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Microwave remote sensing provides a unique capability for soil parameter retrievals. Therefore, various
soil parameters estimation models have been developed using brightness temperature (BT) measured
by passive microwave sensors. Due to the low resolution of satellite microwave radiometer data, the
main goal of this study is to develop a downscaling approach to improve the spatial resolution of soil
moisture estimates with the use of higher resolution visible/infrared sensor data. Accordingly, after the
soil parameters have been obtained using Simultaneous Land Parameters Retrieval Model algorithm, the
downscaling method has been applied to the soil moisture estimations that have been validated against
in situ soil moisture data. Advance Microwave Scanning Radiometer-EOS BT data in Soil Moisture
Experiment 2003 region in the south and north of Oklahoma have been used to this end. Results
illustrated that the soil moisture variability is eﬀectively captured at 5 km spatial scales without a
signiﬁcant degradation of the accuracy.
Keywords. Soil moisture; land surface parameters; SLPRM; AMSR-E; downscaling; MODIS.

1. Introduction
For the purpose of large scale climate modelling
and monitoring, circulation process, weather prediction, ﬂood forecasting and drought monitoring regarding agricultural activities, there is an
increasing demand for global and spatially averaged surface soil moisture data (Schar et al. 1999;
Owe et al. 2001; Seneviratne et al. 2006; Doubkova
et al. 2012). Therefore, studies on soil moisture
monitoring through remote sensing in wide areas
have made great progress (Owe et al. 2001; Srivastava et al. 2009; Saradjian and Hosseini 2011;
Doubkova et al. 2012; Pan et al. 2014; Singh et al.
2015b; Zheng et al. 2015).
0123456789().,--: vol V

It is evident that there are large number of
factors such as soil moisture, soil temperature,
vegetation characters and surface roughness along
with soil texture aﬀecting the emission process.
Therefore, the absolute magnitude of the soil reﬂectivity, emissivity and brightness temperature are
aﬀected by these factors, especially in the soilvegetation medium (Owe et al. 1992; Njoku and
Chan 2006). However, the eﬀect of atmosphere is
negligible at frequencies below 10 GHz (Schmugge
1985).
These perturbing factors introduce varying
amounts of uncertainty into soil moisture estimation from BT data. They are typically required
to model radiative transfer in all regions except
1
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for regions of water and snow cover (Tsang and
Newton 1982; Ulaby et al. 1983; Dobson et al. 1985;
Pampaloni and Paloscia 1986; Mo et al. 1987; Jackson and Schmugge 1991; Njoku 1995; Njoku and
Chan 2006; Colliander et al. 2012). On the other
hand, the characteristics of passive microwave
remote sensing have long been recognized and various methodologies have been described to obtain
surface soil characteristics accordingly (Jackson
1993; Wigneron et al. 1995; Njoku and Li 1999;
Chanzy and Wigneron 2000; Owe et al. 2001).
Therefore, in order to obtain accurate soil moisture
estimates by means of remote sensing technology,
retrieving multiple land surface parameters using
passive microwave remote sensing observations has
become a research focus.
There are large number of models that retrieve
soil parameters by the use of passive microwave and
Singh et al. (2015a) provided detailed procedure of
various steps to utilize AMSR-E data.
Using microwaves, linear regression methods
have been mainly used in the past for retrieving
land surface parameters. Non-linear and iterative
algorithms have also been used, particularly to
improve retrievals in which the physical properties
of the radiative transfer and interaction process are
non-linear (Li et al. 2011).
In most of the models, vegetation and roughness
eﬀects have not been modelled properly (Owe
et al. 2001; Njoku and Chan 2006; Li et al. 2011).
However, there are some models in which both
roughness and vegetation eﬀects have been considered (Wigneron et al. 2007; Patel and Srivastava
2015).
Therefore, SLPRM algorithm has been developed by Moradizadeh and Saradjian (2016). This
algorithm estimates surface volumetric soil moisture (VSM), land surface temperature (LST) and
canopy temperature (CT) simultaneously, whereas
the roughness and vegetation eﬀects have also been
modelled.
In this study, due to the low resolution of satellite
microwave radiometer data, a downscaling method
has been applied to the soil moisture estimations that have been validated against in situ soil
moisture data.
It is worth noting that AMSR-E C-band (6.9
GHz) brightness temperature data are subjected
to radio frequency interference (RFI; Jackson et al.
2005). Therefore, combination of C, X (10.65 GHz)
and K (18.7 GHz) bands BT observation in
SLPRM model is eﬀective to decrease the RFI
contamination.
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This paper is organized as follows: the study
region and the data used are described in section 2.
In section 3, the proposed method to estimate
soil moisture is presented. Section 4 describes the
results and discussion of soil moisture estimates
obtained using the model. Section 5 summarizes
and concludes the paper.
2. Study area and datasets
2.1 Study region
During the soil moisture experiment in summer
2003 (SMEX03), there were combined objectives
with ground/aircraft/spacecraft observations over
sites in Oklahoma, Georgia, Alabama, and Brazil.
These datasets made it possible to study the different behaviors of brightness temperature above
bare soil and vegetated areas.
In order to perform calibration and validation of
the downscaling method, parts of the observations
in SMEX03 have been used in this study.
The study area is composed of two regions, OS
and ON, located in the south and north of Oklahoma, USA, respectively. More details about the
regions can be found in the report provided by
Allen and Naney (1991). Geographic locations of
the two study regions and ground sites in the north
and south of Oklahoma are shown in ﬁgure 1.

Figure 1. Thirty six and 52 ground sites in the north and
south of Oklahoma, respectively.
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2.2 Ground truth datasets

2.3.2 MODIS datasets

2.2.1 VSM, LST and bulk density datasets

The MODIS spectrometer with its 36 bands is
operational on both Terra (10:30 A.M./10:30 P.M.)
and Aqua (1:30 A.M./1:30 P.M.) spacecrafts. The
MODIS data used in this study are the daily
(ascending) MODIS/Aqua 1 km resolution acquired
on 2, 3 and 4 July 2003. MODIS data have been
selected among other operational Vis/IR sensors
because both MODIS and AMSR-E are onboard
the Aqua satellite.
The useful characteristics of this sensor are
mainly its 1–2 days temporal resolution, near realtime data availability, 1 km spatial resolution,
and overpass time compatibility required for downscaling.

The SMEX03 dataset collected on 2, 3 and 4 July,
2003 have been used in this study. There are many
sites in the SMEX03 region, where the volumetric
soil moisture (VSM), LST and bulk density (Bd)
at diﬀerent depths have been measured. The total
number of sites used as samples is 88 per day.
The number of sites in OS is 52 and in ON is
36 (Moradizadeh and Saradjian 2016). Regarding
the potential of the proposed algorithm, all sites
with various vegetation densities and soil moisture content have been selected for calibration and
validation purposes.
The set of experimental data can be downloaded
freely from http://nsidc.org/data/amsr validation
/soil moisture/smex03/index.html.

3. Modelling approach
3.1 Simultaneous estimation of soil moisture,
LST, and canopy temperature

2.2.2 Roughness dataset
The soil surface roughness parameter including
root mean square height (σ) per correlation length
(l) was extracted from SMEX03 datasets. The
σ parameter describes the random surface characteristics, while the l parameter describes the
periodicity of the surface.

2.3 Satellite datasets
2.3.1 AMSR-E datasets
The study was conducted using AMSR-E microwave datasets, registered on 2, 3 and 4 July, 2003
on the selected region. Selection of these days
is simply because of the possibility of analysis
due to the ground measurements made on these
days.
AMSR-E ﬂew onboard the NASA’s Aqua satellite since 2002. It measures horizontally and vertically polarized brightness temperatures at 6.9,
10.7, 18.7, 23.8, 36.5 and 89.0 GHz. It is characterized by a coarse spatial resolution varying from
5.4 km at 89.0 GHz to 56 km at 6.9 GHz (Njoku
et al. 2003; Walker and Houser 2004; Njoku and
Chan 2006; De Lange et al. 2008).
Only day time AMSR-E data have been used in
this study because the SMEX03 ground data have
been observed around noon and are more likely to
be true at 1:30 P.M. than at 1:30 A.M.

SLPRM algorithm that is an iterative least-square
minimization algorithm is applied to simultaneous
retrieval of soil moisture, LST and canopy temperature by using multichannel microwave measurements. Therefore, initial values of soil parameters
(i.e., VSM, LST and bulk density) are required.
Although, according to our experiments, the results
are not greatly aﬀected by initial values, rather
these values are obtained based on their average
amounts in the region in this study. For further clariﬁcation and ease of understanding, the
ﬂowchart of the SLPRM model is presented in
ﬁgure 2.
In this ﬁgure, ε, Θ and P are dielectric constant, incidence angle and polarization, respectively. Eﬀective land surface reﬂectivity, eﬀective
emissivity and eﬀective temperature are shown
using RP (θ), EP (θ) and T . Furthermore, Γ is vegetation transmissivity that is deﬁned in terms of a
vegetation index and incidence angle.
This SLPRM algorithm simultaneously retrieves
M geophysical variables (soil moisture (VSM),
surface temperature (LST) and canopy temperature (CT)) from measurements at N channels,
which refers to the six lower frequency channels
of AMSR-E (i.e., 6.9, 10.65, 18.7 GHz in H and
V polarizations) and are more sensitive to soil
parameters especially soil moisture. The procedure
operates based on least square error minimization
method and ﬁnds such values for the set of variables χ = {VSM , LST , Ts } that minimizes χ2 .
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Figure 2. The graphical presentation of the SLPRM model.

More details about the SLPRM algorithm can
be found in Moradizadeh and Saradjian (2016).
The use of this method usually requires an
accurate roughness condition, especially when dealing with the bare soil surface or surface with low
vegetation.
Note that some of the symbols and basic equations in ﬁgure 2 can be found in Owe et al. (2001)
and Li et al. (2011).
3.2 Soil moisture downscaling
The results of previous studies have acknowledged
the ability of Vis/IR sensors in soil moisture
sensing and showed reasonable agreement with
ground data (Wang et al. 2007; Piles et al. 2010).
They normally have suitable resolution, however,
soil moisture estimate from those sensors usually
requires surface micro-meteorological and atmospheric information that is not routinely available
(Zhang and Wegehenkel 2006). Because of the
microwave capability for direct observation of soil

moisture, combination of Vis/IR and microwave
sensors can be used to achieve both accurate and
higher spatial resolution soil moisture.
In order to improve the spatial resolution of
derived soil moisture estimates, MODIS data has
been selected among other operational Vis/IR sensors. Both MODIS and AMSR-E are onboard the
Aqua satellite (1:30 A.M./1:30 P.M.). Thus, the
same overpass time of the two sensors is the actual
reason for MODIS selection. Following the soil
estimation, a downscaling method using MODISderived NDVI (Normalized Diﬀerence Vegetation
Index) and Ts data has been developed to improve
the spatial resolution of derived soil moisture
estimates.
To relate retrieved soil moisture amounts to
MODIS-derived NDVI and LST, a linking model
based on the so-called ‘universal triangle’ concept has been developed (Carlson 2007). The use
of MODIS Vis/IR data for downscaling AMSRE derived soil moisture has some limitations that
diﬀerence in sensing depth is the most eﬀective
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limitation. The other limitation is that microwave
band can penetrate vegetated regions but thermal
infrared cannot. The sensing depth of AMSR-E
bands is about 5 cm, whereas for the MODIS thermal infrared band is about 1 mm and the thermal
regime of these two depths can be quite diﬀerent
from each other (Piles et al. 2011).
Since MODIS is not capable to displaying spatial
and temporal variations of 0–5 cm soil temperature, AMSR-E brightness temperature (TB) has
been included to the linking model of downscaling algorithm to capture soil moisture variability
at high resolution (Piles et al. 2011). In addition to
the soil moisture, TB includes information about
soil roughness, soil texture, soil temperature and
vegetation.
The linking model can be expressed using a
regression in the form of equation (1). This equation is used to set up a system of linear equations
for all the pixels in the image, which gives regression coeﬃcients ai (Piles et al. 2011)
SM = a0 + a1 TBN + a2 TN + a3 Fr
2
+ a4 TBN
+ a5 TN2 + a6 Fr2
+ a7 TN TBN + a8 Fr TBN + a9 Fr TN (1)
where TN is normalized surface radiant temperature, Fr is the fractional vegetation cover (Gutman
and Ignatov 1998) and TBN are the normalized
AMSR-E brightness deﬁned as:
TS − Tmin
Tmax − Tmin
N DV I − N DV Imin
Fr =
N DV Imax − N DV Imin
T B − T Bmin
TBN =
T Bmax − T Bmin
TN =

(2)
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4. Implementation
In order to estimate soil moisture, LST and canopy
temperature simultaneously, the SLPRM method
has been applied to the AMSR-E brightness temperatures for ON and OS on 2, 3 and 4 July,
2003. Also, in order to perform downscaling, the
NDVI values have been calculated using MODIS
bands 1 and 2 and the LST values have been estimated using MODIS bands 31 and 32, which were
acquired on 2, 3 and 4 July, 2003 (Moradizadeh
et al. 2013, 2017). Then, equation (1) has been
applied using the regression coeﬃcients, TN and Fr
aggregated to 5 km, and AMSR-E TBN resampled
to a 5 × 5 km grid. As a result, soil moisture map
with higher spatial resolution at 5 km instead of
25 km was obtained.
4.1 Calibrations of the models
Availability of observational soil moisture, LST,
roughness (σ/l) and bulk density data (SMEX03)
have made it possible to perform model calibration as well as validation. The study regions are
covered by 25 passive pixels and 88 ground sites.
Among 75 observed passive pixels in 3 days, 60 pixels have been selected randomly as control points
and the rest have been used as check points. Control points have been used for model calibration
and coeﬃcients estimation, while check points have
been used for accuracy assessment.
Using the control points and least square method,
the coeﬃcients of the downscaling formula (equation 1) have been calculated. The result is shown
in table 1.

(3)
4.2 Accuracy assessment of the models
(4)

Tmax , Tmin , NDVImax and NDVImin are the maximum and minimum LST and NDVI values for a
particular day and region under study. Normalization is needed to reduce the dependence of LST and
NDVI on ambient conditions, and to allow further
comparison of diﬀerent experiments (Piles et al.
2011).

In order to obtain an estimate of overall accuracy
of the models, it is necessary to use 3 days check
points which have been excluded from the model
calibration. The root mean square error (RMSE) of
SM and LST retrieval based on the calibrated coefﬁcients is presented in ﬁgure 3(a, b), respectively.
The errors of the SLPRM model in soil moisture
and land surface temperature retrieval have been
estimated around 3.9% and 2.8 K, respectively.

Table 1. Coeﬃcients of downscaling algorithm.
a0

a1

a2

a3

a4

a5

a6

a7

a8

a9

20.04

− 6.42

3.74

− 26.13

− 5.13

− 1.29

5.70

127.80

− 45.92

− 15.17
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Figure 3. Comparison between measured and estimated parameters using SLPRM model. (a) Soil moisture and (b) land
surface temperature.

Figure 4. Accuracies of soil moisture retrieval using SLPRM model. (a) Before downscaling and (b) after downscaling.

Finally, retrieved VSM has been downscaled
using equation (1) based on the calibrated coefﬁcients shown in table 1. Comparison between the
accuracies of soil moisture retrieval using SLPRM
model before and after the downscaling is shown
in ﬁgure 4 and table 2. As it was expected,
there is a slight RMSE increase (about 0.5%) in
SM retrieval after downscaling, which means that
proposed downscaling model is accurate.
Based on the results, either before or after downscaling, the SLPRM algorithm achieved acceptable
accuracies.
Brightness temperatures at six frequencies (6.9,
10.7, 18.7 in H and V polarization) have been

Table 2. Comparison of soil moisture retrieval accuracy.
Methods RMSE (SM)/(m3 /m3 )
SLPRM algorithm before downscaling
SLPRM algorithm after downscaling

0.03947
0.04478

applied in equation (1) and according to the
results, the 6.9 GHz frequency in H polarization
has shown the best operation compared to the
others. Figure 5 shows the results of applying the
downscaling algorithm to a derived soil moisture
map over the ON for July 3, 2003.
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It should be noted that there are diﬀerences
between satellite-derived parameters with the
ground observations (in the nature of observation,
acquisition times and vertical resolution) that
should be considered in the accuracy assessment
(Moradizadeh and Saradjian 2016).
The roughness has not been considered as one of
the retrieval parameters in the SLPRM method,
which might be regarded as shortcoming of the
model. However, it is suggested that roughness
is to be estimated using active microwave (SAR)
images (Li et al. 2011), in addition to soil parameters estimation using brightness temperature of
passive microwave data.
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Figure 5. SM map over the Oklahoma, July 3, 2003. (a)
Derived SM (m3 /m3 ) and (b) downscaled SM (m3 /m3 ) to
5 km.

5. Conclusions
Due to the dependency of brightness temperature
to soil surface roughness and vegetation cover,
the SLPRM model has been developed based on
considering the surface roughness eﬀect on different vegetation density. The SLPRM method
has been established based on the assumption
of soil parameters interaction. Therefore, LST
and canopy temperature are two parameters that
have been estimated by the use of dual polarization and multichannel passive microwave measurements together with soil moisture simultaneously.
Furthermore, an algorithm for enhancing the
spatial resolution of soil moisture, estimated from
the SLPRM algorithm applied to AMSR-E data,
using MODIS-derived NDVI and LST data has
been presented. Results of the implementation
indicate that downscaling is feasible to improve
the spatial resolution of microwave accurate soil
moisture retrievals. Accuracy assessment indicates
that no signiﬁcant degradation of the RMSE has
been observed when moving into higher spatial
resolution.
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