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Abstract In this work, we estimated soil moisture (SM) by
using dielectric constant properties of soil with radar backscattering coefficient (bc) from simulated annealing techniques of
RISAT-1 (radar imaging satellite, based on synthetic aperture
radar (SAR) technique) data. We examined the performance
of simulated annealing in retrieving SM where the vegetation
cover is not very high (NDVI ≈ 0.35 for wheat-dominated area
on January 19, 2013).To overcome the land surface model
limits on SM estimation accuracy, point measurement spatial
coverage limits, and microwave remote sensing spatialtemporal sampling limits, we reduced uncertainties through
a combination of these approaches. Near-surface SM measurements from the 5.35-GHz (C-band) channels of RISAT1 were collocated against ground-truth data (collected during
the flight time of RISAT-1 over the study area), to establish
SAR-SM relationships for FRS-1(circular horizontal (RH)
and circular vertical (RV)) data set of RISAT-1. Comparison
with the limited ground-based point (total 24 points)

measurements of SM content exhibited a net improvement
when near-surface SM observations were assimilated.
Comparison of the SM derived from the sigma naught (σ0)
(of RISAT-1 data set FRS-1) using the inversion algorithm
with the observed measurements (using time domain reflectometry) of SM showed root mean square error of 0.24,
nRMSE = 0.03, R-RMSE = 0.38, MAE = 0.63,
NRMSE = 1.02, NSE = 1, d = 0.87, r 2 = 0.65, and
RMSE% = 12.79 for RH polarized image while RV polarized
image failed each statistical test for predicting good SM with
respect to the observed SM. The ability to extract additional
information comes at the expense of including more measurements, especially at frequencies lower than the L-band. This
approach is therefore intended for future space-borne systems.
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Microwave (MW) remote sensing (RS) techniques have
showed great potential in agricultural applications such as
crop yield forecasting, irrigation management, and issuing
early warning of droughts. Substantial progress has been made
in terms of vegetation classification and monitoring from
hyperspectral-visible/infrared remote sensing. However, considering the limitation of hyperspectral remote sensing under
cloud cover, its combination with MW-based techniques for
routine measurement of soil moisture (SM) and vegetation
characteristics has great future potential for agriculturists and
hydrologists. Agricultural irrigation has not routinely considered in situ or RS-based SM data in its many operational
decisions. MW RS can play a vital role in improving agricultural production. Research needs toward this goal are extensive and include the calibration and validation of vegetation
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and SM retrieval methodologies corresponding to current
(SMOS, AMSR-E, SMAP) SM missions as well as a better
theoretical understanding of MW radiative transfer particularly in dense vegetation.
This shows the interest for hydrologists and agronomists to
develop rapid, reliable, and regional methods for the evaluation of soil roughness and moisture. The evaluation of soil
degradation under the effect of erosion has already been tried
with RS techniques in the visible light and infrared wave
bands. Such research was based on the spectral signatures of
soils and tried to correlate the stages in crust formation with
changes in reflectance (Cihlar et al. 1987; Cierniewski 1987;
Escadafal 1989). The difficulty is that even when the soil is
bare, different soils can have the same luminance or the other
way around (Dubucq 1986).
Concerning active MW, intensive RS work based on
scatterometer experiments has demonstrated the effects of
SM and random surface roughness of bare soils on the backscattering of the radar signal (Ulaby et al. 1978; Bernard et al.
1982; Dobson and Ulaby 1986; Jarry et al. 1988). Additional
effects due to the periodic row structure of soil were also
studied (Ulaby et al. 1982a; Dobson and Ulaby 1986; Jarry
et al. 1988; Beaudoin et al. 1990). The results showed a general increase of signal magnitude for perpendicular observations. The radar specifications for optimum soil moisture detection with a minimum influence of soil roughness were determined to be the C-band with HH polarization and an incidence angle around 10–12°.
In order to obtain good spatial resolution, the synthetic
aperture radar (SAR) angles of present and future missions
begin around 20° (23° for ERS-1, 38° for J-ERS-1, 15°–55°
for SIR-C, and 20°–50° for Radarsat). This means that the
incidence angles of operational SAR systems are quite different from the 10°–12°optimum angle and that radar results are
expected to depend on both soil water content and roughness.
SM data with high spatial and temporal resolutions over the
agricultural growing season have potential for rational planning of irrigation management and increasing crop yields.
Temporal monitoring of SM at different growth stages of crop
could prevent water stress and improve the crop yield. SM
characteristics influence the availability of nitrogen and water
to the crop during the growing season, strongly affecting the
availability of soil nitrogen during periods of low water availability. On the other hand, excessive irrigation leads to
leaching of fertilizer (N and P), inducing groundwater pollution and soil degradation. Using knowledge of SM to manage
insects and plant disease is a potential application that needs
more research. Information on spatial distribution of SM over
the field will allow pesticides to be applied selectively to
achieve economic and environmental benefits.
Currently, various crop monitoring schemes are used to
retrieve crop yield information from visible/near IR RS data.
These schemes could be improved with the addition of MW-
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based SM information to achieve greater efficiency. Many
studies carried out during the past three decades have successfully demonstrated the use of active MW RS techniques to
obtain spatial and temporal estimates of SM mapping over
large regions.
The spatial heterogeneity of SM and precipitation makes it
difficult to estimate SM at relevant scales from field SM measurements. Lacking accurate information, farmers/managers
often leave irrigation systems running to ensure that water is
available to the driest area. This leads to wasteful water application to the wet area retarding crop growth and development.
Field SM measurements are limited to a small fraction of the
total area because of the expense and logistical constraints.
While field measurement using gravimetric sampling, calibrated neutron attenuation, or time domain reflectometry
(TDR) technique may be quantitatively accurate, it poorly
represents the spatial and temporal distributions of SM as a
function of variable soil surface characteristics. MW RS systems have shown great potential in spatial SM estimation for
crop yield fluctuation forecasting at regional and global scales.
We have organized this paper in three sections. The first
section describes the calibration of TDR. The second section
deals with testing and comparison of our model with ground
truth, and the final section validates our model with groundbased observation over a selected region.

Materials and methods
Study area description
A field experiment for calibration of TDR was conducted
(2011–2012) on the experimental farm of the Division of
Agri-Physics (IARI), New Delhi, located at 28o 38′ 23″ and
77o 09′ 27″ with an altitude of 228.6 m above mean sea level
(m.s.l.). The climate of Delhi is subtropical and semi-arid
characterized by hot, dry summer and cold winter.
For validation of the final experiment at RISAT-1 image scale,
the study area lies between 76° 29′ E and 76° 44′ E and between
28° 17′ N and 28° 36′ N, with altitude 245 m m.s.l. in the Rewari
district, state of Haryana, in India (Fig. 1), which covers almost
the entire study area in which wheat (during Rabi season) is the
major crop. The average rainfall in the last 10 years in the district
is 569.6 mm. The rainfall distribution in the district is uneven and
scattered which results in drought affecting the agriculture production as well as cropping pattern in the Kharif and Rabi seasons. Thus, the agriculture in the district by and large depends on
rainfall distribution.
Empirical SM retrieval model
The inversion approach for RISAT-1 FRS-1 data has been
developed with the aim to provide SM maps at the regional
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Fig. 1 Study area location. a India with Haryana. b Rewari district map. c SM measurement points during ground truth and RISAT-1 swath (Polygon)
over Google Image

scale in an operational manner. The algorithm is based on an
empirical inversion scheme initially developed using C-band
RISAT-1 FRS-1 data for IARI New Delhi. The model has
proven its applicability in different studies showing that surface SM contents can be derived with a RMSE of 5 to 10%
and that it is also usable for meso scale C-band SAR data
(Schneider and Oppelt 1998; Mauser 2000; Loew et al.
2003). An advantage of this empirical retrieval approach is
that it requires very few model parameters to derive surface
SM values. The SM retrieval model has been developed and
validated for a low-range normalized difference vegetation
index (NDVI) of land cover type, in particular, bare soils
and low-NDVI (< 0.3) wheat crop. SM is derived from the
remotely measured backscatter in a two-step approach. Firstly,
a relationship between volumetric water content (VWC) from
TDR, microsecond (from TDR), and gravimetric SM (volumetric SM) was developed; secondly, a relationship between
observed SM (by using TDR) and the image’s backscattering
coefficient (bc) was developed.

Data acquisition
Image acquisition was realized on January 19, 2013
withspace-borne systems in order to acquire the C-band frequency (5.35 GHz) and dual polarization (circular horizontal
(RH) and circular vertical (RV)) radar FRS-1 (3.3-m resolution, 25-km swath, Min σ0 = − 17 dB) data.

Data processing
TARANG software was used to process the RISAT-1 FRS-1
data. The software converts the RH and RV files into a scattering matrix. While converting the RISAT-1 (FRS-1) data, it
uses calibration factors which are 67.768 and 64.414 for RH

and RV, respectively. General information extracted from
RISAT-1 FRS-1 header file is given in Table 1.
Power image generation of RISAT-1 FRS-1 dataset
Level 1—single-look image data was supplied as a complex
dataset. The I and Q values for each pixel are supplied as 16bit integers. The data was imported and converted into a complex floating point data set. Then, suitable calibration equations were applied for radiometric correction of data. The calibration constants (KdB) were supplied with the data (67.768
and 64.414 for RH and RV, respectively) in decibel scale. To
get the power values for each pixel, we used the following
relations:
Table 1 General information extracted from RISAT-1 FRS-1 data set
by using TARANG S/W
Date of data acquisition
Product ID
No. of scans
No. of pixels
Azimuth looks
Range looks
Multi looks
Ground pixel spacing
Range pixel spacing
Line spacing
Center incidence angle
Scene center lon

19-Jan-2013
132614111
15,201
13,287
1
1
1.073144
2.271846
1.801
2.117
52.443
76.619992

Scene centre lat
Multi looks (during processing)
Range
Azimuth
Color scheme

28.444275
1
1
R: C11-based
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DNp ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
 2
ﬃ
I þ Q2

ð1Þ

Decibel scale
Sigma naught (σ0) in decibel scale (Fig. 2) is calculated as
follows:


σ ¼ 20log10 DN p −K dB þ 10log10 sin θi=sin θc
ð2Þ
where
DNp
ϴi
ϴc

digital number or power image
local incidence angle
center incidence angle

is similar to that of a radar system. An electromagnetic waveform is transmitted through a medium, and any obstruction or
change in impedance sends a portion of the reflected waveform back to the source. The principles of TDR (Field
Scout™ TDR-300 soil moisture meter) and its application
for soil water content measurements are given in Malicki
and Skierucha (1989) and Malicki (1999).
TDR (Fig. 3), as applied to SM measurements, is based on
a relationship between the velocity of electromagnetic wave
propagation and the dielectric constant of the medium that the
wave propagates in.

Model generation
Calibration of TDR

Instruments
Time domain reflectometry
TDR was originally developed to detect breaks in communication cables. In the 1950s, it was adopted by the agricultural
community to measure SM. The principal of the TDR system
Fig. 2 Sigma naught (σ0) in dB
scale image of study area

The experimental site for calibration of TDR-300 was
20 × 20 m2 at the farmland of the Division of Agri-Physics
(IARI, New Delhi). The SM readings (from both gravimetric
method and TDR) began with the saturated soil and were
continued till the soil reached a moisture level near the permanent wilting point. After equilibrium, the samples were
weighed on a precision scale and readings were taken with
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SM variations along the linear model and to calibrate RISAT-1
FRS-1 retrieval models for 0–5-cm penetration depth of the
signal.

Results and discussion
Fig. 3 Field Scout™ TDR 300 soil moisture meter

Empirical model generation for SM from TDR
the TDR-300 equipment. Afterwards, thrice a day, soil samples and TDR readings (VWC and microsecond) were collected from the experimental field. These soil samples were used
to calculate the gravimetric moisture and soil bulk density.
The volumetric moisture was estimated by multiplying the soil
bulk density (of experimental field 1.55) by the gravimetric
moisture (Table 2).
Empirical inversion model for SM
It is possible to build a mathematical model solely out of the
abstract concepts. However, if the models are to be made to
confront reality, it must be through the data that the confrontation happens. By this data, we find measurements or observations collected in the real world. The interaction between
data and models occurs in a couple of ways:
1. Data are needed to suggest the right model. The models,
called empirical, are based entirely on data (Table 3).
2. Data are needed to test the model by using a known data
set (Table 4).
The statistical or empirical model is the simplest and most
widely used one because it does not require a huge amount of
ground data. But this model is site specific. The simplest and
commonly used linear model (Eq. 3) for the conversion of an
image’s (RISAT-1) bc and soil volumetric moisture content is
given as
SM ¼ A þ B  bc ðdBÞ

ð3Þ

Model evaluation techniques
The recommended model evaluation statistics were selected
based on the following factors: (1) robustness in terms of
applicability to various constituents; (2) models commonly
used, accepted, and recommended in published literature;
and (3) identified strengths in model evaluation.
Ground truth
TDR provided ground-truth data for calibration and validation
of the model and of the RISAT-1 FRS-1 retrieval models.
TDR readings were taken from the upper 0–5-cm surface
(layer) from the study area (24 points). The average layer
(0–5 cm) for TDR reading strategy was chosen to investigate

For the generation of the model, we used 3-month data set of
VWC and microsecond while for the validation of the model,
we used only eight values of VWC and microsecond
(Table 2). Linear model was fitted to the VWC (with a determination coefficient R2 = 0.87, Fig. 4) and time period (in μs)
of the receiving of electromagnetic waves in C-band

Table 2 Field data set for the generation and validation of relation
between the time periods of the receiving of pulses, VWC measured
with the TDR, and volumetric SM
Date

VWC (TDR)

TDR (μs)

Vol. soil moist

18-May-12
19-May-12
23-May-12
24-May-12

0.00
0.00
21.78
56.78

2960.00
2962.50
2452.00
3146.00

0.25
0.23
0.14
0.0

25-May-12
28.70
26-May-12
27.95
28-May-12
22.20
29-May-12
23.10
30-May-12
25.60
31-May-12
21.55
1-Jun-12
24.34
4-Jun-12
19.80
16-Jun-12
18.23
21-Jun-12
15.73
23-Jun-12
14.84
26-Jun-12
17.07
30-Jun-12
12.23
3-Jul-12
15.15
6-Jul-12
14.35
9-Jul-12
38.10
18-Jul-12
23.41
Data set for validation of model

2636.00
2572.00
2490.00
2476.00
2526.00
2446.67
2500.00
2410.00
2351.67
2328.33
2311.43
2353.33
2253.33
2316.67
0.00
0.00
0.00

0.18
0.16
0.14
0.11
0.11
0.10
0.07
0.04
0.03
0.01
0.01
0.01
0.01
0.01
0.04
0.0
0.03

20-May-12
21-May-12
22-May-12
2-Jun-12
3-Jun-12
17-Jun-12
12-Jul-12
16-Jul-12

2636
2572
2526
2490
2476
2447
2500
2410

0.192
0.171
0.152
0.079
0.066
0.092
0.125
0.113

28.7
28.0
25.6
22.2
23.1
18.6
24.3
23.8
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Table 3

Statistical comparison of model-generated SM and observed SM

Points →

P1

Observed SM
Modeled SM (VWC-TDR)
Modeled SM (μs-TDR)
Sl. no.
1
2
3
4
5
6
7
8
9
10

0.192
0.171
0.079
0.152
0.145
0.087
0.243
0.217
0.184
Statistical tests
R2
RMSE
nRMSE
R-RMSE
MAE
NSE
RMSE%
d
SD (in observed SM)
SD (in SM model)

P2

P3

P4

P5

P6

0.066
0.152
0.096
0.121
0.179
0.199
Performances of model (VWC-TDR)
0.715
0.079
0.010
0.263
0.118
1.000
7.955
0.616
0.0450
0.0324

frequencies obtained with the TDR and the volumetric SM
(with a determination coefficient, R2 = 0.71, Fig. 5) for the
experimental field (Table 2).
Validation of model for SM from TDR
Tables 3 and 4 (Figs. 6 and 7) show that the generated model
for estimation of actual SM was evaluated by VWC- and
microsecond-based SM (during 2010–2011, at the Division
of Agri-Physics experimental field within IARI farmland,
New Delhi). This model’s concept is based on the VWC and
time periods (μs) of the receiving of pulses which are highly
correlated with volumetric SM. Hence, daily VWC and time
periods (μs) of the receiving of pulses from TDR were compared with observed daily volumetric SM by gravimetric
method using nine different types of statistical tests, namely,
coefficient of determination (R2), root mean square error
(RMSE), relative root mean square error (R-RMSE), mean
absolute error (MAE), mean bias error (MBE), normalized
root mean square error (nRMSE), and Nash-Sutcliffe efficiency (NSE), index of agreement (d). Each statistical test showed
encouraging results.
Comparison of actual/observed SM with SM generated by
linear model based on VWC-TDR (Table 3) shows R2 of 0.72
and RMSE of 0.08, indicating a good performance of the
present approach (Table 3). Model (based on VWC-TDR
and volumetric SM) exhibits R-RMSE of 0.26, nRMSE of
0.01, MAE of 0.12, RMSE% of 8.0, NSE of 1, and d of about
0.62.
Comparison of actual/observed SM with SM generated by
linear model based on microsecond (Table 4) shows R2 of 0.64
and RMSE of 0.20, showing a good result of model testing.

P7

P8

0.092
0.125
0.113
0.051
0.108
0.103
0.167
0.188
0.152
Performances of model (μs-TDR)
0.638
0.201
0.025
0.865
0.505
1.000
20.354
0.861
0.0450
0.0285

Model (based on TDR (μs) and volumetric SM) exhibits RRMSE of 0.87, nRMSE of 0.03, MAE of 0.51, RMSE% of
20.2, NSE of 1, and d of about 0.86.
The actual SM was calculated by TDR(TDR-VWC) using the
generated model (Fig. 5). Table 3 shows SM (SMObserved,
SMMoisture Retrievals from TDR-VWC model) and the statistical test’s
results of the comparison. The statistical analysis provides
Table 4 Ground-truth SM points and its corresponding σ0 from RH
polarized imagery
Points

Observed SM
(VWC)

Observed SM
(μs)

Sigma naught
(σ0) of RH

1
2
3

0.1805
0.1797
0.4585

0.252
0.250
0.481

− 1.7836
− 1.7963
− 0.8278

4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

0.1385
0.1375
0.5863
0.1398
0.1386
0.3857
0.0807
0.0793
0.4613
0.2212
0.2207
0.5313
0.1963
0.1957
0.7113

0.212
0.570
0.306
0.250
0.280
0.310
0.360
0.540
0.250
0.270
0.270
0.280
0.480
0.480
0.380

− 5.5796
− 3.6481
0.9081
− 3.4783
− 3.4897
− 1.0994
− 4.0506
− 4.0642
− 0.3675
− 2.6910
− 2.6958
0.3094
− 2.9315
− 2.9372
2.0511
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Fig. 4 Relation between the time periods of the receiving of pulses
measured with the TDR and the volumetric SM

Fig. 6 Testing of generated linear SM model (VWC)

evidence of the accuracy level of the developed SM model
(SMMoisture Retrievals from TDR-VWC model) with respect to observed SM. These validation studies show that the SM estimated (at point scale) by VWC-TDR-based model shows a
good agreement with actual/observed SM in field. The abovedescribed model (Fig. 5) is applied to the remote area of agricultural land where ground-based data is not possible, and the
results are discussed in the next section.

and 11) shows low R2 (< 0.08); hence, the linear model of
microsecond is not applicable in this study for predicting SM.
Figure 12 shows the relationship between SM generated
from RH polarized RISAT-1 FRS-1 data set and observed
SMVWC TDR. There is good relationship between observed
SMVWCTDR and SM based on RH (R2 = 0.69, Fig. 12) polarized imagery.

Validation of SM retrieval model using RISAT-1 data set
SM retrievals from RISAT-1 data set
To evaluate the applicability and quality of the derived SM
inversion algorithm, we compared the surface SM values calculated from the FRS-1 data with ground measurements. The
SM estimates were determined on a pixel-by-pixel basis from
the space-borne microwave measurements in the C-band
using the empirical algorithm discussed above. Comparison
of remote sensing and ground measurement was done on the
basis of individual fields and for fixed available date (January
19, 2013) with ground data set (Table 4).
Figures 8, 9, 10, and 11 show the models for observed
SMVWC-TDR during ground truth (January 19, 2013) and σ0
of RH and RV polarization imagery of FRS-1, respectively,
for the study area. In all cases, the correlation between SM and
σ0 of RH is high (R2 = 0.69, Fig. 8) only for the linear model
of VWC and R2 = 0.00 for RV polarized imagery (Fig. 9)
while the linear model between SM from microsecondTDR
and σ0 from RH and RV polarization imageries (Figs. 10

Table 5 shows SM (SMObserved, SMMoisture Retrievals from FRS-1,
RH polarized imagery) and the statistical test’s results of the comparison. The statistical analysis provides evidence of the accuracy level of the selected model SM (SMMoisture Retrievals from
RH polarized imagery) with respect to observed SMVWCTDR. We
observe R2 of 0.65, RMSE of 0.24, and R-RMSE of 0.38
between SMMoisture Retrievals from FRS-1, RH polarized imagery and
observed SMVWCTDR. R-RMSE standardizes the RMSE to the
unperturbed derivative value for each cell location (Kroll and
Stedinger 1996; Rawat et al. 2013; Bala et al. 2015). The
resulting R-RMSE value is a percentage and represents the
standard variation of the derivative. These statistical tests’
results indicate that SM retrievals from RH polarized imagery
of FRS-1 and observed SM data sets are well correlated to
each other. We also observed nRMSE, MAE, NRMSE,
NSE, RMSE%, and d values of 0.03, 0.63, 1.023 (≈ 1),
1.00, 12.79, and 0.87 (≈ 1), respectively, which shows that
prediction of SM from the model (retrievals from FRS-1 data

Fig. 5 Relation between VWC measured with the TDR and the
volumetric SM

Fig. 7 Testing of generated linear SM model (μsTDR)
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Fig. 8 Relation between σ0 from RH polarization and observed SM

set) is accurate with respect to the observed values (Fig. 12). It
can be concluded that the model can be used effectively with
remote sensing data (RH polarized imagery) for prediction of
SM at point scale.

Analysis of SM variability
The SM was calculated for the whole study area using the
relationship between σ0 from RH polarization data set and
observed SM (VWC-TDR) measurement; a SM image is
shown in Fig. 13.
The SM image of study area (Fig. 13), predominantly covered with wheat crop (NDVI~0.35), shows spatial variation in
SM. In Fig. 13, a major part of the imagery showed saturated
SM condition because of the good amount of precipitation
occurred (13-mm rainfall and the last day rainfall was 9 mm,
http://www.accuweather.com/en/in/rewari/188413/january/
weather/188413?monyr=1/1/2013&view=table) during the
satellite pass (6:25 A.M.) over the study region. It was easier
to detect; there were no variations in SM in the almost SM
range (Fig. 13) 21–25%. In Fig. 13, the drier areas
corresponding to low SM (range 1–10%) content were
observed with a blue color and these areas were settlements.
With an increase in infiltration of rainfall through the soil,
moisture content rises up to 25%. Finally, it was observed
that there was no significant change in the SM because of
uniform rainfall (20 mm, 2 days) over the study area.

Fig. 9 Relation between σ0 from RV polarization and observed SM

Fig. 10 Relation between σ0 from RH polarized and SM based on
electromagnetic wave-reflected time period (in μs) from TDR
measurement

Conclusions
An empirical retrieval algorithm of surface SM from RISAT-1
FRS-1 data in the C-band was applied successfully within the
study area (Fig. 1). We validated the model to derive SM
values for a study area in Haryana (India) yielding a RMSE
of 5.0% (RH). The main advantage of the inversion scheme is
that it requires very few parameters in comparison with other
retrieval approaches. With regard to the operational use of any
parameter inversion model for either optical or microwave
remote sensing data, the availability of input parameters is of
great importance. The highest deviations from in - situ values
of the derived SM were recorded on wet meadows and a highNDVI (> 0.3) field. The model parameters could be further
improved using empirical data measured under these conditions; however, any improvement of the algorithm will rely on
a better assessment of the vegetation influence on the C-band
backscattering mechanisms, taking into account dynamic vegetation effects. The variability of surface SM was investigated
at 3-m resolution (or 25 km swath/spot) scales using in - situ
measurements and RISAT-1 FRS-1-derived SM patterns. By
analyzing the relationships between spatial variance and the
SM state at the scales of the entire study area (25 km swath/
spot), the two landscape units (~ 2 km2, wheat, NDVI = 0.38),
mustard field (~ 0.50 km2, NDVI = 0.38), and individual grass
land(~ 0.1 km2), we found that these points act as outlier
(removing of out-of-range data from full data sets during of

Fig. 11 Relation between σ0 from RV polarized and electromagnetic
wave-reflected time period (in μs) from TDR measurement

Arab J Geosci (2017) 10:445

Page 9 of 10 445

Fig. 12 Correlation between SM from TDR method (VWC) and SM
generated by RH polarization RISAT-1 (SAR) data set

model testing) for model generation because of high water
content at the canopy level. The results obtained in the
RISAT-1 FRS-1 (SAR signal) analysis are interesting, but
many problems still remain before correct SM estimates can
be made. These problems are inherent to the high number of
factors which determine the response of a soil to the radar
signal and are definitely enhanced by working at the regional
scale, where such factors may show consistent variations. If to
these interpretation problems, those which still affect the calibration procedures are added, we understand that much work
still remains to be done on this topic. Despite so many sources
of errors, we have developed a model to estimate SM by
merging remote sensing data with ground truth. This model
can be applied to assess SM over different agricultural regimes
after calibration and testing following our approach.

Sources of errors in study
Nevertheless, one has to be aware of different sources of uncertainty in the estimation of surface SMs from RISAT-1 FRS1 data, which can arise from the following:

Table 5

Fig. 13 Spatial variation in SM image of the study area (Rewari district
of Haryana) using RISAT-1 FRS-1 dataset

1. Image calibration errors (total 20 types of errors possible in RISAT-1 products during product generation,
like nominal bit error, nominal along-track location
error, nominal scene orientation error, measured bit
error rate, error function amplitude coefficients, error
function phase coefficients, Doppler ambiguity error,
along-track position error, cross-track position error,
radial position error, pitch error (in degrees), roll error
(in degrees), yaw error (in degrees), along-track velocity error, cross-track velocity error, and radial velocity
error; SAC Report 2014), which can affect the result of
SM. Insufficient speckle reduction can add a stochastic
component to σ0. Both error sources were assumed to
be small because accurate ancillary data and state-ofthe-art image processing were used.
2. Imprecise land use information and land use-specific conversion, which can result in a false inversion of σ0in SM.

Statistical comparison of inversion model for SM from RH polarized RISAT-1 (FRS-1) imagery

Points →

P1

Observed SM
Modeled SM from RH
Sl. no.
1
2

0.235
0.277
0.352
0.355
Statistical tests
R2
RMSE

3
4
5
6
7
8
9
10

nRMSE
R-RMSE
MAE
NSE
RMSE%
d
SD (in observed SM)
SD (in SM model)

P2

P3

P4

P5

0.205
0.281

0.190
0.288

0.270
0.210
0.358
0.284
RH imagery performances
0.650
0.240
0.030
0.377
0.632
1.000
12.79
0.871
0.031
0.037

P6

P7

P8

0.250
0.347

0.243
0.287
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3. Unknown or imprecise biomass information for grassland
pixels. Spatial variability in biomass results in spatial variability of the attenuation factor. While these measurements provided accurate data for our sample fields, they
might not be accurate everywhere in the study area.
4. Unknown or imprecise soil texture information, which
can result in a false conversion of volumetric SM from
VWC-TDR-based models.
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