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ABSTRACT
This paper presents the potential of active and passive microwave remote sensing
in the estimation of soil moisture. The AMSR-E and TRMM datasets of four consecutive
years (2002-2005) were used for determining the spatial and temporal variation of soil
moisture over Indian region. Simulations of the Njoku model are compared with the
Dobson model using averaged field sampled data. Dobson model derived brightness
temperature was compared with the Njoku model using HH and VV polarization at 6.9,
10.6 and 18.7 GHz over Jodhpur, Jaiselmer and Ahmedabad. The low rms error of 15.13,
14.62 and 17.21 K encountered at hh polarization than at vv polarization over Jaiselmer
at 6.9, 10.6 and 18.7 respectively as compare to the other two test sites. The satellite
derived precipitation and ground rainfall data of the test sites are also associated with the
soil moisture variability during study period. A methodology is presented to monitor the
flood inundation area from soil moisture estimations based on a radiative transfer model
using the AMSR-E datasets. Among the parameters affecting the soil moisture
estimation, the main aim of the study was also to monitor the spatial variations over the
Gujarat region during major flood events occurred in 2004 and 2005. A wide variation in
the soil moisture was observed with both time and scale. The threshold limit of 35% was
set for the saturated soil moisture state after verifying the variation in soil moisture before
and after the onset of rainfall on the field area and also the available field capacity of the
test site. The peak level of soil moisture observed during flooding was 40.55% during
2004 covering an area of 4949.4580 sq km and 46.29% covering inundated area of
20409.2646 sq km in 2005. Although the analyzed period was short, a positive
correlation between soil moisture and rainfall has been noticed. Diurnal fluctuation was
also one of the major tasks to be solved to monitor the daily changes over flooding
region. During the study, the daily time scale of rainfall measurements was taken to
determine the extent to which the soil moisture could be influenced by the onset of
rainfall. Soil moisture and temperature profiles remain uniform at night and also there is
slight difference in soil-vegetation temperature. Hence the AMSR-E soil moisture
retrievals at 1:30 A.M have been considered to have less error and are more
representative of the deeper layer soil moisture than at 1:30 P.M. The average diurnal soil

moisture difference of 0.85 dB was noticed during monsoon seasons. The maximum
diurnal difference of 2 dB was found in the month of June.
This current research has explored the potential of the different scattering models
in the determination of soil moisture taking into consideration the different soil
parameters. The measured ground sampled data is compared with the SIR-C and
ENVISAT ASAR retrieved data using different empirical and theoretical models. The
three main scattering models used in this study is Dubois et al., 1995, Ulaby et al.,
1981,1986 and Fung et al., 1992.
In another experiment applying the three scattering models over the active
datasets derived from ENVISAT ASAR data over Mumbai region during monsoon
season. The Theoretical and experimental concepts are tested over field experiments
conducted over Bhavnagar and Kheda region of Gujarat. Three scattering models of
Dubois, Integral Equation Model and Physics Optics model were applied to derive
dielectric constant values. Soil moisture then determined using inversion algorithm of
Pemplinski model to the measurements from the scattering models. The root-meansquare (rms) error of 4.25, 5.00 and 10.44 was observed on comparison between the
ground sampled and satellite derived soil moisture using Dubois, IEM and PO model
over the test site. Many discrepancies have been observed between estimated results and
measured values which increase with incidence angle (Oh et al., 1992; Boisvert et al.,
1997). The empirical models are site specific as they develop from the limited number of
observations. Moreover the empirical models do not take into consideration the surface
parameters, which is not the case with the theoretical models. Theoretical models predict
the backscattering coefficients are sensitive to the surface power spectrum as well the
radar configuration and hence influence the soil moisture content. But it is still a matter
of discussion that in what extent the soil parameters used as an input to various
algorithms affects the remotely sensed derived soil moisture.
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1.
1.1

Introduction

Overview
Soil is basically a layer of unconsolidated material found at the Earth's surface that has

been influenced by the soil forming factors. The gaps between the soil particles are known as
pore spaces or voids, which consist of variable amount of air and water. The amount of void
space within a soil depends on the distribution of particle sizes, and is quantified by soil porosity.
Besides solid particles, the soil also contains air, the amount of which may vary depending on the
soil type. "Soil saturation" state is reached when the volume of air in the soil is higher and the
density of soil is lower. It is then theoretically possible to replace the whole amount of air with
water. Soil does not have the ability to hold all the water as, due to the force of gravity of the
Earth; therefore there will always be the tendency of the water to drain away under normal
condition. Immediately after a rain or irrigation water application, when all the gravity water has
drained down to the water table, a certain amount of water is retained on the surfaces of soil
grains by molecular attraction and by loose chemical bonds. This water cannot be easily drained
under the action of gravity and is referred to as field capacity (in per cent by volume). The
determination of field capacity is extremely useful because it is one of the factors that allow
calculating the amount of water available for plant use. Field capacity corresponds to soil tensions
of about 0.3 bars (0.08 bar for sands and up to 0.5 bar for clay soils).
Light soils cannot bind the water so tightly and the field capacity is here far below the
state of soil saturation. In reverse to the water binding capacities of the soil, the plants, via their
roots, suck the water they need for evaporation out of the soil. The suction potential of the plants,
however, is limited and does not suffice to draw all the water out of the soil. The state until which
the plants can draw water out of the soil is referred to as the wilting point (in per cent by volume)
or it can be expressed as the soil moisture content at which plant can no longer extract sufficient
water for its growth, hence begins to wilt. Therefore, the plant can use water only in the span
between wilting point and field capacity. Available soil moisture is therefore the difference in
water content of the soil between field capacity and permanent wilting point (Garg, 1999). This is
the soil water that is available for plants to use. The water left in the soil after the permanent
wilting point is reached, cannot be removed, and it’s known as unavailable moisture. Therefore
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the soil moisture is described as the level of saturation in the upper soil layer relative to the soil
field capacity and is regulated by the precipitation and potential evaporation and is highly
variable in space and time. The water below the water table is known as ground water and above
the water table as soil moisture. Soil moisture can be expressed either in gravimetric which is the
mass of water/mass of solid material or in volumetric which is defined as the volume of soil/total
porosity.
The moisture content in the surface layers of the soil is an important parameter for many
applications in hydrology, agriculture and meteorology. Soil moisture is one of the few directly
observable hydrological variables that play an important role in the water and energy budgets
necessary for climate studies. In agriculture point of view, soil moisture information is essential
for many applications like irrigation scheduling, plant stress and improving crop yield. Soil
moisture also determines the partitioning of net radiation into latent and sensible heat components
in the field of meteorology. Therefore, accurate and reliable soil moisture estimates are essential
in several applications as to examine the effect of climate change on land surface hydrological
variables such as soil moisture, infiltration fluxes, runoff and surface temperature caused by
changes in heat fluxes; to characterize changes in the simulated and observed planetary boundary
layer depths due to variations in the surface temperature, soil moisture and heat fluxes; to
quantify the amount and variability of regional water resources in water limited regions of the
world on seasonal and annual time scale; and to examine the impact of assimilation of the derived
land surfaces variables on predictive capabilities of meso-scale and global circulation models.
There are various approaches for determining the soil moisture, which will be discussed in this
section.

1.1.1

Methods of Soil Moisture Estimation
There are three approaches, which are generally applied for the determination of the soil

moisture. These are in-situ or point measurements, soil-water models and remote sensing
techniques.

1.1.1.1 In Situ Methods
In this approach, various point measurements techniques are used to determine the soil
moisture content. Several in-situ methods used in this regard are gravimetric techniques, nuclear

19

techniques, gamma ray attenuation, electromagnetic techniques, tensiometric techniques, and
hygrometric techniques. The gravimetric methods of soil moisture estimation are the most widely
used techniques applied and considers as the standard for calibration of all other soil moisture
determination techniques and explained in the later chapters. The neutron scattering method
makes use of the thermal or slow neutron density, whereas gamma ray attenuation is a radioactive
technique that can be used for calculating the soil moisture content within a 1-2 cm soil depth.
The electromagnetic techniques include those methods, which depend upon the effect of moisture
on the electrical properties of soil and on the other hand tensiometric methods are used to
measure soil water tension which can be defined as the common log of the height of a water
column in centimeters equivalent to the soil moisture tension and can be expressed as a suction
i.e. negative pressure or a potential i.e. energy per unit mass. The advantages of using these kinds
of measurements are mainly involved the low cost expenditure and easy estimation of soil
moisture content. Hygrometric techniques measure the relative humidity of the atmosphere and
establish a relationship between moisture content in porous material and the relative humidity of
the immediate atmosphere. The advantages of using all these techniques are the low cost
expenditure and also simplicity of the apparatus. However all the insitu methods are based on
point measurements and need a large number of samples to characterize an area and also the soil
moisture values in a heterogeneous soil profile are difficult to estimate.

1.1.1.2 Soil Water Models
Soil models are basically based on column mass balance provide an alternative to directly
or indirectly measuring soil moisture in the field based upon the conservation of mass, the soil
moisture in the system can be determined using this relationship,

SMt = SMt-1 + P – R – L – E –T + C – Q
where SMt is the soil moisture volume at time t; SMt-1 is soil moisture volume at previous time; P
is the precipitation; R, surface runoff; L, net lateral subsurface outflow; E is the evaporation or
condensation; T, transpiration; C, capillary rise from lower levels; Q is the percolation.
This model is hence represents only a single column that is horizontally homogeneous at
all levels. Contrary to this, actual systems are heterogeneous, and they can be represented by
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spatial averages or by linked columns that account for the spatial variability. Most of the models
based on soil-water relationship developed for practical application to agricultural activities like
crop yield estimation, irrigation planning, and runoff forecasting and use readily available
meteorological data for inputs for one day time step. The models can provide timely soil moisture
information without the necessity of field visits. The main limitation of using such models is the
error of their estimates.

1.1.1.3 Remote Sensing Techniques
Remote sensing of soil moisture content has been studied and developed over two
decade. Soil moisture estimation by means of remote sensing depends upon the measurements of
electromagnetic energy that has either been reflected or emitted from the soil surface.
Water is near the extremes in its thermal and diurnal properties of the soil. These
properties are accessible to remote sensing through measurements at the thermal infrared and
microwave wavelengths. Thermal infrared measurements depend on the diurnal range of surface
temperature or measurement of the crop canopy-air temperature differential, whereas active and
passive microwave considers the measurement of the radar backscatter coefficient and microwave
emission or brightness temperature respectively.
The variation in intensity of the microwave radiation with soil moisture depends on the
dielectric properties, soil temperature, or a combination of both. Recent advances in remote
sensing have shown that these techniques have the ability to measure soil moisture under a
variety of topographic and vegetation cover conditions quantitatively. This has been demonstrated
using aircraft and space platforms with physically based models. The theoretical basis of
measuring soil moisture through microwave remote sensing is based on the large contrast
between the dielectric properties of liquid water and dry soil and hence the principal determinants
of the microwave emissivity. The high dielectric constant (k’= 80) of the free water compared to
the dry soil (k’= 4) is attributed to the fact the water molecules are free to rotate at microwave
frequencies (Jackson et al. 1989). Bound water has a lower constant because the water molecules
are adsorbed to the surfaces of particles and the dipoles are immobilized (J.B. Hasted 1973).
Thus, as the soil moisture increases, the dielectric constant can increase to a value of 20 or more
(Schmugge 1980). This variation produces emissivity changes from 0.95 for dry soils to 0.6 or
less for wet soils and changes in the radar backscatter coefficient of more than 10dB for this
range of conditions. The dependence of soil’s dielectric properties on moisture content can be
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observed with either passive or active microwave sensors through its effect on the soil’s
emissivity and reflectivity.
One of the advantages of remote sensing techniques over the in-situ methods is that the
former allows the acquisition of global and synoptic view of the planet. The conventional method
of measuring soil moisture makes use of point measurement and is labor intensive. In situ
methods can accurately estimate soil moisture throughout the profile but the information is
localized. These point measurements cannot be used for the repetitive measurements over a large
spatial coverage. Soil water models require a large number of meteorological data as input.
Moreover the model depends upon the several parameters, which are difficult to determine, and
increases the chances of error into the model prediction that can lead to significant deviations.
Remote sensing methods offer rapid data collection over large areas on a repetitive basis within
the top 2-3 cm of the soil. On the other side, remote sensing measurements do not provide as
accurate or as deep a measurements of the soil moisture as can be obtained by conventional insitu
measurements at a point. Moreover the remote sensing measurements are often restricted by the
sensor configuration like the spatial resolution, incidence angle, frequency and land
characteristics like surface roughness, vegetation cover. Therefore an integrated system should be
designed to capitalize on the advantages and minimize the disadvantages (Schmugge et al., 1980)

1.2

Objectives
The purpose of the study presented in this project is to estimate the soil moisture from

active and passive microwave remote sensing techniques and compare the validity of the
predicted measurements by satellite datasets using the theoretical, empirical and semi-empirical
models with the measured ground sampled data. The validity of the sensitivity of radar
backscatter to the soil moisture has been observed using different satellite data. The correlation
between the backscattering coefficients with the dielectric properties of the bare land has also
been established in this study. Moreover, the surface soil moisture has been used for monitoring
flood over Gujarat region using passive microwave data acquired from AMSR-E/Aqua satellite.

1.3

Distribution of Chapters
In this paper, Chapter II deals with the related literature and research work. Chapter III

explains active and passive sensor systems and related parameters. Chapter III describes the
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various data sources that are used in this study and the methodology adopted for the
determination of dielectric constant and soil moisture. Chapter IV discusses the results obtained
in this study. Chapter V concludes the study results and suggests the future outlines.

CHAPTER - II
Review of Related Literature
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2.

Review of Related Literature

Soil moisture plays a significant role in land-atmosphere interaction. The soil moisture
defined in terms of agriculturalist is that it is a level of saturation in the upper soil layer relative to
the soil field capacity, and is functioned by rainfall and potential evaporation. These two
parameters have an important role in the evolution of the soil moisture state and thus considers
significant in the soil water balance equation. Soil moisture content is commonly expressed in
gravimetric or volumetric units. Moreover, as the dielectric constant is a function of the water
volume fraction in the soil-water mixture, therefore, the soil moisture generally expressed in
terms of volume. This is evident from the experiment conducted by Hallikainen et al. (1985) on
the plot having sandy loam soil. The larger variation in the regression curve was found for the
plot having real part of dielectric constant (έ) and imaginary part of dielectric constant (έ’) versus
gravimetric soil moisture (mg) than for volumetric soil moisture content (mv). The standard error
of estimate (SEE) was found to decrease from 1.58 to 0.23 when moisture converted from mg to
mv. Further, the samples with same mv but different bulk density was resulted in the same values
of έ and έ’ but showed the significant difference in the case of mg.
Soil moisture is also a fundamental component in hydrology, climate and soil-vegetation
interaction. Hence, soil moisture estimation helps in many natural resource applications such as
hydrological modeling, stream flow and flood and drought mapping and monitoring. Several
authors have revealed the importance of soil moisture estimation for drought monitoring
(Mohanty and Skaggs, 2001). Drought mapping was done by Szep et al. (2003), where
relationship between the Palmer Drought Severity Index (PDSI) and global temperature trends
was analyzed using “slices” method. PDSI series were based on monthly-homogenized
temperature and precipitation data for the years 1901-1999 at three stations in West-Hungary. A
strong correlation was observed between the PDSI series and two independent soil moisture
estimations by Thorthwaite-type potential evapotranspiration and Blaney-Criddle method and
concluded that PDSI can be also used as a soil moisture indicator.
Soil moisture also has an extended application in meteorology where it influences a wide
range of variables, including latent and sensible heat fluxes, boundary layer and convection and
biophysical processes like evapotranspiration and carbon exchange. The variation in the soil
moisture is account for the small-scale variability of soil hydraulic properties. These variations
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are not significant in large-scale hydrologic studies since in these areas mainly the rainfall driven
soil moisture variations are significant. Therefore, the accurate estimation of soil moisture has an
important implication for studying the land-surface interactions.
Several studies have revealed that soil moisture is related to the climate variables like
rainfall. These measurements have several important applications like Elfatih (1998) proposed
that the dynamic of localized convective storms as well as the dynamics of large scale
atmospheric circulations is to be sensitive to the distribution of boundary layer moist static energy
and hence favor the increased intensity of rainfall. Further, Eltahir (1998) has concluded that the
wet soil moisture condition over large region may influence atmospheric conditions tend to
enhance boundary layer moist static energy and hence should be associated with the frequency of
rainfall. This hypothesis was based on their previous research based on the role of vegetation in
the climate system (Eltahir, 1996). Therefore soil moisture content and vegetation cover describes
the magnitude of the surface albedo and bowen ratio, and hence influence hydrologic, radiative
and turbulent processes at the land atmosphere boundary.
Brubaker and Entekhabi (1996) reviewed interaction between the soil moisture and
atmospheric processes and concluded that the temperature is dependent upon the surface
saturation and soil moisture tends to reinforce the temperature anomalies due to major impact of
soil moisture over the evaporation mechanism.
There are various conventional and remote sensing techniques introduced to estimate soil
moisture content over land surface. Among these methods, several studies related to the
determination of land surface vegetation parameters from satellite remote sensing data in the
optical range have been made in the past (Su, 2000). The remote sensing techniques give large
scale spatially distributed and frequent coverage of a phenomenon (Jackson et al., 1989) but soil
moisture estimation from the remote sensing techniques only provides surface layer information
and is unable to observe the entire soil column. On the other hand the in-situ measurements
provide valuable distributed point measurements but are insufficient to characterize the spatial
and temporal variability of soil moisture at larger scale. Therefore observations that are made by
remote sensing techniques have an edge over the conventional data collection methods in terms of
the spatial and temporal scale.
Research in soil moisture remote sensing began in the mid 1970's shortly after the surge
in satellite development. Subsequent research has occurred along many diverse paths.
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Quantitative measurements of soil moisture in the surface layer of soil have been most successful
using passive remote sensing in the microwave region.
Many researches and efforts have been made in past to estimate the land surface
parameters using the microwave remote sensing techniques. The microwave sensor provides the
spatial and temporal distribution of soil moisture coverage and hence helps in describing the
dominant hydrological processes and controls in the watershed (O’Neill et al., 1993). Microwave
remote sensing also provides all weather capabilities and can penetrate the atmosphere with little
attenuation in the lower frequency range. It therefore can be used for the estimation of land
surface parameters (Liu et al., 2002). Therefore large-scale soil moisture mapping using
microwave remote sensing can be proved valuable in many applications. Microwave remote
sensing is especially beneficial in hydrologic application like soil moisture estimation as it
measures the amount of water available through the effects of moisture on the dielectric constant
and emissivity of the soil (Njoku, 2003). The dielectric constant of the soil-water mixture is
related to the microwave brightness temperature and emissivity or reflectivity of soil (Jackson,
1993).
In this regard, various studies have been conducted to demonstrate the dielectric behavior
of soil-water mixtures in a microwave region and to model it using dielectric mixing formulas.
Several experimental programs showed inconsistency in the experimental measurements. The
dielectric constant is being influenced by the relative amount of sand, silt and clay in the soil and
therefore the soil texture also affects the soil moisture measurements. The surface of the soil
depends upon its particle-size distribution and it has been observed that the clay soil will be able
to hold more of this tightly bound water than the sandy soil because of a larger surface area,
hence the transition point occur at higher moisture levels in clay than in sandy soils. Therefore
few researches (Entekhabi et al., 1994) have been done to use information about the soil
parameters influencing the soil moisture content and derive the soil moisture profile over the root
zone. Therefore remote sensing studies are now aiming at understanding the dependence of soil
moisture on the surface variables.
Wang (1980) has proved significant dependence of dielectric constant on soil texture
keeping the same volumetric soil moisture content. Hallikainen et al. (1985) conducted an
experiment for five soils with different textural compositions at frequency between 1.4 to 18 GHz
and explained that real part of dielectric constant, έ to be roughly proportional to the sand content
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and inversely proportional to the clay content and effect decreases with the increasing frequency
from 4 to 18 GHz.
The effect of soil moisture can be understood by considering the behavior of water as it is
added to a dry soil (Schmugge, 1983). In an analysis by Wang and Schmugge (1980) using the
wide range of soils, it was found that the moisture at certain level where the molecules of water
moves farther away from the particle surface and are free to rotate, is linearly correlated to an
estimated wilting point for the soils at both 21 and 6 cm and based on this assumption developed
an empirical model for observing the dielectric behavior of soils as a function of soil moisture
content. The dielectric properties of the soil water were assumed like those of ice below the
transition moisture and only the dielectric constant values at the moisture above the transition
level used in the mixing formulas. The microwave response between the dry and wet soils is
approximately independent of texture but on the other side the soil moisture range found to be
smaller for sandy soil than for clay soil. The quantitative estimation of soil moisture is usually
obtained by employing an empirical relationship that converts the radar-measured backscattering
coefficient into volumetric soil moisture content.
Many attempts have also been made to derive land surface parameters using active and
passive microwave techniques (O’Neill et al., 2003, Sobieski et al., 1991, Chauhan et al., 1999).
Remotely sensed passive and active microwave signatures have certain amount of physical
information in common, but each sensor is distinctly sensitive to different surface properties.
Active sensors provide high spatial resolution but are more sensitive to different surface feature
such as surface roughness, type of vegetation cover and soil wetness conditions. On the other
hand, passive radiometers provide high temporal resolution but are likely to be affected by the
near surface soil moisture. The difference between both the sensors is that the passive microwave
radiations are less affected by the roughness parameter whereas active microwave radiations have
greatly influenced by the surface parameters. The combined use of passive and active sensor
observations can provide complementary information included in the land surface microwave
signature (Njoku et al., 2000).

2.1

Status of Passive Microwave Remote Sensing
Soil moisture estimation has been done in several studies using passive microwave

remote sensing (Choudhury et al., 1994, Lakshmi, 1998, Li et. al., 2000, and Wang et al., 1983).
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Soviet researchers were the first to test the use of passive microwave remote sensing of soil
moisture in water management. In an experiment conducted by Kondratyev et al. (1977), soil
moisture was derived using an algorithm that considered moisture gradient for each soil type
using emissivity derived from radiometer. It has also been shown by various approaches that
microwave emission from a soil is the combined result of the emission from all depths. It can also
be noted that the significance importance of each depth in the amount of emission decreases with
depth. Hence emissivity is a fraction of this upwelling radiation that is transmitted to the air.
Jackson and Vine (1996) estimated soil moisture content during Washita’92 experiment
using passive microwave radiometry at L-band. A model described by Jackson (1993) was
applied to get spatially distributed information on soil moisture states and dynamics using
ESTAR instrument.
Past studies (Du et al., 2000) have shown that higher accuracy was observed in the
retrieval of near surface soil moisture using L-band passive microwave data at low moisture
conditions as the backscattering coefficient increases in wet soil condition. On the other hand,
Paloscia et al. (2001) investigated the sensitivity of microwave emission to soil moisture at
different frequencies using instrument for Radio Observation of the Earth (IROE) and Special
Sensor Microwave/Imager (SSM/I) and Scanning Multichannel Microwave Radiometer (SMMR)
experimented on bare and vegetated land. It was observed that the polarization index measured at
C-band gives better results of soil moisture content in different conditions of roughness and
vegetation effect as compared to the measurements at higher frequencies. The algorithm proposed
in the experiment showed better results with the regions of NDVI average values ≤ 0.2. The
experiments using SSM/I data on the same regions evaluated that the polarization index at Kuband can satisfactorily estimated the soil moisture with the vegetation correction by using
polarization index at the higher frequency.
In this study, AQUA AMSR-E Level 3 soil moisture products based on radiative transfer
model are used. Guha and Lakshmi (2004) estimated the soil moisture content on an area
provides ideal conditions to test the performance of the radiative transfer model exhibiting low
spatial variation in vegetation without the presence of major water bodies using Scanning
Multichannel Measuring Radiometer (SMMR), leaf area index, soil classification and daily
precipitation data. An iterative least squares minimum algorithm was applied using the
polarization difference brightness temperature to calculate soil moisture and surface temperature.
The significant variation in the observed and measured values of soil moisture and brightness
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temperature was found. The six days retrievals showed more error than monthly retrievals.
SMMR derived data was not found in good agreement with National Centers for Environmental
Prediction (NCEP). Therefore, the data for land surface parameter on surface roughness and
vegetation characteristics is important in the retrieval of soil moisture.
In a study by Jackson and Schmugge (1986), to observe the effect of surface roughness
on the soil water content using the brightness temperature over three fields consisting of smooth,
medium and rough surfaces, it was found that the brightness temperature (TB) between wet and
dry conditions decreases from about 120 K for the smooth field to 80 K and 40 K for the medium
rough and rough field respectively. The little difference in brightness temperature was observed
among the three fields for the dry conditions with most of the TB data at a moisture level < 5%
falling between 270 and 280 K. 60 K difference was found between smooth and rough field
observations with moisture condition at 30%.
To examine the influence of surface parameters like vegetation cover and soil wetness
over the retrieval of soil moisture, Lee and Aagnostou (2004) demonstrated an experiment using
10.7 GHz Tropical Rainfall Measuring Mission (TRMM) Microwave Imager (TMI) channel and
13.8 GHz Precipitation Radar (PR) observations from 3 consecutive years (1999-2001) of warm
seasons or the estimation of near surface soil moisture and vegetation properties. It was found that
the soil moisture retrieval accuracy depends on the soil wetness conditions and overlying
vegetation. The higher accuracy was obtained at an intermediate wetness condition for moderate
vegetation cover associated with high emissivity with drier soils as the high vegetation cover
interferes with the signals.
Gutman and Rukhovertz (1996) have shown that the soil moisture availability parameter
correlates well with the vegetation index acquired from the visible and near-IR AVHRR
measurements when evaporation exceeds precipitation. A strong linear correlation of 0.83 was
found between root zone soil moisture availability parameter, which is related to canopy
resistance and NDVI values in the month of July. This method is useful in mapping latent heat
flux on a global scale when absolute values of soil moisture are not required. This approach is
only valid for the situations when precipitation does not exceed evaporation.
The effect of vegetation was also noticed in another experiment by Wen and Su (2004).
They developed an algorithm for the determination of land surface vegetation Leaf Area Index
during the Global Energy and Water Experiment (GEWEX) Asian Monsoon Experiment in Tibet
(GAME) using Tropical Rainfall Measuring Mission (TRMM). The derived data was then

29

validated and analyzed using Normalized Difference Vegetation Index (NDVI) over the same
study Site. A good relation was observed between the algorithms derived LAI and cloud free
NDVI value in spatial and temporal scale.
The soil moisture measurements also affect the soil response in terms of infiltration,
runoff and hence can be useful in flood mapping and monitoring (Entekhabi et al., 1994). Satellite
imagery can provide a record of changes to complement maps and conventional point source
data. Hence, the latest satellite imagery of the study area can be compared with previously
collected data to determine changes during specific time periods. Similarly, in mapping a flood
using satellite imagery, the inundated area can be compared with a map of area under pre-flood
conditions. Microwave data in particular can measure actual soil moisture to assess how close it is
to being waterlogged, likely to result in run-off. In this study, the mapping and monitoring of two
flood events during 2004 and 2005 are presented in the state of Gujarat. Flood mapping was also
accomplished in a study by Tanaka et al. (2003), in which fluctuation in the water coverage in the
Tonle sap and Mekong delta watershed was analyzed utilizing the difference of emissivity
between SSM/I 37 GHz Hpol and Vpol data and a good secondary correlation was observed from
linear estimation of water surface area within a pixel and the validation of the results was done
from NOAA/AVHRR data with correlation coefficient of 0.97. This type of approach for
monitoring the water area was based on the pixel-to-pixel estimation and only useful during
monsoon season.
In another experiment by Lacava et al. (2005), Soil Wetness Variation Index based on
robust approach (RAT) was implemented to monitor the space-time dynamics of the flooding
event occurred in Carpathian basin during April 2000. The proposed methodology could able to
monitor all the “wet-to-dry” phases of the considered event. Not any false positive prediction
recorded by the proposed approach was observed over the study period. Therefore the results
seem to achieve the efficiency of the proposed approach in estimating soil wetness using passive
sensors, which can provide the continuous generation of the required data useful in hydrometeorological risk mitigation. This method can only be limited to a regional scale research and
still has to modify to apply the proposed methodology on global scale.
To monitor the flood event through microwave remote sensing, Jin (1999) proposed that
flooding occurs when FI< F0 where FI is a flooding index FI = TB37h – TB85h and F0, regional
threshold limit to monitor the regional floods in Southern China during June-July 1996.
Comparing the satellite data with the local flooding statistics set the threshold value F0. In
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another study (Lakshmi and Schaaf, 2001) for the flood event of 1993 in the Midwestern United
States, illustrated the characterization of the land surface wetness with the diurnal temperature
difference, which was found small for wet soil surfaces and large for dry surfaces. It was also
observed that amount of rainfall is inversely proportional to the diurnal temperature difference
which is further related to the discharge amounts. It was seen that 1-3 K diurnal temperature
difference corresponds to peak flood discharge for the Mississippi in contrast to the 10-20 K
diurnal temperature difference for vegetated non-flood areas. The main limitation of this method
based on thermal inertia to measure soil moisture lies on the vegetation covered area where the
diurnal temperature variations is solely not dependent upon the soil moisture variability. It is
further contributed by the plant physiological factors and the availability of the water content,
which is a function of angle of observation. Hence, it makes difficult to discriminate between the
soil and vegetation emitted radiations.

2.2

Status of Active Microwave Remote Sensing
Active microwave instruments have been demonstrated during the past few years for soil

moisture mapping. As the geometrical and dielectric properties relative to the incident radiation
influence the scattering behavior of a surface, the variation in backscattering are affected by soil
moisture content through the dielectric constant, surface parameters like surface roughness,
vegetation cover, topography; and system parameters like observation frequency, wave
polarization and incidence angle. Therefore the investigations conducted for the estimation of soil
moisture are generally focused on the bare surfaces because the sensitivity of the radar
backscatter to the soil moisture is significantly affected by the presence of vegetation canopy and
surface roughness. Hence the backscatter signals can be considered as a result of the scattering
from the vegetation surface and the underlying surface conditions in case of vegetation cover.
Therefore vegetation cover has an influence over the soil moisture content. It causes
underestimation of the soil moisture and over estimation of the roughness on applying the
algorithm applicable on bare surface to the vegetation covered area.
There have been many approaches used in retrieving soil moisture from microwave
remote sensing data using radar surface diffusion models. These models are basically classified
into theoretical and empirical models. The empirical models are dependent on the site and surface
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properties and valid only for those regions where they are developed and require a large number
of experimental measurements (Oh et al. 1992; Dubois et al. 1995, Shi et al. 1995). The
theoretical models on the other hand are derived from application of the theory of electromagnetic
wave scattering from a randomly rough conducting surface (Fung et al., 1992). These models
provide site-independent relationships and are based on different surface parameters (surface
roughness, soil water content and radar configuration (incidence angle, frequency and
polarization). The standard models are the Small perturbation model (SPM) valid for lowfrequency regions and the Kirchoff models (KM) which further consist of Physical optics model
(POM) and Geometrical optics model (GOM) and are valid for high frequency regions (Ulaby et
al., 1982). A validity region in terms of surface characteristics shown by Engman and Chauhan
(1995) is that POM is for relatively smooth surfaces and GOM is valid for relatively rough
surfaces. The Theoretical models like Small perturbation model establishes a direct relationship
between the backscatter coefficient and the reflection coefficient and is valid for slightly rough
surfaces (Ulaby et al., 1986).
The Integral equation model (IEM) used in this paper was developed by Fung et al.
(1992) and Fung (1994), that attempts to combine Kirchhoff and Small perturbation models.
Therefore this model is valid for a wide range of surface roughness scale and frequencies. The
complete version of this model explains the backscattering behavior of a random rough bare
surface without any limitation on the roughness scale or frequency range. The complexity of the
model does not allow the practical use of the complete version of the model and in the
applications approximate solutions are usually considered.
The empirical model of Dubois et al. (1995) is valid for medium to rough surfaces
observed at incidence angle above 300 and based on LCX POLARSCAT & RASAM
scatterometer data with rms error 4.2%. The topographical effects like correlation length and look
angle were not taken into consideration as there was no correlation found between surface
parameters and radar backscatter while developing this algorithm as oppose to IEM model which
shows strong influence of surface parameters on radar backscatter. The dielectric constant
estimated from the model also excludes the effect of rms height from co-polarized data.
Bindlish and Barros (2000) applied IEM model in conjunction with an inversion
algorithm to retrieve soil moisture using multi-frequency and multi-polarization data from SIR-C
and X-SAR. It was observed that the sensitivity of backscatter to surface roughness decreases as
the rms height increases above 1 cm and this sensitivity was found more in gaussian function than
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in exponential function. Further Altese et al. (1996) observed that the sensitivity of the inversion
procedure to retrieve soil moisture decreases with the increasing rms height. The authors applied
the IEM model to simulate backscattering with the ERS 1 radar configuration. These
backscattering values were then used to obtain the dielectric constant values at varying rms
height. It was analyzed that the sensitivity of the inversion process to estimate the soil moisture
reduces significantly with rms height greater than 1.
Satalino et al. (2002), who demonstrated that no two-soil moisture classes could be
reliably retrieved over smooth bare fields using ERS-1 and ERS-2, support these findings. The
authors estimated the soil moisture with an overall rms error in the order of ∆Mv% = ±6% by
inverting the IEM theoretical model using appropriately trained and regularized neural networks.
He found that the variable surface roughness is the main source of error, which influences the
relationship between the soil moisture and radar backscattering coefficient.
Baghdadi et al., 2004 used a semi-empirical calibration of the IEM model. The IEM
model was tested over different polarization (HH and VV) and incidence angles ranging from 230
to 570 at frequencies (L, C, and X bands). The fractal function was proved to be optimal for better
performance of the IEM out of gaussian and exponential function and the calibration method was
found to be dependent on surface roughness. Hence it has been evolved that the calibration
version of IEM can be used in the inversion procedures to retrieve soil moisture and the soil
surface could be characterize bare agricultural soils using two surface parameters (rms surface
height and soil moisture) instead of three (rms surface height, soil moisture and correlation
length).
In an experiment by Edwin and Wang (1987), the three-backscatter models were tested to
evaluate the effect of surface roughness over the radar backscatter. It was observed from the
results that small perturbation model gives good agreement with the field roughness conditions
than the physical optics. Geometrical optics model could not be used because the relative
roughness was not large.
The effects of surface parameters was also studied in an experiment by Wang et al.,
(1986) using SIR-B image obtained at an incidence angle of 210 over many agricultural test sites.
It was observed that the surface roughness plays a significant role in radar measurements. On
comparing the bare fields with fields covered with short vegetation, no significant variation in the
radar measurements was found, whereas radar signals appreciably enhanced in case of tall
vegetation. Martin et al., (1999) also observed the sensitivity of the Dobson et al., (1985) soil
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moisture algorithm in relation to soil texture, bulk density and surface roughness. The model
found to be more sensitive to bulk density than the soil texture. The findings confirm an empirical
relationship established by Dobson et al. (1985). On the other hand the model is highly sensitive
to roughness as there was nearly 90 percent decrease in soil moisture when the RMS height was
varied from 0.05 to 2.0 for both L- and S- band and therefore need to be examined carefully.
Several studies have observed the relationship between the radar backscattering
coefficient σ0 and the surface soil moisture content (Ulaby et al., 1982, 1886; Schmugge, 1985).
Paloscia et al. (2005) have presented an algorithm based on Bayes theorem to determine the soil
moisture over two agricultural areas in Italy comprising of Alessandria and Montespertoli using
ENVISAT Advanced Synthetic Aperture Radar at C band. The theoretical backscattering
coefficients for both HH and VV polarisation computed from IEM model was compared with
backscattering coefficients retrieved by the SAR sensor and hence input to the Bayesian
algorithm. The ground measured soil moisture values were in good agreement with the model
observed soil moisture values. Five classes of soil moisture from SAR image were generated with
a mean error of less than 10%. The algorithm overestimated the lower values of soil moisture
content and underestimated the higher values. Therefore the algorithm only shows valid results
only in the range of 1-10% soil moisture content.
In an experiment by Srivastava et al. (1997) to retrieve the soil moisture using ERS-1
SAR data in the varied soil conditions of East Godavari district (A.P), it was observed that the
correlation between SAR derived soil moisture content and insitu measured soil moisture status
deteriorates as the distance between layers increases. They observed that the sensitivity of SAR
data to soil moisture variations found inadequate to measure soil moisture beyond 20 cm depth.
The soil moisture content less than the field capacity indicates the less number of free water
molecules and dielectric response approaches to that of dry soil particles and hence the sensitivity
of radar backscatter to surface soil moisture decreases.
Many studies have also investigated the sensitivity of backscatter to soil moisture at
different frequencies and incidence angle. Holah et al. (2005) have investigated the sensitivity of
ASAR signal to soil surface parameters at HH, HV and VV polarizations and incidence angles
over two test sites located at Villamblain and in Touch catchments, France. The results from this
experiments showed that the backscattering coefficient for VV polarization is weakly dependent
on the roughness as in case of depolarization ratio (σ0HH/σ0HV) unlike in HH and HV polarization.
The backscattering coefficient for HH and HV polarization becomes independent in high soil
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moisture values i.e. greater than 35% and at high incidence angle. Also that the backscattering
coefficient ratio of low and high incidence angle decreases rapidly with the surface rms height
and therefore helps in minimizes the soil moisture. The problem with the combined ratio at low
and high incidence angle has not been explored due to the non-availability of the data at various
angles.
The combinations of radar and radiometer can be useful in soil moisture retrievals in the
presence of vegetation. In an experiment by O’Neill et al. (1996), vegetation transmissivity and
scattering were determined using radar data in a vegetation scattering model, which are important
parameters for the calculation of soil moisture in radiative transfer algorithm using the passive
microwave data. This study is therefore focused on the determination of the soil moisture content
through active and passive remote sensing techniques.
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CHAPTER – III
ACTIVE AND PASSIVE REMOTE
SENSING SYSTEMS
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3.
3.1

Active and Passive Remote Sensing Systems

Basics of Microwave Remote Sensing
The microwave region of the electromagnetic spectrum extends from 0.3 to 300 GHz (1m

to 1mm in wavelength). Passive remote sensing systems record electromagnetic energy reflected
or emitted from the surface of the earth within their field of view. Therefore the microwave
energy recorded by a passive sensor can be emitted by the atmosphere or from the surface,
reflected from the surface, or transmitted from the subsurface. The energy available is quite small
compared to optical wavelengths since the wavelengths are so long. Thus, the fields of view must
be kept large to detect enough energy to record a signal. Most passive microwave sensors are
therefore characterized by low spatial resolution. Passive

microwave

sensors

are

typically

radiometers or scanners.
Active remote sensor systems create their own electromagnetic energy that is transmitted
from the sensor toward the terrain, interacts with the terrain producing a backscatter of energy,
which is finally recorded by the remote sensor’s receiver. Active microwave sensors are generally
divided into imaging and non-imaging category. The most common form of imaging active
microwave sensors is RADAR which is a acronym for Radio Detection and Ranging. Nonimaging microwave sensors include altimeters and scatterometers. The most widely used active
remote sensing systems involve active microwave (RADAR), based on the transmission of long
wavelength microwaves (3-25 cm) through the atmosphere and then recording the amount of
energy backscatter from the terrain and is discussed further in this sections; LIDAR, based on the
transmission of relatively short wavelength laser waves through the atmosphere and then
recording the amount of radiation backscatter from the terrain; SONAR, based on the
transmission of sound waves through a water and then recording the amount of energy
backscatter from bottom of the water column.

3.2

Active Microwave Remote Sensing
Radio waves are that part of the electromagnetic spectrum that has wavelengths

considerably longer than visible light, as shown in figure 3.1. Radar systems are basically
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categorized into three classes: imaging radars, scatterometers, and altimeters. Imaging radar is the
most commonly used radar in remote sensing application. Scatterometers and spaceborne
altimeters are used for specialized application such as wind measurements at sea and monitoring
of ocean respectively.
Imaging radar is an active illumination system, in contrast to passive optical imaging
systems that require the Sun's illumination. An antenna transmits a radar signal in a side-looking
direction towards the earth's surface. The reflected signal, known as the echo, is backscattered
from the surface and received a fraction of a second later at the same antenna. Brightness, or
amplitude, of this received echo is measured and recorded and the data are then used to construct
an image. For coherent radar systems such as Synthetic Aperture Radar (SAR), the phase of the
received echo is also measured and used to construct the image. Single frequency Radar uses a
single frequency for illumination; therefore there is no color associated with raw Radar imagery.

3.2.1

Synthetic Aperture Radar (SAR)
SAR is a coherent, microwave imaging system that improves radar resolution by focusing

the image through a process known as synthetic aperture processing. Synthetic Aperture Radar
(SAR) takes advantage of the Doppler history of the radar echoes generated by the forward
motion of the spacecraft to synthesize a large antenna, enabling high azimuthal resolution in the
resulting image despite a physically small antenna. As the radar moves, a pulse is transmitted at
each position. The return echoes pass through the receiver and are recorded in an echo store. The
amplitude and phase of the signals returned from objects are recorded in the echo store
throughout the time period in which the objects are within the beam of the moving antenna. By
processing the return signals according to their Doppler shifts, a very narrow effective antenna
beamwidth can be achieved, even at far ranges, without requiring a physically long antenna or a
short operating wavelength.

3.2.2

Operation of Radar
The signal is produced by the transmitter, which is coupled into space through a

transmitting antenna. The receiving antenna that couples the scattered wave into the receiver
circuits then receives the reflected or scattered signal from the target. The receiver amplifies or
processes the scattered signal and then passes it to an indicator. The correlation between the
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transmitter and the indicator or processor is essential so that the relation between the
characteristics of the transmitted and received signals could be established.
The radar antenna beam illuminates the ground to the right side of the satellite. Due to the
satellite motion and the along track (azimuth) beamwidth of the antenna, each target element only
stays inside the illumination beam for a short time. As part of the on-ground processing, the
complex echo signals received during this time are added coherently. This process is equivalent
to a long antenna (so called Synthetic Aperture) illuminating the target. This synthetic aperture is
equal to the distance the satellite traveled during the integration time. The along-track (equivalent
to the azimuth in the ground processing) resolution obtainable with the SAR principle is half the
physical antenna length. The achieved resolution can be traded off against other image quality
parameters (such as the radiometric resolution). The across track or range resolution is a function
of the transmitted radar bandwidth.
Pulse compression techniques are used to improve the performance taking into account
the instrument peak power capability. The fact that the end-to-end system works coherently
means that both the amplitude and the phase relationships between the complex transmitted and
received signals are maintained throughout the instruments and the processing chain. This
facilitates aperture synthesis, as well as multi-pass radar interferrometry, using pairs of images
taken over the same area at different times.

3.2.3

Radar Equation
The relation between the characteristics of the radar, the target, and the received signal is

called radar equation. At every instant of time, the radar pulse illuminates a certain surface area,
which consists of many scattering points. Thus the returned echo is the coherent addition of the
echoes from a large number of points. Thus the signal-to-noise ratio for a pixel element in the
image is the one, which determine the quality of image. The radar equation is given by Ulaby et
al., 1982.
Let Pt be the transmitted peak power and G = 4 πA/ λ2 the gain of the antenna. The power
density per unit effective area incident on the illuminated surface (Ag) and the received power is
given by,
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Pg =

Pt
GAg
4πR 2

(3.1)

If the ground surface reacts as an antenna concentrating the backscattered radiation P' g with an
antenna gain Gg the received power at the satellite is given by

Pr =

P' g
4πR 2

G g Ae

(3.2)

The relation between the transmitted and received radiation is given by

 GAe
Pr  P ' g
λ2 G 2
=
G g Ag 
=
σ
2 2
Pt  Pg
(4π ) 3 R 4
 (4πR )

(3.3)

where,
Pr

receiving power

Pt

transmitting power

Ag

an effective area

Ae

an effective receiving area

G

gain

The scattering cross-section σ, reflected back to the receiver is dependent upon the physical
surface area-giving rise to the scattering. The cross-section σ, is therefore a function of the
directions of the incident wave and the wave toward the receiver, as well as of the scatterer shape
and dielectric properties. A normalized scattering coefficient for an extended area is computed as:

σ0 =

σ
Ag

(3.4)

where σ is the radar cross-section. The radar backscatter coefficient determines the percentage of
electromagnetic energy reflected back to the radar from within a resolution cell. σ0 is a
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dimensionless quantity characteristic of the scattering behavior of all elements contained in a
given ground cell and expressed as a logarithm with units of decibels that usually range from –5
to 40 dB.
Therefore, the total radar cross-section of an area on the ground becomes (σ0Ag), and the
final form of the radar equation for an area-extensive target becomes

2

Pr = Pt (σ0Ag)

λ G
3

2

(4π ) R

4

(3.5)

The thermal noise in the receiver is given by

PN = kTB

(3.6)

Where k is the Boltzman constant (k = 1.610-23 W / 0K Hz) and T is the total noise temperature
including the receiver thermal temperature and illuminated surface temperature.
The resulting signal-to-noise ratio is given by

SNR =

Pr
Pr
=
PN kTB

3.2.5

Range and Azimuth Resolution

(3.7)

The ability to resolve spatially two different objects determine the resolution of a system.
The range resolution is defined as the minimum distance between the two points on the surface,
which can be separated by a pulse radar system. The range resolution in the across track direction
is proportional to the length of the microwave pulse. The shorter the pulse length, the finer will be
the range resolution.
Pulse length is a function of the speed of light (c) multiplied by the duration of the
transmission (τ)
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rs =

cτ
c
=
2 2B

(3.8)

Where τ is the duration of the compressed pulse with bandwidth B. The corresponding ground
range resolution rg at a specific incidence angle θi is given by

rg ≅

c
2 B sin θ i

(3.9)

The pulses are modulated as chirps, which enable the transmission of pulses with high total power
and large B; whereas the real peak transmits power is low. In general, it can be assumed that the
antenna pattern of a space borne radar system is separable into range and azimuth direction.
To improve the resolution in azimuth direction, the synthetic aperture technique can be
applied which requires coherent recording of the backscattered pulses. As long as the stationary
target on the earth surface is within the antenna footprint, the range distance changes while the
sensor passes by and even a small change in the range distance will result in a change in the
measured phase of the pulse. The change in phase due to along track motion is approximately
parabolic and causes instantaneous frequency to vary along the flight path in an approximately
linear manner. The change of the instantaneous frequency is called azimuth chirp. The azimuth
resolution is defined as the two nearest separable points along an azimuth line. Azimuth
resolution is determined by computing the width of the terrain strip that is illuminated by the
radar beam. In case of real aperture Radar, the azimuth resolution is given by

Ra =

Sλ
L

(3.10)

where S is the slant-range distance to the point of interest. The equation for the azimuth or alongtrack resolution for a point target in synthetic aperture radar is:

SARa =

3.2.6

L
2

(3.11)

Polarization
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Polarization of the electromagnetic radiation is an important parameter in the microwave
region. The electromagnetic wave consists of electric and magnetic fields, which are mutually
orthogonal and transverse to the direction of propogation, hence the direction of one force field
can define the other. If the EM wave is moving in z direction, the electric vector will be in the xy
plane, but can take any orientation. Polarization defines the orientation of the fields. The radiation
is composed of many waves with the electric vector randomly orientated with respect to each
other, and hence, the radiation is unpolarized or randomly polarized. When the electric field
oscillates with the direction of the electric vector in a constant direction, gives a linearly polarized
wave. If the electric vector is in the plane of incidence it is called vertical polarization and if it is
perpendicular to the plane of incidence, it is called horizontal polarization. Plane of incidence is
the plane containing the incidence ray and normal to the reflecting surface at the point of
incidence.
The fundamental information recorded by radar is a complex number describing the
backscattering coefficient at a certain polarization, radar frequency and incidence angle. The
complex backscattering coefficients are measured at four orthogonal antenna polarization states.
Normally these polarization states are HH (horizontal transmission and reception), VV (vertical
transmission and reception), HV and VH (Horizontal transmission and vertical reception and
vice-versa). HH and VV configuration produced like polarized radar imagery and HV and VH
configurations produce cross-polarized imagery.

3.2.7

Speckle Reduction in SAR Images
Any image generated by a coherent imaging system such as SAR is affected by coherent

interference between scatterometers. For distributed targets this interference causes the detected
intensity to fluctuate from resolution cell to resolution cell. Speckle is often called as
multiplicative noise and is a phenomenon of coherent imaging. The same imaging configuration
leads to the same speckle pattern. Therefore the speckle can also be used for the detection of
changes on the surface properties based on temporal de-correlation (Rignot and Van Zyl, 1993).
On the other hand, speckle is an unwanted phenomenon for many application based on analysis of
the radar cross-section of distributed targets as image can not be analyzed on pixel by pixel basis.
Several methods of speckle reduction have been developed and are categorized into multi-look
processing, spatial averaging, and speckle filtering. The first two methods can be considered for
statistically uncorrelated samples at the cost of losing spatial resolution.
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Several filters have been developed which reduce speckle and preserve other high
frequency information. The major requirements for speckle filtering are to smoothing
homogeneous target while conserving the average backscatter value, preservation of sharpness
and location of edges, minimal loss of texture and no creation of artifacts. Among the various
filters, the most commonly used filter is a median filter that is a non-speckle specific filter, which
is often used for smoothing images. The value of the central pixel is replaced by the median of a
data window. Generally window sizes of 3×3 to 5×5 pixels are used. Large windows produce
strong smoothing of the data. The frost filter is based on the assumption that the recorded SAR
image can be modeled as a convolution between the image model (R. Caves, 1993) and the SAR
impulse response. The modified frost filter was proposed by Lopes et al. (1990). In this filter, the
heterogeneous area to be filtered is extracted in the beginning where three classes are
distinguished. The first class is represented by homogeneous area where all high frequency
information is assumed to be speckle. Box filtering is applied to such areas, which suppresses
high frequency information. The second class corresponds to heterogeneous area, where only
speckle should be reduced but texture and edges should be preserved. The third class consists of
isolated point targets. The classification of these three types is based on the coefficient of
variation of speckle. The gamma MAP filters in contrast to the frost and modified frost filter uses
the statistical properties of the imaged scene.

3.3

Passive Microwave Remote Sensing
The passive microwave sensor measures the intensity of the microwave radiation

emanating from the Earth’s surface and the atmosphere within the beam of the sensor’s antenna
and within a frequency range of 5-100 GHz. the incident electromagnetic wave induces a
fluctuating current in the conductor, and this current can subsequently be amplified and detected.
Any natural surface emits so called black body radiation in order to keep thermal
equilibrium. The radiation is incoherent as the radiation is related to the energy balance it is
characterized by power alone. The device, which is used to receive black body radiation from the
surrounding objects, is called radiometer.
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3.3.1

Blackbody Radiation
A blackbody is defined as an idealized perfectly opaque material that absorbs all the

incident radiation at all frequencies and reflects none. The unpolarized blackbody radiation is
emitted according to Planck’s radiation law uniformly in all directions with a spectral radiance.

Bbf =

3

2hf
c

2

1
e

( hf / kT )

(3.12)

−1

where,
h

Plank’s Constant

k

Boltzmann’s constant

3.3.2

Non Blackbody Radiation
There is no ideal blackbody in practice so the term emissivity is introduced as a measure

of how close the spectral brightness of a surface agrees with that from a blackbody at the
frequency. Real materials are known as grey bodies.
(3.13)

Bf (TB) = eBbf (T)
With e = e(θ,φ,f) ≤ 1.

where,
TB

Brightness temperature

T

Physical temperature

For the microwave region most often we have hf << kT and the Rayleigh’s Jean’s Approximation
is obtained as,
2

Bbf =

2 f kT
c

2

=

2kT

λ

2

(3.14)

For blackbody radiation, the equation expressed in brightness temperature
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2kTB

λ

2

=e

2kT

λ

2

TB (θ,φ) = e(θ,φ,f)T

(3.15)

(3.16)

Sometimes TB is called the apparent temperature.

3.3.3

Operation of Radiometer
The signal received by a radar-receiving antenna consists of energy scattered back by the

target. The radiometer acts as a passive receiver because the transmission source is the target
itself. The power P emitted by an object in thermodynamic equilibrium is a function of its
physical temperature T, and in microwave region P is directly proportional to the temperature T.
The maximum amount of power that an object can emit is equal to Pbb at a given temperature. If a
microwave antenna is placed inside a chamber whose walls are made up of a perfectly absorbing
material, the power received by an antenna is given by
Pbb = kTB

(3.17)

Where Pbb is the power emitted be an ideal blackbody, k is Boltzmann’s constant and B is the
radiometer bandwidth. This relation between the power and temperature has led to the
development of the relation between the radiometer temperature and the power emitted or
received from a real scene. Therefore, the radiometer brightness temperature TB corresponding to
the emission by a material is given by,

TB =

P
kB

where P is the power emitted by the material over the bandwidth B.
If the material has a constant physical temperature T, the material is said to have an emissivity
e=TB/T, and e ranges from 0 to 1.

3.4

Characterization of Surface Property
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3.4.1

Dielectric Constant
Soil is considered to be a three-component soil mixing model compost of soil particles,

water and air (Roth et al. 1990) and treated as four component mixing model when soil moisture
is converted into dielectric constant. A wet soil medium is a dielectric mixture of bulk soil, air,
and bound and free water. The water-contained soil can be considered into bound water and free
water. Bound water refers to the first few layers surrounding the soil particles. These are tightly
held by soil particles due to the influence of matric and osmotic forces (Baver et al. 1977). Water
molecules are referred as free as they are able to move within the soil medium in spite of locating
several layers away from the soil particles in the soil medium. The classification between bound
and free water molecules simply describes the relative distribution of the water molecules within
the soil medium. A bound water molecule interacts with an incident electromagnetic wave
exhibits a dielectric spectrum dissimilar to that of free water molecule. In general, the complex
dielectric constants of bound and free water are a function of electromagnetic frequency, the
physical temperature and the salinity. Therefore, the dielectric constant of the soil mixture is a
function of (i) frequency, temperature and salinity, (ii) the total volumetric water content, (iii) the
relative fractions of bound and free water, which are related to the soil surface area per unit
volume, (iv) the bulk soil density, (v) the shape of the soil particles, (vi) the shape of the water
inclusions.

3.4.2

Penetration Depth
The penetration depth is the depth below the surface at which the wave’s power has been

reduced to 37 percent of its value at the point beneath the boundary. In general, the penetration
depth represents a measure of the penetrability of a radar wave into a soil medium, and therefore
it can be referred to the depth over which one would expect the radar reflections to occur in
response to discontinuities or fast changes in the dielectric constant of the medium. It was
observed that the thickness of the layer has same effect on active and passive microwave remote
sensing (Engman and Chauhan, 1995). The microwave radiations are sensitive to a certain depth
that also depends on the soil moisture content. Engman and Chauhan (1995) also demonstrated
that the penetration depth decreases with increasing soil moisture content.

3.4.3

Soil Bulk Density
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Soil bulk density is defined as the ratio of the mass of dry solids to the bulk volume of the
soil occupied by those dry solids. Bulk density of the soil is an important site characterization
parameter since it changes for a given soil. It varies with structural condition of the soil,
particularly that related to packing or compaction.
Many dielectric studies of moist soils show that the significance of increased soil bulk
density leads to an increase in the reflection coefficient for a given gravimetric soil moisture due
to increase soil solids and water dipoles per unit volume of soil. Since the water component
contributes more than the dry soil solids, the effects of density on dielectric properties are largely
accounted by expressing soil moisture on a volumetric basis (Dobson and Ulaby, 1986).

3.4.4

Surface Roughness

Surface roughness is expressed as the variance in the height distribution of the target surface. A
given surface may appear very rough to an optical wave, may appear very smooth to microwave
radiations. This is because the degree of roughness of a random surface is characterized in terms
of statistical parameters that are measured in terms of wavelength. The two parameters are used to
characterize the statistical variation of the random component of surface height relative to a
reference surface roughness. These are the standard deviation of the surface height variation (rms
height) and the surface correlation length. The random surface could either be described by an
unperturbed surface of a periodic pattern of the mean surface if only random variations exist.
When the surface is rough, the scattering of the emitted waves must be considered in case of
passive microwave remote sensing.
The correlation length of a surface provides a reference for estimating the statistical
independence of two points on the surface; if a horizontal distance greater than correlation length
separates the two points, than their heights may be considered to be statistically independent of
one another. In the extreme case of a perfectly smooth surface, every point on the surface is
correlated with every other point with a correlation coefficients being unity. Hence the correlation
length will be infinity.

3.4.5

Soil Texture
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The quantity of water that is dielectrically “bound” is determined by soil-particle size
distribution and specific surface area of the soil. With the addition of water above some transition
level, the additional molecules will be farther away from the particle surface and contribute
largely to the soil’s dielectric constant and these dielectric properties might appear independent of
the soil texture but would be dependent upon the effective salinity of the soil solution, that may
be controlled by soil texture and mineralogy (Dobson and Ulaby, 1986).
As the surface area of a soil depends on its particle size distribution, clay soil having
comparatively large surface area will be able to hold more tightly bound water than sandy soils.
Hence this transition level occurs at higher moisture level in clay than in sandy soils (Schmugge,
1983). The dynamic range of the microwave response between wet and dry soils is approximately
independent of the texture, but the soil moisture range is smaller for sandy soils than for clay soils
(Schmugge, 1983).

3.4.6

Vegetation Cover
The microwave radiation incident on the soil surface is either absorbed or scattered by the

vegetation layer over the soil surface. The absorption takes place due the presence of water
content in the vegetation. The vegetation canopy over the soil attenuates the emission of the soil
and adds to the total radiative flux with its own emission. In case of passive sensors, the emission
from the vegetation is also significant in addition to the scattering and absorption. Therefore, the
radiation measured by a passive sensor can be expressed as the sum of three terms: the first is the
emission from the soil reduced by the vegetation absorption, the second and third being the
emission from the vegetation, both direct and reflected from the soil surface (Schmugge, 1983).
Active sensors are strongly affected by vegetation at low soil moisture conditions while the
reverse is true for passive sensors.
Most of the models developed for the estimation of soil moisture are valid only for bare
soil conditions. The wavelength, polarization configurations of transmits and receives antennas,
the incident angle, the vegetation geometry, and the dielectric properties are radar wave
parameters which affects the vegetation related quantities. The dielectric constant of vegetation is
strongly influenced by the moisture content of the soil.
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CHAPTER – IV
MATERIALS AND METHODOLOGY
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4.
4.1

Materials and Methodology

Materials
AMSR-E derived soil moisture data have been used for mapping of soil moisture over

Indian region. The five test sites having completely diversified climatic zones were selected to
observe the soil moisture ranges among different fields. The flood events of the year 2004 and
2005 in Gujarat and other areas are also noticed by means of soil moisture data using passive
sensor system.
Soil parameters can also be derived from imaging radar data using surface diffusion
models, which can be either based on experimental results or physical parameters. In this study,
soil moisture over the bare and agricultural land of Mumbai region is determined using statistical
and physical models. Ground sampled soil moisture data from the test sites situated in Kheda and
Bhavnagar regions which come under, dry zone or low moisture areas were used for the
validation of soil moisture results derived from the scattering models. The location of all these
study sites (Figure 4.1) used for soil moisture values from active and passive microwave
techniques is stated in this section. In the subsequent sections, description of these test sites is
given.

4.1.1

Test Sites

4.1.1.1 Gurdaspur
The Gurdaspur district is located in the north-western part of India in the state of Punjab
and covers an area of 3562 sq km. It falls in the Jalandhar division and is sandwitched between
river Ravi and Beas. The district lies between north-latitude 31036' and 32034' and east longitude
74056' and 75024'. It possesses a fairly dense network of canals of the Upper Bari Doab Canal
system, which irrigates most of the area of the district. The summer season falls between the
months of April to July and the winter November to March. In summer season the temperature
touches 440C or even sometimes crosses it. June is the hottest month and January is the coldest
one. The winter rains are experienced during January and February. The dust storm occurs in the
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month of May and June. The southwest monsoon generally arrives in the first week of July and
continues up to the end of August and 70% of the rainfall occurs during this period. The average
annual rainfall of the district is 875.4 millimeters (average of 5 years). The rainfall in the district
is greater in the sub mountain parts of the district and decreases rapidly towards the southwest.
The sub-soil water depth ranges from 1.5 to 3 meters in most part of the district. The agriculture
is dependent to a large extent on the nature of its soils, which in turn, is influenced materially by
climatic factors. The soil of the district is quite alluvial and fertile. The soil of the study area is
well-drained, calcareous, fine loamy soils, with loamy surface and slight erosion. They contain
small quantities of lime but the magnesia content is high. They are well supplied in potash and
phosphoric acid but the quantities available are low. The test site is a plain terrain except for N-E
part. The growing season for wheat is 3rd week of October- 1st week of December and is
harvested in 1st week of May. The growing season for rice is 15th of June – 15th of August and is
harvested in October/November.

4.1.1.2 Pune
Pune, a district of Maharastra is situated near the western coast of India and covers an
area of 15,642 sq km. The latitude and longitude data of Pune is 180 34'N and 73058'E. Like most
of the other Indian cities, Pune has three distinct annual seasons - summer, monsoon and winter.
In summer season the temperature ranges from 400C -260C whereas in winters, it goes from 290C
to 190C. Due to the presence of the Sahyadri range, Pune lies in a rain-shadow region. The data
about average rainfall indicates that Pune receives a rainfall of about 29% per year. The city
receives an annual rainfall of 722 millimeter mainly between June and September as a result of
southwest monsoon. Area under irrigation is 8,896 km². Jowar, wheat, bajra, sugarcane, rice,
soybean, onion, groundnut, vegetables, turmeric, grape, and pomegranate are the main crops.

4.1.1.3 Bankura
The region is degraded and dissected upland and is the district of West Bengal. The
District Bankura is bounded by latitude 22038’ to 23038’N and longitude 86036’ E to 87047’ E and
comes under a sub humid zone. Ambient temperature range is between 12oC - 43oC. The
humidity varies between 15-100%. The normal annual rainfall of Bankura is 1423 millimeter.
Southwest monsoon covers 78% of annual rainfall. The normalized deviation of monthly rainfall
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extends frequently from –1(no rainfall condition where normal rainfall exists) to +2(double of the
normal rainfall) and above. Laterites and lateritic soil is found in the study area. The lateritic soils
are severely affected by both sheet and gully erosion. The soils are broadly grouped as red soils.
Agricultural drought is predominated due to soil hazards. Soil depth is mostly moderate (22.5cm 45cm) in the study area. Severely eroded steep upland with exposed rocks is having shallow soil
depth (<7.5cm). Soil depth is deep (45cm-90cm) in light textured soil. In valley bottom soil depth
is very deep (90cm-150cm). Soil slope is mostly south-easterly. The cultivable land is mainly
mono-cropped due to water scarcity during rabi and summer season.
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Figure 4.1 A schematic map of the test sites for soil moisture studies.
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4.1.1.4 Jodhpur and Jaiselmer
Jaiselmer extends from 26.01 degrees to 28.02 degrees north-latitude and from 69.3
degrees to 72.2 east-longitude. Jodhpur stretches between 26°0’ and 27°37’ north-latitude and 72°
55’ and 73° 52’ east-longitude. Jodhpur has 6.68% of Rajasthan state's land. Jaiselmer occupies
11.2% of the State's land. When compared to the rest of the State, both districts are extremely dry,
with extremes in temperature, and with irregular rainfall patterns. Winters are from November to
March and summers from April to June. July to October is ostensibly monsoon months. The
summers are characterized by a hot wind. The temperature in the summers reaches 47 degrees
Celsius and in the winters, temperature falls to 2 to 3 degrees Celsius. Temperature can vary
between 20 degrees in a single day, if differences in day and night temperature are taken into
account. The average rainfall in Jaiselmer is 141.7 mm and 325.3 mm in Jodhpur. Almost 80% of
the monsoons are brought by the southwesterly monsoons. Jodhpur comes under arid western
plain and Jaiselmer in hyper arid partially irrigated agro climatic zone. The desert soil and sand
dunes are found in both the districts.

4.1.1.5 Bhavnagar
This region falls in the Saurashtra peninsular region and located 21046’ north-latitude and
72011’ east-longitude. The landforms, generally, found in the area has (i) mud-flats along the gulf
of Cambay with/without Prosopis Juliflora (Babool) plants and salt-pans here and there; (ii) the
agriculture plains; (iii) undulating uplands in central Bhavnagar; and (iv) the only hills of Satranj
Hill region, near Palitana. The area belongs to the semi-arid climatic region having average
rainfall of 537 millimeters. The onset of monsoon starts by the middle of June and ends by about
the middle or end of September. The general land use observed in the area is (i) agriculture (ii)
forest (iii) forest plantation (prosopis) on mud flats; (iv) hills with/without scrub, with erosion as
a main threat in the region; (v) agricultural plantation in Sihore (vi) Grasslands in the Black Buck
National Park near Velavdar. Generally, the agriculture is rain-fed. The area has mainly
saline/alkaline soils near Gulf of Cambay, medium black soils on the plains and red sandy soils in
the west. The major crops grown in the area are Cotton, Groundnut, Jowar, and Bajra (Kharif);
Wheat, Gram and Mustard (Rabi); Groundnut, Bajra and Fodder Jowar. Climatic constraints in
the form of large rainfed area subjected to truant monsoons, large semi-arid conditions and low
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forest cover restrict the agricultural growth of this region. Large part of the land suffers from
salinity and coastal strip is facing salinity in the ground water due to intrusion of seawater.

4.1.1.6 Kheda
The test site Kheda is located in 22045’ North latitude 72011’ East longitude covers
villages such as Matar, Traj, Kosiyal, Mehlaj, Punaj, Palla, Vastana, Vataman etc. as shown in the
figure 5.19. The soil type in this area varies from sandy loam to clay. Some of the areas are saline
soils, particularly near Vastana. Most of the fields were harvested for wheat and they were dry at
the time of space shuttle passes. Some fields near Matar and Traj were rice fields with height
about 50 cm. Some fields were ploughed and medium rough. At few places, near Vartak river,
vegetables crops like lady finger, tomato and other crops like groundnut were grown. The ‘dot’
symbol as shown in the figure 5.38, points the soil and vegetation sampling locations.

4.1.1.7 Ahmedabad
The study was carried out on Gujarat region of India with an area extending from 71o to
74o East longitudes and 21o to 24o North latitudes (3o×3o). The area comes under the west coast
covering Gujarat plain and Kathiawar Peninsula. The state receives much of the rainfall from the
southwest monsoon during the period between June to September with a maximum intensity
being in the months of July and August. The southernmost portion receives annual rainfall as high
2000mm. This was taken as study site because it has been experiencing frequent floods from year
2004 to 2005. The area is almost a flat terrain with no undulating land features. This provides
ideal conditions to test the performance of the radiative transfer model. Available water capacity
of soil in this area was found greater than 150 mm/m and depends on soil properties such as soil
texture, depth and kind of clay materials present. The information on these parameters has been
used for determining AWC, which can be of great importance in crop planning in drought prone
areas and also in flood mapping. Majority of soils in this region have high AWC suggesting that
crops like cotton, sugarcane, and paddy can safely be grown. Data shows the flooded area covers
moderately deep to very deep soil depth which is suitable for kharif, sirghum, cotton and
pearlmillet under dryland farming while for wheat, tobacco and fruit crops and vegetables under
irrigation with adequate drainage. Soil texture denotes water retention and availability,
workability of soil, infiltration and drainage conditions, crop suitability etc. In terms of soil
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texture, the data reveal that majority of soils covering 77% area are fine and medium textured.
The flooded region comes under the clayey soil category. Drainage affects the soil-air-water
relationship in soils and suggests the availability of oxygen in mapped soil for root ramification.
These data can be interpretated for determining the suitability of mapped soils for different crops
and crop planning. Flooded area denotes the class of poor to moderately well drainage condition.

4.1.1.8 Mumbai
Mumbai is located in 18056’ north-latitude 72051’ east-longitude on India’s west coast.
Mumbai has a mean elevation of 11 meters above sea level and consists of several islands on the
Konkan coast. It has a tropical savannah climate. Since Mumbai is located south of the tropic of
Cancer but north of the equator and has small seasonal temperature fluctuations. In January the
average low temperature is 19° C and the average high temperature is 30° C; in May the average
low temperature is 27° C and the average high temperature is 33° C. Mumbai’s temperatures
have reached as high as about 42° C and as low as about 7° C. The average annual rainfall is
2,170 mm. Because of the southwest monsoon winds, more than 95 percent of the annual rainfall
occurs during the four-month period of June through September. Mumbai also has high humidity,
with an annual average of 87 percent. Soil cover in the city region is predominantly sandy due to
its proximity to the sea. In the suburbs the soil cover is largely alluvial and loamy. As most of the
region here covers under urban area, therefore only the bare fields located outside the city were
taken as the test sites.
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(a)

(b)

(c)

Figure 4.2 (a) Undulating upland with scrub at Sonfadh. (b) Measurement of
surface roughness using gridded –plate technique at Gadh. (c) Bare Medium rough
black soil near Muli

(a)

(b)

(c)

Figure 4.3 (a) Fodder grass cultivation 1 km from Ambarli towards Dholka. (b)
Sugarcane cultivation near Navsari. (c) Medium black soil near Mewasa.
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(a)

(b)

(c)

Figure 4.4 (a) Ploughed fallow lands between Vastana and Rampura, near Drainage
Canal. (b) Salty waste mud-flats near Dunjaria. (c) Wheat crops near Limbasi.

(a)

(b)

(c)

Figure 4.5 (a) Grasslands at Black Buck National Park, Velavdhar. (b) Prosopis
Juliflora plants near Vallabhipur. (c) Irrigated red sandy loams with crops near
Kordh.
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(a)

(b)

(c)

Figure 4.6 (a), (b) & (c) Grass lands located at Aarey colony (Mumbai)

(a)

(b)

(c)

Figure 4.7 (a) & (b) Wet land at Mira Byander road (Mumbai). (c) Grass land near
Thane (Mumbai)
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(a)

(b)

(c)

Figure 4.8 (a) Agricultural land at Byander after Creak (Walji Pada). (b) & (c)
Agricultural land situated 11 km from Dahisar (Mumbai).

(a)

(b)

(c)

Figure 4.9 (a), (b) & (c). Rice fields near Thane.
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4.1.2

Satellite Data
Satellite data were obtained for the various test sites using AMSR-E, TRMM, SIR-C and

ENVISAT sensors. Two passive satellite data acquired from AMSR-E and TRMM sensors were
used for the three years analysis from 2002 to 2005. SIR-C data was used to establish a
relationship between ground-sampled results with satellite results obtained from the scattering
models. ENVISAT data then used to finally determine the soil moisture for the test field.

4.1.2.1 Advanced Microwave Scanning Radiometer on Earth Observing System
(AMSR-E)
AMSR-E is a multichannel passive microwave instrument launched on the Earth
Observing System (EOS) Aqua satellite developed by the National Space Development Agency
(NASDA) of Japan. The passive data of Indian region used in this study during the year 2002 to
2005. The AMSR-E instrument operates in polar, sun-synchronous orbits, with equator crossings
at 1:30 P.M.(ascending) and 1:30 A.M.(descending) local solar time. The AMSR-E is a modified
technology to the Scanning Multichannel Microwave Radiometer (SMMR) and Special Sensor
Microwave Imager (SSM/I) instruments, first launched in 1978 and 1987 respectively. It provides
observations of variables describing the Earth’s atmosphere, ocean, cryosphere, and land surface.
The AMSR-E is a passive microwave instrument that measures brightness temperature at six
frequencies, 6.925, 10.65, 18.7, 23.8, 36.5, and 89.0 GHz, with vertical and horizontal
polarizations at each frequency for a total of twelve channels. For AMSR-E, global swath
coverage is achieved every two days or less, separately for ascending and descending passes,
except for a small region near the poles. Full daily coverage is obtained above approximately 550
latitudes. Spatial resolution of the individual measurements varies from 5.4 km at 89.0 GHz to 56
km at 6.9 GHz as given in Table 4.1.The detailed description of the data can be found at
http://nsidc.org/data/docs/daac/ae_land3_l3_soil_moisture.gd.html.

Soil

moisture

retrievals

represent averages over the horizontal footprint area and vertical sampling depth in the top ~1 cm
of soil. The actual sampling depth varies with the amount of moisture in the soil. Soil moisture
deeper than ~1 cm below the surface may not be sensed by AMSR-E.
The AMSR-E brightness temperatures are first resampled (for a given swath) to an Earthfixed grid. The gridded brightness temperature is then classified to determine feasible points for
retrieval. Gridding facilitates combination of the brightness temperatures with ancillary data for
the classification and retrieval steps, and also allows statistics of brightness temperature and
retrieved parameters to be accumulated at fixed grid locations from successive orbits. The loss in
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retrieval accuracy caused by gridding the brightness temperatures prior to geophysical retrieval is
small compared to other uncertainties. The retrieved parameters are output as gridded level 2
products (no averaging over multiple orbits is done). In this paper, the L-3 products have been
used. Table 4.1 and 4.2 describes the AMSR-E system characteristics.

Table 4.1: AMSR-E Performance Characteristics
Polarization
Horizontal and Vertical
Incidence angle

550

Cross polarization

Less then -20 dB

Swath (km)

1445

Precision

1K

Centre frequency (GHz)

6.925

10.65

18.7

23.8

36.5

89

Mean spatial resolution (km)

56

38

21

24

12

5.4

IFOV (km)

74×43

51×30

27×16

31×18

14×8

6×4

Beamwidth (degrees)

2.2

1.4

0.8

0.9

0.4

0.18

Table 4.2: AMSR-E Land Surface Products
Parameter
Surface Soil Moisture
Vegetation water
Content
Surface temperature

Estimated
accuracy
0.06 gcm-3
0.15 kg m-2

Spatial
resolution
60 km
60 km

Grid
resolution
25 km
25 km

2.5 C

60 km

25 km

Courtesy: http://nsidc.org/data/docs/daac/amsre_instrument.gd.html

64

4.1.2.2 Spaceborne Imaging Radar-C (SIR-C)
SIR-C data acquired through descending pass of April 12 1994 were used. The SIRC data
has been being applied for two test sites in Gujarat. SIR-C was a joint mission of the National
Aeronautics and Space Administration (NASA), the German Space Agency (DARA) and the
Italian Space Agency (ASI). The SIR-C was an imaging radar system flown aboard the space
shuttle with two flights from 9 to 20 April 1994 and 30 September to 11 October 1994. The SIRC instrument was built by the Jet Propulsion Laboratory (JPL) and the Ball Communication
System Division for NASA and had two-frequency radar including L-band (23 cm wavelength)
and C-band (6 cm wavelength) with four polarizations (HH, HV, VH, and VV). Selected data
takes are being processed as Precision products. Precision products are a subset of a data take and
contain high-resolution multi-frequency and multi-polarization data. A multi-look Precision
product has a frame size of 100 Km with 25 m resolution and 12.5 m pixel spacing for all radar
channels. A SIR-C single-look Precision product has a 50 Km frame size with natural (i.e. not
resample to a regular ground sample distance interval) pixel spacing at full resolution for all radar
channels. The SIR-C antenna structure actually consists of three individual antennas, one
operating at L-band (23.5cm wavelength), and one at C-band (5.8cm wavelength) and the third at
X-band (3cm wavelength). The L- and C-band antennas are constructed from separate panels that
can measure both horizontal and vertical polarizations.

4.1.2.3 ENVISAT Advanced Synthetic Aperture Radar (ASAR)
ENVISAT ASAR data were available through Announcement of opportunity (AO)
covering Mumbai region during 10th July, 29th July and 22nd August 2004, 3rd July and 7th August
2005. ENVISAT is the first permanent spaceborne radar to incorporate dual-polarization
capabilities – it can transmit and receive in either horizontal or vertical polarization. This
Alternating Polarization (AP) mode can improve the capability of a SAR instrument to classify
different types of terrain. The reflective properties of a material are dependent on the polarization
of the incoming radar signal. An Advanced Synthetic Aperture Radar (ASAR), operating at Cband, ensures continuity with the image mode (SAR) and the wave mode of the ERS-1/2 AMI. It
features enhanced capability in terms of coverage, range of incidence angles, polarization, and
modes of operation. This enhanced capability is provided by significant differences in the
instrument design: a full active array antenna equipped with distributed transmit/receive modules
which provides distinct transmit and receive beams, a digital waveform generation for pulse
"chirp" generation, a block adaptive quantization scheme, and a ScanSAR mode of operation by
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beam scanning in elevation. The Advanced Synthetic Aperture Radar is high-resolution imaging
radar that can be operated in 5 distinct measurement modes like wave mode, alternating
polarization mode, image mode, and can have 100 km width, and 30m resolution, Wide swath
mode covers 400 km width with 150m resolution, Global monitoring mode can cover 400 km
width with 1 km resolution, and High resolution mode can have 10m resolution. The nominal
spatial resolution (30 m) and swath coverage of ASAR Image Mode (100 km) are the same as the
ERS Image Mode, and ASAR will also be in a 35-day repeat orbit. However, using beam
steering, it will be possible to obtain images of the same area on the ground from different orbits
with different incidence angles. This gives a revisit frequency varying from daily coverage near
the poles to weekly coverage at the equator. ASAR has dual polarization capabilities and a special
Alternating Polarization Mode has been implemented that permits half of the looks from a scene
to be acquired with horizontal and half with vertical polarization, thereby considerably increasing
the target classification capability (especially if used in conjunction with multi-temporal
imaging).
The cross polarization combinations offer better discrimination between terrain types,
such as vegetation and bare soil, or between forested and clear-cut regions. The AP mode can
help better identify the boundaries between sea ice and open water. HH polarization can better
identify ocean wave phenomena such as internal waves or effects due to the proximity of the
ocean floor. VV polarization can be more effective at recording ocean features caused by
localized differences in atmospheric condition. In dual polarization, data can be acquired in three
polarization modes viz horizontal (HH) and vertical (VV) or cross polarization (HH&HV or
VV&VH).
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Table 4.3 SIR-C System Characteristics (BFPQ = Block Floating Point Quantization, a
form of data compression from 8 bits per sample to 4 bits per sample. Courtesy:
http://lpdaac.usgs.gov/sir-c/products.asp
Parameter
Wavelength
Swath Width
Pulse Length
Data Rate
Data Format
Resolution
Look Angle Range

L-Band
0.235 m
15 to 90 km
33.8, 16.9, 8.5 us
90 Mbits/s
8,4 bits/word
(8,4) BFPQ
Typically 30 x 30 m
on the surface
17 to 63 degrees from
nadir

C-Band
0.058 m
15 to 90 km
33.8, 16.9, 8.5 us
90 Mbits/s
8,4 bits/word
(8,4) BFPQ
Typically 30 x 30 m
on the surface
17 to 63 degrees from
nadir

Table 4.4 Standard Specification for ENVISAT ASAR data products
Product
ID

APP
APS

Product
Name
Alternating
polarization
precision
image
Alternating
polarization
Single-Look
Complex

Nominal
resolution (m)
(range × azimuth)

Nominal Pixel
Spacing (m)
(range × azimuth)

Appx. Coverage
(km)
(range x azimuth)

Equivalent
No. of
Looks

30 x 30

12.5 x 12.5

100 x 100

> 1.8

9x 12

natural

100 x 100

1

67

4.1.2.4 Tropical Rainfall Measuring Mission (TRMM)
TRMM Images from 2002 to 2005 were used in this study. Tropical Rainfall Measuring
Mission was launched on November 27, 1997. TRMM is joint mission by NASA and the
National Space Development Agency (NASDA) of Japan dedicated to measuring tropical and
subtropical rainfall through microwave and visible infrared sensors, and includes the first
spaceborne rain radar. The primary instruments for measuring precipitation are the Precipitation
Radar, the TRMM Microwave Imager (TMI), and the Visible and Infrared Scanner. The
Precipitation Radar (PR) determines the vertical distribution of precipitation by measuring the
"radar reflectivity" of the cloud system and the weakening of a signal as it passes through the
precipitation. A unique feature of the PR is the measurement of rain over land, where passive
microwave channels have more difficulty. TMI is a multichannel radiometer, whose signals in
combination can measure rainfall quite accurately over oceans and somewhat less accurately over
the land. The TMI and PR data will yield the primary precipitation data sets. The Visible Infrared
Scanner (VIRS) measures radiance in five bandwidths from the visible through the infrared
spectral regions. The TMI measures the intensity of radiation at five separate frequencies: 10.7,
19.4, 21.3, 37, 85.5 GHz. Channel has been designed to provide a more-linear response for the
high rainfall rates common in tropical rainfall at frequency of 10.7 GHz. TMI has a 780 km wide
swath on the surface. The surfaces emit only about one half the microwave energy specified by
Planck’s law and therefore appear to have only about half the real temperature of the surface.
Water surfaces therefore look very "cold" to a passive microwave radiometer. Raindrops on the
other hand, appear to have a temperature that equals their real temperature. They appear warm to
a passive microwave radiometer and therefore offer a contrast against "cold" water surfaces. The
more raindrops, the warmer the whole scene appears. The high frequency microwaves (85.5 GHz)
measured by TMI are strongly scattered by ice present in many raining clouds. This reduces the
microwave signal at the satellite and offers a contrast against the warm land background. The 3B43 products of TRMM were used in this study, which calculates the satellite/gauge relative error
estimate at each 0.25° x 0.25° box for one month. It ranges from 0.0 to 10 mm/hr. The purpose of
algorithm 3B-43 is to produce the "Tropical Rainfall Measuring Mission (TRMM) and Other
Data" best-estimate precipitation rate and root-mean-square (RMS) precipitation-error estimates.
These gridded estimates are on a calendar month temporal resolution and a 0.25-degree by 0.25degree spatial resolution global band extending from 50 degrees south to 50 degrees north
latitude.
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4.1.3

Ground Truth Data Parameters

4.1.3.1 Soil Classification Data
The soil classification data were obtained from the published book of National Bureau of
Soil Survey & land Use Planning (Indian Council of Agricultural Research), Nagpur, in cooperation with Departments of Water Resources and agriculture, Govt. of Gujarat. The mosaic
soil map of Gujarat was used as base map. The map was used to show the soil diversity within the
study area and their extent of distribution on the landscape. Each delineated unit provides
information on characterization and classification of soils reflecting their potential in the
evaluation and extent of flood. This map was then geo-referenced and merged with the study area
boundary map to obtain the soil distribution data over the area under study
The ground sample points were collected for the Kheda and Bhavnagar region of Gujarat.
Ground truth was collected for the soil texture information, soil moisture at a depth of 0–2 cm and
2–5 cm, surface roughness, surface correlation length, bulk density, vegetation type.

4.1.3.2 Daily Precipitation Data
The daily precipitation data from the Indian Meteorological Department (IMD), Pune and
Meteorological Centre, Ahmedabad were used. The rainfall data for all the stations covering
under the flooded region was used to study the influence of rainfall over the soil conditions of the
study area. Major meteorological station close to the flooded region is Ahmedabad.

4.1.3.3 Soil Temperature Data
Soil temperature of Jodhpur, Jaiselmer and Ahmedabad was determined with the help of
temperature probe. The soil temperature measurements were then used to determine the
brightness temperature of the given location using Dobson et al. (1986) model in combination
with Fresnel equation for the validation of the satellite derived measurements.

4.2

Methodology

4.2.1

Soil Sampling Over the Test Site
The soil moisture samples and other soil surface parameter information related to soil

texture, bulk density, surface roughness and vegetation cover were collected in order to validate
the satellite derived soil moisture content using theoretical and empirical scattering models. The
soil samples were taken from different fields having variable soil texture at the time of the
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satellite pass. GPS reading were taken at each sample location to allow accurate identification of
the soil sample location with the image pixel. The various soil samples were taken along the
fields were collected into plastic bags and sealed. A predetermined amount of distilled water was
then added to achieve the desired volumetric moisture content. After weighing the wet soil
samples, these were dried out in an oven at 1100C for 24 h until a constant weight is obtained.
The gravimetric moisture content was estimated from the weight of the dry soil and the weight of
the wet soil. The volumetric soil moisture content was then determined assuming the soil does not
shrink or swell as a function of moisture content. The soil moisture is estimated using bulk
density. This technique is considered to be a standard for the calibration of all other methods used
for the determination of soil moisture. The drying time increases for large samples. The moisture
content is expressed as a percentage of dry soil weight.

mg =

Ww
Wd

(4.1)

Volumetric soil moisture can be estimated through the gravimetric soil moisture multiplied by the
bulk density of the soil:

mv =

Ww × Yd
100%
Wd × Yw

(4.2)

Where
mv = volumetric soil moisture, %;
Ww = weight of wet soil, g;
Wd = dry weight of soil, g;
Yd = oven-dry bulk density, g/cm3;
Yw = density of water, g/cm3.

4.2.2

Bulk Density Measurement
Bulk Density is the weight of soil for a given volume. It is used to measure compaction.

In general, the greater the density less will be the pore space for water movement, root growth,
penetration, seedling and germination. It can be measured using different techniques. The
commonly used method is to dive the ring, beveled edge down with the help of hand sledge to
measured depth. The height of the ring we used is 4.7 cm with diameter of the ring upto 9.4 cm.
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We took widely spaced five samples of the height from the soil surface to the top of the ring and
calculated the average. Then carefully lifted the ring after digging around the ring and with the
towel underneath it to prevent any loss of soil. Excess soil from the sample was removed with a
flat bladed knife. The bottom of the sample should be flat and even with the edges of the ring.
Then weighed and recorded the sample and kept it in an oven. It should be remain in oven as long
as weight of the sample does not change after a drying cycle, then it is dry. Diameter of the ring
was 9.4 cm.
Then bulk density was measured using following equation:
Soil bulk density (g/cm3) = oven dry weight of soil / volume of soil

4.2.3

(4.3)

Surface Roughness Measurements
Surface profile can be estimated using paper and paint techniques. Firstly a graph paper

was wrapped length-wise around a long thin metal sheet, and the sheet was then inserted into the
soil such that the horizontal plane of the paper remains level. The soil-paper boundary was then
painted using black spray paint, thus imposing the surface profile onto the graph paper. By using
a very long sheet, a continuous surface profile can be recorded which is much longer than that
possible by the laser profilometer. This painted profile was then transformed into numerical data.
This was achieved by noting the vertical distance to the paint line at uniformly spaced horizontal
points.
In addition to rms height, the profile of a random surface is characterized by its
correlation function, which relates the statistical correlation between any two points on a given
surface. If the surface statistics are assumed to remain constant across the horizontal plane (widesense stationary), then the correlation function is dependent only on the distance between any two
points.

4.2.4

Soil Moisture Estimation using Passive Microwave Remote Sensing
The satellite data used in this study is the passive data obtained from AMSR-E onboard

Aqua satellite. Ancillary data used were soil classification, land cover, and precipitation. A
passive microwave AMSR-E Land3 data was acquired for the four consecutive years denoting
area of interest from the www.nsidc.org website. The passive sensors are able to capture soil
moisture changes on large scale due to rainfall and irrigation and small-scale diurnal variations.
The test periods representing the three wet seasons comprising June to August (2002, 2003, 2004
and 2005) were selected for the study. We collected ground truth data in terms of soil moisture
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and temperature over arid region and also agriculture crop area of India. Most of the arid regions
contains uniform desert with a sparse vegetation cover that grows in arid areas. The other test
area covered with grown cotton with a height of 50 cm and also smooth wheat fields with of
height 5 cm.
Rainfall information from Indian Meteorological Departments (IMD) and also TRMM
rainfall were plotted against soil moisture for the 4 years. Synchronous soil moisture over arid
and semi arid regions are compared with measured soil moisture using GPS observations.

4.2.4.1 Resampling to Geographic Latitude and Longitude
The NSIDC EASE-Grid is considered as the baseline grid for the AMSR land retrievals
and is in the global, cylindrical, equal-area projection, with a nominal grid spacing of
approximately 25 x 25 km (true at 30oN&S). The EASE grid is used for AMSR-E soil moisture
products for continuity of format with the historical global gridded Special Sensor
Microwave/Imager (SSM/I) brightness temperature data achieved at the NSIDC. The size of the
grid is 1383 columns x 586 rows for global image datasets. Aqua AMSR-E derived soil moisture
data for the last 4 years were downloaded and processed using computer routines which are also
provided by NSIDC. The ASCII table consisting latitude, longitude and soil moisture are
exported to ERDAS Imagine and converted into raster format.
Similarly, AMSR-E derived brightness temperature images at three different frequencies
of 6.925, 10.65 and 18.7 GHz were extracted for the area of study and projected onto a 0.25o
square latitude-longitude grid with the size of the grid was taken as 173 columns x 163 rows.
However, the latitude and longitude grid is not an equal-area grid. Preprocessing of these data
was done to identify and screen grid cells that include major water bodies and the points of no
retrieval of data. Soil texture map was used to verify the dependence of soil moisture values on
the soil texture.

4.2.4.2 AMSR-E Algorithm Description
The AMSR-E applies a multichannel iterative approach. A physically based radiative
transfer models for the retrieval of soil moisture links surface geophysical variables to the
observed brightness temperature. These geophysical variables include volumetric soil moisture,
the vegetation water content, and the surface temperature; these are considered as the prime factor
influencing the observed brightness temperature. The surface roughness, vegetation type and soil
texture also play an important role. The earth’s brightness temperature observed from space
includes contributions from soil, vegetation and atmosphere. The estimated error in the brightness
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temperature arising due to variability of water vapor and non-precipitating clouds are small and
therefore can be neglected.
Njoku et al. (1999) applied radiative transfer (RT) model for retrieval of land surface
parameters using AMSR in the 6.925, 10.65 and 18.7 GHz frequencies and estimated retrieval
accuracies of 0.06 g cm-3 and 0.15 kg m-2 for soil moisture and vegetation water content
respectively in the regions of vegetation water content less than 1.5 kg m-2 (Table 4.2).
Njoku et al. (2003) reviewed the soil moisture retrieval algorithm. The model assumes
that the surface temperature and moisture are uniform over the sensing depths of the frequencies
used. Modeling surface roughness and vegetation scattering effects requires increasing
complexity above ~10 GHz, and the uncertainty is greater. Hence, the algorithm uses the three
lowest AMSR frequencies (6.9, 10.6 and 18 GHz). The brightness temperature observed at the
top of the atmosphere at a given incidence angle and at a given frequency can be expressed by the
radiative transfer equation. The model can simply be summarized as

TB = Φi (x)

(4.4)

The function Φi (x) correlates the geophysical parameters x = {хj} to the brightness temperature
TB at channel i. An iterative, least-squares-minimization method is employed in the retrieval
algorithm. In the iterative procedure, the values of the geophysical parameters to be retrieved are
then adjusted iteratively to minimize the weighted sum of squared differences between observed
TBiobs and computed Φi(x) brightness temperatures

 T obs − T cal ( x) 
Bi

χ = ∑  Bi


σ
i =1 
i

2

6

2

(4.5)

where χ ={me, we, Te} and soil moisture me, vegetation water content we, surface temperature
Te, σi denotes the measurement noise in channel i, and N is the number of channels.
Longer wavelength can minimize the effects of clouds and vegetation. These frequencies
also have better vegetation penetration and soil moisture sensitivity. The 18 GHz vertical channel
shows more sensitivity to surface temperature. Over snow-free land, the algorithm estimates the
surface soil moisture, vegetation water content, and land surface temperature. Soil emission is
estimated with a higher accuracy and less attenuated by vegetation at lowest frequencies (6.9 and
10.7 GHz). The higher frequencies (18 and 37 GHz) are used for surface classification as a
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preliminary step in the geophysical retrievals. The retrieved variables represent area-averages
over the 6.9-GHz footprints. The expected error in the estimation of soil moisture increases with
the vegetation cover. Therefore, the algorithm is not suitable for dense vegetation.
The soil moisture emission considers only the emission from top surface layer. The
emitting depth represents the dielectric characteristics of the near surface moisture profile. The
soil moisture emission is smaller for higher frequencies and for wetter surfaces.

4.2.4.3 Semi-Empirical Model for Estimating Dielectric Constant
This model is derived by Dobson et al. (1985) using Birchark mixing model. This model
was used to calculate the dielectric constant which was then used for estimating the brightness
temperature using theoretical model to validate brightness temperature results obtained from
satellite with the estimated temperature measurements. The detailed description of both the model
is further explained in this section. This model is based upon the refractive volumetric mixing and
is given in equation 4.6

ε

α
m

= ∑ Viε

α
i

(4.6)

i

where α is a constant shape factor. When α = 0.5, describes refractive mixing. The model when
applied to moist soil is written as
α

α

ε = Vs (ε s ) + Va (ε

α

a ) + V fw (ε

α

α

fw ) + Vbw (ε bw )

(4.7)

where V represents the volume fraction of different constituents and the subscripts s, a ,fw, and
bw denote solid soils, air, free water, and bound water, respectively. In the equation given above,
the complex dielectric constant of bound water is unknown, and its volume fraction is difficult to
determine, therefore the last two terms of equation 4.7 are reduced to a single term:

β

m vε

α
fw

= V fwε

α
fw

+ Vbwε

α
bw

(4.8)

where β is the empirical constant whose value depends on textural composition of the soil.
The value of the shape factor is established by using the soil model presented earlier to apportion
the soil water into bound and free volume fractions and to provide the estimates of εfw. Putting
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these estimates into equation (4.6) and optimizing for both ε’ and ε’’ over all frequencies and soil
yields α = 0.65 as a constant. For a given soil with bulk density ρb and specific density ρs, the
final expression of the semiempirical model is given by

ε

α

m =1+

α α
ρb α
(ε s − 1) + m vε fw − mv
ρs

(4.9)

The value of εs is calculated for a given ρs by equation 4.10 given as

2

ε s =(1.01+0.44ρs ) -0.062

(4.10)

The dielectric constant of free water is calculated at a given frequency and temperature using a
modified Debye equation given below

ε fw = ε w∞ +

σ ef f ρ s − ρb
ε w0 − ε w∞
−j
1 + j 2π f τ w
2π f ε 0 ρ s mv

(4.11)

σeff is an empirically derived function of soil texture. Using α = 0.65, the value of the soil-texturedependent coefficient β and σeff were optimized for each soil, using (4.9) and (4.11). The resultant
values are related to the soil texture of the five soils by

βε ' = (127.48 − 0.519S − 0.152C ) /100
βε '' = (1.33797 − 0.603s − 0.166C ) /100
σ eff = −1.645 + 1.939 ρb − 0.02013S + 0.01594C

(4.12)

where S and C are percentage of sand and clay, respectively. The regressions for β are based
upon the data at all frequencies from 1.4 to 18 GHz, whereas 1.4 GHz for σeff, since the effect of
ionic conductivity decreases rapidly with increasing frequency.
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4.2.4.4 Theoretical Model Description
The estimated dielectric constant was then used to determine the emissivity of the soil
substance. All substances at a finite absolute temperature radiate electromagnetic energy. Atomic
gases radiate electromagnetic waves at discrete frequencies, or wavelengths. When radiation
incident upon the surface of a substance, a certain fraction is absorbed and the remainder is
reflected. A blackbody is classified as an idealized, perfectly opaque material that absorbs all the
incident radiation at all frequencies, reflecting none.
As according to Planck’s radiation law, blackbody radiates uniformly in all directions
with a spectral brightness Bf given by

Bf =

where

2hf 3 
1


2  hf / kT
c e
−1

(4.13)

Bf = blackbody spectral brightness, Wm-2sr-1Hz-1
h = Plank’s constant = 6.63×10-34 joules,
f = frequency, Hz,
k = absolute temperature, K
c = velocity of light=3×108ms-1

The equation describes that as the temperature T is increased, the overall level of the
spectral brightness curve increases, and the frequency at which Bf is maximum increases with T.
In microwave region (low frequency range), the Planck’s law can be transformed into RayleighJeans approximation, which is given by

If hf/kT << 1, the approximation



x2
e x − 1 = 1 + x +
+ .......  − 1
2



(4.14)

≈x for x<<1 can be used in the equation

Bf =

2 f 2 kT 2kT
= 2
c2
λ

(4.15)
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The fractional deviation of Rayleigh-Jeans law from Planck’s expression is less than 1
percent if λT>0.77 m K or f/T<3.9×108Hz K. These mentioned inequalities will hold if λ>2.57
mm, or f<117 GHz for a blackbody at a room temperature of 300 K, which covers most of the
usable part of the microwave spectrum.
The radiation received by microwave radiometer at a height (h) with an angle (θ) above
the ground is given by

[

]

TB (θ ) = τ (h, θ ) R p (θ )Tsky + (1 − R p (θ ))T + Tatm

Where the terms R p (θ )Tsky

(1 − R p (θ ))T

Tatm

( h ,θ )

(4.16)

Reflected sky brightness
Thermal emission from the surface
Emission from the intervening atmosphere

where τ ( h, θ ) is the atmosphere transmissivity; T is the Physical temperature of the surface; θ
is the look angle of a radiometer; R (θ ) is the surface reflectivity; p is the polarization. The
atmospheric hindrance is considered negligible at low altitude. The main contribution is from the
surface only. Hence the equation 4.16 can be written as,

TB p (θ ) = [1 − R p (θ )]T
or

(4.17)
p

TB (θ ) =e p (θ )]T
where TB is the brightness temperature for homogenous media.

e H (θ ) = 1 − R H (θ ) = 1 −

V

V

e (θ ) = 1 − R (θ ) = 1 −

cos θ − ε − sin 2θ

2

(4.18)

cos θ − ε − sin 2θ

ε cos θ − ε − sin 2θ
ε cos θ − ε − sin 2θ

2

(4.19)

ε is the complex dielectric constant of the soil.
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4.2.5

Soil Moisture Estimation using Active Microwave Remote Sensing
Surface soil moisture retrieval algorithms based on active microwave observations have

been developed and verified at high spatial resolution and evaluated in a regional scale
experiment. Using previous investigations as a base, the Kheda and Bhavnagar experiments were
designed and conducted to extend the algorithm to coarser resolution, larger regions with more
diverse conditions. The SIR-C L- and C-band data were used for mapping of surface soil
moisture. The variable rms surface height ranges from 0.5 to 2.0 cm depending upon the type of
agricultural activity and the land condition. The lower value of rms height mainly corresponds to
sown fields and the higher values to the ploughed fields.

4.2.5.1 Radar Data Processing
In case of SIR-C image (12th April 1994), a commercial image processing software ENVI
4.1 software was used to get the desired backscattering coefficient for HH, VV and HV
polarization in L- and C- band. The five ENVISAT-ASAR images were acquired with different
moisture conditions. Absolute calibration was carried out to transform the digital number values
into backscattering coefficients. Software that works for ASA-APP-1P (HH and VV polarization
mode) precision product (22 August, 10 and 29 July 2004) and ASA_APS_1P (HH and HV
Polarization mode) complex product (3 July and 7 august 2005) and converts the DN values into
the backscattering coefficient (dB) was used.

4.2.5.2 Derivation of σ° over Distributed Targets for Precision Products
The relationship between the DN value of the image pixels, the radar brightness (β°) and
the radar backscattering coefficient (σ°) is as given below

2

0

DN = constant * β = constant *

σ

0

sin(α )

= constant (α)* σ0

(4.20)

where the constant factor is referred as “absolute calibration constant” (K), which from the
measurements of precision transponders. Hence the calibrated σ° images for precision products
have been derived using the following equation
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σ

0
i, j

=

DN

2
i, j

K

sin(α i , j )

(4.21)

for i = 1….L and j = 1…….M

where K

absolute calibration constant

DNi,j2

pixel intensity value at image line and column “i,j”

αi,j

incidence angle at image line and column

0

σ

sigma nought at image line and column

i,j

L,M

number of image lines and columns

The average backscattering coefficient for an area of interest can be derived as an average of σ0i,j
for the N pixels within the distributed target as:

0

σ =

1  i= L j =M 0 
 ∑ ∑ σ i , j 
N  i =1 j =1


(4.22)

4.2.5.3 Derivation of σ° for Alternating Polarization Slant-Range Complex Products
The pixel value of complex products is first detected using the real and imaginary parts of
the complex samples by applying the following equation:

2

DN i , j = I i , j + Qi , j

2

(4.23)

Where DNi,j = pixel value at at image sample line and column “i,j”
Ii,j

= the real part at image sample line and column “i,j”

Qi,j = the imaginary part at image sample line and column “i,j”
The estimation of backscattering coefficient for complex products is same as precision products
except that the complex products requires the correction for the range spreading loss and antenna
pattern gain, as ASAR complex products are provided without any cross-track radiometric
corrections applied. The backscattering coefficients were derived using equation:
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σ

0
i, j

=

DN

2
i, j

K

 Ri , j

G (θ i , j )2  Rref
1

4


 sin(α i , j )



(4.24)

for I 1…L and j=1…M

where K

absolute calibration constant

DNi,j2

pixel intensity value at image line and column “i,j”

αi,j

incidence angle at image line and column

σ0i,j

sigma nought at image line and column

G(θi,j) two-way

antenna

gain

at

the

look

angle

corresponding

to

pixel

“i,j”
Ri,j

slant range distance to pixel line and column “i,j”

Rref

reference slant range distance

L,M

number of image lines and columns

The slant range distance to each sample was derived as:

Ri , j =

c.slrti , j

(4.25)

2

where

c

speed of light

slrti,j slant range time to image sample sample line and column “i,j”
The slant range times are the slant range times for each sample in the grid. The value of slant
range times at mid-azimuth closest to the image mid-azimuth time was taken for the analysis and
derived as:

sample = T 0 + T 1* slrt + T 2* slrt

2

(4.24)

where “slrt” is the 11 elements vector of slant range times and “sample” are the corresponding
sample numbers and T0, T1 and T2 are the polynomial coefficients.
The derived backscattering values were then transformed from slant range to ground range.
Further the ground range sigma nought (σ0) values were converted into dB values using the
following equation:
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0

0

σ [dB] = 10.log10 (σ )

(4.25)

4.2.5.4 Soil Moisture Retrieval Algorithm Description
Tests of the soil moisture retrieval algorithm were carried out using a dataset of soil
moisture measurements, collected over the test site during the SIR-C missions in 1994. During
the SIR-C missions, ground measurements were carried out at several locations, which were
selected to provide spatially, distributed representatives of soil moisture information.
The topographic map of the study site was digitized to identify the ground sampling
points that were than transfer to the image. These selected test fields consisted of either
homogeneous agricultural fields or bare lands with flat terrain. The ground measurements in
terms of soil moisture content, surface roughness and correlation length corresponding to the
radar acquisition such as incidence angle and frequency were taken as input to the models. The
subset values of the test site was assumed to be uniform over the 0.5<rms<1.5, 3<correlation
length<12 and 4<dielectric constant<20. The generalized σ° images of HH, VV and HV
polarization were used in developing the models for soil moisture determination based upon the
validity criteria (Table 4.6) of these models in accordance with the incidence angle and the
roughness conditions. LISS-3 data was used to identify the vegetation status on the radar imagery.
The speckle noise reduction was done using the median filter. The selection of filter and its
specific parameters is a kind of trade –off between smoothing of speckle and preserving useful
information (Lopes et al., 1990). For the filters testing, an image of 173*163 was extracted from
SIR-C data covering the test site. Two homogeneous areas were selected to study the
modification of statistical parameters by different filters. The standard deviation and mean value
are calculated for specific target from the extracted image. The frost and modified frost conserve
the mean value within “0.1 dB”, the Gamma MAP filter within “0.29 dB” while median filter
over 5*5 pixel2 with “0.52 dB” for the glacier ice area (Nagler, 1996). The ratio image was
formed after co-registration and separate filtering for speckle reduction. The ratio of the unfiltered
image showed speckle all over the image.
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Table 4.6 Validity Criteria for the backscattering models
Model

Criteria

Physical Optics

kl > 6, m < 0.25, l2= 2.76

Dubois

kh <= 2.5 cm, θ >= 300, mv < 35%

IEM

kh < 3

The developed algorithm then used to generate the optimal estimator for the dielectric
constant of the soil of test site using measured backscattering coefficients in HH and VV
polarization. Based on empirical relationships between the backscattering coefficients and the
dielectric constant of the soil and the available soil texture information, the soil moisture values
were obtained by applying Peplinski et al. (1995) model. The detailed description of the
scattering models is given below:

4.2.5.4.1 Dubois Model
Dubois et al. (1995) developed an empirical model. This algorithm was developed
using ground based scatterometer data from the LCX POLARSCAT (Tassoudji et al., 1989) and
the RASAM Systems (Wegmuller, 1993) and applicable to radar data measurements over a wide
range of surfaces. The POLARSCAT is a truck-mounted network-analyzer-based scatterometer
operating at 1.25, 4.75 and 9.5 GHz (Tassoudji et al., 1989) and the data included measurements
of hh, vv and hv backscatter between 10 to 700 at 100 intervals for four surface profile which was
then used to measure a RMS height varying from 0.32 – 3.02. The RASAM is a truck-mounted
scatterometer operating at 2.5 to 11 GHz with datasets evolved measurements of the HH, VV, HV
and VH polarized backscattering coefficients from 300 to 600 at intervals of 100 with rms surface
heights varying from 0.57-1.12 cm. These two datasets were then used to describe the copolarized backscattering ratio of bare surface as a function of surface roughness, dielectric
constant, incidence angle and frequency.
The backscattering coefficients σ0hh and σ0vv given by Dubois et al., 1995

0
σ hh

= 10

−2.75

1.5

cos θ
5

sin θ

10

0.028ε tan θ

1.4

(kh sin θ ) λ

0.7

(4.26)
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0

σ vv = 10

−2.35

3

cos θ
3

10

0.046ε tan θ

sin θ

1.1

(kh sin θ ) λ

0.7

(4.27)

The inversion equation for estimating dielectric constant and surface roughness is given by,

ε=
h=

Cvv (σ hh − Ahh ) − Cvv (σ vv − Avv )
tan θ ( BhhCvv − Bvv Chh

λ
2π sin θ

{ Bhh (σ vv − Avv )− Bvv (σ hh − Ahh ) /[ BhhCvv − BvvChh ] }

10

(4.28)

(4.29)

Where,

Ahh = 1.5 log(cos θ ) − 5log(sin θ ) + 0.7 log(λ ) − 2.75
Avv = 3log(cos θ ) − 3log(sin θ ) + 0.7 log(λ ) − 2.35
Bhh = 0.028

Bvv = 0.046

Chh = 1.4

Cvv = 1.1

Where θ is the incidence angle, є is the real part of the dielectric constant h is the RMS height of
the surface k is the wave number and λ is the wavelength in cm.
The validity criteria of the model (kh <=2.5 and θ >=300) always keep co-polarized ratio
(σ0 hh/σ0 vv) to be less than one. The algorithm uses the co-polarized backscattering coefficients, as
they are less sensitive to system noise and cross talk than the weaker cross-polarized returns.
Moreover the co-polarized ratio is less affected by the presence of vegetation unlike the case with
cross-polarized ratio.

4.2.5.4.2 IEM Model
The integral equation model is valid for a wider range of surface roughness than the
standard surface models based on the Kirchoff approximation (Geometric Optics Model, Physics
Optics Model) and Small Perturbation Model. The IEM theory explains the total backscattering
coefficient as the sum of the single and multiple scattering terms (Fung et al., 1992). For surfaces
of small to moderate roughness (kσh < 3), single scattering is dominant, where k represents the
wave number. For kσh > 3, the multiple scattering term has to be taken into account unless the
surface slope is small. The single scattering of IEM reduces to the SPM for slightly rough
surfaces (kσh << 1), while approaches the Kirchoff GM for large values of the roughness
parameters kσh and kl.

83

The IEM model was used in this study to detect the sensitivity of the backscattering to
the surface parameters and to the radar configuration. This investigation then further used to
derive an inversion algorithm for the estimation of soil moisture and then tested using a groundsampled data on a test site in Kheda and Bhavnagar (Gujarat).
In this model, the surface is characterized by standard deviation of surface height,
correlation length and correlation function. The theoretical model used in this study is an
approximate version valid for surfaces with small to moderate rms heights at low to medium
frequencies and kσ < 3, where k = 2π/λ, the wavenumber; λ is the wavalength; and σ is the
surface rms height.
In this application, only the real part is considered and the surface correlation function is
assumed isotropic and represented by the gaussian or the exponential models (Altese et al., 1996).
At frequencies in the range between 1 to 6 GHz, the sensitivity of the dielectric constant to the
soil volumetric content can assumed to be frequency independent (Hallikainen et al., 1985 and
Ulaby et al., 1986).
The model expresses backscattering coefficients as a function of the radar configuration
(frequency, polarization and incidence angle); the soil dielectric constant ε, which is sensitive to
volumetric water content; and the roughness parameters (surface rms height σ, correlation
function ρ(ξ,ζ) and correlation length L). Surface backscattering from a bare soil depends on its
dielectric constant and surface roughness. Surface roughness is generally described by an autocorrelation function and standard deviation of surface roughness height. Since single scattering
can be considered dominating over the multiple scattering as most natural terrain has a small rms
slope, A.K. Fung et al., 1992, give the single backscattering coefficients for the IEM model:

2

0
σ pp

n

2

∞
W (−2k x , 0)
2
2n n
k
=
exp(−2k z σ )∑ σ I pq
2
n!
n =1

(4.30)

With

I

n

n

pp

2 2

= (2k zo ) f pp exp(−σ k

zo ) +

k

n

zo [ Fpp ( − k xo , 0) +

2

Fpp (k xo , 0)]

(4.31)

where pp denotes the polarization state and
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f vv =

2 Rv
cos θ

(4.32)

f hh =

−2 Rh
cos θ

(4.33)

Fvv (− k xo , 0) + Fvv (k xo , 0) =

2
2
2
2
2 sin ϑ (1 + Rv) 
1
µ ε − sin ϑ − ε r cos ϑ 
 (1 − ) + r r
 (4.34)
2
2
εr
cos ϑ


ε r cos ϑ

2
2
2
2
2sin ϑ (1 + Rh ) 
µr ε r − sin ϑ − µr cos ϑ 
1
Fhh (− k xo , 0) + Fhh (k xo , 0) =
(1 − ) +
 (4.35)
2
2
µr
cos ϑ


µr cos ϑ
2

Rv =

ε r cos ϑ − ε r − sin ϑ

(4.36)

2

ε r cos ϑ + ε r − sin ϑ
R0 =

1− εr

(4.37)

1+ εr

ϑ is the angle of incidence, fvv and fhh are the kirchoff coefficients, Fvv and Fhh are the
complementary field coefficients, Rv and Rh are the vertically and horizontally polarized Fresnel
reflection coefficients, R0 is the Fresnel reflection coefficient at nadir, kzo is the z component of
the free space wave number given by k zo = ko cos ϑ , kxo is the x component of the free space
wave number given by k zo = ko sin ϑ . εr and µr are the relative magnetic permittivity and
permeability of the surface, which is usually equal to unity for soil. Wn is the roughness spectrum
of the surface related to the nth power of the two-parameter surface correlation function ρ(ξ,ζ) by
the Fourier transformation, and is usually simplified to a single parameter isotropic case (Fung,
1994).
For one dimensional roughness profiles, the correlation functions are defined as follows:
Gaussian function: ρ ( x) = e

x
−( ) 2
L

Exponential function: ρ ( x) = e

x
−( )
L

(4.38)
(4.39)

Standard models of the autocorrelation function are the exponential function, the gaussian
function and the modified exponential function. It was found empirically for wet soil that the
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exponential function shows better agreement between measured and observed backscattering
values than the gaussian and the modified exponential function. Therefore the shape of the
distribution was assumed to be exponential.

∞

n

W (K ) = ∫ ρ

n

(ξ ) J o ( Kξ )ξ dξ

(4.40)

0

Jo is the Bessel function to the 0th order.
For the exponential function, the sensitivity of σ0 to changes of the surface roughness
parameters l and σh and as the kl=constant, the effect of kσh on backscattering depends on its
value; if kσh is below a certain value (which is about 0.5 for kl=3.33) an increase of kσh results
mainly in the shift of the backscattering curve to higher values, while the shape of angular
dependence remains constant. Above this value an increase of kσh causes a decrease in angular
dependence of σ0 (which is significant at values of kσh above 0.9). For kσh = constant; increasing
kl causes an increase of θi dependence of σ0. The dependence on kl is generally more pronounced
when kσh is large. The IEM model retrieval results were tested by the ground sampled values
over the ten sampled sites of Kheda and Bhavnagar to examine the behavior of the model to
various soil parameters and radar configuration by the L-band SAR before a soil moisture
retrieval algorithm can be extended to other areas.

Table Autocorrelation Functions and their spectra
Autocorrelation Function
Gaussian,

ρ (ξ ) = exp(−ξ / L) 2

Exponential, ρ (ξ ) = exp(−ξ / L)

1.5 Power,

ρ (ξ ) = (1 + ξ 2 / L2 ) −1.5

Corresponding Spectrum (W(-2k sinθ,0))
2
  KL  2 
 L
  exp − 
 
 2n 
  4n  

2
2
 L    KL  
  1 + 
 
 n    n  

−1.5

L2 K 1.5n −1 K − (1.5 n −1) K
21.5n −1 Γ(1.5n)
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4.2.5.4.3Physical Optics Model
This model was derived with scalar approximation based on Kirchhoff method (Shi et
al., 1991). It is suitable for medium or little surface height standard deviation. The pp-polarized
(like polarized) noncoherent backscattering coefficient is given by:

(2ks cos θ ) 2 n
.I
σ pp (θ ) = k cos θΓ p (θ ) exp − (2ks cos θ ) ∑
n!
n =1
2

I=

2

[

2

2

]

∞

 (kl sin θ ) 2 
l2
exp −

n
n



(4.41)

(4.42)

And for an exponential autocorrelation function of the form given by equation,

l=

nl 2

[n

2

+ 2(kl sin θ ) 2

(4.43)

]

3/ 2

Being a first order solution, the physical optics model predicts no cross-polarized
backscatter. The model is valid at low incidence angle (θ<350) and the radius of curvature is
large, the root mean square surface slope is small relative to the wavelength i.e.m < 0.25 where m
is RMS surface slope (m =

2σ
) with σ is surface height standard deviation and l is surface
l

correlation length.

4.2.5.4.4 Dielectric Constant Mixing Model
The model used in this paper is the Peplinski et al. (1995) derived model, which has the
widest validity range in terms of observation frequency and considers the soil properties of the
region. Model was used for the estimation soil moisture content from the dielectric constant
depending upon the sand, clay and water content. Initially the soil moisture content of the
homogenous sampled field’s datasets was calculated. Then the algorithm has been applied for the
entire image. The model determines the real component of the dielectric constant in terms of the
volumetric soil moisture fraction, θ and as given below:

1/ α

 ρ

α
β ' 'α
ε 'm = 1 + b ε s − 1 + m ν ε fw − mv 
 ρs


(

)

(4.44)

87

Where, ε’m is the real part of the dielectric constant of the soil-water mixture, mv is the water
volume fraction of the mixture, ρb (g cm-3), soil bulk density, ρs (2.66g cm-3), specific density of
the solid soil particles, an empirically determined constant α = 0.65, and β is empirically
determined soil-type dependent constants given by:

β = 1.2748 - 0.519 S - 0.152 C

(4.45)

where S and C represent the mass fractions of sand and clay respectively.
The ε’

fw

is the real part of the relative dielectric constant of free water, given by Debye-type

dispersion equation:

ε ' fw = ε ω∞ +

ε ω 0 − ε ω∞
1 + (2π f τ ω )

2

(4.46)

where ε0 is the permittivity of free space, f is the frequency in hertz, εω0 is the static dielectric
constant for water, εω∞ = 4.9 is the high frequency limit of ε’fω, and τω is the relaxation time for
water are given as a function of temperature (Ulaby et al., 1986).
2πτω(T) = 1.1109 × 10-10 - 3.824 × 10-12 T + 6.938 × 10-14 T2 -5.096 × 10-16 T3
εω0(T) = 88.045 - 0.4147 T + 6.2958 × 10-4 T2 + 1.075 × 10-5 T3
In addition, εs is the dielectric constant of the soil solids and is given by the expression
2

ε s = (1.01 + 0.44 ρ s ) − 0.062
The inversion technique allows the retrieval of soil water content directly from dielectric constant
which in turn can be determined from VV and HH polarized image data and makes use of the
physical scattering properties of defined wavelength and polarization.
The large heterogeneity in the area selected has led to the overestimation of the roughness
and hence underestimation of the soil moisture content. Applying the speckle reduction has
enhanced the visual appearance of the output image. Medium filter was used which brings the soil
moisture values in the middle range by reducing the extreme higher and lower classes and does

88

not consider those pixels, where the inversion model has no solution and hence reducing the
number of missing pixels values.
In order to use the algorithm for the ENVISAT ASAR sensor, only backscattering
coefficients at C band in HH, VV and HV polarization at incidence angle 230 were considered.
The topographic map of the study site was digitized to identify the ground reference points. The
ENVISAT ASAR Images were then registered to topographic map and the respective sampling
points were transferred from map to image. The respective procedure applied to SIR-C is used for
ENVISAT ASAR data to derive the soil moisture content. A detailed flow diagram is shown in
figure 4.9.
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Figure 4.9 A detailed block diagram showing the inversion algorithm to retrieve soil
moisture from SIR-C data.
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5.

Results and Discussion

5.1

Soil Moisture Results Using Passive Microwave Remote Sensing

5.1.1

Spatial and Temporal variation of the soil moisture over India during 2002
to 2005
The study period spans from 2002 to 2005 and the analyzed area covers five test sites

over India. At first the data was sorted out according to the area of interest, with information on
the oceans not being considered in the study. The mean footprint diameter of the AMSR-E
observations is about 54 km at 6.9 GHz, and the available soil moisture data from NSIDC is at
25×25 km grid after resampling. Hence the accurate validation of the results is difficult from the
actual observations. Monthly average soil moisture images were generated at a spatial resolution
of 0.25 degree. The first step in the analyses is an examination of the time series of surface soil
moisture measurements over different parts of India as shown in figure 5.1, 5.4, 5.7 & 5.10. It can
be seen that Rajasthan that lies in the arid zone, shows low soil moisture (<8%) especially from
August 2003 to December 2005. This area is drought prone area associated with less rainfall
(<100 mm). Figure 5.4, 5.7 & 5.10 show high soil moisture (>25%) pattern in the months of July
and August over India due to rise in average rainfall during the monsoon. On the other hand
Gurdaspur has distinct pattern of soil moisture due to agricultural practices throughout the year.
Figure 5.2, 5.5, 5.8 & 5.11 show the individual test sites and average monthly soil moisture
pattern as a function of time for the year 2002, 2003, 2004 and 2005. One can readily observe the
variation that exists among the individual points on any specific month. In the year 2002, the
maximum average monthly soil moisture was observed in Gurdaspur and follows the same trend
in the proceeding years i.e. in 2003, 2004 and 2005. Several key results can be drawn from this
plot. In Gurdaspur, the southwest monsoon generally arrives in the first week of July and
continues up to the end of August and 70% of the rainfall occurs during this period. Hence the
growing season for rice is 15th of June – 15th of August and is harvested in October/November.
Therefore agriculture practices led to the wet condition of the soil during monsoon and hence the
maximum soil moisture among all the five test sites. Pune lies in a rain-shadow region and the
data about average rainfall pattern as shown in the Figure 5.3, 5.6 & 5.9, 5.12 indicates that Pune
receives a maximum rainfall among all the study sites. However Bankura and Pune show almost
the same soil moisture pattern during four years. The yearly wise comparison of the soil moisture
in contrast to Indian region concludes the drought prone condition prevalent in Rajasthan area,
which is also evident from the Figure 5.5, 5.8 in which Jaiselmer and Jodhpur indicate the
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presence of low soil moisture condition. As seen in figure 5.11, the average monthly soil moisture
over Jaiselmer and Jodhpur increases from the low range (<6%) in May, to peak value in June
and then declining gradually. Hence the year 2005 represents the highest range of soil moisture
especially in the monsoon season as compared to the other years.
However it is expected that larger events will dominate the moisture condition of an area
at long time scales, but for any small time period, there could be an influence of heterogeneous
precipitation or irrigation pattern.

5.1.2

Comparison of Measured and Estimated TB
The three test site mainly Jodhpur, Jaisalmer and Ahmedabad were selected for the

validation of the AMSR-E measured and calculated brightness temperature (TB) results with the
ground sampled measurements in terms of soil moisture and temperature. By comparing the
observed TB with the estimated TB results, rms error of 47.4, 15.13 and 49.5 K at 6.9 GHz; 36.89,
14.62 and 47.89 K at 10.6 GHz, and 39.27, 17.21 and 48.84 K at 18.7 GHz were obtained over
Jodhpur, Jaiselmer and Ahmedabad respectively using hh polarization. On the other hand, rms
error of 30.83, 40.27 and 38.08 K at 6.9 GHz, 35.95, 39.33 and 38.19 K at 10.6 GHz and 30.85,
34.32 and 34.14 K at 18.7 GHz obtained over Jodhpur, Jaiselmer and Ahmedabad respectively
using vv polarization. Therefore it can be concluded that the best results have been shown over
Jaiselmer due to the uniformity of the region. Whereas the results obtained from the other two
sites (Jodhpur and Ahmedabed), deviate due to the presence of vegetation. Figure 5.13 - 5.18
shows the positive correlation determined between the observed and the estimated value of the
brightness temperature at 6.9, 10.6 and 18.7 GHz frequency using hh and vv polarisation. As seen
from the figures, the best coefficient of correlation obtained at 18.7 GHz frequency. At low
frequency like 6.9 and 10.6 GHz, the error in neglecting water vapor variability and nonprecipitating clouds contributing to the measurements of brightness temperature is small as
compared to the error at high frequency data. It has been observed that minimum rms error in TB
measurements was found at 10.6 GHz frequency over Jaiselmer. This is due to the reason that at
this frequency, neither the interference from radio frequency deteriorates the passive remote
sensing measurements especially near urban areas, nor atmospheric effects come into play. Hence
contributes to the low rms error in measurements. The dielectric model overestimates dielectric
constant at low moisture contents and underestimates at high moisture contents and the extent of
error is dependent upon the soil type as magnitude of dielectric constant increases with clay
fraction at high mv and is least for loams at low mv (Dobson et al., 1985).
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Figure 5.1 AMSR-E derived soil moisture observations over India during JuneDecember 2002.
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Figure 5.2 Monthly variation of AMSR-E soil moisture in the year 2002
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Figure 5.3 Monthly variation of TRMM rainfall in the year 2002

95

JANUARY 2003

60°0'0"E

70°0'0"E

80°0'0"E

90°0'0" E

MAY 2003

FEBRUARY 2003

100°0'0"E 60°0'0"E

70°0'0"E

80°0'0"E

90°0'0" E

MARCH 2003

100°0'0"E 60°0'0"E

JUNE 2003

0

3

OCTOBER 2003
7

80°0'0"E

90°0'0" E

100°0'0"E

JULY 2003

60°0'0"E

SEPTEMBER 2003

70°0'0"E

APRIL 2003

70°0'0"E

80°0'0"E

AUGUST 2003

90°0'0"E

NOVEMBER 2003
10

15

100°0'0"E

DECEMBER 2003
20

40

Figure 5.4 AMSR-E derived soil moisture observations over India during JanuaryDecember 2003
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Figure 5.5 Monthly variation of AMSR-E soil moisture in the year 2003
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Figure 5.6 Monthly variations in TRMM rainfall of the year 2003
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Figure 5.7 AMSR-E derived soil moisture observations over India during
January-December 2004.
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Figure 5.8 Monthly variation of AMSR-E acquired soil moisture in the year 2004
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Figure 5.9 Monthly variation of TRMM rainfall in the year 2004
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Figure 5.10 AMSR-E derived soil moisture observations over India during
January-December 2005.
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Figure 5.11 Monthly variation of AMSR-E soil moisture in the year 2005
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Figure 5.12 Monthly variation of TRMM rainfall in the year 2005
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Sample No.
and Description

Soil
Tempera
ture

Observed
Brightness
Temperature
(TB)
6.9

10.6

18.7

Estimated
Brightness
Temperature
(TB)
6.9

10.6

18.7

Jai-1(5:00 p.m)

25.45

251

253

258

225

227

230

Jai-2 (0-5 cm,

8.6

245

247

253

214

217

220

35

250

252

259

238

241

243

RMS Error

6.9

10.6

18.7

15.13

14.62

17.21

1:30a.m)
Jai-3 (0-5cm,
12:45pm)
Ras-1 (0-5cm,

31.7

250.5

252

259

235

238

240

35.35

250

252

259

238

240

243

35.35

250

252

259

238

240

243

32.25

250

251

257

232

235

237

01:10pm)
Ras-2 (0-5cm,
01:25pm)
Ras-3 (0-5cm,
01:25pm)
DAB-2 (0-5cm,
02:20 pm)

Table 5.1 Comparison of AMSR-E derived brightness temperature with estimated
brightness temperature using Dobson et al. (1986) model over Jaiselmer.
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Figure 5.13(a) Comparison of observed and estimated brightness temperature at
6.9 GHz frequency with hh polarization for Jaiselmer.
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Figure 5.14(b) Comparison of observed and estimated derived brightness
temperature at 6.9 GHz with vv polarization over Jaiselmer.
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Figure 5.15 Comparison of observed and estimated brightness temperature at
10.6 GHz frequency with hh polarization for Jaiselmer.
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Figure 5.16 Comparison of observed and estimated brightness temperature at
10.6 GHz frequency with vv polarization for Jaiselmer.
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Figure 5.17 Comparison of observed and estimated brightness temperature at 18.7
GHz frequency with hh polarization for Jaiselmer.
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Figure 5.18 Comparison of observed and estimated brightness temperature at
18.7 GHz frequency with vv polarization for Jaiselmer.
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5.1.3

Diurnal Variations of Soil Moisture during 2002, 2003, 2004 and 2005
The diurnal variation of the surface temperature is directly influenced by the solar

irradiance variations on the ground and the atmospheric temperature and hence on the observed
soil moisture content. For analyzing the diurnal variation in the soil moisture, the Ahmedabad
area was selected as the validation site due to the availability of the field measured rainfall data
from meteorological observatories. The corresponding AMSR-E images of ascending and
descending passes were generated. At 1:30 A.M. (descending pass), the soil moisture and
temperature profile are homogeneous due to the redistribution of soil and water in the soil. Soil
moisture and temperature profiles remain uniform at night and also there is slight difference in
soil-vegetation temperature. Hence the AMSR-E soil moisture retrievals at 1:30 A.M are
considered to have less error and are more representative of the deeper layer soil moisture than at
1:30 P.M (ascending pass). As seen in figure 5.20, the diurnal soil moisture under the direct solar
irradiance lowers at 1:30 P.M. due to the increase in the surface temperature value near mid
afternoon and rises in the mid night hours due to low temperature gradient. Therefore, the
observations taken in the afternoon are always dominated by the nighttime readings. The strong
variation of 2 % in the diurnal soil moisture values was noticed especially during the month of
June in the proceeding years. This could be a result of large diurnal temperature gradient because
of the dry soil condition due to the less amount of rainfall. The average diurnal soil moisture
difference of 0.85 % was noticed during monsoon seasons.
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Figure 5.19 Trends of AMSR-E soil moisture for ascending and descending passes
over Ahmedabad during the rainy season of the year 2002, 2003, 2004 & 2005.
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5.1.4

Flood Monitoring in 2004 & 2005
Tests were started for the flood event in the year 2004 and 2005 over Gujarat region

(Figure 5.20) using rainfall field measurements and field capacity of the soil as an input to set the
upper limit of the soil moisture. The threshold limit of 35% was set for the saturated soil moisture
state after analyzing soil samples in the laboratory for field capacity over the test site. Hence, the
soil moisture greater than 35% is considered as the most appropriate value representing the
completely inundated area taking into account of heterogeneity of the surface. Therefore, the
classified soil moisture images set at the threshold limit of 35% were generated.
Although the analyzed period was short, a positive correlation between soil moisture and
rainfall has been noticed. Figure 5.21 and 5.22 shows the variations in the areal extent of the
water coverage area. It can be noticed from figure 5.22, that the large areal coverage of the flood
exists on 4th July 2005. The flood extent starts increasing on 30th June, reaching maximum on 4th
July and then dropping sharply on 14th July 2005. The similar flood pattern has been shown in
figure 5.21 in which the inundation area abruptly rises on 3rd August 2004 due to the heavy
rainfall and then declining sharply on the next day. Hence an irregular pattern in the areal extent
of flood can be observed due to the rise and fall in the rainfall during the respected period of time.
Few of the images are missing due to the non-availability of the satellite data on similar days.
These results are consisting with reported observations and news paper reports.
In the figure 5.23 and 5.24, soil moisture coverage was shown to distinguish the
inundated and non-inundated region.. The peak level of soil moisture observed during flooding
was 40.55% in the year 2004 and 46.29% during 2005. A peak of 46.29% has assigned in 2005,
as there could not be any further retrieval of soil moisture after this range. The maximum
inundated region set above the threshold limit, covering an area of 4949.4580 sq km and
20409.2646 sq km in 2004 and 2005 respectively. This indicates the 4 times rise in the flooded
area in 2005 than in the year 2004.
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Figure 5.19 A schematic map of study site covering inundated area.
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5.1.5

Temporal Variation of Soil Moisture in the Inundation Area
The temporal variation in soil moisture was observed through the soil moisture images of

the test sites covering under flooded region derived from AMSR-E datasets. Few of the images
have not shown in the figure due to the gap in the satellite passes at the equator during that
period. The saturated soil moisture and the precipitation were analyzed over Gujarat region using
AMSR-E Land3 and rainfall datasets (Figure 5.25, 5.26). It was easier to detect variations in soil
moisture associated with rainfall variations on wetter days. In figure 5.25, the drier areas
corresponding to low soil moisture content was observed in the first week of June. With an
increase in 30 mm of rainfall from 13th-16th June 2004, moisture content raises upto 27.84%. As
observed from the figure, soil stayed wet till the next rainfall. After that, no significant change in
the soil moisture was observed since there was no rainfall. Only in the first week of August,
precipitation measured was 82.6 mm associated with 31.39% of soil moisture content. Similarly
in figure 5.26, the peak value of soil moisture (46.29%) was noticed on 1st July 2005 due to the
highest rainfall event (>230mm) within 10 days.
The major rainfall was received in July and August in the four years interval and the
relatively small amount of rainfall occurred accompanying by the dry spell during the rest of the
seasons.
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Figure 5.21 Time series of the AMSR-E derived saturated region with 35%
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Figure 5.22 Time series of the AMSR-E derived saturated region with 35%
threshold observed over Gujarat from June 2005 to July 2005.
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Figure 5.23 Spatial and temporal distribution of average daily (ascending and
descending pass) soil moisture over the saturated region during 2004.
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Figure 5.24 Spatial and temporal distribution of average daily (ascending and
descending pass) soil moisture over the saturated region during 2005.
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Figure 5.25 Time series of the AMSR-E derived soil moisture and IMD measured
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Figure 5.26 Time series of the AMSR-E derived soil moisture and IMD measured
rainfall observed from June to August 2005
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5.2

Soil Moisture Results using Active Microwave Remote Sensing
Backscattering coefficient for SIR-C data was estimated using commercial image

processing software ENVI 4.1. In case of ENVISAT ASAR data, calibration of the images was
done in order to extract the values of backscattering coefficients, in agreement with the ESA
documentation. Image speckle (multiplicative noise) was reduced in each input image by using
the 5×5 medium filter before applying any surface scattering model. Vegetated areas were also
excluded by using the cross-polarized vegetation ratios of sigma (hv) and sigma (vv) and also
NDVI image of the study area. The models used in the study were under the given surface
conditions. Firstly, the behavior of radar backscatter was observed in relation to the surface
parameters and radar configuration.

5.2.1

Backscattering Coefficient (σ°) versus Surface Roughness Parameters (σ)
A relationship between the radar backscatter and roughness was established at 5.33 GHz

frequency and incidence angle of 230 with hh and vv polarization using IEM model. Figure 5.27
shows the variation of backscattering coefficient in relation to the rms height using gaussian and
exponential function. The gaussian curve shows that the backscatter is sensitive at low rms height
and reduces as the roughness increases from 1 cm. Further, the sensitivity of backscattering
coefficient towards rms height has been found stronger in gaussian function than in exponential
function. Figure 5.28 shows that in case of surface correlation length, the sensitivity of
backscatter towards surface roughness is more in gaussian function than in exponential function
especially at high correlation lengths. The backscatter decreases with the increase of correlation
length and the decline rate is faster at gaussian correlation than exponential correlation at higher
incident angles.
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Figure 5.27 Sensitivity of backscattering coefficient to rms surface height as a
function of dielectric constant (L = 10 cm, θ = 230, ƒ = 5.33 GHz) using IEM with vv
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Figure 5.28 Sensitivity of backscattering coefficient to correlation length as a
function of dielectric constant (σ = 0.6 cm, θ = 230, ƒ = 5.33 GHz) using IEM with vv
polarization in both gaussian and exponential surface correlation function.
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5.2.2

Backscattering Coefficient (σ°) versus Dielectric Constant (ε)
In figure 5.29 and 5.30, the relationship between the backscattering coefficient and the

dielectric constant has been observed at different incidence angles ENVISAT ASAR system. In
IEM model, an exponential correlation surfaces with the dielectric constant in the range of 2.5 to
40 is considered. Figure shows no influence of roughness on the sensitivity of the backscatter to
the dielectric constant. Backscatter increases with increasing dielectric constant but backscatter
values are not much affected when the dielectric constant crosses 22. Hence, variation in the
backscattering coefficient in relation to the dielectric constant is less at higher value of dielectric
constant. In figure 5.30, it was found that with the increase in the value of dielectric constant from
2.5 to 22 at 5.33 GHz frequency and incidence angle of 230, the change in backscattering
coefficient (σvv) is about 10 dB which is higher than the change in σhh. The variation in dielectric
constant leads to change in the level of backscatter curve in contrary to the change in rms surface
height and correlation length that changes the level and well as shape of the curve (Fung et al.,
1994).

5.2.3

Backscatter Coefficient (σ°) versus System Parameters

The variation of backscattering coefficient with the radar parameters like incidence angle and
frequency is shown in Figures 5.31 to 5.34 using the exponential correlation function. First, the
effect of the rms surface height on the backscattering coefficient with the variation in the
incidence angle was analyzed through figure 5.31. Not much significant variation in the
backscatter at higher incidence angle was found especially at rms height above 1.5 at constant
correlation length. Variation of backscatter observed in changing correlation length is minimal as
shown in figure 5.32.
The frequency dependence of backscatter variation with the rms height and correlation
length was investigated. It has been found that the effect of rms height on backscatter is
minimized in frequency lower than 9 GHz (Figure 5.33), whereas on compared with the variation
in correlation length; it is found below 6 GHz (Figure 5.34).
By observing both gaussian and exponential function, it has been analyzed that the model
is highly dependent on the correlation function. Hence, the exponential correlation function
provides the better agreement than the gaussian on the agricultural land and has been used
throughout the study.

116

Backscattering coefficient (dB)

0
-5
-10
-15
theta=10 degree
theta=20 degree
theta=30 degree

-20
-25
0

5

10

15

20

25

30

35

Dielectric constant

Figure 5.29 Sensitivity of backscattering coefficient to dielectric constant at different
incidence angle (L = 6 cm, σ = 0.6 cm, ƒ = 5.33 GHz ) using IEM.
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Figure 5.30 Sensitivity of backscattering coefficients to dielectric constant at hh and
vv polarization (L = 6 cm, σ = 0.6 cm, θ = 230, ƒ = 5.33 GHz) using IEM.
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Figure 5.31 Sensitivity of backscattering coefficient to rms height at different
incidence angles (L = 6 cm, ε =15, θ = 230, ƒ = 5.33 GHz) in exponential surface
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Figure 5.32 Sensitivity of backscattering coefficient to correlation length at different
incidence angles (σ = 1.5 cm, ε =15, θ = 230, ƒ = 5.33 GHz) in exponential surface
correlation function.
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Figure 5.33 Sensitivity of backscattering coefficient to rms height at different
frequency levels (L = 6 cm, ε =15, θ = 230, ƒ = 5.33 GHz) in exponential surface
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Figure 5.34 Sensitivity of backscattering dependence to correlation length at
different frequency levels (σ = 1.5 cm, ε =15, θ = 230, ƒ = 5.33 GHz) in exponential
surface correlation function using IEM.
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5.2.4

Backscattering coefficient (σ°) versus Soil Moisture
The IEM model was used to establish a relation between backscattering coefficient (σ°)

and dielectric constant. The predicted relation was then used as a reference for further
determination of the soil moisture using measured σ°. The ground measurements in terms of soil
moisture content, surface roughness and correlation length at the time of satellite passes were
taken as input to the model. The shape of the surface correlation distribution was assumed to be
exponential. The subset values of the test site was assumed to be uniform over the 0.5<rms<1.5,
3<L<12 and 4<ε<20. The algorithm then developed to would be the optimal estimator for the
dielectric constant of the soil of test site using measured backscattering coefficients in HH and
VV polarization.
The roughness has strong effect on radar backscatter. At lower rms height (σ < 1), the
backscatter is highly sensitive to the surface roughness and the sensitivity decreases at higher rms
height. Therefore IEM model gives better results on rough surfaces especially agricultural lands.
It was observed that the model overestimates the lower range of soil moisture value and
underestimates the higher range of values. By assuming the average value of surface roughness
and correlation length for the whole dataset, the error has significantly increased.

5.2.5

Model Evaluation
In Dubois et al. (1995) model, the backscatter coefficient decreases with incidence angle

and with decreasing roughness and the model predicts that the co-polarized ratio increases with
increasing roughness as their difference in power as contrary to Small Perturbation Model where
the ratio is independent of the roughness property. The model indicates for an inverse behavior of
the co-polarised ratio i.e σ0

hh/σ

0
vv

> 1 in case of the large value of khsinθ as contrary to the

physical optics and integral equation models.
In Figure 5.37, the soil moisture map of agricultural land of Mewasa region has been
presented using SIR-C L and C band data. It can easily be observed from the maps that soil
moisture content measured from L band is comparatively lower than that of C-band. By
comparing soil moisture values at L and C band confiding the Mewasa region, it can be observed
from the table 5.2 also that the soil moisture results obtained at L band give better agreement with
the measured ground sampled soil moisture values because of the higher wavelength. L band
frequency can penetrate deep into the soil and less attenuated by the presence of the vegetation as
compare to the C band frequency range. The longer wavelengths are encountered far less canopy
attenuation of the soil emission and the vegetation parameter is linearly related to the inverse of
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the wavelength for most types of vegetation in the decimeter wavelength (Jackson and Schmugge,
1991). Moreover, L-Band showed poor sensitivity to NDVI above 0.2. The scattering at L-band
is dominated by interaction with the underlying surface irrespective of vegetation in the case of
sparse vegetation cover (Dubois et al., 1995).
One of the major characteristics of microwave sensing is that vegetation can be treated as
semitransparent at longer wavelengths. Considering the vegetation ratio reduced the vegetation
effect, a regression curve was plotted by comparing pixel-to-pixel σ0 hv / σ0 vv image (Figure 5.39)
(b)) with the NDVI image (5.39 (a)). It was found that σ0 hv / σ0 vv = -11 dB corresponds to NDVI
of 0.4. So the pixels with σ0

hv

/ σ0

vv

were masked and the resultant image was produced valid

only for bare soil surface. For surfaces with kh > 3, the σ0

hv

/ σ0

vv

has been proved to get

saturated at –10 dB, hence few bare surfaces should be masked out in removing the areas with the
ratio σ0

hv

/ σ0

vv

greater than –11 dB (Oh et al., 1992). The degree of its influence is highly

dependent upon the amount of vegetation and its type, and the sensor characteristics i.e.
wavelength.
It has also been observed that for dry soils the cross-polarized ratio (σ0hv / σ0vv) increases
tremendously from about –20 dB at ks = 0.1 to about –10 dB at ks =3, and then maintains that
level for ks > 3. The similar behavior of the ratio has also shown for wet soil except that its
saturation level is closer to –8.5 dB for ks > 3. In case of co-polarized ratio, it shows –6dB for
very smooth surfaces and 0 dB for very rough surfaces. When the surface profile deviates from
that of smooth surface, perturbation model can be used. In the Small Perturbation method, the
model considers the rms height should be smaller than the wavelength and the rms slope should
be in the same order of magnitude as the wavenumber times the rms height (L. Tsang et al 1985).
The co-polarized ratio is almost 1 for extremely dry or rough surface (σ0

hh

≅ σ0

vv

)

depending upon the frequency and incidence angle. Moreover, the effect of sparse vegetation can
make co-polarised ratio positive (σ0 hh > σ0 vv), as σ0
canopy. Therefore the measurements of σ0

hh

, σ0

hh

is higher than σ0 vv for a dense vegetation

vv,σ

0
hv

are selected for the inversion. The

backscattering results in VV polarization are always 5 dB higher than in HH and 10 dB in HV
polarization. The wetter the surface, higher will be the backscattering. The backscattering
decreases with the increasing incidence angle as the surface appears rougher than close to nadir
incidence angles and the difference between VV and HH becomes about 2 dB larger. The
difference is the same for all modeled incidence angles. The effect of the vegetation was
corrected to some extent by applying σhv/σvv and (σhh - 3σhv )/( σvv - 3σhv) vegetation ratios. The
low concentration between σhh and σvv and the relatively strong σhv returns indicates the
vegetation attenuation in the image.
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The Integral Equation model developed by Fung et al., 1992 was also used to calculate
the dielectric content. The IEM model validity range is adapted to agricultural soil surfaces. His
model does not accurately reproduce the backscattering coefficients measured by the radar
sensors. The several studies have been demonstrated to overcome this defect. The general trend of
backscatter is in relation to roughness is similar to the Small Perturbation Model and Physical
Optics Model (Ulaby et al., 1986).
As shown in figure 5.36, the soil moisture results from Dubois models showed no relation
with the Physics Optics model especially on the smooth surface. On the other hand IEM model
compared well with the Dubois model in the range of 300 - 700. The dielectric constant as
predicted by this model increases with decreasing backscatter ratio and not significantly affected
at smaller incidence angles and these trends are in agreement with the POM and IEM. The IEM
equation predicts that the higher backscatter values resulted from the presence of vegetation can
lead to increase in roughness or further increase in dielectric constant which would correspond to
decrease in σ0hh / σ0vv. Therefore, the model overestimates the surface roughness and
underestimates the soil moisture in the presence of vegetation cover.
The comparison between the various models has been demonstrated in table 5.2. The
results obtained by Dubois model applied on the SIR-C data are in good agreement with the
measured soil moisture values.
As shown in the figure 5.36, it was observed that the In IEM overestimates the lower
range of soil moisture value and underestimates the higher range of values. By assuming the
average value of surface roughness and correlation length for the whole dataset, the error has
significantly increased by 5%. Physical Optic Model is applicable when the surface roughness
measurements are large (ks>0.25) compared to the wavelength, and is therefore more suitable for
applications with short wavelengths and large surface correlation lengths (kl>6).
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Table 5.2 Comparison of estimated soil moisture derived from SIR-C data at C
band using Dubois et al. (1995) model, IEM and POM with the measured soil
moisture values on rough and medium rough fields over Kheda, Gujarat
S. No

Measured

Estimated Soil Moisture

Soil Moisture

(% volume)

(% volume)

Dubois

IEM

POM

1

24.0

26.0

20.91

6.7

2

9.1

11.0

12.61

6.6

3

2.5

1.0

5.3

4.2

4

17.9

10.0

9.5

6.6

Table 5.3 Comparison of estimated soil moisture derived from SIR-C data at L- and
C-band using Dubois et al. (1995) model, IEM and POM with the measured soil
moisture values over the Velvadar National Park , Gujarat.

S.No.

Measured

Estimated Soil Moisture

Soil

(% volume)

Details

Moisture
(% volume)

Dubois

IEM

POM

L band C band

L band C band

L band C band

1

2.5

3.8

7.0

4.8

4.8

7.3

4.2

2

2.5

0.5

3.8

4.8

4.7

7.1

4.2

3

2.5

2.9

6.3

14.8

15.4

4.2

6.4

4

2.5

1.1

4.5

5.7

5.6

6.9

4.2

5

2.5

2.4

5.8

5.4

5.6

7.0

4.2

juliflora)

6

2.5

2.2

5.5

7.4

7.2

6.7

4.2

area

7

2.5

1.9

5.3

7.2

6.6

6.8

6.5

Medium

8

2.5

2.0

5.0

6.6

6.9

6.8

4.2

rough

9

2.5

0.3

3.6

6.1

5.5

6.8

4.2

fields

10

2.5

4.8

8.1

7.9

7.8

6.9

4.2

11

2.5

10.0

13.4

12.9

13.6

7.1

4.2

Bare

12

2.5

6.3

9.6

9.9

9.1

6.9

6.4

smooth

13

2.5

1.2

4.5

7.2

6.9

6.7

4.2

fields

Park Area

Trees
(Prosopis
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Figure 5.35 Backscattering coefficient (σ°) versus estimated soil moisture derived
from SIR-C data using Dubois et al. (1995) model at hh, vv and hh/vv polarization.
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Figure 5.36 Backscattering coefficient (σ°) versus estimated soil moisture derived
from SIR-C data using Dubois et al. (1995), Integral Equation and Physical Optics
Models.
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Figure 5.37 Comparison of soil moisture maps obtained using SIR-C L- and Cband. (a)&(b)SIR-C L- and C-band hv image of National park area near Velavadar,
Gujarat respectively. (c)&(d) Soil Moisture maps of the same using SIR-C L- and Cband respectively. The image was acquired on April 12, 1994.
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(a)

(b)

(c)

Figure 5.38 (a) & (b) Digitized map of Kheda region of the Gujarat. The small
dots on the image denote sampling points. (c) SIR-C L-band hv image.
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Figure 5.39 (a) NDVI Map of Kheda region acquired from IRS-1B on April 8, 1994.
(b) Vegetation ratio image (hv/vv) of SIR-C L-band, April 12, 1994.
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Figure 5.40 (a)&(b) Dielectric constant and Soil Moisture maps of Kheda district
from IEM model. (c)&(d) Dielectric constant and Soil Moisture maps of Kheda
district from Dubois model.
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Figure 5.41 (a) Toposheet of Mumbai region. (b)&(c) FCC and NDVI map of
Mumbai.
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Figure 5.42 (a) ENVISAT ASAR image with hh polarization of Mumbai.
(b)&(c) ENVISAT ASAR derived soil moisture maps of 10th and 29th July
2004.
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Figure 5.43 (a) ENVISAT ASAR derived soil moisture maps of 22nd August
2004. (b) & (c) ENVISAT ASAR derived soil moisture maps of 3rd July and 7th
August 2005
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6.

Conclusion & Recommendations

The moisture content in the surface layers of the soil is an important parameter for many
applications in hydrology, agriculture and meteorology and is highly variable in space and time.
The AMSR-E data over four years have been used to determine the soil moisture and brightness
temperature over the various regions of India. From the datasets, diurnal and seasonal variations
of soil moisture values were noticed. Soil moisture and temperature profiles remain uniform at
night and also there is a slight difference in soil-vegetation temperature. Hence the AMSR-E soil
moisture retrievals at 1:30 A.M are considered to be more accurate as compared to data at 1:30
P.M. Moreover the variability in soil texture, surface roughness and single scattering albedo on
brightness temperature values are negligible as compared to soil moisture variability profile over
most of the land areas.
The other application of soil moisture in hydrology is to monitoring floods. In area
subject to flooding or having drainage condition may not only helps for crop planning but also for
non agricultural uses of soils, thus helps in rationalizing the use of such soils. In this study, the
flood monitoring of Gujarat region was done using AMSR-E derived soil moisture
measurements. The AMSR-E datasets are also being used to demonstrate the spatial and temporal
pattern of soil moisture and its correlation with the rainfall and flood pattern and to examine the
influence of rainfall on the soil moisture variability pattern. The antecedent moisture condition
also plays an important role to determine the flood potential of any soil. Moisture conditions prior
to the flood were found wet which implies close to the saturation. The water occupied area was
observed and estimated during the two-flood events in 2004 and 2005. It was observed that
retrieved soil moisture is not consistent with the observed trend during some rainfall events,
where the dry down after rainfall events is less steep in the retrieval compared to measured data at
5 cm depth. The mismatches between satellite and rainfall measurements are due to the low
sensitivity of TRMM precipitation radar and potential area to point difference and also due to the
time variations. Owe et al., (2001) pointed out that theses differences in spatio-temporal sampling
and vertical sensing depth do not enable one to one mesonet measurements.
The passive remote sensing measurements in the L- to C-band range are often
encountered some deterioration due to the presence of radio- frequency interference (RFI) in this
range. Therefore, the AMSR-E C-band observations are subjected to RFI contamination
especially near urban settlements. Soil moisture retrieval algorithm is unable to use 6.9 GHz
channels in regions of RFI. Therefore there are few discrepancies in the soil moisture values in
the urban settlement area and need to improve at this point. It either requires some correction in
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the algorithm to broaden its validity region or use of different models. Moreover, the estimated
soil moisture represents the soil moisture at the surface with a depth of 1 cm.
The temperature has a strong influence on the passive microwave emission model since
its affects the calculation of brightness temperature and a weaker influence on backscattering
coefficient calculations, which is only through the dielectric constant that is affected by the
temperature.
Several scattering models, which are valid for different range of roughness, have been
developed to predict backscattering from rough surfaces. Theoretical modeling with the empirical
backscattering models was applied in this study to compare the soil moisture results obtained
from both the approaches with the ground sampled values. The Dubois et al. (1995), Integral
Equation Model and the Physical Optics Model were first applied on the SIR-C datasets to
validate the results obtained from these three approaches with the available ground sampling soil
moisture results. In this study, the behavior of backscattering coefficient as a function of soil
moisture and surface roughness was analyzed. The hh and hv polarization are found more
sensitive to surface roughness than vv polarization. Generally the algorithm developed is site
specific and shows inconsistent results when applied to data using some other instruments. Since
Physical optics predicts the first order solution and hence cannot be used for σ0hv.
The Dubois model predicts σ0 hh > σ0 vv which is contradictory to the assumption made by
IEM and physics Optical model. Since the algorithm was found to underestimate the soil moisture
content over vegetated land, vegetated areas were excluded by using the cross-polarized ratio of
sigma (hv) and sigma (vv) image data of the study area. This image was then correlated with the
NDVI image and found that σ0
pixels with σ0

hv

/σ

0
vv

hv

/σ

0
hv

= -11 dB corresponds to NDVI of 0.4. Therefore the

> -11 dB were masked and the resultant image was produced valid only

for bare soil surface. The rms error in the estimated soil moisture using Dubois Model is found to
be. The pixels covering forest, bulti-up areas, water bodies and densely vegetated areas were
assigned missing values.
Co-polarized ratio as used by the Dubois and Physics Optics model has several
advantages over cross-polarized channels and can be calibrated directly with passive targets
whereas cross polarized channel calibration from the co-polarized measurement and hence prone
to have more errors. Moreover the co-polarized ratio has higher signal-to-noise ratio compared to
cross-polarized ratio and does not much affected by the presence of vegetation unlike the case
with cross-polarised ratio. Cross-polarised ratio is largely influenced by the presence of
vegetation cover (Toan et al., 1992, Durden et al., 1989). Therefore the inversion equation, which
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makes use of the co-polarized ratio, considers being more accurate than with those uses cross
polarized ratio.
The satellite derived soil moisture compared with in-situ field observations has certain
drawbacks. The major limiting factor in retrieving soil moisture from the radar data is due to the
reduced amount of input information with respect to the direct model complexity. Scattering
models developed are tested on specific soil conditions and hence are site dependent. These
models should first be recalibrated to regional soil surface and vegetation conditions before being
generalized. Surface roughness is dependent upon the several parameters and therefore cannot be
calculated precisely. Moreover the sensing depth for microwave sensor is limited to only few
centimeters, which induces uncertainties when compared against measured soil moisture values at
2-5 cm depth. Comparison of satellite area-averaged soil moisture retrievals to single point
measurements is associated with area to point difference effects, which can be significant in case
of spatial variability. Since the number of ground observations was limited, therefore the IEM
model developed by assuming only few surface parameters being representative of the entire
scene inspite of wide range of surface roughness and soil moisture conditions.
The results are considered with respect to the assumptions on which the model is based.
The ground sampling was used to provide ground truth for calibration of the models and SAR
derived algorithms. The results obtained in the SAR signal analysis are interesting, but many
problems still remain and are inherent to the la rge number of factors which determine the
response of a soil to the radar signal, and are definitely enhanced by working at small area.
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