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This thesis investigates the sensitivity and separability of post-harvest tillage conditions 

using polarimetric Synthetic Aperture RADAR in southwestern Ontario.  Variables examined 

include: linear polarizations HH, HV, and VV and polarimetric variables: pedestal height, co-

polarized complex correlation coefficient magnitude, left and right co-polarized circular 

polarizations and co-polarized phase difference. Six fine-quad polarimetric, high incidence angle 

(49°) RADARSAT-2 images acquired over three dates in fall 2010 were used. Over 100 fields 

were monitored, coincident with satellite overpasses. OMAFRA’s AgRI, a high-resolution 

polygon network was used to extract average response from fields. Discrimination between 

tillage practices was best later in the fall season, due to sample size and low soil moisture 

conditions. Variables most sensitive to tillage activities include HH and VV polarizations and co-

polarized complex correlation coefficient magnitude. A supervised support vector machine 

(SVM) classifier classified no-till and conventional tillage with 91.5% overall accuracy. These 

results highlight the potential of RADARSAT-2 for monitoring tillage conditions. 
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      Chapter 1 

Introduction 

 

Agricultural land management activities such as tillage play a vital role in the maintenance of 

a healthy ecosystem in and around agricultural fields. Tillage practices influence the movement 

of soil particles and determine the susceptibility of topsoil to erosion. Tillage practices vary 

greatly depending on the method and implement used and the amount of crop residue can vary 

significantly. Conventional tillage buries much of the protective crop residue and leaves the soil 

surface highly susceptible to wind and water erosion (Uri, 1999). Reduced tillage methods such 

as no-till and conservation aim to minimize soil disturbance and maintain crop residue cover. A 

significant decrease of soil erosion occurs with even small amounts of crop residue (McNairn et 

al., 2001). Maintaining healthy and productive cropland depends on choosing the proper 

management technique for site-specific conditions. Due to the benefits of reduced tillage there 

has been increased adoption of these practices (AAFC, 2008). 

Government agencies, land managers and land surface modelers are all interested in 

monitoring the adoption of reduced tillage. Provincial and Federal agencies have identified 

reduced tillage as a best management practice (BMP) and are interested in monitoring the 

adoption of these practices in order to assess policies (Pacheco and McNairn, 2010). Models 

such as Universal Soil Loss Equation (USLE) and the Wind Erosion Prediction project (WEPP) 

require accurate information characterizing post-harvest management practices. Tillage and crop 

residue are also important parameters in estimating soil carbon and carbon sequestration.  

Roadside visual surveys have often been used to identify tillage practices. These methods are 

time consuming, unfeasible and often unable to characterize the variability across the landscape 
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(Pacheco and McNairn, 2010). Rapid, accurate and efficient methods are required to characterize 

agricultural land management practices.  Satellites can play an important role in providing tillage 

and crop residue information due to their spatial and temporal coverage. Optical satellites have 

been studied for monitoring these activities although their short wavelengths are unable to 

penetrate clouds, which are often present during the fall and spring, when post-harvest activities 

occur. Synthetic Aperture Radar (SAR) has been identified as an alternative due to longer, 

microwave wavelengths ability to penetrate cloud cover and acquire images independently of 

solar illumination. The sensitivity of SAR to agricultural land management practices needs to be 

established to create baseline data for development of a monitoring framework. 

 

1.1 Study Context and Objectives 

 Agricultural land makes up a significant portion of the land-cover in Southern Ontario 

and maintenance of cropland health and surrounding areas is vital to maintaining productivity. 

Due to the influences tillage can have on erosion, sediment and nutrient transport, and the large 

area agricultural land covers, monitoring these practices is important. The Ontario Ministry of 

Agriculture, Food, and Rural Affairs (OMAFRA) have delineated agricultural field boundaries in 

selected watersheds in Southern Ontario. This geospatial database, the Agricultural Resource 

Inventory (AgRI) is being developed to monitor activities and as a framework to estimate soil 

surface erosion by wind and water.  The combination of satellite-derived imagery along with a 

GIS-based database is being used to accomplish this. The aim of this study is to assess the 

sensitivity of SAR, using C-band RADARSAT-2, to post-harvest tillage activities at the field-

scale. 
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  The specific research objectives are to: 

1. Acquire a database of tillage and crop residue conditions and document 

activities coincident with satellite overpasses. 

2. Process and analyze imagery to determine the sensitivity of polarimetric SAR 

to agricultural land management activities. 

3. Generate a tillage/residue map and assess accuracy, error, and practical 

application potential. 

1.2 Thesis Outline 

Chapter 2 provides a literature review of tillage and crop residue benefits, an overview of 

SAR systems and the variables that control their sensitivity to surface features. Previous research 

looking at the sensitivity of SAR to tillage and crop residue is also examined. Chapter 3 contains 

a manuscript of the research that includes an introduction, methods and results of this study, 

along with discussion and conclusion. The major conclusions of the thesis are presented in 

Chapter 4 along with the implications of the research and future directions of research. 
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Chapter 2 

Literature Review 

2.0 Introduction 

Agricultural land management practices are activities carried out to maintain their 

productivity. Two practices that are of significant interest include tillage and the amount of crop 

residue left on fields post-harvest.  

Tillage refers to the preparation of soil for planting or seeding by plowing, cultivating or 

otherwise turning it (Lal et al., 2007). Tillage practices differ in their effect on surface roughness 

and amount of crop residue left on the field (Vrieling, 2006). The level of tillage is commonly 

divided into three classes: conventional, conservation and no-till. These are defined by tillage 

intensity, implement used and the amount of crop residue left on the surface (Tebrugge and 

During, 1999). Crop residue refers to senesced/dead plant matter left on the surface post-harvest.  

Conventional methods typically leave less than 30% of the surface covered with crop residue 

and often use a moldboard plow to turn the soil at a depth of ~15cm (Gowda et al., 2008). Fields 

that retain most of the crop residue and involve minimal tillage are conservation tillage and have 

>30% crop residue cover (Uri, 1998). Conservation tillage may also be referred to as mulch, 

minimum or reduced tillage. Emphasis is placed on decreasing the amount of soil disturbance 

and managing crop residues to protect the soil surface (Lal et al., 2007). In no-till systems the 

field is left undisturbed, fields are no longer plowed and plant residues are left on the surface to 

protect from erosion (McNairn et al., 1998). No-till and conservation tillage both seek to 

minimize the use of tillage implements. Although reduced tillage is a conservation measure it 

will be used to denote both conservation and no-till practices for the remainder of this thesis. 
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Each type of tillage has its own benefits and disadvantages which affect the health and 

productivity of the agricultural field. Conventional tillage increases soil porosity and loosens 

soil, allowing for good air exchange and root growth but it leaves the soil more vulnerable to 

wind and water erosion resulting in a loss of soil organic matter (Hill, 1990). Reduced tillage 

protects the soil from wind and water erosion and has minimal soil organic matter loses 

compared to conventional tillage (Daughtry et al., 2006). There are also reduced costs associated 

with labour, machinery and fuel for reduced tillage methods (Uri, 1999). One disadvantage of 

reduced tillage is slower warming of soil than conventional tillage which makes planting and 

seed germination more difficult (Lal et al., 2004). In Canada and around the world there has been 

a widespread shift from conventional to reduced tillage due to the benefits of these practices 

(AAFC, 2008, Lal et al., 2007). 

Tillage and crop residue amount are an important part of agricultural best land management 

practices. The best management practice on an agricultural field depends on climate, soil and 

crop types to be planted but the benefits of no-till and disadvantages of conventional tillage has 

contributed to the increased adoption of reduced tillage (Pacheco and McNairn, 2010). 

Conventional tillage removes much of the protective crop residue from the surface and exposes 

soil particles, leaving soils vulnerable to wind and water erosion (Uri, 1999). Eroded sediment 

and excess nutrients can then contaminate streams, rivers and lakes reducing their overall 

environmental health and cause a wide range of disastrous effects (Lal et al., 2007). Crop residue 

protects the soil surface and slows run-off, increasing infiltration, helps trap moisture and reduce 

water evaporation (Uri, 1999). 

Agricultural activities release a significant amount of greenhouse gases (GHGs) to the 

atmosphere; the most significant being carbon dioxide (CO2), methane (CH4) and nitrous oxide 
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(N20) (Desjardins et al., 2001, Grant et al., 2004). The management of agricultural activities 

offers the possibility for mitigation of these GHGs (Lee et al., 2006, Smith et al., 2007). Soils 

under no-till or conservation tillage management have higher levels of organic matter and 

sequester more carbon (Pacheco and McNairn, 2010). Smith et al. (2007) reported reduced 

emissions of CO2 and a variable response of N2O to reduced tillage and residue management. 

Grant et al. (2004) used a model to estimate the flux in N2O due to agricultural practices and 

found that reduced tillage resulted in less overall N2O emissions. No-till systems have a greater 

benefit for drier regions; areas with higher soil moisture content had no change or slightly 

increased N2O emissions (Malhi et al., 2006, Grant et al., 2004). Greater uptake of CH4 was 

observed under no-till systems compared to conventional tillage due to decreased disturbance of 

soil (Lee et al., 2006, Grant et al., 2004). The amount of sequestration of GHGs is also highly 

dependent on other management practices and crop types. Studies have found increased soil 

organic carbon (SOC) for no-till practices, compared to conventional tillage which helps reduce 

CO2 emissions (West and Post, 2002). The potential of reduced tillage to minimize emissions is 

an important consideration as worldwide emissions need to be reduced to mitigate the impacts of 

climate change. 

The Ontario Ministry of Agriculture, Food and Rural Affairs have classified reduced tillage 

and residue management systems as a best management practice (BMP) for soil management 

(OMAFRA, 2010). Farmers are not legally mandated to perform reduced tillage but it is 

encouraged and done on a voluntary basis. Farmers are often motivated by economics and 

increased crop yields, reduced erosion and soil loss, and improvement of the overall health of 

agricultural fields (Pacheco and McNairn, 2010). 
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Information on tillage activities and residue cover are required to assist in implementing 

policies to promote BMPs and monitor the success of initiatives promoting these practices 

(Pacheco and McNairn, 2010). By determining the locations of conventional tillage, potential 

negative environmental impacts can also be identified and mitigated. Examining the adoption of 

reduced tillage practices is important for land-managers, policy-makers, land surface modelers, 

and scientists. Tillage information is also required as input for 15 of 29 indicators for the 

National Agri-environmental Health Analysis and Reporting Program (NAHARP) agri-

environmental indicator initiative (Pacheco and McNairn, 2010). The large number of 

agricultural fields in Southwestern Ontario and Canada make site visits of agricultural fields 

time-consuming, expensive and impractical. Remote sensing of the Earth’s surface offers an 

ideal platform for monitoring tillage and crop residue. The remainder of this thesis will discuss 

Synthetic Aperture Radar (SAR) remote sensing systems and their application to monitoring 

tillage and crop residue.  

2.1 Synthetic Aperture Radar 

SAR is an active microwave sensor which creates its own energy, opposed to optical sensors 

that use passive energy. RADAR stands for Radio Detection And Ranging and uses wavelengths 

in the microwave spectrum which range from 1m to 1mm, much longer than optical systems 

(Palmann et al., 2008).  Aboard space borne satellites, it is a side looking system that takes high 

resolution images of the Earth’s surface (Raney, 1998). SAR synthetically increases the 

antenna’s size or aperture to increase the spatial resolution (Baghdadi et al., 2008a).  

The radar transmits a pulse and then measures the time delay and strength of the reflected 

echo, where the ratio of scattered and incident microwave energy is termed the radar backscatter 

(Moran et al., 2002). The backscatter response is the result of several types of scattering 
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mechanisms, surface, double-bounce, or multiple/volume with one usually dominating (McNairn 

et al., 2002). The type of scattering mechanism is dependent on the surface properties and 

orientation of the signal from the satellite. Radar signals (microwaves) emitted and returned to 

the sensor are correlated with the topography, surface roughness; and the dielectric properties, 

related mainly to soil moisture, and vegetation (Baghdadi et al., 2008b). Different surfaces such 

as bare soil or vegetation canopies have different scattering mechanisms, surface and volume 

scattering respectively (McNairn et al., 2002).  

For more than three decades, researchers have studied the response of microwaves to 

agricultural targets including soil and crop parameters (McNairn et al., 2002). There has been 

significant research into using optical sensors for monitoring agricultural post-harvest activities 

but SAR presents a significant advantage over optical systems as it is able to penetrate cloud 

cover. SAR’s all-weather and 24-hour image acquisition ability allow it to acquire more images 

of Earth’s surface than passive optical systems which depend on solar illumination. These 

characteristics are important for monitoring tillage and crop residue as the fall and spring seasons 

often have significant cloud cover limiting the visibility of ground cover from optical images 

(McNairn et al., 2001).  

2.1.1 Variables of SAR Systems 

 Before acquiring imagery the characteristics of the SAR system that will provide the 

most information must be considered for the feature of interest.  SAR has numerous properties 

which determine the usefulness for different applications. Each variable of the system has 

different benefits and characteristics that aid in Earth observation. The variables of SAR systems 

that are of interest for the observation of tillage and crop residue include: polarization, 

wavelength and incident angle (Baghdadi et al., 2008b), resolution is also important to consider. 
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These variables influence the interaction of microwaves with the Earth’s surface. When 

observing tillage and crop residue the desired properties of each variable must be carefully 

considered, to enhance the identification of crop residue and tillage. Many of these variables are 

constant for satellites while others can be selectively chosen by the end user of the imagery. 

Agriculture has benefitted from the advancement of Synthetic Aperture RADAR technology in 

recent years (McNairn and Brisco, 2004). These advancements have allowed for improved 

discrimination of agricultural land management practices using SAR satellites. The following 

sections discuss the properties of SAR systems which must be considered before acquiring 

imagery. 

2.1.2 Wavelength 

 Radar remote sensing uses the microwave portion of the electromagnetic (EM) spectrum 

which occupies the region from 1m to 1mm (Henderson and Lewis, 1998). Wavelengths used by 

SAR systems are in the order of centimeters as these wavelengths can penetrate clouds and other 

meteorological obstructions (Palmann et al., 2008). The microwave portion of the EM spectrum 

is divided into bands classified by their wavelength. The bands of interest are displayed in Table 

1. Radar wavelengths should be matched to the size of the surface features to be discriminated. 

Theoretically, smaller features would be better discriminated using shorter wavelengths such as 

X-band while larger features would be best identified by L-or P- band (Jensen, 2007). The 

penetration depth into the Earth’s surface is also influenced by wavelength, with longer 

wavelengths penetrating further into the surface (Ulaby et al., 1996).  X-, C- and L- bands are 

most often used for monitoring agricultural activities (Baghdadi et al., 2008b, Palmann et al., 

2008). Early missions such as SIR-C-X-SAR had three sensors operating within the X, C and L 
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bands that demonstrated the sensitivity of these wavelengths to surface features (Ulaby et al., 

1996).  

 

 

 

 

 

 

 

Most Earth orbiting satellites use the wavelengths previously discussed (ERS-1, 

RADARSAT-1, ASAR, ALOS, RADARSAT-2, and TerraSAR-X). Ground-based C-Band 

scatterometer measurements (Smith and Major, 1996, McNairn et al., 1996) along with airborne 

systems using C-band, such as SIR-C, (McNairn and Brisco, 2004) and studies using Earth 

orbiting C-Band satellites (RADARSAT-1 and ERS) have demonstrated C-band sensitivity to 

various features associated with agriculture (McNairn et al., 1998, Baghdadi et al., 2002, Moran 

et al., 2012). X-band has also been identified as having potential equivalent to C-band for soil 

parameter characterization although previous results have shown X-band potential for mapping 

surface roughness as weak (Baghdadi et al., 2008b). Wavelength is a parameter of the system 

that remains constant and does not change. 

Band Wavelength 

X- 2.4cm to 3.75cm 

C- 3.75cm to 7.5 cm 

S- 7.5cm to 15cm 

L- 15cm to 30cm 

P- 30cm to 100cm 

 

Table 1 - Bands of interest for Radar remote sensing (Palmann et al., 2008) 
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2.1.3 Polarization 

 Polarization refers to the orientation of electromagnetic waves relative to the satellite. 

Waves are polarized either horizontally or vertically and are named based on the polarization of 

emitted and received signals (Lewis and Henderson, 1998). They are named in an XY 

convention where X refers to the orientation of emitted waves and Y refers to the received 

orientation, either Horizontal or Vertical (Palmann et al., 2008). When referring to specific 

microwave bands Z-XY convention is often used with Z representing the specific band.  

 Like polarized refers to the polarization of the transmitted and received waves being in 

the same direction. HH refers to horizontally emitted and received waves; VV refers to vertically 

transmitted and received waves (Jensen, 2007). Cross polarization refers to the polarization of 

transmitted waves being orthogonal to the polarization of the received radiation (Raney, 1998). 

HV refers to horizontal transmission and vertical reception and VH indicates vertical 

transmission and horizontal reception. Depending on the orientation of emitted and received 

waves the microwaves are sensitive to different surface and sub-surface features. 

 SAR systems can have simple, double or quad polarization. Basic systems operate in a 

single polarization mode while more advanced systems operate at quad polarization. Simple 

polarization has one of HH, VV, VH or HV; double has HH and HV, VV and VH, or HH and 

VV; quad polarization has all four like and cross polarizations operating simultaneously (HH, 

HV, VV, VH) while retaining phase and amplitude information, and is considered fully 

polarimetric (Palmann et al., 2008). Due to the reciprocity property of RADAR scattering HV 

and VH have identical responses and only one needs to be used for analysis (Ulaby et al., 1996). 

Multiple polarizations help distinguish the physical structure of the scattering surface (Palmann 

et al., 2008). Phase and amplitude information from fully polarimetric quad-polarimetric 
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satellites allow for the extraction of various decompositions and polarimetric variables. When the 

radar wave interacts with the surface and is scattered from it, the polarization can be modified, 

depending upon properties of the surface, which helps in interpretation (Lewis and Henderson., 

1998). Polarizations identify the depolarization or repolarization after interactions with the 

surface and return to the sensor (McNairn et al., 2002). Repolarization refers to a change in the 

polarization vector of the incident electromagnetic wave (Boerner et al., 1998).  Depolarization is 

the change in the degree of polarization of a fully or partially polarized wave, resulting in an 

increase or decrease in the unpolarized component of a wave (McNairn et al., 2002).  Cross 

polarizations record how much power from the transmitted wave has been repolarized into the 

orthogonal polarization (McNairn et al., 2002). The polarization of a system remains constant 

although many satellites have the ability to select a single polarization or utilize quad-

polarimetric capabilities. 

 Relationships between linear polarizations can also be established using polarimetric 

variables. Two such variables include co-polarized phase difference and co-polarized complex 

correlation coefficient. The co-polarized phase difference measures the difference between the 

phase angles of HH and VV polarizations, ranging from 0° to +/- 180°. Values near zero are 

indicative of surface scattering from soil, or random scattering from a crop canopy, and more 

extreme values are due to volume or multiple scattering (Evan et al., 1988, Eom and Boerner, 

1991).  The co-polarized complex correlation coefficient is a measure of the mean difference 

between the phase amplitudes of the HH and VV channels. A magnitude is computed to 

determine the strength of correlation (0 to 1). Studies looking into the sensitivity of co-polarized 

complex correlation coefficient to agricultural targets are limited although Barrett et al. (2009) 

have identified it as being sensitive to surface parameters. 
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2.1.4 Incidence angle 

 The incident angle refers to the angle between the radar illumination and the normal to 

the ground surface (Raney, 1998). Unlike wavelength and polarization, incidence angle is not 

constant for a SAR system; images can selectively be acquired at a range of angles based on the 

SAR system. Some features are best identified by low angles and others by higher angles of 

incidence. High incident angles provide better surface roughness discrimination, minimizing 

contributions from soil moisture and maximize the differences due to residue cover and tillage 

type (McNairn and Brisco, 2004). Depending on the surface target of choice a high incidence 

angle may accentuate differences or a low angle might reduce the effects of unwanted surface 

features. The use of multi-temporal images with different incidence angles has also proven to be 

useful for discriminating surface properties (Holah et al., 2005). The incidence angle will also 

influence the mix of scattering mechanisms from the Earth’s surface as the radar signal interacts 

with the surface at a given angle. 

2.1.5 Resolution 

 Another important variable to consider is the resolution of images acquired from SAR 

systems. Resolutions that are too low (or coarse) will average many different surface features, 

complicating the analysis of individual pixels in images. Finer resolutions allow each pixel to 

cover a smaller area and allow discrimination of smaller objects. Resolution must be considered 

when determining the size of objects you want to discriminate, such as agricultural fields. 

Satellites such as RADARSAT-2 and TerraSAR-X allow for fine resolutions of up to 1m in 

selective modes (MDA, 2009, Infoterra, 2009). These fine resolutions allow for highly detailed 

images to be acquired and reduce the number of mixed pixels. Finer resolution images will come 
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at the expense of swath as they encompass a smaller area to allow for finer resolutions, as seen 

for RADARSAT-2 products (MDA, 2009). 

2.2 Surface Influences on SAR Response 

Synthetic Aperture RADAR has been found to be sensitive to dielectric properties of the 

soil which is closely related to soil moisture content, surface roughness, and vegetation (Ulaby 

and Batlivala, 1976, Sahebi et al., 2002, Baghdadi et al., 2008a). For bare surfaces, dielectric 

constant (related to soil moisture) and surface roughness dominate. The scattering behavior of 

the SAR signal is determined by the dielectric properties of both soil and vegetation, and the 

geometric configuration of the scattering elements (soil roughness, leaves, stalks) with respect to 

the incoming wavelength, polarization and angle of the incident wave (Moran et al., 2002). 

2.2.1 Soil Moisture 

One of the main areas in Earth observation using SAR examines the influence of soil 

moisture on the RADAR backscatter. SAR backscatter is directly linked to dielectric constant 

which is associated with soil moisture content (Moran et al., 2000). C-band satellites have 

demonstrated that backscatter signal is very sensitive to soil moisture (Moran et al., 2002). Low 

incidence angles (θ = 10°) with wavelengths operating in C-band can estimate moisture content 

in the surface layer independently of surface roughness (Ulaby et al., 1978). McNairn et al. 

(1996) also found that low incidence angles were more strongly related to soil moisture and that 

soil moisture effects were minimized at higher, steep angles (θ = 50°). Longer wavelengths, such 

as L-band have been shown to penetrate further into the soil surface and allow for better soil 

moisture retrieval than shorter wavelengths, such as X-band (Ulaby et al., 1996).  
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2.2.2 Surface Roughness 

 Much of the research into the influence of surface roughness on RADAR backscatter (σ°) 

has resulted from studies looking at soil moisture, as both influence σ° (Verhoest et al., 2008). In 

many cases, the soil surface roughness must first be parameterized in order to extract soil 

moisture information (Verhoest et al., 2008, Marzahn and Ludwig, 2009, Lievens et al., 2011). 

Early research done by Ulaby et al. (1978) identified the importance of incidence angles for 

surface roughness/soil moisture retrieval. Empirical measurements have found that high 

incidence angles are better at discriminating between rough and smooth surfaces (Baghdadi et 

al., 2002). Results from soil surface roughness studies have also found that images acquired 

using C-band satellites could discriminate between three roughness classes; smooth, medium 

areas and rough areas (Baghdadi et al., 2002, Holah et al., 2005). Using multiple images at 

multiple incidence angles did not provide improved results over a single image at a high incident 

angle (Baghdadi et al., 2008b). Pultz et al. (1997) found HV and VV to be more sensitive to 

surface roughness than HH while Holah et al. (2005) identified HV and HH polarizations as 

more sensitive to surface roughness than VV polarizations. 

2.3 Identification of Agricultural Land Management Practices 

 Most studies investigating SAR have examined soil moisture and to a lesser extent, 

surface roughness due to its contribution to σ°. Limited studies exist which aim to link 

agricultural land management practices with SAR response. For agricultural areas there is an 

inherent complexity of SAR interpretation associated with cultivation practices, crop type, 

planting date, row direction, soil type, and topography (Moran et al., 2002). Tillage practices and 

crop residue management are two important characteristics of management practices, both of 

which have seen limited research. Early studies of post-harvest activities using SAR were done 
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by Cihlar (1987) using X- and L-band HH polarizations and Brisco et al. (1991) which looked at 

tilled fields using three frequencies, four polarizations and five incidence angles to determine the 

effect of tillage activities on σ°. Further research was conducted by Smith and Major (1996), 

McNairn et al. (1996, 1998, 2001, 2002), Baghdadi et al. (2004, 2008a), Moran et al. (1998, 

2002, 2012), among others. Most of these studies have focused on single or dual polarizations 

looking at the linear intensity channels, only a small fraction have examined fully polarimetric 

SAR imagery and polarimetric variables, such as McNairn et al. (2002) for identifying these 

practices. Initial experiments used ground based or airborne sensors, and later, with satellites 

operating on single or dual polarizations, research into the capabilities of recently launched quad-

polarimetric satellites are limited and are not yet fully understood (McNairn and Brisco, 2004). 

For agricultural targets, soil characteristics (soil moisture and surface roughness) and residue 

characteristics (type and amount) are the main influences on radar response (McNairn et al., 

2002). A weakness of SAR data for monitoring agricultural land management practices is the 

poor understanding of the response of SAR σ° to agricultural soil and plant conditions (Moran et 

al., 2002). Although crop residue cover and tillage type are closely related, as tillage imparts an 

influence on the amount of crop residue present the next two sections examine the influence of 

each independently. 

2.3.1 Observation of Crop Residue 

Unlike optical remote sensing, which has seen a large body of research into detecting 

crop residue, SAR has not been extensively studied. McNairn et al. (2001) state that residue 

contributions to backscatter have often been assumed to be negligible. The assumption is that dry 

plant matter holds an insignificant amount of moisture and is transparent to microwaves 

(McNairn et al., 2001). Theoretically, as bright, dry crop residue increases, backscattering 
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increases due to an increase in the underlying soil moisture (Moran et al., 2002). Although this 

may be an unreliable assumption and is not a direct measure of the amount of crop residue. 

Correlation of soil moisture below crop residue cover to radar response was found to be small or 

insignificant using C-band scatterometer (McNairn et al., 2001). 

  Early research done by Narayanan et al. (1992) using X-band at an incidence angle of 

0°, found that crop residue cover can be estimated if the proper polarization is chosen and crop 

type is known. The previous crop planted also significantly influenced the radar backscatter 

measurements. Residue moisture content is important to consider when determining the 

sensitivity of radar backscatter to residue cover (Smith and Major, 1996, McNairn et al., 2001). 

Some research has found that, particularly for grain residue, significant moisture must be present 

in order to detect differences in the amount of residue (Smith and Major, 1996, McNairn et al., 

1998 and 2001). Moran et al. (2002) looked at optical and SAR imagery and found that SAR 

backscatter was sensitive to dry crop residue by normalizing backscatter with red and infrared 

wavelength specular reflectances. Information on weather conditions prior to and at the time of 

data acquisition will enhance image interpretation (Smith and Major, 1996). 

McNairn et al. (2001) conducted scatterometer experiments in four linear polarizations in 

L- and C-bands to assess the sensitivity of multi-frequency and multi-polarized radar backscatter 

to post-harvest crop residue. They assessed the influence of residue type, residue moisture 

content and residue amount on radar backscatter. C-band backscatter was more sensitive to crop 

residue conditions than L-band, particularly for finer residue due to the longer wavelength of L-

band not being able to distinguish these smaller features (McNairn et al., 2001). X-band may be 

useful in mapping crop residues, specifically finer residues, as documented by Narayanan et al. 

(1992) but studies using X-band are limited.  
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 McNairn et al. (2002) used the Spaceborne Imaging Radar-C (SIR-C) to assess the 

sensitivity of linear polarizations and polarimetric variables to conditions present on agricultural 

fields during pre-planting and post-harvest. Previous studies have found a positive relationship 

between C-band backscatter associated with linear polarizations and the amount of crop residue 

(McNairn and Brisco, 2004).  

Cross-polarized σ° had the strongest correlation with residue conditions and was less 

sensitive to radar look directions effects (Smith and Major, 1996, McNairn et al., 2001). Smith 

and Major (1996) found that crop residue had little to no effect on VV and HH radar backscatter 

at any incidence angle or polarization, wet or dry. McNairn et al. (1996) found that three classes 

of residue cover (associated with tillage implements) could be determined using C-band HH 

polarization. For C-band HH polarized images acquired from RADARSAT-1, McNairn et al. 

(1998) found that residue cover alone accounted for about a quarter of the variation in 

backscatter from field to field. C-band scatterometer measurements showed greater correlation 

with radar response for corn, compared to barley residue (McNairn et al., 2001). Results also 

indicated that radar was good for detecting thicker residue but showed difficulty in identifying 

finer residue. 

Sensitivity of σ° to post-harvest crop residue is dependent on the residue type and 

moisture content (Smith and Major, 1996, McNairn et al., 2001). Higher incidence angles are 

better able to discriminate between fields with crops residue and bare soils (McNairn et al., 

2001). Smith and Major (1996) found a strong linear relationship between radar backscatter, crop 

residue and incidence angle; radar backscatter decreased with increasing incidence angle. 

McNairn et al. (2001) found that at steep angles (20
o 

to 30
o
) like-polarizations are useful for 
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separating residue from bare soils. At incidence angles larger than 30-40° surface roughness and 

residue cover significantly contribute to linear polarized radar backscatter (McNairn et al., 2002). 

When microwaves interact with crop residue multiple scattering results and fields with 

little to no residue results in surface scattering (McNairn et al., 2002). Identifying crop residue 

cover will be complicated if significant surface roughness is present as very rough surfaces could 

be confused with surfaces having high residue cover (McNairn et al., 2001). Using a simple 

regression, McNairn et al. (2002) reported that contribution of residue to radar response was only 

about 40%, indicating that a significant amount of the variance seen in residue plots unaccounted 

for.  

While most studies look at linear polarizations and ratios of linear polarizations, McNairn 

et al. (2002) offer a novel approach which identifies polarimetric variables sensitive to crop 

residue. Multi-polarized SAR has been proposed to better define residue classes than using a 

single polarization (McNairn et al., 1998, McNairn and Brisco, 2004). Circular polarizations 

synthesized from linear intensity channels, pedestal height and cross polarizations all showed 

correlation with crop residue at C-band. Pedestal height is an indicator of the presence of an 

unpolarized scattering component from a target, and thus the degree of polarization of a scattered 

wave (Boerner et al., 1998). Targets with greater pedestal heights are typically dominated by 

multiple and volume scattering associated with increased surface roughness or vegetation and 

crop residue cover (McNairn et al., 2002). Circular polarizations can be synthesized from fully 

polarimetric images and refers to a polarization state for which the polarization ellipse 

degenerates to a circle. The wave is left handed (L) if the rotation is counterclockwise and right 

handed (R) when rotating clockwise (Boerner et al., 1998). Similar to linear polarizations, 

circular polarizations are synthesized to transmit and receive either R or L circular polarizations 
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leading to circular co-polarizations (RR, LL), and cross-polarizations (RL, LR). Circular co-

polarization responses are associated with volume or multiple scattering and cross-polarizations 

are associated with single bounce scattering targets associated with smooth surfaces (McNairn et 

al., 2002). Although circular polarizations had significant correlations with post-harvest 

conditions, comparable results were found with HH, indicating circular polarizations may have 

little additional information (McNairn et al., 2002). The limited number of studies on the 

sensitivity of polarimetric variables to crop residue highlights the needs for further analysis into 

the sensitivity of these variables to crop residue cover.  

2.3.2 Observation of Tillage Practices 

 The use of SAR for soil surface roughness characterization has often been a byproduct of 

soil surface moisture estimates as the backscattering coefficient of bare soils is dependant on 

both roughness and moisture (Anderson and Croft, 2009). Monitoring tillage practices involves 

linking the effects of various tillage treatments to differences in the roughness of the Earth’s 

surface.  For dry surfaces without vegetation, such as tilled surfaces, the dominant influence on 

SAR backscatter is surface roughness (Moran et al., 2002). The backscattering coefficient is 

often converted to decibels (dB) and the differences between rough and smooth fields are 

compared, to increase the dynamic range (Baghdadi et al., 2008b). 

Radar backscatter is sensitive to target roughness and several studies have demonstrated 

that radar backscatter does vary significantly among fields treated with different tillage 

implements (McNairn et al., 1996, 1998, 2002).  Due to the influence of various tillage 

implements on soil surface roughness, various levels of roughness are seen (McNairn et al., 

1996). A very smooth surface reflects all the energy in the specular direction and no signal 

reaches the antenna, whereas a very rough surface diffuses the incident wave in all directions 
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(Baghdadi et al., 2008a). Practices such as conventional tillage create a very rough surface, 

resulting in stronger backscatter, compared to no-till fields which have a smooth soil surface, as 

observed by McNairn et al. (1996). 

Brisco et al. (1991) found that different tillage implements had a significant effect on σ° 

due to soil surface roughness conditions using high incidence angles (θ = 45-76°) and HH 

polarization. McNairn et al. (1996) found that the moldboard plough (an implement typically 

used for conventional tillage) had that greatest variability of roughness of all other tillage classes.  

As previously mentioned, high incidence angles have been shown to be more sensitive to 

surface roughness as confirmed by many authors (Baghdadi et al., 2002, Holah et al., 2005). Low 

soil moisture conditions enhance the relative influence of surface roughness (soil and crop 

residue) in determining the σ° of the various agricultural fields (Brisco et al., 1991). 

 There have been some difficulties identifying soil surface roughness using the radar 

backscatter. When soil moisture content is high (>35%) the backscattering values becomes 

almost independent of the surface roughness for all polarizations (Holah et al., 2005). The 

orientation of tillage direction also results in differences in the radar backscatter with furrows 

either parallel or perpendicular to the satellite look direction (Moran et al., 2002). The orientation 

of tillage has been found to influence σ° in many studies but cross polarizations appear less 

sensitive than like-polarizations to row direction (Brisco et al., 1991). Subsurface roughness 

caused by rock fragments in study sites can cause errors in the application of physically based 

radar backscatter models, but can be minimized by using a multi-angle approach (Rahman et al., 

2008). Irrigation was found to smooth rough fields such as those treated with a moldboard plow, 

although it still remained separable from other tillage classes, indicating that environmental 
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conditions such as rainfall can reduce roughness (McNairn et al., 1996). Thick crop residue 

cover limits C-band ability to detect soil roughness as its small penetration depth can limit direct 

interaction with the soil surface (McNairn et al., 2002). This is particularly important for thick 

stalk crops such as corn which may limit penetration of incidence waves and appear as a rough 

surface. It has been observed that it is difficult to discriminate between roughnesses greater than 

1.5cm with C-band sensors, leading to broad classification into three categories (Baghdadi et al., 

2008a). 

The surface roughness is often empirically characterized by an rms surface height, which 

specifies the vertical scale of the roughness, and by a surface autocorrelation function with the 

characteristic correlation length (L), representing the horizontal scale (Baghdadi et al., 2002). 

These values are often used to solve radar backscatter models such as the Integral Equation 

Model (IEM) which quantifies the magnitude of backscattering as a function of moisture content 

and surface roughness, which may be unknown, and known radar configurations (Rahman et al., 

2008). Surface roughness has been mapped by classifying roughness into broad classes of 

roughness; smooth (standard deviation in surface height (rms) ≤ 1cm), moderately rough (rms = 

1-2cm) and rough (rms ≥ 2cm) (Anderson and Croft, 2009). Holah et al. (2005) and Baghdadi et 

al. (2008a) both identified the potential of mapping roughness into two to three roughness classes 

using C-band SAR.  These classes could be correlated with conventional, conservation and no-

till management practices. McNairn et al. (1996) found that tillage implements could be grouped 

into three classes that showed statistical separability (chisel/noble blade, no-till/seedbed, and 

moldboard) between roughness classes at θ = 50° and C-band HH which correspond to the three 

groups of tillage defined earlier. 
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The greatest separability between roughness levels associated with tillage treatments 

using C-band for all polarizations were greatest at high incidence angles (McNairn et al., 2002). 

Pultz et al. (1997) found the sensitivity of surface roughness was greater at HV and VV 

polarizations than at HH polarization. Other studies have shown that HH and HV polarizations 

are most sensitive to soil roughness and show better contrast between roughness classes than VV 

polarization (Baghdadi et al., 2002, Holah et al., 2005). VV polarization showed weak 

correlation to surface roughness at high and low incidence angles (Holah et al., 2005). Sahebi et 

al. (2002) used a normalized radar backscatter soil roughness index to generate soil roughness 

maps over large areas with RADARSAT-1 C-band HH polarization data.  Moran et al. (2012) 

also found that HV polarization was useful for monitoring both crop and soil conditions, and was 

found to be the most insensitive to differences in sensor view direction and beam incidence 

angle. They also reported that HV was a better measure of soil moisture variation in sparsely 

vegetated fields in pre- and post-precipitation conditions.  

Ratios derived from multiple polarizations have shown correlation with surface rms 

roughness (Sarabandi et al., 1991, McNairn and Brisco, 2004, Oh, 2004, Hong, 2010). Sarabandi 

et al. (1991) demonstrated that the polarization ratio σ°VV/σ°HH is a function of surface 

roughness, and that the difference in roughness at these polarization increases as incidence angle 

increases. Very rough surfaces do not show any noticeable differences between σ°VV and σ°HH 

while smooth surfaces show larger values for σ°VV/σ°HH, independent of wetness and incidence 

angle (Sarabandi et al., 1991, Brisco and McNairn, 2004, Hong, 2010).  

Results from analysis of polarimetric data from SIR-C by McNairn et al. (2002) showed 

that polarimetric variables; pedestal height and circular co-polarization were sensitive to surface 
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roughness resulting from multiple and volume scattering. Circular polarizations had correlations 

with roughness related to tillage practices similar to HH (McNairn et al., 2002). 

 Sahebi et al. (2002) state that multiple incidence angle approaches are more sensitive to 

surface roughness conditions than the multi-polarization approach. The combined use of HH and 

HV polarizations did not improve roughness classification but the use of high and low incidence 

angles provided better discrimination between roughness states (Holah et al., 2005).  Baghdadi et 

al. (2002) found that multiple images acquired at different incidence angles did not provide 

better estimates of surface roughness than a single, high incidence image at 47°. The roughness 

measured by backscatter is based on the geometry of the radar beam and the surface (Moran et 

al., 2002) and must be considered when interpreting the radar response.  Soil moisture dominates 

the radar response at lower incidence angles and high incidence angles are better at 

discriminating between roughness conditions and reduce the effect of surface soil moisture 

(Holah et al., 2005). At incidence angles greater than 20
o
, an increase in surface roughness 

increases radar backscatter (Sahebi et al., 2002). High incidence angles (θ = 50°) showed the 

greatest correlation with roughness for linear polarizations (HH, HV, VV) (McNairn et al., 

1996).   

 X-band should have an equivalent potential to C-band for the characterization of soil 

surface roughness although previous studies describe the potential of X-band as weak (Baghdadi 

et al., 2008b).  

 Overall, radar signals increase rapidly in strength with increasing surface roughness, at 

high incidence angles and high radar wavelengths (Baghdadi et al., 2008b). To reduce conflicting 

signal from other soil surface parameters, a multi-polarization, multi-angle, multi-frequency, or 
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multi-temporal configuration has been suggested for inferring soil surface roughness influences 

on SAR backscatter (Sahebi et al., 2002, Macelloni et al., 2002).  

2.4 Research Opportunities 

With the launch of high resolution fully polarimetric SAR satellites such as RADARSAT-2 

additional polarimetric variables can extracted from imagery. There is a need to assess the 

sensitivity of polarimetric variables to crop residue and tillage conditions and build upon the 

limited body of research to post harvest conditions (McNairn et al., 2002). Fine resolution 

satellites allow for more accurate mapping of crop residue and tillage from satellites. Numerous 

authors have highlighted the need for further investigation of quad-polarimetric SAR (McNairn 

et al., 2002, Baghdadi et al., 2008b) and the need to develop the methodologies to process the 

data (McNairn and Brisco, 2004). Understanding the complex SAR response to varying 

agricultural soil and post-harvest conditions must be improved (Moran et al., 2002). 

Research into the affect of crop residue on radar backscatter has been limited compared to 

surface roughness and tillage (McNairn et al., 2002). Many of the studies have used ground 

based radar devices to determine the effect of crop residue on radar backscatter with limited use 

of satellites (McNairn et al., 1996, 2001). The use of quad-polarized imagery needs to be further 

examined to determine its sensitivity to crop residue (McNairn et al., 2002).  

Hydrological and erosion models require the input of roughness data to map excess runoff 

and erosion risk, and to guide the establishment of agro-environmental protection measures 

(Sahebi et al., 2002, Vrieling, 2006). Remote sensing technologies can provide direct and 

spatially distributed measurements at regular intervals, which represent a promising alternative to 

time consuming field visits (Baghdadi et al., 2008a). The use of high resolution Synthetic 
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Aperture Radar imagery for these purposes must be examined to allow for operational 

implementation of post-harvest management maps. 
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Chapter 3 

Discrimination of Tillage Practices using Polarimetric SAR 

3.0 Introduction 

The response of C-band Synthetic Aperture RADAR (SAR) to agricultural features has been 

studied for more than three decades (McNairn et al., 2002). Much of this research is based on 

sensors with single or multiple linear polarization acquisition capabilities, such as those aboard 

RADARSAT-1 and ERS-1. More recently satellites with quad-polarimetric (also known as fully 

polarimetric) capabilities such as RADARSAT-2 have been launched than can acquire four 

mutually coherent linear intensity channels (HH, HV, VV, VH) and retain phase and amplitude 

information during processing. SAR systems operate independently of weather conditions and 

solar illumination, unlike optical systems, increasing the number of images that can be acquired, 

and allowing acquisition of imagery during critical times in the fall when cloud cover is present, 

a significant advantage over optical systems. Quad-polarimetric satellites have only recently 

been launched and the potential of polarimetric data to retrieve land surface information is not 

fully understood and is only beginning to be realized (Moran et al., 2012). Many studies looking 

at quad-polarimetric SAR for identification of land surface conditions have been based on 

airborne or ground based mounted sensors for validation and calibration, or limited spaceborne 

missions such as SIR-C in 1994 (McNairn et al., 2002). Now, with recently launched quad-

polarimetric satellites in orbit, such as RADARSAT-2, the operational potential of SAR for 

monitoring land surface conditions can be further established.  

Tillage activities, which involve the turning of soil for growing crops, impart a significant 

control on soil roughness and amount of protective crop residue cover left on the surface. Tillage 

is an important agricultural land management practice that plays a significant role in controlling 
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earth surface processes such as erosion and soil moisture. Reduced tillage includes no-till and 

conservation tillage management. No-till involves no tillage after harvest and conservation 

involves limited disturbance of the soil surface while maintaining protective crop residue on the 

surface. These practices seek to limit soil losses when compared to conventional tillage, which 

typically turns the soil at a depth of 15-30cm, leaves the soil surface very rough and buries much 

of the crop residue present at the surface. Reduced tillage measures have been encouraged by 

federal and provincial agencies in Canada, and Ontario such as Agriculture and Agri-Food 

Canada (AAFC) and the Ontario Ministry of Agriculture, Food and Rural Affairs (OMAFRA). 

Government agencies and land managers are interested in monitoring the adoption of these best 

management practices. AAFC’s agri-environmental initiative, the National Agri-environmental 

Health Analysis and Reporting Program (NAHARP) require tillage information as input to 15 of 

the existing 29 indicators (Pacheco and McNairn, 2010). Land surface modelers are also 

interested in accurate maps characterizing surface features for environmental models (Baghdadi 

et al., 2008a).   

Assessing the adoption of these practices requires extensive surveying of fields with 

individual site-visits to agricultural fields that are time-consuming and unfeasible. Methods are 

required to map the adoption of these practices. Optical sensors aboard several satellites have 

potential but can be limited by cloud cover during critical time periods in the fall and spring 

when crops are harvested and other management activities occur. Synthetic Aperture RADAR 

has shown potential to map tillage due to the influence of surface roughness on SAR backscatter 

response (Zribi et al., 2006, Baghdadi et al., 2008a). A review of soil roughness characterization 

can be found in Verhoest et al. (2008), and McNairn and Brisco (2004) review C-band 

polarimetric SAR for agriculture. Previous research, particularly the work by McNairn et al. 
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(1996, 1998, 2001) identified linear polarizations and McNairn et al. (2002) identified 

polarimetric variables such as pedestal height and circular polarization that are sensitive to tillage 

roughness. These variables are sensitive to volume and multiple scattering which characterize 

post-harvest fields. Co-polarized phase difference and co-polarized complex correlation 

coefficient are also examined to determine their utility. Many of the previous experiments were 

done in highly controlled, smaller settings to determine empirical relationships to surface 

parameters, for quantitative mapping of soil moisture and surface roughness. The operational 

potential of polarimetric SAR for tillage mapping on a greater spatial scale has not yet been fully 

established. 

The objective of this research is to assess the utility of C-Band polarimetric SAR for 

characterizing agricultural land management practices, particularly tillage and crop residue using 

RADARSAT-2. This objective is addressed through an analysis of linear backscatter, and 

selected polarimetric variables over post-harvest fields in fall 2010. The separability of fields 

using linear backscatter and polarimetric response are assessed to determine optimal variables for 

use in classification of a SAR image, and the accuracy of an existing Support Vector Machine 

(SVM) classifier is evaluated.  

3.1 Methods 

The methods section includes a description of the study site, imagery and data processing, 

ground data collection, methods used to analyze the separability of tillage classes and methods of 

image classification used. 
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3.1.1 Study Site 

The study site is located in south-western Ontario, centered approximately at (43° 37' 

48", 80° 22' 12"), north of Guelph and Kitchener-Waterloo, in Wellington and Waterloo 

Counties (Figure 1). The area is largely rural and agricultural in the northwest Waterloo Region 

and Wellington County where more than 90% of the land is used for agriculture (Lake Erie 

Source Protection Region, 2008). The main crops in the area include: corn, soybeans, winter 

wheat and alfalfa. The topography of the area is relatively flat with gently sloping plains and 

deposits of gravel, sand and clay left behind by the Wisconsin ice sheet. 

 

 

 

 

 

 

 

 

 

 
Figure 1- Location of the study site in south-western Ontario with field 

sites, soil moisture monitoring stations and Elora Weather Station 
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3.1.2 Imagery and Data Processing 

Six fine-quad polarimetric (FQ) RADARSAT-2 scenes were acquired over the study area 

on three dates in the fall 2010, each covering an area of 25km
2
. On each date, there was a single 

acquisition but the images were provided into two separate files, one with more northern 

coverage and one with more southern coverage of the study area. Each successive image had a 

minimal area of overlap. Images were acquired on October 2, 26 and November 19,
 
2010, during 

the time of year when crops were being harvested; the acquisitions are listed in Table 2. FQ31 

images were acquired with a nominal incidence angle of approximately 49
o
 and nominal 

resolution of 7m, which were processed to 8m resolution. High incidence angle imagery was 

chosen as it is less sensitive to scatter from dielectric constant, related to soil moisture and has 

shown increased sensitivity to soil roughness (Holah et al., 2005).  

 

 

 

 

RADARSAT-2 images were pre-processed using SAR Polarimetry Workstation, an add-

on module of PCI Geomatica
©

. A 5x5 boxcar filter was applied to reduce speckle noise and the 

data was then transformed into a 3x3 symmetrized covariance matrix to extract the linear 

polarizations and polarimetric variables. The boxcar filter is a simple filter with a smoothing 

effect that reduces the appearance of speckle noise. Although it does not preserve edges such as a 

bilateral filter, edges remain discernible and only average backscatter values from within 

 

Date Beam Mode Incidence Angle Orbital Pass Acquisition Time 

Oct 2/2010 FQ 31 49
o
 Ascending 23:28:16 (UTC) 

Oct 26/2010 FQ 31 49
o
 Ascending 23:28:20 (UTC) 

Nov 19/2010 FQ 31 49
o
 Ascending 23:28:17 (UTC) 

Table 2 - RADARSAT-2 image acquisitions 
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agricultural fields are of interest. Variables chosen for analysis include all three linear intensity 

channels, HH, HV, and VV (VH containing similar information to the HV channel due to 

reciprocity property of RADAR scattering) co-polarization (HH/VV) and cross-polarization 

(HV/VV, HH/HV) ratios. Polarimetric variables were analyzed including: pedestal height, co-

polarized phase difference and the magnitude of the co-polarized correlation coefficient. Left 

(left transmit/left receive, LL) and right (right transmit/right receive, RR) circular polarizations 

were synthesized from the quad-polarimetric scattering matrix. The RADARSAT-2 data were 

converted from slant to ground range using the satellite ephemerid information and a nearest 

neighbour resampling method.  The images were then ortho-rectified using a road network and 

~30 ground control points.  

3.1.3 Ground Truth Data 

Coincident with each satellite image acquisition, field visits to over 100 fields were made 

to document management practices. On the initial visit crop type was identified along with any 

management practices occurring on the fields. Pictures were also taken for visual reference, and 

fields were identified as having no-till, conservation or conventional tillage practices and the 

amount of residue: low, medium, and high residue, following OMAFRA’s classification 

guidelines. Three representative photos of each tillage class are shown in Figure 2. Conservation 

tillage is also known as reduced, minimum or mulch tillage. A weather station located centrally 

in the study area at Elora Research Station (43° 38' 27.76", 80° 24' 20.43") provided temperature 

and rainfall data. These datasets were used to assess the influence of rainfall and soil moisture on 

the separability of tillage classes. Weather station data indicated that no precipitation occurred at 

the time of image acquisition. Soil moisture data was also available at four in-situ soil moisture 

monitoring stations located in the study area (Figure 1) (Champagne et al., 2010). These stations 
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had probes installed at depths of 5, 20, and 50cm which measured soil dielectric and provided 

water fraction volume. Due to RADARSAT-2 C-band wavelength (5.6 cm) it can only 

penetration to an approximate depth of 5cm (Lewis and Henderson., 1998), and only soil 

moisture values at this depth were considered. Water fraction volume is sampled in hourly 

intervals. RADARSAT-2 acquisitions were taken at ~19:30 local time, water fraction content at 

19:00 (or the nearest time available) were included in the analysis. 

 

 

 

3.1.4 Analysis of Linear Intensity and Polarimetric Variables 

The Ontario Ministry of Agriculture, Food and Rural Affairs (OMAFRA) Agricultural 

Resource Inventory (AgRI) polygons were used to delineate field boundaries and allow analysis 

of individual fields. The AgRI polygons allowed for a field-based analysis and all pixels within 

the fields were averaged to determine the mean pixel value present in the polygon, along with 

standard deviation, minimum, maximum, and range within the polygon. Field statistics were 

extracted using OMAFRA’s AgRI polygons and ESRI ArcGIS
©

. Prior to extraction of linear 

intensity channels and polarimetric variables, a buffer of -8m, equal to the pixel size was applied 

to the fields to eliminate edge effects of mixed pixels. AgRI polygons also allowed non-

agricultural areas to be masked out during classification. 

Various statistical measures, along with descriptive statistics were used to assess the 

separability between tillage classes. Non-parametric Mann-Whitney-U tests were conducted 

Figure 2 - Three main classes of tillage: conventional (left), conservation (middle), no-till (right) 
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between tillage classes to assess the null hypothesis that there is no true difference between two 

populations (Burt and Barber, 1996). The Mann-Whitney U test is used to determine whether the 

distributions of two populations are equal and a statistically significant result indicates a 

difference in medians. Divergence statistics were calculated to provide a measure of separability 

between classes (Swain and Davis, 1978). Divergence and Mann-Whitney U tests were 

calculated using field means of linear backscatter and polarimetric variables. The formula to 

calculate divergence is displayed in Equation (1) where   ̅̅̅ represents the tillage class mean and 

σi, the standard deviation for tillage classes i and j. 

              (  ̅̅̅     ̅)
 
 (

 

  
  

 

  
  )  

 

 
 
  
 

  
      

  
  

  
     (1) 

 

Non-parametric Spearman’s rho correlation coefficient was used to determine the 

correlation between SAR response and percent residue cover on fields for the November 19 

image. Using methods similar to Pacheco and McNairn (2010), vertical photographs of residue 

cover within a 50 x 100 cm frame were taken on the November 19 field visit and a digital grid 

was superimposed during data processing (1 x 1 cm). Each intersection of the grid was visually 

inspected for residue; each intersection with residue was then divided by the total number of 

intersections and multiplied by 100 to get a percent residue cover.  A total of 21 soybean, 35 

corn, and 27 winter wheat fields with crop residue cover percentages ranging from 0 to 100 

percent were analyzed. 

3.1.5 Classification 

A support vector machine (SVM) classifier was applied to the November 19 FQ31 image 

to assess the operational classification capability of post-harvest land management practices in 
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polarimetric SAR images. SVM was chosen because it is relatively efficient, rapid, reliable, and 

requires a small number of training samples compared to other parametric classifications 

(Hosseini et al., 2011). It is a non-parametric statistical learning technique, ideal for SAR data 

and tillage classes, as no assumption is made on the underlying data distribution (Mountrakis et 

al., 2011). SVM classifiers are not as well-known as other classifiers but often produce higher 

classification accuracies than traditional methods (Mantero et al., 2005). If the training data is 

not linearly separable, a kernel method is used to perform a nonlinear projection of the data in 

higher dimension space where the data becomes linearly separable (Mercier and Lennon, 2003). 

Half of the ground truth fields were put into a training class and the other half were used to test 

the accuracy of the classifier. A 5x5 majority filter was applied post-classification to eliminate 

isolated pixels due to the noisy appearance of SAR imagery, resulting in more homogenous 

patches associated with agricultural fields. The majority filter visits each pixel and is recoded to 

the majority class of the neighbourhood defined by the filter (Kim, 1996). Majority filters 

improve the accuracies of classifiers although the improvement is not always dramatic (Stuckens 

et al., 2000). Mountrakis et al. (2005) provide a detailed review of SVM classifiers. 

3.2 Results and Discussion 

The results and discussion section is laid out as follows; Average backscatter and 

polarimetric response are illustrated in Figure 3(a-h) and discussed in section 3.1. In section 3.2 

the results of the Mann-Whitney U and divergence tests are listed in Tables 3-10 and discussed. 

In section 3.3 the linear co-polarization and cross-polarization ratios are illustrated as a function 

of tillage class. Section 3.4 contains the results of correlation of linear and polarimetric variables 

to percent residue cover, based on crop type, correlation results are listed in Table 11. SVM 

classifier results are displayed in Figures 5-7, Table 12 and 13 and discussed in section 3.5.   
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3.2.1 Average Backscatter and Polarimetric Response 

The average backscatter response and standard deviation for each tillage class is 

illustrated for each date and all variables in Figure 3. For most of the variables, conventional 

tillage had a stronger response than conservation or no-till, a result found in numerous studies 

(Solberg 1992, Weydahl, 1992, McNairn et al., 1996). No-till generally had a weaker response 

than conventional fields but there was significant overlap between the response of no-till and 

conservation fields for many variables. On October 26 there was an increase in values for all 

variables followed by a decrease for all variables on November 19 (with the exception of phase 

difference). There was a decrease in the magnitude of co-polarized channel correlation in the 

October 26 image.  

 

 

 

 

 

 

 

 

 

 

a)  

Figure 3 - Average backscatter for linear and polarimetric variables 

Where: a) HH Polarization, b) HV Polarization, c) VV Polarization, 

d) Co-pol channel correlation, e) pedestal height, f) right circular 

polarization, g) Co-pol phase difference h) left circular polarization. 

Boxplots show the interquartile range (boxes), median, minimum 

and maximum (error bars) values. Circles and asterisks indicate 

outliers and far outliers respectively. 
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 Figure 3 - Continued 

b)  

c)  
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Figure 3 - Continued 

d)  

e)  
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Figure 3 - Continued 

g)  

f)  
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The lowest variation of all the images is seen in the November 19 image, which is 

slightly lower than the Oct 2 image. For all dates pedestal height had stronger returns for 

conventional compared to no-till fields indicating they had a greater unpolarized scattering 

component. HV also had a stronger response for conventional tillage with greater repolarization 

into the orthogonal polarization occurring, consistent with pedestal height results.  

Phase difference values for no-till were close to zero for all dates. Conventional had 

values above zero for all dates (ranging from 7.75°-10.7°). Conservation phase difference 

showed a wide range of responses, with values from in-between no-till and conventional (Oct 2), 

roughly equal to conventional (Oct 26), and greater than conventional (Nov 19).  No-till surfaces 

also had greater standard deviations than conservation and conventional classes, for all dates. 

Sarabandi et al. (1991) found that standard deviations of co-polarized phase difference vary as a 

result of surface roughness, which are seen here as a result of tillage practices. The standard 

deviation of smooth surfaces, where single-bounce scattering dominates is between 20° and 30° 

Figure 3 - Continued 

h)  



 
 

41 
 

(Kuga and Zhao, 1996). No-till only had values within this range for the final November 19 date, 

with values just above 30° for the October 2 and 26. Conventional tillage had a standard 

deviation under 20° for all dates. Conservation was between 20° and 30° for October 2 and 26, 

and less than 20° for the November 19 date.  Co-polarized phase difference values appear to 

agree with Evans et al. (1988) that for bare, smooth soil surfaces, HH and VV polarizations are 

essentially in phase (0°). Eom and Boerner (1991) found backscattered signals from volume 

scattering dominant targets had less coherence between VV and HH (higher phase difference) 

compared to surface scattering ones, such as bare soil. HH and VV were roughly equal for 

conventional tillage, indicating multiple or volume scatter dominate for these surfaces as 

documented by Baronti et al. (1995).  

Circular polarizations (RR, LL) showed roughly similar response and limited dynamic 

range for all three tillage classes on all three dates indicating similar responses for all tillage 

types. Left and right circular polarization were very close for all tillage classes indicating there 

may be little benefit of using one instead of the other. McNairn et al. (2002) found circular 

polarizations (RL at C-band and RR at L-Band) were comparable to HH; results from this study 

indicate that circular polarizations have limited variation in response, based on tillage class. 

Limited studies have assessed the co-polarized correlation coefficient for sensitivity to surface 

roughness but Barrett et al. (2009) state it has potential for identification of surface roughness. 

The magnitude of the co-polarized correlation coefficient does appear to vary based on tillage 

class. Conventional tillage had greater correlation between HH and VV than conservation and 

no-till classes, which makes sense as HH and VV linear channels were roughly equal for 

conventional and no-till showed a ~1dB different between the two channels. The next section 

will examine the statistical significance of these results.  
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3.2.2 Separability of Tillage Classes 

The results of the Mann-Whitney U test from October 2 are summarized in Table 3. The 

October 2
 
image showed limited differences between tillage classes. HV and pedestal height 

showed no significant differences between tillage classes at a significance level of p < 0.05. Both 

variables are sensitive to depolarization/repolarization that occurs from post-harvest fields but 

there was not a significant difference in their responses. For co-polarized channel correlation and 

VV polarization, conventional tillage showed statistically significant differences from all classes 

at p < 0.05. Co-polarized phase difference showed significant differences in means between 

conventional and no-till, unharvested and conventional but no statistically significant difference 

between conventional and conservation tillage at p < 0.05. HH polarization, left circular and 

right circular polarizations only showed significant differences between unharvested crops and 

no-till fields on October 2. 

 

 

 

 

 

 

 

Table 3 – Mann-Whitney U values from October 2 RADARSAT-2 image 

 

p-values reported  where ‡ indicates significance at α = 0.05, † = significance at α = 0.01 and  * 

indicates significance at α = 0.005 

HH 

   
HV 

   
VV 

   

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.304 0.091 0.05
‡
 NT 1 0.659 0.874 NT 0.244 0.001

*
 0.001

*
 

CT n/a 0.438 0.779 CT n/a 0.898 0.849 CT n/a 0.042
‡
 0.351 

MT 

 

n/a 0.79 MT 

 

n/a 0.576 MT 

 

n/a 0.005
†
 

            Pedestal Height 

 
Co-Pol Phase Difference Left Circular Polarization 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.89 1 0.076 NT 0.397 0.002
*
 0.18 NT 0.859 1 0.01

‡
 

CT n/a 0.776 0.177 CT n/a 0.066 0.09 CT n/a 0.797 0.061 

MT 

 

n/a 0.16 MT 

 

n/a 0.001
*
 MT 

 

n/a 0.155 

            Right Circular Polarization Co-Pol channel Correlation 
     

 

CT MT Un 

 

CT MT Un 

 

NT = No-Till 

 
NT 0.689 0.9 0.007

†
 NT 0.178 0.001

*
 0.124 

 

CT = Conservation 

CT n/a 0.797 0.058 CT n/a 0.007
†
 0.013

‡
 

 

MT = Conventional 

MT 

 

n/a 0.127 MT 

 

n/a 0.001
*
 

 

Un = Unharvested 
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Divergence test results on the October 2 image are shown in Table 4 and showed similar 

results to the Mann-Whitney U test. Co-polarized phase differences showed the greatest average 

divergence although this was largely due to strong divergence between unharvested fields and 

conventional tillage. VV polarization had the second greatest average divergence; it also had the 

highest divergence of all variables for the following pairwise comparisons: conservation and 

conventional tillage, conventional and no-till and between no-till and conservation. Left, and 

right circular polarizations and co-pol phase difference showed the highest divergence between 

unharvested and harvested crops. HV polarization and pedestal height had low overall 

divergence values, HH polarization also had low divergence values but with higher values than 

HV and pedestal height. 

 

 

 

 

 

 

 

 

 

 

 

 

Values near zero indicate no divergence between variables 

HH Polarization 

 

HV Polarization 

 

VV Polarization 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.2221 0.4901 1.2239 NT 0.0182 0.0348 0.0023 NT 0.5059 3.4602 0.5222 

CT   0.0593 0.3887 CT   0.0036 0.0122 CT   1.1065 0.0051 

MT     0.2262 MT     0.0001 MT     0.8373 

  

Average 0.4350 

  

Average 0.0118 

  

Average 1.0729 

Pedestal Height 

 

Co-Pol Phase Difference Left Circular Polarization 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.0947 0.1054 0.5346 NT 0.1524 1.1413 0.6291 NT 0.0117 0.0035 1.6305 

CT   0.0137 0.1290 CT   0.3873 1.5422 CT   0.0102 1.8678 

MT     0.1661 MT     4.5765 MT     1.8202 

  

Average 0.1739 

  

Average 1.4048 

  

Average 0.8907 

Right Circular Polarization Co-Pol Channel Correlation 

    

 

CT MT Un 

 

CT MT Un 

    NT 0.0093 0.0085 1.6773 NT 0.0043 0.9855 0.0220 

 

NT = No-Till 

 CT   0.0314 1.7370 CT   0.8544 0.1843 

 

CT = Conservation 

MT     1.8528 MT     1.8345 

 

MT = Conventional 

  

Average 0.8860 

  

Average 0.6475 

 

Un = Unharvested 

Table 4 - Divergence Values from October 2 RADARSAT-2 image 
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The Mann-Whitney U test results from October 26 in Table 5 showed that there were 

more significant differences between classes. VV and co-pol channel correlation showed the 

most significant differences between class means, with conventional fields and unharvested 

fields showing difference between all other tillage classes at p < 0.05 (co-pol channel correlation 

showed significant differences at p < 0.01). For VV polarization and co-pol channel correlation, 

the only classes that did not have a statistically significant difference were conservation tillage 

and no-till. HH, HV, pedestal height, and left, and right circular polarizations all showed 

significant differences between conventional tillage and all other classes at p < 0.05. The rest of 

the pairwise class comparisons for these variables did not show statistically significant 

differences between means. Phase difference showed limited differences in means, although no-

till showed statistically significant differences at p < 0.05 from conservation, and conventional 

tillage classes. 

 

 

 

 

 

 

 

 

p-values reported where ‡ indicates significance at α = 0.05, † indicates significance at α = 0.01 and  * 

indicates significance at α = 0.005 

HH Polarization 

 
HV Polarization  

 
VV polarization 

 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.376 0.001* 0.313 NT 0.914 0.001* 0.093 NT 0.387 0.001* 0.017† 

CT n/a 0.001* 0.193 CT n/a 0.003* 0.119 CT n/a 0.001* 0.018† 

MT 

 

n/a 0.001* MT 

 

n/a 0.001* MT 

 

n/a 0.000* 

            Pedestal Height 

 
Co-Pol Phase Difference Left Circular Polarization 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.970 0.001* 0.577 NT 0.025† 0.028† 0.860 NT 0.931 0.002* 0.471 

CT n/a 0.002* 0.581 CT n/a 0.742 0.093 CT n/a 0.003* 0.693 

MT 

 

n/a 0.001* MT 

 

n/a 0.172 MT 

 

n/a 0.020† 

            Right Circular Polarization Co-Pol Channel Correlation 

   

 

CT MT Un 

 

CT MT Un 

 

NT = No-Till 

 NT 0.931 0.001* 0.421 NT 0.243 0.001* 0.001* 

 

CT = Conservation 

CT n/a 0.004* 0.577 CT n/a 0.001* 0.001* 

 

MT = Conventional 

MT 

 

n/a 0.021† MT 

 

n/a 0.001* 

 

Un = Unharvested 

 

Table 5 – Mann-Whitney U values from October 26 RADARSAT-2 image 
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The October 26 image showed varying divergence when compared to the October 2 

image, displayed in Table 6. VV polarization had the greatest overall divergence of all the 

variables. For VV polarization, conventional tillage showed the greatest divergence between all 

other tillage classes. Conservation tillage had very low divergence values compared to 

unharvested and no-till fields for VV polarization and all other variables. The divergence values 

were much lower for no-till and conservation tillage than the divergence values seen in the 

October 2 image. HH polarization showed the second greatest overall divergence with 

divergence values greatest for conventional tillage compared to all other classes although the 

overall divergence was much lower than VV polarization. Separability of conventional from 

conservation was lowest at 0.8735 for HH polarization. The rest of the pairwise comparisons for 

HH showed limited separability. Co-pol channel correlation had an average divergence value 

slightly lower than for HH polarization, with the greatest divergence values being conventional 

compared to all other variables. HV polarization, pedestal height and co-pol phase difference and 

circular polarizations had limited separability. 

 

 

 

 

 

 

 

Values near zero indicate no divergence between variables 

HH Polarization 

 

HV Polarization 

 

VV Polarization 

  

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.0780 1.4720 0.0326 NT 0.0001 0.3541 0.0340 NT 0.1232 4.2770 0.0708 

CT 

 

0.8735 0.2201 CT 

 

0.3634 0.0385 CT 

 

2.7039 0.3190 

MT 

  

2.3362 MT 

  

0.6991 MT 

  

5.1944 

  

Average 0.8354 

  

Average 0.2482 

  

Average 2.1147 

Pedestal Height  Co-Pol Phase Difference Left Circular Polarization 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.0081 0.7314 0.0084 NT 0.0773 0.7737 0.1706 NT 0.0007 0.2639 0.0262 

CT 

 

0.5893 0.0260 CT 

 

0.3799 0.4424 CT 

 

0.2489 0.0273 

MT 

  

0.7718 MT 

  

1.9356 MT 

  

0.1549 

  

Average 0.3558 

  

Average 0.6299 

  

Average 0.1203 

Right Circular Polarization Co-Pol Channel Correlation 

    

 

CT MT Un 

 

CT MT Un 

   

 

NT 0.0029 0.2639 0.0247 NT 0.0445 1.0671 0.1441 

 

NT = No-Till  

CT 

 

0.2104 0.0141 CT 

 

0.7017 0.3483 

 

CT = Conservation 

MT 

  

0.1454 MT 

  

2.0664 

 

MT = Conventional 

  

Average 0.1102 

  

Average 0.7287 

 

Un = Unharvested 

Table 6 - Divergence Values from October 26 RADARSAT-2 image 
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November 19 Mann-Whitney U results displayed in Table 7 had the most statistically 

significant differences between SAR response and tillage class. Two variables, VV and co-

polarized channel correlation had statistically significant differences between all classes with the 

majority of the classes having statistically significant differences at p < 0.005. HH showed 

significant differences for all tillage classes with the exception of no-till and conservation tillage 

which did not show a statistically significant difference of means. HV, left, and right circular 

polarizations all showed significant differences of means for conventional tillage and all other 

classes. Pedestal height showed some statistically significant differences between no-till and 

conventional tillage, conservation and unharvested and between conventional and unharvested. 

Phase difference showed limited differences, only no-till and conservation and no-till and 

unharvested fields showed significant differences in means. Many variables had differences that 

were not as significant in the October 26 image or had significant differences in the October 26 

image that were not as significant in the November 19 image. 

 

 

 

 

 

 

 

Table 7 – Mann-Whitney U values from November 19 RADARSAT-2 image 
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Divergence values for the November 19 image are shown in Table 8 and generally show 

greater divergence than the October 2 and October 26
 
images, for most variables. VV and HH 

had the highest average divergence values for all variables for all dates. VV had divergence 

values near or above one for all pairwise comparisons. HH had large divergence values for 

nearly all pairwise comparisons, although the pairwise comparison between conservation and 

conventional tillage was close to zero at 0.2496. HV had a low overall divergence, with 

conventional tillage showing the greatest divergence from other classes. Co-polarized channel 

correlation showed divergence values near or above one for conventional/no-till, 

conservation/unharvested and conventional/unharvested pairwise comparisons but low 

divergence values for the remaining pairwise comparisons and an average divergence of 

0.75489. Although HH and VV had the greatest divergence values some pairwise comparisons 

decreased and others increased compared to the October 26 image. 

 

 

 

 

 

 

 

 

Values near zero indicate no divergence between variables 

HH Polarization HV Polarization VV Polarization 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.2496 1.9481 1.7068 NT 0.0716 0.7468 0.0621 NT 0.9056 3.7865 0.5466 

CT   0.8066 3.6169 CT   0.4831 0.2664 CT   0.8945 3.2969 

MT     9.2807 MT     1.4270 MT     9.0423 

  

Average 2.9348 

  

Average 0.5095 

  

Average 3.0787 

Pedestal Height 

 

Co-Pol Phase Difference Left Circular Polarization 

 

CT MT Un 

 

CT MT Un 

 

CT MT Un 

NT 0.0149 0.5462 0.3664 NT 0.2433 0.2558 0.2398 NT 0.0101 0.3079 0.2435 

CT   0.4184 0.5329 CT   0.0086 0.7610 CT   0.4162 0.2271 

MT     1.8323 MT     0.8739 MT     1.0544 

  

Average 0.6185 

  

Average 0.3971 

  

Average 0.3765 

Right Circular Polarization Co-Pol Channel Correlation 

    

 

CT MT Un 

 

CT MT Un 

    NT 0.0066 0.3294 0.2093 NT 0.3515 0.9085 0.2528 

 

NT = No-Till 

 CT   0.4060 0.2068 CT   0.1273 1.0166 

 

CT = Conservation 

MT     1.0264 MT     1.8726 

 

MT = Conventional 

  

Average 0.3641 

  

Average 0.7549 

 

Un = Unharvested 

Table 8 - Divergence values for November 19 RADARSAT-2 image 
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For both like polarizations the divergence between no-till and conservation tillage 

increased in the November 19 image. The divergence between conventional and conservation 

tillage decreased compared to the October 26 image, although VV showed a much more 

significant decrease. The divergence between no-till and conventional increased for HH 

polarization and slightly decreased for VV polarization. 

3.2.3 Separability by Crop Type and Tillage Class 

The tillage classes were sub-divided, based on tillage class and crop type to further 

determine the separability and divergence between classes, the Mann-Whitney U tests from the 

November 19 image are summarized in Table 9. For all variables it can be seen that corn no-till 

and soybean no-till have significantly different means, all of which were significant at p < 0.01. 

HH polarization and co-pol phase difference also showed statistically significant differences 

between winter wheat no-till and corn no-till at p < 0.1. The Mann-Whitney U test also showed 

significance difference of means between winter wheat no-till and soybeans no-till for the co-pol 

channel correlation but not for any other variables.  

None of the conservation tillage crop classes showed statistically significant differences 

in means, indicating that these classes have similar SAR response and that crop type did not 

significantly alter the response. According to the Mann-Whitney U test the only variables that 

showed any significant differences of means between conventional tillage fields were co-

polarized channel correlation magnitude and HH polarization. Co-pol channel correlation did not 

show any significant differences between soybeans and corn but there were significant 

differences at p < 0.05 between winter wheat and corn and, winter wheat and soybeans. HH 

polarization showed statistically significant differences between conventional tillage winter 

wheat and corn at p < 0.1. 
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b) HV Polarization 

        

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   0.581 0.108 0.000* 0.403 0.174 0.012‡ 0.379 0.158 0.465 

C-CT   

 

0.622 0.015‡ 0.429 0.662 0.051 ψ 0.286 0.234 0.966 

C-MT   

  

0.000* 0.042‡ 1.000 0.000* 0.025‡ 0.014‡ 0.650 

S-NT   

   

0.026‡ 0.000* 0.224 0.150 0.197 0.000* 

S-CT   

    

0.151 0.268 1.000 0.876 0.246 

S-MT   

     

0.003* 0.095 ψ 0.073 ψ 0.633 

W-Un   

      

0.500 0.535 0.014‡ 

W-NT   

       

0.889 0.171 

W-CT   

        

0.056 ψ 

W-MT                     

 
 

c) VV Polarization 

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   0.056 ψ 0.000* 0.002* 0.914 0.000* 0.000* 0.316 0.297 0.007† 

C-CT   

 

0.622 0.002* 0.429 0.082 ψ 0.002* 0.143 0.366 0.701 

C-MT   

  

0.000* 0.033‡ 1.000 0.000* 0.015‡ 0.017‡ 0.108 

S-NT   

   

0.056 ψ 0.000* 0.197 0.500 0.079 ψ 0.000* 

S-CT   

    

0.151 0.018‡ 0.571 0.755 0.173 

S-MT   

     

0.003* 0.095 ψ 0.048‡ 0.289 

W-Un   

      

0.222 0.038‡ 0.000* 

W-NT   

       

0.500 0.114 

W-CT   

        

0.275 

W-MT                     

 

 

p-values reported where  ψ indicates significance at α = 0.1, ‡ indicates significance at α = 0.05, † 

indicates significance at α = 0.01, and * indicates significance at α = 0.005.  

Comparisons within tillage classes are identified by outlines. 

C= Corn, S = Soybeans, W =Winter wheat, NT = No-Till, CT = Conservation, MT = Conventional, Un = 

Unharvested 

a) HH Polarization 

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   0.581 0.001* 0.000* 0.257 0.067ψ 0.000* 0.095ψ 0.244 0.373 

C-CT   

 

0.112 0.003* 0.429 0.329 0.002* 0.286 0.181 0.966 

C-MT   

  

0.000* 0.033‡ 0.395 0.000* 0.015‡ 0.009† 0.088ψ 

S-NT   

   

0.087ψ 0.000* 0.255 0.700 0.025‡ 0.000* 

S-CT   

    

0.151 0.005* 0.381 0.755 0.143 

S-MT   

     

0.003* 0.095ψ 0.048‡ 0.387 

W-Un   

      

0.111 0.038‡ 0.000* 

W-NT   

       

0.333 0.019‡ 

W-CT   

        

0.135 

W-MT                     

Table 9 – Mann-Whitney U values between tillage class and crop type 
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d) Left Circular Polarization 

 

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 

 

0.494 0.986 0.000* 0.111 0.691 0.006† 0.316 0.055 ψ 0.567 

C-CT 

  

0.733 0.003* 0.329 0.931 0.051ψ 0.286 0.181 0.831 

C-MT 

   

0.000* 0.019‡ 0.800 0.000* 0.015‡ 0.004* 0.294 

S-NT 

    

0.070 ψ 0.000* 0.149 0.200 0.079 ψ 0.000* 

S-CT 

     

0.151 0.268 0.571 1.000 0.143 

S-MT 

      

0.003* 0.095 ψ 0.048‡ 0.503 

W-Un 

       

0.222 0.710 0.011‡ 

W-NT 

        

0.889 0.229 

W-CT 

         

0.081 ψ 

W-MT 

           

Table 9 -Continued 

           

e) Right Circular Polarization 

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 

 

0.494 0.986 0.000* 0.130 0.801 0.006† 0.316 0.085ψ 0.737 

C-CT 

  

0.677 0.002* 0.429 1.000 0.035‡ 0.286 0.138 0.966 

C-MT 

   

0.000* 0.019‡ 0.612 0.000* 0.059ψ 0.007† 0.525 

S-NT 

    

0.034‡ 0.000* 0.079 ψ 0.150 0.067ψ 0.000* 

S-CT 

     

0.151 0.639 0.571 0.876 0.173 

S-MT 

      

0.002* 0.095ψ 0.048‡ 0.633 

W-Un 

       

0.333 0.535 0.011‡ 

W-NT 

        

0.667 0.305 

W-CT 

         

0.097ψ 

W-MT 

                     

f) Pedestal Height 

        

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 

 

0.871 0.708 0.000* 0.227 0.971 0.006† 0.316 0.110 0.984 

C-CT 

  

0.733 0.005† 0.329 1.000 0.035‡ 0.286 0.181 0.966 

C-MT 

   

0.000* 0.033‡ 0.672 0.000* 0.015‡ 0.007† 0.413 

S-NT 

    

0.056ψ 0.000* 0.322 0.200 0.094ψ 0.000* 

S-CT 

     

0.151 0.149 0.857 0.876 0.208 

S-MT 

      

0.003* 0.095ψ 0.048‡ 0.566 

W-Un 

       

0.333 0.535 0.005† 

W-NT 

        

0.889 0.229 

W-CT 

         

0.081ψ 

W-MT 

          g) Co-Pol Phase Difference 

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 

 

0.177 0.005† 0.000* 0.007† 0.002* 0.000* 0.063 ψ 0.002* 0.001* 

C-CT 

  

0.733 0.207 0.177 0.247 0.073ψ 0.429 0.234 0.210 

C-MT 

   

0.172 0.119 0.197 0.014‡ 0.294 0.039‡ 0.201 

S-NT 

    

0.823 0.964 0.094ψ 0.933 0.360 0.793 

S-CT 

     

0.548 0.202 0.857 0.639 0.566 

S-MT 

      

0.048‡ 0.857 0.268 1.000 

W-Un 

       

0.333 0.710 0.037‡ 

W-NT 

        

0.500 0.686 

W-CT 

         

0.351 

W-MT 

           

f) Pedestal Height 
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3.2.4 Divergence between Crop Type and Tillage Class 

The divergence statistics of the crop and tillage comparisons in Table 10 shows that for 

some variables there are greater differences within tillage classes than between tillage classes. 

For example, looking at HH polarization, corn had greater divergence values between no-till 

corn and soybean fields than between corn no-till and corn conventional. Although not all 

variables had the same level of divergence, VV polarization had greater divergence between all 

corn tillage classes than HH polarization.  

Table 9 -Continued 

g) Co-Pol Phase Difference 

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 

 

0.177 0.005† 0.000* 0.007† 0.002* 0.000* 0.063 ψ 0.002* 0.001* 

C-CT 

  

0.733 0.207 0.177 0.247 0.073ψ 0.429 0.234 0.210 

C-MT 

   

0.172 0.119 0.197 0.014‡ 0.294 0.039‡ 0.201 

S-NT 

    

0.823 0.964 0.094ψ 0.933 0.360 0.793 

S-CT 

     

0.548 0.202 0.857 0.639 0.566 

S-MT 

      

0.048‡ 0.857 0.268 1.000 

W-Un 

       

0.333 0.710 0.037‡ 

W-NT 

        

0.500 0.686 

W-CT 

         

0.351 

W-MT 

           
 

h) Co- Pol Channel Correlation 

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 

 

0.000* 0.000* 0.005† 0.007† 0.000* 0.014‡ 0.168 0.006† 0.000* 

C-CT 

  

0.023‡ 0.091ψ 0.792 0.030‡ 0.001* 0.071ψ 0.836 0.639 

C-MT 

   

0.000* 0.081ψ 1.000 0.000* 0.015‡ 0.039‡ 0.033‡ 

S-NT 

    

0.343 0.000* 0.000* 0.033 0.067ψ 0.009† 

S-CT 

     

0.151 0.005 0.095ψ 0.530 0.566 

S-MT 

      

0.003* 0.095ψ 0.073 0.035‡ 

W-Un 

       

1.000 0.001* 0.000* 

W-NT 

        

0.056 0.019‡ 

W-CT 

         

0.817 

W-MT 
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Values of zero indicate no divergence. Comparisons within tillage classes are outlined. C= Corn, S = 

Soybeans, W =Winter wheat, NT = No-Till, CT = Conservation, MT = Conventional, Un = Unharvested 

 

a)HH Polarization 

        

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   0.257 0.636 2.312 0.344 0.434 4.094 2.170 0.104 0.144 

C-CT     0.103 4.643 1.249 0.028 7.529 4.435 0.762 0.013 

C-MT       6.290 1.970 0.023 10.026 6.048 1.411 0.176 

S-NT         0.732 5.448 0.128 0.003 1.453 3.924 

S-CT           1.603 1.631 0.654 0.084 0.952 

S-MT             8.743 5.223 1.073 0.076 

W-Un               0.170 2.780 6.496 

W-NT                 1.338 3.735 

W-CT                   0.534 

W-MT                     

        

Average 2.266 

b)HV Polarization 

     

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   0.125 0.177 1.268 0.225 0.114 0.695 0.952 0.333 0.124 

C-CT     0.006 2.457 0.714 0.000 1.528 1.966 1.033 0.000 

C-MT       2.695 0.824 0.004 1.697 2.172 1.204 0.007 

S-NT         0.340 2.300 0.055 0.018 0.393 2.463 

S-CT           0.649 0.110 0.200 0.000 0.716 

S-MT             1.410 1.831 0.969 0.000 

W-Un               0.011 0.126 1.533 

W-NT                 0.229 1.971 

W-CT                   1.031 

W-MT                     

        

Average 0.815 

c)VV Polarization 

        

 

C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   1.010 2.196 0.727 0.002 2.255 1.864 0.748 0.171 1.249 

C-CT     0.178 3.551 0.801 0.184 6.337 3.480 0.337 0.013 

C-MT       5.786 1.762 0.000 9.745 5.610 1.063 0.087 

S-NT         0.749 5.911 0.202 0.001 1.612 4.000 

S-CT           1.820 1.883 0.765 0.120 0.991 

S-MT             9.900 5.738 1.097 0.090 

W-Un               0.169 3.323 7.040 

W-NT                 1.615 3.902 

W-CT                   0.478 

W-MT                     

         

Average 2.235 

 

Table 10 - Divergence values by tillage class and crop type 
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d)Left Circular Polarization 

       

 
C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   0.000 0.006 1.994 0.745 0.005 1.091 1.254 0.712 0.008 

C-CT     0.005 2.119 0.808 0.007 1.176 1.343 0.771 0.011 

C-MT       2.093 0.812 0.020 1.147 1.350 0.807 0.027 

S-NT         0.240 1.707 0.073 0.089 0.366 1.761 

S-CT           0.594 0.040 0.041 0.007 0.613 

S-MT             0.902 1.039 0.560 0.000 

W-Un               0.000 0.089 0.938 

W-NT                 0.092 1.068 

W-CT                   0.569 

W-MT                     

        
Average: 0.647 

e)Right Circular Polarization 
       

 
C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT   0.001 0.005 2.030 0.654 0.004 0.988 1.021 0.650 0.000 

C-CT     0.010 2.016 0.642 0.002 0.980 1.009 0.628 0.001 

C-MT       2.139 0.716 0.018 1.048 1.095 0.738 0.005 

S-NT         0.282 1.816 0.101 0.121 0.419 2.004 

S-CT           0.549 0.037 0.032 0.006 0.643 

S-MT             0.858 0.883 0.534 0.004 

W-Un               0.000 0.081 0.971 

W-NT                 0.074 1.005 

W-CT                   0.640 

W-MT                     

        
Average: 0.610 

f)Pedestal Height 
        

 
C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 
 

0.035 0.042 2.381 0.703 0.005 1.687 1.446 0.700 0.011 

C-CT 
  

0.001 3.075 1.054 0.012 2.258 1.981 1.099 0.007 

C-MT 
   

3.031 1.043 0.017 2.228 1.960 1.105 0.011 

S-NT 
    

0.393 2.528 0.049 0.110 0.587 2.725 

S-CT 
     

0.785 0.164 0.093 0.008 0.877 

S-MT 
      

1.812 1.569 0.805 0.001 

W-Un 
       

0.012 0.280 1.971 

W-NT 
        

0.177 1.713 

W-CT 
         

0.900 

W-MT 
          

        
Average 0.966 

 

Table 10 -Continued 

Table 10 -Continued 
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The variables which showed the greatest average divergence for all pairwise comparisons 

were HH (2.331), VV (2.311) and co-pol phase difference (5.835). Left (0.655) and Right 

(0.616) circular polarizations and co-pol channel correlation (0.625) had the lowest average 

divergence of all the variables. 

For each crop type, tillage separability also showed variable divergence values between 

the tillage classes. For most variables (with the exception of co-pol channel correlation and co-

pol phase difference) soybean and winter wheat fields had greater divergence between tillage 

classes than corn fields. The divergence between each tillage class for each crop type was 

 
 
 

g)Co-Pol Phase Difference 
       

 
C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 
 

1.980 6.015 5.900 16.238 28.735 16.636 0.530 19.717 13.172 

C-CT 
  

0.079 1.768 1.248 0.677 70.806 5.854 0.797 0.424 

C-MT 
   

0.224 0.179 0.288 27.610 0.297 0.119 0.042 

S-NT 
    

0.052 0.034 5.019 0.573 0.089 0.000 

S-CT 
     

0.485 1.182 3.805 0.000 0.022 

S-MT 
      

18.861 1.291 0.385 0.019 

W-Un 
       

1.639 1.235 7.383 

W-NT 
        

4.530 1.159 

W-CT 
         

0.017 

W-MT 
          

        
Average: 5.936 

h)Co-Pol Channel Correlation 
       

 
C-NT C-CT C-MT S-NT S-CT S-MT W-Un W-NT W-CT W-MT 

C-NT 
 

0.587 1.143 0.095 0.267 1.575 0.178 0.021 0.489 0.684 

C-CT 
  

0.097 0.221 0.062 0.219 1.436 0.830 0.002 0.006 

C-MT 
   

0.610 0.312 0.021 2.247 1.469 0.123 0.053 

S-NT 
    

0.047 0.913 0.552 0.208 0.169 0.290 

S-CT 
     

0.525 0.895 0.438 0.039 0.104 

S-MT 
      

2.911 1.974 0.257 0.146 

W-Un 
       

0.075 1.249 1.561 

W-NT 
        

0.705 0.938 

W-CT 
         

0.015 

W-MT 
          

        
Average: 0.595 

 

Table 10 -Continued 
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calculated and the total divergence of all classes averaged gave an indication of the overall 

separability of tillage classes for each crop type and polarimetric variable. For all variables and 

tillage classes the largest divergence values were seen between no-till and conventional tillage 

classes. Depending on the variable selected and crop type, no-till and conservation, and no-till 

and conventional showed varying levels of divergence.  

For corn fields, VV polarization, co-pol channel correlation and co-pol phase difference 

had the greatest average divergence values between tillage classes. For soybeans, the variables 

with the greatest average divergence were HH and VV polarizations, pedestal height and HV 

polarization also showed high divergence although not as great as the like-polarizations. Co-pol 

channel correlation showed the poorest divergence of all variables for soybeans. For winter 

wheat, like-polarizations (HH, VV) and co-polarized channel correlation showed the greatest 

divergence values. Looking at corn fields, for all variables (with the exception of the circular 

polarizations) conservation tillage showed greater separability from no-till fields than from 

conventional tillage. For soybeans, all variables showed greater divergence between conservation 

tillage and conventional tillage as opposed to between no-till and conservation. These results 

were opposite to what was seen for corn fields. Winter wheat was not straightforward with half 

of the variables (HH, HV, co-pol channel correlation, and co-pol phase difference) showing 

greater divergence between conservation tillage and no-till than between conservation tillage and 

conventional tillage. The remaining variables, HV, left and right circular polarizations and 

pedestal height showed the opposite. 

3.2.5 Separability within Tillage Class and Across Crop Type 

The divergence within tillage classes and between different crop types also gave an 

indication of the separability within each of the tillage classes. For conventional tillage there 
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were very low divergence values indicating that crop type did not influence the SAR response 

for fields with conventional tillage. No-till fields had the greatest divergence between the 

different crop types, with the divergence between corn and soybeans being the greatest, followed 

by corn and winter wheat. Soybeans and winter wheat had very low divergence values indicating 

the fields with these crop types and no-till management practices had similar SAR responses. 

Conservation tillage practices had greater divergence values between crop types than 

conventional tillage but less than for no-till.  Conservation tillage corn appeared to have greater 

separability from soybeans and winter wheat, with the divergence between these crops being 

roughly equal for most variables (with the exception of HH and VV which showed greater 

divergence values between corn and soybean conservation tillage fields). Soybeans and winter 

wheat had low divergence values from each other for all tillage classes and crop types. 

Different tillage classes across different crop types also had varying divergence values. 

Some pairwise comparisons had very low divergence across all crop types as seen in Table 10. 

Conservation tillage corn fields and winter wheat conventional tillage fields had divergence 

values close to zero indicating these fields had similar SAR responses. No-till corn fields showed 

low divergence values from conventional and conservation tillage winter wheat fields. There 

were low divergence values within corn fields, conservation and conventional had low 

divergence values for this crop class for all variables, VV and HH had the greatest divergence 

values but were low compared to many of the other classes examined. The lowest divergence 

values were between fields with the same tillage type but different crop type, particularly 

between winter wheat and soybeans.   
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3.2.6 Linear Polarization Ratio 

Polarization ratios have been shown to identify differences in roughness. Sarabandi et al. 

(1991), Brisco et al. (1991), Oh (2004) and Hong (2010) demonstrated that the polarization ratio 

σ°VV/σ°HH is a function of surface roughness, and that the difference in roughness at these 

polarization increases as incidence angle increases. Very rough surfaces do not show any 

noticeable differences between σ°VV and σ°HH while smooth surfaces show larger values for 

σ°VV/σ°HH, independent of wetness and incidence angle. Scatter plots of linear intensity channels 

illustrated in Figure 4 demonstrate differences in polarization response based on tillage class. 

 

 

 

 

 

 

 

 

 

 

 
Figure 4 - Scatter plots of linear polarization backscatter 

a)  

b)  
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The scatter plots of the linear polarizations show some clustering of the different tillage 

classes. In Figure 4b the co-polarized scatter plot shows that conventional tillage has the greatest 

values all grouped together, with some scatter. No-till generally shows lower values but with 

more variation, this surface would be much smoother than conventional tillage but would have 

varying crop residue appearance (due to crop type) which appears to influence the backscatter 

response. Conservation tillage shows the most variation of all classes as it has values that are 

within the range of conventional tillage, and no-till. Figure 3 (a, c) also showed similar groupings 

but with the inclusion of σ°HV there is more overlap between classes, both figures still show a 

general trend of increasing backscatter response going from no-till to conservation to 

conventional tillage. Figure 4b supports Hong et al. (2010) and Oh (2004), among others, that the 

co-polarized ratio is sensitive to surface roughness. The results also indicate that the co-polarized 

ratio can be used to discriminate tillage class and that the main tillage classes can be associated 

with surface roughness, although conservation tillage showed high variability. 

Figure 4 - Continued 

c)  
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3.2.7 Crop Residue Influence and SAR Response 

Tillage practices influence roughness but they also influence the amount of crop residue 

cover on the field. Significant amounts of crop residue remain intact when farmers use no-till 

practices. Residue has been found to influence radar backscatter although the influences vary 

based on the polarization, cross-polarizations have shown the greatest sensitivity to crop residue 

regardless of look direction in reference to tilled rows (McNairn et al., 2001). Spearman’s rho 

correlation results for each variable and crop type are displayed in Table 11. Although many 

variables showed significant correlation with residue percentage there was some scattering 

apparent when plotting the data along a straight line. 

 

 

 

 

 

 

 

Corn residue showed the greatest correlation with VV polarization, co-polarized channel 

correlation and co-polarized phase difference with correlations that were significant at p < 0.01 

and HH polarization significant at p < 0.05. Soybeans showed correlation with more variables 

than winter wheat or corn, but VV was the only variable significant at p < 0.01. HH and HV 

Table 11 - Spearman's correlation results with percent residue cover 

 

Variable  

Crop 

H
H

 P
o

larizatio
n
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V
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V
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larizatio
n

 

L
eft C

ircu
lar 
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h
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C
o
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l P
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ase 

D
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ce 

C
o
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o

l C
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n

el 

C
o

rrelatio
n

 

Corn -.381* -.218 -.649** -.015 -.021 -.048 -.574** -.686** 

Soybeans -.459* -.444* -.584** -.422 -.441* -.451* -.206 -.487* 

Winter 

Wheat 

-.500** -.330 -.445* -.299 -.302 -.323 .009 -.563** 

*Indicates significance at α = 0.05 

** indicates significance at α = 0.01 



 
 

60 
 

polarization, right circular polarization, pedestal height and co-pol channel correlation all 

showed statistically significant correlation with soybean crop residue at p < 0.05. For winter 

wheat, HH polarization and co-pol channel correlation showed significant correlation at p < 0.01 

and VV polarization was significant at p < 0.05. 

These results are similar to the results found when fields were divided by tillage type and 

shows that the three most sensitive variables are HH and VV polarizations along with the co-

polarized channel correlation magnitude. This indicates that residue and surface roughness are 

both contributing to the response, this would be expected as SAR response is known to be the 

combination of several surface features.   

3.2.8 Image Classification 

The SVM classifier was applied to the November 19 image as it showed the greatest 

separability and the greatest sample size of harvested fields available to be classified. All of the 

eight variables examined in this research were used to classify the image into four classes based 

on tillage and harvest-state: no-till, conservation, conventional and unharvested. Results of the 

classification are displayed in Table 12. The classified image is shown in Figure 5. 

 

 

 

 

 
 

  Reference data    

Classified Data No-Till Conservation Conventional Unharvested Total Commission 

No-Till 40830 6371 17548 3136 67885 40% 

Conservation 634 254 1450 10 2348 90% 

Conventional 5879 5724 34092 0 45695 25% 

Unharvested 3528 839 2108 850 7325 88% 

Total 50871 13188 55198 3996 123253 

Omission 20% 98% 38% 78%  

Overall Classification Accuracy = 61.6%  

Overall Kappa = 0.344 (Poor agreement) 

Bold type indicates agreement 

 

Table 12 - Confusion matrix of the first SVM classification of the November 19 image 
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The classifier had an overall accuracy of 61.6%. The no-till class had the greatest 

accuracy with approximately 80% of the pixels being grouped into that class accurately, although 

no-till was greatly over predicted with a 40% commission error. Conventional tillage had 

accuracy close to the overall accuracy around 60% but a significant number of pixels that were 

conventional tillage were classified as no-till (17548/55198 total). The conservation and 

unharvested classes had the very poor accuracies. Unharvested pixels had an accuracy of 22% 

with the majority of pixels being grouped into the no-till class. Only 2% of conservation pixels 

Figure 5 - Four class SVM classification map 
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were accurately classified and the rest of the pixels were largely classified into no-till and 

conventional tillage classes. No-till had the greatest number of classified pixels for all classes, 

except for conventional where it had the second greatest number of pixels. The kappa coefficient 

was 0.344 indicating poor agreement between the classified map and the testing sites.  

A second classification was performed using only the most sensitive variables (HH, VV 

and co-pol channel correlation magnitude). Conservation and unharvested fields were removed 

from the classification. Three classes were used, no-till was sub-divided into thick residue (corn) 

and fine residue (soybean, winter wheat) and conventional tillage remained as one class. The 

confusion matrix can be found in Table 13 and the classified image is displayed in Figure 6. The 

overall accuracy was 63.5%, only a small increase from the previous classification but the kappa 

coefficient (0.447) indicated a moderate agreement between classification and ground truth data. 

Conventional tillage had a very high accuracy (93.8%), fine residue class accuracy was 67.1% 

and thick residue no-till was only 40.1%. Much of the confusion was between no-till classes with 

thick residue no-till being classified as fine residue no-till. Since only tillage type was of interest 

(independent of crop type) the two no-till classes were merged after the classification was 

performed. After the class merge an overall accuracy of 91.5% and kappa coefficient of 0.815 

indicating strong agreement between the classified image and ground truth data was achieved for 

no-till and conventional tillage. The final classification image of no-till and conventional tillage 

fields is displayed in Figure 7. These results were superior to an additional two class 

classification performed on no-till (all crop types) and conventional tillage which had an 

accuracy of 68.5% and kappa coefficient of 0.4037. 
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Reference Data 

  

Classified Data 

Thick Residue 

  No-Till 

Fine Residue  

No-till 
Conventional Total Commission 

Thick Residue No-Till 6674 72 47 6793 2% 

Fine Residue  No-till 9871 4679 687 15237 69% 

Conventional 65 2221 11184 13470 17% 

Total 16610 6972 11918 35500 

 Omission 60% 33% 6%     

Overall Accuracy = 63.5% 

   Overall Kappa = 0.447 (Moderate agreement) 

   Bold type indicates agreement 

    

Table 13 - Confusion matrix of the second SVM classification of the November 19 image 

Figure 6 - Three class SVM classification map 
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3.3 Discussion of Results 

The following sections, 3.3.1 to 3.3.3 will discuss and explain the variation of separability 

observed in the images and discuss them in the context of the greater research topic of using 

Synthetic Aperture RADAR to discriminate between tillage practices. Section 3.3.4 will discuss 

the results and limitations of the classification, and influence of separability results. Section 3.3.5 

will discuss the influence of varying management practices and section 3.3.6 will evaluate the 

limitations of this study. Section 3.3.7 will conclude with a discussion of the future research 

directions for discrimination of agricultural land management practices. 

Figure 7 - Final SVM classification map of no-till and conventional tillage 
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The sensitivity analysis demonstrated that HH, VV and magnitude of co-pol channel 

correlation magnitude are the most sensitive polarimetric variables to tillage type. These 

variables showed separability for all classes in the November 19 image (with the exception of 

no-till and conservation till for HH polarization). Co-polarized phase difference showed limited 

separability in any of the images and was not useful for discriminating between tillage classes. 

The remaining variables; HV polarization, right and left circular polarization and pedestal height 

showed separability between conventional tillage and all other classes but limited separability 

between no-till and conservation tillage. The separability of the SAR response for tillage classes 

was greatest later in the season in the October 26 and November 19 images. The six 

RADARSAT-2 images were all acquired at the same incidence angle, and all at the same time of 

day, that is, all of the satellite parameters were constant and the variation of separability seen in 

the images are due to changing surface conditions. 

3.3.1 Separability between Tillage Classes 

Two possible causes of increased separability later in the season are sample size and 

changes in soil moisture. The distribution of harvested/unharvested fields varies by time of year, 

as fields are harvested and management activities are carried out. The total number of fields 

included in the analysis varies as some fields were in an intermediate stage of harvest (ex. half 

no-till, half conventional), only homogenous fields were included in the analysis. Table 14 shows 

the frequencies of the different tillage classes.  

 

 

 

Table 14 - Number of fields for each tillage class in the three RADARSAT-2 images 

 

Tillage Type October 2 October 26 November 19 

No-Till 20 35 34 

Conservation 9 14 18 

Conventional 5 11 36 

Unharvested 57 32 10 

Total # of Fields 91 92 98 
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On the first date the majority of fields are unharvested, the most common tillage type of 

tillage is no-till (20), followed by conservation (9) and conventional (5). In the October 26 image 

the number of unharvested fields decreased while all other classes increased. The final image on 

November 19 had the lowest number of unharvested fields and a relatively even distribution of 

harvested fields with 34 no-till, 36 conventional and 18 conservation tillage fields. The 

distributions of fields likely had an influence on the apparent separability of these classes, as the 

sample size increases, the variability within the class decreases (Burt and Barber 1996). The 

October 2 image has a small number of harvested fields and showed limited separability between 

tillage classes, possibly due to the small sample size. The November 19 image has increased 

separability compared to previous October images, it also has a much greater sample size for all 

three tillage classes. The number of fields used for analysis likely had an influence on the 

separability but additional factors would have an influence on separability as well. For the most 

part, the average backscatter response for all variables and tillage classes increased on October 

26, this would indicate the sample size alone did not result in the variation of separability. 

Environmental conditions and management practices are two additional variables that should be 

considered when assessing the results of separability tests. Soil moisture, which is one of the 

dominant surface properties that affects SAR backscatter, must also be considered along with 

sample size and management practices. 

3.3.2 Influence of Soil Moisture Conditions 

Soil moisture is one of the main surface influences on SAR response, although the 

influence at higher incidence angles is less than at lower incidence angles. Soil moisture likely 

had an influence of the separability of classes. To examine whether soil moisture had an 

influence on separability, weather information from the weather station located centrally in the 
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study area was examined. Rainfall and mean average temperature are plotted in Figure 8; with 

the chart beginning on September 8/2010, RADARSAT-2 acquisitions have vertical lines 

through the horizontal axis. 

Figure 8 shows that the October 2 image had minimal rainfall prior to acquisition, 

although there was a significant rainfall event 4 days prior and 3mm of rainfall on the day of the 

acquisition. The two days prior to the October 26 acquisition had a total of 16mm of 

precipitation, there was also just less than 5mm of rainfall in the 3 hours prior to image 

acquisition. The November 19 image didn’t have any rainfall on the day of, or before acquisition, 

but had 2.4 and 12.9mm of precipitation on the 17
th

 and 16
th

, respectively. 

 

 

 

 

 

 

 

To further assess the influence of soil moisture, four in-situ soil moisture monitoring 

stations had soil moisture records for fall 2010 within the study area. Soil moisture monitoring 

stations in context of the study area are identified in Figure 1. For the in situ monitoring station 

there is a general trend shown in Figure 9 that follows the increase in average values for SAR 

Figure 8 - Rainfall and average temperature during fall 2010 study period 
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variable values and rainfall conditions. The soil moisture values at 19:00 hours on the 

acquisitions date had higher soil moisture content on October 26 (compared to October 2 and 

November 19) at all but one station. The increased soil moisture conditions appear to have had 

an effect of reducing the class separability for certain classes.  Although the October 26 image 

did have better separability than the October 2 image, it would possibly have better separability 

if conditions were drier.  Many of the variables and pairwise comparisons had lower divergence 

values in the October 26 image compared to the October 2 image, indicating lower separability. 

Soil moisture values for November 19 were only available at two sites, but at both sites soil 

moisture was lower than in the October 26 image and only slightly higher than in the October 2 

image. Soil moisture values from November 16 were the nearest available values for Whitestone 

and Behrens.  

 

 

 

 

 

 

 

These results appear to agree with Holah et al. (2005) in that under very wet conditions, 

at soil moisture greater than 35-40%, the backscattering coefficient becomes almost independent 

Figure 9 - Rainfall and soil water fraction at soil moisture stations before and during 

image acquisitions 
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of the surface roughness for all polarizations. An increase in backscatter values was seen on 

October 26 for all classes and is consistent with an increase in backscatter with increasing soil 

moisture content, as seen in other studies (Verhoest et al., 2008). Separability was limited when 

there was significant rainfall before image acquisition. Conditions would have been particularly 

damp on October 26 due to nearly 5mm of rainfall in the 3 hours prior to image acquisition. 

Weydahl (1992) also found separability between ploughed and stubble fields but observed that 

increased soil moisture conditions reduced the contrast between fields. 

3.3.3 Crop Residue and Tillage Effects 

In the October 26 image conventional tillage shows a statistically significantly higher 

backscatter response than unharvested, conservation and no-till fields, for all variables, with the 

exception of co-pol phase difference.  The difference is much more pronounced in the October 

26 image than the other two dates and is possibly associated with a difference in retention of 

moisture content for residue and bare soil, as seen in conventional tillage. Most of the other 

pairwise comparisons do not show separability for the October 26
 
image. The November 19 

image did not have as much rainfall or subsequent increases in soil moisture, and showed better 

separability. Looking at crop separability of RADARSAT-1 images Fischer et al. (1992) found 

increased separability for certain grain classes under wet conditions but that there was a decrease 

in total crop separability. Similar results were found in this study for HH and VV polarizations. 

No-till and conventional tillage fields, and conservation and conventional fields had greater 

divergence values in the wetter image (October 26) than the drier image (November 19) but the 

overall divergence for each variable was greater in the drier image. The November 19 image was 

the only one where all three tillage classes had significant differences in means for VV and co-

polarized correlation coefficient magnitude. Soil moisture cannot be monitored independently of 
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soil roughness and it appears increased soil moisture reduces the separability of tillage classes as 

the drier image showed greater separability overall. 

Although the overall divergence increased in the November 19 image, compared to the 

October 26 image, the divergence between the three tillage groups appears to have decreased 

between these dates. Looking at the divergence between tillage classes for the three linear 

polarizations (HH, HV, and VV) the divergence between no-till and conservation was greater 

under drier conditions than wet conditions. For HH and VV polarizations the divergence between 

conventional and conservation tillage, and no-till and conventional tillage decreased slightly 

under drier conditions. Other variables that saw a similar trend, included co-pol phase difference 

and co-pol channel correlation. Pedestal height had minimal divergence between classes for all 

dates. HV polarization had better separability under dry conditions although conventional and 

conservation tillage had slightly lower divergence values on the drier date. Left and right circular 

polarizations both had increased divergence under drier conditions for tillage classes but 

displayed poor separability overall. 

Holah et al. (2005) state that HH and HV polarizations are more sensitive to soil 

roughness than VV polarization. This research indicates that HH and VV are more sensitive to 

surface roughness (associated with tillage) than cross-polarized waves. It was found that HH and 

VV showed similar sensitivity to roughness associated with tillage although crop residue also has 

an influence. Uncertainty remains in the literature as Pultz et al. (1997) stated that HH was less 

sensitive to surface roughness than HV and VV polarizations. These results are in agreement 

with Blanchard et al. (1982) that cross-polarized return is independent of surface roughness as 

HV did not show significant differences for varying states of tillage. For sparsely vegetated 

fields Moran et al. (2012) found that HV was a better measure of soil moisture, this may indicate 
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why HV showed minimal separability between tillage classes. However, McNairn et al. (2002) 

found that HV polarization had significant correlations with both surface roughness and percent 

crop residue cover at high incidence angles. This research found that HV polarization was 

weakly correlated to crop residue and tillage conditions.  Moran et al. (2012) found that HH and 

HV both showed sensitivity to soil moisture, this could explain why HH showed greater 

separability between tillage classes in the drier image than in the wet image, and HV was 

relatively insensitive to roughness overall. Polarization ratios confirmed the sensitivity of 

HH/VV to surface roughness found by Hong (2010) and Oh (2004).  

Previous research has noted that crop residue is not transparent to crop residue and that 

crop residue exerts an influence on SAR response although results have been mixed (McNairn et 

al., 2001, Smith and Major, 1996). HV polarization has shown sensitivity to inherent moisture in 

crop residues  (Smith and Major, 1996) while McNairn et al. (2001) found that like-polarized 

backscatter can be used to separate bare and residue covered fields as significant residue was 

found to impede RADAR sensors from reaching the soil surface. This research found similar 

results, correlation between crop residue and several variables was found. Like-polarizations 

(HH, VV) were found to have statistically significant correlation between percent residue cover, 

as found in McNairn et al. (2001). HV only showed significant correlation with soybean crop 

residue fields. Residue percentages were not available for the date with increased soil moisture 

conditions; HV may have exhibited increased correlation with crop residue percent as suggested 

by Smith and Major (1996). The increased soil moisture conditions may have accentuated some 

of the differences in bare fields and fields with senesced plant matter, resulting in greater 

divergence for some variables seen on October 26. The thicker stalk of corn also appeared to 

influence the SAR response looking at the divergence within tillage classes and across crop 
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types.  Thick crop residue cover can limit C-band penetration to the soil surface (McNairn et al., 

2001). This may be an issue for no-till fields, particularly thick corn residue which could impede 

interaction of microwaves with the soil surface. No-till corn surfaces may appear rough to the 

SAR as suggested by McNairn et al. (2001). 

The results of crop residue correlation to SAR response demonstrated that many of the 

variables examined appear to be sensitive to crop residue. Residue percentages were only taken 

in the November 19 image and were not available for October 2 and 26. Correlation results for 

when there was significant rainfall prior to image acquisition would have been useful to see if 

there were greater correlations when residue had greater moisture content as suggested by Smith 

and Major (1996). The number of studies linking crop residue to SAR response are limited 

resulting in a limited body of literature to compare results 

Each crop type had a maximum crop residue field with at least 98% crop residue cover 

but only winter wheat and corn had residue percentages that were near 0% cover. The lowest 

residue cover percentage for soybeans was only 15%.  This might have created more variables 

with significant correlation as seen in Table 10 as there were no soybean fields at the lowest end 

of the crop residue cover percentage. Although, due to the burying of crop residues with 

conventional tillage and likely the dominant effect of the rough, bare soil surface, fields with 

different crop types will likely look similar, as seen in the divergence tables (Table 10). 

3.3.4 Classification Accuracy 

For the initial classification, conservation tillage is likely being inaccurately classified 

due to the high variability of the tillage class, as seen looking at the polarization scatter plots and 

limited statistical separability from other tillage classes. Values returned from fields for 
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conservation ranged all the way from no-till to conventional tillage values for many variables, as 

seen in Figure 4. Despite showing significant differences from all other classes, conventional 

tillage still only had a 60% accurate classification. It was expected that conventional tillage 

would have higher accuracies due to the greater divergence values, and statistically significance 

difference in means from other classes but his was not the case. McNairn et al. (1996) found that 

fields tilled with a moldboard plough (a tillage implement often used for conventional tillage) 

showed high within field variability in their study of the influence on RADAR backscatter to 

different tillage implements. The high within field variability of conventional tillage would likely 

lead to more confusion in the classification and reduce overall classification accuracy. McNairn 

et al. (1996) also found that no-till had lower variability than other tillage classes, which may 

indicate why no-till had the highest accuracy of all classes.  A large number of conventional 

pixels being classified as no-till may be due to thick corn residue cover impeding penetration of 

microwaves to the soil surface, and having similar responses to rough, conventional tillage soil 

surfaces. In order to improve accuracy fields may need to be further sub-divided by crop and 

grouped together. Highly variable classes like conservation tillage should be removed or grouped 

together with another class. 

For the second classification, conservation tillage was removed as it showed limited 

divergence between other tillage classes and was highly variable. Unharvested crops were also 

removed as only post-harvest fields were of interest for classification. Only no-till and 

conventional tillage fields remained in the second classification. Conventional tillage remained 

as one class; crop type did not influence SAR response for these fields. Although no-till showed 

the highest accuracy in the previous classification it was subdivided into thick residue (corn) and 

fine residue (soybeans, winter wheat) as these classes showed statistically significant differences 
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and high divergence values. Classifying into these three classes only improved the classification 

accuracy by approximately 2% but the classification went from poor to moderate agreement 

according to the kappa coefficient (0.447). Merging no-till classes into one class after the 

classification further improved the overall accuracy to 91.5% and a kappa coefficient of 0.815 

indicated strong agreement between the classification and ground truth data. Post-classification 

merging had superior results to a two class classification (no-till and conventional) which had an 

overall accuracy of 68.5% and kappa coefficient of 0.4037. These results indicate that a 

supervised SVM classification using a small number of training sites can provide good results for 

discriminating between no-till and conventional tillage fields. 

3.3.5 Influence of Management Practices 

The tillage implement, timing of tillage and tillage row direction are all known to 

influence the backscatter. Backscatter is significantly greater when the look direction is 

perpendicular to the tillage row directions (McNairn et al., 1996). McNairn et al. (2001) found 

that for corn, like-polarized backscatter was particularly sensitive to row effects and that row 

direction was only a factor for grains at steep incidence angles. In this study tillage row direction 

was not included in the analysis although it was recorded during field visits. For HH and VV 

polarization, separability between tillage classes was seen despite not including row direction in 

the analysis. Although row direction may influence separability, it was not included in this study. 

Statistically separability was shown despite highly variable row directions observed in the field. 

Previous research by Brisco et al. (1991) found that cross-polarizations were less sensitive to row 

direction, but HV showed limited separability overall, only conventional tillage showed 

statistically significant differences in means between all other classes. 
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Depending on the tillage implement used, variable roughness effects have been found by 

McNairn et al. (1996) who demonstrated that different tillage implements do alter the roughness 

and SAR response. They looked at no-till, chisel, moldboard, Noble blade, new seed bed tillage 

treatments. For agricultural applications, a priori information from farm managers aids in 

analysis of inherently complex SAR images (Moran et al., 2002). Tillage implement information 

was not available for this study as managers of the fields were not available to provide this 

information. This may have caused the variability of tillage classes to increase, without this 

information the effects of tillage implements could not be assessed. This is particularly relevant 

for the conservation and conventional tillage classes. Depending on the methods used, different 

management practices and tillage implements can have a significant effect on surface properties 

and SAR response. Roughness can vary considerably when farmers use their preferred 

conservation tillage methods and can cause difficulties when attempting to classify an image 

based on SAR backscatter. Conservation tillage can also be difficult to identify as different 

conservation methods leave varying amounts of residue and roughness on the field. Whether the 

field has had multiple passes of the tillage implement or only an initial pass during a satellite 

acquisition is unknown and likely to influence the backscatter intensity, as documented by 

McNairn et al. (1996).  

There are also certain periods when tillage is known to produce variable roughness, 

during spring tillage, seed bed preparation and fall tillage (Pultz et al., 1997). This research 

occurred during the fall tillage season and would have variable roughness conditions. This could 

also be another reason why the latest image examined, the November 19 image showed 

increased variability. Many of the fields would have been harvested, possibly earlier in the 

season and left alone, and others would have been harvested closer to the image acquisition and 
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possibly show greater variability due to recent activities. McNairn et al. (1996) found that images 

acquired immediately after tillage, prior to weathering, had greater separability between tillage 

classes. In this study, only tillage type was observed during field visits; information such as the 

timing of tillage would have been useful but was not available. Field surveys in the spring, along 

with image acquisitions might give some indication as to the optimal time of year to determine 

agricultural land management practices and further indicate if fields have lower variability when 

examined after significant time has passed since harvest and tillage activities. Fields could have 

potentially been tilled or harvested after site visits and before image acquisition, sites were not 

highly controlled. For example, a site surveyed in the morning of an acquisition could have been 

tilled or harvested in the afternoon, prior to the acquisition of RADARSAT-2 images at 

~19:30:00 local time. 

3.3.6 Limitations of Analysis 

Inherent speckle found in SAR imagery may have limited the separability. When 

computing the average values for each of the tillage classes a wide range of values are included. 

A 5x5 boxcar filter was applied to reduce noisy pixels but information is also lost during this 

process and variance would still remain. When the mean SAR response of a given variable was 

computed it would average all the pixels and may not be representative of all the values present 

in the fields. This is a limitation of active RADAR systems and can reduce the quality of images 

and interpretation. 

The AgRI polygons acquired from OMAFRA were created from 2006 SWOOP imagery, 

high resolution optical imagery that captured large areas of Southern Ontario. The boundaries of 

agricultural fields could have been altered (merged or sub-divided) by fall 2010, when this 

research occurred. Before analysis the imagery was visually examined for fields that did not 
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appear homogenous, and may have included multiple crop types and/or tillage practices. Fields 

that did not appear relatively homogenous were removed from the analysis. Despite visual 

inspection and removal of fields there still could have been fields with multiple management 

practices.  

In the November 19 image the unharvested class only consisted of winter wheat, all other 

crop types had been harvested at this time. This may have led to increased divergence and 

separability, possibly leading to overall increased divergence and skewing the divergence 

numbers of the highest separability in the last image.  

When visiting field sites only qualitative measurements were made. There were no 

quantitative measurements made while in the field. Many previous researchers (Lievens et al., 

2009) used devices such as the pin board meter which characterizes surface roughness in terms 

of root mean square (rms) height s, and the correlation length, l. The use of this device would 

have increased site visit duration and limited the number of fields that could have been surveyed, 

the link between roughness and SAR response is already well-documented using these devices. 

This research aimed to identify if different agricultural land management practices resulted in 

varying SAR responses, and whether these responses were statistically separable, enough to be 

classified with image classifiers. The added information of surface roughness might have been 

valuable, but associating tillage treatments with rms was not the goal. Percent residue cover was 

only available for November 19, it would have been beneficial to have percent residue cover for 

all three images (particularly the one with significant moisture content prior to acquisition) to see 

how moisture influences correlation between residue and SAR response.  
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Although a network of 10 soil moisture stations were operating during fall 2010, only 4 

provided records of soil moisture during this time. Soil moisture is also known to be highly 

variable, even within agricultural fields (Brocca et al., 2007). There were only 4 locations but 

they did provide an overall trend of increased soil moisture for the second image, and the 

assumption was that the study area would have overall increased soil moisture conditions. More 

stations with complete records would have given more confidence in this assumption, but 

technical limitations caused loss of data.  

3.3.7 Future Research Directions 

These results also have significance for the RADARSAT constellation mission (RCM) 

scheduled to be launched in 2016-17 and the European Space Agencies’ Sentinel-1 mission 

being launched in 2013. The three satellite RADARSAT constellation will have significantly 

improved swath coverage and repeat coverage on a four day cycle (Colinas et al., 2010), 

compared to a 24-day revisit time for RADARSAT-2.  RCM will also have an experimental 

compact polarimetric mode that sends out a circular polarization and receives two orthogonal 

polarizations (H and V). Compact Polarimetry (CP) has been identified as providing greater 

information than dual polarized satellites, although it cannot provide as much as quad-

polarimetric (Charbonneau et al., 2010). CP still contains significant information and allows for 

the processing of various decompositions. This research has demonstrated the usefulness of HH 

and VV polarizations, comparable to CV and CH polarizations. Preliminary results using this 

technology for crop classifications indicate that CP mode can produce accurate early season and 

end of season crop classifications (Charbonneau et al., 2010). It remains to be seen if CP can 

supplant quad-pol, as the increased swath coverage is appealing. The RCM is said to contribute 

to sustained development of agriculture by monitoring crop conditions, soil properties and by 
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mapping tillage activities (Colinas et al., 2010). RCM will still have quad-pol capabilities and 

with shorter revisit times, coherent change detection of tillage conditions is possible. Shorter 

revisit times will allow more images to be acquired within a shorter time frame, allowing for 

improved analysis of tillage separability and variability. 

 Future research should seek to further examine the relationship between SAR response 

and tillage class along with the information available from compact polarimetry. The additional 

information of rms height, thickness of residue, field soil moisture and percentage residue 

coverage may help to further examine the relationship. It would also be beneficial to include 

additional crop types (if possible) as only the three crops types were examined here.  It is 

encouraged that similar research is done in different geographical areas to assess local 

influences, and see whether similar results are found. Polarimetric decompositions have been 

shown to improve classification accuracies when applied to standing senesced crops. Therefore, 

the inclusion of decompositions in a classifier for land management practices may also improve 

results (McNairn et al., 2009). 

3.4 Conclusion 

This research identified the polarimetric variables that are most sensitive to agricultural 

land management practices, including tillage and crop residue. Over 100 agricultural fields were 

monitored in fall 2010 coincident with multi-temporal quad-polarimetric C-Band, high incidence 

RADARSAT-2 imagery. This research found that HH and VV polarizations were the most 

sensitive to agricultural land management practices along with the co-polarized channel 

correlation magnitude. These variables were sensitive to tillage class and showed correlation 

with percent residue cover. Additional polarimetric variables, available from quad-polarimetric 

imagery provided little additional information to aid in separability between tillage classes and 
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crop residue cover. Separability between tillage classes was greatest later in the season. Imagery 

acquired on November 19 had better separability than October 2 and 26 images, there were some 

influences based on sample size and soil moisture content. Rainfall and increased soil moisture 

were found to decrease the overall separability of tillage classes, although some classes showed 

increased separability. In the image with the greatest separability, conventional tillage fields with 

different crop types did not show statistically significant differences in means and had low 

divergence values. Conservation tillage fields did not show any significant differences in means 

and had low divergence values indicating the SAR response from these fields was similar; crop 

type did not appear to influence SAR response. No-till fields did show statistically significant 

differences in means based on crop types, corn and soybean fields showed statistically different 

means for all variables while corn and winter wheat had significant differences for some 

variables. For no-till and conservation fields winter wheat and soybeans showed a similar 

response and very low divergence values. A support vector machine classification resulted in 

61.6% accuracy but had a low kappa coefficient (0.3642) indicating poor agreement of the 

classified map with ground truth data. A classification of thick residue no-till, fine residue no-till 

and conventional tillage increased overall accuracy to 63.5% and the kappa coefficient (0.447) 

indicated moderate agreement. No-till classes were merged after classification with an overall 

accuracy of 91.3% and kappa coefficient of 0.815 indicating strong agreement between the 

classification and ground truth data. Results indicate a supervised classification using a small 

number of fields provided good discrimination between no-till and conventional tillage fields. 

Further research should be conducted to determine the separability of tillage classes. Additional 

methods should also be developed and implemented to exploit the results found here and 

enhance the separability and classification accuracy of tillage classes. 
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Chapter 4 

Conclusion 

 

This thesis has examined the sensitivity of Synthetic Aperture RADAR to agricultural 

land management activities, particularly tillage and crop residue. Linear and polarimetric 

variables and their sensitivity using C-band quad-polarized RADARSAT-2 scenes were 

examined. Linear polarizations: HH, HV and VV along with polarimetric variables: pedestal 

height, co-polarized channel correlation, LL, and RR circular co-polarizations and co-polarized 

phase difference were analyzed in this study.  The sensitivities were evaluated based on six high 

incidence (49°) RADARSAT-2 images acquired during the fall 2010 season over three dates 

(October 2, 26, November 19). Site visits coincident with satellite overpasses were carried out to 

establish a database of tillage and crop residue conditions. A database of polygons from 

OMAFRA’s AgRI was used to delineate boundaries for analysis of selected agricultural fields.  

Non-parametric statistical tests and measures of separability were applied to fields based on 

tillage type. Crop residue percentages were calculated from photographs for fields in the 

November 19 image to assess the sensitivity of SAR to crop residue. Spearman’s rank 

correlation was used to determine the relationship between percent residue and SAR response. 

Mann-Whitney U tests were used on tillage classes to assess whether there were statistically 

significant differences in distributions and medians.  Divergence tests were also used for tillage 

classes to determine the separability between classes. 

Overall, conventional tillage generally had a stronger backscatter response than 

conservation or no-till fields. Results indicate that HH, VV and co-pol channel correlation 

showed the greatest separability of tillage classes for all variables examined. Additional linear 
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and polarimetric variables showed limited sensitivity to the different tillage classes. These 

variables included HV polarization, left (LL) and right (RR) circular polarizations, co-polarized 

phase difference and pedestal height. Images acquired later in the season showed more 

statistically significant differences between classes and higher divergence values than images 

earlier in the season. An increased sample size in the final image likely influenced separability. 

Soil moisture also appeared to influence the separability of tillage classes by reducing the 

divergence between classes. Conventional tillage showed significant differences in means and 

high divergence values between conservation and no-till classes for most variables. Conservation 

and no-till had similar responses for most of the variables and were not statistically separable 

with the exception of co-pol channel correlation and VV polarization.  

Linear polarizations were plotted and showed that conventional tillage and no-till 

appeared to form distinct clusters separable from each other.  Conservation tillage had highly 

variable values based on the polarization scatter plots, as the values seen for conservation tillage 

were in the range of no-till and conventional tillage. 

 Within tillage classes there were also differences in SAR response between different crop 

types. For no-till, corn and soybeans had statistically significant differences in means and high 

divergence values indicating crop residue type had an influence on SAR response. Corn and 

winter wheat had statistically significant differences in means for HH and co-polarized phase 

difference only. No significant differences were identified between soybeans and winter wheat 

with the exception of co-polarized channel correlation. Conservation tillage did not show any 

significant differences in means for the different crop types. Conventional tillage had limited 

differences in means for most variables. Co-polarized channel correlation showed significant 

differences between corn and winter wheat and soybeans and winter wheat at p < 0.05. HH 
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polarization showed significant differences between corn and winter wheat at p < 0.1. These 

results indicate that crop residue influences SAR response along with surface roughness 

associated with tillage.  

 Spearman’s rho correlation coefficient was determined based on crop residue percent 

cover and the SAR response for fields. The results indicate that SAR response is correlated with 

certain linear and polarimetric variables and crop type. HH and VV polarizations along with co-

polarized channel correlation were correlated to percent residue cover for all crop types. HV, 

left, and right circular polarizations also showed correlation with soybean crop residue cover. 

Co-polarized phase difference was also correlated with corn residue cover. For corn and winter 

wheat, co-polarized channel correlation showed the greatest correlation, soybeans showed the 

greatest correlation with VV polarization. These results indicate that the type of residue and 

percent cover influence SAR response.  

 A supervised classification using a support vector machine (SVM) classifier was applied 

to the November 19 image as it showed the greatest separability. All eight linear and polarimetric 

variables were used for the classification. Fields were classified based on tillage type and then 

split into training and testing classes to determine accuracy. The classifier had an overall 

accuracy of 61.6% and a kappa coefficient of 0.344 indicating poor agreement between the 

classified image and ground truth data. No-till had the highest accuracy of all classes at 80% but 

was also over predicted in the classified image. Conventional tillage had accuracy similar to the 

overall accuracy at 61.7%. Unharvested and conservation were poorly predicted by the classifier 

at 22% and 2% accuracy, respectively. These results indicate that the variability of the 

conservation class, as indicated by the linear polarization scatter plots, results in poor 

classification accuracy. 
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 A second supervised SVM classification was performed using a subset of data, only no-

till and conventional tillage fields. No-till was sub-divided into fine residue (soybeans, winter 

wheat) and thick residue (corn) and conventional tillage remained as a single class. An overall 

accuracy of 63.5% and a kappa coefficient of 0.447 indicated moderate agreement between 

classification and ground truth data. After classification the two no-till classes were merged for a 

classification map depicting no-till and conventional tillage with an overall accuracy of 91.5% 

and kappa coefficient of 0.815 which indicates strong agreement between the classification and 

ground truth data. These results examined the potential for operational implementation of a 

regional tillage classification using RADARSAT-2 linear and polarimetric variables. 

 HH and VV polarization and co-polarized channel correlation magnitude were the most 

sensitive variables to tillage and crop residue conditions.  They all showed correlation to the 

amount of residue and separability between tillage classes. There appears to be a combined effect 

of residue and surface roughness due to tillage influencing SAR response, as the same variables 

were the most sensitive to tillage and crop residue percent cover. The results also indicate that 

polarimetric variables had little additional benefit to linear polarizations with the exception of 

co-polarized channel correlation. This research added to the limited body of knowledge 

regarding the sensitivity of polarimetric SAR to agricultural land management activities.  

4.1 Future Directions 

The current body of literature is limited in regards to research involving the sensitivity of 

polarimetric SAR to tillage and crop residue conditions. This study examined the influence of 

tillage and crop residue in Southern Ontario, research should be broadened to other geographical 

areas to assess the influence of local conditions. This research examined the dominant crops in 

the area: corn, soybeans and winter wheat, and their influence on SAR response due to tillage 
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and crop residue. The influence of different crop types should be examined to further determine 

the influence of crop type on tillage and residue mapping. Further research should aim to 

replicate these results and determine the most sensitive variables.  This study was based on 

qualitative observations at over 100 agricultural fields, future research would benefit from 

including quantitative observations to further explain the sensitivity or lack thereof of variables 

to tillage and crop residue. Qualitative observations from a percentage of fields or all fields being 

examined would greatly improve the understanding of crop residue and tillage influence on SAR 

response. Methods should be applied to further understand the interaction of crop residue and 

tillage and the influence of each on SAR response, as both appeared sensitive to the same 

variables. Soil moisture appeared to influence the separability of tillage classes, and future 

research should aim to include more soil moisture information to allow for conclusions to be 

made on its influence. Information from land managers should also be acquired where possible, 

as this information will help greatly in identifying the reasons for lack of sensitivity of certain 

variables.  Additional polarimetric variables could also be examined to further assess the added 

value of polarimetric datasets for mapping tillage and crop residue.  Decompositions and the 

added information available from these should be examined as they were not examined in this 

study. Methods of classification should be further studied to determine the best classifier of SAR 

imagery for tillage classes. Future research should aim to improve the classification accuracy of 

conservation tillage along with conventional and reduce the over prediction of no-till.  

Future missions such as the RADARSAT Constellation Mission (RCM) and Sentinel-1 

both offer improved potential for tillage and crop residue mapping. RCM will operate using three 

satellites allowing for much shorter revisit times. RADARSAT-2 has a 24-day revisit time for a 

geographical location with identical incident angle; RCM will have much shorter revisit times 
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(four days) and allow for more images to be acquired with constant satellite configurations. This 

will allow greater information to be extracted and further determine the influence of local 

variations such as soil moisture on tillage and crop residue mapping. Like RADARSAT-2, RCM 

with be operating on single, dual and quad polarizations, there will also be an experimental 

Compact Polarimetry (CP) mode on the satellite. CP has been identified as providing more 

information than dual polarizations but less than quad-polarized images and still allowing for 

decompositions to be computed (Charbonneau et al., 2010). The benefit of CP is the greater 

swath coverage compared to quad-polarized imagery. Research examining the potential of 

compact polarimetry to identify tillage and crop residue is recommended. CP may offer similar 

potential as HH and VV which were sensitive to tillage and crop residue conditions and 

polarimetric variables provided little additional information. 

Examining additional wavelengths and combining them with C-band would also be 

beneficial and identify which wavelengths and variables show the most sensitivity to tillage and 

crop residue conditions. TerraSAR-X is a satellite with quad-polarimetric capabilities that 

requires further study. 

SAR does appear sensitive to tillage and crop residue conditions, future research should 

aim to further establish the relationship between linear and polarimetric variables and build upon 

the limited body of knowledge. Further examination of the operational potential of tillage 

classification maps for input into models and for policy assessment is needed by policy makers 

and modelers.   
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