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Satellite-Based Probabilistic Assessment
of Soil Moisture Using C-Band
Quad-Polarized RISAT1 Data

Manali Pal, Rajib Maity, Mayank Suman, Sarit Kumar Das, Parul Patel, and Hari Shanker Srivastava

Abstract— This paper attempts to probabilistically estimate
the surface soil moisture content (SMC) by using the synthetic
aperture radar data provided by radar imaging satellite1. The
novelty of this paper lies in: 1) developing a combined index to
understand the role of all the backscattering coefficients with
different polarization and soil texture information in influencing
the SMC; 2) using normalized incidence angles, which enables
the model to be applicable for different incidence angles; and
3) determination of uncertainty range of the estimated SMC.
The dimensionality problem, which is frequently observed in
the multivariate analysis, is reduced in the development of the
combined index by the use of supervised principal component
analysis (SPCA). The SPCA also ensures the maximum attainable
association between the developed combined index and surface
SMC above wilting point (WP). The association between the
combined index and the surface SMC above WP is modeled
through joint probability distribution by using the Frank copula.
The model is developed and validated with the field soil moisture
values over 334 monitoring points within the study area. The
outcomes obtained by applying the proposed model indicate an
encouraging potential of the model to be applied for bareland
and vegetated land (<30 cm height).

Index Terms— Backscattering coefficients, copula, radar
imaging satellite1 (RISAT1), supervised principal component
analysis (SPCA).

I. INTRODUCTION

PRECISE details on spatio-temporal distribution of surface
soil moisture content (SMC) have pronounced signif-

icance in many hydrological applications, such as predict-
ing flood, forecasting the rainfall events, weather prediction,
irrigation scheduling, management of water resource in the
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course of dry seasons, and so on [1]. In recent times, there
has been an increasing importance in using microwave active
remote sensing for surface SMC estimation, because of its all-
weather [2], and day and night characteristics [3]. The use of
synthetic aperture radar (SAR) in microwave active remote
sensing is highly potential for catchment-scale applications
due to very high spatial resolution (∼10–20 m) [3] both for
vegetated and bare soil surface [4].
Despite an intensive study for soil moisture retrieval from

SAR data for last two decades, one key drawback of SAR
sensors is that their signal is subjective to SMC along with
the land use land cover (LULC) and the surface roughness
conditions. Consequently, the retrieval of SMC from SAR data
becomes an alleged “ill-posed” problem, where amalgamation
of various soil characteristics (SMC, vegetation, and rough-
ness) can yield the identical SAR signal [3]. The primary
complexity in inverting SMC using backscattering models
for a natural surface is the incapability in precise illustra-
tion of the roughness of the natural soil surfaces [5]–[11].
The change detection approach is an effective method to
take care of the uncertainty introduced by vegetation and
roughness conditions on the field. In this approach, it is
assumed that the average roughness characteristics and vegeta-
tion cover remain unaltered between successive satellite image
acquisitions, whereas surface SMC variations mainly affect
the backscattering signals [12]–[17]. Although the change
detection approach can effectively represent the influence
of surface roughness and low vegetation cover to a certain
degree, the key restraint is the requirement of adequate SAR
acquisitions to ensure the assumption of the consistency of
surface roughness and LULC conditions among the different
acquisitions. The development of single acquisition SMC
retrieval process based on the inversion of physical-based
forward electromagnetic models is a substantial alternative
of the change-detection-based approaches [18]–[21]. However,
the derived relationships presented by these empirical models
are not usually transferrable [18]. The use of numerical
backscattering models, such as the method of moments [22],
finite-element method, and so on, is inhibited due to deficiency
in advanced and faster computational resources [23]. In addi-
tion, the inversion of SMC from the analytical backscattering
models, such as integral equation model [24], geometric
optical model, small perturbation method [2], and so on, is
difficult and erroneous due to incorrect representation of soil
roughness [11]. Moreover, these are effective only for bare or
thinly vegetated soil surfaces, which is an essential inadequacy
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of these models for soil moisture retrieval. Determination of
vegetation parameters, which are of utmost importance to
differentiate the influence of vegetation on radar coefficients
from soil, is difficult as they vary with incidence angle,
wavelength, phenology, and so on. [25]. Presently, most studies
on soil moisture retrieval from vegetated surfaces take place in
an agricultural background, which involves considerable work
to be done to conclude the vegetation impacts from natural
vegetation and forests. Therefore, the lacunas of the above-
mentioned studies clearly call attention to the potential of
developing a model for dealing with the retrieval of fine-scale
and near-real-time SMC products in a wide variety of land
surface conditions from SAR remote sensing data. The existing
literature also suggests the presence of uncertainty due to
speckle, inappropriate surface roughness characterization, and
inversion techniques, in the estimated soil moisture obtained
from even the latest established methods [23]. While this
uncertainty can never be brought down to zero, its quantifica-
tion can be of tremendous use to better parameterization of soil
moisture retrieval models when field sampling is not possible.
Soil moisture, identified as an essential climate variable

by the United Nations Framework Convention on Climate
Change, plays an important role for the environment and
climate system through atmospheric feedbacks [26]. Thus, the
soil moisture maps, having information at a very fine resolu-
tion, are of great importance in climate modeling as well as
hydrological and agricultural modeling. In this paper, artificial
neural network was used to prepare soil moisture map by using
Sentinel-1 data [27]. The proposed approach is computation-
ally challenging, since the algorithm should be able to process
operationally in near-real-time and conveying the product to
the global monitoring for environment and security services
within 3 h of the observations. In addition, the algorithm
needs the specific information about the vegetation in terms
of NDVI to be applied in a global scenario. In the agenda
of the European Space Agency’s Water Cycle Multimission
Observation Strategy and Climate Change Initiative projects,
a global surface soil moisture map of daily scale is devel-
oped for the period 1979–2010 using two active (European
Remote Sensing Satellite Active Microwave Instrument (ERS
AMI), and Advanced Scatterometer (ASCAT) and four passive
(Scanning Multi-channel Microwave Radiometer (SMMR),
Special Sensor Microwave Imager (SSM/I), Tropical Rain-
fall Measuring Mission (TRMM) Microwave Imager (TMI),
and Advanced Microwave Scanning Radiometer (AMSR-E)
microwave remote sensing data, but the product is having a
coarse spatial resolution (around 50 km) and low Spearman
correlation coefficient (CC) (0.46) with the in situ observations
[28], which restricts the extensive use of the product in
climate, hydrological, and agricultural studies. Therefore, from
the above-mentioned discussion, it can be concluded that the
development of a nonsite specific, fine resolution soil moisture
map will be of much importance in various field of studies.
The plants are unable to excerpt water below the wilting

point (WP) which in turn affects the agricultural applications
as well as the hydrological modeling, since the fact also
influences the evapotranspiration. Thus, it indirectly influences
the complete hydrological cycle along with the atmospheric

TABLE I

DESCRIPTION OF SATELLITE IMAGE

circulations. Srivastava et al. [29] showed that the use of water
available to plant per unit volume of soil above WP provides
the better CC and lesser error. Therefore, the estimation of
the SMC extracted by the plants and above WP is explored
in this paper. The water that is essentially available to the
plant is the difference between the observed SMC and the
WP, i.e., the moisture at 15 bar suction pressure. The detail
description of the computation of SMC at 15 bar is presented
in the Appendix. Thus, the SMC mentioned in this paper refers
to the SMC above the WP or available SMC hereafter.
Indian Space Research Organization has launched radar

imaging satellite1 (RISAT1), on April 26, 2012. It uses a mul-
timode SAR at C-band (5.35 GHz) from a sun-synchronous
orbit at a nominal altitude of 536 km. The spatial and
temporal resolutions of the satellite are 3–50 m and 25 days,
respectively. It consists of five operational modes and four
polarization modes. The improved spatial and temporal sam-
pling due to the use of C-band can be effectively utilized to
retrieve information about surface SMC.
The overall objective of this paper is to estimate the surface

soil moisture above WP using data obtained from RISAT1.
The research questions to be addressed in this paper are
as follows—Is it possible to beneficially utilize the quad-
polarized data in order to develop a stand-alone approach for
soil moisture retrieval? Is it possible to consider incident angle
normalization in such a method in order to make the model
robust with respect to incident angle, so that a spatial map
can be developed with the images having different incident
angle? Is it possible to develop such a method avoiding
the requirement of on-ground information on LULC and
surface roughness at least for some LULC depending on
the penetration depth of microwave remote sensing? Is it
possible to quantify the uncertainty associated with the surface
SMC estimation?

II. STUDY AREA AND FIELD MEASUREMENTS

The study area of this paper is defined by the boundaries
of the satellite images acquired. The SAR backscattering
coefficient for RISAT1 is obtained for study area on
Oct 25, 2014 and Oct 27, 2014. The image on Oct 25 is
enclosed by the following four coordinates, 22° 1’50.37”N ×
87° 13’51.26”E; 22° 4’6.1104”N × 87° 26’9.57”E;
22° 21’21.94”N × 87° 22’30.62”E; 22° 19’6.77”N ×
87° 10’14.06”E. Similarly, the image on Oct 27 is enclosed
by the following four coordinates, 22° 4’16.84”N ×
87° 29’45.13”E; 22° 1’26.3892”N × 87° 16’2.86”E;
22° 18’39.04”N × 87° 11’53.35”E; 22° 21’30.2364”N ×
87° 25’39.39”E. The RISAT1 data are procured from the
National Remote Sensing Center (NRSC), Hyderabad,
India, in Fine Resolution Stripmap Mode 2 (FRS-2)
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TABLE II

STUDY AREA DESCRIPTION

mode. Table I represents the specifications of the procured
satellite image. Within the extent of this image, the soil
samples within the top 5 cm of the surface are collected from
334 monitoring points.
It is worthwhile to mention two points here. First, the satel-

lite passed the study area at 5:00 P.M. (IST). In order to assure
the accuracy of the ground truth, the soil samples were col-
lected within ±1 h of satellite visit. Almost no change in SMC,
owing to soil humidity change, between time of satellite pass-
ing and the time of soil sample collection is assured through
collection the soil sample as close to the time of satellite
passing as possible. Second, the penetration depth of RISAT1
is not more than 30 cm of vegetation height. It restricts the
model to be applied only for less than 30 cm vegetation height.
Thus, the soil samples were collected from barelands and
vegetated lands having <30 cm vegetation height.
The collected soil samples are analyzed in the laboratory

to determine the volumetric SMC and the soil texture infor-
mation. The moisture contents of the soil samples in weight
fraction are determined by the Gravimetric Method (IS:2720,
Part-2, 1973). Therefore, to calculate the volumetric SMC,
the specific gravity and the porosity of the collected soil
samples are determined following the Indian Standard IS:2720
[30]. The particle size distribution and the sand, silt, and clay
contents of the soil samples were determined by sieve analysis
and hydrometer analysis [31].
A brief description of the experimental result is given

in Table II. The soil composition of the study area is
obtained from the experimental results. It is observed
that the gravel, sand, silt, and clay amount varies from
0.026%–20.338%, 7.26%–73.010%, 1.080%–65.744%, and
0.202%–26.610% respectively. Therefore, it can be said that
the soil texture of the study area is mainly sandy and silty.

III. METHODOLOGY

A. Satellite Image Acquisition and Processing

The FRS-2 mode images are available in quad polarization
mode. The polarization of incident radar signal is either
horizontal (H ) or vertical (V ), and the backscatter is also
received in these polarization. Thus, the outcome is either
co-polarized (HH or VV) or cross-polarized (HV or VH)
backscattering coefficient, which is denoted by σ0. The quan-
tity of energy backscattered from a natural surface is subjected
to the radar configuration, soil characteristics, and vegeta-
tion characteristics. The quad-polarized (all four polarizations,
i.e., HH, HV, VH, and VV) SAR data are procured from
NRSC for the two images mentioned earlier. For each image,
the digital numbers supplied by NRSC, the effect of the

“speckle” due to multiple within-pixel scattering objects is
removed. The speckle filtered digital numbers (DNp) are
converted into a backscattering coefficients expressed in deci-
bel (dB) using the SAR calibration coefficient for each linear
polarization using the equation from the RISAT1 data prod-
ucts format suggested by Space Application Center [32] and
represented as the following:

σ0 = 20 log10(DNp)− KdB + 10 log10
sin i p

sin ic
(1)

where σ0 is the radar backscatter coefficient in dB, DNp is the
digital number for the pixel p, KdB is the calibration constant,
i p is the incidence angle at pixel position p, and ic is the
incidence angle at scene center. Incidence angle for the center
of 32× 32 pixel block is provided with the image. Therefore,
the incidence angle at any pixel position p is computed by
bicubic interpolation from the neighboring grid points.

B. Incidence Angle Normalization

The previous studies using SAR data have presented the
prospective of radar signals to estimate surface SMC with a
single incidence-angle data and a linear relationship. Thus, for
the same surface roughness and polarization values, the linear
relationship between the radar backscattering values and the
surface SMC needs the same incidence angle for each image
acquisition. In that case, the temporal resolution is very low
(e.g., 35 days for European Remote Sensing satellites). Such
coarse temporal resolution of data is not sufficient for hydro-
logic studies. On the other hand, the diversity in incidence
angles allows frequent image acquisition. In our case, the
RISAT1 data correspond to two different incidence angles,
each for two different dates. Since the backscattering values
highly vary with the different incidence angles of the sensor,
it is not possible to combine the backscattering values of the
two dates to investigate the association between the backscat-
tering values and the surface SMC. Hence, to study the sensi-
tivity of the backscattering values of the two different dates to
the surface SMC, the measurements should be normalized to a
reference incidence angle. This paper follows the methodology
proposed by Zribi et al. [33], who prepared a library with the
backscattering values and the incidence angles corresponding
to large ranges of surface roughness conditions. The root-
mean-square (rms) height of surface roughness (s) varies from
0.5 to 2 cm and the radar signal is nearly saturated for
s > 2 cm. The correlation function shape can be directly
computed from the rms height. Using the numerical approach
described by Fung and Chen [34], different surfaces charac-
terized by these three parameters are simulated. In the sim-
ulation, three values of the correlation length are considered
representing a large variation interval (l = 3 cm, l = 6 cm,
and l = 9 cm). The backscattering coefficient is estimated
for each surface roughness for a wide variety of incidence
angle. The simulated library of the backscattering coefficients
for extensive ranges of surface roughness parameter allows the
proposed simulation model to utilize the multi-incidence angle
data of different dates.
In this paper, the library realization prepared by

Zribi et al. [33] is used to normalize the backscattering
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values obtained from RISAT1 to a reference angle of 30°.
The incidence angles at each pixel p were normalized to the
reference angle.

C. Supervised Principal Component Analysis

Unlike principal component analysis (PCA), the supervised
PCA (SPCA) is able to yield the principal components in
order of its association with a target variable [35]. Thus, the
first component is expected to possess maximum association
with the target variable. The approach of SPCA utilizes the
Hilbert–Schmidt independence criterion (HSIC) to develop
the principle components, which is based on an orthogonal
transformation of the input matrix [36]. In this paper, SPCA
is adopted for dimensionality reduction of the inputs and to
develop a combined index for the estimation of the volumetric
surface SMC. It is explained briefly as follows.
Suppose, a set of n observed data points each comprising of

p variables form the input matrix, X of p×n dimension and Y
is the 1× n dimensional data matrix of the target output vari-
able. The SPCA technique deals with the problem of finding
the subspace U T X to maximize the association between the
output variable Y and the projected input matrix U T X , where
U is an orthogonal projection matrix of size p ×1. In order to
estimate the association between the U T X and the output Y ,
the HSIC is used. As stated by HSIC, the degree of dependence
between two random variables, X and Y , is related with their
reproducing kernel Hilbert space (RKHS) [36]. The RKHS is
a pointwise assessment a complete, (probably) linear space
of infinite dimension provided with an inner product [37].
The HSIC states, X and Y , are independent if and only if
any bounded continuous functions of the considered random
variables are not correlated with each other [35]. For a given
finite number of observations, the HSIC should be estimated
to make it a practical criterion for testing the independence.
Therefore, an empirical estimation of HSIC for n number of
independent observations can be represented by the following
equation:

H SIC(Z , F,G) := (n − 1)−2tr(K H L H ) (2)

where Z := {(x1, y1), . . . , (xn, yn)} ⊆ X × Y is the series
of independent and identically distributed samples; F and G
are defined as the separable RKHS consisting of all likely
continuous bounded real-valued functions of x from X to
� and y from Y to �, respectively; the kernels are H, K ,
L ∈ �n×n , Kij := k(xi , x j ), Li j := l(yi , y j ), and Hij :=
I − n−1eeT where I is an n × n dimensional unit vector and
the 1-D vector e consisting of all ones and length n and tr(. . .)
refers to the “trace” of the matrix (. . .). For obtaining the
principal component which has the maximum association
with the output variable Y , the trace of the reduced matrix
[K H L H ] is maximized, where K is a kernel of U T X and
L is a kernel of Y . Conforming to the cyclic permutation of
trace of a product, if either of K or L is already centered, for
example L, then H L H = L. Therefore, the objective function,
tr(K L) which does not consist of the centering matrix H any
longer, can be used. Likewise, if H K H = K , then tr(K H L H )
can be revised as tr(H K H L), which can be described

as follows:
tr(H K H L) = tr(H X T UU T X H L) (3)

where K and L are stated as [X T UU T X] and [Y T Y ], respec-
tively. Equation (3) can also be rearranged as the following:

tr(H X T UU T X H L) = tr(U T X H L H X T U). (4)

The orthogonal transformation matrix, U , which maps the
data points to a space where features are not correlated, is
solved by optimizing the problem which is defined as

argmax
U

tr(U T X H L H X T U), s.t.: UU T = 1 (5)

where the notation argmaxU indicates a maximization prob-
lem considering U as an argument. The optimization problem
shown in (5) can be solved in closed-form. The symmetric
and real matrix Q = X H L H X T of size p × p, has p
number of eigenvalues (λ1 ≤ · · · ≤ λp) and corresponding
eigenvectors [ν1, . . . , νp], each consisting of p number of
elements. In general, the maximum value of the cost function
is λp + λp−1 + · · · + λp−d+1 and the optimum solution is
U = [νp, νp−1, . . . , νp−d+1], where d is the dimension of
[U T X]. Since the soil moisture is the only target variable in
this paper, the value of d is one, i.e., [U T X] is a vector
of dimension one. Hence, U = [νp], which produces the
coefficients for p different input variables and ensures the best
association of the product to the output variable.
In this paper, different sets of inputs are considered to

find out the effect of any particular input or a subset of the
inputs and to select an optimum combination input variables.
However, when the number of inputs is more than one, SPCA
is applied to derive the combined index of the considered
set of inputs reducing the model dimensionality. The square
of the SPCA coefficients represents the contribution of each
input variable to estimate the target output, and as mentioned
earlier, the sum of the square of the SPCA coefficients is equal
to one. Therefore, the comparison of the absolute values of
the SPCA coefficients corresponding to each specific input
helps to select the best possible combination of inputs to
develop the combined index to estimate the surface SMC
with least model complexity. In addition, it ensures that the
selected combination of the input variables has the maxi-
mum association with the target variable, i.e., the surface
SMC. Using this combined index as an input, probabilistic
estimation of SMC is carried out using copula, as explained
in Section III-D.

D. Probabilistic Volumetric Soil Moisture Estimation

Copulas are the functions that combine the marginal distri-
butions of any two or more variables to get the joint prob-
ability distribution between the random variables [38]. The
use of copula functions in different fields of application has
been popularized due to its capability to model the complete
dependence structure with a few parameters [39], [40].
The association between the combined index and

the reduced variate of SMC is estimated by using
Kendall’s Tau (τ ), which is a rank-based, nonparametric
statistical measure. A suitable distribution is fitted to SMC,
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TABLE III

PROPERTIES OF THE PRELIMINARY SELECTED BIVARIATE ARCHIMEDEAN COPULA FUNCTIONS

and the quantile values corresponding to each SMC value
are obtained. The quantile values range from 0 to 1 and
designated as the “reduced variates.” Suppose, V and Y
are the reduced variate of the combined index and SMC,
respectively. Mathematically, Kendall’s Tau can be represented
by the following equation:
τ = P[(Vi − Vj )(Yi − Y j ) > 0]

− P[(Vi − Vj )(Yi − Y j ) < 0] (6)

where i and j are any two time steps which are not equal
(i.e., i �= j ). The dependence parameter of copula is obtained
by the estimated τ . The frequently used bivariate Archimedean
copulas are Ali–Mikhail–Haq (AMH), Clayton, Frank, and
Gumbel–Hougaard (GH). However, the AMH copula is not
generally considered, since the range of dependence parameter
for this copula is very less τ = −0.182 to 0.333. The details of
selected copulas are provided in Table III. Initially, the suitable
copulas are selected to model the association between reduced
variate of surface SMC and combined index based on the best
fit to the observations.

1) Selection of Best Fit Copula: The appropriateness of
a copula is evaluated statistically by goodness of fit (GOF)
tests using: 1) empirical copula; 2) Kendall’s transform; and
3) Rosenblatt’s transform. The approach of testing using
empirical copula was developed in [41], which is based on
the null hypothesis H0 : C ∈ C0 for a specific copula C0
against H1 : C /∈ C0. The distance between the empirical
copula (Cn) and parametric estimate (Cθ

n ) of C , which is
obtained under H0, is compared in the tests. The GOF tests
are based on the statistic

√
n{Cn(v, y)−Cθ

n (v, y)}, where v, y,
and n are the reduced variates of the combined index, SMC,
and the number of observations, respectively. The empirical
copula (Cn) is defined as

Cn(v, y) = 1

n

n∑

i=1
	(V ≤ v,Y ≤ y), v, y ∈ [0, 1] (7)

where 	(•) is the indicator function that takes a value 1 if
the argument • is true and 0 if it is false. The Crame’r–von
Mises and Kolmogorov–Smirnov (KS) statistics are established
on the distance explained earlier. The Crame’r–von Mises

statistics (Sn) is a widespread GOF test technique for copula
models [41]. The statistic Sn is expressed as

Sn =
n∑

1

{
Cn(v, y)− Cθ

n (v, y)
}2
. (8)

The KS statistic (Tn), which is based on the absolute maximum
distance between Cn and Cθ

n , can be is expressed as

Tn = Maxv,y∈[0,1]
∣∣√n

{
Cn(v, y)− Cθ

n (v, y)
}∣∣. (9)

The copula function with the minimum value of the above-
mentioned statistics implies the best fit copula. The superior
statistics is given the emphasis if the best fit copula is different
for different test statistics. Genest et al. [41] suggested the
preference order as (Sn 
 Tn) based on their power. The
copula showing best fit following these measures is selected
and symbolized as Cb(v, y).

2) Copula-Based Probabilistic Simulation Model: The joint
distribution between the surface SMC and the combined index
is modeled using the best fit copula out of the preliminary
selected set of Archemedian copulas. The probabilistic assess-
ment of the surface SMC is obtained from the distribution
conditioned on the combined index obtained from their joint
distribution. The conditional (cumulative) distribution of the
volumetric SMC conditioned on the combined index (M) can
be represented as

FSM|M (SM|M = m) = ∂Cb(u, v)

∂u
. (10)

The 50th quantile value is expressed as the expected
value (EV) of the SMC, using the above-mentioned condi-
tional distribution. The range of estimated SMC is represented
by the 25th quantile [lower limit (LL)] and 75th quantile
[upper limit (UL)], i.e., interquantile range, which reflects the
associated uncertainty in SMC estimation. The EV (quantile
value at 50%) is used as the estimated SMC values cor-
responding to the observed SMC values. The interquantile
range between these values (75th percentile to 25th percentile)
quantifies the associated uncertainty in SMC estimation.
The model performances are also evaluated both during

model development and testing periods in terms of CC, Nash–
Sutcliffe coefficient (NSE), refined index of agreement (Dr),
rms error (RMSE), and unbiased RMSE (uRMSE) [42], [43].
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E. Model Development and Calibration

The available data set is randomly shuffled for 20 times
to eliminate any possible bias (for example, the training data
set only contains the data from bare or only vegetated land
areas) present in the data. The proposed model is developed
and tested for each shuffle and the performance is evaluated
in terms of the mean of the performances obtained from each
shuffle. For each shuffle, the k-fold cross-validation technique
is used for evaluating the generalized model performance to
an independent data set and to avoid over fitting. This cross-
validation technique randomly splits a data set into k separate
folds with almost identical size, and each fold is in turn used
to test the model developed from the remaining k − 1 folds.
The total number of monitoring points is found to be

334 having the SMC above WP. Among the 334 data points,
32 data points belong to bareland areas and remaining 302 data
points belong to vegetated land areas (<30 cm height). For this
paper, the data are split into three different folds. The first and
second folds contain ten data points from bareland areas and
100 data points from the vegetated land areas, whereas the
third fold consists of 12 data points from the bareland areas
and 102 points from the vegetated land areas.
The SPCA coefficients corresponding to each input variable

and the model performance values for each threefolds are
presented in terms of the mean values of 20 shuffles in the
result and discussion section. However, in this process, the
sum of square of the SPCA coefficients (after taking the mean)
could deviate a little from one (in the order of 0.001–0.003).
This little deviation, if any, is adjusted mathematically to attain
the summation is equal to one.

IV. RESULTS AND DISCUSSION

A. Selection of Input Variable Combination

Initially, all the seven inputs, i.e., HH, HV, VH, VV, %Sand,
%Silt, and %Clay, are considered. The sensitivity of each
input variable is measured for combined bare and vegetated
land areas by computing the SPCA coefficients during model
development period. It is observed that the contribution of HH
is the maximum in surface SMC estimation. This is confirmed
by the highest value of absolute value of the coefficients
corresponding to HH, which ranges from 0.900 to 0.947. Fol-
lowing the averaging and adjustment of the SPCA coefficient
values as mentioned earlier, the coefficient corresponding to
HH is 0.924. Similarly, the absolute values of the coefficients
corresponding to VH (0.227) and HV (0.209) show the second
and third highest values, respectively. The absolute values of
SPCA coefficients corresponding to remaining input variables,
i.e., VV, %Sand, %Silt, and %Clay, are 0.126, 0.121, 0.110,
and 0.056, respectively. Therefore, to reduce the model com-
plexity, the effect all backscattering coefficients are taken into
account by using the radar vegetation index (RVI) along with
the HH. The RVI is expressed as the following [44]:

RVI = 8σH V

σH H + σV V + 2σH V
. (11)

The range of RVI is 0–1. For bareland, the value of RVI is
near 0 and it increases with the crop growth [44]. Next, using

Fig. 1. Scatter plot between the reduced variate of soil moisture and the
combined index. The black straight line shows the least square error fit line.
The color of data points shows the cdf value and the contour lines show the
points having equal values of cdf.

HH and RVI, a combined index is developed through SPCA.
The resulting SPCA coefficients corresponding to HH and RVI,
following the 20 shuffles and modification as mentioned in
methodology, are observed to be 0.904 and 0.428, respectively,
for the combined bare and vegetated land surfaces. Thus,
the contribution of HH is still high and the contribution of
RVI is also significant while avoiding the use of all four
backscattering coefficients.

B. Development of Probabilistic Simulation Model Based
on Copula

Using the developed combined index and the observed
SMC, best-fit copula is identified to develop the probabilistic
simulation model. It has been observed that the values of Sn for
Clayton, Frank, and GH copulas are 0.102, 0.086, and 0.133,
respectively. The values of Tn for Clayton, Frank, and GH
copulas are 14.595, 14.790, and 14.769, respectively. Thus,
based on these values, Frank copula is selected to develop
the joint distribution between the surface soil moisture and
the combined index for combined bare and vegetated land
areas.

1) Joint Distribution Between Combined Index and the Soil
Moisture Data: The marginal distribution of the combined
index is investigated to follow the normal distribution, and the
observed SMC above WP is fitted to empirical distribution
as its best fit probability distribution. The joint distribution
of the SMC and the combined index is modeled using Frank
copula. The dependence parameter (θ) for the joint distribution
is attained from the Kendall’s tau (τ ) between the observed
SMC and developed combined index. Kendall’s tau between
the observed SMC and combined index is found to be 0.394
for combined vegetated and bareland areas. The dependence
parameter of the Frank copula, θ , is found to be 4.084.
In Fig. 1, the cumulative distribution function (cdf) of the
Frank copula is superimposed on the scatter plots between the
reduced variates of soil moisture and the inputs. From Fig. 1,
it can be seen that the cdf of the selected Frank copula fits
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TABLE IV

COMPARISON OF PERFORMANCE METRICS OF THE MODEL FOR ALL THREEFOLDS WITH ALL
THE SEVEN (H H , H V , V H , V V , %SAND, %SILT, AND %CLAY) INPUT COMBINATION

Fig. 2. Comparison of the estimated and observed soil moisture with the
uncertainty range during (a) model development period and (b) model testing
period.

proficiently with the distribution of the reduced variates of the
SMC and the combined input variables.
The conditional distribution of SMC, conditioned on com-

bined index using (10), is attained by using the developed
joint distribution. The conditional cumulative distribution is
used to calculate the quantile values at 25%, 50%, and 75%
probability and used as the LL, EV, and UL of the estimated
SMC, respectively. Fig. 2 shows the comparison between the
estimated SMC and the observed SMC with their uncertainty
range. Fig. 3 shows the scatter plot between the observed and

Fig. 3. Scatter plot between the estimated and observed soil moisture with
the best fit line for the SMC between PWP and FC.

the estimated SMC for the entire range of SMC available for
the study area.
For the present study area, the range of permanent

WP (PWP) to field capacity (FC) has been computed for
combined bare and vegetated land areas to be 4.73%–32.93%.
The comparison between line of perfect match and best fit
line with all SMC shows relatively poor model performance.
However, the comparison between the line of perfect match
and best fit line for SMC between the PWP and FC shows that
the discrepancy decreases drastically. It can be observed from
Fig. 3 that the proposed model performs better in the specific
range between the PWP and the FC.

2) Model Performance: The performance of the model is
assessed in terms of CC, NSE, Dr, RMSE, and uRMSE for
randomly shuffled data as mentioned earlier for each fold.
Therefore, the model performances are compared between
different folds for different shuffles, and the mean values along
with the maximum and minimum values are reported to assess
the performance of the proposed approach.
Table IV represents the minimum, maximum, and mean

values of the considered performance metrics of all the
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TABLE V

COMPARISON OF PERFORMANCE METRICS OF THE MODEL FOR ALL THREEFOLDS CONSIDERING H H AND RVI AS THE INPUT COMBINATION

20 shuffles for the threefolds, while all the seven input
variables are considered. It has been observed that the values
of the mean of the CC, Dr, NSE, RMSE, and uRMSE are
0.569, 0.616, 0.315, 0.094, and 0.094, respectively, for the
first fold which is better compared with second and third
folds during the development period. However, during the
testing period, the mean values of the performance metrics are
marginally higher for the second fold (CC-0.564, Dr-0.610,
NSE-0.300, RMSE-0.093, and uRMSE-0.093) than the first
and third folds. Table V shows the minimum, maximum,
and mean values of the performance metrics for all the
20 shuffles and threefolds both during the development and
testing period using the combined index of HH and RVI.
It is observed that the mean values of CC, Dr, NSE, RMSE,
and uRMSE are found to be 0.528, 0.589, 0.269, 0.097, and
0.097, respectively, for the first fold during the development
period.
Similarly, the mean values of the above-mentioned perfor-

mance metrics are 0.514, 0.584, 0.253, 0.098, and 0.098 for
the second fold and 0.522, 0.587, 0.263, 0.096, and 0.096
for the third fold. Thus, the mean values of the performance
metrics are almost comparable for each threefolds during
the development periods. However, during the testing period,
the mean values of the performance metrics are found to
be best for the second fold. Following the comparison of
the performance metrics values for all the threefolds during
both development and testing period, it can be concluded
that the moderately high values of CC, Dr, and NSE and
low values of RMSE and uRMSE show a good association
between the estimated SMC with the observed SMC for
combined bare and vegetated land areas. Furthermore, while
applying the model for two different dates (two different
incident angles) separately, it is noticed that there is not much
change in the performance except some statistical randomness.
Thus, the normalization of the incidence angle enables the
model to be applied uniformly for two different incidence
angles.
The comparison between Tables IV and V show that the

use of the combined index considering both the HH and RVI
by merging the radar signal data is effective to estimate the
surface SMC for combined bare and vegetated land surfaces

(<30 cm height). In addition, it also suggests that indeed
the inclusion of soil texture information enhances the model
performance for both the development and testing periods to
some extent. To investigate whether the model performance
is acceptable for the cases with and without soil texture
information, the 5% significance level of CC (95% confidence
interval) region is explored for training and testing period.
It is found to be ±0.132 for training period. The values of
the CC for the threefolds are outside this range, for both the
cases with and without the soil texture information, which
are 0.556–0.569 and 0.541–0.564, respectively. For testing
period, 95% confidence interval of CC is ±0.184. Again,
it is observed that the values of the CC for both cases are
not within the significance level of CC during the testing
period, which are 0.514–0.528 and 0.498–0.540 for with and
without the soil texture information, respectively. Therefore,
it can be concluded that model performance is acceptable for
both the cases with and without soil texture information. Since
soil texture information may not be readily available for all
locations, the model without the soil texture information can
be adopted at the cost of a little compromise on the model
performance but with a wide scope of applicability. It increases
the scope of spatial transferability of the model toward the
generation of soil moisture map using HH and RVI.

C. Soil Moisture Map

Using the proposed approach, we are able to apply the
ancillary data sets of RISAT1 for each date on a pixel by
pixel basis to develop soil moisture map. However, since the
model applicability is limited to the bare and vegetated land
areas (<30 cm), the pixels, which cannot be categorized in
either of these two classes, were identified and tagged as
inapplicable zones. For rest of the regions, the soil moisture
maps are obtained without the soil texture information in the
input data set. The resulting soil moisture maps are shown
in Figs. 4 and 5 for October 25, and October 27, 2014,
respectively. The yellow is the indicative of low soil moisture
and the blues indicate high soil moisture. The white patches
indicate the inapplicable zones (i.e., establishments or with
vegetation height more than 30 cm). Such a map derived from
remotely sensed data may be of immense use in different fields
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Fig. 4. Soil moisture (above WP) map of October 25, 2014. The soil moisture is represented in volumetric term (m3/m3).

Fig. 5. Soil moisture (above WP) map of October 27, 2014. The soil moisture is represented in volumetric term (m3/m3).

of application. However, it is worthwhile to reiterate one issue
that such map provides soil moisture information only from
top surface (<10 cm), which is common issue for microwave

remote sensing data. Estimation of SMC for deeper layer using
the information top surface may be considered as a further
scope of this paper.
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V. CONCLUSION
The research gaps motivate this paper to develop a non-

site specific model for estimating the surface SMC using
quad-polarized microwave remote sensing data (RISAT1).
The developed model is spatially transferable and able to
develop soil moisture map irrespective of surface roughness
and incidence angle. Detailed information on LULC is also not
required if it is either bare or vegetation height within 30 cm.
This paper introduces a model based on copula and it

applies the incidence angle normalization to enable the model
to be used for different incidence angles. The SPCA method
used to select an ideal combination of possibly influencing
input variables for optimum model complexity leads to the
conclusion that HH is having the highest association with
the surface SMC above WP. A decent contribution of cross-
polarized backscattering coefficients (HV and VH) for esti-
mating the output is also indicated through SPCA analysis.
Therefore, to incorporate the effects of all the backscattering
coefficients, RVI is computed, and it is shown that RVI and
HH are sufficient to obtain the combined index to serve as an
effective input for SMC estimation. The mean values of CC,
Dr, and NSE in all the threefolds ranging from 0.514–0.528,
0.584–0.589, and 0.253–0.269, respectively, and the values of
RMSE and uRMSE both ranging from 0.096–0.098 conform
the stated good performance of the model for combined bare-
land and vegetated land areas during the model development
period using HH and RVI. During the testing period, the
values of CC, Dr, NSE, RMSE, and uRMSE (0.498–0.540,
0.571–0.589, 0.218–0.268, 0.096–0.098, and 0.094–0.099,
respectively) deteriorate, yet it is reasonably acceptable given
the complexity of the model. Another novelty of the developed
copula-based approach is the uncertainty quantification with
reasonably acceptable model performance. Hence, it can be
said that the findings of this paper are expected to have a
wide range applications and studies.

APPENDIX
DETERMINING THE FIELD CAPACITY
AND PERMANENT WILTING POINT

The soil–water characteristic equation is described as the
following [45]:

ψ = Aθ B (A1)

where ψ = Soil water potential expressed in Bar, θ is the SMC
at that soil moisture potential, and A and B are the coefficients
computed with the percentage of sand and clay information.
The computation of A and B is described as follows:
ln(A) = a + b(%Clay)+ c(%sand)2+ d(%Sand)2(%Clay)

(A2)
B = e + f (%Clay)2 + g(%Sand)2+ g(%Sand)2(%Clay).

(A3)

The values of the coefficients are provided as the following:
a = −4.396 b = −0.0715 c = −4.880× 10−4
d = −4.285× 10−5 e = −3.140 f = −2.22× 10−3
g = −3.484× 10−5.

The SMC at WP and FC is defined as the SMC at 15 bar
and 0.3333 bar suction pressure, respectively. Therefore,

using (A1), the SMC at 15 bar, and 0.3333 bar suction
pressure, the WP and the FC are computed.
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