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ABSTRACT 
 

Information about the distribution of surface soil moisture can greatly benefit the 

management of agriculture and natural resource. However, direct measurement of soil 

moisture over larger areas can be impractical and expensive, which has led scientists to 

develop satellite based remote sensing techniques for soil moisture assessments. 

Retrieving soil moisture from radar satellite imagery often associated with the collection 

and use of ancillary field data on surface roughness. However, field data that is meant to 

characterize surface roughness is often unreliable, is expensive to collect and is nearly 

impossible to acquire for large scale applications. These issues represent barriers to the 

adoption and of radar data for mapping soil moisture over large areas.  

The research presented in the dissertation is aimed at the development of an 

operational soil moisture assessment system based solely on radar satellite data and a 

radar model, eliminating the field data requirements altogether. The research is directed 

towards a so-called equation-based solution of the problem as an alternative to the 

approach that requires the use of extensive field-data sets on surface roughness. This 

approach is based on the concept that if the number of equations are equal to the number 

of unknowns, then explicit solutions of all unknowns are possible. My research derived 

the necessary equations to solve for soil moisture and surface roughness. The derivation 

of the equations and how to use them to estimate soil moisture without using ancillary 

field data was demonstrated by my research. Validation results showed that the equation-

based method that was developed is capable of providing more precise estimates of 

surface soil moisture than that of ancillary field-data supported method. 



 

 

13

CHAPTER 1 

INTRODUCTION 

Providing detailed information about the distribution of surface soil moisture (θS) 

has the potential to benefit a wide variety of applications ranging from the management 

of agriculture and natural resource to the science of understanding land-atmosphere 

interaction to famine early warning to determining vehicle mobility. Direct measurement 

of soil moisture over larger areas can be impractical and expensive, which has led 

scientists to pursue the development of satellite based remote sensing techniques for soil 

moisture assessment. Many government agencies and international development agencies 

have been using satellite imagery within decision support systems for estimating world 

agricultural production and for providing early warning to famine due to drought 

(Hutchinson 1991). Soil moisture products derived from satellite imagedata can be 

beneficial to these systems. Production Estimates and Crop Assessment Division 

(PECAD) of the Foreign Agricultural Service of United States Department of Agriculture 

(USDA-FAS) is an example of the agricultural application of satellite imagery. This 

organization has a satellite image-based decision support system for publishing a monthly 

world agricultural supply and demand estimates report. The United States Agency for 

International Development (USAID) has a similar system for Famine Early Warning 

(FEWS-NET). The Food and Agricultural Organization (FAO) of United Nations has 

been operating the Global Information and Early Warning System (GIEWS) and Africa 

Real-Time Environmental Monitoring using Imaging Satellites (ARTEMIS). Some of 

these systems cover specific regions of the world, such as the Sahelian Food Security and 
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Natural Resource Management (AGRHYMET) which covers the Sahel region of Africa, 

while others cover individual country such as the Bushfire Monitoring and Management 

(CSE) system in Senegal. Some operational systems even serve a specific part of a 

country. For example, an operational system called Drought Watch monitors the risk of 

drought and pest infestation primarily in the Prairie of Western Canada.  

Many of these decision support systems are dedicated to world food security and 

disaster management by analyzing wide ranging data, from economic, social and public 

health information to country specific food supply and demand information. Remote 

sensing land cover and meteorological data has been used for providing crop and forage 

production information to these systems in a consistent, accurate and timely fashion, 

which are seldom available otherwise for large regions. Satellite image derived 

Normalized Difference Vegetation Index (NDVI), which is a measure of greenness, is 

often used as an indicator of production. Time series NDVI are compared to historical 

means and extremes to gauge the current condition of vegetation cover. To address the 

uncertainty associated with these estimates, the ‘convergence of evidence’ approach is 

often applied, where several types of independent and relevant data are integrated to 

arrive at the most logical set of conclusions.  

There may be a time lag between water stress in plants caused by draught and the 

greenness of the plant as measured by NDVI. Identifying draught condition and its effect 

on crop and forage production based on NDVI may not be available in the requisite time 

to be useful. Soil moisture, on which NDVI is dependent, can be considered as a more 

direct and timely input to the production assessments. As a result, satellite image derived 
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soil moisture has been a consistent goal in remote sensing and potentially can evolve as 

an important component of these wide-ranging operational systems. Satellite based soil 

moisture can be used as an input to the crop yield functions, which are developed based 

on empirical water balance studies and relate water stress to yield reduction (Reynolds 

2000). Model predicted yield data can be multiplied with area planted data to estimate 

total crop production at national, provincial, district, or divisional levels. Land cover 

classification using satellite images provides area planted information. 

Soil moisture conditions play a fundamental role in land-atmosphere interactions 

(Eltahir 1998), and have great importance in understanding climate variability. For 

example, an ongoing international research project, North American Monsoon 

Experiment (NAME), led by NASA and the National Weather Service of Mexico, has 

been planning to use a satellite based soil moisture products to understand the North 

American monsoon and to improve forecasting. The USDA-ARS Hydrology and Remote 

Sensing Laboratory have been conducting soil moisture experiments (SMEX) for 

addressing a broad range of science questions in terrestrial hydrology and satellite soil 

moisture sensing. The US Army Engineer Research and Development Center, 

Topographic Engineering Center has been developing a satellite-based, operational soil 

moisture assessment system to determine trafficability of light weight vehicles.  

In addition to these large scale applications of satellite-based soil moisture data 

there is significant application potential at higher resolutions such as irrigation scheduling 

in agricultural fields, watershed management by coupling with GIS-based hydrologic 
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modeling tools (such as AGWA – Automated Geospatial Watershed Assessment, Miller 

et al., 2002) and rangeland health and local level drought monitoring. 

Quick and repetitive availability of satellite data with comprehensive geographic 

dimension can make the decision support system more effective and efficient and the 

availability of variable spatial resolution imagery can be helpful for diverse applications. 

Optical satellite images and ground-based climate records, which meet many of these 

requirements, are generally employed within many of these decision support systems. 

Relatively recent developments in active microwave satellite sensors or radar sensors, 

which are devoted primarily to soil moisture detection, show great promise (Moran et al., 

2004). Currently, there are three Radar satellite systems with frequencies suitable for soil 

moisture recovery, the European ERS and Envisat, and the Canadian Radarsat. These 

have the advantage of cloud penetration to provide imagery for regions covered by clouds 

during the crop-growing season (estimated by PECAD to be 50% of the globe). Radar 

provides fine spatial resolutions, which commonly vary from 10 to 1000 meters over a 

swath width of 50–500 km. The variable spatial resolution is helpful for watershed scale 

to country scale application. For certain modes of radar data acquisition it is possible to 

acquire data at up to 5-day repeat intervals. In addition, some radar data can be acquired 

at short notice (within 3-days), with one additional day for processing. These flexible 

features of radar image configurations and product delivery are suitable ingredients to 

creation of an operational soil moisture estimation system for a wide range of 

applications. However, the primary problem associated with the estimation of soil 

moisture from radar data is the partitioning of the electromagnetic signal recorded by the 
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radar sensor between two fundamental surface components, roughness and moisture. 

Surface roughness and soil moisture content jointly determine the amount of 

electromagnetic energy scattered back to the radar sensor from the ground target. Surface 

roughness is defined as the height variation of the ground surface measured in 

centimeters. This has been an active area of research though there have remained 

obstacles to its operational adoption. The objectives of this dissertation are to develop, 

apply and validate a radar remote sensing technique to estimate surface roughness and 

eventually soil moisture without needing prior field based measurements.  Surface 

roughness though a primary aid to satellite soil moisture assessment, is an active area of 

research given its potential application for erosion and surface runoff modeling. The 

image based roughness measurements can be used within a radar model as an input to 

predict soil moisture. Since the complete process of estimation of soil moisture and 

roughness developed here are based on satellite imagery and a radar model, a computer 

program can be easily developed to make it operational. 

1.1 Background of Satellite-based Soil Moisture Assessment 

The satellite sensor captures solar energy reflected or emitted by the Earth’s 

Surface. . One category of satellite sensor has its own energy source. Energy at specific 

wavelengths are transmitted towards ground targets, a portion of which is scattered back 

to an antenna on the same platform. The amount of energy that is recorded by the satellite 

sensor depends on the moisture content of the Earth’s surface along with other factors, 

including roughness and thereby provides the basis for remote sensing of soil moisture. 

This response also depends on which portion of the electromagnetic spectrum, i.e., the 
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wavelength, the sensor is capable of recording. The same amount of soil moisture can 

produce different responses at different wavelengths. Satellite soil moisture assessment 

can be divided into two broad categories depending on the wavelength of the energy 

recorded by the sensor. Optical remote sensing of soil moisture is limited to the 

wavelengths in micrometer range (0.4-2.5 micrometers), as compared with microwave 

remote sensing that use wavelengths in centimeter range. 

Optical Sensing of Soil Moisture 

Moisture greatly influences the reflection of shortwave radiation from soil 

surfaces in the visible and near infrared (VNIR: .4 – 1.1 µm) and the shortwave infrared 

SWIR (1.1 – 2.5 µm) regions of the spectrum. Lobell and Asner (2002) developed a 

quantitative model characterizing interactions between soil moisture and reflectance, 

which is used in operational soil moisture retrieval algorithms. Their model is based on 

the measurement of reflected shortwave radiation (.4 – 2.5 µm) in a laboratory setting for 

different soils at various moisture contents. They found that reflectance decreased with 

the increase in moisture and the moisture sensitivity of reflectance increases as the 

wavelength increases from the VNIR to the SWIR. They also found that the SWIR region 

is better suited for soil moisture measurement than the VNIR. 

Use of thermal infrared (TIR: 3.0 – 15 micrometers) for soil moisture estimation 

has demonstrated even better performance. A number of studies (e.g. Sellers 1992, Smith 

1992) found that the latent heat flux, the energy used to evaporate water, is related to soil 

moisture through a standard regression curve that is independent of soil and vegetation 

type. In order to exploit this empirical relationship for soil moisture estimation, it is 
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necessary to partition the surface heat fluxes into its components. This requires an 

adequate description of the surface energy balance that prevails under natural 

environmental conditions. The Surface Energy Balance Algorithm for Land (SEBAL) is 

such an algorithm that describes these processes (Bastiaanssen et al. 1998) and computes 

latent heat flux. This model use digital image data in the visible, near-infrared and 

thermal infrared portions of the spectrum collected by remote sensing satellites like 

Landsat, ASTER (Advanced Spaceborne Thermal Emission and Reflection Radiometer), 

AVHRR (Advanced Very High Resolution Radiometer) and MODIS (Moderate 

Resolution Imaging Spectroradiometer). 

Optical remote sensing of soil moisture is not a popular technique despite the 

wide availability of images from optical sensors currently in orbit. This is due partly to 

the fact that optical remote sensing measures the reflectance or emittance from only the 

top few millimeters of the Earth surface. The optical signal has limited ability to 

penetrate clouds and vegetation canopy, and is highly attenuated by the Earth’s 

atmosphere. In addition to moisture content, optical soil reflectance measurements are 

strongly affected by the soil composition, physical structure, and observation conditions, 

resulting in poor predictors of soil moisture on combined soil type. 

Active Microwave Sensing of Soil Moisture 

Sensing of soil moisture in the microwave portion (wavelengths 1 – 30 cm) of the 

spectrum has a clear advantage over the optical. In this spectral region the atmospheric 

attenuation is almost non existent and the energy can penetrate cloud cover. Microwave 

sensors are capable of working day and night and the energy penetrates several 
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centimeters into the target ground, resulting in better estimates of soil moisture. The 

dielectric property of the target material greatly influences the relative proportion of 

emission, reflection or scattering of microwave energy that a sensor records. A dielectric 

material is a substance that is a poor conductor of electricity, but an efficient supporter of 

electrostatic fields. The principle of estimating soil moisture is founded on the great 

contrast in the dielectric constant of dry soil (~ 3.5) and water (~ 80). 

Passive Microwave Sensing of Soil Moisture 

Passive sensors record the microwave portion of energy that is reflected or 

emitted by the ground surface. This emission is proportional to the product of surface 

temperature and surface emissivity, which is commonly referred to as the microwave 

brightness temperature (TB). The TB depends on the dielectric constant of the target 

material, which is dependent on the moisture content. It is also influenced by the surface 

roughness and vegetation biomass. Passive sensors commonly operate in the L-band with 

wavelengths > 10 cm and can probe deeper into the soil as well as having the ability to 

penetrate a vegetated canopy. However, the use of passive microwave measurements for 

soil moisture mapping at watershed scales is limited by the inherent coarse spatial 

resolution of these systems. For example, the advanced microwave scanning radiometer 

(AMSR-E), which was launched by NASA in 2003, has a spatial resolution of 57 

kilometers with a repeat cycle of 2 – 4 days. Future plans for launching passive sensors 

are underway. These include the Soil Moisture and Ocean Salinity (SMOS) mission, 

which is planned for launch by the European Space Agency (ESA) in 2007, and the 

NASA Hydrospheric States (HYDROS) mission which is planned for launch in 2009. 
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Active Microwave Sensors 

The active sensor transmits microwave energy from an internal source towards 

ground targets and receives back the portion of scattered energy through an antenna on 

the same platform. Since the satellite sensor controls the amount of energy it can possibly 

transmit these systems can provide data at high spatial resolutions, which commonly vary 

from 10 to 100 meters over a swath width of 50–500 km. Currently, there are three 

operational Synthetic Aperture Radar (SAR) satellite systems with frequencies suitable 

for soil moisture: ESA ERS-1/2 C-band SAR, ESA Envisat C-band ASAR, and the 

Canadian C-band Radarsat-1/2. As with passive microwave sensing, the magnitude of the 

backscatter is related to soil moisture through the contrast of the dielectric constants of 

bare soil and water. Similarly, the perturbing factors affecting the accuracy of soil 

moisture estimation are soil surface roughness and vegetation biomass. Studies, 

particularly in the past decade, have resulted in a multitude of methods, algorithms, and 

models relating satellite-based image backscatter to surface soil moisture (Borgeaud and 

Saich, 1999). The Integral Equation Model (IEM) is the most widely used radar 

backscatter model, which was developed for bare soil, but can be used for terrain with 

sparse vegetation (Fung and Pan 1986; Fung et al. 1992; Fung 1994). This model requires 

ancillary field data in order to retrieve soil moisture from the radar image. Unfortunately, 

field data are often unreliable and expensive to collect, making IEM almost infeasible for 

large scale application. These represent barriers for the large scale and wide use of 

microwave techniques for soil moisture sensing. The research presented in this 

dissertation is aimed at the development of an operational soil moisture assessment 



 

 

22

system applicable for sparsely vegetated rangelands and based solely on satellite data and 

a radar model, eliminating the field data requirements altogether. 

1.2  Problem Description 

The development of physically based scattering models that predict radar 

backscatter (σ0) as a function of sensor configuration (frequency, polarization and 

incidence angle of the transmitted microwave energy) and surface conditions like soil 

moisture (θS) and surface roughness, make it possible to extract important  information 

from radar data . The Integral Equation Model (IEM) is one of the most widely used 

radar backscatter models for retrieving θS. This model was developed for bare soil, but 

can also be used in areas of sparse vegetation cover, common in arid and semi-arid 

climates. IEM is a mathematical representation of the scattering behaviour when radar 

transmitted microwave energy hits ground targets and is scattered back to an antenna.  

The backscatter (σ0) as quantified by the model is a function of radar specific parameters, 

such as frequency of transmitted microwave energy, polarization and incidence angle.  

The backscatter is also a function of target-specific factors such as the roughness of the 

ground surface and the moisture content of the material. 

Three parameters are used by the IEM model to characterize surface roughness.  

The first is the root mean squared height (hRMS), which is similar to the standard deviation 

of the corresponding mean height of the soil surface at centimeter scale.  The second is 

the correlation length (Lc), which is the length in centimeters from a point on the ground 

to a short distance for which the heights of a rough surface are correlated with each other.  

The third is the autocorrelation function of surface height correlation. Usually an a priori 
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assumption is made about the autocorrelation function and it is not considered an 

unknown. Radar backscatter as formulated in the IEM is a function of three unknown 

parameters, where the IEM can be expressed generally as 

( )ScRMSwet ,θ,Lhσ f0 =  .  (1) 

Radar image driven backscatter under wet ground conditions ( 0
wetσ ) can be made 

available as input to solve this equation and potentially extract soil moisture (θS) and 

roughness information (hRMS, Lc). The solution for three variables such as hRMS, Lc, and θS, 

is necessary. However, solving an IEM model with three unknowns is a classic example 

of under-determination and is at the core of the problems associated with the use of radar 

images coupled with IEM-like models for retrieving ground information. There are two 

ways to address this problem. First, values of two parameters can be obtained by 

conducting field measurements and then used to solve for the third. This can be referred 

to as a field-data-based approach of solving an under-determined problem (Thoma et al., 

2005). The second method can be referred to as an equation-based approach, where three 

equations can be used for solving three parameters. The IEM itself provides one equation; 

two more equations therefore need to be derived to solve these three parameters. 

Traditionally, the field-data-based approach has been adopted to address the under-

determined problem, but it faces many difficulties.  

For surface soil moisture retrieval from radar images, IEM requires an estimate of 

surface roughness for which field data are needed that are often unreliable.  

Characterization of surface roughness is generally accomplished by measuring the height 

variations of the ground surface across a transect (Bryant et al. 2005).  The parameters, 
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hRMS and Lc, are commonly extracted from this direct measurement of roughness. The 

hRMS can be measured with a pin profilometer, also known as a pinmeter. The pinmeter 

uses evenly spaced pins held parallel to each other to determine a surface height profile 

for the length of the pinmeter (generally about one meter).  More recently, laser scanners 

have been investigated to determine very precise relative x, y and z coordinates of the 

scanned surface. This system is often deployed as a laser profilometer, which measures 

surface roughness using the same laser-based principal but only in one dimension along a 

transect.  There are a number of studies that have addressed the accuracy and deployment 

of these instruments and the post-processing necessary to obtain repeatable measurements 

with known bias over natural surfaces (Baghdadi et al. 2000; Davidson et al. 1998a, 

2000; Oh and Kay, 1998; and Le Toan et al. 1999; Mattia et al. 2003; Bryant et al. 2005).   

Recent studies have indicated that the magnitude of hRMS and Lc are scale related 

(Le Toan et al. 1999) and highly dependent on the length of the transect (Bryant et al. 

2005), when measured with a pinmeter or laser scanner.  This is true especially for the 

estimate of Lc (Davidson et al., 2000; Bryant et al. 2005).  There is far less understanding 

of the definition and measurement of Lc. The suggestions for optimum transect length 

vary from a couple of meters (Baghdadi et al. 2000) to hundreds of meters (Verhoest 

2000). To describe fully the structure of surface height correlation, Lc is coupled with an 

autocorrelation function. The estimation of Lc from field data change with the type of 

auto correlation function assumed (Baghdadi et al. 2004, Davidson et al., 2000). This 

implies that consistent roughness parameters cannot be estimated using field data for use 

as an input to the IEM.  Moreover, conducting field measurement of roughness may 



 

 

25

become impractical and expensive when large areas need to be covered. For all these 

reasons, measurement of surface roughness remains a barrier for regional application and 

wide use of microwave technology for surface soil moisture sensing using an IEM-like 

model. 

1.3 Specific Research Objectives 

The core character of radar remote sensing of soil moisture as described above is 

the under-determination of the IEM model, i.e., there are three unknown parameters that 

needed to be solved, and only one equation available as indicated in Eq. (1). 

Traditionally, a field-data-based approach is adopted to address the problem, i.e. ground 

information for some parameters are collected to solve for the others. The limitations of a 

field-data-based approach, as discussed above suggests diverting research attention 

towards an equation-based approach i.e. deriving three equations for solving three 

unknown parameters. A consistent operational soil moisture assessment system based on 

a radar backscatter model is therefore worthy of investigation. This dissertation addresses 

this central theme.  

The main objectives addressed by this research are: 

1) Development of a conceptual model for the equation-based solution of the 

problem of retrieving soil moisture from radar images without the use of ancillary field 

data.  

2) Derivation of the specifics forms of the model and estimation of the parameters 

values using IEM simulated data.  
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3) Demonstration of a solution process where radar images with various 

configurations are fed into the model to get soil moisture and roughness maps as outputs.  

4) Validation of the model developed and implemented in this research by 

comparing model outputs with extensive field data. 

1.4 The Solution Model 

In this approach, three equations are necessary to solve for three unknown 

parameters; two roughness parameters (hRMS, Lc) and one soil moisture parameter (θS).  

Simultaneously solution of all parameters would be possible by the use of three equations 

(Figure 1). The IEM itself, as expressed in general terms in equation 1, provides the first 

equation (Figure 2). 

Zribi et al. (2002) indicated an interesting property of IEM that may be used as 

the second equation.  They found that the difference in backscatter (∆σ0) generated by the 

IEM model at two different incidence angles, keeping all other parameters constant, is 

proportional to roughness only.  It was found that ∆σ0 is proportional to the ratio of hRMS 

and Lc, which was referred to as the z-index and defined as cRMS /Lh2 .  The Z-index (Zribi 

et al. 2002) is computed as  

( )02 ∆σgLh cRMS = . (2) 

This formulation provides the second equation (Figure 3); the right hand side of 

the equation can be computed by differencing backscatter (∆σ0) from two images with 

two different incidence angles, when the moisture level and roughness condition remain 

unchanged. The specific form of the ‘g’ function is determined by the use of IEM 

simulated data, where a rectangle was formed, for which the x axis was hRMS (varying 
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from 0.5 cm to 6.0 cm) and the y axis was Lc (varying from 0.5 cm to 15.0 cm).  Both 

these axis were divided into a finite number of segments to form a grid.  Intersecting 

points in the grid represented combinations of hRMS and Lc values, for which two sets of 

radar backscatter were generated using IEM, each with a separate incidence angle. A 

constant value of moisture content (θS = 0.05) and a fixed radar frequency of 5.3 GHz 

were chosen to simulate a condition for which all parameters except the radar incidence 

angle remain constant. The two sets of backscatter are then differenced (∆σ0) and 

regressed with cRMS /Lh2 , which is also computed from the simulated hRMS and Lc. 

This dissertation derives the following third equation (Figure 4), which 

establishes a relationship between hRMS and Lc with a simple function. The equation is 

expressed in general terms as  

( )cRMSdry ,Lhλσ =0 . (3) 

This equation is mainly a modified form of Eq. 1 under dry soil condition. That is, the 

effect of θS on the σ0 of a radar signal measured in the dry season ( 0
dryσ ) is considered 

low and neglected altogether.  Using a radar image obtained under relatively dry surface 

conditions (θS on the order of 0.05), this research proves that a relation between hRMS and 

Lc as expressed in general terms in Eq. (3) can be established without significant error 

(Rahman et al., 2005). The specific form of ‘λ’ function is determined by the use of IEM 

simulated data, where hRMS vary from 0.5 cm to 6.0 cm and Lc vary from 0.5 cm to 15.0 

cm. A very small and constant value of moisture content (θS = 0.05) was used to represent 

a ground condition, which is dry and the moisture level is uniform. The radar 
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configurations, the incidence angle and radar frequency, are kept constant. The IEM 

generated radar backscatter under dry ground condition ( 0
dryσ ) is regressed with the 

simulated hRMS and Lc to determine ‘λ’. 

 Once all three equations are obtained with there specific form, they can be used 

for the explicit solution of three unknown parameters in two steps (Figure 1). In the first 

step, substituting terms between Eqs. (2) and (3) provide simultaneous solution of two 

roughness parameters, hRMS and Lc, where   

 ( )00
dryc ,σ∆σL ω= , and 

( )00
dryRMS ,σ∆σh ψ= . 

Here, ω and ψ are two functions determined by the substitution. Note that the solution of 

hRMS and Lc as expressed in Eq. (4) can be achieved based entirely on radar image derived 

∆σ0 and 0
dryσ . This eliminates the field data requirement altogether for measuring these 

two roughness parameters. As evident in this formulation, a maximum of three radar 

images are needed for roughness mapping.  These include two images with different 

incidence angles to determine ∆σ0 and one image acquired when ground conditions are 

dry to extract 0
dryσ .  The image requirements can be reduced to two if the images at two 

incidence angles are available under dry surface conditions.  In this case, one of them can 

be used for extracting 0
dryσ  and both can be used to extract ∆σ0. 

In the second step, the values of hRMS and Lc as estimated by Eq. (4) can be 

substituted in Eq. (1) and expressed as  

(4) 
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( )sdrywet ,σ∆σf θσ ,000 = . (5) 

Equation 5 then can be inverted for solving surface soil moisture, where 

( )0001 , wetdrys ,σ∆σf σθ −= . (6) 

In the presence of integrals and Fourier transform in the ‘f’ function of IEM, it is difficult, 

though not impossible, to get an inverse. This difficulty was overcome by an 

approximation of equation (6) with a polynomial of required order. IEM simulated data is 

used for this purpose. The specific form of Eq. (2) through Eq. (4) and Eq. (6) are 

presented in the Appendix C. 

Since the solution of all parameters, such as hRMS, Lc and θS, can be obtained 

through simultaneous use of images as described above, pixel by pixel computation can 

be implemented to derive the outputs in the form of maps.  

1.5 Model Validation 

This dissertation explores research related to the development of the equation-

based solution of the problem of retrieving soil moisture from radar images. To complete 

the entire study, ten radar images with a variety of sensor configurations from Radarsat, 

Envisat and the ERS satellite were used (Table 1). Each satellite overpass was followed 

with extensive field validation work. The objective of the field work was to insure the 

validation of the model developed in this study for mapping soil moisture and surface 

roughness through agreement with the field data. Field measurement of soil moisture was 

made by Theta Probes at 43 sites for each overpass of the Radarsat satellite during July, 

August and September 2003 (Rahman et al., 2005; Thoma et al., 2005). For the Envisat 

overpasses 13 sites were covered (Appendix C). Field measurements of surface 
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roughness were made once in 1997 for 43 sites by pinmeter (Sano et al., 1998) and once 

in 2005 for 13 sites by pinmeter and laser profilometer (Bryant et al. 2005). The study 

site for this research is the 150 km2 Walnut Gulch Experimental Watershed (WGEW) 

operated by the United States Department of Agriculture, Agriculture Research Service 

(USDA-ARS).  The watershed is located in the Sonoran desert, State of Arizona, near the 

US-Mexico border.  The watershed has a semi-arid climate in which the average annual 

rainfall is 330 mm.  It is characterized by rolling hills ranging in elevation from 1220 to 

1960 m and the major soil type is sandy loam with rock fragment fractions on the order 

of 37% by volume within the top few centimeters of the soil surface (USDA-NRCS 

2002).  The watershed has sparse vegetation, consisting mainly of desert grass and shrub.  

There are many ephemeral streams and channels running across the watershed with no 

perennial water supply or source.  The watershed is instrumented with precipitation 

gauges, meteorological stations, soil moisture sensors and flumes for hydrologic 

experimentation (Renard et al., 1996). Much more is needed to be done in validating the 

effectiveness of the model in other areas and under a broader range of conditions.  

The research presented in the dissertation has been interdisciplinary in nature and 

has brought me into direct contact as a colleague with scientists from the Office of Arid 

Land Studies at the University of Arizona and scientists with the USDA-ARS Southwest 

Watershed Research Center. Much of the research was part of a USDA project to develop 

radar based soil moisture estimation methods and which was funded by the US Army 

Engineer Research and Development Center, Topographic Engineering Center, 

Washington DC. The research also provided me with experience in the processing and 
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analysis of Envisat ASAR data provided by the USDA-ARS Hydrology and Remote 

Sensing Laboratory. The logistic support for the field-work was provided by the USDA-

ARS Walnut Gulch Experimental Watershed, Tombstone, Tucson. 

1.6 Limitations 

The method developed in this study may have certain limitations depending on 

how the solution model is developed and the condition under which it is applied and 

validated. The method relied heavily on the IEM, which is applicable for bare soil but 

works fairly well in sparse vegetation. The application and validation of the model is 

undertaken in the sparsely vegetated rangeland under low moisture condition. The 

performance of the model in an agricultural field, especially at the mature stage of 

agricultural production , when the vegetation becomes dense, is uncertain. However, the 

framework and understanding developed in this study can be moved forward to address 

the vegetation factor, if needed. The model also needs to validate under a broader range 

of conditions in terms of the moisture content, soil type and nature of topography. 

Depending on certain specific criteria of radar images three equations are 

developed in this study to solve for soil moisture and surface roughness. These specific 

requirements may limit the applicability of the equation-based solution. Either two 

images with different incidence angles under dry surface condition, or one image in dry 

ground condition and two images with different incidence angles under wet surface 

condition are needed. The surface roughness during any combinations of image 

acquisition has to remain unchanged. These conditions can often be met for the 

application in rangeland,  the surface roughness of rangeland often remain unchanged 
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over a time period required for the acquisition of all necessary images. However, in 

agricultural applications the requirement of unchanged surface roughness may undercut 

the usefulness of these techniques, because agricultural land preparation may change 

surface roughness in between dry and wet condition.  The development of methods that 

eliminate the need of a dry image for agricultural application should be a topic for future 

research. 

The two-view angle images can be acquired from existing radar sensors within a 

time span of the repeat cycle of the satellite.  However, the moisture or roughness 

condition may undergo change within that time making the method developed here less 

applicable.  The capability of a radar sensor to take images with multiple view angles 

instantaneously is something that can be taken into consideration in the future design of 

radar sensors. 

1.7 Dissertation Format 

This dissertation is presented in the form of a series of three manuscripts prepared 

for peer-review publication. In the first manuscript (Comparison of Two Methods for 

Extracting Surface Soil Moisture from C-band Radar Imagery) ancillary field-data 

supported traditional techniques and are used for estimating soil moisture from radar 

imagery. The problems associated with this technique are identified and thoroughly 

described. This manuscript was submitted to Water Resources Research in December 

2004 and is currently being revised. The second manuscript (A Derivation of Roughness 

Correlation Length for Parameterizing Radar Backscatter Models) developed the concept 

of an equation-based solution of unknown ground information and derives the necessary 
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equations including validation with field data. This one was submitted to the 

International Journal of Remote Sensing in January 2005. Favorable evaluation has been 

received from the journal editor with suggestions of some minor revision. The third paper 

(Mapping Surface Soil Moisture and Roughness Using Radar Images without Ancillary 

Data) for which the manuscript preparation is underway for submission to IEEE 

Geoscience and Remote Sensing in August 2005 and the findings have been presented in 

a workshop, applied the equation-based solution of soil moisture and roughness in the 

form of maps, which were validated with the field measurements. These research results 

demonstrate a new direction for the successful application of radar data for soil moisture 

estimation and eliminate the major difficulties that hinder its wide operational use. 

In the first manuscript I played a crucial supporting role. In this study, the 

effectiveness of four techniques for estimation of soil moisture from radar images were 

examined. One of the techniques involves parameterization of the physically based model 

(IEM) to make it work and I provided the numerical solution to this problem.  The quest 

for the solution ultimately led me toward preparation of the second and third manuscripts. 

Moreover, the simulation techniques that I developed were used in this paper and the 

conceptual clarity that I brought to the research helped successful completion of the 

manuscript. I took part in field campaign, image processing and other day to day matters. 

In the second manuscript I was primarily responsible for framing the problem, carrying 

out all analyses and writing the text with oversight by the second author. Other co-

authors provided inputs to improve the manuscript and provided extensive help in 

conducting the field campaigns and field data processing. In the third manuscript, I had 
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primary responsibility for carrying out all analyses and writing the text (with advice from 

the second author). The write up is complete, some refinements are ongoing. 
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CHAPTER 2 

PRESENT STUDY 

Summary 

The methods, results, and conclusions of this study are presented in great detail in 

the manuscripts appended to this dissertation. The following is a summary of the most 

important findings and their significance. 

Information about the distribution of surface soil moisture can greatly benefit the 

management of agriculture and natural resource. However, direct measurement of soil 

moisture over larger areas can be impractical and expensive, which has led scientists to 

develop satellite based remote sensing techniques for soil moisture assessments. Many 

government agencies and international development agencies have been using satellite 

imagery derived soil moisture products within decision support systems for estimating 

world agricultural supply and demand.  In addition to these ongoing large scale 

applications of satellite based soil moisture data there is significant application potential 

at higher resolutions such as irrigation scheduling in agricultural fields, watershed 

management and rangeland health and drought monitoring. 

Many of the decision support systems that integrate remote sensing data use 

optical satellite and ground based climate record for deriving soil moisture. Relatively 

recent developments in microwave satellite sensors, which are devoted to the soil 

moisture extraction, provide even greater promise. Microwave energy can penetrate 

several centimeters into the ground resulting in better estimates of soil moisture. It can 

also penetrate cloud and the microwave sensor is capable of working providing data 
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during all weather conditions and both during the day and night. A relatively fine spatial 

resolution (tens of meters) as well as coarse spatial resolution (as course as one 

kilometre) and fine temporal resolution (as fine as 5-day) is attainable by these active 

microwave sensors, with a prompt product delivery (as quick as 4-day). These flexible 

features are suitable for operational soil moisture assessments for wide ranging 

applications.  

Radar satellites transmit microwave energy from its own source towards ground 

targets and receive back a portion of scattered energy by an antenna on the same 

platform. The moisture content of the target material greatly influences the scattering. 

Another factor that affects scattering is the surface roughness, which is often 

characterized by two parameters, root mean squired height and the length of 

autocorrelation of surface height variation. Integral Equation Model (IEM) is the most 

widely used physically based radar backscatter model that quantifies the magnitude of 

backscattering as a function of moisture content and two surface roughness parameters, 

which are unknowns, and the known radar configurations. However, solving an IEM 

model with three unknowns is a classic example of under-determination and is at the core 

of the problems associated with the use of radar images coupled with IEM-like models 

for retrieving ground information. Ancillary field data derived estimates of roughness 

parameters are traditionally used to solve this problem and retrieve soil moisture from 

radar data. However, field data that is meant to characterize surface roughness is often 

unreliable, is expensive to collect and is nearly impossible to acquire for large scale 
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applications. These issues represent barriers to the adoption and of radar data for mapping 

soil moisture over large areas. 

The research presented in the dissertation is aimed at the development of an 

operational soil moisture assessment system based solely on satellite data and a radar 

model, eliminating the field data requirements altogether. The research is directed 

towards a so-called equation-based solution of the problem as an alternative to the 

approach that requires the use of extensive field-data sets on surface roughness. This 

approach is based on the concept that if the number of equations is equal to the number of 

unknowns, then explicit solutions of all unknowns is possible. My research derived the 

necessary equations to solve for soil moisture and surface roughness. The derivation of 

the equations and how to use them to estimate soil moisture without using ancillary field 

data was demonstrated by this research. Validation results showed that the derived 

equation-based roughness parameter parameterize IEM better compared to field 

measured roughness parameter. And the equation-based solution method that was 

developed is capable of providing more precise estimates of surface soil moisture than 

that of ancillary field-data supported method. 

First, roughness parameters (hRMS, Lc) and soil moisture (θS) measured from field 

data are used as an input to the IEM. The resulting model backscatter output is compared 

with the radar image backscatter extracted from the corresponding experiment sites.  A 

poor match between the model and actual backscatter was observed in both site and 

watershed scale (Figure 5, Table 2). This suggests that the field data is not working 

adequately to parameterize IEM. Vast amount of literature has been suggesting that the 
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surface roughness part of the IEM inputs, more specifically the Lc parameter is the 

problem spot. Lc is commonly determined based on the profile measurements of height, 

made with a pinmeter or laser scanner.  However, there is evidence that the magnitude of 

Lc is scale related (Le Toan et al. 1999) and highly dependent on the length of the 

transect (Bryant et al. 2005).  The suggestions for optimum transect length vary wildly 

from a couple of meters (Baghdadi et al. 2000) to hundreds of meters (Verhoest 2000).  

This implies that consistent roughness parameters cannot be estimated for 

parameterization of the IEM model. This is true especially for the estimate of Lc, whereas 

hRMS measurements are better understood and less sensitive to transect length (Davidson 

et al., 2000; Bryant et al. 2005).  

In addition to the field measured roughness, the abundance of rock fragments, 

present in the study site, might influence IEM results. Soils are composed primarily of 

alluvium and contain 0 to 60 percent rock fragments by volume in the top 5 cm of soil 

profiles.  The diameter of most rock fragments fall between 2 to 75 mm.  Rock fragment 

volume averaged 47 percent at the sites selected for study in this experiment (USDA-

NRCS, 2002). The radar signal penetrates a few centimeters below the ground and is 

likely to be affected by the subsurface nature of roughness caused by rock fragments 

below soil surface (Jackson et al. 1992). Most probably, the radar-perceived roughness is 

combination of surface and subsurface roughness. On the other hand, the pinmeter 

measures roughness at the top of the soil surface and misses the portion of roughness 

caused by the subsurface rock fragments.  Similar problems may arise with the Theta 

Prob-measured soil moisture, which is used as input to the IEM. The problem caused by 
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the presence of rock fragments is the differential content of moisture in soil and in rock 

fragments of the targeted material.  Rock fragments have little moisture even when the 

surrounding soil is saturated.  Radar backscatter may be sensitive to moisture content of 

rock-soil composite as opposite to moisture content of soil portion only, which is 

measured by the Theta Probe signal. 

To address the problem associated to the field data derived Lc, an equation based 

solution is sought, where the derived equation relate hRMS and Lc. I propose that a radar 

image of the surface during dry conditions could be used. Since the value of θS is close to 

zero for dry soil it can be excluded from IEM without significant error, and the IEM 

reduced to an equation relating hRMS, Lc and dry season backscatter ( 0
dryσ ) (Figure 4). 

From this equation, estimates of Lc are derived as function of field measurements of hRMS 

and radar image derived 0
dryσ . These roughness parameters and the field measured soil 

moisture are used as inputs to the IEM. The resulting model-generated backscatter is 

compared with the radar image backscatter. Results showed that IEM performed well in 

reproducing radar backscatter in both site and watershed scale (Figure 6, Table 2). This is 

a considerable improvement over the use of field measurements of Lc.  It also has 

advantages over empirical approaches (Baghdadi 2004) that suggest a fixed relation 

between hRMS and Lc, and require field measurements for iterative calibration of its 

parameters. Therefore, the equation derived in this study was superior to other 

approaches when assessed using field validation. Moreover, it is founded on a solid 

theoretical foundation since the equation is a derivative of IEM. In addition to analyzing 

the effectiveness of field data-derived Lc, this equation serve as a component of an 
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equation-based approach to the solution of all ground information. However, the 

accuracy of the results is likely continued to be limited by the field data derived hRMS 

because of its alleged association with the rock fragments and to some extent transect 

length, and by the rock fragment-affected field-measured θS. This part of the inaccuracy 

may not be overcome unless the use of field data is eliminated altogether to rely solely on 

satellite data and a radar model, which is achieved in this study by the use a equation-

based solution of the problem. 

The equation-based method-driven maps of soil moisture and roughness are 

presented in Figures 7 - 9. Validation work showed that the field data derived surface 

roughness parameters are low both for hRMS and Lc compared to the same derived from 

radar images (Table 3). The image-derived hRMS and Lc averaged over all experiment 

locations are 2.19 cm and 13.25 cm as oppose to .79 cm and 8.20 cm respectively for 

field measurements. This confirms that the subsurface roughness caused by the rock 

fragments play an important role. When radar signal penetrates few centimeters below 

ground surface it probably suffers multiple bounce by the subsurface rock fragments, 

which result in volume scattering. This is an addition to the scattering due to surface 

roughness. As a result radar-perceived roughness is much bigger than that of field 

measurements. The roughness measuring field device, the pinmeter, is not designed to 

account for subsurface nature of roughness. Therefore, roughness measurements by 

Pinmeter may not be adequate to characterize surface roughness for inputting to an IEM, 

especially for study sites with large amounts of rock fragments. 
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The field validation of the soil moisture maps indicates that there is good 

association between image-derived soil moisture and field measured soil moisture once 

the adjustments in the field soil moisture are made for rock fragments (Figure 10, Table 

4). The image-derived moisture contents averaged over all experiment locations are .067 

and .077 for July and August as oppose to .066 and .125 respectively for field measured 

moisture content. The adjustment involves reducing the field measured moisture content 

by the average proportion of rock fragment in the study site, which is 37%, to represent 

moisture content of rock-soil composite. This computation is based on the assumption 

that the rock contains negligible amounts of moisture and the Theta Probe measured 

moisture constitutes the soil portion of the rock-soil composite. It was further assumed 

that all experiment locations have the same rock fragment content, the magnitude of 

which is equal to the watershed average. This later assumption may have some 

implication to the accuracy of the result, given the unavailability of rock fragment data 

for all study locations. 

Another source of error in the field validation may be related to the method of 

spackle reduction. A median filter consisting of a 9-pixel moving window was applied for 

optimal speckle reduction. Speckle is random error added to the pixel values of an image, 

which is inherent to the radar remote sensing. The terrain of the watershed under study, 

which is rolling mountain, may be another source of error. However, the sites chosen for 

the study are flat and this should not be a source of error, even when no correction for 

terrain is applied. How the equations are derived for the equation-based solution may 

have some implication on the results. Each of the equation derived in this study chose a 
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fixed incidence angel. This may become problematic when the equations are applied in 

pixel-by-pixel computation for entire image for which the incidence angles varies block 

wise. However, since the experiment locations are closely spaced this should only be a 

source of minor error. 

Figure 11 compares performance of IEM, when the image derived roughness and 

soil moisture content was used as inputs to the model, as opposed to the field 

measurements. Radar image backscatter from all experiment locations was compared 

with the IEM generated backscatter. The image derived roughness and moisture content 

perform far better in parameterizing IEM. This finding may be evidence that it is 

probably the input parameters that result in poor performance of the IEM model rather 

than the model itself. This may be considered as an indirect and aggregated accuracy of 

the image derived ground parameters estimated in this study. 

Conclusions 

Satellite radar derived surface soil moisture will be of enormous value to existing 

natural resource decision support systems to support and improve their capability in 

famine early warning, agricultural and natural resources management, watershed 

management and a variety of other  applications. However, surface roughness and soil 

moisture of a ground target jointly determine the level of electromagnetic energy 

scattered back to the radar sensor. To estimate soil moisture from radar images the effects 

of roughness needed to be isolated. This has been an active area of research though 

significant obstacles to its operational adoption remain. In this study an equation-based 

method was developed and applied to estimate soil moisture as well as surface roughness 
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without the need for coincident field data to establish empirical relationships with one of 

these two parameters. Developing a method to extract soil moisture without the need for 

ancillary field data will be of significant benefit to the operational implementation of 

radar remote sensing of soils moisture.  Once this new protocol was developed, extensive 

field data was used to validate the model outputs, which showed positive results. 

Application of this new technique holds great promise for the development of large scale 

and operational radar derived soil moisture mapping.  

The conditions, under which the model was developed, applied and validated 

were best suited to its application in rangelands, where the vegetation is sparse, 

precipitation is low and the surface roughness does not change between dry and wet 

periods. To broaden the applicability of the model to agricultural land, especially in the 

mature stage of crop growth when the vegetation becomes dense, additional validation 

work must be conducted. In particular, future research must investigate the application of 

the model under a broader range of vegetation and moisture conditions. If the model is 

not applicable in areas of dense vegetation (agricultural land), additional research should 

be conducted to incorporate a variable reflecting vegetation cover or density into the 

model. 

The model developed through this research required the use of dry season radar 

images for estimation of surface roughness. Agricultural land preparation may change 

surface roughness between dry and wet periods. As a result surface roughness estimated 

from dry images may not be applicable to a wet image for soil moisture estimation. 
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Future research is therefore needed to either establish the error introduced or eliminate 

the requirements of dry season images for roughness estimation. 

The method developed in this study also depends on the use of radar images from 

two different view angles, which can be acquired from existing radar sensors given a time 

span of the repeat cycle of the satellite.  However, the moisture or roughness conditions 

may undergo change within this time-frame making the method developed here less 

applicable. The capability of a radar sensor to acquire data at multiple view angles at the 

same time should be considered in the design of future radar systems. In addition, future 

research into the feasibility of replacing the need for images at two-view angles with 

images at two different polarizations could be enormously beneficial. Existing radar 

sensors already have the capability of simultaneously acquiring images at multiple 

polarizations. This would eliminate errors introduced due to registration inaccuracy when 

merging the images at two-view angles.  Research in any one of these directions is highly 

recommended. 
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Table 1: Sensor configuration of radar imagery used in this study. 
Envisat ASAR 

Dates acquired June 9, 2004 June15, 2004 July 14, 2004 August 2, 2004
Pixel resolution 12.5 m 12.5 m 12.5 m 12.5 m 
Used polarization VV VV VV VV 
Image swath IS6 IS2 IS2 IS2 
Incidence angle 20o 41o 41o 41o 
Frequency C-band (5.3 GHz) C-band  C-band C-band  
Wavelength 5.6 cm 5.6 cm 5.6 cm 5.6 cm 
Time of overpass 10:16 pm 10:27 pm 10:16 am 10:19 am 
 
Contd.. 

Radarsat-1 SAR 
Dates acquired January 19, 2003 July 30, 2003 August 23, 2003 September 16, 2003
Pixel resolution 8 m 8 m 8 m 8 m 
Polarization HH HH HH HH 
Incidence angle 46o 46o 46o 46o 
Frequency C-band  C-band  C-band  C-band  
Wavelength 5.6 cm 5.6 cm 5.6 cm 5.6 cm 
Time of overpass 6:30 pm 6:30 pm 6:30 pm 6:30 pm 
 

 
ERS-2 
All dates 

Number of images 8 
Field sites 10 
pixel resolution 12.5 
polarization VV 
incidence angle 23o 

frequency 
C-band 

(5.3 GHz)
wavelength 5.6 cm 

 
 

 

 

 

 



 

 

49

Table 2: Watershed scale comparison of model-generated backscatter with the Radarsat 

backscatter. 

Methods Mean Std. 
Dev.

Bias of model
prediction

Std. Dev. 
of bias

RMSE

Radarsat Backscatter over WGEW -12.56 1.63 -- -- --
IEM Backscatter: Lc by  equation -13.27  2.16 0.71 2.14 2.25
IEM Backscatter: Lc by field 
measurement 

-14.40 3.19 1.84 3.15 3.63

 
 
 
Table 3: Comparison of image derived surface roughness with field data. 

 
Validation  Mean Std. Dev. 

Lc derived from field measurements by pinmeter, cm 8.20 2.42 

Lc derived from image data, cm  13.25 3.60 

hRMS derived from field measurements by pinmeter 0.79 0.28 

hRMS derived from image data, cm  2.19 0.49 

 
 
Table 4: Field validation of image derived moisture content  

 
Validation  Mean Std. Dev.

θS  by field measured in July 14, 2004 0.066 0.024
θS derived by image data in July 14, 2004 0.067 0.024
θS  by field measured in August 2, 2004 0.125 0.025
θS derived by image data in August 2, 2004 0.077 0.027
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Roughness      Soil Moisture 

 

Note: If image 1 and 2 are acquired in dry condition, one of them can serve as image 3 
Figure 1: Schematic diagram of the steps followed for the image-based mapping of 

surface soil moisture and roughness 

Input radar image 1: 
Incidence angle θ1 

Input radar image 2: 
Incidence angle θ2 

Input radar image 3: 
Any configurations 

Input radar image 4: 
Any configurations

Soil moisture (θS) and surface roughness 
(hRMS, Lc) remains unchanged between 

image 1 & 2 

Very low soil 
moisture (θS=.03 say) 

under dry ground 

Any soil moisture 
(θS) and same 

surface roughness 

Backscatter difference between image 1 & 
2: ∆σ0 

( )02 ∆σgLh cRMS = ( )cRMSdry ,Lhλσ =0 ( )ScRMSwet ,θ,Lhσ f0 =

Determine g, λ and f-1 by IEM simulated data 

( )00
dryc ,σ∆σL ω=

( )00
dryRMS ,σ∆σh ψ=

( )0001 ,f wetdrys ,σ∆σ σθ −=

( )0-1f wetcRMSS ,σ,Lhθ =

Substitute terms, solve numerically for hRMS and Lc 

Image backscatter: 
0
wetσ   

Image backscatter: 
0
dryσ   

Output Map: 
Roughness 

Output Map: 
Soil Moisture 
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Figure 2: Plot of Eq. 1, which express IEM backscatter ( 0σ ) as function of soil moisture 

(θS) and roughness ( cRMS Lh /5.2 , which is a ratio of RMS height, hRMS, and 
correlation length, Lc) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3 Plot of Eq. 2, which relate z-index ( cRMS Lh 5.2 ) with radar backscatter difference 

(∆σ0) between two images with different incidence angle and same target under 
unchanged ground conditions  
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Figure 4 IEM embedded relationship among RMS height (hRMS), correlation length (Lc) 
and Radar backscatter (σ0) for a fixed moisture content, θS = 0.05. The graphs 
are plots of Eq.3 that approximates IEM with negligible moisture condition. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5 Radarsat backscatter of study site vs. IEM generated backscatter, when field 
measurements of moisture content (θS), RMS height (hRMS) and Correlation 
length (Lc ) are used. 
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Figure 6  Radarsat backscatter of study site vs. IEM generated backscatter, when equation 
derived correlation length (Lc) and field measured moisture content (θS), RMS 
height (hRMS) are used. 

 

 
Figure 7 Roughness map (hRMS ) derived from radar images by the use of  IEM, as 

formulated in Eq. (4); the boundary of  Walnut Gulch Experimental Watershed is 
shown 
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Figure 8 Roughness map (Lc) derived from radar images by the use of IEM, as 

formulated in Eq. (4); the boundary of  Walnut Gulch Experimental Watershed is 
shown 

 

 
Figure 9 Soil moisture map for July 14, 2004 derived from radar images by the use of 

IEM, as formulated in Eq. (6); the boundary of Walnut Gulch Experimental 
Watershed is shown 
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Figure 10 Validation soil moisture maps, field measurements from 13 experimental sites 

are plotted in the x-axis, image driven moisture estimates are extracted from same 
sites and are plotted in the y-axis. Cross signs are points associated with July 14, 
2004 overpass of Envisat and the circles are with August 2, 2004 

 

Figure 11 Performance of radar backscatter model when image derived parameters are 
used as inputs; IEM generated backscatter by the use of image derived 
roughness and moisture content from 13 experimental sites are plotted in the x-
axis, Envisat ASAR backscatter extracted from the same sites are plotted in the 
y-axis. Cross signs are points associated with July 14, 2004 overpass and the 
circles are with August 2, 2004  
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ABSTRACT 

Four approaches for deriving estimates of near-surface soil moisture from radar imagery 

in a semi-arid rangeland were evaluated against in situ measurements of soil moisture.  

The approaches were based on empirical, physical, semi-empirical and image-difference 

techniques.  The empirical approach was simple linear regression of radar backscatter on 

soil moisture, while the Integral Equation Method (IEM) model was used in both the 

physical and semi-empirical approaches.  The image difference or delta index approach is 

a new technique presented here for the first time.  In all cases spatial averaging to the 

watershed scale improved agreement with observed soil moisture.  In the empirical 

approach, variation in radar backscatter explained 85% of the variation in observed soil 

moisture at the watershed scale.  For the physical and best semi-empirical adjustment to 

the physical model the RMSE between modeled and observed soil moisture was 0.13 and 

0.04, respectively.  Our delta index model explained 91% of the variability in soil 

moisture with RMSE = 0.04.  Results show that the delta index is as good as or better 

than other models, is scaled to the range in observed soil moisture and is a purely image-

based model in any sparsely vegetated environment that has time invariant roughness.  

These are land surface variables required by most physical models that are often difficult 

to obtain over large geographic areas. Because it is image-based, the delta index 

implicitly accounts for surface roughness, topography, and vegetation.   

Key words: soil moisture, radar, roughness, integral equation method model, delta index  
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INTRODUCTION 

Near-surface soil moisture conditions are primary determinants of cross-country 

mobility, irrigation scheduling, pest management, biomass production, and watershed 

modeling. Radar remote sensing presents advantages for monitoring near-surface soil 

moisture (0-5 cm), including synoptic, timely coverage with repeat passes, day or night 

operational capability, and deeper sensing depths than optical sensors.  For these reasons, 

there is much interest in developing radar-based remote sensing techniques for 

monitoring surface soil moisture.  

Currently orbiting radar satellites may offer the best opportunity for near-surface 

soil moisture assessment at high resolution due to the strong response of radar backscatter 

to changes in soil moisture resulting from the difference in dielectric constant, έ, for dry 

soil (έ = 2) and water (έ = 80) (Henderson and Lewis ed. 1998).  Microwave energy 

penetration of soil is on the order of several centimeters (van Oevelen and Hoekman 

1999), but surface roughness and vegetation affect backscatter as much or more than soil 

moisture (Zribi and Dechambre 2002, van Oevelen and Hoekman, 1999).  Different 

methods of accounting for vegetation and roughness have resulted in numerous models to 

determine soil moisture from radar imagery. 

Research has shown it is possible to determine soil moisture from C-band radar 

imagery using empirical, physical, and semi-empirical models.  Image differencing is a 

fourth model used in this research. A brief discussion of advantages and disadvantages of 

each type is presented beginning with empirical models.  
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Many empirical or regression-based models exist for determining soil moisture 

directly from radar backscatter.  Although regression models using only single 

polarization and single incidence angle radar are generally positive, they range from 

weak (r2 = 0.09) for shrub dominated sites (Sano et al., 1998) in Arizona, and  winter 

wheat in Oklahoma (r2=0.15) (Oldak et al., 2003) to moderate (r2=0.58) for a dry lake bed 

in Nevada and an agricultural field in England (r2= 0.44) (Kelly et al., 2003), to strong 

(r2=0.92) for herbaceous vegetation and shrubs in Israel (Shoshany et al., 2000).  Leconte 

used the Dubois et al. (1995) model to estimate surface roughness from a uniformly wet 

radar scene that was then used to account for roughness in derivation of soil moisture 

estimates for new images.  This model worked well at the watershed scale (r=0.96) when 

radar signal and measured water content were averaged, but performed poorly at the field 

scale.  Disadvantages of empirical models are that numerous measurements of in situ soil 

moisture are required at one site over time and results are generally site specific, with 

varying predictive capability as evidenced by studies conducted around the world. 

Physical methods often use a radar scattering model to predict backscatter from 

inputs including radar frequency, incidence angle, surface roughness and dielectric.  The 

most commonly used radar scattering model covering a wide range of microwave and 

surface parameters is the Integral Equation Method (IEM) model of Fung et al. (1992).  

IEM has been validated at fine scales in a laboratory setting (Hsieh et al., 1997; Licheri et 

al., 2001; Macelloni et al., 2000) using uniform media but has not been shown to 

consistently predict radar backscatter at broad scales.  Some of the more successful broad 

scale studies include those by Bindlish and Barros (2000) who obtained maximum error 
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in estimates of soil moisture less than 10% for a large agricultural watershed in 

Oklahoma, and Colpitts (1998) who found the IEM model predicted soil moisture values 

1.8% below measured soil moisture with a standard deviation of 5.8% in plowed fields.  

The IEM model is difficult to apply for soil moisture retrieval over large areas because 

natural surface roughness is not well described by statistical representations used in the 

models and it is difficult to measure over large areas.  Additional information such as 

topography, vegetation distribution and soil type may also be required to optimize the 

performance of IEM. 

Semi-empirical adjustments to physical models have been proposed as practical 

solutions to the problem of obtaining accurate input parameters to physical models over 

widely distributed and highly variable geographic surfaces (Verhoest et al., 2000; 

Baghdadi et al., 2004 in review).  Using a water cloud model in Kansas grasslands, 

Hutchinson (2003) found single date correlations between soil moisture and radar 

backscatter were r = 0.62 and 0.67 for burned and unburned areas respectively.  Baghdadi 

et al. (2004 in review) optimized correlation lengths for the IEM model and showed a 

reduction in standard deviation in the difference between modeled and observed 

backscatter from 2.6 to 1.8 decibels that would presumably improve inversion results.  

Optimization such as this is data intensive and limited in scope by the number and variety 

of fields where roughness measurements can be made. 

All models described to this point are based on soil moisture retrieval from a 

single image.  Image differencing on the other hand requires two images obtained with 

identical radar wavelength, viewing geometry and beam mode.  Image differencing is an 
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empirical model used by several researchers with much improved results over moisture 

retrieval using single date imagery (Sano et al., 1998; Moran et al., 2000, Shoshany et al., 

2000).  They demonstrated this technique in landscapes where surface roughness is time-

invariant, thus optimizing the potential to observe backscatter differences due solely to 

changes in near-surface soil moisture.  Coefficients of determination for soil moisture and 

backscatter greatly improved when related to the difference between a reference (dry) 

image and changed (wetter) image (r2 = 0.93), (Moran et al., 2000).  However, the 

difference still required a site specific empirical relationship to soil moisture.  The delta 

index, as presented here is similar to image differencing except that the difference is 

divided by the dry reference backscatter which scales the index to the range of soil 

moisture.  A significant advantage of difference models such as the delta index is that 

variability in surface properties, which must be parameterized in single-image models, is 

accounted for implicitly. 

Objectives of this research were to 1) evaluate empirical models, the physically 

based IEM model, semi-empirical adjustments to IEM, and the newly defined delta 

index, 2) identify the primary factors affecting accuracy in each method, and 3) make 

recommendations to improve results. 

METHODS   

 Study area 

 The study area was the 150 km2 Walnut Gulch Experimental Watershed 

(31o.43’N, 110o.41’W) in Southern Arizona (Figure 1) operated by the United States 

Department of Agriculture, Agricultural Research Service.  The watershed is a semi-arid 
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rangeland supporting low-density grass and shrub vegetation that has negligible effect on 

radar backscatter (Moran et al., 2000).  Soils are composed primarily of alluvium and 

contain 0 to 60 percent rock fragments by volume in the top 5 cm of soil profiles.  The 

diameter of most rock fragments fall between 2 to 75 mm.  Rock fragment volume 

averaged 47 percent at the sites selected for study in this experiment (USDA-NRCS, 

2002).  Common near-surface soils are very gravelly sandy loams, and very gravelly 

loamy sands.   Elevation ranges from 1220 to 1960 m across rolling and heavily dissected 

terrain.     

 Imagery  

 ERS-2 and Radarsat-1 imagery were used in this study (Table 1).  The ERS-2 

imagery and associated soil moisture data were obtained from Moran et al. (2000) for the 

Walnut Gulch study area from field campaigns conducted in 1997 at three sites that were 

sampled repeatedly over time.  Three Radarsat-1 images were acquired coincident with 

field measures of soil moisture in 2003 on 30 July, 31 August, and 16 September. 

Careful registration is necessary for meaningful results in image difference 

approaches.  Some registration error is unavoidable and can be minimized by averaging 

pixels over a homogenous land surface that encompasses areas of field work.  Radarsat 

imagery was georeferenced by matching clearly visible buildings and road intersections 

with 1 m resolution USGS digital orthophotographs.  Registration error (RMSE) was kept 

below 4 m using between 26 and 44 ground control points.  No quantitative information 

on registration accuracy available for the 1997 ERS imagery. 
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The best size for a speckle reducing median filter window was determined for 

Radarsat images by examining the change in backscatter statistics at 44 field sites after 

passing filters ranging in size from 3 x 3 to 49 x 49 pixels across three images.  Mean 

backscatter and standard deviation for a 5 x 5 pixel cluster was determined for the sites at 

the different levels of median filter.  Plots of site averaged statistics versus median filter 

level and qualitative evaluation of filtered images were used to determine the optimum 

tradeoff between reduction in speckle and edge contrast.  The image resolution after 

median filtering was retained at 7 m. 

The backscatter at each of 44 field sites was averaged over 5 x 5 pixels (1225 m2) 

in the 5 x 5 median filtered images to obtain backscatter values used in subsequent 

analysis.  The 12.5 m resolution ERS-2 imagery was not median filtered because it was 

lower resolution and 3-look which has the effect of reducing speckle.  However, 

backscatter for the ERS-2 field sites (not those used with Radarsat) was also determined 

by averaging pixels, in this case a much larger 7 x 7 pixel area (8100 m2) that further 

reduced speckle effects.  In both ERS and Radarsat imagery the number of pixels 

averaged to determine backscatter at field sites represented the same geographic extent as 

the area where in situ measurements of soil moisture were made. 

No topographic correction was applied to ERS imagery because the associated 

field sites were flat.  However, because some of the field sites associated with the 

Radarsat imagery were not flat, a local incident angle correction was applied (Henderson 

and Lewis, 1998).     The correction involved multiplying brightness values by the ratio 
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of brightness received from a sloping surface to that received from a horizontal surface, 

where 

βo
s/βo

h = sinΘi/sin(Θi-αloc),       (1) 

and  βo
s =  brightness from sloping surface, 

 βo
h = brightness from a horizontal surface, 

 Θi = average radar incident angle, 

 αloc= local incident angle determined from 7 m digital elevation model. 

The correction effect was minor in most cases because slopes at the field sites were 

mostly level.   

Soil moisture measurements 

 Soil moisture measurements at field sites were made in one of three ways over an 

integrated 0 to 5 cm depth, or at 5 cm depth for the in situ sensors.  1)  For each ERS-2 

image, 49 soil moisture measurements were made gravimetrically over a 90 m2 area at 

three sites.  2)  For Radarsat image acquisition dates, 30 July, 31 August, and 16 

September 2003, volumetric soil moisture was measured using capacitance-based 

Dynamax TH2O Theta probes at 20 to 50 locations on a grid within a 35m2 area at each 

of 44 sites.  The number of measurements made was based on sampling intensity needed 

to obtain a stable measure of mean soil moisture.  3)  For the Radarsat image acquisition 

date 19 Jan, 2003, soil moistures were retrieved from continuously recording Stevens / 

Vitel Hydra soil moisture probes installed at 5 cm depth in 18 widely distributed 

locations within the study area.  All field measurements of soil moisture were made 

within a few hours of 11:00 AM and 6:30 PM overpass times for ERS-2 and Radarsat, 
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respectively.  A factory calibration for mineral soil was used for Theta probes, and 

factory calibration for sand type soil was used with the in situ Vitel probe in all but one 

location where the clay calibration was used (Keefer et al., 2004 in review). 

Rock fragment content has been shown to affect radar backscatter through its 

effect on water holding capacity (Jackson et al., 1992).  Thus, an adjustment to field 

measured soil moisture was made by accounting for rock fragment content on dielectric 

of the bulk soil volume.  Rock fragment correction was made by accounting for rock 

fragment volume in field measures of volumetric soil moisture in the following manner,  

 Θr = Θv - (fr  *  Θv),         (2) 

 where  Θr  =  rock fragment adjusted volumetric soil moisture 

  Θv  =  field measured volumetric soil moisture 

  fr  =  fraction of bulk soil occupied by rock fragments > 15 mm 

 Rocks up to 15 mm diameter could fit between the measuring rods of the portable 

Theta probes, therefore, this size fraction was not considered in the soil moisture 

adjustments.  Subtracting the fraction that could fit between the sensing rods from the 

average study site rock fragment content provided the best average estimate for rock 

fragment correction ( fr  = 0.376).  After rock fragment correction, volumetric soil 

moisture for the sites used in this study ranged from 0.02 to 0.35.  

 Roughness measurements 

 Sano et al. (1998) measured surface roughness along thirty, one-meter transects 

with a pin meter at each of the 44 field sites sampled for soil moisture on Radarsat 

overpass dates.  Surface heights were measured at 1 cm horizontal increments aligned 
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with the local contour.  Both root mean square error of surface heights (hrms) and 

correlation length (Lc) were computed for each one-meter transect (Henderson and 

Lewis, 1998).  Results were averaged by site for use in model simulations.   
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  for j = 1,2,3,4…n/4 

           where:   n = number of measurements of height 

              zi = a single measurement 

              tsmeasuremenallofmean
_
=z  

                          j = distance between measurements 

          Lc is where: 

                  rj = 1/e 

 Models 

 Empirical regression relationships between observed backscatter and soil moisture 

were made at three scales; site, vegetation habitat, and watershed.  The regression 
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relationships were condition-specific, meaning they were developed for unique radar 

systems and scales.      

 The IEM model of Fung et al. (1992) determines backscatter as a function (f) of 

radar specific parameters and surface properties, where 

 σo =  f(F, I, hrms, Lc, έr, έi, acf, and ms)  (5) 

and, σo =  dual polarized backscatter response (dB), F = radar frequency (GHz), I 

= incident angle (degrees), έr = real part of dielectric constant of scattering 

medium, έi =  imaginary part of dielectric constant of scattering medium, acf = 

autocorrelation function shape, ms = multi scattering option. 

For all simulations in this study, F = 5.3 GHz, I = 46.5o, acf = exponential, and ms = 0.   

Field measured values of hrms and Lc were used in IEM simulations while dielectric was 

determined from field measured soil moisture using the relationship of Hallikainen et al. 

(1985).  Inversion of the IEM model was made with a Look-up-Table (LUT) that was 

created by running forward iterations of the IEM model for the expected range in 

dielectric and roughness characteristics in the study area (Table 2).  The LUT was used to 

predict soil dielectric from Radarsat pixel values and measured roughness at field sites.  

Soil dielectric was converted to soil moisture using the relationship of Hallikainen et al. 

(1985). 

 A semi-empirical model was used to adjust measured surface roughness inputs to 

IEM to account for discrepancies between simulated and observed backscatter.  Verhost 

et al. (2004) and others (Oh and Kay, 1998; Davidson et al., 2000) have shown that Lc is 

difficult to measure accurately but hrms can be measured to within 10% accuracy using 
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traditional 1 m profilers, but impractically long profile lengths are required to achieve the 

same level of accuracy for Lc.  For this reason we focused first on adjustments to field 

measured Lc, then moved on to adjustments of hrms.   The empirically derived correlation 

length functions were based on measured hrms from the study area or a multiple of 

measured hrms.  The relational form of the optimization function was proposed by 

Baghdadi et al. (2002) and was determined as the set of coefficients that minimized the 

root mean squared error between observed and IEM simulated backscatter.  For the 

Walnut Gulch Experimental Watershed roughness data set, when no adjustment to hrms 

was made, 

 Lopt  = 2 if hrms < 1.25, else 1.25*( hrms)0.25     (6) 

 where, Lopt = optimum correlation length for surface conditions and radar   

  geometry.  

When hrms was optimized by a factor of 2,      

 Lopt  = 0.25 if hrms < 1.5, else 1.5*( hrms)2     (7) 

 An image difference technique proposed by Sano et al. (1998) was modified to 

evaluate backscatter from a dry reference scene and a wetter scene of interest by 

normalizing the difference of pixel values to the dry scene value.  This indicates that the 

delta index represents a change relative to dry scene soil moisture, thus the delta index 

should be interpreted in light of dry scene soil moisture.  The delta index is defined as,  

 ∆-index  =  abs[(σo
 wet - σo

 dry)/ σo
 dry)],     (8)  

where σo
 dry  = average radar backscatter from dry soil, and σo

 wet  =  average radar 

backscatter from wet soil.  
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All predictive soil moisture models were evaluated against field measured average soil 

moisture.   

RESULTS AND DISCUSSION 

 Speckle 

 The interaction of radar and rough surface features results in addition and 

cancellation of waves causing random return intensities for similar adjacent surfaces 

(Henderson and Lewis, 1998).  To determine an appropriate median filter size that would 

minimize speckle while retaining information related to soil moisture we computed the 

average standard deviation of the field sites from imagery that had been filtered using a 

range of window sizes.  A 5 x 5 pixel moving window was chosen as the optimum size 

median filter, because although reduction in standard deviation occurred with larger 

window sizes (Figure 2a) very small changes in mean backscatter value were observed by 

choosing larger windows for the median filter.  Larger window sizes improved aesthetic 

image quality at broader scales, but windows larger than 5 x 5 pixels changed backscatter 

no more than 0.07 dB (Figure 2b). Distribution and abundance of scatterers on the ground 

including surface roughness and near-surface rock fragments affect the spatial scale of 

speckle.  Thus, it is expected that the magnitude and distribution of speckle will vary by 

study area and the optimum median filter may be unique for each study area.        

 Empirical Model 

 On a site by site basis, the relationship between 5 x 5 pixel average backscatter 

and soil moisture was weak (Figure 3a).  Backscatter and soil moisture spatially averaged 

over the watershed showed a dramatic improvement over site specific relationships 
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(Figure 3a) by reducing the effect of variation in surface roughness, soil moisture and 

residual speckle.  Grouping by date highlighted a range of soil moistures that induced a 

response outside the noise level of the sensor.  This in part explained better correlation 

between backscatter and multi-date imagery when the temporal range of soil moisture 

was greater than that generally found in a single image.   

 An unfortunate consequence of speckle and natural variability required spatial 

averaging at the watershed scale by date to obtain the best relationship between 

backscatter and soil moisture even with high resolution imagery.  However, useful 

relationships might be possible at scales intermediate between ‘site’ and ‘watershed’.  

Condition specific relationships were determined based on vegetation type and sensor 

(Figure 3b).   

 Although several of the condition specific relationships were strong, they have 

limited predictive capability due to subtle changes in backscatter response across large 

ranges in soil moisture.  The need to spatially average backscatter at some scale agreed 

with LeConte et al. (2004), Kelly et al. (2003), Hutchinson (2003), and Moran et al. 

(2000) who also found poor relationships at field scales, but better relationships when 

sites or fields were spatially averaged.  Regardless of spatial scale used in averaging, the 

predictive capability of such empirical relationships are not easily extended beyond the 

specific radar viewing and field roughness conditions for which they were developed. 

 Physical Model 

 The geographic limitations imposed by empirical techniques do not apply to 

physical models such as IEM, but physical models present other challenges.  The IEM 
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model is point based and has been validated with scatterometers at lab and plot scales 

with well defined dielectric media with highly characterized roughness.  However, when 

the IEM model is extended to highly variable landscapes using space-based imagery it is 

important to note that as with empirical models, the variability in surface roughness and 

soil moisture require spatial averaging to obtain useful results.  For this reason, only 

watershed averaged backscatter and soil moisture are discussed further.  

 IEM backscatter was less than observed Radarsat backscatter for all dates (Figure 

4) which contradicts Baghdadi et al. (2002) who found IEM generally over estimates 

observed backscatter.  This difference may be in part explained by differences in 

measured Lc in their plowed agricultural fields and our rangeland surfaces. The lack of fit 

between measured and observed backscatter could be caused by problems in the IEM 

model, or due to inappropriate values of dielectric or more likely, surface roughness 

measured at the field sites and used as model inputs.  The speculation that the problem is 

largely due to roughness is echoed by others who have noted difficulty characterizing 

surface roughness at field scales (Verhoest et al., 2000; Baghdadi et al., 2004 in review), 

and results presented in the next section.    

 Semi-empirical Model 

 Semi-empirical adjustments should be made in light of potential weaknesses in 

field measurements and robustness of the physical model.  The physics behind IEM 

theory have been carefully evaluated and shown to work at fine scales.  More likely, the 

lack of fit between observed and modeled backscatter lay with observed radar 

backscatter, field measured surface roughness, or soil moisture.  Calibrated radar 
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backscatter is within 2dB (Radarsat, 1998) and was not considered for adjustment beyond 

the median filter step.  Confidence interval testing at 95% with one sample t-test 

indicated that sample sizes of field soil moisture measurements were sufficient to ensure 

mean soil moisture estimates were within 1 and 2% of true soil moisture for dry and 

moist field conditions respectively.  At all field sites a sufficient number of soil moisture 

measurements were made over the extent of the image area used to compute radar 

backscatter that additional measurements did not change the mean value more than 1%.  

Therefore, adjustment of soil moisture used to compute dielectric was not considered. 

 Surface roughness, Lc and hrms, have strong influence on IEM-generated 

backscatter, and thus, through adjustment, have much potential to improve fit between 

observed and modeled soil moisture.  Furthermore, others have had difficulty accurately 

measuring surface roughness (Baghdadi et al., 2002, Verhoest et al., 2000).  Coefficients 

were optimized in equations 6 and 7 to achieve adjustments to field measured Lc and hrms 

that minimized the difference between modeled and measured backscatter.  Evaluation of 

roughness optimization was made by comparing LUT modeled soil moisture to field 

measured soil moisture (Figure 5).   

 Simulations using adjusted surface roughness parameters showed improvement 

when Lc was shortened and when hrms was increased.  Shorter correlation lengths and 

larger hrms values effectively increased roughness in the IEM model and its inversion 

which improved the fit between modeled and observed soil moisture.  Poor agreement 

between modeled and observed backscatter resulted in poor predictive capability of the 

inversion model when field measures of surface roughness were used (RMSE = 0.13).  
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Considerable improvement was noted by adjusting Lc only (RMSE = 0.05), but little 

additional improvement could be achieved for all dates by adjusting hrms and Lc 

simultaneously (RMSE = 0.04).  However, adjusting hrms and Lc simultaneously had a 

large influence on accuracy of soil moisture prediction for the wettest month.  This 

difference may be due to inability of the surface based pin meter to account for volume 

scattering caused by subsurface rock fragments that have a greater proportional effect on 

volumetric soil moisture in wetter conditions (eq. 2).       

 Although the fit between modeled and measured backscatter could be optimized 

by adjusting roughness parameters, inversion to obtain soil moisture still over estimated 

measured soil moisture (Figure 5).  This may be partially explained by high variability in 

observed backscatter that is used in the inversion model.     

 Others (Baghdadi et al., 2002; Verhoest et al., 2000) have made adjustments to Lc 

based on the assumption that hrms can be accurately measured in the field and is related to 

Lc.  However, those studies were made in agricultural fields that have periodic row 

structure and may not have high rock fragment content.  Empirical adjustments to both 

hrms and Lc require much roughness data for field sites, and may complicate handling of 

roughness in model inversions.  But, adjustment of hrms may be necessary in rocky 

environments to account for subsurface volume scattering that cannot be measured using 

surface-based pin meters.     

 Delta Index Model 

 A strong relationship through time existed between the delta index and field 

measured soil moisture at the watershed scale with delta index explaining 91% of the 
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variability in soil moisture (Figure 6).  The notable effect of normalizing with dry 

reference image pixel values was that delta index values were scaled to the same range as 

observed soil moistures.  It is important to note that the watershed average volumetric 

soil moisture associated with imagery used for the reference pixel values was between 

0.01 and 0.05 at the time of dry reference image acquisition on 19 Jan 2003 and 7 Jul 

1997 for Radarsat and ERS respectively.  Because time invariant features that affect 

backscatter, including view geometry, polarization, topography, soil type and surface 

roughness in the reference image are accounted for in the changed image, empirical 

calibration may not be required if reference scene soil moisture is known, or selected 

during the dry season in xeric environments.  This can be clearly seen by noting the 

strong delta index relationship with measured soil moisture using both VV polarized ERS 

image pairs and HH polarized Radarsat image pairs (Figure 5 and Table 1).  By 

normalizing with image pairs, and thus implicitly accounting for variables other than soil 

moisture that affect backscatter, this purely image-based approach circumvents the 

difficulty of obtaining accurate and widely distributed geographic roughness variables 

that are required for many physical models.   

 The delta index is largely determined by two theoretical relationships that are 

illustrated with a dielectric model (Hallikainen et al., 1985) and IEM (Fung et al., 1992).  

These are the dependency of real dielectric on volumetric soil moisture (Figure 7a), and 

the dependency of backscatter on real dielectric (Figure 7b).  Backscatter and soil 

moisture are linked through these relationships (Figure 7c).  Because imaginary dielectric 

changes much less than real dielectric with soil moisture it will be neglected in further 



 
75

discussion.   Increasing backscatter with soil moisture presents the opportunity to 

discriminate levels of soil moisture by exploiting the change in backscatter normalized by 

the initial, or ‘reference’ condition, similar to the way gravimetric soil moisture content is 

normalized by dry soil mass.  Because the relationships between soil moisture, dielectric 

and backscatter are non-linear, the delta index is also non-linear with soil moisture but 

approximates the 1:1 line (Figure 7d) with a shape similar to the backscatter – soil 

moisture relationship of Figure 7c.   

 Although the modeled delta index versus soil moisture relationship does not 

exactly follow the 1:1 line, it is a close approximation and may provide meaningful 

estimates of soil moisture for many applications.  Alternatively, the fit between the delta 

index computed with observed backscatter could be compared to theoretical delta index 

developed from IEM if the reference soil moisture is known for use in IEM simulations. 

 A root mean square error for the predictive capability of the delta index and LUT 

models was computed for quantitative comparison of each method in this study but with 

relatively few watershed averaged data points available to evaluate the LUT, model 

comparison could be misleading.  Results from both techniques should be evaluated in 

other study areas.      

CONCLUSIONS 

 The four approaches evaluated had unique strengths and weaknesses.  It was 

shown that empirical models were strongest when data were averaged across study sites, 

but finer scale relationships were possible for specific vegetation types and radar 
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geometry.  Nevertheless, predictive ability of empirical relationships at any scale is 

limited to the conditions under which the model was developed.    

 Inversion of the IEM model using field measures of surface roughness had poor 

agreement with observed soil moisture at the watershed scale when all sites were 

averaged.  Considerable improvement was made by empirically adjusting surface 

roughness inputs to the inversion model.  However, the semi-empirical model required 

much field data and limited the inversion of the physical model to a site specific basis.   

  The newly proposed delta index had a nearly 1:1 relationship with soil moisture 

in this study and may work well in other geographic locations because it is independent 

of viewing geometry, polarization, topography, surface roughness and soil type.  It may 

also be insensitive to low levels of vegetation.  However, it cannot be used if any of these 

conditions change between image acquisitions.  Careful image-to-image registration is 

required for meaningful results.   

 Although some results presented here are study specific, two important 

generalizations can be made.  First, surface roughness parameters in IEM model 

inversion, both hrms and Lc, strongly affect forward and inverse modeling results.  

However, hrms has a more significant influence on backscatter.  Attention to hrms 

adjustment may be especially important in rocky environments where hrms is likely to be 

underestimated using traditional surface based profile measuring devices.  

 A second generalization is that spatial averaging can be used to improve 

predictive capability regardless of model used by focusing on central tendencies.  Wide 

ranges in backscatter over short distances are caused by high degrees of spatial variability 
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in surface roughness, soil moisture and speckle.  However, at broader scales the central 

tendency of roughness and speckle tends to stabilize while large differences in soil 

moisture through time induce large differences in backscatter.   For this reason, it is more 

likely that soil moisture relationships using any of these models will be stronger when 

evaluated across larger moisture gradients whether spatial or temporal.  Even so, natural 

spatial variability of soil moisture and speckle require some level of filtering regardless 

of the approach used.   
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TABLES 

Table 1.  Characteristics of radar imagery and number of field sites sampled at time of 

satellite overpass.  

 
ERS-2 

All dates 
RADARSAT-1 
19 Jan 2003 

RADARSAT-1 
All other dates 

Number of images 8 1 3 

Field sites 10 18 44 
pixel resolution 12.5 7 7 

polarization V V H H H H 

incidence angle 23o 46o 46o 

frequency 
C-band 

(5.3 GHz) 
C-band 

(5.3 GHz) 
C-band 

(5.3 GHz) 

wavelength 5.6 cm 5.6 cm 5.6 cm 

 
 
 
 
Table 2.  Parameters used in forward iterations of IEM model to generate the look-up-

table (LUT) of expected backscatter for known surface parameters and viewing 

geometry.  The LUT was used with measurements and adjusted measurements of 

surface roughness to determine soil moisture from Radarsat imagery. 

 Incidence Lc hrms  Real Imaginary   

Frequency Angle  
Corr. 

Length Height Dielectrica Dielectrica Autocorr. Scattering
(GHz) (degrees) (cm) (cm) (unitless) (unitless) Function Option 

        
5.3 46 0.1 to 50.1 0.1 to 5.1 0.2 to 80 -0.88 to 23.83 exponential none 

aReal and imaginary dielectric were computed via Hallikainen et al. (1985). 
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ILLUSTRATIONS 

 

 

 

Figure 1 Location of Walnut Gulch Experimental Watershed in southern Arizona, USA 

and sites where ground measurements of soil moisture and surface roughness 

were made. 
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Figure 2 Effect of median filter window size on Radarsat backscatter.  a) mean standard 

deviation of backscatter from 44 field sites and b) mean backscatter from 44 field 

sites in Walnut Gulch, AZ.  The area used to calculate standard deviation and 

mean for each of 44 sites was five by five pixels, corresponding to the area on the 

ground sampled for soil moisture at time of satellite overpass.     

(a) 

(b) 
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Figure 3  a) Backscatter versus measured soil moisture by site and averaged for the 

watershed on four dates in 2003 using only Radarsat observations.  b) Empirical 

relationships derived for specific combinations of vegetation type and both 

Radarsat and ERS radar sensors across multiple dates. 
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Figure 4 IEM versus Radarsat backscatter for field sites sampled on 4 dates.  Only 

Radarsat results are shown here because surface roughness data were not 

available for IEM simulation at the ERS-2 field sites.   
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Figure 5 Modeled versus measured soil moisture for the four dates and shift resulting 

from Lc adjustment of Baghdadi et al. (2004) or Lc plus hrms empirical adjustment.  

Only Radarsat results are shown here because surface roughness data were not 

available for IEM simulation at the ERS-2 field sites.   
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Figure 6 Average delta index from 44 sites derived from Radarsat imagery on three dates 

and delta index from three sites derived from ERS imagery on multiple dates 

versus soil moisture measured in the field.    
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Figure 7 a) Modeled dependence of real dielectric on soil moisture.  b)  Modeled 

dependence of backscatter on dielectric.  c)  Soil moisture versus backscatter 

relationship that is exploited by the delta index d) Delta index computed using 

radar image pixel values from Figure 6 and IEM modeled backscatter versus field 

measured soil moisture.  A volumetric soil moisture content of 0.05 was used as 

the dry ‘reference’ soil condition while optimized hrms and Lc (1.13 cm and 1.93 

cm respectively) served as roughness inputs to develop the IEM simulated delta 

index.  
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ABSTRACT 

Surface roughness is a key parameter in radar backscatter models designed to retrieve 

surface soil moisture (θS) information from radar images.  This work offers a theory-

based approach for estimating a key roughness parameter, termed the roughness 

correlation length (Lc).  The Lc is the length in centimeters from a point on the ground to a 

short distance for which the heights of a rough surface are correlated with each other. The 

approach is based on the relation between Lc and hRMS as theorized by the Integral 

Equation Model (IEM). The hRMS is another roughness parameter, which is the root mean 

squared height variation of a rough surface.  The relation is calibrated for a given site 

based on the radar backscatter of the site under dry soil conditions.  When this relation is 

supplemented with the site-specific measurements of hRMS, it is possible produce 

estimates of Lc. The approach was validated with several radar images of the Walnut 

Gulch Experimental Watershed in Southeast Arizona.  Results showed that the IEM 

performed well in reproducing satellite-based radar backscatter when this new derivation 

of Lc was used as input.  This was a substantial improvement over the use of field 

measurements of Lc.  This new approach also has advantages over empirical formulations 

for estimation of Lc because it does not require field measurements of θS for iterative 

calibration and it accounts for the very complex relation between Lc and hRMS found in 

heterogeneous landscapes.  Finally, this new approach opens up the possibility of 

determining both roughness parameters without ancillary data based on the radar 

backscatter difference measured for two different incident angles. 
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1. INTRODUCTION 

Soil moisture conditions play a fundamental role in land-atmosphere interactions 

(Eltahir 1998) and have great importance in agriculture and natural resource management 

(Dunne and Willmott 1996).  Direct measurement of soil moisture over larger areas can 

be impractical and expensive, which has led scientists to develop techniques that exploit 

microwave sensitivity to this important parameter (Jackson et al. 1996).  These efforts 

have led to the use of physically based scattering models that can predict radar 

backscatter (σ0) as a function of sensor configuration and surface conditions, and can thus 

be inverted to estimate surface soil moisture (θS). 

The Integral Equation Model (IEM) is one of the most widely used radar 

backscatter models for retrieving θS from sparsely vegetated soils (Fung and Pan 1986; 

Fung et al. 1992; Fung 1994).  IEM is a mathematical representation of the scattering 

behavior when radar transmitted microwave energy hits ground targets and is scattered 

back to an antenna on the same platform.  The backscatter (σ0) as quantified by the model 

is a function of radar specific parameters, such as frequency of transmitted microwave 

energy, polarization and incidence angle.  The backscatter is also a function of target-

specific factors such as the roughness of the ground surface and moisture contents of the 

material. 
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Two parameters are used by the IEM model to characterize surface roughness.  

The first is the root mean squared height (hRMS), which is the standard deviation of the 

corresponding mean height of the soil surface at centimeter scale.  The second is the 

correlation length (Lc), which is the length in centimeters from a point on the ground to a 

short distance for which the heights of a rough surface are correlated with each other.  

Radar backscatter as formulated in the IEM model is a function of three unknown 

parameters, where the IEM model can be expressed generally as 

( )ScRMS ,θ,Lhσ f0 =  ,  (1) 

The solution of these variables is not possible from this single equation.  This under-

determination is the core character of the problem associated with the use of radar images 

with IEM-like models for retrieving ground information. 

To address this problem, research has been conducted to determine if there exists 

a distinct relation between hRMS and Lc.  If so, the conventional field measurement of hRMS 

could be used to estimate Lc and the use of both of these could make retrieval of θS 

possible from radar backscatter σ0.  For example, Baghdadi et al. (2004) proposed a 

power-type relation, where 

cL = α  RMSh β  ,  (2) 

and the α and β coefficients were determined by in situ measurements of surface 

roughness from selected study sites.  When these coefficients were used to derive Lc from 

hRMS for independent study sites in France and Canada, good results were reported.  

However, application of this model at other locations might require a robust set of in situ 

measurements for the semi-empirical calibration.  Also, this relation could not explain the 
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pairs of high hRMS and low Lc values that were observed by Davidson et al. (2000) and 

appear to be a natural state. 

The specific objectives of this study were 1) to use the theoretical framework of 

IEM to determine the relation between hRMS and Lc that accounts for all natural states, 

including the condition of high hRMS and low Lc; and 2) to base the model calibration on 

an image acquired with dry soil conditions, rather than in situ measurements of θS.  The 

involvement of integrals and Fourier transforms in the IEM model made it difficult, 

though not impossible, to derive the relation between hRMS and Lc that is built in the 

model.  Thus, the approach adopted here was to approximate IEM with simple functions, 

which made it easy to interpret and manipulate.  A sensitivity analysis of backscatter with 

respect to roughness parameter was conducted using IEM to aid approximation and result 

interpretation. The approach was validated using an independent set of images and in situ 

measurements at the same site to quantify the robustness of the theoretical framework 

and compare the performance with other techniques available. 

2. BACKGROUND 

This study focuses largely on the roughness parameters used to parameterize the 

IEM model: hRMS and Lc.  A better understanding of how these are used in the IEM model 

and measured in the field is necessary to support the results of this study. 

Characterization of surface roughness is generally accomplished by measuring the 

height variations of the ground surface across a transect (Bryant et al. 2005).  The 

parameters, hRMS and Lc, are commonly extracted from this direct measurement of 
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roughness.  The hRMS can be measured with a pin profilometer, also known as a pinmeter.  

The pinmeter uses evenly spaced pins held parallel to each other to determine a surface 

height profile for the length of the pinmeter (generally about one meter).  More recently, 

laser scanners have been investigated to determine very precise relative x, y and z 

coordinates of the scanned surface.  This system is often deployed as a laser profilometer, 

which measures surface roughness using the same laser-based principal but only in one 

dimension along a transect.  There are a number of studies that have addressed the 

accuracy and deployment of these instruments and the post-processing necessary to 

obtain repeatable measurements with known bias over natural surfaces (Baghdadi et al. 

2000; Davidson  et al. 1998a, 2000; Oh  and Kay, 1998; and Le Toan et al. 1999; Mattia 

et al. 2003; Bryant et al. 2005).  There is far less understanding of the definition and 

measurement of Lc. 

To describe fully the structure of surface height correlation, Lc is coupled with an 

autocorrelation function.  Usually an a priori assumption is made about the 

autocorrelation function and it is not considered an unknown parameter.  However, the 

role of the autocorrelation function should not be discounted, since it might influence 

measurement of Lc (Davidson et al., 2000).  Because of the spatial autocorrelation, it is 

possible to infer the height of a rough surface at a particular point on the ground if some 

heights of the surrounding surface up to Lc are known.  Thus, Lc is commonly determined 

based on the profile measurements of height made with a pinmeter or laser scanner.  

However, there is evidence that the magnitude of Lc is scale related (Le Toan et al. 1999) 

and highly dependent on the length of the transect (Bryant et al. 2005).  The suggestions 
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for optimum transect length vary wildly from a couple of meters (Baghdadi et al. 2000) 

to hundreds of meters (Verhoest 2000).  This implies that consistent roughness 

parameters cannot be estimated for parameterization of the IEM model.  This is true 

especially for the estimate of Lc, whereas hRMS measurements are better understood and 

less sensitive to transect length (Davidson et al., 2000; Bryant et al. 2005). 

In equation (1), the radar backscatter (σ0) is presented as a function of hRMS, Lc 

and surface soil moisture (θS).  It is apparent that either two parameter values have to be 

known to solve for the third or we must have three equations to solve three parameters.  

Traditionally, the approach to address this under-determined problem is to collect ground 

information for some parameters and use that to solve for the others.  To derive the 

relation between hRMS and Lc in this study, we propose that a radar image of the surface 

during dry conditions could be used. This reduce the dimensionality of the problem, since 

the value of θS is close to zero for dry soil and can be excluded from equation (1) without 

significant error. 

Thus, if an equation could be derived to produce a consistent relation between 

hRMS and Lc, then it would be possible to retrieve moisture content using radar image and 

in situ measurements of hRMS.  Furthermore, Zribi (2002) showed that the difference 

between radar backscatter measured from two different incident angles (∆σ0) with 

unchanged ground condition was proportional to a Z index, where Z = cRMS /Lh2 .  Thus, 

hRMS as a function of Lc and Z can be substituted into an equation relating hRMS and Lc, 

which this work attempts to derive, in order to solve the two roughness parameters 

explicitly.  Once the roughness parameters are known, the IEM can be inverted to solve 
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for θS.  In this way, it will be possible to measure soil moisture content and surface 

roughness from remote sensing without ancillary data. 

3. MATERIALS AND METHODS 

3.1 Study Site 

This field study was conducted in the 150 km2 Walnut Gulch Experimental 

Watershed (WGEW) operated by United States Department of Agriculture, Agriculture 

Research Service (USDA-ARS).  The watershed is located in the Sonoran desert, State of 

Arizona, near the US-Mexico border.  The watershed has a semi-arid climate in which the 

average annual rainfall is 330 mm.  It is characterized by rolling hills ranging in elevation 

from 1220 to 1960 m and the major soil type is sandy loam with rock fragment fractions 

on the order of 37% by volume at few centimeters of the soil surface.  The watershed has 

sparse vegetation, consisting mainly of desert grass and shrub.  There are many 

ephemeral streams and channels running across the watershed with no perennial water 

supply or source.  The watershed is instrumented with precipitation gages, meteorological 

stations, soil moisture sensors and flumes for hydrologic experimentations (Renard et al., 

1996). 

3.2 Ground Measurements of Soil Moisture and Roughness 

The top 5 cm surface soil moisture (θS) was measured at 43 sites over the two 

most dominant soil types of the WGEW (very gravelly sandy loam Elgin-Stronghold 

complex and very gravelly sandy loam Luckyhills-McNeal complex) at the time of 
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Radarsat overpasses on July 30, August 23, and September 16, 2003.  Using an 8-person 

team, 50 measurements were made with a Theta Probe from a 35-m square area at each 

of the 43 sites.  The Theta Probe sends microwave energy into the ground material, 

records the reflected energy and converts that to moisture content that is soil type 

specific.  Field measurements took approximately four hours, with the time span divided 

equally before and after the satellite overpass.  The objective of these measurements was 

to capture the spatial variability of θS over 7×7 Radarsat image pixels over each training 

site. 

For WGEW, the abundance of rock fragments might influence the results of IEM.  

The effect of rock fragments in the radar backscatter and a framework to account for it 

was given by Jackson et al. (1992).  The main problem caused by the presence of rock 

fragments is the differential content of moisture in soil and in rock fragments of the 

targeted material.  Rock fragments have little moisture even when the surrounding soil is 

saturated.  Rock fragment correction was made by subtracting the rock fraction effect 

from the field measure of volumetric soil moisture in the manner described by Thoma et 

al (in press). Analyses were conducted using moisture content with and without rock 

fragment correction. 

Surface roughness for the 43 sample sites was measured by Sano et al. (1998) 

using a pin meter of 1-m profile length.  The pin meter traced the surface height variation 

at 1-cm intervals along a piece of long graph paper, which was digitized and the hRMS and 

Lc were extracted.  Thirty pin-meter measurements were made at selected locations 
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parallel to local contour at each sample site.  Values of hRMS and Lc were computed from 

the measurements and averaged over each site. 

Field data collected from 43 sites spread over 150 km2 of WGEW were 

summarized in table 1. The moisture content of the study site was generally low, with an 

average of roughly 0.10 during the study period. The variation of the moisture content 

across time was significant. The average moisture content was 0.18 in June and had 

dropped to 0.04 by September. The variability of moisture content across space was 

greater in the wet season (0.08-0.27) than the dry season (0.02-0.08). The ground surface 

of the study area was relatively smooth, resulting in low values for the roughness 

parameters. The average hRMS was 1.13 cm across all sites, with a maximum of 2.34 cm.  

The average field measurement for Lc was 7.39 cm, ranging from 5 cm to 14 cm. 

3.3 Satellite Data Processing 

Four Radarsat images were acquired for this study (January 19, July 30, August 

23, and September 16, 2003).  The configurations of the sensor specific characteristics 

are given in table 2. The image digital numbers (DN) were converted to decibel values 

and projected to UTM NAD 83 coordinate system.  The images were geometrically 

registered using roughly forty ground control points from aerial photographs of the study 

area.  Accepted root mean squared (RMS) errors, i.e. the distance between ground control 

points of the aerial photograph and the same points identified in the image, varied from 

three meters to four meters.  A median filter consisting of a 5-pixel moving window was 

applied for speckle reduction (Thoma et al.; in press). Although the topography of the 
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study area is rolling hills, the sites selected for this study were relatively flat. Thoma et 

al. found small effects of topography on the radar backscatter in the study sites, and this 

correction for topography was not applied for this study. The backscatter from the 35-m 

square area corresponding to each sample site was extracted and averaged to match the 

area where field measurements of moisture content and roughness were made. The image 

acquired on September 16, 2003 represented the driest soil conditions (table 1) and was 

used for the derivation of Lc following the method proposed in this paper.  The image 

acquired on January 19, 2003 represented similarly dry soil conditions, and was used to 

validate the assumption that the radar signal observed over dry ground was almost 

entirely dependent on surface roughness.  The radar backscatter values measured on July 

30, August 23 and September 16 2003 (representing a wide range of soil moisture 

conditions) were used to compare with IEM-generated backscatter based on the derived 

Lc and field-measurements of hRMS and  θS. 

3.4 IEM Model and Implementation 

The IEM was run in both the forward mode as in equation (1), and inverted to 

derive values of Lc from field-measured hRMS and θS and satellite-measured σ0.  The 

inversion of IEM was accomplished by development of a look-up table (LUT).  This 

method involved creation of a table of backscatter values associated with Lc, hRMS and θS 

generated by multiple runs of IEM for the Radarsat configuration and a range of Lc, hRMS 

and θS.  The LUT was used to determine the best Lc for sample sites based on the field-

measured values of hRMS and θS and the satellite-measured σ0.  The premise is that the 
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estimates of Lc based on the ground measurement of surface roughness were not reliable 

for the IEM application because of the reported (Baghdadi et al. 2000) relation between 

Lc and the profile length of the pin meter.  The analyses of this study investigated LUT 

method and other methods for estimating Lc, including field measurements and a theory-

based derivation that is developed in this paper.  The success of each approach was 

determined by which method of estimating Lc worked best as an input to IEM to 

reproduce actual satellite backscatter. 

4. RESULTS AND DISCUSSION 

The main objective of this study was to explore a theory-based relation between 

hRMS and Lc, and an image-based calibration procedure.  Results are presented for the 

overall sensitivity of the IEM model to the two roughness parameters, hRMS and Lc, and 

the theory-based derivation of the relation between hRMS and Lc.  The values of Lc derived 

from this new approach were compared with other published approaches for estimating 

Lc and validated with field measurements. 

4.1 Sensitivity of IEM to Roughness Parameters 

To explore the relationship between hRMS and Lc embedded in IEM, a good 

understanding of how these two roughness parameters affect backscatter is helpful.  A set 

of backscatter values were generated using IEM for various combinations of hRMS and Lc 

keeping all other parameters constant (figures 1 and 2).  In this example, the following 

parameters were used:  θS = 0.19 for sandy loam soil (related to real and imaginary 
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dielectric constants of εr = 10 and εi = 1.89, respectively), frequency of microwave 

energy = 5.3 Ghz, microwave polarization = HH, and incidence angle = 46o.  This 

sensitivity analysis used much broader ranges of values of roughness parameters than that 

of Altese (1996) and provided a broader understanding of backscatter sensitivity to hRMS 

and Lc. 

The sensitivity of the roughness parameters to backscatter followed a general, 

though complex, pattern that changed with variations in the combination of hRMS and Lc.  

Backscatter was a continuous, increasing monotonic function of Lc for hRMS greater than 

2.7 cm (figure 1a).   For hRMS values less than 2.7 cm, the relation was neither continuous 

nor monotonic (figure 1b).  The functional relation is discontinuous at Lc = 2.22 cm and 

the σ0 diverged up or down at that point depending on the value of hRMS.  The biggest 

change in σ0 occurred at Lc = 2.22, when 2 < hRMS <= 2.5, at which point the backscatter 

approached zero, the highest possible value. 

In spite of these differences in the relation between σ0 and Lc, there was one 

notable similarity.  As evident for all levels of hRMS (figures 1a and 1b), σ0 was very 

sensitive to Lc at a lower values of Lc, and the sensitivity tapered off as Lc increased.  For 

very low values of Lc, an error of one centimeter in Lc caused σ0 to deviate by up to five 

decibels.  This specific character of sensitivity to Lc implies that IEM should not be 

expected to work well if the measurements of smaller values of Lc are not accurate. 

The sensitivity of hRMS to σ0 had a different characteristic.  That is, σ0 was 

moderately sensitive to hRMS over a wide range (figure 2a and 2b).  Backscatter increased 

with increasing hRMS to a certain level, it then decreased at a slower rate.  There was a 
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discontinuity in the functional relation between backscatter and hRMS, similar to that 

found for Lc.  At hRMS = 2.7 cm the function was discontinuous for all values of Lc < 2.5 

cm; backscatter dropped suddenly at this point (figure 2a).  There was also a flat region in 

the function, where backscatter did not vary with hRMS, but rather remained constant for a 

range of hRMS values.  For Lc >= 2.5 cm, the functional relation between σ0 and hRMS was 

smooth and free from discontinuity. 

Thus, the sensitivity of σ0 to both roughness parameters was dependent on each 

parameter alone, and the relation between the two. This suggests that the roughness 

parameters interact with each other in determining backscatter.  It is possible that a 

tradeoff might exist between the two roughness parameters, meaning a combination of 

high value of Lc and low value of hRMS might generate the same backscatter as might low 

value of Lc and high value of hRMS.  Overall, the relative sensitivity of σ0 to hRMS was 

higher, but the sensitivity of σ0 to Lc dominated when the values of Lc were small.  The 

understanding of the sensitivities of σ0 to roughness parameters has implications on how 

the IEM is approximated with simple functions in order to derive relations between hRMS 

and Lc, which is discussed in the next section.  

4.2 Derivation of Lc 

A generalized form of the IEM was introduced earlier in equation  (1) as 

( )scRMS ,θ,Lhσ f0 = .  In the dry season, the moisture content of an area can be very low 

and spatially uniform.  The effect of θS on the σ0 of a radar signal measured in the dry 
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season (σ dry
0 ) can be very low and be neglected altogether without making significant 

error.  In that case the IEM can be expressed as 

( )cRMSdry ,Lhf0 =σ .  (3) 

To test the validity of the assumption that σ dry
0   is only a function of roughness, 

the difference between σ0 from the September 16 and January 19 images was computed 

for all study sites.  The soil moisture content during these two image acquisitions was 

small (0.04 and 0.05, respectively) and they were considered “dry”.  The mean difference 

of σ dry
0  measured on these two dates was found to be -0.42 dB.  Compared to the means 

of individual images (about -13 dB) this difference was small, which showed that 

σ dry
0 from both images was quite similar given that RMS height and correlation length did 

not change over this short time period.  This small difference can mostly be attributed to 

the slight difference in moisture content between January and September.  The IEM 

simulation suggests that a 0.01 difference in moisture content changes backscatter by -

0.37 dB, when the moisture level is about 0.05 for a roughness condition similar to 

WGEW.  So, the assumption that the σ dry
0  is only a function of roughness seems 

plausible. 

It is possible to invert IEM of the form represented in equation (3) and 

write ( )01-f dryRMSc ,σhL =  ( )0
dryRMS ,σhg= , where -1fg = . The functional form of ‘ g ’ should 

always be traced and the coefficients should be estimated, as is done in this study.  This 

gives rise to the framework under which a theoretical relation between hRMS and Lc of the 

following kind is possible, 
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( )0
dryRMSc ,σhgL = .  (4) 

If the value of hRMS is known from field measurements and σ dry
0  is known from a 

radar image, the value of Lc for that site can be determined from equation (4).  In this 

study, Lc is estimated following this concept.  A radar image of dry ground condition is a 

prerequisite for estimating Lc using the technique developed and applied in this study. 

It is also possible, however, to avoid field measurements of roughness altogether 

to obtain the estimate of both roughness parameters, if radar images from two different 

view angles with unchanged ground conditions are available.  Zribi (2002) showed that 

the radar backscatter difference (∆σ0) on a particular site taken from two different 

incident angles with unchanged ground conditions is a function of the Z index, where Z = 

cRMS /Lh2 .  His formulation can be expressed more specifically as 

)u( 02 ∆σ/Lh cRMS = .  (5) 

The specific form of the function ‘u’ was derived by IEM simulation.  

Substituting hRMS from equation (5) into equation (4) and rearranging terms, it follows 

that 

( )00
dryc ,σ∆σL ω= .  (6) 

Here, ω  is a function that has to be determined. This is the solution of Lc as a 

function of ∆σ0 and σ dry
0 , both of which can be sensed remotely using satellite radar 

sensors.  Note that σ dry
0  has to be extracted from a radar image for which θS  is low, such 

as 0.05.  On the other hand, the requirements for ∆σ0 are radar images with two different 
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incident angles and unchanged ground condition, regardless of soil moisture content. 

Once Lc is known, it can be substituted in equation (5) to solve for hRMS.  In this way, an 

explicit solution of two roughness parameters is possible using only remote sensing. 

However, the problem with this approach is in equation (4).  In the presence of 

integrals and Fourier transform in the ‘f’ function of IEM, it is very difficult, though not 

impossible, to derive ‘g’ which is an inverse of ‘f’.  This difficulty can be bypassed if an 

approximation with good precision of the function “f”, such as a second or third degree 

polynomial, is used.  Taylor’s theorem suggests that this is a possibility as long as the 

function “f” is continuously differentiable up to the desired degree.  It can be seen in the 

plots of equation (3) shown in figure 3 that the function can be partitioned along the line 

of discontinuities, and it will be continuously differentiable within the regions formed by 

the partitions. 

After overcoming these technicalities, the following set of equations were 

estimated as piece-wise approximations of the IEM ‘f’ function.  The equations are, in 

fact, mathematical representations of the forms presented in figure 3. To show the 

complex nature of relationship between hRMS and Lc, as modeled by IEM and are captured 

by these equations, are provided in figure 4. 
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(7 )

Region 1: 0.5 <= hRMS =< 2.7 and Lc <= 2.22  

a) If cRMS Lh 0.512.3−≤ ,  

cRMScRMScRMSdry LhLhLhσ 3.671.246.742.3211.9726.7 220 +−−++−=   R2= 0.99  

b) If cRMS Lh 0.512.3−> ,  

20 3.515.0129.7 ccdry LLσ −+−=       R2= 1.00 

Region 2: 0.5 <= hRMS =< 6 and Lc > 2.22  

c)

22320 .019.068.391.14.161.097.5219.3 cRMScRMSRMScRMSRMScRMSdry LhLhhLhhLhσ −−++−−+−=   

R2= 0.99 

Region 3: 2.7 < hRMS =< 6 and Lc <= 2.22  

d) 320 5.1824.0741.214.2739.55 cccRMSdry LLLhσ +−+−−=   R2= 0.99 

A simple procedure of approximation was followed here.  First, a rectangle was 

formed, for which the x axis was hRMS (varying from 0.5 cm to 6.0 cm) and the y axis was 

Lc (varying from 0.5 cm to 15.0 cm).  Both these axis were divided into a finite number 

of segments to form a grid, each cell of which was rectangular in shape and of the same 

size.  Intersecting points in the grid represented combinations of hRMS and Lc values, for 

which radar backscatter were generated using IEM.  Very small values of moisture 

content (θS = 0.05) were chosen to represent a dry ground condition, which was kept 

constant for all observations to simulate same moisture content across entire watershed.  

A radar frequency of 5.3 GHz and an incidence angle of 46 degree was used to generate 
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HH polarized backscatter from IEM.  These backscatter values were plotted along the z 

axis. 

Second, the partition along discontinuities was identified by evaluating 

derivatives with respect to hRMS and Lc.  For example, in region 1b as defined in equation 

(7), the first derivative with respect to hRMS was zero, since the backscatter did not vary 

with hRMS in this region. 

Third, a polynomial of third degree was fitted in each region as defined in 

equation (7).  The effects of some terms of the polynomial were negligible, and those 

were dropped.  The approach was to make the function as simple as possible without 

compromising the fit.  For region 1b, a second degree polynomial was sufficient.  Note 

that functions other than polynomials are also possible; however, polynomials were 

considered the most practical for this application. 

Once the equations were established, it was possible to analyze the theoretical 

relation between hRMS and Lc.  In effect, equation (7) is the specific form of equation (3) 

that was introduced in general terms.  For a particular site, when hRMS is known from field 

measurements and backscatter is known from a radar image with dry ground condition, 

these two values can be substituted into equation (7).  As a result, equations (7a)-(7c) 

convert to quadratic equations and equation (7d) converts to a cubic equation in Lc, and 

the solutions of all these equations follow simple textbook formulas.  In this way, the 

solution process of equation (3), which was expressed in general term in equation (4), 

becomes simple and the value of Lc can be obtained.  The image acquired on September 

16, 2003 was the driest (table 1) and used for this purpose. Note that it is possible to 
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obtain multiple solutions of Lc, since the equations involved are quadratic or cubic.  

However, determining the unique feasible solution is not difficult.  If the value of hRMS 

falls in the valid ranges of equation (7c), for example, the feasible solution of resulting Lc 

is the one that results from solution of equation (7c). It is possible that the value of hRMS 

falls in the ranges of more than one equation, the resulting Lc need to be checked with the 

valid ranges of all equations.   

4.3 Derived cL  compared to other cL estimations 

In this section, comparisons are made between the theory-based derivation of Lc 

(discussed in the previous section) and Lc estimated using three other methods.  The 

results are presented in a series of figures in which method-dependent Lc is plotted along 

the y axis and field-measured hRMS is plotted along the x axis for the 43 sample sites 

measured in this study.  The methods compared to the theory-based Lc include field 

measurements of Lc, and the Lc determined from the IEM LUT based on the measured 

values of hRMS, θS and σ0 (described in the Methods section). 

Theory-based Lc was also compared to the empirical formulation of Baghdadi et 

al. (2004), as summarized in equation (2).  For application of equation (2), Baghdadi et 

al. suggested that values of the coefficients be adjusted iteratively to match the data used 

for this study.  In the first iteration, the values of coefficients as proposed for exponential 

correlation function were used to compute Lc from field-measured hRMS.  Using these Lc, 

hRMS and field measured θS, σ0 values were generated using IEM, which were then 

matched with the Radarsat backscatter of the study area.  In the second iteration, a 
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different set of coefficients were chosen and the process was repeated.  The iterations 

ended when the best possible matches between IEM-simulated backscatter and Radarsat-

measured backscatter were found. Finally, the following relationship between Lc and hRMS 

was found appropriate for the watershed under study. 

2
RMSc hL =  for cm 1.25≥RMSh ; otherwise, cm 1.56=cL ,  (8) 

The comparison between theory-based Lc and field measured hRMS (figure 5a) 

revealed that most of the values of Lc were less than 5 cm and did not vary substantially 

with hRMS.  For such small values of Lc, the effects of Lc on σ0 were the greatest (figure 

1a).  This explains why previous studies have reported difficulties retrieving accurate θS 

from IEM when Lc is based on field measurements using roughness meters with relatively 

short profile lengths.  Estimates of Lc based on short profiles have proven faulty 

(Baghdadi et al. 2000).  Verhoest et al. (2000) suggested that Lc tends to be more 

accurate with longer profile length. The second prominent feature of the comparison is 

the existence of high hRMS with low Lc, which implies that a very rough surface can vary 

almost randomly across space.  This finding corroborates results of previous studies 

(Davidson et al., 2000). The third prominent feature is the presence of high Lc values that 

increase monotonically with hRMS.  These observations suggest that there are two general 

categories of Lc, one for low values that do not vary with hRMS, and the other for high 

values that increase monotonically with hRMS. 

The empirical model proposed by Baghdadi et al. (2004) in equation (2) and its 

adaptation to the watershed under study (equation 8) has features almost identical to 

those just described (figure 5b).  That is, for most of the observations, Lc is low and does 
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not vary with hRMS and the higher values of Lc increase exponentially with hRMS.  This is 

probably the reason why the method developed in this paper produces results that are 

similar to those of Baghdadi et al.  However, the occasion, found in this study and others, 

for which a site is characterized by high hRMS with low Lc can not be explained by the 

Baghdadi model.  Also, the model is semi-empirical, where the model coefficients 

require an iterative, site-specific adjustment based on numerous field measurements.  

This results in a lack of generality for application.  Equation (4) suggests that the relation 

between hRMS and Lc is not a fixed one, but rather it varies with the level of σ0, which in 

turn depends on the particular site.  Figure 4 shows the complex nature of relationships 

among hRMS, Lc and σ0 more elaborately. This is in contrast to equation (2) that offers a 

certain fixed relation between hRMS and Lc.  This fixed nature of relation between 

roughness parameters may not be compatible with IEM. 

The Lc that was derived by inverting the IEM LUT to fit the field data best has a 

relation with hRMS (figure 5c) that is similar to that obtained with the theory-based Lc 

(figure 5a).  In both cases, most of the Lc observations were low; there were some 

observations with high hRMS and low Lc; and there were some result that showed Lc 

increased with hRMS.  However, Lc values from the best-fit LUT were, in general, larger 

than those computed with the theory-based method.  The LUT-derived Lc values were 

based on model inputs of hRMS, θS and σ0.  Measurement errors in any or all of hRMS, θS 

and σ0 might accumulate in the Lc in the process of matching. 

The relation between the theory-based Lc and hRMS (figure 5a) is quite different in 

appearance from that obtained with field measurements based on the pin meter (figure 
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5d).  This raises some concern about how well the theory-derived Lc represents field 

conditions.  No doubt, the use of the theory-derived roughness produces better results in 

terms of aligning IEM-derived σ0 with Radarsat σ0, which is discussed in the next 

section.  This suggests that the theory-based roughness represents, with some degree of 

precision, how the Radarsat sensor system responds.  The most likely reason for this 

apparent incompatibility between model-derived and field-measured Lc might be the error 

in field measurements.  A pin meter of 1-m profile length is often used for roughness 

measurements, but recent studies suggest that more representative estimations of Lc 

require roughness measurements with longer profile length.  However, how well the 

model derives Lc to represent field surface roughness remains unanswered, in spite of its 

ability to provide better Lc input to IEM. 

4.4 Field Validation of Derived Lc 

To examine the performance of Lc estimates using different methods, field-

measurements of hRMS, θS and method-derived Lc, were used to generate σ0 using IEM, 

and then, these were compared with the satellite measurements of σ0 for the 43 study 

sites.  The methods that produced IEM-modeled σ0 which aligned more closely with 

satellite-measured σ0 were considered superior.  The assertion is that the inappropriate Lc 

estimate hinders IEM from performing well as a model to represent satellite-measured σ0. 

In an ideal situation, satellite-measured σ0 should align with IEM-modeled σ0 along the 

one-to-one line. 
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The theory-based Lc and the field-measured values of hRMS and θS were used in 

IEM to generate σ0 for comparison with satellite-measured σ0 (figure 6a).  When 

compared with an IEM model run based solely on field measurements (figure 6d), the 

results were greatly improved and the scatter clustered about the one-to-one line. 

On the other hand, the empirical method (equation 2) of deriving Lc, performed as 

well as the theory-based method (figure 6b).  These two methods show similar 

characteristics in the relation between hRMS and Lc as discussed in the previous section 

and illustrated in figure 5. 

Values of Lc derived by inverting the IEM LUT, which is equivalent to running 

IEM in the backward direction, resulted in the least scatter (figure 6c).  In this approach, 

Lc was read from a IEM generated LUT  by matching satellite-measured σ0, field 

measured hRMS and θS with the LUT values as closely as possible. So the close matches 

along a one-to-one line between satellite-measured and model generated σ0 found in 

figure 6c was by design.  However, it was useful to compare the theory-based results with 

those based on the best fit LUT to determine the limitations of this data set. 

The analyses so far have used site-specific comparisons between IEM-modeled 

σ0, generated by the use of field measurements of hRMS, θS and method-derived Lc, and 

the satellite backscatter from 43 35-m square study sites.  As opposed to the findings in 

this study, relations between IEM outputs and satellite measurements at this scale were 

found to be weak by many studies (e.g. Njoku et al. 2000; Thoma et al. (In press); Le 

Conte et al. 2004).  However, results of these studies improved significantly when the 

computations were conducted at the watershed scale.  The results of this study were 
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aggregated at a watershed scale (by averaging all 43 values to one value per date) to see 

if the data used in this study confirm those findings. The mean and standard error of 

satellite backscatter from all 43 sites were compared with the same statistics derived from 

IEM backscatter generated by using method-derived Lc and field measurements of hRMS 

and θS from 43 sites (table 3).  However, the basic conclusions were the same as for the 

site-scale comparisons. 

The analysis presented here used field measurements of soil moisture content 

without accounting for the rock fragment fraction in the surface soil volume, that can be 

as large as 47% in this study area.  The entire analysis was repeated using moisture 

content corrected for rock fragment fraction as suggested by Thoma et. al. (in press) 

which, presented simply, was a 0.37 decrease in measured soil moisture.  Comparison 

between results at the watershed scale without correction for rock fraction (table 3) to 

results with correction (table 4) suggest that the IEM model underpredicted Radarsat 

backscatter over the study area irrespective of the techniques used for deriving Lc, when 

rock fragment corrected θS was used.  Though the standard deviation of the prediction 

decreases, the bias increased.  This simple test emphasizes the complexity of working 

with radar imagery in soils with a large rock fragment fraction.  That is, the common 

methods of measuring soil moisture do not account for the large mass of rocks in the soil 

surface volume, and the common methods for measuring surface roughness do not 

account for the volumetric roughness that impacts the radar signal.  In the IEM model, 

this results in a potential overestimation of σ0 due to overestimation of θS , and a 

potentially counterbalancing underestimate of σ0 due to underestimation of roughness.  
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Thus, a simple correction of soil moisture based on rock fragment fraction is reasonable, 

but may be incomplete.  This aspect of radar remote sensing deserves further 

consideration. 

5. CONCLUSIONS 

The IEM is commonly used to retrieve surface soil moisture content from 

measurements of radar backscatter (see review by Moran et al. 2004).  It performs well in 

quantifying the backscatter from a known surface condition in a laboratory setting.  

However, studies have shown that it is difficult to achieve similar performance in field 

conditions.  Estimation of the correlation length (Lc) of surface roughness is one of the 

main difficulties in parameterizing IEM, and poor estimation of Lc has resulted in poor 

IEM performance.  Our results showed that the sensitivity of radar backscatter (σ0) to 

both Lc and RMS height of surface roughness (hRMS) was dependent on each parameter 

alone, and the relation between the two.  In general, the relative sensitivity of σ0 to hRMS 

was higher overall, but the sensitivity of σ0 to Lc dominated when the values of Lc were 

small. 

In this paper, a new method for determining Lc was presented, based on the theory 

behind IEM.  IEM was simplified by making an assumption that the moisture content (θS) 

of the targeted material was very low and uniform across the space.  In this situation, the 

effect of the θS on radar backscatter becomes negligible.  This assumption is equivalent to 

a radar image taken over dry ground, for which the backscatter is almost entirely 

dependent on surface roughness.  IEM-modeled backscatter, in this condition, was 
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approximated by simple functions of the roughness parameters Lc and hRMS.  These 

simple functions were manipulated to express Lc as a function of hRMS and σ0.  Field 

measurements of hRMS and remote sensing measurements of σ0 from a radar image with 

dry soil conditions (σ dry
0 ) were used to estimate Lc using  this function.  IEM performed 

well in reproducing satellite backscatter from wetter ground conditions when this Lc 

along with the field measurements of hRMS and θS were used as inputs.  Though the results 

presented here (equation 7) are only appropriate for the same Radarsat configuration used 

in this study (table 2), this process can be repeated as described for any sensor 

configuration of radar satellite, assuming a radar image acquired with dry ground 

condition is available. 

Based on extensive field data analysis, the performance of the new theory-based 

method showed an improvement over the use of field measurements.  It also has 

advantages over simple empirical approaches (e.g., equation 2) because it does not 

require field measurements for iterative calibration. 

The main contribution of this work is the development of a theory-based relation 

between Lc and hRMS that can improve the performance of IEM in field applications.  This 

simple function of σ0, Lc and hRMS (equation 7, figure 4) allows the possibility of 

determining both roughness parameters without any ancillary data except σ dry
0 .  As 

described previously, the radar backscatter difference (∆σ0) measured for two different 

incident angles is potentially a function of cRMS /Lh2  (equation 5).  By combining equations 

(5) and (7) with measurements of ∆σ0 and σ dry
0 , an explicit solution of the two roughness 
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parameters is possible using only remote sensing.  The method is outlined in this paper 

and field validation of this approach is underway. 
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TABLES 
 

Table 1: Summary statistics of field measured moisture content (θS), roughness 
RMS height (hRMS), correlation length (Lc) and Radarsat backscatter (σ0). 

 Mean Std. Dev. 
January 19, 2003   

θS 0.05 0.03 
σ0, dB -13.81 1.59 

July 30, 2003   
θS 0.18 0.06 
σ0, dB -11.59 1.26 

August 23, 2003   
θS 0.07 0.04 
σ0, dB -12.67 1.62 

September 16, 2003   
θS 0.04 0.01 
σ0, dB -13.39 1.47 

Over all   
θS 0.10 0.07 
σ0, dB -12.56 1.63 

hRMS, cm 1.13 0.40 
Lc, cm 7.39 1.92 
Number of sites 43 
 
Table 2: Sensor configuration of radar imagery used in this study. 
 Radarsat-1 
Pixel resolution 8 m 
Polarization HH 
Incidence angle 46o 
Frequency C-band (5.3 GHz) 
Wavelength 5.6 cm 
Time of overpass 6:30 pm 
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Table 3: Watershed scale comparison of model-generated backscatter with the Radarsat 
backscatter. 

Methods Mean Std. 
Dev.

Bias of model
prediction

Std. Dev. 
of bias

RMSE

Radarsat Backscatter over WGEW -12.56 1.63 -- -- --
IEM Backscatter: Lc by  new method -13.27  2.16 0.71 2.14 2.25
IEM Backscatter: Lc by Baghdadi  -13.31 2.11 0.75 2.19 2.30
IEM Backscatter: Lc by inverting LUT -13.33 1.91 0.77 1.69 1.85
IEM Backscatter: Lc by field 
measurement 

-14.40 3.19 1.84 3.15 3.63

 
Table 4: Watershed scale comparison of model-generated backscatter with the Radarsat 

backscatter, rock fragment corrected θS is used. 
Methods Mean Std. 

Dev.
Bias of 
model 

prediction 

Std. Dev. 
of bias

RMSE

Radarsat Backscatter over WGEW -12.56 1.63 -- -- --
IEM Backscatter: Lc by  new method -14.29 1.94 1.73 2.02 2.66
IEM Backscatter: Lc by Baghdadi  -14.55 1.87 1.99 1.94 2.78
IEM Backscatter: Lc by inverting LUT -14.42 1.76 1.87 1.64 2.47
IEM Backscatter: Lc by field 
measurement 

-15.50 2.98 2.94 3.00 4.19
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ILLUSTRATIONS 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1 Sensitivity of correlation length (Lc) of surface roughness (derived by IEM 

simulation with a fixed moisture content, θS = 0.19); a) for RMS height, hRMS ≤ 
2.22 cm, b) for hRMS > 2.22 cm. 

 
 
  
 
 
 
 
 
 
 
 
 
 
 
Figure 2 Sensitivity of RMS height (hRMS) of surface roughness (derived by IEM 

simulation with a fixed moisture content, θS = 0.19) a) for correlation length, Lc ≤ 
2.25 cm, b) for Lc > 2.25 cm. 
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b) a) 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3 Backscatter (σ0), RMS Height and correlation length for a fixed moisture 

content, θS = 0.05; a) feasible ranges for the study sites, and b) magnified folded 
part of the diagram left. 
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b) 

a) 

c) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4 IEM embedded relationship among RMS height (hRMS), correlation length (Lc) 

and Radar backscatter (σ0) for a fixed moisture content, θS = 0.05. The graphs are 
plots of equation (7), which is an approximation of IEM with low and negligible 
moisture condition. The numbers inside the graphs are σ0 in dB unit. a)  Equations 
(7.a, 7.b) for which 0.5 <= hRMS =< 2.7 and Lc <= 2.22 denoted as Region 1; b) 
Equation (7.c) for which 0.5 <= hRMS =< 6 and Lc > 2.22 denoted as Region 2; and 
c) Equation (7.d) for which 2.7 < hRMS =< 6 and Lc <= 2.22 denoted as Region 3. 
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Figure 5  Field measurements of RMS height (hRMS) vs. method driven correlation length 

(Lc); a) Lc by the method proposed in this paper, b) Lc by Baghdadi model, c) Lc 
by inverting LUT, and d) Lc by field measurements of roughness. 
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Figure 6  Radarsat backscatter over WGEW vs. IEM backscatter generated by the use of 

field measurements of moisture content (θS), RMS height (hRMS) and method 
driven correlation length (Lc); a) Lc by the method proposed in this paper, b) Lc by 
Baghdadi model, c) Lc by inverting LUT, and d) Lc by field measurements of 
roughness. 
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ABSTRACT 

Radar satellites transmit microwave energy from its own source towards ground targets 

and receive back a portion of scattered energy by an antenna on the same platform. The 

moisture content of the target material and the surface roughness greatly influences the 

scattering. Integral Equation Model (IEM) is the most widely used physically based radar 

backscatter model that quantifies the magnitude of backscattering as a function of 

moisture content and surface roughness, which are unknowns, and the known radar 

configurations. In order to estimate surface roughness and soil moisture by solving an 

IEM with two unknowns is a classic example of under-determination and is at the core of 

the problems associated with the use of radar imagery coupled with IEM-like models. 

Ancillary field data derived estimates of roughness are traditionally used to solve this 

problem and retrieve soil moisture from radar data. However, field data that is meant to 

characterize surface roughness is often unreliable, is expensive to collect and is nearly 

impossible to acquire for large scale applications. These issues represent barriers to the 

adoption and of radar data for mapping soil moisture over large areas. The research 

presented in this paper is aimed at the development of an operational soil moisture 

assessment system based solely on satellite data and a radar model, eliminating the field 

data requirements altogether. Here, necessary equations are derived to solve an under-

determined system. The approach is based on the concept that if the numbers of equations 

are equal to the number of unknowns, then explicit solutions of all unknowns are 

possible. The derivation of the equations and how to use them to estimate soil moisture 

without using ancillary field data was demonstrated in this research. 
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1. INTRODUCTION 

Information about the distribution of surface soil moisture (θS) could benefit a 

number of applications ranging from the management of agriculture and natural resources 

to the science of understanding land-atmosphere interaction to determining vehicle 

mobility.  Images of radar backscatter from orbiting sensors have been used for mapping 

surface soil moisture (Moran et al. 2004).  Retrieval of θS from radar backscatter (σ0) is 

often based on radar backscatter models, such as the Integral Equation Model (IEM), 

which is developed for bare soil, but can be used with sparse vegetation (Fung and Pan 

1986; Fung et al. 1992; Fung 1994). IEM can be represented in general terms as 

( )ScRMSwet ,θ,Lhσ f0 =  .  (1) 

IEM requires an estimate of surface roughness for soil moisture retrieval from radar 

backscatter of a wet season image ( 0
wetσ ). The model characterized surface roughness by 

the root mean squared height of surface roughness (hRMS) and the correlation length (Lc) 

of surface roughness.  It is conventionally measured by a pinmeter, and more recently, by 

field-deployed laser scanners (both described by Bryant et al. (submitted)). 

Recent studies have indicated that the magnitude of hRMS and Lc are scale related 

(Le Toan et al. 1999) and highly dependent on the length of the transect (Bryant et al. 

submitted), when measured with a pin meter or laser scanner.  This is true especially for 

the estimate of Lc (Davidson et al., 2000; Bryant et al. submitted).  The suggestions for 

optimum transect length vary from a couple of meters (Baghdadi et al. 2000) to hundreds 

of meters (Verhoest 2000).   Lc also depends on the type of auto correlation function used 

in its estimation from field data (Baghdadi et al. 2004, Davidson et al., 2000).  This 
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implies that consistent roughness parameters cannot be estimated using field data for use 

as an input to the IEM.  Moreover, conducting field measurement of roughness may 

become impractical and expensive when large areas need to be covered. 

In addition to the field measured roughness, the abundance of rock fragments, if 

present in study locations, may influence radar-perceived roughness. The radar signal 

penetrates a few centimeters below the ground and is likely to be affected by the 

subsurface nature of roughness caused by rock fragments below soil surface (Jackson et 

al. 1992). Moreover, when radar signal penetrates few centimeters below ground surface 

it probably suffers multiple bounce by the subsurface rock fragments, which may result in 

volume scattering. It is likely that the radar-perceived roughness is combination of 

surface and subsurface roughness. On the other hand, the pinmeter measures roughness at 

the top of the soil surface and is not designed to measure the roughness caused by the 

subsurface rock fragments. 

For all these reasons, measurement of distributed surface roughness has been a 

barrier for regional application and wide use of microwave technology for surface soil 

moisture sensing.  It would be beneficial to develop a surface roughness mapping system 

based solely on satellite data and a radar backscatter model, eliminating the need for field 

measurements altogether.  In such a situation, an operational soil moisture assessment 

system based on a radar backscatter model would be practical.  Furthermore, maps of 

surface roughness may have potential usefulness based on their own merit.  The 

availability of image-based roughness maps may provoke future applications to erosion 
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prediction, surface runoff modeling and soil moisture estimation from passive microwave 

imagery.  

Many components of research needed to develop an image-based approach have 

already been published and can be compiled to develop a method for mapping of 

roughness and soil moisture.  Zribi et al. (2002) indicated an interesting property of IEM 

that may have great use.  They found that the difference in backscatter (∆σ0) generated by 

the IEM model with two different incidence angles, keeping all other parameters 

constant, is proportion to roughness only.  It was found that ∆σ0 is proportional to the 

ratio of hRMS and Lc, which was referred to as the z-index and defined as cRMS /Lh2 .  Z-index 

is computed as follows by Zribi et al. (2002). 

( )02 ∆σgLh cRMS = ,  (2) 

Here, ‘g’ is a function, the specific form of which was estimated using IEM simulated 

data. This formulation provides a foundation for mapping of surface roughness using 

radar imagery with two incidence angle. However, the formulation does not provide an 

explicit solution of hRMS and Lc, which are needed as inputs to IEM for the retrieval of 

surface soil moisture from radar imagery. 

As a complement to the work by Zribi et al., Rahman et al. (submitted) expressed 

the relation between hRMS and Lc using simple equations based on IEM theory.   Then, 

using a radar image obtained with relatively dry surface condition (θS on the order of 

0.03), they showed that it was possible to derive either hRMS and Lc from the measurement 

of radar backscatter.  That is, the effect of θS on the σ0 of a radar signal measured in the 



 
131

dry season ( 0
dryσ ) is very low and this was neglected altogether without making 

significant error.  The general form of the equation was written as  

( )cRMSdry ,Lhh=0σ . (3) 

The specific form of the equation was estimatyed using IEM simulated data for certain 

radar configurations (Rahman et al. (submitted)).  

Substituting terms between Eq. (2) and (3) it should be possible to solve for two 

roughness parameters, hRMS and Lc, explicitly, where   

    ( )00
dryc ,σ∆σL ω= , and 

( )00
dryRMS ,σ∆σh ψ= . 

Here, ω and ψ are two functions determined by the substitution. The resulting roughness 

maps then can be used to parameterize IEM for producing surface soil moisture map. 

As evident in this formulation, a maximum of three radar images are needed for 

roughness mapping.  These include two images with different incidence angles to 

determine ∆σ0 and one image with dry ground condition to measure 0
dryσ .  The image 

requirements can be reduced to two if the images at two incidence angles are available 

for dry surface conditions.  In this case, one of them can be used for extracting 0
dryσ  and 

both can be used to extract ∆σ0 .  The images required for computing ∆σ0 can be acquired 

with either dry or wet surface conditions.  However, the moisture content of the ground 

surface has to remain unchanged during acquisition of these two images, since ∆σ0 is 

modeled as a function of roughness only (Eq. 2).  Moreover, the roughness itself has to 

(4) 
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remain unchanged during acquisition of all images, since the goal is to solve for the 

roughness parameters from images. 

In spite of these limitations, data from currently orbiting radar sensors can be used 

to resolve Eq. (4) and determine both hRMS and Lc for IEM parameterization.  In the 

second step, the values of hRMS and Lc can be substituted in Eq. (1) and expressed as  

( )sdrywet ,σ∆σf θσ ,000 = . (5) 

Eq. (5) then can be inverted for solving surface soil moisture, where 

( )0001 , wetdrys ,σ∆σf σθ −= . (6) 

In the presence of integrals and Fourier transform in the ‘f’ function of IEM, it is difficult, 

though not impossible, to get an inverse. This difficulty can be overcome by an 

approximation of Eq. (6) with a polynomial of required order. IEM simulated data can be 

used for this purpose.  

Since the solution of all parameters, such as hRMS, Lc and θS, can be obtained 

through simultaneous use of images as described above, pixel by pixel computation can 

be implemented to derive the outputs in the form of maps.  

The specific objectives of this study are as follows: 

1) Implement the method outlined above for mapping characteristic parameters 

of surface roughness by the use of two Envisat ASAR images (June 9 and 

June 15, 2004) obtained under dry surface conditions; 

2) Compare image-based measurements of hRMS  and Lc with conventional pin 

meter measurements for 13 sites in the semiarid Walnut Gulch Experimental 

Watershed (WGEW) near Tucson, Arizona; 
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3) Use the resulting roughness map to parameterize IEM for mapping soil 

moisture from two more Envisat ASAR images (July 14 and August 2, 2004) 

of WGEW under relatively wet ground condition; and  

4) Validate the resultant surface soil moisture maps with field measurements of 

the same 13 sites during the overpass of Envisat on July 14 and August 2, 

2004. 

2. MATERIALS AND METHODS 

2.1 Study Site 

This field study was conducted in the 150 km2 Walnut Gulch Experimental 

Watershed (WGEW) operated by United States Department of Agriculture, Agriculture 

Research Service (USDA-ARS).  The watershed is located in the Sonoran desert, State of 

Arizona, near the US-Mexico border.  The watershed has a semi-arid climate in which the 

average annual rainfall is 330 mm.  It is characterized by rolling hills ranging in elevation 

from 1220 to 1960 m and the major soil type is sandy loam with rock fragment fractions 

on the order of 47% by volume within the top few centimeters of the soil surface (USDA-

NRCS 2002).  The watershed has sparse vegetation, consisting mainly of desert grass and 

shrub.  There are many ephemeral streams and channels running across the watershed 

with no perennial water supply or source.  The watershed is instrumented with 

precipitation gages, meteorological stations, soil moisture sensors and flumes for 

hydrologic experimentations (Renard et al., 1996). 
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2.2 Satellite Data Processing 

Four Envisat ASAR images are used in this study.  The specific type of the 

product is Alternating Polarization Ellipsoid Geocoded, which is described in the ASAR 

product handbook (ESA 2002).  Some of the features of the images used for analysis in 

this study are given in Table 1. 

The image digital numbers (DN) are in units of amplitude and are converted to 

backscatter values (σ0) following ASAR product handbook.  The computation of σ0 is 

done using the formula 

Sinα
K
A

σ
2

0 = , (7) 

where σ0 is the radar backscatter in power [m2 / m2], A is the pixel intensity in amplitude 

values, K is the external calibration constant [m2 / m2] and α  is the distributed incidence 

angle. The external calibration constant and distributed incidence angles of a particular 

image are found by performing header analysis using ‘BEST’ software, which is 

available on the ENVISAT website (www.envisat.esa.int).  Power to decibel conversion 

is a logarithmic conversion, where 

σ0 (dB) = 10[log (σ0)].  (8) 

The ASAR images acquired on June 9 and June 15, 2004 were coincidence with 

dry surface conditions and are used for the roughness mapping.  The two images were so 

selected that the difference in incidence angles was largest possible. Backscatter 

differences become more sensitive to surface roughness as difference in incidence angle 

increases and are helpful for estimation of roughness. The ASAR images acquired on 
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July 14 and August 2, 2004 corresponded to relatively wet surface conditions and is used 

for soil moisture mapping.   

A median filter consisting of a 9-pixel moving window is applied for optimal 

speckle reduction (Thoma et al. submitted).  Despite the filtering, some extreme high and 

low values of radar backscatter are still detected in all output maps.  These extreme 

values seem more prevalent at mountain tops and surrounding areas indicating likely 

effects of topography on the radar backscatter.  A mode filter based on a 3-pixel moving 

window is applied over the image to replace extreme values with the mode of the 

surround values.  This filter is effective in relatively flat areas where extreme values were 

less prevalent.  In mountainous regions, a second pass of another mode filter based on a 

10-pixel moving window is needed.  

A good image-to-image registration is essential for this study since backscatter of 

corresponding pixels of two images are differenced in computing roughness of that pixel.  

Visual inspection indicates that the geocoded images that are used in this study have good 

image-to-image registration; therefore, further image registration is not applied.  

However, deviations up to three pixels are observed in image-to-ground registration in 

some parts of the study area, when geocoded images are compared with geo-registered 

aerial photographs.  The accuracy of the computation needed for mapping surface 

roughness should be unaffected by this deviation, however, the deviation may affect the 

validation process.  For validation of the results, that is, comparing output maps values 

with field data, an area of 110 by 110 m corresponding to each sample site is identified 

on the roughness and soil moisture maps based on their known coordinates and is 
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clipped.  The averages of the values within clipped area are compared with the field 

measurements of roughness and soil moisture.  The 3-pixel deviation in registration may 

affect the clipping part of validation process.  To check if the 3-pixel deviation in 

registration has an impact, the size of the clipped area is increased to 150 by 150 m and 

the validation process is repeated.  The increase in window size used for clipping is likely 

to capture effects of 3-pixel registration error.  

2.3 Ground Measurements of Soil Moisture and Roughness 

The top 5-cm surface soil moisture (θS) was measured at 13 sites over the two 

most dominant soil types of the WGEW (very gravelly sandy loam Elgin-Stronghold 

complex and very gravelly sandy loam Luckyhills-McNeal complex) at the time of 

Envisat overpasses on July 14 and August 2, 2004.  Depending on the level of moisture, 

approximately 20-30 measurements were made with a Theta Probe from an 110 by 110 m 

area at each of the 13 sites.  The objective of these measurements was to capture the 

spatial variability of θS over 9×9 Envisat image pixels over each training site.  The time 

span over which the field measurements were undertaken was divided equally before and 

after the satellite overpass. Soil moisture data during dry season overpass of Envisat 

(June 9 and June 15, 2004) was taken from a Vitel Probe, which is planted in all 13 sites 

for automatic and year round monitoring of soil moisture. 

Surface roughness for the 13 sample sites was measured using a pin meter of 3-m 

profile length.  The pin meter traced the surface height variation at 1-cm intervals and the 

trace was documented in a photograph with a digital camera. Ten pin-meter 

measurements were made placing randomly over an area of 30 x 30 m around each 
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sample site.  The photographs were processed with a computer program to generate 

values of hRMS and Lc averaged over each site (Bryant et al. submitted). An exponential 

auto correlation function is assumed for computing Lc. 

Field data collected from 13 sites spread over 150 km2 of WGEW are summarized 

in Table 2.  The moisture content of the study site was generally low, with an average of 

roughly 0.10 during the study period.  The average moisture content was 0.07 in July and 

had increased to 0.13 in August.  The variability of moisture content across space was 

greater (0.03 to 0.10 in July, and 0.10 to 0.19 in August).  The average hRMS was 0.79 cm 

across all sites, with a maximum of 1.3 cm.  The average field measurement for Lc was 

8.2 cm, ranging from 5.0 cm to 12.2 cm. 

For WGEW, the abundance of rock fragments might impact the validation of 

method-derived soil moisture maps with the field measurements.  The problem caused by 

the presence of rock fragments is the differential content of moisture in soil and in rock 

fragments of the targeted material.  Rock fragments have little moisture even when the 

surrounding soil is saturated.  Radar backscatter from which the image-based map of soil 

moisture is attempted to derive may be sensitive to moisture content of rock-soil 

composite as opposite to moisture content of soil only by the Theta Probe signal.  A rock 

fragment correction is made by subtracting the rock fraction effect from the field measure 

of volumetric soil moisture in the manner described by Thoma et al. (submitted).   

2.4 Radar Model and Implementation 

The conceptual model for mapping surface roughness and soil moisture without 

the use of ancillary data is outlined in Eq. (1) thru Eq. (6). To implement this model the 
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specific form of Eq. (2), Eq. (3) and Eq. (6) need to be derived in simple form for the 

radar image configuration used in this study. Because of the complex form of the IEM, 

analytically deriving these equations can be difficult. However, approximations of these 

equations with high level of precession may be possible by the use of IEM simulated 

data.  

With multiple runs of IEM, two data sets of σ0 are simulated for the radar 

configurations similar to the June 9 and June 15 Envisat ASAR images (Table 1), and for 

valid combinations of Lc and hRMS (Figure 1). The moisture content θS is kept fixed at low 

(0.03) to simulate a dry condition similar to June 9 and June 15 images.  The only 

difference in configuration between these two images, and therefore the two data sets, is 

the incidence angle (20o and 41o, respectively).  The two data sets of backscatter are 

differenced (∆σ0) and z-index is computed from corresponding values of Lc and hRMS. 

Backscatter difference is regressed with the z-index to get a best fit function that relate 

the two parameters, which is specified in general term in Eq. (2). 

Similarly, a third data set of σ0 is simulated by multiple run of IEM for the radar 

configuration similar to the June 15 dry season image (Table 1) and for valid 

combinations of Lc and hRMS (Figure 1).  The values of θS were kept fixed and low (0.03) 

to simulate dry ground condition.  In order to get the specific form of Eq. (3) simulated 

backscatter is regressed with roughness parameters to fit a polynomial function of 

required order. The resulting equation, therefore, become an approximation of IEM under 

low moisture condition, which is similar to dry season.  This procedure for determining 

the specific form of Eq. (3) was described in great detail by Rahman et al. (submitted).  
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Two more data sets of IEM simulated backscatter are created for radar 

configurations similar to wet season images acquired on July 14 and August 2, 2004 

(Table 1) and for valid combinations of Lc and hRMS (Figure 1) and θS (0.03 to 0.40). For 

each data set the moisture content (θS) is regressed with simulated backscatter, Lc and 

hRMS to fit a polynomial. These fitted polynomials represent the inverted IEM, which is 

specified in general terms in Eq. (6), under July 14 and August 2, 2004 conditions.  

3. RESULTS AND DISCUSSION 

3.1 Mapping Roughness 

Surface roughness is often expressed by its statistical characteristic parameters, 

which are hRMS, Lc and the shape of the autocorrelation function.  Mapping of surface 

roughness in this study relates specifically to hRMS and Lc , while an a-prioiri assumption 

is made on the shape of the autocorrelation function.  Mapping of hRMS and Lc are 

achieved by explicitly solving the specific form of Eqs. (2) and (3) as indicated in Eq. (4) 

and described below. 

The derivation of the specific form of Eq. (2) uses radar backscatter model (IEM) 

simulated backscatter difference (∆σ0) between two incidence angles (20o and 41o) for 

the same surface roughness and moisture condition.  The incidence angles are selected for 

simulation to match the radar images acquired for roughness mapping (Table 1). A 

detailed description of the simulated data set is given in the Radar Model and 

Implementation subsection.  Using that data set, a function is fitted through z-index and 

∆σ0 to get a specific form of Eq. (2).  It is found that the definitions of z-index as well as 

the specific functional form used by Zribi et al. (2002) need little change to better fit the 
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radar configurations used in this study.  With the newly defined z-index, which is 

cRMS Lh 5.2 , the specific form of Eq. (2) became 

( ) ( )005.2 138.0109.0618.0 σσ ∆∆Lh cRMS −+= , (9) 

with R2 = 0.998 and RMSE = 0.02 (Figure 2). 

Using Eq. (9), a map of z-index is produced for the study site (rangeland of 

WGEW) by the use of the backscatter difference (∆σ0) between two images with 

incidence angles of 20o and 41o.  These images were acquired in the summer time under 

dry surface conditions over a short temporal interval (June 9 and June 15) to satisfy the 

assumptions of Eq. (9), which are invariant soil moisture, roughness and vegetation 

condition. 

Derivation of Eq. (3) is achieved by the use of the IEM-simulated data set for dry 

surface condition and a single incidence angle (41o).  The dry surface condition is 

simulated by the use of low and invariant value of moisture level (θS=0.03).  The data set 

is described in the Radar Model and Implementation subsection.  Following Rahman et. 

al (submitted), a polynomial of required degree is fitted with the data to get the specific 

form of Eq. (3) as  

3220 65.286.005.078.1840.158.3294.27 RMScRMScRMScRMSdry hLhLhLhσ +++−−+−=

 22 .04.120 cRMScRMS LhLh −+ ,       (10) 

where R2 = 0.987 and RMSE = 0.65 (Figure 3).   

The Lc as a function of hRMS and z-index from Eq. (9) is substituted in Eq. (10) to 

obtain  
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( )5.45.35.21320 *.120*86.0*40.165.278.1858.3294.27 RMSRMSRMSindexzRMSRMSRMSdry hhhhhhσ ++−++−+−= −

 ( ) ( )6521 *.04*05.0 RMSRMSindexz hh −+ −  .    (11) 

This equation is solved numerically to get hRMS as a function 0
dryσ  and z-index (and z-

index, in turn, a function of ∆σ0).  The resulting hRMS is then substituted back in Eq. (9) to 

solve for Lc.  Thus, the solution of hRMS and Lc as a function of 0
dryσ  and ∆σ0 indicated in 

Eq. (4) is therefore achieved.  Using Arc Info programming facilities, the solution process 

is conducted on a per-pixel basis, where the radar image acquired on June 15, 2004 is 

used for extracting 0
dryσ  of a pixel and the z-index map produced in an earlier stage is 

used for extracting the value of z-index of the corresponding pixel.  The resulting value of 

hRMS is assigned to the corresponding pixel of a new map referred to as hRMS map.  The 

map of Lc is obtained by the simple Arc Info grid operation as Lc = 5.2
RMSh / z-index.   

The maps of hRMS and Lc are illustrated in Figures 4 and 5, respectively.  

3.2 Mapping Soil Moisture 

The general framework for parameterizing IEM with the image-derived roughness 

maps  for estimating soil moisture map is provided in Eq. (5) and Eq. (6). IEM simulated 

data for the radar configuration similar to July 14 or August 2, 2004 images and for valid 

combinations of hRMS, Lc and θS , which is discussed in the Radar Model and 

Implementation subsection, are used in a regression framework for determining the 

approximate specific form of Eq. (6). Eq. (12) and Eq. (13) present these forms for radar 

image configuration similar to July 14 and August 2, 2004 respectively. 
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200 )}{ln(913.)ln(384.1353.)ln( σσθ −−−+=S      (12) 
432 )}{ln(017.)}{ln(013.)}{ln(947.)ln(735.1 cccc LLLL −++−  

 432 )}{ln(087.)}{ln(743.)}{ln(475.5)ln(791.1 RMSRMSRMSRMS hhhh +++−   
)ln()}{ln(187.)ln()}{ln(0.1)ln()ln(95.1 32

cRMScRMScRMS LhLhLh −−−

 2232 )}{ln()}{ln(055.)ln()}{ln(048.)ln()}{ln(006. RMScRMScRMSc hLhLhL +++   
202000 )}){ln(ln(79.)}){ln(ln(112.)ln()ln(1.)ln()ln(291.1 RMSccRMS hLLh σσσσ −−−−−+−+

 

where R2 =0.996 and RMSE = 0.04.   

200 )}{ln(986.)ln(765.1064.)ln( σσθ −−−+−=S      (13) 
432 )}{ln(019.)}{ln(028.)}{ln(866.)ln(83.1 cccc LLLL −++−  

 432 )}{ln(112.)}{ln(885.)}{ln(366.5)ln(515. RMSRMSRMSRMS hhhh +++−   
)ln()}{ln(197.)ln()}{ln(071.1)ln()ln(089.2 32

cRMScRMScRMS LhLhLh −−−

 2232 )}{ln()}{ln(053.)ln()}{ln(048.)ln()}{ln(017. RMScRMScRMSc hLhLhL +++   
202000 )}){ln(ln(688.)}){ln(ln(084.)ln()ln(07.)ln()ln(003.1 RMSccRMS hLLh σσσσ −−−−−+−+

  

where R2 =0.996 and RMSE = 0.04.   

The inversion of IEM derived in Eq. (12) and Eq. (13) are implemented in the Arc Info 

grid environment to produce soil moisture (θS) map, where image-derived roughness 

maps (hRMS and Lc) and radar images (σ0) under wet condition are used as inputs. The 

resulting soil moisture map for July 14, 2004 is provided in Figures 6. The map of August 

2, 2004 is similar to July 14 and is not included.  

3.3 Field Validation of Surface Roughness and Soil Moisture Maps 

Field measurements of soil moisture are made over roughly 110 by 110 m area of 

each 13 sample sites.  The size of the area for roughness measurement is 35 by 35 m. For 

validating soil moisture output maps, roughly 110-m square area corresponding to each 

sample site are identified on the soil moisture maps based on their known coordinates for 
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clipping.  The clipped area is roughly 38-m square for roughness map.  The average of 

the map values within clipped area are compared with the field-measured values of 

roughness (Fig. 7, Fig. 8) and soil moisture (Fig. 9). 

Validation work showed that the field data derived surface roughness parameters 

are low both for hRMS and Lc compared to the same derived from radar images (Table 3). 

The image-derived hRMS and Lc averaged over all experiment locations are 2.19 cm and 

13.25 cm as oppose to .79 cm and 8.20 cm respectively for field measurements. This 

confirms that the subsurface roughness caused by the rock fragments play an important 

role. When radar signal penetrates few centimeters below ground surface it probably 

suffers multiple bounce by the subsurface rock fragments, which result in volume 

scattering. This is an addition to the scattering due to surface roughness. As a result 

radar-perceived roughness is much bigger than that of field measurements. The roughness 

measuring field device, the pinmeter, is not designed to account for subsurface nature of 

roughness. Therefore, roughness measurements by Pinmeter may not be adequate to 

characterize surface roughness for inputting to an IEM, especially for study sites with 

large amounts of rock fragments. 

The field validation of the soil moisture maps indicates that there is good 

association between image-derived soil moisture and field measured soil moisture once 

the adjustments in the field soil moisture are made for rock fragments (Figure 9, Table 4). 

The image-derived moisture contents averaged over all experiment locations are .067 and 

.077 for July and August as oppose to .066 and .125 respectively for field measured 

moisture content. The adjustment involves reducing the field measured moisture content 
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by the average proportion of rock fragment in the study site, which is 47%, to represent 

moisture content of rock-soil composite. This computation is based on the assumption 

that the rock contains negligible amounts of moisture and the Theta Probe measured 

moisture constitutes the soil portion of the rock-soil composite. It is further assumed that 

all experiment locations have the same rock fragment content, the magnitude of which is 

equal to the watershed average. This later assumption may have some implication to the 

accuracy of the result, given the unavailability of rock fragment data for all study 

locations. 

Another source of error in the field validation may be related to the method of 

spackle reduction. A median filter consisting of a 9-pixel moving window was applied for 

optimal speckle reduction. Speckle is random error added to the pixel values of an image, 

which is inherent to the radar remote sensing. The terrain of the watershed under study, 

which is rolling mountain, may be another source of error. However, the sites chosen for 

the study are flat and this should not be a source of error, even when no correction for 

terrain is applied. How the equations are derived for the equation-based solution may 

have some implication on the results. Each of the equation derived in this study chose a 

fixed incidence angel. This may become problematic when the equations are applied in 

pixel-by-pixel computation for entire image for which the incidence angles varies block 

wise. However, since the experiment locations are closely spaced this should only be a 

source of minor error. 

Table 5 compares performance of IEM, when the image-derived roughness and 

soil moisture content is used as inputs to the model (Figure 10), as opposed to the field 
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measurements (Figure 11). Radar image backscatter from all experiment locations is 

compared with the IEM generated backscatter. The image derived roughness and 

moisture content perform far better in parameterizing IEM. This finding may be evidence 

that it is probably the input parameters that result in poor performance of the IEM model 

rather than the model itself. This may be considered as an indirect and aggregated 

accuracy of the image derived ground parameters estimated in this study. 

4. CONCLUSIONS 

In previous studies, radar images have been used for retrieving distributed surface 

soil moisture based on field measurements of surface roughness data used to parameterize 

the IEM.  The estimation of the characteristic parameters of surface roughness using field 

data has been unreliable and the measurement of roughness itself is cumbersome and 

infeasible for large scale application.  In this study, a method is developed to map 

characteristic parameters of surface roughness using radar images as a replacement for 

field-collected ancillary data.  The method-driven estimates of soil moisture are validated 

against field measurements. Results indicate that there is good association between 

image-derived soil moisture and field measured soil moisture.  

On the other hand the image-derived roughness over-estimates field surface 

roughness. This confirms that the subsurface roughness caused by the rock fragments 

play an important role, which is an addition to the scattering due to surface roughness. As 

a result radar-perceived roughness is much bigger than that of field measurements. The 

roughness measuring field device, which is pinmeter, is not designed to account for 

subsurface roughness. Therefore, roughness measurements by pinmeter may not be 
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adequate to characterize surface roughness for inputting in IEM, especially for study sites 

with large amounts of rock fragments. 

The conditions, under which the model is developed, applied and validated, are 

best suited to its application in rangelands, where the vegetation is sparse, precipitation is 

low and the surface roughness does not change between dry and wet periods. To broaden 

the applicability of the model to agricultural land, especially in the mature stage of crop 

growth when the vegetation becomes dense, additional validation work must be 

conducted. In particular, future research must investigate the application of the model 

under a broader range of vegetation and moisture conditions. If the model is not 

applicable in areas of dense vegetation (agricultural land), additional research should be 

conducted to incorporate a variable reflecting vegetation cover or density into the model. 

The model developed through this research required the use of dry season radar 

images for estimation of surface roughness. Agricultural land preparation may change 

surface roughness between dry and wet periods. As a result surface roughness estimated 

from dry images may not be applicable to a wet image for soil moisture estimation. 

Future research is therefore needed to either establish the error introduced or eliminate 

the requirements of dry season images for roughness estimation. 

The method developed in this study also depends on the use of radar images from 

two different view angles, which can be acquired from existing radar sensors given a time 

span of the repeat cycle of the satellite.  However, the moisture or roughness conditions 

may undergo change within this time-frame making the method developed here less 

applicable. The capability of a radar sensor to acquire data at multiple view angles at the 
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same time should be considered in the design of future radar systems. In addition, future 

research into the feasibility of replacing the need for images at two-view angles with 

images at two different polarizations could be enormously beneficial. Existing radar 

sensors already have the capability of simultaneously acquiring images at multiple 

polarizations. This would eliminate errors introduced due to registration inaccuracy when 

merging the images at two-view angles.  Research in any one of these directions is highly 

recommended. 
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TABLES 
 
Table 1: Sensor configuration of radar imagery used in this study. 

Envisat ASAR 
Dates acquired June 9, 2004 June15, 2004 July 14, 2004 August 2, 2004 

Purpose 
Roughness 
mapping 

Roughness 
mapping 

Soil moisture 
mapping 

Soil moisture 
mapping 

Pixel resolution 12.5 m 12.5 m 12.5 m 12.5 m 
Used polarization VV VV VV VV 
Image swath IS6 IS2 IS6 IS5 
Incidence angle 41.08o 24.8o 41.08o 37.39o 
Frequency C-band (5.3GHz) C-band(5.3GHz)C-band(5.3GHz) C-band(5.3GHz)
Wavelength 5.6 cm 5.6 cm 5.6 cm 5.6 cm 
Time of overpass 10:16 am  10:27 am 10:16 am 10:19 am 
 
 
Table 2: Summary statistics of field measured moisture content (θS), roughness 

RMS height (hRMS), correlation length (Lc) and Radarsat backscatter (σ0). 
 Mean Std. Dev. 
July 14, 2003   

θS 0.07 0.024 
σ0, dB -- -- 

August 2, 2003   
θS 0.13 0.024 
σ0, dB -- -- 

hRMS, cm 0.79 0.29 
Lc, cm 8.20 2.47 
Number of sites 13 
 
 
Table 3: Comparisons of roughness measurements by image data 
Validation  Mean Std. Dev. Min Max 

Lc derived from field measurements by pinmeter, cm 8.20 2.42 4.98 12.15

Lc derived from image data, cm  13.25 3.60 7.61 22.43

hRMS derived from field measurements by pinmeter 0.79 0.28 0.48 1.30

hRMS derived from image data, cm  2.19 0.49 1.17 2.97
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Table 4: Field validation of soil moisture measurements by image data 
Validation  Mean Std. Dev. Min Max 

θS  by field measured in July 14, 2004 0.066 0.024 0.032 0.104 
θS derived by image data in July 14, 2004 0.067 0.024 0.033 0.113 
θS  by field measured in August 2, 2004 0.125 0.025 0.101 0.191 
θS derived by image data in August 2, 2004 0.077 0.027 0.040 0.124 

 
 

Table 5: Watershed scale comparison of model-generated backscatter with the Envisat 
backscatter. 

   Mean   Std. Dev.        Min         Max
July 14, 2004 

Envisat Backscatter over WGEW -12.70 1.88 -16.24 -10.38
IEM Backscatter: hRMS, Lc and θS are image derived -16.67 3.42 -21.77 -11.39
IEM Backscatter: hRMS, Lc and θS are field measured-11.64 1.26 -13.18 -9.31

August 2, 2004 
Envisat Backscatter over WGEW -12.27 1.59 -15.17 -10.13
IEM Backscatter: hRMS, Lc and θS are image derived -13.39 2.89 -17.03 -8.01
IEM Backscatter: hRMS, Lc and θS are field measured-11.03 1.18 -12.71 -8.66
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ILLUSTRATIONS 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1 The ranges of roughness parameters, correlation length (Lc) and RMS height 
(hRMS), valid for IEM, Mametsa et al. (2002)  

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 2 Relation between z-index ( cRMS Lh 5.2 )  and radar backscatter difference (∆σ0) 

between two images of same target under unchanged ground conditions  with 
different incidence angle as specified in Eq. (7)  
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Figure 3 IEM embedded relationship among RMS height (hRMS), correlation length (Lc) 
and Radar backscatter (σ0) for a fixed moisture content, θS = 0.05. The graphs 
are plots of Eq.10 that approximates IEM with negligible moisture condition. 

 

 
Figure 4 Roughness map (hRMS ) derived from radar images by the use of  IEM, as 

formulated in Eq. (4); the boundary of  Walnut Gulch Experimental Watershed is 
shown 
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Figure 5 Roughness map (Lc) derived from radar images by the use of IEM, as 

formulated in Eq. (4); the boundary of  Walnut Gulch Experimental Watershed is 
shown 

 

 
Figure 6 Soil moisture map for July 14, 2004 derived from radar images by the use of 

IEM, as formulated in Eq. (6); the boundary of Walnut Gulch Experimental 
Watershed is shown 
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Figure 7 Comparison of roughness map (hRMS ), field measurements from 13 

experimental sites are plotted in the x-axis, image-derived roughness estimates are 
extracted from same sites and are plotted in the y-axis  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8 Comparison of roughness map (Lc) , field measurements from 13 experimental 
sites are plotted in the x-axis, image-derived roughness estimates are extracted 
from same sites and are plotted in the y-axis 
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Field Measured Moisture Content

.3.2.10.0

Im
ag

e 
D

er
iv

ed
 M

oi
st

ur
e 

C
on

te
nt

.3

.2

.1

0.0

 
Figure 9 Validation soil moisture maps, field measurements from 13 experimental sites 

are plotted in the x-axis, image-derived moisture estimates are extracted from 
same sites and are plotted in the y-axis. Cross signs are points associated with 
July 14, 2004 overpass of Envisat and the circles are with August 2, 2004 
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Figure 10 Performance of radar backscatter mode when image-derived parameters are 

used as inputs; IEM generated backscatter by the use of image derived roughness 
and moisture content from 13 experimental sites are plotted in the x-axis, Envisat 
ASAR backscatter extracted from the same sites are plotted in the y-axis. Cross 
signs are points associated with July 14, 2004 overpass and the circles are with 
August 2, 2004 
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IEM backscatter using field data (roughness, moisture)
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Figure 11 Performance of radar backscatter mode when field measurements are used as 

inputs; IEM generated backscatters by the use of field measurements of roughness 
and moisture content from 13 experimental sites are plotted in the x-axis, Envisat 
ASAR backscatter extracted from the same sites are plotted in the y-axis. Cross 
signs are points associated with July 14, 2004 overpass and the circles are with 
August 2, 2004 

 
 
 
 




