wet Soil Surfaces by Incorporating Shadowing
Effects. IEEE Trans. Geosci. Remote Sens. 2007, 45, 1207–1216. [CrossRef]

https://www.researchgate.net/publication/288256285_Ground_truth_for_evaluation_of_soil_moisture_and_geophysicalvegetation_parameters_related_to_ground_surface_conditions_with_AMSR_and_GLI_in_the_Mongolian_Plateau_ground-based_observations_for_the_ADEO
https://www.researchgate.net/publication/288256285_Ground_truth_for_evaluation_of_soil_moisture_and_geophysicalvegetation_parameters_related_to_ground_surface_conditions_with_AMSR_and_GLI_in_the_Mongolian_Plateau_ground-based_observations_for_the_ADEO
https://www.researchgate.net/publication/288256285_Ground_truth_for_evaluation_of_soil_moisture_and_geophysicalvegetation_parameters_related_to_ground_surface_conditions_with_AMSR_and_GLI_in_the_Mongolian_Plateau_ground-based_observations_for_the_ADEO
https://www.researchgate.net/publication/288256285_Ground_truth_for_evaluation_of_soil_moisture_and_geophysicalvegetation_parameters_related_to_ground_surface_conditions_with_AMSR_and_GLI_in_the_Mongolian_Plateau_ground-based_observations_for_the_ADEO
http://dx.doi.org/10.2134/jeq2013.08.0312
http://dx.doi.org/10.1175/1520-0426(1995)012&lt;0005:TOMATO&gt;2.0.CO;2
http://dx.doi.org/10.1175/JTECH1976.1
http://dx.doi.org/10.1016/j.advwatres.2012.07.009
http://dx.doi.org/10.1002/2014JD021536
http://dx.doi.org/10.2208/prohe.48.217
http://dx.doi.org/10.1175/BAMS-85-3-381
http://dx.doi.org/10.1029/2011JD016048
http://dx.doi.org/10.1029/2011JD016051
http://dx.doi.org/10.1002/2015JD024705
http://dx.doi.org/10.1175/2008JHM1065.1
http://dx.doi.org/10.1002/2013WR014847
http://dx.doi.org/10.1109/TGRS.2007.894552


Sensors 2019, 19, 3924 20 of 20

47. Wang, L.; Koike, T.; Yang, D.; Yang, K. Improving the hydrology of the Simple Biosphere Model 2 and its
evaluation within the framework of a distributed hydrological model. Hydrol. Sci. J. 2009, 54, 989–1006.
[CrossRef]

48. Sawada, Y.; Koike, T. Ecosystem resilience to the Millennium drought in southeast Australia (2001–2009).
J. Geophys. Res. Biogeosci. 2016, 121, 2312–2327. [CrossRef]

49. van Genuchten, M.T. A Closed-form Equation for Predicting the Hydraulic Conductivity of Unsaturated
Soils1. Soil Sci. Soc. Am. J. 1980, 44, 892. [CrossRef]

50. Mo, T.; Choudhury, B.J.; Schmugge, T.J.; Wang, J.R.; Jackson, T.J. A model for microwave emission from
vegetation-covered fields. J. Geophys. Res. 1982, 87, 11229. [CrossRef]

51. Duan, Q.; Sorooshian, S.; Gupta, V. Effective and efficient global optimization for conceptual rainfall-runoff

models. Water Resour. Res. 1992, 28, 1015–1031. [CrossRef]
52. Drusch, M.; Wood, E.F.; Simmer, C. Up-scaling effects in passive microwave remote sensing: ESTAR 1.4 GHz

measurements during SGP ’97. Geophys. Res. Lett. 1999, 26, 879–882. [CrossRef]
53. Reichle, R.H.; Entekhabi, D.; McLaughlin, D.B.B.; Parsons, R.M. Downscaling of radio brightness

measurements for soil moisture estimation: A four-dimensional variational data assimilation approach.
Water Resour. Res. 2001, 37, 2353–2364. [CrossRef]

54. Wang, L.; Koike, T.; Yang, K.; Jackson, T.J.; Bindlish, R.; Yang, D. Development of a distributed biosphere
hydrological model and its evaluation with the Southern Great Plains experiments (SGP97 and SGP99).
J. Geophys. Res. Atmos. 2009, 114, 1–15. [CrossRef]

55. Crow, W.T.; Berg, A.A.; Cosh, M.H.; Loew, A.; Mohanty, B.P.; Panciera, R.; de Rosnay, P.; Ryu, D.; Walker, J.P.
Upscaling sparse ground-based soil moisture observations for the validation of coarse-resolution satellite
soil moisture products. Rev. Geophys. 2012, 50, 1–20. [CrossRef]

56. Sawada, Y.; Koike, T.; Aida, K.; Toride, K.; Walker, J.P. Fusing Microwave and Optical Satellite Observations
to Simultaneously Retrieve Surface Soil Moisture, Vegetation Water Content, and Surface Soil Roughness.
IEEE Trans. Geosci. Remote Sens. 2017, 55, 6195–6206. [CrossRef]

57. Sawada, Y.; Tsutsui, H.; Koike, T.; Rasmy, M.; Seto, R.; Fujii, H. A Field Verification of an Algorithm for
Retrieving Vegetation Water Content From. IEEE Trans. Geosci. Remote Sens. 2016, 54, 2082–2095. [CrossRef]

58. Yamamoto, M.K.; Shige, S. Implementation of an orographic/nonorographic rainfall classification scheme in
the GSMaP algorithm for microwave radiometers. Atmos. Res. 2015, 163, 36–47. [CrossRef]

59. Fung, A.K.; Li, Z.; Chen, K.S. Backscattering from a randomly rough dielectric surface. IEEE Trans. Geosci.
Remote Sens. 1992, 30, 356–369. [CrossRef]

60. Tsang, L. Dense media radiative transfer theory for dense discrete random media with particles of multiple
sizes and permittivities. Prog. Electromagn. Res. 1992, 6, 181–225.

61. Ulander, L.M.H. Radiometric slope correction of synthetic-aperture radar images. IEEE Trans. Geosci.
Remote Sens. 1996, 34, 1115–1122. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1623/hysj.54.6.989
http://dx.doi.org/10.1002/2016JG003356
http://dx.doi.org/10.2136/sssaj1980.03615995004400050002x
http://dx.doi.org/10.1029/JC087iC13p11229
http://dx.doi.org/10.1029/91WR02985
http://dx.doi.org/10.1029/1999GL900150
http://dx.doi.org/10.1029/2001WR000475
http://dx.doi.org/10.1029/2008JD010800
http://dx.doi.org/10.1029/2011RG000372
http://dx.doi.org/10.1109/TGRS.2017.2722468
http://dx.doi.org/10.1109/TGRS.2015.2495365
http://dx.doi.org/10.1016/j.atmosres.2014.07.024
http://dx.doi.org/10.1109/36.134085
http://dx.doi.org/10.1109/36.536527
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Study Area and Datasets 
	Study Areas and In-Situ Observations 
	Datasets 

	Methods 
	Land Surface Model 
	Radiative Transfer Model 
	Parameter Optimization Scheme 
	Assimilation Scheme 
	Experimental Design 

	Results 
	Mongolia 
	Little Washita 

	Discussion 
	Conclusions 
	
	
	References

