
MODELING BIOPHYSICAL VARIABLES IN THE CANADIAN 

HIGH ARCTIC USING SYNTHETIC APERTURE RADAR DATA 

 

 

by 

 

Adam William Collingwood 

 

 

 

A thesis submitted to the Department of Geography 

In conformity with the requirements for 

the degree of Doctor of Philosophy 

 

 

 

Queen’s University 

Kingston, Ontario, Canada 

(January, 2014) 

 

Copyright © Adam William Collingwood, 2014 



ii 

 

Abstract 

The modeling of biophysical variables such as surface roughness, vegetation 

phytomass, and soil moisture in the Arctic is an important step towards understanding 

arctic energy fluxes, effects of changing climate, and hydrological patterns. This research 

uses Synthetic Aperture Radar (SAR) data, along with ancillary optical and 

environmental data, to create models that estimate these biophysical variables across 

different High Arctic landscapes.  

Field work was conducted at two High Arctic locations on Melville Island, 

Nunavut, Canada. At each location, surface roughness values were measured at a 

number of randomized plot locations using a pin meter. Soil moisture values were 

measured using a time domain reflectometry (TDR) instrument within six hours of 

multiple overpasses of the RADARSAT-2 SAR sensor. 

Surface roughness models were generated with multi-incidence angle and fully 

polarimetric SAR data, with resulting R2 values ranging between 0.39 and 0.66, and 

normalized root mean squared error (N_RMSE) values of 14% - 22%. The output from 

the final surface roughness model was used as an input to the soil moisture models.  

Vegetation phytomass was modeled with multi-angular SAR data, using a soil 

adjusted vegetation index (SAVI) derived from optical data across the study area as a 

measure of verification. The resulting model had a significant (p <0.05) relationship to 

the SAVI values, with an R2 of 0.60. Another model was derived that related SAR data 

directly to phytomass, and had a R2 value of 0.87. 
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The final biophysical variable that was modeled, soil moisture, used SAR data 

along with the results of the surface roughness model to determine soil moisture at a 

fine spatial scale across multiple dates in the study locations. The models showed 

moderate agreement to field-measured soil moisture values (R2 = 0.46, N_RMSE = 

0.15%), but much stronger relationships were found for relative moisture values at fine 

scales across the landscape. 

These models, when taken together, demonstrate that SAR data is capable of 

modeling biophysical variables across high latitude environments. These models will 

help address larger questions, such as how SAR can be used to better understand 

moisture and energy exchanges over regional areas in high arctic environments. 
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Chapter 1 

Introduction and Background 

The estimation or modeling of biophysical variables such as soil moisture in the 

Arctic is an important step towards understanding arctic energy fluxes, effects of 

changing climate, and hydrological patterns. For example, the spatial patterns of carbon 

dioxide (CO2) fluxes are heavily influenced by the spatial patterns of soil moisture in 

high-latitude ecosystems (Torn and Chapin, 1993; Illeris et al., 2003; Welker et al., 2004; 

Sjögersten et al., 2006; Oberbauer et al., 2007; Dagg and Lafleur, 2011). Areas in the 

Arctic with high soil moisture content are also thought to be less responsive to climate 

warming (Welker et al., 2004; Oberbauer et al., 2007), and transpiration is heavily 

dependent on available moisture (Soulis et al., 2000), thus making soil moisture an 

important variable in hydrological and global climate change models. A proper 

estimation of soil moisture would also be indispensable for hydrologic model validation 

(Soulis et al., 2000). Soil moisture, especially spatially distributed soil moisture, is also 

necessary for understanding the supply of water to plants, runoff generation, 

groundwater recharge, and the movement of pollutants (Moran et al., 2000; Ward and 

Robinson, 2000). In arctic environments, current and future climate variations will 

influence the duration and amount of water in soils, which can affect active layer depths, 

vegetation, and formation of wetlands over longer time scales (Woo and Xia, 1995, 1996). 

Hydrologic variables (i.e., annual precipitation, annual average streamflow) are very 

important controls on arctic geomorphology and ecosystem dynamics (Daanen et al., 
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2007). Information gathered from synthetic aperture radar (SAR) is ideal for the 

estimation or modeling of biophysical variables at a range of spatial scales, as SAR 

backscatter (microwave energy reflected back to the SAR sensor from the target) 

contains information on soil moisture, vegetation biomass, surface roughness, and 

topography (Sokol et al., 2004). 

With traditional soil moisture measurement techniques, such as gravimetric soil 

water determination and time domain reflectometry (TDR) measurements, the values 

obtained are for point locations only, and are typically averaged or extrapolated over 

large areas. Yet spatial variation of soil moisture is an important consideration across 

spatial scales. At regional scales, variation in soil water content is important for land-

atmosphere and weather forecast models (Meade et al., 1999; Huisman et al., 2002; Said 

et al., 2008), and mapping of moisture dependent features such as wetlands (Lang et al., 

2008). At landscape or catchment scales, soil water variation influences drying patterns, 

discharge predictions, and agricultural needs, all of which are important to help 

determine the allocation of resources needed during droughts or floods (Moran et al., 

2000, 2004; Huisman et al., 2002; Rahman et al., 2008). At local or field scales, variations 

in soil water content caused by preferential flow can lead to an accelerated breakthrough 

of some pesticides and heavy metals, and therefore has an influence on water quality 

(Huisman et al., 2002).  

The need for spatially distributed soil moisture measurements is obvious, but 

point measurement data are often insufficient for the task; due to soil heterogeneity, 

land use, topography, and soil moisture may be very different in space and time from 
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one point to another (Haider et al., 2004; Said et al., 2008). SAR, however, has the 

potential to model the spatial distribution of soil water remotely, across spatial scales, 

without resorting to interpolation or averaging of the sort used in traditional methods.  

In many cases, these SAR data can be gathered instantaneously over large areas, day or 

night, in any weather, which represents a significant advantage over traditional field 

and optical techniques. SAR data can be especially useful for medium and large scale 

analysis of soil moisture levels in certain terrain types. In a review of previous studies, 

Moran et al. (2004) determined that orbiting SAR sensors, combined with the proper 

models, algorithms, and ground measurements, can provide good representations of 

spatially distributed soil moisture profiles for various land cover types. However, there 

remains uncertainty as to the applicability of these techniques to high latitude (i.e., 

Arctic) environments. For example, high precision operational methods for determining 

soil moisture from SAR data at high latitudes, without extensive field measurements, do 

not currently exist. 

1.1 Soil Moisture and Permafrost 

Permafrost (ground that remains below 0o C for two or more successive years 

(Woo, 1993) is one of the major factors affecting hydrology, biology, and land use 

development in arctic regions. The active layer is the layer of seasonally thawed ground 

above the permafrost. The thawing of the active layer in the spring (from the surface 

downward) usually takes place very quickly (in as little as several weeks). Freezing (at 

least in areas of continuous permafrost), occurs downwards from the surface and 
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upwards from the permafrost table (the boundary between the permafrost and the 

active layer) and takes considerably longer (Trenhaile, 2004). The freezing and thawing 

of the active layer is important for the land surface energy and water balance, and 

therefore for climate and hydrological systems (Lemke et al., 2007). 

Active layer depths can range from 10 cm or less (such as found on Ellesmere 

Island) to 15 meters or more (such as in mountainous regions of the Canadian Rockies). 

The depth, or thickness, of the active layer depends largely upon the surface 

temperature, the thermal and physical properties of the soil and rock, the overlying 

vegetation, drainage, slope gradient and orientation, and soil moisture; the depth can 

vary from year to year depending on the interactions of these factors (Halliwell and 

Rouse, 1987; Archibold, 1995; Martini et al., 2001; Trenhaile, 2004). Akerman and 

Johansson (2008) found that active layer thickness was significantly correlated with 

mean summer air temperatures, and in some cases average snow depths of the 

preceding winter. There were no correlations between active layer depth and winter air 

temperatures or summer precipitation levels. Other factors can also be important; for 

example, Woo and Xia (1995; 1996) found that seepage in gravelly soils will result in 

saturated surfaces.  Vegetation growth on a saturated surface will eventually reduce the 

thermal conductivity of the ground in summer, due to the accumulation of organic 

matter.  Thermal conduction is the main mechanism of heat transfer in frozen soil, so a 

reduced thermal conductivity can reduce the depth of the active layer. Thermal 

conductivity of the soil also varies with the soil water content (both frozen and 

unfrozen); this becomes especially important when the soil is saturated. Freezing of a 
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saturated soil surface will produce ground ice, which requires more energy to thaw than 

frozen ground with no ice; this will create a much shallower active layer, which raises 

the saturated zone even closer to the surface (Woo and Xia, 1995). A shallower active 

layer will help to confine summer moisture to the top layers of the soil, causing further 

ground ice upon freeze up. The end result is a positive feedback loop between the 

hydrological and thermal aspects of the active layer (Woo and Xia, 1996). This feedback 

system creates plenty of available water for plant growth, and can lead to the eventual 

formation of a wetland. Future climate variations can influence the duration and amount 

of water content in soils, which will affect the active layer depths, vegetation, and 

formation of wetlands over the long term (Woo and Xia, 1995; 1996). However, exactly 

how soil moisture will affect the permafrost remains difficult to predict.   

The effects of soil moisture on permafrost are complicated, making the exact 

nature of the relationship between soil moisture and permafrost uncertain. Unfrozen 

water in the seasonally frozen active layer moves along thermal gradients towards areas 

of lower temperature; this means that in winter, when the ground is warmer than the 

air, unfrozen water moves towards the surface, increasing the ice content in the upper 

portion of the active layer. Desiccation of the soil can also occur in winter, as the water is 

sublimated out of the surface soil layers into the overlying snowpack (Woo and Marsh, 

1990; Bowling et al., 2003). In the summer, the reverse process occurs, with the unfrozen 

water migrating downwards towards the permafrost, which is now at a lower 

temperature than the ground surface. The movement of water towards the permafrost 

increases the ice content in the upper part of the permafrost itself (Burt and Williams, 
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1976; Trenhaile, 2004). This movement of water accounts for frost heave of the active 

layer in summer, the occurrence of most ground ice in the upper permafrost layers, and 

the presence of an ice rich area along the permafrost table (Trenhaile, 2004). The 

conversion of water into ice may also seal off flow passages in the soil, thereby 

significantly reducing hydraulic conductivity, and slowing or even preventing further 

movement of water (Burt and Williams, 1976; Woo, 1993). There are a great number of 

additional local factors that can influence soil moisture levels in the Arctic (Figure 1.1).  

For example, Engstrom et al. (2005) found that precipitation and micro-topography were 

the dominant controls on the near-surface soil moisture along the Alaskan Arctic coastal 

plain, though melting ice and water input from fog and dew were also thought to have 

some influence. Micro-topography had a significant effect on the mean near surface soil 

moisture in areas with high-centered polygons and troughs, landforms that are 

characteristic of permafrost regions (Engstrom et al., 2005).  

Many of these landforms are present in the permafrost-rich environments of 

Melville Island, Nunavut, where the field work for this research took place. The factors 

discussed above, including the main sources of soil water in these environments, are 

very relevant to the soil moisture modeling presented later in this research. 
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1.2 SAR Interactions with Soil Moisture 

A radar system transmits electromagnetic waves (either radio waves or 

microwaves), which reflect and scatter from areas of contrast in the dielectric constant; 

this scattering is also a function of the geometry and distribution of the objects being 

recorded (Marshall et al., 2007). When the waves reflect back toward the sensor, they are 

recorded as backscatter. The dielectric constant is a measure of the ability of a substance 

to conduct electrical energy (Jensen, 2007). Changes in the dielectric constant usually 

occur when there is a significant change between the atomic density of an object and 

what is surrounding it (e.g., a water droplet in the air). Dry surface materials, such as 

Figure 1.1: Local factors affecting soil moisture in a permafrost environment.  

Figure from Woo and Marsh, 1990. 
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rock or vegetation, have dielectric constants of around 3 – 8 in the C-band microwave 

portion of the spectrum (5.4 GHz), whereas free water has a dielectric constant of 

approximately 70 in the same band (Brisco et al., 2008). Water content is therefore the 

most important factor influencing a material’s dielectric properties, which in turn affects 

the amount of backscattered radar energy that can be detected by the sensor. The 

physical structure of a substance can also impact its dielectric constant (Woodhouse, 

2006). For example, different types of ice can have different dielectric constants 

depending on their age, compactness, salt concentration and structure (Jensen, 2007).  

The manner in which the scattering or reflection of the transmitted energy occurs 

depends largely on the wavelength of the energy being transmitted. Depth of radar 

penetration into a dry substance is generally equal to the size of wavelength being used, 

though depending on the medium, the penetration could be up to 4-5 times greater than 

the wavelength, such as in loose sand (Jensen, 2007). Once the radar signal interacts with 

an object, portions of the reflected energy are received and enhanced by the radar 

system (the backscatter); interfering signals are reduced, and measurements of the 

reflecting object are made using signal processing algorithms. The resulting signals are 

then displayed visually (Toomay and Hannen, 2004). 

 The scattering and reflection of microwave energy from soil is therefore highly 

dependent on variation in soil moisture and the presence or absence of surface water 

(Lang et al., 2008). Generally, scattering of the radar energy increases when the soil gets 

wetter, due to a number of factors. Soil is composed of loose grains of soil, air, and 

water. In general, it is the overall bulk properties of the soil that are important, rather 
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than the soil structure, as the wavelengths used are often too large to distinguish fine 

scale structure (although this does depend on the coverage, resolution, and wavelength 

of the radar being used). However, it is not a simple task to determine the bulk dielectric 

properties of soil, as these properties are impacted by the fact that the water can be free 

or bound (Woodhouse, 2006). Whereas free water molecules have a dielectric constant of 

about 70 in the C-band microwave spectrum, water molecules bound to the surface of 

the soil particles, or held in capillary pores by hydrogen bonding, have a much lower 

dielectric constant. This lower dielectric constant is thought to be due to physical 

changes in the molecular structure of water, changes that decrease as the distance from 

the particle increases (Boyarskii et al., 2002). The proportion of free water to bound 

water in the soil is dependent upon the amount, shape, and size of the soil particles 

(Woodhouse, 2006). As water is added to the soil, the dielectric constant increases very 

slowly, as most of the water is bound within the soil.    

Soil moisture estimation can be complicated further by the penetration properties 

of radar energy. Penetration depth decreases as soil moisture increases, because more 

water will scatter more energy. Varying degrees of soil moisture will therefore result in 

the signal being dominated by different soil depths, depending on the moisture level at 

each depth. Very dry soils act as volume scatterers, where microwaves will penetrate 

relatively far, and will scatter evenly. Wet soils, by contrast, can behave like either a 

specular surface or rough surface, with  scattering properties dependent upon surface 

roughness and the vertical distribution of soil water – the incident wave doesn’t 

penetrate into the soil as it would if it were dry (Schultz, 1988; Woodhouse, 2006). 
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Variability in the soil moisture profile can influence radar measurements such that short 

wavelength sensors will be more sensitive to the variations in the very top of the soil 

layer, whereas longer wavelength sensors will penetrate further and give better 

estimates of longer term moisture conditions (Woodhouse, 2006).  

1.3 Modeling biophysical variables with SAR 

Individual variables cannot be modeled in isolation when using SAR data. SAR 

backscatter is heavily influenced by multiple variables, including surface roughness, 

vegetation phytomass, and soil moisture (Woodhouse, 2006). The backscatter signal is 

therefore dependent on two or three unknowns, making modeling only one of them 

very difficult. To model soil moisture, for example, one needs to have an understanding 

of surface roughness and possible vegetation cover. Surface roughness, vegetation 

phytomass, and soil moisture can be separated or linked depending on the surface 

conditions and SAR collection parameters.  

1.3.1 Surface roughness 

Two different parameters are commonly used to characterize the surface 

roughness component of backscatter in physically-based scattering models such as the 

Integral Equation Model (IEM) (Fung et al., 1992) – root mean squared height (hrms) and 

correlation length (Lc) (Rahman et al., 2007). The hrms is the standard deviation of the 

mean height of the surface, whereas the Lc is the length from a point on the ground to a 

particular distance in which the heights of the surface are correlated with each other. 

Correlation length is very difficult to measure on the ground (Rahman et al., 2007), so 
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various ways of deriving it from the hrms (Rahman et al., 2007, 2008) or combining it with 

the hrms to create a single roughness parameter (Zribi and Dechambre, 2002; Zribi et al., 

2006) have been examined. 

The roller chain method, introduced by Saleh (1993) is a popular method for 

measuring surface roughness. The use of chain devices can integrate roughness by the 

foreshortening of their length as they are laid across the soil surface. This provides an 

accessible and practical roughness measurement in the field, though it lacks the 

precision of other methods (Saleh, 1993; Merrill et al., 2001; Jester and Klik, 2005). Merrill 

et al. (2001) used a 6 member chain set with a geometric progression in link length to 

overcome the scale-indeterminacy inherent in using a single chain. They compared their 

chain measurements of surface roughness to laser scanner derived roughness indices.  

The authors showed that the chain set can give very similar predictions of roughness 

parameters to those of the more expensive, complicated, and heavy laser scanner.  Jester 

and Klik (2005) performed a more thorough comparison, testing pin meters, roller 

chains, and laser scanners, as well as photogrammetric methods (stereo photography) 

for surface roughness measurements. The roller chain method had the highest vertical 

error at 5mm, but the shortest amount of data collection / processing time (25 min.). The 

pin meter had a smaller vertical measurement error of 2mm, but a greater measurement 

time (90 min.). Recent advances in pin meter processing, however, may render this time 

disadvantage moot. The other two methods, the laser scanner and stereo photography, 

had higher vertical and horizontal accuracy, but were not considered for this study due 

to their equipment requirements and, in the case of stereo-photos, complex and time-
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consuming data analysis. The authors mention that these two techniques are better 

suited to laboratory roughness analysis, rather than extensive field work. Roller chain 

and pin meter results were very closely related, with R-squared values greater than 0.9.  

Jester and Klik (2005) also created a second-order polynomial regression equation to 

convert dimensionless roller chain profile index (PI) measurements ((measured profile 

length / projected length) -1) to random roughness from pin meter data. This 

relationship also showed a very significant relationship (R-squared of 0.956). 

Point measurements of surface roughness are not sufficient to characterize the 

roughness component of SAR backscatter over an entire watershed. Instead, surface 

roughness mapped over a continuous surface is required. This can be created either by 

interpolation from the point measurements, which can lead to significant errors, or by 

deriving the surface roughness from the SAR imagery directly. This latter method has 

the added benefit of reducing (and possibly eliminating) the need for field 

measurements of roughness and correlation length (Rahman et al., 2008; Sahebi and 

Angles, 2010). Roughness can be determined over large areas using either multi-

incidence angle data or multi-polarization data (or a combination of both). Sahebi et al. 

(2002), using simulation results, indicated that the multi-angular approach was better at 

separating the roughness and moisture signals, with moisture having very little 

influence on the backscatter change between images from different incidence angles. A 

normalized radar backscatter soil roughness index (NBRI) was developed to relate SAR 

backscatter to surface roughness, though this index is likely too simplistic to be accurate 

in all scenarios. Zribi and Dechambre (2002) also used a multi-angular method to 
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determine surface roughness, in this case using a combined measure of surface 

roughness (Zs) that includes both hrms and Lc in its definition. This combined Zs measure 

of surface roughness is better suited to SAR-based measures of surface roughness than 

the individual measures, as it is extremely difficult to separate hrms and correlation 

length using the multi-angular roughness mapping approach (Zribi and Dechambre, 

2002; Zribi et al., 2006). 

A further advantage of using radar-based roughness maps rather than field 

measurements is minimization of the error introduced by subsurface scattering from 

rock fragments. Rahman et al. (2008) showed that the multi-angle approach reduces this 

error as the subsurface scattering is taken into account in the roughness parameter, 

whereas field measurements of roughness only address the roughness at the surface. 

1.3.2 Vegetation cover 

Vegetation cover of the surface must also be taken into account when modeling 

variables such as soil moisture with SAR data. Like surface roughness, vegetation cover 

and phytomass can affect the amount and type of SAR backscatter. There are a number 

of approaches to modeling backscatter from vegetation canopies (see review in Bindlish 

and Barros, 2001; Moran et al., 2004), but these approaches only apply when the 

vegetation is dense enough to actually form some sort of canopy. The above-ground 

phytomass must be of a sufficient height or density to intercept measureable levels of 

backscatter, a condition which may not hold true in many parts of the Arctic. 

Agricultural studies have demonstrated that even relatively short vegetation can 
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produce an appreciable amount of depolarization of the backscatter (Paloscia, 2002; 

McNairn et al., 2004), as well as marked differences in HH and VV polarizations (Mattia 

et al., 2003), though vegetation in the High Arctic is generally of lower height than that 

of short-crop agriculture. Low density grasses and sedges, which make up much of the 

vegetation cover in the high arctic, can also be difficult to distinguish from bare ground 

(Smith and Buckley, 2011). Multiple incidence angle data is sensitive to vegetation cover 

and phytomass, with greater incidence angle backscatter having greater interaction (and 

therefore backscatter) with short vegetation than smaller incidence angle data (Ulaby et 

al., 1986; Paloscia, 2002; Mattia et al., 2003), though stopping short of full volumetric 

scatter.  

The Radar Vegetation Index (RVI), which has been used to estimate biomass 

from SAR data (Kim and van Zyl, 2009; Trudel et al., 2012) characterizes vegetation 

scattering by dividing the cross-polarization scattering by the total scattering; effectively 

measuring the degree of depolarization. RVI may not be applicable if there is little to no 

volume scattering present, as would be the case below a certain threshold level of 

vegetation. If the vegetation cover is sparse or very dry, the SAR signal is not 

significantly attenuated, and in some cases can only be detected by its contributions to 

surface roughness (Sano et al., 1998; Moran et al., 2000).   

Vegetation phytomass can be modeled using not only direct relations of SAR to 

above-ground phytomass, but also using other controlling factors as input. As 

mentioned previously, vegetation phytomass in the high arctic is closely related to 

topographic and moisture gradients across the landscape, so variables derived from a 
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Digital Elevation Model (DEM) have the potential to be useful for vegetation modeling. 

Vegetation biomass can be a good proxy for soil moisture in the Arctic, due to the 

vegetation being moisture-dependent (i.e., it only grows in areas with consistently high 

soil moisture) (Gross et al., 1990). Once vegetation phytomass is modeled, it can 

therefore be used to help model soil moisture using SAR over the same areas (Meade et 

al., 1999; Bindlish and Barros, 2001). 

1.3.3 Soil Moisture 

There are a number of methods for modeling soil moisture values from SAR 

backscatter, each with advantages and disadvantages. Regression-based empirical 

models, such as those of Dubois et al. (1995) or Oh et al. (1992) are often used to 

determine soil moisture (Sano et al., 1998; Shoshany et al., 2000). However, these 

empirical models require vast quantities of field data, and are often very site specific 

(Thoma et al., 2006), making them difficult or impossible to generalize to different soils. 

 Physical models that invert backscatter from radar parameters, surface 

roughness and vegetation cover are commonly used to derive soil moisture values (Fung 

et al., 1992; Baghdadi et al., 2002; Li et al., 2005; Charlton and White, 2006). The most 

commonly used physical model is Fung et al.’s integral-equation-based surface 

scattering model (IEM) (Fung et al., 1992). Physical models, like empirical models, are 

difficult to apply over large areas, and detailed information on parameters such as 

topography and soil type is required. It has also been shown that these models do not 
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apply well to areas of heterogeneous roughness (Grippa and Woodhouse, 2002), such as 

natural ground surfaces, and are more applicable to agricultural areas.      

 Multi-temporal image differencing has also been used extensively. Image 

differencing requires two or more images of the same area obtained at different times 

using identical radar parameters (i.e., wavelength, viewing geometry, beam type) 

(Thoma et al., 2006). Image differencing has been used successfully by many, often 

improving the results obtained using single-date imagery (Villasenor et al., 1993; Sano et 

al., 1998; Shoshany et al., 2000; Lu and Meyer, 2002; Moran et al., 2004). Image 

differencing is especially useful in areas where the ground surface properties change 

very slowly over time (such as the High Arctic) – this allows for any differences seen 

between the images to be attributed solely to changes in soil moisture, and not to 

changes in topography, surface roughness, or vegetation (Engman, 1994; Engman and 

Chauhan, 1995; Wickel et al., 2001; Thoma et al., 2006). Multi-temporal methods can also 

provide very useful data for hydrologic applications; if the data cover an extended time 

period, then upper and lower limits for soil moisture can be established (Engman, 1994). 

 There are a number of different multi-temporal image differencing methods.  

Thoma et al. (2006) introduced the ‘delta index’, which normalizes the difference of pixel 

values between two images to a ‘dry’ scene value. This is similar in principle to the 

Normalized radar Backscatter soil Moisture Index (NBMI) proposed by Shoshany et al. 

(2000), and also used effectively by Moran et al. (2004). The NBMI relies on normalizing 

the ratio of change between two images, giving a relative soil moisture index that is 

related to variations in distributed soil moisture. Both of these methods rely on image 
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subtraction or image ratioing. The problem inherent in image subtraction is that changes 

detected will not be detected in the same way for high backscatter regions compared to 

low backscatter regions (Rignot and van Zyl, 1993). Image subtraction also runs into 

problems when trying to determine absolute dB differences between the images; since 

dB is scaled logarithmically, image subtraction is not as straightforward as it would first 

seem. Image ratioing (dividing one image by another, instead of subtracting) avoids 

these problems. The distribution of the derived values within the ratio image depends 

on the relative change in average intensity between the two images, and therefore does 

not depend on the backscatter value of the pixels (Rignot and van Zyl, 1993). Image 

ratioing also allows for easy conversion of the results into dB, so the absolute changes in 

dB can be easily determined (Rignot and van Zyl, 1993; Villasenor et al., 1993). Image 

ratioing is therefore the preferred method of change detection for radar imagery, and 

has provided good results in previous research (e.g., Rignot & van Zyl 1993; Villasenor 

et al. 1993; Decker 1998; Lu & Meyer 2002).   

In addition to multi-temporal change detection methods, multipolarized and 

fully polarimetric data also demonstrate great potential for soil moisture mapping of 

bare soil and low vegetation areas (Oh et al., 1992; Ulaby et al., 1996), as well as direct 

measurement of surface roughness (Sahebi et al., 2002; Oh, 2004). Ulaby et al. (1996) 

used Oh et al.’s (1992) model with two L-band polarimetric products as an input: σhh0 / 

σvv0, the co-polarized ratio; and σhv0 / σvv0, the cross-polarized ratio. They received 

surface roughness and moisture content as an output. The measured correlation 
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coefficients with in situ measured data were 0.98 for surface roughness and 0.96 for soil 

moisture.   

1.4 Justification for use of RADARSAT-2 

RADARSAT-2 data have been utilized for this research.  Its potential matches or 

exceeds that of RADARSAT-1 for applications such as soil moisture estimation and 

DEM generation (Sanden, 2004). RADARSAT-2 data have been made available through 

agreements with the Canadian Space Agency (CSA) and the Canada Center for Remote 

Sensing (CCRS). 

 Among the various beam modes available on RADARSAT-2 (Fox et al., 2004), the 

Ultra-Fine and Fine Quad-Pol (fully polarimetric) modes were examined (Table 1.1). 

Ultra-Fine mode provides the greatest spatial resolution, at approximately 3x3 m, while 

still maintaining a swath size that can cover the entire study area. HH polarization was 

chosen for the Ultra-Fine mode data products. Over bare soil surfaces, the difference 

between HH and VV polarizations in C-band SAR for sensitivity to soil moisture is 

negligible (within 1dB), though both perform better than cross-polarization HV / VH 

data (Sokol et al., 2004). To generalize results from this very high spatial resolution data 

to other RADARSAT-2 products that cover larger areas but have a coarser resolution, 

the Ultra-Fine mode imagery can be ‘multi-looked’. Multi-look processing simulates 

coarser resolutions, with the added bonus of reducing image speckle (Woodhouse, 

2006). If coarser beam modes were to be chosen initially, they could not be processed to 

a higher spatial resolution; hence higher resolution beam modes are preferred. Fine 



 

19 

 

Quad-Pol data (the highest resolution fully polarimetric data available, at approximately 

8m spatial resolution) were also acquired to determine the utility of multi- and fully 

polarimetric data for modeling soil moisture. While single polarizations have been 

shown to adequately estimate soil moisture at very steep incidence angles (Sokol et al., 

2004), multiple polarizations and fully polarimetric data are thought to possess 

enhanced capabilities for reducing the effects of surface roughness and vegetation on 

soil moisture estimation (Oh, 2004; Sokol et al., 2004). Based on ratios of the different 

polarizations, Ulaby et al. (1996) demonstrated that a single fully polarimetric data set of 

L-band SAR data could be used to calculate surface roughness and soil moisture of a 

bare-soil site. These same ratios were examined in this research. 

Table 1.1: RADARSAT-2 characteristics for beam modes used in this research. 

 

Surface roughness has a reduced effect on backscatter at low incidence angles 

(Figure 1.2) and at longer wavelengths (λ). This relationship can be characterized using 

the ‘Modified Rayleigh’ criterion which defines a surface as; (i) rough, (ii) intermediate, 

or (iii) smooth. This can be stated mathematically as follows (Jensen, 2007): If hrms >  λ / 

4.4 sinθ , then the surface is considered rough. Conversely, if hrms <  λ / 25 sinθ,  then the 

surface is considered smooth. If hrms is between these values, the surface is of 

Wavelength / 

Frequency 

(C-Band) 

Beam mode Polarization 

Range of 

incidence 

angles 

Spatial 

resolution 

Temporal 

resolution 

5.5 cm / 5.4 

GHz 

Ultra-Fine HH 30
o
 – 49

o
 3m x 3m 24 days 

Fine Quad-Pol HH+ VV+ HV+ VH 20
o
 – 41

o
 12m x 8m 24 days 
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intermediate roughness. hrms is the root mean square error of surface height variation, λ 

is the wavelength of the radar, and θ is the incidence angle to the surface (i.e., local 

incidence angle). Since the wavelength/frequency of the RADARSAT-2 sensor is fixed at 

5.5cm/5.4 GHz, effective surface roughness can only be minimized by decreasing the 

incidence angle (Ulaby et al., 1978). For example, with RADARSAT-2 data taken at an 

incidence angle of 30o, the hrms value would have to be  > 2.41 cm to be considered 

‘rough’ with respect to the nature of the interaction of the radar signal with the ground. 

If the incidence angle is increased to 40o, then the hrms value only has to be > 1.87 cm to 

be considered ‘rough’. For this reason, images acquired for this research were acquired 

with the beams that have the lowest incidence angle, where possible, so that the imagery 

is less sensitive to surface roughness. The range of possible incidence angles for Fine 

Quad-Pol beams is 20o – 41o, and for the Ultra-Fine single polarization is 30o – 40o (Table 

1.1). Where possible, beam modes were chosen to have the lowest possible incidence 

angles within these ranges. 

 With beam mode selection and incidence angle preferences having been 

examined, the last major parameter of image acquisition is temporal in nature; i.e., when 

to collect the data. RADARSAT-2 has an orbital repeat period of 24 days (Morena et al.,  

2004a).  Imagery for the study area can be acquired during multiple different orbits, 

however. With this in mind, acquisitions were attempted approximately once per week 

from early June until late August. Three or four different orbit tracks were selected 

(within a few days from each other), and images were acquired from each of these orbits 

every 24 days. Acquisitions were planned in detail ahead of field work using the 
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RADARSAT-2 Acquisition Planning Tool (APT) (Morena et al., 2004b) available from 

MacDonald, Dettwiller and Associates Ltd. (MDA Ltd.). The APT can be used to 

determine orbit parameters, such as ground track orientation and incidence angle; 

parameters that are required for proper setup and placement of passive corner reflectors. 

1.5 Artificial Neural Networks 

Artificial Neural Networks (ANNs) have a number of features that make them 

ideal for inverting radar backscatter data to determine biophysical variables.  They can 

learn complex, nonlinear patterns, and generalize these patterns in noisy environments. 

Figure 1.2: Incidence angle as it applies to SAR data. Low incidence angles are small 

relative to the vertical axis. Image from NASA/JPL, 1993. 
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This ability to generalize means that ANNs can be effective in situations where data may 

be missing or imprecise. ANNs can also incorporate prior knowledge and physical 

constraints into the analysis, and make no assumptions about the statistical nature of the 

data being used (Del Frate and Wang, 2001; Mas and Flores, 2008). The lack of 

assumptions about the data allows for the incorporation of data from many different 

remote sensing and ancillary sources, including terrain height, slope, aspect, soil texture 

and land cover.  

 The performance of a trained ANN is assessed using computed root mean square 

error (RMSE) between expected values and the values of the network output nodes. In 

the case of classification, validation can also be performed by calculating the percentage 

of correctly classified examples using a validation dataset (Mas and Flores, 2008). The 

accuracy of an ANN can be significantly impacted by the number and 

representativeness of the data used to train the network. ANNs learn the characteristics 

of the data from the sample values, not statistical derivatives. Too few training samples, 

or samples that are not representative of the whole range of values possible, can 

therefore lead to skewed or less accurate results. Very large numbers of training samples 

are generally thought to be needed to optimally train the ANN, though too many can 

slow the training process (Mas and Flores, 2008). Many different rules have been 

proposed to calculate the optimum number of training samples. Zhuang et al. (1994), for 

example, suggested that 5-10% of the image was needed, while Hush (1989) 

recommended 30n(n+1) samples, with n being the number of input parameters to the 

ANN. These recommendations were for classification problems – no suggestions have 
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been made as to the number of training samples needed for the inversion of a 

continuous variable, though in this case it would seem that representativeness would be 

more important than the number of samples. 

The usefulness of ANNs in remote sensing (see review in Mas and Flores, 2008) 

and as a relatively simple way to invert radar backscatter to surface parameters is well 

documented (Pierce et al., 1994; Kimes et al., 1997; Meade et al., 1999; Del Frate and 

Wang, 2001; Narayanan and Hirsave, 2001; Del Frate and Solimini, 2004; Sahebi et al., 

2004). Surface parameter inversion from SAR backscatter data is usually carried out by 

some sort of linear or non-linear regression approach (Griffiths and Wooding, 1996; 

Haider et al., 2004), or through complex empirical inversion models such as IEM and 

others (Dubois et al., 1995; Zribi and Dechambre, 2002; Leconte, 2004; Oh, 2004). ANNs, 

however, show great promise in both simplifying this procedure and increasing the 

accuracy of the results. For example, Del Frate and Solimini (2004) examined neural 

networks for their ability to invert different combinations of frequencies and 

polarizations of radar backscatter to determine forest biomass. When directly comparing 

ANNs to linear and nonlinear regression, they found the ANNs to be superior. Sahebi et 

al. (2004) also compared ANNs to other models, in this case the Oh model (Oh et al., 

1992) and the Modified Dubois Model (MDM) (Angles, 2001). The ANN models 

outperformed the Oh and MDM models for both surface roughness and soil moisture 

estimation. 

Sometimes the existing empirical inversion models are used to train the ANN 

instead of field data. This was done by Tzeng et al. (1994), who used a surface scattering 
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model (i.e., IEM) to generate the necessary data sets to train the ANN for estimating soil 

moisture and surface roughness. The authors state that these data sets can be used as 

reference data from known field measures. Proper selection of training data is critical to 

the effectiveness and performance of the ANN. The data sets should be sufficiently 

representative of the range of values possible in the problem domain. Tzeng et al. (1994) 

used 2717 training data sets, generated from the IEM, across a range of sensor 

parameters such as incidence angle and frequency. The results were very promising, 

with RMS errors of less than 0.1% for soil moisture when compared to the ground 

control data. Weimann (1998) followed training procedures that were very similar to 

Tzeng et al. (1994) using the IEM inversion model to generate training data sets that 

matched parameters of real world data sets they had collected from the European 

Remote Sensing (ERS)  SAR and Envisat Advanced Synthetic Aperture Radar (ASAR) 

sensors. The ANN was then tested using the actual field validation data and managed to 

get less than 4% soil moisture RMSE (Weimann, 1998). Sahebi et al. (2004) also used the 

IEM backscattering model to train their ANN for soil parameter inversion, and also 

came up with very good results:  an error of 1.54 cm for the RMSE height, and 2.45 for 

soil dielectric constant. 

The ANN models for this research were implemented in the MATLAB® software 

package (MathWorks, Natick, Massachusetts). This implementation is a two-layer (one 

hidden layer, one output layer) feed-forward network with sigmoid-function hidden 

neurons and linear-function output neurons, trained with the Levenberg-Marquardt 

back-propagation algorithm (Hagan and Menhaj, 1994). Data were randomly separated 
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into training (70% of the data), validation (15% of the data) and independent testing data 

(remaining 15%). Hundreds of models were trained, with each training run having 

slightly different starting weights and biases for each neuron, as well as randomly 

selected training data. Different numbers of hidden neurons were also examined, in a 

trial-and-error approach, until the best model of all the model runs could be selected. 

The models for surface roughness, vegetation phytomass, and soil moisture all have one 

layer of hidden neurons, with the number of hidden neurons varying from 4 to 15, 

depending on the model. 

1.6 Field Data 

1.6.1 Study Areas 

Two High Arctic study areas were examined for this research (Figure 1.3). The 

majority of the field data collection was undertaken at the Cape Bounty Arctic 

Watershed Observatory (CBAWO), located on the southern coast of Melville Island, 

Nunavut, Canada (74.91º N, 109.44º W) (Figures 1.3 and 1.4) in 2009 and 2010.  The 

CBAWO was used to develop, calibrate and validate the ANN models. This High Arctic 

site is composed of two parallel watersheds, each covering approximately 15 km2. The 

area is characterized by rolling topography of low to medium relief, with elevation 

varying between 5 m and 125 m above sea level. The site has been impacted by periods 

of glaciation, during which various tills have been deposited in the study region, 

including Bolduc, Dundas, and Winter Harbour tills (Hodgson and Vincent, 1984). 

Winter Harbour till is a thin (1 – 2 m) carbonate rich till that contains many mafic and  
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crystalline rock fragments, and is draped over the other layers (Hodgson and Vincent, 

1984). Holocene era fine-grained marine sediments are also present, located between 

approximately 35 m and 90 m above sea level (Hodgson and Vincent, 1984; Lajeunesse 

and Hanson, 2008). These sediments are underlain by the Franklinian mobile belt, 

composed of Paleozoic sandstone, siltstone, and shale (Lajeunesse and Hanson, 2008). 

Vegetation in the area is extremely limited, and rarely exceeds a few centimeters in 

height. Greater vegetation biomass is found in sedge and heath communities, while 

polar desert areas can be completely barren. Large areas of exposed, fractured bedrock 

Figure 1.3: Study areas on Melville Island, Nunavut, Canada. 
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are also present, and the entire area is underlain by permafrost, with an active layer of 

0.5 – 1 m during the summer.  

 

Additional field work was conducted in 2011 in the vicinity of Cape 

Collingwood on the Sabine Peninsula, located on northern Melville Island 

Figure 1.4: Cape Bounty study area, showing plot locations, corner reflector locations, and 

initial unsupervised classification (see section 1.6.3). 
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(approximately 76.530 N, 108.830 W) (Figures 1.3 and 1.5).  Plots from this more northerly 

study site are representative of three different underlying bedrock types, all of which are 

different from the Cape Bounty study area. The Kanguk formation consists of a shale 

bedrock with surface materials of poorly sorted clay-silt mixed with a sand and gravel 

till; the Hassel formation has a sandstone bedrock with surface materials consisting of 

sand and silty sand; the Christopher formation is a shale bedrock with a very fine, 

poorly drained silty clay surficial material (Barnett et al., 1975). The Hassel formation 

has soils that are most closely related (e.g., particle size) to those at the CBAWO. The 

Christopher formation has a very high water holding potential, with high levels of 

bound water in the soil due to the very fine grained clay sediments present. The Hassel 

formation, with its more sandy soil, has different characteristics; i.e., greater pore spaces 

and larger grain sizes resulting in less bound water and more free water, as well as 

faster drainage potential. Free versus bound water, as mentioned earlier, can affect SAR 

backscatter in different ways. These different surfaces will therefore test the extension of 

the models developed at Cape Bounty to other areas of the High Arctic. The topography 

of the area is characterized by low to moderate relief, with vegetation similar to Cape 

Bounty and other locations in the High Arctic. 
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Figure 1.5: Cape Collingwood study area, showing geological formations, study plots, 

corner reflectors, and initial unsupervised classification (see section 1.6.3). 
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1.6.2 Corner Reflectors 

Passive triangular trihedral corner reflectors (CRs), composed of three right-

triangular panels (plywood covered in metal) were configured to form a scattering 

corner. While there are other corner reflector designs, such as dihedral or square 

trihedral, the triangular trihedral was a good compromise, providing high reflective 

power, flexibility in the direction from which it will accept radiation, and small size and 

weight (Woodhouse, 2006). When the CR axis of symmetry is pointed directly toward 

the SAR antenna, even a compact trihedral CR provides a large and measurable radar 

cross section (RCS) that can be used as a radiometric calibration reference, and also as a 

geographic location marker (Norris et al., 2004). Trihedral CRs are fairly tolerant to non-

optimal placement, having a 3 dB beamwidth of 40 degrees in elevation and azimuth. 

However, peak RCS is only reached if the CR is optimally deployed (Norris et al., 2004). 

Norris et al. (2004) determined that aligning the trihedral CR axis of symmetry with the 

mid-swath point of the beam being used (average incidence angle of near-range and far-

range of the image) is an acceptable method for establishing the proper elevation angle 

of the CR (they tested this with RADARSAT-1 fine-beam mode). While this technique 

may not be ideal for radiometric calibration purposes, they determined that it was 

adequate for target detection and geometric correction. Villasenor et al. (1993) and 

Griffiths and Wooding (1996) each used CRs for image co-registration in radar soil 

moisture change detection studies. Villasenor et al. (1993) also used the CR response for 

a relative radiometric correction between images, while Griffiths and Wooding (1996) 

used the CR response to get absolute radiometric corrections of the radar imagery. 
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Ugsang et al. (2001) determined that geometric correction of SAR imagery using 

five trihedral CRs was good, giving a RMSE of less than half a pixel. The detectability of 

a trihedral CR will vary depending on the radar backscatter of the background on which 

the CR is deployed (Ugsang et al., 2001; Norris et al., 2004). Ugsang et al. (2001) used 

RADARSAT-1 fine beam mode, along with 1m width trihedral CRs, and showed that 

these relatively small CRs had a very high backscatter return, making them easy to 

identify as point targets in the SAR image. Above a 12 dB difference in backscatter 

between CR and background, CRs could be identified on unmodified or contrast 

stretched images. When the difference was below 12 dB, it became harder to distinguish 

the exact locations. Therefore, if possible, CRs should be placed on gentle slopes that 

slope away from the direction of the SAR sensor, or in areas of standing water, to make 

them easier to locate in the imagery (Ugsang et al., 2001; Norris et al., 2004; Woodhouse, 

2006). Slopes that face away from the sensor will be relatively dark compared to flat 

areas or slopes that are oriented toward the sensor.   

1.6.3 Sample points 

The stratification of the study area for the initial stratified random site selection 

was performed using an unsupervised classification method, specifically a fuzzy K-

means algorithm using high spatial resolution (i.e., 4 m) IKONOS optical satellite data. 

K-means is a very common unsupervised classification method, and was chosen for its 

ease of implementation. This unsupervised classification focused on the major 

vegetation patterns of the study area only. Sample sites were then chosen based on three 
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different vegetation classes of low, medium, and high phytomass, corresponding 

roughly to ground sites of polar semi-desert, mesic heath, and wet sedge communities, 

respectively. For the 2010 field season, elevation was also used as a stratification 

variable, as the soil has a different composition at different elevations in the study area 

(for a detailed description see Chapter 2, Section 2.2.1).      

A two-stage sampling approach was used, whereby stratified random sampling 

was applied to determine ground resolution cell sample areas, and a systematic 

sampling approach was undertaken within each of the vegetation classes to obtain a 

mean value for the ground resolution cell. Efforts were made to ensure that each ground 

resolution cell consisted of a homogenous area (i.e., exceeded a 50m x 50m area).  This 

size was determined by the spatial resolution of the SAR data being used (Table 1), with 

the ground resolution cell being at least two to three times larger than the image pixel 

size. A stratified random sampling scheme has several advantages, including greater 

efficiency than simple random sampling and assured coverage of all land cover types of 

interest.  

A systematic sample within this ground resolution cell was then implemented, as 

suggested by Regionalized Variable Theory. Regionalized Variable Theory asserts that a 

property, such as soil moisture, is assumed to be distributed continuously in space in a 

way that is both random and spatially dependent (autocorrelated). Random sampling 

for averages of a variable in a grid cell (around a random point, for example) is less 

efficient than a systematic sampling design, which maximizes the distance between 
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points, and so reduces redundancy in data collection due to autocorrelation (Webster et 

al., 1989; Curran and Atkinson, 1998).  

1.6.4 Field Data Collection 

The soil moisture measurement for each ground resolution element in each field 

campaign was averaged by taking three TDR measurements in a triangular pattern 2-3 

meters apart around a central point (i.e., the center of the ground resolution element). 

The average value of these sub-samples was used to represent that ground resolution 

element.   

The actual measurements of surface moisture were made with a TDR system, 

with stainless steel single diode probes inserted into the ground (five cm depth) at each 

sample location. This method is much faster than collecting bulk samples and 

transporting them to a lab for gravimetric analysis. Surface soil moisture can vary 

significantly both spatially and temporally (Pietroniro and Leconte, 2005), so it is 

important that in situ measurements of soil moisture be taken as closely as possible to 

the SAR overpass times. Measurements in the field were generally taken within ±6 hours 

of the SAR data acquisitions. This was the limit of logistic feasibility, and tests were 

undertaken to ensure that this time scale would result in minimal moisture change 

between SAR acquisition and field acquisition (Appendix A.8). Further details on TDR 

setup and measurement can be found in section 1.6.5 and Appendix B. Moisture 

measurements were made during 20 overpasses at Cape Bounty (10 in 2009, 10 in 2010) 

and during eight overpasses at Cape Collingwood in 2011 (Appendix C). 
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Surface roughness is generally measured using three different parameters: (i) 

root mean square height  (hRMS), which is a measure (in cm) of the vertical variation of 

roughness; (ii) correlation length (LC), which is defined as the horizontal displacement 

(in cm) for which the autocorrelation function equals 1/e, and is essentially a measure of 

the horizontal variation in roughness; and (iii) autocorrelation function, generally a 

Gaussian or exponential function, that defines the terms by which the correlation length 

is determined.  Points separated by a distance of at least LC have statistically 

independent heights. 

Surface roughness values were measured in the field using a 0.92 m pin meter 

(Figure 1.6) along 5.5 m transects in two orthogonal directions relative to the SAR 

satellite look direction (i.e., parallel and perpendicular). Measurements were made at 

136 sample locations across the two study areas of Cape Bounty and Cape Collingwood, 

resulting in 1642 photos that were processed into 272 transects (see Appendix A.1 and 

A.2). Pin meter measurements were transformed into hRMS and LC measurements using a 

semi-automated MATLAB script (QuiP) developed by Trudel et al. (2010). Furthermore,  

hRMS and LC were calculated at two different profile lengths; one at the original 5.5 m 

transect length (a merge of six consecutive profiles), and the second at 0.92 m (the length 

of the pin meter). These different profile lengths were used to determine if longer 

profiles were necessary to characterize SAR-perceived roughness in this environment, as 

there is little agreement in the literature defining appropriate profile lengths (Verhoest et 

al. 2008; Lievens et al. 2009). Plot photos were also taken for every plot to assist with 
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qualitative vegetation cover estimates and vegetation ecology classification (polar semi-

desert, mesic heath, or wet sedge classes). 

 

1.6.5 Time Domain Reflectometry 

TDR is a method of determining the apparent dielectric constant (ka) of a 

medium. The measurement of the dielectric constant is accomplished through 

measurement of the propagation time of an electromagnetic wave, which is sent from a 

pulse generator, through a cable, and into a TDR probe. Part of the wave is reflected 

from the top of the probe due to the presence of a diode, with the rest of the wave 

travelling to the end of the probe. The rest of the wave is then reflected and returned 

Figure 1.6: Pin meter used to measure field values of surface roughness. The buble level is used to 

level the device, and when the release flap is dropped, the pins drop down to the surface. The 

camera is then used to photograph the red-taped tops of the pins against the white backdrop. The 

resulting photos can then be imported into the Quip program to determine the quantitative 

measures of roughness.  
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back to the source generator. The time that it took the wave to travel the length of the 

probe can then be determined (Noborio, 2001). The dielectric constant of water is much 

larger than that of other soil constituents, and an increase in soil moisture levels results 

in an increased propagation time of the electromagnetic wave (Noborio, 2001; Heathman 

et al., 2003). In fact, the square root of the dielectric constant has a nearly linear 

relationship with soil moisture (Heathman et al., 2003).   

TDR has been used to measure soil moisture in many different soil types, and 

has been successfully used in the thawed active layer soils of an arctic permafrost 

environment (Boike and Roth, 1997). There is a universal equation that is commonly 

used to convert apparent dielectric constant to volumetric soil moisture (Topp et al., 

1980).  The authors proposed that the equation is insensitive to differences in 

temperature, soil texture, bulk density, and salt content (Yu et al., 1999; Noborio, 2001). 

Others, however, have found that bulk density is in fact an important factor (Malicki et 

al., 1996; Yu et al., 1999), though the other variables do seem to be negligible for most 

soils. Two different equations were used for the TDR values in this research, with the 

equation used depending on soil type / bulk density. A three phase model that is a linear 

approximation of the Topp universal equation (Topp et al., 1980; Yu et al., 1999) was 

used for mineral soil, and the Nagare equation (Nagare et al., 2011) was used for organic 

soil. 
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1.7 Object-Based Image Analysis 

All of the models created in this research (surface roughness, vegetation 

phytomass, and soil moisture) were built using object-based image analysis (OBIA), 

which involves pixels being grouped into objects based on the homogeneity of their 

spatial (e.g., shape) or spectral (e.g., reflectance) characteristics (termed segmentation). 

OBIA has a number of advantages over pixel-based methods, including reduced 

dependency on noise-filtering algorithms (especially with SAR data) and the objects 

being more natural representations of surface properties. OBIA is recognized as a very 

effective tool for analyzing geo-spatial and remotely-sensed data (Blaschke, 2010). With 

this method, different spatial scales can be investigated by changing the sizes of the 

image objects. The problem associated with OBIA is finding meaningful scales to 

investigate, i.e., finding the scale of object segmentation that is objectively relevant based 

on the characteristics of the landscape being studied.   

To solve this problem, Dragut et al. (2010) have developed a tool that integrates 

with existing OBIA software (eCognition® 8.64) to estimate relevant scale parameters.  

The tool, ESP (Estimation of Scale Parameter) plots values of local variance (LV) and the 

rate of change (ROC) of that variance between successive scale levels, against scale levels 

at a set interval (see Figure 1.7 for an example from Cape Bounty). The ‘scale’ of the 

object is a parameter in the eCognition software that determines the maximum allowed 

heterogeneity of the image objects, based on user-defined weightings of ‘color’ (pixel 

values for various image bands) and ‘shape’ (level of object compactness) (Trimble, 

2010). In the ESP tool, LV increases with the increase in the scale parameter as the 
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homogeneity of the objects increases; the highest values of LV relative to successive 

values indicate scales where objects have reached meaningful levels of organization in 

terms of the variation in their homogeneity. The ROC of the LV is the best way to show 

this, and is a means of identifying how important the respective scale level is in 

structuring the information on objects’ variability relative to the whole scene (Drăguţ et 

al., 2009; Drǎguţ et al., 2010). 

 

Figure 1.7: Local variance and rate of change values produced by the ESP tool for the Cape 

Bounty study area. Scale numbers indicate the input scale values for the eCognition 

software when generating the image objects (image segmentation). 

The objects were generated from high resolution optical imagery, 0.5 m pan-

sharpened Geoeye-1 imagery for the Cape Bounty study site, and 0.5 m pan-sharpened 

Worldview-2 imagery for the Cape Collingwood study site. In both cases, near-infrared, 

red, and green bands were used for the homogeneity criteria, in order for the objects to 

be physically meaningful, in an ecological sense, on the ground. The Cape Collingwood 

site was split into two parts, north and south, to aid in processing times. Multiple scales 
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were found to be meaningful (Figure 1.7), but only the largest (410) and smallest (140) 

scale parameter values were used in further analysis. The scale values for the small 

objects at the Cape Collingwood site were slightly different, as the ESP tool estimates the 

scale parameter based on the local conditions. Scale values of 110 and 160 were used for 

the small objects for the north and south mapped portions, respectively, and 410 and 400 

for the large objects. Small objects for both study areas (i.e., CBAWO and Cape 

Collingwood) ranged between about 50 and 6000 m2. The larger objects range from 

about 50 to 35000 m2. These object sizes could have implications for the SAR spatial 

resolution requirements for surface roughness and soil moisture modeling. Identical 

image-objects were used for all of the models. 

1.8   Objectives 

The need for models that can estimate surface roughness, vegetation, and soil 

moisture in the High Arctic, and minimize the need for fieldwork, is clear. Further, very 

little terrestrial work has been reported with SAR at high latitudes. Models and 

techniques that work in more temperate locations are not applicable due to 

combinations of terrain, climate, and moisture that are unique to arctic environments. 

Hence, the goal of this research is to estimate biophysical variables (i.e., surface 

roughness, phytomass and soil moisture) at high latitudes using SAR. More specifically, 

the research objectives for this research are:  
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(1) to determine the utility of high spatial resolution, multi-temporal, multi-polarized 

SAR data for modeling surface roughness, soil moisture, and discriminating vegetation 

properties;  

(2) to better understand and separate the interacting effects of surface roughness, 

vegetation, and soil moisture on SAR backscatter;  

(3) to develop a suitable method for modeling surface roughness, vegetation 

distribution, and soil moisture through time across the CBAWO;  and  

(4) determine which physical controls SAR is sensitive to in a high arctic environment.   

These objectives help address larger questions, such as how SAR can be used to 

better understand moisture and energy exchanges over regional areas in high arctic 

environments, knowledge of which will be crucial to understanding future climate 

warming scenarios and other large-scale modeling efforts. 

1.9 Significance 

This research will also advance knowledge of SAR moisture modeling in wet, 

bare soil, non-agricultural environments such as those found in the Canadian High 

Arctic. A methodology for estimating soil moisture and other biophysical variables 

remotely with SAR, without the need for direct surface measurements, would be an 

important contribution to SAR moisture modeling in the Canadian High Arctic. 
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Chapter 2 

 

Surface Roughness Estimation from RADARSAT-2 Data in a High 

Arctic Environment 

Abstract 

Synthetic aperture radar (SAR) data are often used to determine the physical 

properties of the soil surface, such as soil moisture and surface roughness. Although 

these analyses are commonly applied in agricultural environments, there has been 

limited application in more natural environments, particularly at high latitudes.  For the 

research reported here, an artificial neural network (ANN) is developed to model 

surface roughness in the Canadian High Arctic. This research represents the first phase 

of the overall goal of developing an operational methodology for estimating surface 

roughness, vegetation cover and soil moisture using SAR and limited field 

measurements.  Multiple incidence angle data and fully polarimetric data from 

RADARSAT-2 are combined with long and short profile in situ surface roughness 

measurements from 134 sample locations located across two distinct high arctic study 

sites.  Multiple ANN models were developed using various backscatter, textural, and 

polarimetric variables.  The ANN models exhibited a moderate to strong agreement to 

field-measured surface roughness (R2 = 0.37 to 0.66, N_RMSE = 13.9% to 22%).  This 

study demonstrates that operational surface roughness modeling in the Canadian High 

Arctic is feasible with RADARSAT-2 polarimetric data.   
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2.1 Introduction 

Knowledge of biophysical variables such as soil moisture, surface roughness, and 

vegetation in the Arctic is an important step towards understanding Arctic energy fluxes 

and nutrient cycling. Knowledge of spatially distributed soil moisture in the Arctic is 

particularly important, for a variety of reasons. For example, methane and carbon fluxes 

are directly influenced by soil moisture and vegetation (Torn and Chapin, 1993; 

Sjögersten et al., 2006; Oberbauer et al., 2007). Further, areas in the Arctic with high soil 

moisture content are thought to be less responsive to climate warming (Oberbauer et al., 

2007), thus making soil moisture an important variable in global climate change models. 

In arctic environments, current and future climate variations will influence the duration 

and amount of water content in soils, which can affect active layer depths, vegetation, 

and formation of wetlands over large time scales (Woo and Xia 1995; Woo and Xia 1996). 

In addition, hydrologic variables (e.g. soil moisture) exert important controls on arctic 

geomorphology and ecosystem dynamics (Daanen et al., 2007).   

Unfortunately, it is logistically very difficult to monitor biophysical variables 

such as soil moisture in arctic environments. Although traditional optical remote sensing 

data can provide some information on these variables, particularly vegetation, they are 

less effective in providing information on the moisture/hydrological regime. However, 

given the well documented relationships between synthetic aperture radar (SAR) 

backscatter and variables such as soil moisture and surface roughness (see Kornelsen 

and Coulibaly, 2013, for a review), SAR data have significant potential for providing 

information about these variables in remote arctic environments. There has been limited 
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research of this nature conducted in the High Arctic (e.g., Wall et al. 2010), or in natural 

(non-agricultural) environments in general. More importantly, high spatial resolution 

polarimetric (and multi-incidence angle) SAR data have not been examined for their 

utility in estimating surface moisture in the High Arctic. 

Surface roughness, while important in its own right for applications such as 

erosion prediction and surface runoff mapping, is also an important consideration when 

attempting to model soil moisture from SAR data. Roughness is used as an input to the 

commonly used Integral Equation Model (IEM) (Fung et al., 1992) for soil moisture 

inversion, and can be included as a parameter in other inversion models (for example, 

empirical models, or artificial neural networks) of soil moisture. A model that focuses 

strictly on surface roughness, and can be used in natural environments, is a good 

complement to other models, whether they be empirical or theoretical, that are then 

used to determine soil moisture. Much work has been done in this regard, i.e., applying 

surface roughness characteristics to parameterize models such as IEM so that soil 

moisture can be accurately inverted (Tansey and Millington, 2001; Baghdadi et al., 2004; 

Alvarez-Mozos et al., 2006; Bryant et al., 2007; Vernieuwe et al., 2011). Due to the 

coherent measurement process of SAR sensors, SAR backscatter is very sensitive to soil 

surface roughness (Ulaby et al. 1978). Therefore, if adequate surface roughness estimates 

are not available, soil moisture modeling from SAR backscatter will be prone to error 

(Tansey and Millington, 2001; Baghdadi et al., 2006; Alvarez-Mozos et al., 2006; Thoma 

et al., 2006; Verhoest et al., 2008; Lievens et al., 2009). 
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In many studies, surface roughness is parameterized for inclusion in semi-

empirical or theoretical models, most commonly the IEM, which are then typically 

validated in agricultural environments. As a result, these models are prone to error in 

non-agricultural landscapes that are characterized by greater heterogeneity (Davidson et 

al., 2000; Zribi and Dechambre, 2002; Baghdadi et al., 2004, 2006; Thoma et al., 2006; 

Verhoest et al., 2008), either because the models do not correctly characterize the 

roughness of natural areas, or because many of their assumptions and validity ranges 

for particular parameters are violated. Small inaccuracies in roughness parameterization 

can lead to large errors in soil moisture estimation (Tansey & Millington 2001; Alvarez-

Mozos et al. 2006).   

Artificial Neural Networks (ANNs), on the other hand, show great promise in 

both simplifying the procedure of modeling surface roughness and increasing the 

accuracy of the results. When used with real measured data (rather than simulated 

data), ANNs are capable of modeling surface roughness more accurately than many 

theoretical or empirical models (Sahebi et al. 2004), and are also capable of accurately 

modeling soil moisture (Said et al., 2008). They have the capacity to ‘learn’ complex, 

nonlinear patterns, and generalize these patterns in noisy environments. This capacity to 

generalize means that ANNs can be effective in situations where data may be missing or 

imprecise. ANNs are also able to incorporate prior knowledge and physical constraints 

into the analysis, while making no assumptions about the statistical nature of the input 

data (Del Frate and Wang, 2001; Mas and Flores, 2008). This allows for the incorporation 

of disparate data from many remote sensing and ancillary sources, and can include 
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variables such as terrain height, slope, aspect, soil texture and land cover. ANNs 

perform well at generalizing (or extending) results for application to a new area 

compared to a strictly empirical model, and do not have the same parameterization 

problems and assumption difficulties as physical models (Mas and Flores, 2008). 

For the research reported here, an ANN is developed to model surface roughness 

for sites in the High Arctic, with the goal of eliminating the need for field measurements 

and moving towards an operational methodology for determining surface roughness, 

vegetation cover, and soil moisture using SAR data. Multiple incidence angle data and 

fully polarimetric data from RADARSAT-2 are examined in this context to determine the 

sensor configuration characteristics and SAR data variables that are necessary for 

accurately modeling surface roughness with ANN models in the High Arctic.    

2.2 Materials and Methods 

2.2.1 Study location and site description  

 

The majority of the field work for this study was undertaken at the Cape Bounty 

Arctic Watershed Observatory (CBAWO), located on the southern coast of Melville 

Island, Nunavut, Canada (approximately 74.91º N, 109.44º W) (Figure 2.1) in the 

summer months of 2009 and 2010.  The Cape Bounty study site was used to develop the 

ANN models. This site is composed of two parallel watersheds covering approximately 

15 km2. The area is characterized by rolling topography of low to medium relief, with 

elevation varying between 5 m and 125 m above sea level. Glaciations have deposited 

various tills in the study region, including Bolduc, Dundas, and Winter Harbour tills 
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(Hodgson and Vincent, 1984). Winter Harbour till is a thin (1 – 2 m) carbonate rich till 

that contains many mafic and crystalline rock fragments, and is draped over the other 

layers (Hodgson and Vincent, 1984). Holocene era fine-grained marine sediments are 

also present, and are located between about 35 m and 90 m above sea level (Hodgson 

and Vincent, 1984; Lajeunesse and Hanson, 2008). These sediments are underlain by the 

Franklinian mobile belt, composed of Paleozoic sandstone, siltstone, and shale 

(Lajeunesse and Hanson, 2008). Vegetation in the area is extremely limited, and rarely 

exceeds a few centimeters in height. Greater vegetation biomass is found in sedge and 

heath communities, while polar desert areas can be completely barren (Figure 2.2). Large 

areas of exposed, fractured bedrock are also present, and the entire area is underlain by 

permafrost, with an active layer of 0.5 – 1.0 m during the summer.  

Additional field work was conducted in July of 2011 at the Cape Collingwood 

site on the Sabine Peninsula, located on northern Melville Island (approximately 76.530 

N, 108.830 W) (Figure 2.1). Sample locations from this more northerly study area are 

representative of three different underlying bedrock types, all of which are different 

from the Cape Bounty area (Figure 2.1). The Kanguk formation consists of a shale 

bedrock, with surface materials of poorly sorted clay-silt, mixed with a sand and gravel 

till; the Hassel formation has a sandstone bedrock, with surface materials consisting of 

sand and silty sand; the Christopher formation is a shale bedrock with a very fine, 

poorly drained silty clay surficial material (Barnett et al., 1975). These different surfaces 

were used to test the robustness of the models to determine their applicability to other 
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areas of the High Arctic. The topography of the area is characterized by low to moderate 

relief, with vegetation similar to Cape Bounty and other High Arctic locations. 

 

2.2.2 Field Methods 

A digital elevation model (DEM) for the Cape Bounty study area was derived 

from a high spatial resolution (0.5 m) GeoEye stereo-pair collected in August 2009. 

Stratified random sampling across different elevation (<30 m, 30-90 m, >90 m) and 

vegetation (polar desert, mesic heath, and wet sedge; Figure 2.2) classes was used to 

determine the locations of the 119 Cape Bounty sample locations measured for surface 

Figure 2.1: Study plot locations (yellow dots) at the two study locations on Melville Island, 

Nunavut. 
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roughness. Similar methods were used at the 19 Cape Collingwood locations, with the 

DEM being generated for that site from a 2011 Worldview-2 panchromatic stereo-pair 

(0.5 m resolution). Vegetation was not present in sufficient quantities in any class to 

significantly affect roughness measurements. Surface roughness is generally measured 

using three different parameters: (i) root mean square height  (hRMS), which is a measure 

(in cm) of the vertical variation of roughness; (ii) correlation length (LC), which is 

defined as the horizontal displacement (in cm) for which the autocorrelation function 

equals 1/e, and is essentially a measure of the horizontal variation in roughness; and (iii) 

autocorrelation function, generally a Gaussian or exponential function, that defines the 

terms by which the correlation length is determined. Points separated by a distance of at 

least LC have statistically independent heights. In addition to measures of hRMS and LC, 

the roughness parameters were also transformed into a single parameter, ZS. First 

introduced by Zribi & Dechambre (2002), ZS allows surface roughness to be represented 

by a single variable, and is defined as h2RMS/LC. ZS puts more emphasis on the hRMS 

values, as LC is notoriously difficult to measure accurately, and can vary widely within a 

small area. ZS is included in addition to the separate measures of hRMS and LC because 

using a single variable that represents both measures could simplify the modeling 

process, without the loss of information. 
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Figure 2.2: Major vegetation classes in study areas: polar desert (A), representing little to 

no biomass; mesic heath (B), with a moderate level of biomass; and sedge (C) communities, 

with the largest level of biomass. 
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Surface roughness values were measured in the field using a 0.92 m pin meter 

along 5.5 m transects in two orthogonal directions relative to the SAR satellite look 

direction (i.e., parallel and perpendicular) for each plot. Pin meter measurements were 

transformed into hRMS and LC measurements using a semi-automated MATLAB script 

(QuiP) developed by Trudel et al. (2010). Furthermore, hRMS and LC were calculated at 

two different profile lengths; one at the original 5.5 m transect length (a merge of six 

consecutive profiles), and the second at 0.92 m (the length of the pin meter). These 

different profile lengths were used to determine if longer profiles were necessary to 

characterize SAR-perceived roughness in this environment, as there is little agreement in 

the literature defining appropriate profile lengths (Verhoest et al. 2008; Lievens et al. 

2009).  

Soil moisture was also collected at each plot within four hours of the satellite 

overpass using a Time Domain Reflectometry (TDR) system (MoisturePoint MP-917 

from Environmental Sensors, Inc.); the measurement was integrated over the first five 

cm of soil depth, to match the approximate maximum penetration depth of the C-band 

RADARSAT-2 data. A qualitative estimate of vegetation cover was also recorded. These 

measurements were used in subsequent phases of this research to model vegetation and 

soil moisture using SAR. 

 

2.2.3 Object-Based Image Analysis (OBIA) Methods 

The models were built using object-based image analysis (OBIA), which involves 

pixels being grouped into objects based on the homogeneity of their spatial or spectral 
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characteristics (termed segmentation). OBIA has a number of advantages over pixel-

based methods, including reduced dependency on noise-filtering algorithms (especially 

with SAR data), and the objects being representative of natural surface properties. OBIA 

is recognized as a very effective tool for analyzing geo-spatial and remotely-sensed data 

(Blaschke, 2010). With this method, different spatial scales can be investigated by 

changing the sizes of the image objects. The software used to perform the image 

segmentation and create the image objects was eCognition® Developer 8.64. 

Image objects were generated from high resolution optical imagery: 0.5 m pan-

sharpened Geoeye-1 imagery for the Cape Bounty study site, and 0.5m pan-sharpened 

Worldview-2 imagery for the Cape Collingwood study site. In both cases, near-infrared, 

red, and green bands were used for the homogeneity criteria in order for the objects to 

be physically meaningful in an ecological sense on the ground. Small and large image 

objects were generated; small objects for both locations ranged between approximately 

50 and 6000 m2, while the larger objects range from approximately 50 to 35000 m2 in size. 

These object sizes could have implications for the SAR spatial resolution requirements 

for surface roughness and soil moisture modeling. 

2.2.4 SAR Methods 

The problems with using single configuration SAR imagery (single frequency, 

incidence angle, and polarization) to determine surface roughness have been well 

documented (Verhoest et al. 2008). Some success has been observed under very specific 

environmental conditions (Sano et al., 1998), but the results in general have been poor. 
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To date, there has been less reported on the application of fully polarized or multi-

incidence angle SAR data, though these methods show promise (Mattia et al., 1997;  

Sahebi et al., 2002; Hajnsek et al., 2003; Rahman et al., 2008; Jagdhuber et al., 2009). 

Collecting SAR data from multiple incidence angles takes advantage of the 

properties of radar scattering; the amount of backscatter changes based on the incidence 

angle for a constant surface roughness (Ulaby et al. 1978). This difference can be used to 

quantify the surface roughness independent of the soil moisture (Zribi et al. 2005; 

Srivastava et al. 2009), as long as soil moisture remains constant between the SAR 

acquisitions. Similarly, SAR data from different polarizations can react differently to a 

constant roughness value, which can be used to differentiate various surface roughness 

values (Sahebi et al. 2002; Srivastava et al. 2008). RADARSAT-2, with its fully 

polarimetric beam modes and capability for data collection at multiple incidence angles, 

was used for this study to take advantage of these multi-angular and polarimetric 

capabilities.   

High resolution fully polarimetric and HH polarized SAR data were collected at 

various incidence angles over the study areas during the summers of 2009 - 2011 (Table 

2.1). The Ultra-Fine (U) data were used to investigate multi-angular approaches, while 

the Fine-Quad (FQ) fully polarimetric data were selected to investigate polarimetric 

approaches to modeling surface roughness. Although additional SAR scenes were 

collected, those presented in Table 2.1 were identified as being relatively snow-free and 

uncompromised by active precipitation or very wet post-precipitation conditions. There 

was snow in some plots until mid-June 2009, so acquisitions prior to that were 
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discarded. A meteorological station in the Cape Bounty study area gave precipitation 

information which was used, along with in situ weather observations, to determine 

when precipitation was occurring. The TDR-based soil moisture measurements were 

obtained during many of the overpasses, and the data were used to determine average 

moisture differences between scenes collected on different dates. The scenes that were 

finally selected were based on the results of the variable selection methods (2.2.5); i.e., 

when more than one scene was available with the same variables, the one that was most 

correlated to field measured roughness was chosen. The 2010 and 2011 scenes were 

selected to match as closely as possible the conditions and incidence angles of the 2009 

data that were incorporated into the models.  

Table 2.1: RADARSAT-2 data used in the analysis. 2009 scenes were selected to be as snow-

free as possible, and not during or after a precipitation event. 2010 and 2011 scenes were 

selected to match as closely as possible the 2009 scene acquisition parameters. 

RADARSAT-2  

beam mode 

Avg. 

incidence 

angle (º) 

Polarization Spatial 

Resolution 

Acquisition 

Date 

U 19 44.1 HH 3 m 17/06/2009 

FQ 3 21.9 HH/VV/VH/HV 8 m 06/07/2009 

FQ 5 24.4 HH/VV/VH/HV 8 m 23/07/2009 

U 2 31.4 HH 3 m 12/08/2009 

U 79 29.6 HH 3 m 27/06/2010 

  FQ 5a 24.4 HH/VV/VH/HV 8 m 13/07/2010 

U 21 45.4 HH 3 m 23/07/2010 

FQ 2 20.9 HH/VV/VH/HV 8 m 25/08/2010 

U 71 21.7 HH 3 m 13/05/2011 

U 13 40.0 HH 3 m 12/07/2011 

FQ 3 21.9 HH/VV/VH/HV 8 m 24/07/2011 

FQ 4 23.1 HH/VV/VH/HV 8 m 10/08/2011 
apass was descending, all others were ascending 
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The Ultra-Fine mode data were orthorectified before further analysis, while the 

FQ data were analyzed in slant range to preserve polarimetric information, and were 

only orthorectified to extract the plot data for each variable after they were calculated for 

the scene. Corner reflectors spaced around the study locations (nine at Cape Bounty, five 

at Cape Collingwood) were used to assist with geometric correction. Speckle filtering 

was not done explicitly, but was handled through image-object averaging. 

2.2.5 Roughness Modeling 

A variety of difference variables, texture variables, and, in the case of the FQ 

data, polarimetric variables, were derived and extracted from the SAR data (Table 2.2), 

corresponding to the image objects that contained the field-measured roughness 

locations. The texture variables were calculated on a per-pixel basis using an 11x11 pixel 

window (the minimum recommended size for single look complex (SLC) data according 

to the PCI Geomatics software algorithm documentation) for each RADARSAT-2 scene, 

before being averaged for each image object. Other variables are simple means of the 

pixel values for each image object. The texture measures for the U and FQ scenes were 

calculated using the σ° HH backscatter intensity.  

Variables that were not linearly correlated (Pearson |r| < ~0.3) with roughness 

measures were removed from further analysis. Visual analysis of scatter plots helped to 

reveal possible non-linear correlations that the Pearson correlation would not identify. 

Variables that were highly correlated (Spearman |ρ| > ~0.7) with other remaining 

variables were also removed, as multicollinearity can be problematic in the calibration of 
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ANNs. When a variable was found to be correlated to roughness, that variable was 

examined for each overpass date in 2009 and 2010 with a similar incidence angle, 

excluding scenes that were collected during or shortly after precipitation events 

(saturated conditions). If the variable was similarly correlated to roughness at multiple 

dates, then there was a high likelihood that the variable contained information about the 

surface roughness, rather than simply being randomly correlated for one particular date.  

A series of ANN models were then implemented to model the relationships 

between the remaining variables (Table 2.3) and the in situ field data for the different 

measurements of roughness (long and short profiles of hRMS and ZS). ANN models were 

developed for three different sets of input variables: one set of variables was derived 

Table 2.2: Variables generated from SAR data.  Variables in italics are additional variables 

applicable only to the fully polarimetric FQ data. 

Variable Description 

Homogeneity a A measure of local homogeneity 

Contrast a A measure of local variation 

Correlation a A measure of the linear dependency of grey levels of neighboring pixels 

Mean a Arithmetic mean of all pixel values 

SD a Standard Deviation of pixel values 

VI/VA/VL/U b A normalized log measure of texture 

HH    intensity of the UF HH polarization 

Entropy c Amount of mixing between 3 scattering mechanisms 

Anisotropy c Amount of mixing between 2nd and 3rd scattering mechanisms 

Alpha Angle c Characterizes the scattering mechanism 

Beta Angle c Characterizes the dominant polarization 

Intensity Ratio Ratio of intensities between HH/VV polarizations 

Pedestal Height Minimum value of the co-polarization response 

Phase Difference Phase angle difference between HH/VV polarizations 

HH/VV/HV/VH    intensity of the various available polarizations 
a(Haralick et al., 1973),  b (Oliver and Quegan, 1998),  c Determined from the Cloude-Pottier 

decomposition (Cloude & Pottier 1997) 
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entirely from the multi-angular (MA) data, another from the fully polarimetric data 

(POL) and the last was a combination of the variables used in the multi-angular and  

polarimetric models (MAPOL) (Figure 2.3). 

 

ANN accuracy is driven by the generalization capabilities of the network. The 

network has to be designed in such a way that the problem is represented correctly, 

without the representation being so accurate that generalization to new data is 

restricted. Networks are considered “under-fit” when they cannot identify any patterns 

in the training data, which leads to a low accuracy. An “over-fit” network is one which 

is too specific to the training data, leading to high accuracies for the training data, but 

low accuracies for independent test data or data outside the range of the training data.  

Over-fitting is the more serious problem, as it can be difficult to detect (Kavzoglu and 

Mather, 2003). Over-fitting can be mitigated by using only a certain fraction of the data 

for model training, and using another fraction to make sure that the model is 

representing the trends in the data, and not individual data points (cross-validation) 

(Mas and Flores, 2008).   

Table 2.3: Variables used to develop the initial ANNs (all from 2009).  The MAPOL 

model is simply a union of the MA and POL models, so it includes all of the variables 

from both models. 

MA POL MAPOL 

Mean: U2 Aug.13 HV: FQ3, July 6 Mean: U2 Aug.13 

Mean: U19 June 18 Intensity ratio: FQ3, July 6 Mean: U19 June 18 

 Anisotropy: FQ3, July 6 HV: FQ3, July 6 

 Pedestal: FQ3, July 6 Intensity ratio: FQ3, July 6 

 Phase diff.: FQ5, July 23 Anisotropy: FQ3, July 6 

  Pedestal: FQ3, July 6 

  Phase diff.: FQ5, July 23 
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To avoid under- or over-fitting the models, the 119 sample locations from Cape 

Bounty (2009 data) were randomly partitioned into three sets for the ANN development: 

70% of the data were used for training, 15% for validation, and 15% were retained for 

independent testing. Validation data are used as a guide on the accuracy and  

Figure 2.3: Methodological flowchart showing derivation of the ANN models by different 

methods. 

UF RS-2 Data FQ RS-2 Data

Plot level hRMS , LC, and 
ZS; short and long 

profiles

Roughness profile 
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Multicollinearity tests to remove highly correlated parameters

MA models MA+POL models POL models

ANN Testing

GeoEye-1 / Worldview-2 
Data

Image Object generation

Estimation of object scale 
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Collingwood 
parameters
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generalization capability of the model when fitting it to the training data. The results of 

the ANNs, developed using the training and validation data, were applied in a linear 

regression with the 2009 test data, the full set of 2010 data, and the 2011 Cape 

Collingwood data to determine the generalization capabilities of the models. The neural 

network implementation of the MATLAB® software package was used in the 

development of the ANN; it is a two-layer feed-forward network with sigmoid-function 

hidden neurons and linear-function output neurons, trained with the Levenberg-

Marquardt back-propagation algorithm (Hagan and Menhaj, 1994). 

Models were developed under each of the three input scenarios (MA, POL, 

MAPOL) for each of four surface roughness measures: short profile (0.92 m) S_hRMS and 

S_ZS measures; and long profile (5.5 m) hRMS and ZS measures. The best model was then 

chosen by selecting the most accurate input / roughness measure combination. For a 

comparison, a linear least-squares model (LSM) was also examined, using the same 

inputs as the best ANN model. After comparing the results of the models, the most 

accurate model was applied to the entire study area extents, bounded by limits on the 

local incidence angle due to variations in the RADARSAT-2 beam modes that were 

collected.  

2.3 Results and Discussion 

2.3.1 Variable selection 

The polarimetric variables that were found to be significant in terms of their 

direct relationship to surface roughness are presented in Table 2.4. In addition to their 
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quantitative relationships, the variables selected also make sense intuitively, due to the 

relationship between polarization and roughness (Ulaby et al. 1978; Hong 2010). The HV 

polarization indicates that the incident radar wave is depolarized by the interacting 

medium (bare soil) due to roughness and/or subsurface interaction. At steep incident 

angles (our FQ dataset), the intensity ratio (HH/VV) is usually independent of 

roughness and mainly a function of surface moisture, except for very rough surfaces. 

Anisotropy, which is determined by the difference of the secondary scattering 

mechanisms of the Cloude-Pottier decomposition, has been shown to be closely related 

to the circular polarization coherence (Hajnsek & Cloude 2005), which is thought to be 

independent of the dielectric properties of the surface (i.e., soil moisture) (Mattia et al., 

1997;  Hajnsek et al., 2003), and is closely related to surface roughness (Mattia et al. 

1997). The pedestal height indicates the degree of de-polarization within the image by 

calculating the minimum value of the co-polarization response, or the amount of 

backscatter that was received in the same polarization that it was transmitted; this is  

Table 2.4: 2009 model inputs and the corresponding inputs for the 2010 and 2011 test 

data. 

2009 model inputs 2010 model inputs 2011 model inputs 

U2_Aug13_Mean U79_Jun28_Mean U71_May13_Mean 

U19_Jun18_Mean U21_Jul24_Mean U13_Jul13_Mean 

FQ3_Jul06_HV FQ2_Aug25_HV FQ3_Jul24_HV 

FQ3_Jul06_Int. Ratio FQ2_Aug25_Int. Ratio FQ3_Jul24_Int. Ratio 

FQ3_Jul06_Anisotropy FQ2_Aug25_Anisotropy FQ3_Jul24_Anisotropy 

FQ3_Jul06_Pedestal FQ2_Aug25_Pedestal FQ3_Jul24_Pedestal 

FQ5_Jul23_Phase_diff FQ5_Jul13_Phase_diffa FQ4_Aug10 _Phase_diff 
adescending pass   
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similar to what the HV and the intensity ratio are representing. The phase differences 

between HH and VV polarizations have also been demonstrated to be useful in showing 

the degree of surface roughness (Oh et al., 1994). 

2.3.2 Surface measurements 

Comparing the surface roughness profile lengths, the S_hRMS values are, on 

average, smaller than the hRMS values, due to the nature of the variation of this parameter 

as the profile length changes (Verhoest et al. 2008). Average S_ZS values are also slightly 

smaller than ZS values (0.16 and 0.17, respectively), as both hRMS and LC have been shown 

to increase asymptotically towards a more stable value with increasing profile length 

(Lievens et al., 2009). This data agrees with that theory; the average hRMS value for all of 

the plots (both study locations) was 2.14 cm, while the average S_hRMS was 1.56 cm, more 

than 0.5 cm lower. Similarly, the average LC value was 41.7cm, while the average S_ LC 

value was just over half as large, at 22.8 cm. However, the effects of these differences on 

the ZS roughness measures are minimal, as the higher value of the hRMS is offset by the 

higher LC value. Longer profiles lead to larger, and presumably more accurate 

roughness measures, which was the case for the ZS measure (Table 2.5); the shorter 

S_hRMS measure, however, was slightly more accurate than the longer hRMS profiles,  

possibly due to averaging a larger number of data points (12 for each plot, versus two 

for each plot using the longer profiles). The longer profile Zs data were more 

consistently and accurately modeled than the shorter profile S_Zs data, likely due to the 
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inclusion of correlation length in the Zs metric in addition to the height error. In the 

pursuit of more accurate characterizations of surface roughness, transects longer than  

6m, as recommended by some studies (e.g., Oh & Kay 1998), or large repeat datasets 

with 20 or more transects per plot (Bryant et al., 2007) are simply not practical or 

logistically feasible for an extended ground campaign using currently available 

equipment.  

2.3.3 Modeling 

The long profile Zs measure gave the most consistently accurate initial results 

with the 2009 data, and as a result was chosen for further testing using the 2010 and 2011 

data. The differences in the models appear to be minimal (Table 2.5) when the 2009 data 

Table 2.5: Comparison between roughness measures using models created from the 2009 data 

(small image objects) and their relationships to field-measured surface roughness.  Normalized 

root mean square error (N_RMSE) was used to directly compare results between roughness 

measures. 

  MA POL MAPOL LSM 

    N_RMSE  R2 N_RMSE  R2 N_RMSE  R2 N_RMSE  R2 

S_Zs train 16.9% 0.40 16.1% 0.45 14.9% 0.55 - - 

  validate 17.2% 0.41 16.4% 0.33 12.0% 0.49 - - 

  test 15.6% 0.38 15.5% 0.43 16.7% 0.60 - - 

Zs train 13.1% 0.37 13.3% 0.44 11.5% 0.52 14.5% 0.51 

  validate 14.4% 0.47 13.7% 0.72 13.4% 0.51 n/a n/a 

  test 12.7% 0.48 9.7% 0.52 12.1% 0.50 20.0% 0.09 

S_RMS train 15.8% 0.39 15.0% 0.45 14.6% 0.50 - - 

  validate 15.3% 0.42 14.8% 0.56 14.1% 0.44 - - 

  test 13.7% 0.43 12.7% 0.42 14.8% 0.45 - - 

RMS train 14.8% 0.39 14.8% 0.40 15.2% 0.47 - - 

  validate 17.0% 0.44 17.9% 0.46 16.9% 0.54 - - 

  test 18.9% 0.38 18.1% 0.47 16.9% 0.28 - - 
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from Cape Bounty is examined in isolation. However, when the test data from 2010 and 

2011 (2011 data is from Cape Collingwood, so the data are completely independent) are 

examined (Table 2.6), the MAPOL models are the most accurate, with normalized root 

mean square error (N_RMSE) values of approximately 14% for both the small and large 

object 2010 data, and 22% and 32%, respectively, for the small and large object 2011 data. 

The MA model has a lower N_RMSE for the large object 2011 data (26%) than the 

MAPOL model, but is less accurate in all other cases.  

Table 2.6: Results of the application of the 2009 model to 

the 2010 and 2011 data.  

 

2010 and 2011 data, using both small and large image 

objects. 

Zs RMSE N_RMSE R2 

MA 2010 (small) 0.064 15.2% 0.26 
POL 2010 (small) 0.065 15.5% 0.24 

LSM 2010 (small) 0.057 13.6% 0.41 

MAPOL 2010 (small) 0.058 13.9% 0.39 

MA 2010 (large) 0.063 14.9% 0.30 
POL 2010 (large) 0.066 15.8% 0.22 

LSM 2010 (large) 0.060 14.3% 0.36 

MAPOL 2010 (large) 0.059 14.1% 0.37 

MA 2011 (small) 0.066 25.0% 0.57 
POL 2011 (small) 0.097 36.7% 0.06 

LSM 2011 (small) 0.099 37.4% 0.03 

MAPOL 2011 (small) 0.058 22.1% 0.66 

MA 2011 (large) 0.069 26.0% 0.53 
POL 2011 (large) 0.087 32.8% 0.26 

LSM 2011 (large) 0.098 36.9% 0.06 

MAPOL 2011 (large) 0.084 31.8% 0.30 

 

When comparing absolute values, the model results for the 2010 and 2011 data 

are significantly different (p <0.05) than the ground measured results, with the models 

underestimating the Zs value in most cases (i.e., the greater the measured roughness, the 

more it is underestimated by the models). However, the linear relationships (Table 2.6) 
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are quite good, so it is possible to apply the model to different areas, or to apply it with 

(slightly) different acquisition parameters, as long as the linear output equation is 

adjusted, whether through ground data or some other source. All four models (MA, 

POL, LSM, and MAPOL) similarly underestimate Zs for the Cape Collingwood study 

site, so it would seem that this is a function of the physical characteristics of the location, 

and not the large difference in UF beam mode incidence angle for the first variable.  

There is also a bias in the data towards smaller roughness values in general, with 

smaller values being more accurately modeled; very large roughness values were not 

well represented in the dataset (Figure 2.4). Differences in soil moisture between the 

scenes from different years could also cause some of this variability, and could be a 

reason for the shift in slope of the linear relationship between the ANN output and the 

ground measured roughness. For example, the U19_Jun18_Mean variable and the 

matching (for the 2010 model) U21_Jul24_2010_Mean variable (see Table 2.4) had 

corresponding field-measured moisture values on June 18, 2009 and July 24, 2010, of 

48% and 42% volumetric soil moisture, respectively. The matching 2011 variable, 

U13_Jul13_2011_N_Mean, had corresponding field-measured average volumetric soil 

moisture for July 13, 2011, of 37%. They are all within 10% soil moisture content of each 

other. However, for at least one variable for which moisture information was available  

(phase difference, see Table 2.4), the average soil moisture values were significantly (p < 

0.05) different between 2009 and 2010, with an average volumetric moisture content of 

69% for the July 23, 2009 scene and 44% for the July 13, 2010 scene; this could cause some 

of the differences that are seen in the POL and MAPOL models. Moisture information 



 

82 

 

was not available for the first input variable listed in Table 2.4, however, so the MA 

model may also be affected by moisture differences.    

 

 

The models give more accurate results when applied to smaller object sizes, but 

the differences in the models between large and small objects are small (Table 2.6) for 

Figure 2.4: Training, validation, and test results for the MAPOL Zs ANN, small image 

objects. 
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the 2010 data.  When applied to the Cape Collingwood data (2011), the model error 

(N_RMSE) is approximately twice that of the Cape Bounty results, though the R2 values 

are similar. This is likely due to the Cape Collingwood study area having a smaller (by 

an order of magnitude) number of sample locations. Of course, there is also error 

inherent in applying a semi-empirical model to a different location that has a range of 

physical characteristics that are different from the location where the model was 

developed.  

The MAPOL model (Figure 2.4, Figure 2.5) was chosen as the most consistent 

and accurate model, with small object R2 values of 0.39 and 0.66 for the 2010 and 2011 

data, respectively, with corresponding N_RMSE values of 13.9% and 22.1%. The 

MAPOL model was therefore used to generate surface roughness across the entirety of 

both study areas.   

2.3.4 Output maps 

When the MAPOL ANN model is applied to all objects in the two study areas, 

output maps of the radar-derived roughness are produced. Objects that fall outside the 

valid range of local incidence angle for a given variable are excluded; the valid range is 

calculated as the range present in the objects used to create the model, extended three 

degrees on each side to take into account the averaging of the local incidence angle 

across the objects. Objects with ZS values of less than zero were also excluded. Objects 

with values of ZS higher than those used in the models were not excluded; while some of 

these objects may be artificially high, it is useful to see where these potentially very high  
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roughness objects (ZS > 0.4) are located. A comparison of the different object spatial 

scales for the 2009 model results at Cape Bounty (Figure 2.6) shows that some small 

objects determined to be high roughness in the smaller object scale disappear at the 

larger object scale, either because the average for the larger object is much lower in 

reality, or due to errors in the model results for the smaller objects. The larger scale 

objects obviously do not capture the same spatial precision of roughness across the 

Figure 2.5: Linear output of MAPOL ZS ANN results for: a) 2010 data; and b) 2011 

data, for small image objects. 
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watersheds, but the same patterns are evident, and the larger scales may be all that is 

needed for certain applications, such as coarse-scale hydrological model assimilation or 

SAR-based soil moisture modeling. 

 

 

The output maps for the 2011 data at Cape Collingwood cover a slightly smaller 

area than the 2009/2010 Cape Bounty maps. The Cape Collingwood surface roughness 

maps (Figure 2.7, Figure 2.8) show a greater range of modeled surface roughness values. 

In addition to the quantitative model validation for this area (Table 2.6), qualitative 

“boots-on-the ground” knowledge from the authors attests to the general accuracy of 

these output maps in areas not represented by a study plot and directly measured in the 

field. 

Figure 2.6: A comparison of small scale (left) and large scale (right) image objects with the 

modeled Zs surface roughness values applied. 
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2.4 Conclusions 

 In this paper, RADARSAT-2 multi-angular and polarimetric data, along with 

ground observations of surface roughness and other variables, were used to model 

surface roughness at two study sites in the Canadian High Arctic. Surface roughness 

was modeled using ANNs, with inputs consisting of a variety of variables derived from 

the SAR data.  Inputs from MA, POL, and MAPOL SAR configurations were used to 

determine potential operational requirements for surface roughness modeling in this 

environment. 

Figure 2.7: Modeled surface roughness for the northern subset of the Cape Collingwood 

study area. 
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With the available data, a combination of both multi-angular and polarimetric 

data (MAPOL model) appears optimal for characterizing surface roughness across 

different areas and at different spatial scales. The MA model also shows strong 

relationships, and may be sufficient to model surface roughness when overall accuracy 

is less of a concern than minimizing SAR data collection. Both the MA and MAPOL 

models performed better than a standard linear model when using the same input 

variables. The POL model was also better than the linear model in some situations.  In 

fact, all models (with the exception of the linear LSM) did well with the 2009 and 2010 

Cape Bounty data, achieving N_RMSE values between 10 and 15 percent, which is 

sufficient for the goals of the research, and can help increase the accuracy of future SAR 

soil moisture estimations. However, only the MA and MAPOL models seemed to 

transfer well to the 2011 Cape Collingwood study site data.    

The ANN models exhibited a moderate to strong agreement to field-measured 

surface roughness.  The results of these models would allow for surface roughness input 

into various hydrologic and soil moisture models, increasing the accuracy of these 

models beyond what they would be capable of in the absence of surface roughness 

input.  Natural environments are very different from the highly controlled agricultural 

settings that are normally studied in this context. This study demonstrates that spatially-

explicit surface roughness modeling in the High Arctic is feasible with RADARSAT-2 

data.  Measurement of surface roughness in the field may be the largest stumbling block 

to modeling surface roughness with SAR data. This makes it all the more important to 
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explore an operational methodology that can model surface roughness directly from 

SAR data, and not rely on field measurements of roughness.  

 

The beam modes used in this research, the Fine-Quad and the Ultra-Fine, are 

considered high spatial resolution for a SAR sensor, at approximately 8m and 3m pixel 

sizes, respectively. The image object scales that were found to be significant are 

represented by objects that are considerably larger than these pixel sizes. While this 

means that speckle filtering is less of an issue, it is also a promising avenue of future 

Figure 2.8: Modeled surface roughness for the southern subset of the Cape Collingwood 

study area.  Mapped results correlate well to both field measured quantitative roughness 

measures (A and B) and qualitative assessments. 
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research in terms of determining whether coarser spatial resolution beam modes, such 

as ScanSAR or Wide Fine, would give similar results. These coarser spatial resolution 

beam modes would be useful for mapping or monitoring purposes across much larger 

areas.   
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Chapter 3 

Detection and Estimation of High Arctic Phytomass Using 

Synthetic Aperture Radar 

 

Abstract 

 Vegetation cover in the Arctic is often sparse, spatially heterogeneous, and 

difficult to model. Optical remote sensing is commonly used for vegetation mapping, 

but obtaining cloud-free images during peak growth / photosynthesis in the Arctic can 

be difficult. Synthetic Aperture Radar (SAR) has shown some promise in above-ground 

phytomass estimation at sub-arctic latitudes, but the utility of this type of data is not 

known in the context of the unique environments of the Canadian High Arctic. Artificial 

Neural Networks (ANNs) were created to model the relationship between variables 

derived from SAR data and optically-derived Soil Adjusted Vegetation Index (SAVI) 

values. The modeled SAVI values (i.e., from SAR variables) were then used to create 

maps of above-ground phytomass across the study area. 

 Model results for individual ecological classes of polar semi-desert, mesic heath, 

wet sedge, and felsenmeer were significant (p < 0.05), with R2 values of 0.43, 0.43, 0.30, 

and 0.59, respectively, with corresponding normalized root mean square errors 

(N_RMSE) of 8%, 12%, 11%, and 11%. When the outputs of these models were combined 

to analyze the relationship between the model output and SAVI as a group, the R2 value 

was 0.60, with an 8% N_RMSE. This grouping of individual ecological class ANN 

models outperformed a single model that was not divided by ecological class (R2 = 0.49, 
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N_RMSE = 9%). The models were applied at a coarser spatial scale, again with good 

results (R2 = 0.72, N_RMSE = 6%), showing the potential of the models to be applied at 

multiple spatial scales without sacrificing accuracy. The above-ground phytomass 

model also resulted in a very strong relationship (R2 = 0.87, N_RMSE = 11%). These 

relationships demonstrate the utility of SAR data, compared to using optical data alone, 

for modeling above-ground phytomass in a high arctic environment possessing 

relatively low levels of vegetation. 

3.1 Introduction 

 Knowledge of the spatial distribution of vegetation cover and phytomass in the 

High Arctic is becoming increasingly important due to the changing climate of this 

region. Vegetation cover is very limited in arctic environments, especially in the High 

Arctic bioclimatic zones (Raynolds et al., 2006; Walker et al., 2012). The limited 

vegetation that is present, however, can have significant effects on the terrestrial carbon 

balance (Boelman et al., 2003; Shaver et al., 2007) and methane fluxes (Torn and Chapin, 

1993). Further, knowledge of vegetation density is important for monitoring forage 

quality and quantity for ungulates such as Peary Caribou (listed as Endangered under 

the Canadian Species At Risk Act) and muskoxen (Parker and Ross, 1975; Abuelgasim 

and Leblanc, 2011).  

  In addition to the obvious limitations of air and soil temperature, there are a 

number of factors that serve as controls on vegetation growth in the high arctic, 

including soil moisture (Laidler et al., 2008; Atkinson and Treitz, 2013), available 
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nutrients (Shaver and Chapin, 1980; van Wijk et al., 2005), topography (Billings, 1973; 

Evans et al., 1989), microtopography (Billings, 1973; Laidler et al., 2008; Walker et al., 

2011), and soil type (Walker et al., 2011). The variation and distribution of these different 

environmental controls results in a very heterogeneous vegetation cover, with very 

different vegetation types sometimes in close proximity to one other. Remote sensing is 

therefore the best tool available to accurately map the spatial distribution of  above-

ground phytomass at the fine scales necessary to distinguish between these vegetation 

community types, which is crucial for accurate carbon budgets and phytomass 

estimation at the local scale (Sitch et al., 2007), and also for accurately scaling up these 

variables to larger regional scales (Williams et al., 2008; Loranty et al., 2011). Vegetation 

cover can also complicate the retrieval of other important biophysical parameters, such 

as soil moisture, when using Synthetic Aperture Radar (SAR) (Bindlish and Barros, 2001; 

Barrett et al., 2009); however, if vegetation cover is known, soil moisture retrieval 

accuracy can be increased (Bindlish and Barros, 2001; Trudel et al., 2012). 

SAR has been used in vegetation/biomass studies at sub-arctic latitudes (Paloscia, 

2002; Mattia et al., 2003), but is very rarely used to study arctic vegetation (Morrissey et 

al., 1994), and has not been used at all in the context of the High Arctic. There are 

considerable benefits to using SAR when compared to optical data for arctic research. 

Acquiring cloud-free optical images is often problematic in the arctic, and low solar 

zenith angles at high latitudes can also cause illumination issues with optical data 

(Bindlish and Barros, 2001). There are also challenges with using SAR to model 

vegetation in the High Arctic, however, such as the extremely limited amounts of 
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phytomass in all but the wettest areas. Even so, there are a number of approaches to 

modelling backscatter from vegetation canopies (see review in Bindlish and Barros, 

2001; Moran et al., 2004). These approaches, however, only apply when the vegetation is 

dense enough to form some sort of canopy; i.e., the above-ground phytomass must be of 

a sufficient height to have a noticeable effect on backscatter, which may not hold true in 

many parts of the arctic.  

Agricultural studies have demonstrated that even relatively short vegetation can 

produce an appreciable amount of depolarization (Paloscia, 2002; McNairn et al., 2004) 

of the backscatter, as well as marked differences in HH and VV polarizations (Mattia et 

al., 2003), though high arctic vegetation levels are generally even lower than short-crop 

agriculture. Low density grasses and sedges, which make up much of the vegetation 

cover in the high arctic, can also be difficult to distinguish from bare ground (Smith and 

Buckley, 2011). Regardless, polarimetric data could be key to this analysis if this 

depolarization holds true for very low levels of vegetation. Multiple incidence angle 

data may be important for similar reasons, with greater incidence angle backscatter 

having greater interaction (and therefore backscatter) with short vegetation than smaller 

incidence angle data (Ulaby et al., 1986; Paloscia, 2002; Mattia et al., 2003) (similar to 

how roughness effects backscatter), though stopping short of full volumetric scatter. The 

Radar Vegetation Index (RVI), which has been used to estimate biomass from SAR data 

(Kim and van Zyl, 2009; Trudel et al., 2012) characterizes vegetation scattering by 

dividing the cross-polarization scattering by the total scattering; effectively measuring 

the degree of depolarization. RVI may not be applicable if there is little to no volume 
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scattering present, as would be the case below a certain threshold level of vegetation. If 

the vegetation cover is sparse or very dry, the SAR signal is not significantly attenuated, 

and in some cases can only be detected by its contributions to surface roughness (Sano et 

al., 1998; Moran et al., 2000).   

Vegetation can be modeled using not only direct relations of SAR to above-

ground phytomass, but also using other controlling factors as input. As mentioned 

previously, vegetation in the high arctic is closely related to topographic and moisture 

gradients across the landscape, so variables derived from a Digital Elevation Model 

(DEM) have the potential to be useful for vegetation modeling. Vegetation biomass can 

be a good proxy for soil moisture in the arctic, due to the vegetation being moisture-

dependent (i.e., it only grows in areas with consistently high soil moisture) (Gross et al., 

1990). Once vegetation is modeled, it can therefore be used to help model soil moisture 

using SAR over the same areas (Meade et al., 1999; Bindlish and Barros, 2001). The 

inclusion of multiple data types from different sources into the model suggests that the 

use of Artificial Neural Networks (ANNs) would be a practical way to model the 

vegetation.    

ANNs are commonly used to invert surface parameters from SAR data (Sahebi et 

al., 2004; Said et al., 2008), and show great promise in both simplifying the modeling 

process and increasing the accuracy of the results. ANNs have the capacity to ‘learn’ 

complex, nonlinear patterns, and generalize these patterns in noisy environments. This 

capacity to generalize means that ANNs can be effective in situations where data may be 

missing or imprecise. ANNs are also able to incorporate prior knowledge and physical 
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constraints into the analysis, while making no assumptions about the statistical nature of 

the input data (Del Frate and Wang, 2001; Mas and Flores, 2008). This allows for the 

incorporation of disparate data from many remote sensing and ancillary sources, and 

can include variables such as terrain height, slope, aspect, soil texture and land cover. 

ANNs are superior at generalizing (or extending) results for application to new areas 

than a strictly empirical model, and do not have the same parameterization problems 

and assumption difficulties as physical models. The target variable for the ANN model 

needs to be a spatially explicit measure of vegetation phytomass, so a vegetation index 

from high resolution multi-spectral data is ideal. 

Raynolds et al. (2012) established that maximum annual Normalized Difference 

Vegetation Index (NDVI) values from coarse spatial resolution imagery are closely 

related to peak summer above-ground phytomass across a range of sites in the arctic 

along a latitudinal gradient.  Previous research at the Cape Bounty study location used 

in this analysis, using high spatial resolution imagery to generate NDVI, demonstrates a 

weaker relationship (Atkinson and Treitz, 2013), possibly due to the differences in the 

range of phytomass levels sampled (i.e., Raynolds sampled across five bioclimatic 

zones), spatial resolutions, or vegetation characteristics unique to Cape Bounty. Other 

vegetation variables were more closely correlated to high spatial resolution NDVI, such 

as Percent Vegetation Cover (PVC) (Atkinson and Treitz, 2013), vegetation volume 

(Gregory, 2011), and Leaf Area Index (Shaver et al., 2007). A large proportion of the 

phytomass is made up of bryophytes in the high arctic (Tenhunen et al., 1992; Raynolds 

et al., 2012), with Cape Bounty being no exception, and this is thought to be a 



 

104 

 

confounding factor in the relationships of NDVI to these other vegetation variables, due 

to the differing NDVI reflectance characteristics of bryophytes and vascular plants 

(Bubier et al., 1997; Douma et al., 2007; Harris, 2008). It is not clear as to whether or not 

bryophytes impact SAR backscatter, although their ability to absorb and retain moisture 

likely influences the dielectric properties at the surface.  

Previous studies in the High Arctic have noted the fine-scale topographic and 

moisture controls of the ice-wedge polygon and frost crack dominated landscape 

(Laidler et al., 2008; Walker et al., 2011). Vegetation in polar semi-desert areas is often 

limited to the margins of the polygons, where wind speed is reduced and sufficient 

moisture and nutrients are present to allow growth; these features therefore leave large 

patches of bare ground. This high proportion of bare ground can dominate the NDVI 

signal, causing an underestimation of above-ground phytomass for the area. Previous 

research has suggested that using the Soil Adjusted Vegetation Index (SAVI) (Huete, 

1988), which takes into account larger proportions of bare ground in the signal, could 

ameliorate the NDVI underestimation of above-ground phytomass (Laidler et al., 2008; 

Atkinson and Treitz, 2012). Optical data will therefore be used to generate SAVI values 

across the study area to be used as a baseline for the vegetation modeling. 

The purposes of this research are two-fold: (i) to determine the effects that high 

arctic vegetation has on SAR backscatter, including polarimetric effects; and (ii) to model 

vegetation using an Artificial Neural Network (ANN). The results of the ANN will then 

be related to above-ground phytomass levels. 
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3.2 Methods 

Before creating the ANN models, the study area was segmented into discrete 

image objects using the multi-spectral data (section 3.2.2, 3.2.3). Once this was 

completed, the variables to be used as the model input were determined. A variety of 

difference variables, texture variables, and, in the case of the polarimetric data, 

polarimetric variables and decompositions, were derived and extracted from the SAR 

data (section 3.2.4). These variables were averaged within the image objects, and then 

analyzed for multicollinearity and correlation to multi-spectral derived SAVI values. 

The models were then applied to larger scale image objects, and also used to model 

above-ground phytomass (section 3.2.5, Figure 3.1). 

 

3.2.1 Study Location and Site Description 

 

Field work for this study was conducted at the Cape Bounty Arctic Watershed 

Observatory (CBAWO), located on southern Melville Island in Nunavut, Canada 

(approximately 74.91º N, 109.44º W) in 2009 and 2010 (Figure 3.2). The CBAWO is 

composed of two parallel watersheds that, when combined, cover approximately 15 km2. 

The topography is rolling, with low to medium relief; elevation ranges from 5 m to 125 

m above sea level. Past glaciation has deposited various tills in the region, primarily 

Winter Harbour till (Hodgson and Vincent, 1984), which is a thin (1 – 2 m) carbonate 

rich till that is draped over the other layers (Hodgson and Vincent, 1984). There are also 

Holocene-era clay-rich marine sediments, which are located between about 35 m and 90 

m above sea level (Hodgson and Vincent, 1984; Lajeunesse and Hanson, 2008). 
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According to the Circumpolar Arctic Vegetation Map (CAVM Team, 2003), Cape Bounty 

is located in bioclimatic zone B, with a vegetation classification of G2 – graminoid, 

prostrate dwarf shrub, and forb tundra.  

Figure 3.1: Methodology diagram showing data sources (light grey) and outputs (dark 

grey). FQ and UF inputs are Fine-Quad polarimetric and Ultra-fine single polarization 

(HH) RADARSAT-2 data. 

 

Vegetation in the area is extremely heterogeneous, and consists of bryophytes, 

forbs, graminoids, and prostrate shrub species (e.g., Salix arctica). The vegetation can be 
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classified into three main ecological types based on topographic and moisture 

conditions: polar semi-desert, mesic tundra, and wet sedge tundra. Greater phytomass is 

found in the mesic and sedge communities, which have large amounts of bryophytes 

and graminoids. Mesic areas are more sparsely vegetated than the sedge areas, but can 

have equal or greater phytomass due to large quantities of bryophytes (Atkinson and 

Treitz, 2012). Polar semi-desert areas can be completely barren, but are often 

characterized by patterned ground features with vegetation cover found in depressions. 

Large areas of exposed, fractured bedrock are also present, and the entire area is 

underlain by permafrost, with an active layer of 0.5 m – 1 m during the summer months 

of June - August.  

 

Figure 3.2: Study location on Melville Island, Nunavut, Canada 
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3.2.2 Optical Imagery  

High resolution multispectral data (i.e., GeoEye-1) collected at Cape Bounty 

(August 22, 2009), were pan-sharpened to 0.5 m spatial resolution, and orthorectified 

using ground control points in the form of corner reflectors (set up for the SAR imagery, 

but were identifiable in the optical imagery as well). The image was then 

atmospherically corrected using the ATCOR algorithm as implemented in PCI 

Geomatica 2013. In the absence of comprehensive field data, SAVI data were generated 

to validate the ANN models; this data provides a spatially comprehensive surrogate for 

field measures of vegetation. The correction value, L, was set to 0.5 for the SAVI 

calculation (eq.1), a standard value that is recommended for most situations (Huete, 

1988). 

 

SAVI = 
         

         
           (1) 

  

A high spatial resolution (1m) Digital Elevation Model (DEM) was derived from 

a Worldview-2 stereopair (July 15, 2012) at Cape Bounty and used for orthorectification 

of the optical and SAR data, as well as for generating the Topographic Position Index 

(TPI) variable. The TPI is a method of defining the relative position of a given location 

along a topographic gradient (Guisan et al., 1999), where negative values represent 

valley or slope bottoms, values near zero represent flat areas or midslope areas, and 

positive values represent ridge tops and hills. The TPI was calculated using a 150 m 

radius window on the 1m spatial resolution DEM (Jenness et al., 2011). 
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3.2.3 Object-Based Image Analysis (OBIA) 

The vegetation model was constructed using OBIA, in which image objects 

consisting of groups of spectrally similar pixels are used as the minimum mapping unit, 

rather than individual pixels. OBIA has a number of advantages over pixel-based 

methods, including reduced dependency on noise-filtering algorithms (especially with 

SAR data), and the ability to investigate different spatial scales by simply changing the 

size of the image objects. OBIA is recognized as a very effective tool for analyzing geo-

spatial and remotely-sensed data (Blaschke, 2010). Image objects were generated from 

the 0.5m pan-sharpened GeoEye-1 imagery (described above) for the CBAWO. Near-

infrared, red, and green bands were used for grouping spectrally similar pixels, in order 

for the objects to be representative of the vegetation  on the ground. Two image object 

sizes that were physically meaningful (Drǎguţ et al., 2009; 2010) were chosen, with the 

smaller objects for both locations ranging between approximately 50 and 6000 m2, and 

the larger objects ranging from 50 to 35000 m2 in size. 

 

3.2.4 SAR Data 

RADARSAT-2 data were used to take advantage of the relatively high resolution 

beam modes and fully polarimetric data. SAR data were collected at various incidence 

angles over the study area during the summers of 2009 and 2010 (Table 3.1) with both 

the Ultra-Fine (U) and Fine-Quad (FQ) beam modes. The Ultra-Fine beam mode has a 

spatial resolution of 3 m, though it is limited to a single polarization. The Fine-Quad 

products are fully polarimetric, but have a slightly coarser spatial resolution, at 8 m. 



 

110 

 

Although additional SAR scenes were collected, those presented in Table 3.1 were 

identified as being relatively snow-free and uncompromised by active precipitation.  

 

 

 

The Ultra-Fine mode data were orthorectified before further analysis, while the 

Fine-Quad data were analyzed in slant range to preserve polarimetric information, and 

were only orthorectified to extract the plot data for each variable after the variables were 

calculated for the scene. Nine corner reflectors spaced around the watersheds of Cape 

Bounty were used to assist with geometric correction. Speckle filtering was not 

performed explicitly, except for the calculation of the RVI and the Cloude-Pottier 

decomposition; it was otherwise handled through image-object averaging (discussed 

below). 

 

3.2.5 Vegetation Modeling 

Polarimetric decompositions were analyzed to determine the nature of the SAR 

backscatter in this low vegetation terrain. Comparing the Cloude-Pottier decomposition 

Table 3.1: RADARSAT-2 data used in the analysis. 

RADARSAT-2  

beam mode 

Avg. incidence 

angle (0) 

Polarization Spatial 

Resolution 

Acquisition 

Date 

U 2 31.4 HH 3 m 12/08/2009 

FQ 5 24.4 HH/VV/VH/HV 8 m 29/06/2009 

U 75 25.8 HH 3 m 11/07/2010 

U 26 48.4 HH 3 m 09/07/2010 

FQ 2 20.9 HH/VV/VH/HV 8 m 08/07/2010 

FQ 2a 20.9 HH/VV/VH/HV 8 m 23/07/2010 
a Pass was descending; all others were ascending 

U – Ultra-Fine Mode; FQ – Fine Quad Polarimetric Mode 



 

111 

 

values of entropy and alpha angle (H-α) between bare and vegetated surfaces could give 

an indication of the strength of the effect that vegetation has on backscatter, as these 

parameters change based on the type of scattering mechanism present on the surface 

(Cloude and Pottier, 1997). Other SAR-derived parameters, such as the RVI, were also 

examined in this context. 

  The SAR-derived parameters evaluated for inclusion to the ANN models are 

given in Table 3.2. The texture variables were calculated on a per-pixel basis using an 

11x11 pixel window (the minimum recommended size for SLC data according to the PCI 

Geomatics software algorithm documentation) for each RADARSAT-2 scene, before 

being averaged for each image object. Other variables are simple means of the pixel 

values for each image object. The texture measures for the U and FQ scenes were 

calculated using the HH backscatter intensity. The natural logarithm of the Normalized 

Backscatter Roughness Index (Ln(NBRI)) (Sahebi et al., 2002) variable was computed 

using the U75 and U26 scenes (Table 3.1) to maximize the incidence angle difference. 

In addition to the SAR-derived variables, the TPI variable was also included in 

the analysis. Variables that were not linearly correlated (Pearson |r| < ~0.3) with the 

optical-derived SAVI values for each image object were removed from further analysis. 

Visual analysis of scatter plots helped to reveal possible non-linear correlations that the 

Pearson correlation would not identify. Variables that were highly correlated (Spearman 

|ρ| > ~0.8) with other remaining variables were also removed to alleviate concerns over 

multicollinearity, which can be a problem when training ANNs. 
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A series of ANN models were then implemented to model the relationships 

between the remaining variables and the SAVI values. The neural network 

implementation of the MATLAB® software package was used in the development of the 

ANN; it is a two-layer feed-forward network with sigmoid-function hidden neurons and 

linear-function output neurons, trained with the Levenberg-Marquardt backpropagation 

algorithm (Hagan and Menhaj, 1994). One ANN was developed using all of the image 

objects from Cape Bounty together, and others were developed using separate models 

for each ecological class as defined and mapped for the area by Atkinson and Treitz 

(2012). These four ecological classes are derived based on a vegetation and moisture 

Table 3.2: Variables generated from SAR data.  Variables in italics are additional variables 

applicable only to the fully polarimetric FQ data. 

Variable Description 

Homogeneity a A measure of local homogeneity 

Contrast a A measure of local variation 

Correlation a A measure of the linear dependency of grey levels of neighboring pixels 

Mean a Arithmetic mean of all pixel values 

SD a Standard Deviation of pixel values 

VI/VA/VL/U b A normalized log measure of texture 

HH    intensity of the UF HH polarization 

Ln(NBRI)c Natural logarithm of the Normalized Backscatter Roughness Index 

Entropy d Amount of mixing between 3 scattering mechanisms 

Anisotropy d Amount of mixing between 2nd and 3rd scattering mechanisms 

Alpha Angle d Characterizes the scattering mechanism 

Beta Angle d Characterizes the dominant polarization 

Intensity Ratio Ratio of intensities between HH/VV polarizations 

Pedestal Height Minimum value of the co-polarization response 

Phase Difference Phase angle difference between HH/VV polarizations 

HH/VV/HV/VH    intensity of the various available polarizations 

RVI e Radar Vegetation Index – Divides cross-pol by total scattering 
a(Haralick et al., 1973),  b (Oliver and Quegan, 1998), c(Sahebi et al., 2002)  d(Cloude and Pottier, 

1997), e(Kim and van Zyl, 2009) 
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gradient, and are characteristic of the local vegetation ecology. The ecological classes 

(eco-classes) are polar semi-desert, mesic tundra, wet sedge, and felsenmeer/rock. The 

polar semi-desert and felsenmeer/rock classes have the lowest above-ground phytomass 

values, with mesic tundra and wet sedge having higher values. 

A number of image objects were excluded from the analysis, both from the initial 

model development with the smaller image objects, and for the model application with 

the larger image objects. Objects excluded included any classified as water or 

unclassified by the ecological classification (Atkinson and Treitz, 2012), as well as any 

objects outside of a 10 degree range of local incidence angle (centred on the scene-

average local incidence angle for any given beam mode). This was to prevent outliers 

due to the effects of steep slopes and cliffs on SAR backscatter. The remaining smaller 

size image objects (n = 10,041) covering the Cape Bounty study area were randomly 

partitioned into three sets for the ANN development: 70% of the data were used for 

training, 15% for validation, and 15% was held back as a completely independent test 

set. Validation data are used as a guide on the accuracy and generalization capability of 

the model when fitting it to the training data. The resulting ANN models were then 

applied to the larger image objects (n = 1333) to determine the ability of the models to 

adapt to different spatial scales. 

While modeling SAVI from SAR data is a good first step, it is also important to 

determine what those values mean on the ground in terms of above-ground phytomass 

in this environment. Previous attempts at relating an optical vegetation index (NDVI) to 

above-ground phytomass for this environment were mixed (Atkinson and Treitz, 2013), 
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with r2 values for Cape Bounty of 0.55. Other studies have found stronger relationships 

(Boelman et al., 2003; Epstein et al., 2012; Raynolds et al., 2012), but were at much 

coarser spatial resolutions. To show that the ANN results (estimated SAVI values from 

SAR variables) can be used to predict actual ground-based measures of above-ground 

phytomass, regression analyses were used with field-sampled values of above-ground 

phytomass collected for previous research (Atkinson and Treitz, 2013). This ANN-

phytomass relationship can then be used to construct maps of above-ground phytomass 

levels across the study area. 

 

3.3 Results and Discussion 

3.3.1 Scattering Mechanisms 

Two Fine-Quad RADARSAT-2 scenes from July 8 and 23, 2010 (Table 1) were 

chosen for the Cloude-Pottier analysis. The July 8 scene was a ‘wet’ scene, taken shortly 

after a precipitation event when the surface and the vegetation still held appreciable 

amounts of water, and the July 23 scene was a ‘dry’ scene, where the surface and 

vegetation were not holding high levels of water. The results of these H-α classifications 

indicate that there is only low and medium entropy surface scattering in this study area, 

even in areas characterized by high above-ground phytomass. The only occurrences of 

non-surface scattering classes are caused by ice cover (ocean and lakes) and areas of 

large boulders and felsenmeer/rock (Figure 3.3). Similarly, the RVI was not correlated 

with either SAVI values or previously modeled above-ground phytomass (Atkinson and 

Treitz, 2013). These results therefore indicate that the levels of above-ground phytomass 
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are not sufficient for polarimetric methods to be helpful in vegetation modeling for this 

study area with the available polarimetric scenes, a conclusion further supported by the 

lack of correlation between other SAR-derived polarimetric variables (Table 3.2) and 

SAVI values derived from the GeoEye-1 image data. The polarimetric data were 

acquired at steep incidence angles (<250) to allow for more accurate soil moisture 

retrievals, so it is possible that there would be greater polarimetric sensitivity to the 

vegetation at shallower incidence angles. 

 

3.3.2 ANN Models 

The variables that were found to correlate to SAVI, and were therefore used in 

the ANN, are given in Table 3.3. The reasons for these correlations seem to depend on 

the characteristics of backscatter changes from different incidence angles, rather than 

any sort of textural or polarimetric information. The ‘Mean’ values of the U2 and FQ5 

scenes were correlated with SAVI, and were both included, despite being correlated to 

each other, due to their differences in sensitivity to different eco-types. That is, the two 

variables became less correlated with each other as SAVI values increased, likely due to 

the differences in incidence angle between the two beam modes. The Ln(NBRI) variable 

also seems to be correlated to SAVI due to backscatter differences from different 

incidence angle beam modes that are dependent on above-ground phytomass. Lower 

SAVI values correspond with higher Ln(NBRI) values. The TPI variable is very likely 

sensitive to the topographic controls on the local soil moisture regime; as previously 
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described, vegetation abundance is very closely related to moisture abundance in this 

environment, and topography is an important driver of moisture availability. 

 

 

Figure 3.3: Results of the Cloude-Pottier H-α decomposition and classification of FQ2 scene 

from July 23, 2010. a) Low entropy (smooth) surface scattering. b)Medium entropy (rough) 

surface scattering. c) Medium entropy dipole scattering. d) Medium entropy multiple 

scattering. 

 

Table 3.3: Variables used to develop the ANNs. 

SAR-derived DEM-derived 

Mean:          U2 (Aug. 12, 2009) TPI (150 m radius) 

Mean:          FQ5 (June 29, 2009)  

Ln(NBRI):  U75 (July 11, 2010)        

                    U26 (July 9, 2010)  
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 The results of the ANNs (Table 3.4) developed for the separate eco-classes were 

individually less accurate than the model generated using only a single class that 

included all points (all-class ANN). However, when the outputs of the separate eco-class 

models were merged together into one output variable to allow for a single correlation 

analysis to SAVI (Table 3.4 – “combined”, Figure 3.4) the results are much stronger, with 

an R2 of 0.6, and a normalized Root Mean Square Error (N_RMSE) of 8%. The N_RMSE 

is the RMSE normalized to the range of SAVI values present in each dataset, and is a 

good way to directly compare the performance of the ANNs to each other. In addition, 

the mean values of SAVI for each image object, derived from the optical imagery, were 

not significantly different (p < 0.05) than the mean values of the ANN output for each 

image object. A closer examination of the results of the All-class ANN (Figure 3.4) 

indicates that the model loses its predictive capability beyond SAVI values of 

approximately 0.3. The results when separated by eco-class are much more accurate 

Table 3.4: ANN results for the small image objects.  The ‘combined’ results are the combination of 

the separate eco-class ANNs. N_RMSE is the RMSE normalized to the range of values present in 

the data. Mean SAVI values are derived from the optical data for each object; mean ANN is the 

modeled SAVI mean for each object. 

 

Training Validation Testing Final Output 

Eco-class R2 RMSE R2 RMSE R2 RMSE R2 N_RMSE 

Mean 

SAVI 

Mean 

ANN  

Polar semi-

desert 
0.43 0.039 0.44 0.038 0.44 0.038 0.43 8% 0.189 0.190 

Mesic 

heath 
0.42 0.042 0.47 0.036 0.42 0.039 0.43 12% 0.255 0.256 

Wet sedge 0.28 0.053 0.30 0.048 0.37 0.058 0.30 11% 0.291 0.292 

Felsenmeer 

/ Rock 
0.61 0.025 0.50 0.030 0.57 0.021 0.59 11% 0.137 0.133 

Combined 

Output 
--- --- --- --- --- --- 0.60 8% 0.204 0.205 

All-class 

ANN 
0.49 0.046 0.48 0.046 0.49 0.046 0.49 9% 0.204 0.205 
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(Figure 3.4Figure 3.5), even at values of SAVI above 0.3. The separate eco-class models 

were therefore applied to the larger image objects to determine their ability to generalize 

to coarser spatial resolutions. 

 

Figure 3.4: Left: Output of the All-Class ANN compared to the SAVI values derived from 

optical data. Right: Combined ANN model output from each separate eco-class ANN, 

compared to SAVI values. 
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The lower R2 and higher RMSE values for the Wet Sedge eco-class could be due 

to factors that are influencing either the optical-derived SAVI values or the SAR-derived 

parameters. The wet sedge ecological type is dominated by sedges, but there are also 

high proportions of bryophytes, which have different reflectance properties than other 

vegetation and can lead to lower values of SAVI than would otherwise be expected 

given the ecological classification and above-ground phytomass levels present. These 

wet sedge areas are also characterized by saturated soils and patches of standing water, 

which can have large influences on SAR backscatter that would not be reflected by 

equivalent changes in the SAVI values. 

 

Figure 3.5: Individual ANN model output from each separate eco-class ANN. 
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Inherent errors in the ecological classification, which is ~79% accurate (Atkinson and 

Treitz, 2012), also likely account for some of the more extreme values in each class. 

When applied to the larger image objects, the separate eco-class ANNs give 

similar results to those seen for the smaller image objects for the separate ecological 

classes, with the combined model results showing an even stronger relationship than for 

the smaller objects (Table 3.5, Figure 3.6). This is likely because of the reduction in 

extreme values of SAVI and the model output that is a result of increased averaging for 

the larger image objects. The individual RMSEs are higher than for the small object 

models, even though the R2 values are higher, a consequence of a much smaller number 

of image objects: 1333 large objects compared to 10,041 small objects. A smaller number 

of objects cause the highest and lowest errors to have a greater influence on the overall 

RMSE. We can also see that the slope of the relationship for the felsenmeer/rock class is 

lower than the other classes for the large image objects (Figure 3.6), while it is higher 

than the other classes for the smaller image objects (Figure 3.5). This lower slope is due 

to a lower maximum class SAVI value of 0.18 for the larger objects (versus 0.31 for the 

smaller objects), again likely an effect of the increased spatial averaging of the larger 

objects. The visual agreement between the output of the ANNs applied to the different 

object sizes is also very strong (Figure 3.7).     
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Figure 3.6: Regression of the separate eco-class ANNs applied to the larger image objects. 

 

 

 

Figure 3.7: ANN modeled SAVI output for the Cape Bounty study area when the model is 

applied to the smaller objects (left) and the larger objects (right). 
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Table 3.5: Results of the eco-class ANNs when applied to the 

large image objects. 

Eco-class R2 N_RMSE 

Mean 

SAVI 

Mean 

ANN 

Polar semi-desert 0.56 8% 0.190 0.196 

Mesic heath 0.48 12% 0.264 0.267 

Wet sedge 0.52 9% 0.294 0.297 

Felsenmeer/Rock 0.47 19% 0.128 0.133 

Combined 0.72 6% 0.203 0.208 
 

3.3.3 Above-ground Phytomass Modeling  

 The relationship between the ANN-modeled SAVI values and field-measured 

above-ground phytomass at the Cape Bounty location using the smaller image objects 

shows a stronger relationship than the previous NDVI-above-ground phytomass 

relationship of Atkinson and Treitz (2013) (Figure 3.8), with an R2 of 0.87, and a RMSE of 

239 g/m2, or approximately 11%.  It is not clear whether this improved result is due to 

the better relationship of SAVI versus NDVI to above-ground phytomass, or if the SAR 

data is simply more sensitive to above-ground phytomass than the optical vegetation 

indices. When a similar regression is applied between optical-based SAVI values and 

above-ground phytomass, the relationship is not quite as strong, with an R2 of 0.79 and a 

RMSE of 309 g/m2 (approximately 14%), suggesting that the SAR data could be more 

sensitive to above-ground phytomass. A limitation of this relationship is that it does not 

hold for values of SAVI less than about 0.1, which in this instance only results in the 

exclusion of approximately 25 (less than 0.3%) of the image objects. Values of SAVI less 

than 0.1 represent areas that have extremely low values of above-ground phytomass. 
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The models were then used to create a spatially explicit map of above-ground 

phytomass across the Cape Bounty study area (Figure 3.9). 

 

Figure 3.8: Relationship between the ANN modeled SAVI values and field-derived 

measures of above-ground phytomass for the smaller image objects. 

 

Figure 3.9: Multi-spectral derived SAVI values (left) for the small image objects compared 

to the SAR-modeled above-ground phytomass values (right) across the Cape Bounty study 

area. Blank (white) areas indicate where objects were excluded from the analysis (see 

methods). 
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3.4 Conclusions 

 High resolution optical data were used to facilitate the modeling of above-

ground phytomass using RADARSAT-2 SAR data. Three different SAR parameters, 

along with TPI derived from a high-resolution DEM, were used to create ANN models 

that estimated values of the SAVI across different sets of image objects. Models for 

individual ecological classes were found to outperform a single model that included all 

classes (R2 = 0.49, N_RMSE = 9%) when the output from the separate models were 

combined and compared to the optical-derived SAVI values (R2 = 0.60, N_RMSE = 8%). 

The models were applied to larger image objects, with excellent results (R2 = 0.72, 

N_RMSE = 6%), showing the potential of the models to be applied at multiple spatial 

scales without sacrificing accuracy. The output of the ANNs was also used to create 

another model that estimates above-ground phytomass across the landscape, and 

resulted in a very strong relationship with ground-sampled phytomass values (R2 = 0.87, 

N_RMSE = 11%). This relationship demonstrates the utility of SAR data, compared to 

using optical data alone, when attempting to model above-ground phytomass in a high 

arctic environment with relatively low levels of vegetation. 

Polarimetric variables were not found to be correlated to SAVI, and were 

therefore not used as inputs to the ANN models. This lack of correlation is not 

surprising, as the RADARSAT-2 dataset was initially acquired for soil moisture 

estimation, where steep incidence angles are preferred to reduce the surface roughness 

dependency and vegetation interaction. In the near future, it would be worthwhile to 

acquire polarimetric SAR data at shallower incidence angles to maximize vegetation 
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interaction and determine the potential degree of polarimetric C-band SAR correlation 

to high arctic vegetation. The use of shorter wavelength SAR sensors, such as TerraSAR-

X, would also likely increase the effective influence of vegetation on backscatter, due to 

the very low levels of vegetation in high arctic environments, and is an avenue worth 

further exploration.   
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Chapter 4 

Spatiotemporal Variability of Arctic Soil Moisture Detected from High-

Resolution SAR Data 

Abstract: 

 There are a number of methods used to determine soil moisture from Synthetic 

Aperture Radar (SAR) data, but none specific to arctic regions and their unique physical 

characteristics. This research presents a method for determining, at high spatial and 

temporal resolutions, surface soil moisture and its changes through time in High Arctic 

environments. An Artificial Neural Network (ANN) is implemented using input 

variables derived from RADARSAT-2 SAR data and previously modeled surface 

roughness information. The model is applied to SAR data collected at various incidence 

angles and acquisition dates across two different study areas on Melville Island, 

Nunavut. The models of absolute soil moisture exhibit errors of approximately 15% (R2 = 

0.46) for the primary study area, and 12% (R2 = 0.26) for the verification study area. The 

ANN model does, however, closely model the moisture changes across different dates 

and the spatial distribution of the soil moisture across the study areas, two 

characteristics that are very important for inputs to hydrologic or climate models. In 

addition, the models appear to scale well to large image objects, showing potential for 

large-area mapping or modeling.  

 



 

136 

 

4.1 Introduction 

The estimation or modeling of biophysical variables such as soil moisture in the 

Arctic is an important step towards understanding arctic energy fluxes, effects of 

changing climate, and hydrological patterns. For example, the spatial patterns of carbon 

dioxide (CO2) fluxes are heavily influenced by the spatial patterns of soil moisture in 

high-latitude ecosystems (Torn and Chapin, 1993; Illeris et al., 2003; Welker et al., 2004; 

Sjögersten et al., 2006; Oberbauer et al., 2007; Dagg and Lafleur, 2011). Areas in the 

Arctic with high soil moisture content are also thought to be less responsive to climate 

warming (Welker et al., 2004; Oberbauer et al., 2007), thus making soil moisture an 

important variable in global climate change models. Current and future climate 

variations in the Arctic will influence the spatial distribution of soil water content, which 

can affect vegetation, active layer depths and formation of wetlands over longer time 

scales (Woo and Xia, 1995, 1996). A more comprehensive understanding of the spatial 

distribution of soil moisture across the tundra landscape will allow for more accurate 

and precise predictions of CO2 flux as ecosystems adapt to climate change, as these 

fluxes are partially controlled by soil moisture (Dagg and Lafleur, 2011).  Further, 

hydrologic variables are very important controls on both arctic geomorphology and 

ecosystem dynamics (Daanen et al., 2007). 

With traditional in situ soil moisture measurement techniques, such as gravimetric 

sampling and time domain reflectometry (TDR), the soil moisture values obtained 

represent point locations only, and are usually averaged or extrapolated over large 

areas. Spatial variation in soil moisture levels is an important consideration at a number 
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of spatial scales. At sub-catchment and finer scales in particular, the spatial distribution 

of soil moisture becomes as (or more) important than the absolute value of the soil 

moisture (Kornelsen and Coulibaly, 2013). The demand for spatially distributed soil 

moisture is obvious, but point measurement data are often insufficient; i.e., due to soil 

heterogeneity, land use, and topography, soil moisture may be very different in space 

and time from one point to another (Haider et al., 2004; Said et al., 2008).  

Information gathered from synthetic aperture radar (SAR) is ideal for the spatial 

estimation or modeling of soil moisture, at a range of different spatial scales. In many 

cases, these data can be gathered instantaneously over large areas, day or night, in any 

weather, which is a tremendous advantage over traditional techniques. SAR data are 

especially useful for medium and large scale analysis of soil moisture levels (Barrett et 

al., 2009; Kornelsen and Coulibaly, 2013). However, there has been limited research on 

SAR-modeled soil moisture conducted in the Arctic (e.g., Kane et al. 1996; Meade et al. 

1999; Wall et al. 2010), or in natural (non-agricultural) environments in general.  More 

importantly, high resolution polarimetric (and multi-incidence angle) SAR data from 

fully polarimetric sensors such as RADARSAT-2 have not been examined for their utility 

in modeling surface moisture conditions in the High Arctic at fine spatial scales.  

4.1.1 Modeling soil moisture 

There are a number of methods for deriving soil moisture values from SAR 

backscatter, each with advantages and disadvantages. Regression-based empirical 

models, such as those of Dubois et al. (1995), are often used (Sano et al., 1998; Shoshany 
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et al., 2000) to determine soil moisture. However, these empirical models require vast 

quantities of field data, and are often very site specific (Thoma et al., 2006). 

Physical models, which invert backscatter from inputs including radar 

parameters, surface roughness, and vegetation cover, are also commonly used to derive 

soil moisture values (Fung et al., 1992; Baghdadi et al., 2002; Li et al., 2005; Charlton and 

White, 2006). The most commonly used physical model is Fung et al.’s (1992) integrated 

equation model (IEM) (Thoma et al., 2006). Physical models, like empirical models, are 

difficult to apply over large areas, and detailed information on parameters such as 

topography and soil type is required. 

Multi-temporal image differencing has been used successfully by many, often 

improving the results obtained using single-date imagery (e.g., Villasenor et al., 1993; 

Sano et al., 1998; Shoshany et al., 2000; Lu and Meyer, 2002; Moran et al., 2004). Image 

differencing requires two or more images of the same area obtained at different times 

using identical radar parameters (wavelength, viewing geometry, beam type) (Thoma et 

al., 2006). Image differencing is especially useful in areas where the ground surface 

properties change very slowly over time – this allows for any differences seen between 

the images to be attributed solely to changes in soil moisture, and not to changes in 

topography, surface roughness, or vegetation (Engman, 1994; Engman and Chauhan, 

1995; Wickel et al., 2001; Thoma et al., 2006). Multi-temporal methods can also provide 

very useful data for hydrologic applications; if the data cover a long time period, then 

upper and lower limits for soil moisture can be established (Engman, 1994). 
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 The relationship between SAR backscatter and soil moisture must be separated 

from other factors that influence the SAR signal, including surface roughness. With that 

in mind, the output of the surface roughness Artificial Neural Network (ANN) model 

(Chapter 2) will be included as input to the soil moisture model. The inclusion of this 

roughness information, in addition to the SAR data, would suggest that an ANN model 

would be a prudent way to model soil moisture.  

ANNs are commonly used to invert surface parameters from SAR data (Sahebi et 

al., 2004; Said et al., 2008), and show great promise in both simplifying the modeling 

process and increasing the accuracy of the results. ANNs have the capacity to ‘learn’ 

complex, nonlinear patterns, and generalize these patterns in noisy environments. This 

capacity to generalize means that ANNs can be effective in situations where data may be 

missing or imprecise. ANNs are also able to incorporate prior knowledge and physical 

constraints into the analysis, while making no assumptions about the statistical nature of 

the input data (Del Frate and Wang, 2001; Mas and Flores, 2008). This allows for the 

incorporation of disparate data from many remote sensing and ancillary sources, 

including other ANN model outputs. ANNs are superior at generalizing results for 

application to new areas as compared to a strictly empirical model, and do not have the 

same parameterization problems and assumption difficulties as physical models (e.g., 

IEM). 

The objectives of the research presented here are to examine the relationships that 

exist between SAR backscatter parameters and surface soil moisture, and to model those 

relationships using an ANN. The results will be verified with field-collected data, and 
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output maps created showing the spatial and temporal distribution of soil moisture 

across two study areas in the High Arctic. 

4.2 Methods 

4.2.1 Site Description  

The majority of the field work for this study was undertaken at the Cape Bounty 

Arctic Watershed Observatory (CBAWO), located on the southern coast of Melville 

Island, Nunavut, Canada (74.91º N, 109.44º W) (Figure 4.1) in 2009 and 2010.  The Cape 

Bounty study site was used to develop, calibrate and validate the ANN models. This 

High Arctic site is composed of two parallel watersheds, each covering approximately 

15 km2. The area is characterized by rolling topography of low to medium relief, with 

elevation varying between 5 m and 125 m above sea level. The site has been impacted by 

periods of glaciation, during which various tills have been deposited in the study region, 

including Bolduc, Dundas, and Winter Harbour tills (Hodgson and Vincent, 1984). 

Winter Harbour till is a thin (1 – 2 m) carbonate rich till that contains many mafic and 

crystalline rock fragments, and is draped over the other layers (Hodgson and Vincent, 

1984). Holocene era fine-grained marine sediments are also present, located between 

approximately 35 m and 90 m above sea level (Hodgson and Vincent, 1984; Lajeunesse 

and Hanson, 2008). These sediments are underlain by the Franklinian mobile belt, 

composed of Paleozoic sandstone, siltstone, and shale (Lajeunesse and Hanson, 2008). 

Vegetation in the area is extremely limited, and rarely exceeds a few centimeters in 

height. Greater vegetation biomass is found in sedge and heath communities, while 
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polar desert areas can be completely barren. Large areas of exposed, fractured bedrock 

are also present, and the entire area is underlain by permafrost, with an active layer of 

0.5 – 1 m during the summer.  

Additional field work was conducted in 2011 in the vicinity of Cape 

Collingwood on the Sabine Peninsula, located on northern Melville Island 

(approximately 76.530 N, 108.830 W) (Figure 4.1).  Plots from this more northerly study 

site are representative of three different underlying bedrock types, all of which are 

different from the Cape Bounty study area.  The Kanguk formation consists of a shale 

Figure 4.1: Study area location in the Canadian High Arctic. 
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bedrock with surface materials of poorly sorted clay-silt mixed with a sand and gravel 

till; the Hassel formation has a sandstone bedrock with surface materials consisting of 

sand and silty sand; the Christopher formation is a shale bedrock with a very fine, 

poorly drained silty clay surficial material (Barnett et al., 1975). These different surfaces 

will test the extension of the models developed at Cape Bounty to other areas of the 

High Arctic. The topography of the area is characterized by low to moderate relief, with 

vegetation similar to Cape Bounty and other locations in the High Arctic. 

 

4.2.2 Field Methods 

A digital elevation model (DEM) for the Cape Bounty study area was derived 

from a high resolution GeoEye stero-pair collected in August 2009. An unsupervised 

classification (fuzzy K-means algorithm) was also conducted on the Geo-Eye imagery, to 

distinguish between the three main vegetation communities in the region (polar desert, 

mesic heath, and wet sedge; see Chapter 3). The DEM and unsupervised classification 

results were then used to set up a stratified random sampling scheme across three 

elevation (<30 m, 30-90 m, >90 m) and three vegetation classes (Figure 4.2). The number 

of samples across each vegetation class was determined on a relative basis by the spatial 

coverage of each class in the unsupervised classification. The elevation groupings were 

chosen to exploit the current knowledge of different till layers, with marine sediments 

thought to be present between approximately 35 m and 90 m above sea level, as 

explained previously. In 2009, 119 sample locations were used, expanded to 136 

locations in 2010 to allow for increased coverage of the elevation classes. This stratified 
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random sampling scheme was done to obtain soil moisture measurements from areas 

with as many differences in backscatter-affecting variables as possible; i.e., vegetation, 

surface roughness, and soil type, in addition to soil moisture, are the main components 

of a target that affect SAR backscatter response. Surface roughness information could 

not be obtained a priori with the available optical imagery, so was not used as a 

stratification criterion. Similar methods were used at the Cape Collingwood locations, 

with the DEM and initial unsupervised vegetation classification being generated from a 

high resolution  2011 Worldview-2 stereopair. A total of 79 sample plots were used at 

the Cape Collingwood location (Figure 4.3). 

For both study locations, efforts were made to collect soil moisture 

measurements at each plot within three hours of the RADARSAT-2 acquisition, in order 

to minimize any daily fluctuations in soil moisture. For logistical reasons, this was 

sometimes expanded to ±6 hours. A meteorological station set up in the Cape Bounty 

study area gave precipitation information, which was used along with weather 

observations to determine the timing and amount of precipitation with regards to 

overpass times and the temporal stability of the soil moisture measurements. 
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Figure 4.2: Unsupervised classification, elevation stratification, and plot locations at the 

Cape Bounty study location. 
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Figure 4.3: Unsupervised classification, study plots, and geological boundaries for the 

Cape Collingwood study area. 
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4.2.2.1 TDR Methodology 

Soil moisture values were taken with a TDR (Time Domain Reflectometry) 

instrument (Moisturepoint MP-917, Environmental Sensors Inc.). A TDR measures the 

apparent dielectric constant (Ka) of the soil by sending an electromagnetic pulse along a 

transmission line (i.e., metal probe) in a soil medium, and measuring the propagation 

velocity. The propagation velocity is influenced by the dielectric constant – higher 

dielectric values result in a slower velocity, when compared to the transmission velocity 

in a vacuum (equation 1).   

Ka = (c/v)
2                      

(1)
 

 

where c = speed of light, and v = propagation velocity. 

The propagation velocity is determined by measuring the time it takes for a pulse 

to travel a distance to the end of the transmission line and back.  Velocity can therefore 

be expressed as: 

v = 2L / t                        (2) 

where L is the linear distance traveled (probe length) and t is the measured travel time. 

The values from the TDR were recorded as travel time, and so can be converted 

into the dielectric constant Ka by substituting (2) into (1): 

Ka = (c /(2L / t))2                             (3) 

where c is the speed of light (m/s), L is the length of the probe (mm), and t is the time 

delay (ns) measured with the TDR probe. 

No site-specific calibration of the TDR readings was possible, so universal 

equations were used.  While not quite as accurate as a site-specific empirical regression 
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could be, universal equations are very close in terms of overall accuracy, and are an 

improvement over factory calibration settings (Heathman et al., 2003). The apparent 

dielectric constant was converted to % volumetric soil moisture (θv) using a 50 C three 

phase model (equation 4) that is a linear approximation  of the Topp universal equation 

(Topp et al., 1980; Yu et al., 1999) for mineral soil, and the Nagare equation (Nagare et 

al., 2011) for organic soil (equation 5). 

θv = 0.1209*    - 0.2032                    (4) 

θv = -0.0189 + (0.032*Ka) - (0.000459*( Ka2)) + (0.0000027*( Ka3))   (5) 

While the Topp equation and its linear approximations have been shown to be 

accurate for a wide range of mineral soils (Topp et al., 1980; Yu et al., 1999; Heathman et 

al., 2003), it is suggested very small bulk density values (such as in organic soils) can 

lead to large errors (Stein and Kane, 1983; Malicki et al., 1996), necessitating a separate 

equation (5) for low bulk-density soils.  

Soil moisture values were taken with custom 5 cm length probes, making the 

moisture values an integrated average of the top 5 cm of the soil. Three measurements 

per plot were taken in a triangular pattern around the plot center, about 2 m apart, with 

some measurements being taken in the vegetated areas, if present. This is important, as 

the vegetated areas hold different amounts of water than the mineral soil due to the 

different properties and bulk density of the heavily organic soil, and different equations 

are used to transform the TDR values to soil moisture values (equations 4 and 5). The 

value for the plot is a weighted average of the organic and mineral soil moisture values 

based on an estimate of percent vegetation cover (organic soil) of the plot. 



 

148 

 

4.2.3 Object-Based Image Analysis (OBIA) Methods 

The models were built using object-based image analysis (OBIA), which involves 

pixels being grouped into objects based on the homogeneity of their spatial (e.g., shape) 

or spectral (e.g., reflectance) characteristics (termed segmentation). OBIA has a number 

of advantages over pixel-based methods, including reduced dependency on noise-

filtering algorithms (especially with SAR data) and the objects being more natural 

representations of surface properties. OBIA is recognized as a very effective tool for 

analyzing geo-spatial and remotely-sensed data (Blaschke, 2010). With this method, 

different spatial scales can be investigated by changing the sizes of the image objects.  

The problem associated with OBIA is finding meaningful scales to investigate, i.e., 

finding the scale of object segmentation that is objectively relevant based on the 

characteristics of the landscape being studied.   

To solve this problem, Dragut et al. (2010) have developed a tool that integrates 

with existing OBIA software (eCognition® 8.64) to estimate relevant scale parameters.  

The tool, ESP (Estimation of Scale Parameter) plots values of local variance (LV) and the 

rate of change (ROC) of that variance between successive scale levels, against scale levels 

at a set interval (see Figure 4.4 for an example from Cape Bounty). The ‘scale’ of the 

object is a parameter in the eCognition software that determines the maximum allowed 

heterogeneity of the image objects, based on user-defined weightings of ‘color’ (pixel 

values for various image bands) and ‘shape’ (level of object compactness) (Trimble, 

2010). In the ESP tool, LV increases with the increase in the scale parameter as the 

homogeneity of the objects increases; the highest values of LV relative to successive 
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values indicate scales where objects have reached meaningful levels of organization in 

terms of the variation in their homogeneity. The ROC of the LV is the best way to show 

this, and is a means of identifying how important the respective scale level is in 

structuring the information on objects’ variability relative to the whole scene (Drăguţ et 

al., 2009; Drǎguţ et al., 2010). 

 

 

The objects were generated from high resolution optical imagery, 0.5 m pan-

sharpened Geoeye-1 imagery for the Cape Bounty study site, and 0.5 m pan-sharpened 

Worldview-2 imagery for the Cape Collingwood study site. In both cases, near-infrared, 

red, and green bands were used for the homogeneity criteria, in order for the objects to 

be physically meaningful, in an ecological sense, on the ground. The Cape Collingwood 

site was split into two parts, north and south, to aid in processing times. Multiple scales 

were found to be meaningful (Figure 4.4), but only the largest (410) and smallest (140) 

Figure 4.4: Local variance and rate of change values produced by the ESP tool for the 

Cape Bounty study area. Scale numbers indicate the input scale values for the 

eCognition software when generating the image objects (image segmentation). 
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scale parameter values were used in further analysis. The scale values for the small 

objects at the Cape Collingwood site were slightly different, as the ESP tool estimates the 

scale parameter based on the local conditions. Scale values of 110 and 160 were used for 

the small objects for the north and south mapped portions, respectively, and 410 and 400 

for the large objects. Small objects for both locations ranged between about 50 and 6000 

m2. The larger objects range from about 50 to 35000 m2. These object sizes could have 

implications for the SAR spatial resolution requirements for surface roughness and soil 

moisture modeling. 

4.2.4 SAR Methods 

High spatial resolution fully polarimetric (FQ – Fine-Quad beam mode) and HH 

polarized single polarization (U – Ultra-Fine beam mode) SAR data were collected at 

various incidence angles over the study areas during the summers of 2009 - 2011 (Table 

4.1).   

Unlike the ANN models that were created for surface roughness and vegetation 

in Chapters 2 and 3, respectively, the soil moisture ANN must rely on a single date of 

SAR data. Surface soil moisture content can change rapidly through time, so only 

parameters from the date of interest, along with temporally invariant parameters, such 

as surface roughness, can be used to develop the ANN model. Temporal invariance of 

surface roughness was an assumption based on knowledge of conditions and processes 

present in the environment. The scenes available for different dates were also from 

different beam modes, with different incidence angles. The soil moisture ANN model 
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therefore needs to be created with data from one beam mode (one date), and applied to 

different beam modes from different dates, some with very different average incidence 

angles. For this reason, the local incidence angle of the SAR backscatter (averaged across 

each image object) was also included as a model input variable.  

The Ultra-Fine mode RADARSAT-2 data were orthorectified before further 

analysis, while the Fine-Quad data were analyzed in slant range to preserve polarimetric 

information (Álvarez-Mozos et al., 2009), and were only orthorectified to extract the plot 

data for each variable after they were calculated for the scene. Nine corner reflectors 

spaced around the Cape Bounty study area, and five around the Cape Collingwood 

study area, were used to assist with geometric correction. Speckle filtering was not done 

explicitly, but was handled through image object averaging. 

Table 4.1: RADARSAT-2 data used in the analysis. 

RADARSAT-2  

beam mode 

Avg. 

incidence 

angle (º) 

Polarization Spatial 

Resolution 

Acquisition 

Date (local 

time) 

U15 41.40 HH 3m 01/07/2009 

U4 33.00 HH 3m 07/07/2010 

U26 48.40 HH 3m 09/07/2010 

U75 25.75 HH 3m 11/07/2010 

U9 37.00 HH 3m 17/07/2010 

FQ2a 20.90 HH/VV/VH/HV 8m 23/07/2010 

U21 45.40 HH 3m 23/07/2010 

U75 25.75 HH 3m 04/08/2010 

U9 37.00 HH 3m 10/08/2010 

U8 36.25 HH 3m 09/07/2011 

U74 24.75 HH 3m 10/07/2011 

U13 40.00 HH 3m 12/07/2011 

U79 29.55 HH 3m 13/07/2011 

U4 33.00 HH 3m 23/07/2011 
a pass was descending, all others were ascending 
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4.2.5 Soil Moisture Models 

A variety of variables were derived and extracted from the SAR data (Table 4.2), 

corresponding to the image objects that contained the field-measured soil moisture 

plots. The texture variables were calculated on a per-pixel basis using an 11x11 pixel 

window (the minimum recommended size for SLC data according to the PCI Geomatics 

software algorithm documentation) for each RADARSAT-2 scene, before being averaged 

for each image object. The texture measures from each scene (and beam mode) were 

analyzed for correlation individually. Other variables are simple means of the pixel 

values for each image object. The texture measures were calculated using the HH 

backscatter intensity.   

Variables that were not linearly correlated (Pearson |r| < ~0.3) with the field-

measured soil moisture were removed from further analysis. Visual analysis of scatter 

plots helped to reveal possible non-linear correlations that the Pearson correlation 

would not identify. Variables that were highly correlated (Spearman |ρ| > ~0.7) with 

other remaining variables were also removed, as multicollinearity can be problematic in 

the calibration of ANNs.  

Table 4.2: Variables generated from SAR data. 

Variable Description 

Homogeneity a A measure of local homogeneity 

Contrast a A measure of local variation 

Correlation a A measure of the linear dependency of grey levels of neighboring pixels 

Mean a Arithmetic mean of all pixel values 

SD a Standard Deviation of pixel values 

VI/VA/VL/U b A normalized log measure of texture 

HH    intensity of HH polarized backscatter 
a (Haralick et al., 1973)    b (Oliver and Quegan, 1998) 
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 In addition to the variables derived directly from the SAR data, the output of the 

surface roughness ANN model (Chapter 2) and the vegetation ANN model (Chapter 3) 

were examined for potential inclusion in the soil moisture ANN. SAR backscatter from a 

surface is normally highly dependent on roughness and vegetation, in addition to 

moisture, so the inclusion of roughness and vegetation parameters could potentially 

increase the accuracy of the soil moisture model.  

4.3 Results and Discussion 

4.3.1 ANN Model 

Initial model runs used the vegetation ANN results (Chapter 3) as an input. 

However, no differences in models with and without this vegetation data could be 

determined in a preliminary analysis, so the vegetation data were not included in the 

soil moisture ANN model. Excluding the vegetation data also allows the model to be 

tested at the Cape Collingwood study location, for which no vegetation model existed. 

Of the SAR variables that were examined (Table 4.2), only simple linear HH 

backscatter was selected for inclusion in the ANN, as it was consistently the most highly 

correlated variable to soil moisture, and is available in both FQ and U beam modes. 

High temporal coverage was an important consideration for the modeling effort, so 

variable selection was limited to allow the most possible acquisitions to be used. 

Reliance on polarimetric parameters, for example, would have excluded the high 

volume of Ultra-Fine beam mode data, limited the model to FQ data, and reduced the 

temporal resolution of the analysis. A number of polarimetric variables were examined 
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anyway, for completeness, such as Cloude-Pottier decomposition variables (Cloude and 

Pottier, 1997), intensity ratio, and phase difference; none of which showed any 

correlation to soil moisture, something that has been noted in other studies (Adams et 

al., 2013). 

The variables that were used in the final ANN model were the Surface 

Roughness (ZS) values modeled by the surface roughness ANN (Chapter 2), the HH 

polarized backscatter (σ0), and the local incidence angle that corresponds to the HH 

backscatter used, all averaged across each image object. Of these three variables, the 

surface roughness is assumed time invariant, so the same values were used across each 

date for which the model was applied. The σ0 values were taken from the scene that 

corresponds to the date of interest, and the local incidence angle values derived from 

that same scene. The model was created using the July 11, 2010 U75 Cape Bounty data, 

then applied to the other dates for Cape Bounty and Cape Collingwood datasets, with 

the σ0 and local incidence angle inputs changing accordingly. A total of 15 plots were 

not included in the model – five plots had no surface roughness data associated with 

them, and ten were classified as outliers based on the Mahalanobis distances when the 

inputs were compared to the field-measured moisture. The model was applied to both 

the small and large image objects at each study location. The results of the ANN 

modeling are presented in Table 4.3 - Table 4.5. 
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4.3.2 Cape Bounty Results 

The results for the 2009 and 2010 Cape Bounty data (Table 4.3) demonstrate that 

the best results occur with the steepest incidence angles, i.e., the U75 beam mode. Of 

course, the model was created using the U75 beam mode, but this is also expected due to 

the nature of the relationship between moisture-affected SAR backscatter and local 

incidence angles; i.e., low incidence angles have been shown to be more accurate for soil 

moisture prediction (Ulaby and Batlivala, 1976) since the roughness signal is minimized, 

leaving moisture as the dominant control on the backscatter. The inclusion of surface 

roughness and incidence angle information in the ANN allows these differences to be 

accounted for across different beam modes, but the nature of the relationships between 

these variables cannot be fully modeled. The modeled soil moisture error is 

approximately 15% across the various dates and beam modes. When the range of soil 

moisture values is taken into account, this error is comparable to other SAR-moisture 

Table 4.3: R
2
 and RMSE values of the ANN applied to the different scenes/dates at Cape Bounty in 

2010. Data is presented for both small and large image objects. 

Date 

Beam 

mode 

Avg. 

Inc. 

Angle Sm. Obj. R2 

Sm. Obj. 

N_RMSE 

(θV) Lrg. Obj. R2 

Lrg. Obj. 

N_RMSE (θV) 

1-Jul-2009 U15 43.3 0.15 17% -- -- 

7-Jul-2010 U4 33 0.09 21% 0.03 22% 

9-Jul-2010 U26 48.4 0.29 16% 0.18 15% 

11-Jul-2010 a U75 25.75 0.75 9% 0.40 12% 

17-Jul-2010 U9 37 0.39 15% 0.35 12% 

23-Jul-2010 U21 45.4 0.37 17% 0.29 18% 

23-Jul-2010 b FQ2 20.9 0.31 18% -- -- 

4-Aug-2010 U75 25.75 0.44 15% 0.32 17% 

10-Aug-2010  U9 37 0.39 17% 0.32 16% 
a ANN created using this date.   b Fine-Quad data, descending pass (all others ascending). 



 

156 

 

modeling efforts, where the maximum soil moisture rarely exceeds 0.40 m3/m3. Soil 

moisture values at Cape Bounty cover nearly the full range of 0 to 1 m3/m3 volumetric 

water content, so the normalized root mean square error (N_RMSE) is essentially the 

volumetric water content expressed as a percentage. 

When the ANN was applied to the large image objects, the results were similar 

to the small image objects. The R2 values are slightly lower, but the N_RMSE values are 

comparable.  

The ANN soil moisture output, apart from the July 11 U75 data, which were 

used to create the ANN, is not at the same scale as the field-measured moisture. This 

difference in scale is because the local incidence angle and σ0 backscatter are dependent 

on the beam mode used. The relationships are still linear, but the slope and intercept of 

the regression line that relates the ANN output to the field measurements vary by beam 

mode. However, the differences in the slopes and intercepts correspond closely to the 

average incidence angle of the beam mode (Figure 4.5). This relationship can therefore 

be used to determine the appropriate scaling needed for the ANN output for any given 

beam mode, even those not available for this study. The R2 values of the slope and 

intercept equations are 0.88 and 0.93, respectively, giving high confidence in this 

relationship between beam average incidence angle and slope/intercept values for the 

ANN output. The results of the ANN for each different beam mode can be combined 

once the output scales have been matched (Figure 4.6). The R2 and N_RMSE values for 

the combined results are 0.46 and 16%, respectively, improving to 0.50 and 15% if the 

July 7 data are removed. 
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Figure 4.5: Beam mode incidence angle correlations to slope and intercept values calculated 

for ANN results. 

 

 

 

Figure 4.6: Combined ANN output for each 2010 date, after scaling the results.  
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Once the ANN output is in the same scale as the field-measured soil moisture, 

then the absolute values can be compared directly. One of the strengths of this 

methodology is the ability to model soil moisture at different times, and to therefore 

have a temporal record of soil moisture. The mean soil moisture values across all the 

plots were compared for each date for which imagery was available, and the differences 

between the field-measured and ANN-modeled moisture values analyzed (Figure 4.7). 

The average moisture values given by the ANN model are very similar to the field-

measured soil moisture values across all dates (July 7 is the exception). The average soil 

moisture is affected by the precipitation across the area, and this is also reflected in the 

data. Precipitation data as measured by the Cape Bounty meteorological station is 

correlated to increases in average soil moisture, with soil moisture decreasing during 

periods without precipitation (Figure 4.7).  

 The pattern of average soil moisture increases and decreases with weather 

conditions; a pattern confirmed when the entire study area is modeled for each date. The 

ANN was applied to every image object for each date, excluding those objects that did 

not have surface roughness data (Chapter 2). Mapping the spatial distribution of soil 

moisture at such high spatial resolutions is another major strength of the approach taken 

for this research. The change in moisture across both temporal and spatial scales is 

readily apparent (Figure 4.8).  Comparing the small to the large image objects reveals the 

spatial consistency in modeled soil moisture across object sizes (Figure 4.9).  
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Figure 4.7: Precipitation and its effects on average soil moisture at Cape Bounty, 2010. Red 

arrows are RADARSAT-2 overpass dates. Plot-measured and ANN Avg. values are average 

soil moisture values measured in the field at each date, and the ANN output for that date, 

respectively. Avg. Change values are differences in moisture between each date from a 0 

start value (at July 7). 
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Figure 4.8: Spatio-temporal distribution of θV across 6 dates in 2010 at the Cape Bounty 

study area. Average θV values are the ANN modeled averages for the field-measured plots. 
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Figure 4.9: Comparison of ANN modeled soil moisture (θV) for small (left) and large (right) 

image objects. Values shown are for July 11, 2010. 

4.3.3 Cape Collingwood Results 

In the analysis of the Cape Collingwood data, the July 9 (U8) and the July 10 

(U74), 2011 acquisitions cover the northern study area, located in the Kanguk geological 

formation. The other 2011 acquisitions (Table 4.2) cover the southern study area, located 

in the Christopher and Hassel formations. 

The results of the ANN model applied to the 2011 imagery are presented in Table 

4.4. The R2 values are not as strong as the Cape Bounty results, though the N_RMSE 

values are similar. The total range of moisture values is less than at the Cape Bounty 

location (θV of 0.1 – 0.8 for the northern subset, 0.2 – 1.0 for the southern subset), so the 

N_RMSE values aren’t quite as good on a percentage basis. The July 23 scene resulted in 

a very poor relationship, although none are particularly good. It was very wet on July 

23, with over 16mm of rain having fallen over the preceding few days (precipitation 

measured manually on location with rain gauge) (Figure 4.7). Unlike the Cape Bounty 
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ANN results, there is less evidence for incidence angle playing a part in the accuracy of 

the results for Cape Collingwood. Beam modes with a small incidence angle, such as 

U79, have stronger results, while others, such as U74, are no better than the large 

incidence angle beam mode results (U8, U13). 

Table 4.4: R
2
 and N_RMSE values of the ANN applied to the different scenes/dates 

at Cape Collingwood in 2011. Data is presented for both small and large image 

objects. 

Date 

 

Beam mode Sm. 

Obj. R2 

Sm. Obj. 

N_RMSE 

(θV) 

Lrg. 

Obj. R2 

Lrg. Obj. 

N_RMSE 

(θV) 

09-Jul-2011 a U8 0.13 14% 0.21 14% 

10-Jul-2011 a U74 0.14 19% 0.27 18% 

12-Jul-2011 b U13 0.16 16% 0.28 13% 

13-Jul-2011 b U79 0.20 15% 0.05 14% 

23-Jul-2011 b U4 0.04 15% 0.05 15% 
a Covers northern subset of study area (Kanguk formation). 
b Covers southern subset of study area (Hassel and Christopher). 

 

When the results are scaled to the field-measured soil moisture values and 

combined (same methodology as for the Cape Bounty data), the model does not seem to 

apply as well to Cape Collingwood (Figure 4.10), though the RMSE values are 

acceptable. Without the July 23 data included, the combined R2 and N_RMSE values are 

0.26 and 12%, respectively. 

Some of the error in the ANN modeled moisture values for Cape Collingwood 

can be attributed to a few plots that are characterized by heavy moss cover, which we 

know (Chapter 3) has unpredictable effects on SAR backscatter (Figure 4.11). When 

these plots are removed (1 plot from North subset, 3 plots from South subset), the results 

are improved in nearly every case (Table 4.5).  
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Figure 4.10: Combined ANN results versus plot measured soil moisture. July 23 data is not 

included. 

 

The absolute values of soil moisture, as has been noted earlier, are not as 

important as the spatiotemporal results, i.e., the modeling of the relative moisture values 

across space and through time (Kornelsen and Coulibaly, 2013). The Cape Collingwood 

data again show good agreement with mean values of θV (Figure 4.12), the field 

measured and scaled ANN modeled values being within 0.015 θV of each other. The 

similar mean values indicate that the model is robust with respect to the relative 

differences between dates and across large numbers of image objects. The ANN results 

were applied to all image objects in the study area, and the resulting maps clearly 

indicate stream channels and the wet slopes surrounding them (Figure 4.13). Aside from 

R2 = 0.26 

N_RMSE  = 12%  
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the quantitative results already given, this demonstrates in a qualitative sense that the 

model is working as intended.  

 

 

 

 

Figure 4.11: Cape Collingwood outlier plot, showing the heavy moss cover. 

Table 4.5: Results of the ANN applied to the different scenes/dates at Cape Collingwood in 2011, 

after removal of outlier moss plots. Results are presented for both small and large image objects. 

Date 

 

Beam mode Sm. Obj. R2 

Sm. Obj. 

N_RMSE 

Lrg. Obj.  

R2 

Lrg. Obj. 

N_RMSE 

09-Jul-2011 U8 0.20 ↑ 12% ↓ 0.32 ↑ 11% ↓ 

10-Jul-2011 U74 0.20 ↑ 17% ↓ 0.42 ↑ 15% ↓ 

12-Jul-2011 U13 0.19 ↑ 12% ↓ 0.22 ↓ 12% ↓ 

13-Jul-2011 U79 0.27 ↓ 11% ↓ 0.03 ↓ 13% ↓ 

23-Jul-2011 U4 0.05 ↑ 15% ↑ 0.05 ↔ 15% ↔ 

↑ = increase from Table 4.4 values 

↓ = decrease from Table 4.4 values 

↔ = no change 
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Figure 4.12: Comparison of field measured average soil moisture to ANN modeled average 

soil moisture. θV values are within 0.015 of each other for each date. Red arrows show 

RADARSAT-2 data acquisition dates. Blue lines indicate timing and duration of 

precipitation events. 

4.3.4 Sources of Error 

The relationship between the absolute values of θV as determined by the ANN 

and field measurements for individual plots is clearly not strong in all cases. With the 

afore-mentioned caveats about the relevance of absolute θV values in the context of this 

research in mind, it is still useful to point out some of the underlying causes of the 

nature of these relationships.  

The data used as input to the ANN have errors associated with them, specifically 

with regards to the surface roughness values (see Chapter 2). We know that even small 

inaccuracies in roughness parameterization can lead to large errors in soil moisture 
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estimation (Tansey and Millington, 2001; Alvarez-Mozos et al., 2006). As mentioned in 

Chapter 2, in addition to the errors in the surface roughness ANN output itself, there is 

also the inherent error in the difference between surface measured roughness and SAR-

perceived roughness.  

 

Figure 4.13: ANN modeled soil moisture (θV) values for the Cape Collingwood study area. 

North sub-set is on the left, South sub-set on the right. Values are from July 1, 2011. 

To further the idea of inherent errors in field measurements, there is the problem 

of integrating soil moisture values across depth. The TDR measurements of θv were 

averaged over the top 5 cm of the soil surface, and there were often noticeable 

(qualitatively) moisture gradients between the top of the soil and at 5 cm depth. The 
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SAR backscatter is not necessarily representing the soil to the same depth, a 

characteristic of the data that depends on θV – the lower the soil moisture, the farther the 

SAR energy penetrates the soil (Ulaby et al., 1996), up to a maximum of approximately  

five cm with RADARSAT-2 (equivalent to the TDR-measured depth). This is a problem 

that has been known for some time (Ulaby et al., 1978), yet is not easy to resolve. 

Soil moisture changes can also change the form of SAR scattering behavior. It is 

known from previous work in the area (Wall et al., 2010) that saturated or very high soil 

moisture conditions cause a reduction in the strength of the relationship between SAR 

backscatter (and other SAR-derived variables) and surface soil moisture. Dobson and 

Ulaby (1981) demonstrated how SAR backscatter reflection changes from diffuse to 

specular as the soil moisture nears saturation, reducing the backscatter to values 

associated with lower soil moisture; this is thought to be the reason for the 

underestimation of high soil moisture values in the ANN model presented here. This 

response is also affected by the local incidence angle, with incidence angles closer to 

nadir being affected less than those at shallower angles. Other studies have revealed that 

low incidence angles (closer to nadir) are better for soil moisture modeling with SAR 

data (Ulaby and Batlivala, 1976), as these angles minimize the backscatter contribution 

from surface roughness, in addition to minimizing the effects of increased specular 

reflection due to near-saturated moisture conditions. With the dataset presented in this 

research, evidence in support of this idea can be seen by analyzing high and low 

incidence beam modes from the same date (and therefore same soil moisture conditions. 

In this case, both a U21 scene (average incidence angle = 45.4°) and an FQ2 scene 
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(average incidence angle = 20.9°) were acquired for the Cape Bounty study area on July 

23, 2010. When the ANN model output for these two scenes are compared (Figure 4.14), 

it is clear that the smaller incidence angle FQ2 scene is modeling higher soil moisture 

values (θV > 0.60) more accurately than the large incidence angle U21 data. Out of 20 

field-measured values where θV > 0.60, only four of those values are modeled above the 

0.60 level for the U21 data, compared to 12 above that level for the FQ2 data. The overall 

R2 is lower for the FQ2 data, however, which could be a result of the comparatively 

larger spatial resolution or the fact that it is a descending pass (the model was created 

using ascending pass data). 

 

Figure 4.14: Comparison of incidence angle effects when modeling high soil moisture (θV > 

0.60) values at the Cape Bounty study site, July 23, 2010. Field-measured soil moisture 

values where θV > 0.60 are highlighted, and dashed lines indicate where θV = 0.60 for both 

field-measured and ANN modeled soil moisture values. 

 

4.4 Conclusions 

 The soil moisture ANN was implemented using both SAR data (HH polarized 

backscatter, local incidence angle) and previously modeled surface roughness values 
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(Chapter 2). The model was created from a single date and beam mode (July 11, 2010, 

U75) and then applied to multiple dates and beam modes, a methodology necessary to 

be able to model soil moisture through time. The model was applied to the Cape Bounty 

study area, where it was calibrated, and the Cape Collingwood study area, where it was 

validated under different biophysical and geological conditions.  

The 0.155 RMSE average that resulted from the application of the ANN to the 

different dates at Cape Bounty, with the very large soil moisture range present in these 

environments (θV = 0 to 1), is equivalent to other studies at southern latitudes with a θV 

RMSE of 0.05 (a commonly cited value), but maximum soil moisture values of θV = 0.40. 

The absolute moisture values are not as important as the spatiotemporal distribution of 

the soil moisture, and the strong results of this metric (Figure 4.7) indicate that the 

model is very robust with different input beam modes and across different physical 

spaces. Similar results were found at the validation site (i.e., Cape Collingwood), with an 

average R2 of 0.26 and N_RMSE of 12%, though again the spatiotemporal modeling of 

the moisture was much better (Figure 4.12).   

The best results appear to occur when the model is applied using smaller 

incidence angle beam modes, which reduce the effects of surface roughness and specular 

scattering from areas of very high soil moisture. There are, however, very strong 

relationships between the slope (R2 = 0.88) and intercept (R2 = 0.93) of the regression used 

to match the ANN output for the different beam modes to the scale of soil moisture 

measured on the ground. Using these relationships, it is possible to use any beam mode 



 

170 

 

(and associated incidence angle) with the model, as the output can be converted to the 

proper scale using the slope and intercept equations.  

When the model is applied to larger image objects, the results are very similar to 

the smaller image objects, giving rise to the potential to apply the ANN across larger 

areas (i.e., up-scaling of the model output). This adaptability, along with the strong 

spatiotemporal modeling results, suggest that the ANN model presented in this research 

is capable of providing useful information for hydrological and climatic model 

assimilation, in addition to being used as input in other models (hazard susceptibility, 

vegetation, etc.) and for mapping soil moisture distribution at a high spatial resolution 

across watersheds. 
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Chapter 5 

Conclusions and Future Research 

 There are many unique challenges to modeling soil moisture and other 

biophysical parameters in the Canadian Arctic; e.g., extreme soil moisture conditions 

(very low to saturation) render many existing models unusable in this environment. 

Vegetation is sparse and very heterogeneous, making high spatial resolution data and 

analyses important considerations. Surface roughness and soil moisture are also very 

heterogeneous at fine spatial scales across the landscape. Spatial distribution of these 

variables, along with temporal changes in soil moisture through the growing season, are 

important factors for hydrological and climate change models. 

 SAR backscatter is sensitive to a variety of controls, including surface roughness, 

vegetation, and soil moisture. These variables were analyzed separately where possible 

(roughness, vegetation), but they are all inherently linked, both ecologically and through 

their effects on backscatter. Soil moisture, in particular, is very dependent on fine scale 

topographic controls in the Arctic (which also affect surface roughness). Further, 

vegetation is inherently linked to soil moisture distribution across the landscape. 

Backscatter is predominately controlled by the geometry of the surface (surface 

roughness) and the dielectric constant of the surface (controlled by soil moisture). 

Surface roughness was actually used directly in the soil moisture models (Chapter 4), as 

it is very difficult to separate which biophysical controls are affecting the SAR 
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backscatter over a given area. The results of the vegetation model could also potentially 

increase the soil moisture model accuracy, due to their functional relationship. 

 Each chapter of this thesis examines a specific control for biophysical modeling 

in the High Arctic using SAR. The examination and subsequent modeling of each of the 

variables was necessary to determine how the application of SAR data can be extended 

to terrestrial modeling at high latitudes. The research presented in this thesis 

demonstrates that biophysical variables of High Arctic environments can be successfully 

modeled using various combinations of high resolution, multi-incidence angle, and 

polarimetric SAR data. An examination of the results of the individual research 

objectives are addressed as follows: 

 

Objective 1:  To determine the utility of high spatial resolution, multi-temporal and 

multi-polarized SAR data for modeling surface roughness, soil moisture, and 

discriminating vegetation properties. 

High spatial resolution data (3m Ultra-Fine and 8m Fine-Quad beam modes) 

allowed for high spatial resolution model results, and more accurate spatial distribution 

of the biophysical properties examined than would be possible with coarser resolution 

soil moisture products that are often at the kilometer scale (Chapter 4). 

Polarimetric data, along with multi-angular data, were useful in discriminating 

surface roughness values (Chapter 2). Five of the seven parameters used in the model 

were derived from polarimetric data (i.e., HV, Intensity Ratio, Anisotropy, Pedestal 

Height, and Phase Difference).  
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RADARSAT-2 beam modes covering multiple incidence angles were necessary 

for modeling surface roughness and vegetation (Chapters 2 and 3). Polarimetric 

parameters were not useful for discriminating vegetation, likely due to the low 

incidence angles at which the polarimetric data were acquired. Multi-incidence angle 

data are sensitive to changes in roughness and vegetation due to differences in 

backscatter changes between rough/smooth and vegetated/non-vegetated surfaces. 

Multi-temporal data are crucial for modeling soil moisture (Chapter 4), where 

soil moisture can change rapidly throughout the growing season and by ecosystem. 

Evidence for this is presented in Chapter 4 (Figure 4.7, 4.12), where precipitation events 

recorded on the ground could easily be deduced from the modeled data. A single 

precipitation event can increase the watershed average surface soil moisture by 0.05 m3 / 

m3. or more, as the infiltration rate of the soil is very low due to a thin active layer. 

 

Objective 2:  To better understand and separate the interacting effects of surface 

roughness, vegetation, and soil moisture on SAR backscatter values. 

Output from the surface roughness model (Chapter 2) was used as an input to 

the soil moisture model (Chapter 4). However, the output of the vegetation model 

(Chapter 3) was not used as an input to the soil moisture model, though it was tested: 

i.e., there was no significant difference in model results when vegetation data were 

included. It is suggested that this can be attributed to the very low levels of vegetation, 

and the multi-incidence angle data that are required to detect it. There does, however, 
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seem to be some potential for post-modeling increases in soil moisture accuracy with 

vegetation data, as explained below. 

Moisture stored by mosses appears to have a negative impact on the model’s 

ability to accurately estimate soil moisture in areas with heavy moss cover (Chapter 4). 

This is likely due to the high water-holding capacity of mosses, which artificially 

increases SAR backscatter when compared to the actual soil moisture level. The 

vegetation model also has difficulties modeling areas with heavy moss cover (Chapter 

3). 

Objective 3:  To develop a suitable method for modeling surface roughness, vegetation 

distribution, and soil moisture through time across the Cape Bounty Arctic Watershed 

Observatory (CBAWO). 

Models were created using artificial neural networks (ANNs). This method of 

modeling has a number of advantages, such as having no assumptions about the 

statistical nature of the input data, and the ease of including ancillary data. ANNs are 

simple to implement, yet are very good at modeling relationships even with noisy data. 

Models of surface roughness, vegetation phytomass, and soil moisture were 

generated using high resolution, multi-temporal, and polarimetric SAR data from 

RADARSAT-2. The models had good correlation to field-derived measures of surface 

roughness (R2 = 0.37 to 0.66, N_RMSE = 13.9% to 22%, Chapter 2), vegetation phytomass 

(R2 = 0.60, N_RMSE = 8%, Chapter 3) and surface soil moisture (R2 = 0.46, N_RMSE = 

15%, Chapter 4). 
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Surface roughness models (Chapter 2) are limited in accuracy due to the 

difference between SAR–perceived and surface-measured roughness. SAR surface 

roughness is actually indicative of both surface and sub-surface roughness (volume 

scattering), so having field measurements limited to surface roughness is a difficult 

handicap to overcome.  Compared to the vegetation and soil moisture models, the R2 

values for the surface roughness model are low, but in context are quite robust for the 

probable applications of the model, and for input for soil moisture modeling. 

Vegetation was modeled with respect to both SAVI and phytomass (Chapter 3), 

with both the SAVI and phytomass models showing strong relationships to their 

optically-derived (SAVI) and field-measured (above-ground phytomass) equivalents. 

Strong spatiotemporal relationships were found between measured and modeled 

soil moisture at the CBAWO and at Cape Collingwood (Chapter 4), with non-significant 

differences in average moisture across a time series. Surface roughness and vegetation 

were assumed to be time-invariant across yearly time scales in this environment, based 

on knowledge of systems and processes present in this environment. 

 

Objective 4: To determine which physical controls SAR is sensitive to in a high arctic 

environment. 

SAR is sensitive to all of the physical controls discussed, including surface 

roughness, soil moisture, and, to a lesser extent, vegetation. SAR is also likely sensitive 

to sub-surface roughness (i.e., rock fragments, hardened soil clumps), which is 
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extremely difficult to characterize in this environment due to the variable mixture of 

materials in the overlying till. 

It is suggested that SAR is sensitive to differences in soil texture, as evidenced by 

the differences in model results between the Cape Bounty and Cape Collingwood study 

areas (Chapters 2 and 4). The underlying geology and soils at the Cape Collingwood 

study area are different from those at the CBAWO for which the models were 

developed, and this appears to contribute to the decreases in model accuracy observed 

when the models are extended to Cape Collingwood (i.e., for both the surface roughness 

and soil moisture models). This could be due to differences in water holding capacity 

and the amount of free versus bound water in the geologic areas (such as the 

Christopher formation at Cape Collingwood) where these factors would be expected to 

be appreciably different from the model development site of Cape Bounty due to 

differences in soil particle size distribution. 

The heterogeneity of the high arctic landscape studied, posed problems in the 

development of the various models, especially the soil moisture model. The differences 

in wetting depth and moisture content across very short distances rendered ground 

measurements difficult and not necessarily representative of the entire image object of 

which they were supposed to represent, leading to inaccuracies in the models. 

Further to Objective 2, preliminary analysis of the soil moisture and vegetation 

data suggests that there could be ways for the vegetation model to better inform or 

enhance the soil moisture model under very wet conditions, due to the close coupling of 

moisture and vegetation in the harsh environments of the Canadian High Arctic. While 
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the vegetation model does not, in a general sense, contribute useful information to the 

soil moisture model, it does have the potential to be an indicator to one of the major 

inaccuracies of the soil moisture model.  

As described in Chapter 4, the soil moisture model has difficulty determining 

areas of very high (θV > 0.60) soil moisture content, due to the properties of SAR 

interactions with large amounts of water – i.e., the surface develops the properties of a 

specular reflector, leading to lower backscatter values that would normally be associated 

with lower values of soil moisture. However, these areas of very high soil moisture are 

typically associated with high levels of vegetation, due to the moisture-limited nature of 

vegetation growth in this environment. The vegetation model should therefore be able 

to inform the soil moisture model of these areas of high vegetation / moisture, and thus 

correct some of the inaccuracies introduced when modeling areas of very high soil 

moisture. 

A preliminary analysis of this idea was undertaken, with a simple formula 

whereby the SAVI value (from the SAVI ANN model, Chapter 3) was added so the soil 

moisture value (from the soil moisture model, Chapter 4), but only if the SAVI value was 

greater than 0.25 (a somewhat arbitrary cutoff for “high” levels of vegetation). The 

results for one date (July 23, 2010) indicate that the R2 value was increased by 0.15 using 

this method, from 0.34 to 0.49, with the N_RMSE decreasing by more than two percent 

as well, from 17.6% to 15.5% (Figure 5.1). Of course, there is also some error introduced. 

While high soil moisture is nearly always associated with high SAVI values, the reverse 

is not always true, leading some low soil moisture / high vegetation cover locations to be 
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modeled as high soil moisture locations.  Overall, this is a promising avenue of future 

research, which could lead to more refined and accurate soil moisture models, especially 

for areas of high (θV > 0.60) soil moisture.  

 

 

Figure 5.1: Comparison between soil moisture model output for July 26, 2010. Original 

model (left) and original model + SAVI changes (right). 

While the biophysical variables that were modeled in this research were 

addressed individually, there are also potentially useful outputs when they are 

combined. The model results from the surface roughness, vegetation phytomass, and 

soil moisture models can be used to represent the physical landscape through the use of 

Red-Green-Blue (RGB) color-space (Figure 5.2). This is an easy way to visualize and 

even classify the landscape (Figure 5.3) using physically meaningful characteristics, 

rather than the simple visual spectrum reflectance that is normally used for land 

classification. Classification could also include ancillary terrain variables derived from a 

DEM. Further investigation is required to determine applicable classes and potential 

classification accuracy of these surface integrated outputs. 
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This research provides strong evidence that high resolution polarimetric and 

multi-angular SAR data from RADARSAT-2 can provide important information on 

biophysical variables for environmental modeling and infrastructure planning in the 

Canadian High Arctic. Further, these models provide superior input information for gas 

flux modeling across different spatial scales. Finally, these models provide critical 

information that will help inform hazard susceptibility models, as well as hydrological 

and climate change models, over the terrestrial environments of the Canadian High 

Arctic.  
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Figure 5.2: Results of merged surface roughness, vegetation, and soil moisture model results for 

the Cape Bounty study area. The color cube (top left) shows the value of each resulting pixel in 

three-dimensional color space, with red representing surface roughness, green representing 

vegetation phytomass, and blue representing soil moisture, all from low (black) to high values 

(white). 
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Figure 5.3: Potential landscape physical classes based on ANN model outputs. 
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Appendix A Field Data 

 

Appendix A.1 Surface roughness, Cape Bounty 

Assumption made that surface roughness is temporally invariant in this area (it 

mostly is, as long as herds of muskox or caribou don't go through an area). That is why 

there is only one set of roughness measurements that are used for both 2009 and 2010. 

RMS_avg and L_avg are the root mean square variation of height, and the correlation 

length, respectively.  They are averages of 2 perpendicular 6 m long transects, which are 

oriented in the satellite look direction (one transect parallel to look direction, one 

perpendicular). S_all_RMS_avg and S_all_L_avg are the same variables, but derived 

from averaging 12 1m long transects, 6 in each direction (perpendicular and parallel to 

satellite look direction). 

 

PLOT RMS_avg L_avg S_all_RMS_avg S_all_L_avg 

2010_01 1.79 16.75 1.426 12.792 

2010_02 2.42 47 1.185 18.917 

2010_03     

2010_04     

2010_05 2.245 38.25 1.658 35.792 

2010_06 2.325 53.75 1.535 19.083 

2010_07 3.045 41.75 1.863 21.875 

2010_08 2.7 60.5 1.701 32.208 

2010_09 2.985 44.5 2.403 25.167 

2010_10 2.145 27.25 1.672 16.000 

2010_11 1.845 35 1.592 30.417 

2010_12 1.445 43.25 1.015 20.833 

2010_13 1.065 34.75 1.023 25.583 

2010_14 1.445 5 1.296 3.625 

2010_15 1.78 84.25 1.199 22.833 

2010_16 3.04 60 1.878 17.125 
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2010_17 1.41 42.5 1.126 15.750 

2010_18 1.28 14.25 1.173 23.583 

2010_19 1.295 42.25 0.923 25.458 

2010_20 1.015 69.5 0.798 42.458 

2010_21     

2010_22 1.31 89 0.683 12.000 

2010_23 2.025 63 0.995 31.833 

2010_24 5.35 14 4.842 15.167 

2010_25 1.755 53.25 1.117 20.458 

2010_26 1.045 54.25 0.677 8.000 

E01 2.65 34.75 1.871 20.167 

E02 2.09 50.75 1.113 30.250 

E03 2.445 54.25 1.446 19.583 

E04 2.24 23.75 1.644 21.833 

E05 2.415 33 1.463 9.875 

E06 2.01 27 1.562 11.875 

E07     

E09 1.88 38.5 1.381 17.542 

E10 1.76 35.25 1.279 20.250 

E11 2.46 48 1.581 16.042 

E12 1.925 24.75 1.705 28.958 

E13 2.825 41.75 1.846 12.958 

E14 2.61 24 2.216 25.250 

E15 1.375 12.25 1.152 9.333 

E16 0.82 32 1.020 39.333 

E18 2.115 37.5 1.252 20.750 

E19 1.745 52.25 1.163 28.583 

E20 1.825 48.5 1.143 27.417 

E21 0.955 34.75 0.967 31.708 

E22 0.95 41 0.980 26.750 

E23 1.795 36.25 1.193 24.958 

E24 2.1 71.75 1.463 22.833 

E25 1.16 29.75 1.030 30.500 

E26 1.775 41.5 1.248 23.292 

E27 1.6 71.25 0.938 34.833 

E28 1.03 21.25 0.864 17.208 

E29 2.335 36.75 1.483 18.042 

E31 1.99 33.75 1.401 28.375 

E32 1.355 53.75 0.906 17.333 

E33 1.815 41 1.436 22.583 

E34 1.905 64.75 1.293 21.875 

E35 1.875 43.25 1.233 30.125 

E36 1.52 19.5 1.398 26.000 

E37 1.845 52 0.968 23.208 



 

193 

 

E38 2.58 54.75 1.561 34.292 

E40     

E42     

E43 2.175 36.5 1.533 19.708 

E44 2.29 36.25 1.660 31.125 

E47 2.22 29.5 1.823 23.875 

E48     

E49     

E50 1.91 52 1.179 22.167 

E51 2.115 15 1.912 15.000 

E52 3.81 41.5 2.273 32.792 

E53     

E54     

E55     

E56     

E57 3.32 51 1.621 23.375 

E58 1.925 33 1.457 18.417 

E59 1.475 34.25 1.087 9.750 

E60 2.235 20 1.689 18.625 

W01 1.645 36 1.683 35.417 

W02 2.265 28 1.620 13.250 

W03 1.35 29.75 1.455 35.667 

W04 3.99 73.5 1.827 18.167 

W05 2.42 86 1.504 28.458 

W06 2.38 43.5 2.129 32.292 

W07 2.825 31.5 2.131 26.067 

W08 3.245 47.5 1.723 27.292 

W09 2.22 45.5 1.958 34.833 

W10 2.23 35 1.820 25.333 

W11 1.6 13.75 1.764 34.500 

W12 2.035 36.75 1.468 17.583 

W13 2.44 58.5 1.453 21.750 

W14 2.82 44.75 1.914 15.667 

W15 1.425 28.25 1.323 43.583 

W16     

W17 2.09 34.75 1.778 23.792 

W18 2.085 40 1.606 30.875 

W19 3.335 60.75 1.778 28.667 

W20 1.625 13.5 1.589 22.125 

W21 2.13 36.75 1.677 33.958 

W22 1.82 39.25 1.358 19.375 

W23 1.745 26 1.372 22.250 

W24 1.805 32.25 1.483 20.917 

W27 2.045 42 1.198 24.917 
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W28 2.175 72.75 1.509 23.500 

W29 2.96 56.5 1.433 28.083 

W30 2.045 48 1.070 14.375 

W31 0.79 51.75 1.529 54.833 

W32 2.62 79.25 1.078 28.583 

W33 1.65 69 1.473 43.500 

W34 1.14 10.5 1.070 10.792 

W35 1.98 57.75 1.504 15.333 

W36 1.64 27.25 1.037 13.958 

W37 1.685 94.5 1.425 36.167 

W38 0.88 43.5 1.180 42.667 

W39 1.12 36.25 0.856 28.250 

W40 1.15 41.75 1.219 39.750 

W41 1.815 32.25 2.137 39.417 

W42 3.36 50.75 2.271 19.542 

W43 1.565 30.25 1.628 26.458 

W44 2.115 17.75 1.648 17.000 

W45     

W46 2.745 43 2.035 23.167 

W47     

W48 1.88 21.5 1.802 18.583 

W49 3.235 43.5 2.118 25.750 

W50 2.34 57 1.842 21.500 

W51 1.925 25.5 1.480 18.958 

W52     

W53 3.28 25 2.591 23.393 

W54     

W55 3.395 74.25 1.968 15.917 

W56 1.885 33.75 1.595 19.250 

W57 1.62 24.25 1.641 23.792 

W58 1.87 39.25 1.654 32.792 

W59 2.875 64 1.919 34.125 

 

Appendix A.2 Surface Roughness, Cape Collingwood 

Plot RMS_avg L_avg sRMS_avg sL_avg 

D19 2.055 76 1.48 31.50 

D22 2.64 40.75 1.87 25.25 

D24 2.115 16.25 1.79 11.75 

D31 2.035 14.75 1.95 19.79 

D32 2.54 34.25 2.14 19.71 

H11 4.815 55 3.05 4.75 

H17 4.55 36.75 3.19 10.33 
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H26 5.785 59.5 3.42 6.71 

H32 3.375 8 3.05 6.83 

E01 0.76 35.5 0.57 16.50 

E17 1.48 8 1.50 14.33 

E25 1.86 121.25 1.08 22.33 

E27 2.51 65.25 1.69 14.25 

RD6 2.095 17 1.62 8.33 

ChR1 2.645 9.25 2.19 5.08 

 

 

Appendix A.3 2009 Soil Moisture, Cape Bounty 

 

PLOT 12-
Jun 

17-
Jun 

18-
Jun 

22-
Jun 

29-
Jun 

1-
Jul 

11-
Jul 

16-
Jul 

23-
Jul 

E02  0.19  0.20 0.14 0.16  0.33  

E03 0.63    0.43   0.50 0.42 

E04 0.59 0.78  0.94  0.79  0.86 1.30 

E05 0.78 0.79 0.83 0.60 0.49 0.46  0.47  

E06     0.41 0.37  0.33 1.09 

E07 0.60 0.46 0.44 0.40 0.37 0.30  0.45 0.71 

E09  0.75  0.66 0.55 0.56  0.53  

E10  0.55  0.51 0.39 0.37  0.38  

E11 0.81 0.80  0.77 0.61 0.45  0.58 0.97 

E12 0.64 0.62  0.65 0.59 0.64  0.67  

E13     0.19 0.23  0.32 0.63 

E14 0.66 0.60  0.48 0.34 0.35  0.65  

E15     0.37 0.32  0.64 0.70 

E16 0.54 0.24  0.23 0.19 0.19  0.23 0.45 

E18 0.54 0.34  0.29 0.23   0.27  

E19 0.53 0.33  0.21 0.27 0.21  0.32  

E20 0.57 0.28  0.27 0.20 0.21  0.25 0.64 

E21 0.56 0.21  0.23 0.16 0.18  0.23 0.67 

E22 0.55 0.33  0.23 0.21 0.19  0.30  

E23 0.58 0.15 0.18 0.17 0.09 0.09  0.17  

E24 0.55 0.24  0.24 0.21 0.13  0.24 0.67 

E25 0.66 0.56 0.46 0.34 0.32 0.29  0.29  

E26 0.48 0.27  0.25 0.26 0.23  0.35  

E27 0.54 0.27  0.26 0.24 0.26  0.28 0.67 

E28 0.57 0.20 0.26 0.24 0.21 0.17  0.22  

E29 0.52 0.29  0.33 0.20 0.21  0.26 0.70 

E31 0.60 0.25  0.28 0.25 0.24  0.23 0.77 

E32 0.56 0.26  0.29 0.21 0.24  0.49  
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E33 0.58 0.22 0.22 0.21 0.17 0.20  0.23  

E34 0.58 0.25  0.23 0.17 0.14  0.32 0.51 

E35 0.55 0.29  0.31 0.24   0.22 0.48 

E36 0.57 0.30  0.25 0.24 0.21  0.30 0.73 

E37 0.59 0.21  0.22 0.18 0.19  0.48  

E38 0.61   0.56 0.81 0.75  0.85  

E40 0.90 1.13  1.15    0.86  

E42 0.76 0.62  0.35 0.24   0.37 0.78 

E43  0.69  0.60 0.53 0.45  0.54  

E44 0.57 0.37  0.34 0.32 0.22  0.31 0.49 

E47 0.84 0.78 0.88 0.75 0.68 0.68   0.95 

E48 0.63 0.56  0.59 0.40 0.49  0.68 0.85 

E49  0.23  0.27 0.21 0.23  0.40  

E50 0.89   0.97 0.88 0.83  0.77 1.28 

E51 0.72 0.70  0.43 0.45 0.35  0.51 0.70 

E52 0.86 0.99  1.10  0.88  0.86 1.17 

E53    0.99    0.99  

E54  0.58  0.61 0.56 0.49  0.64  

E55 0.96 1.39  1.04    0.95  

E56 0.55 0.37  0.26 0.30 0.24  0.28 0.61 

E57 0.67 0.74  0.61 0.39 0.39  0.27 0.77 

E58  0.86  0.91 0.80   0.75  

E59 0.64 0.31 0.38 0.30 0.31   0.40 0.39 

E60  0.35  0.31 0.28 0.24 0.30 0.24  

W01  0.73  0.76 0.76 0.72 0.63 0.52  

W02    0.67 0.56 0.62 0.67 0.50  

W03    0.55 0.43     

W04 0.64 0.27  0.25 0.22 0.20 0.20 0.23  

W05 0.82 0.65 0.68 0.50 0.41   0.46 0.57 

W06  0.67  0.48 0.35     

W07  0.70  0.47 0.55     

W08  0.79  0.76 0.54 0.47 0.39 0.42  

W09  0.80 0.78 0.66 0.72     

W10  0.29  0.27 0.22 0.24 0.21 0.21  

W11  0.22  0.23 0.18     

W12    0.33 0.30 0.25  0.27  

W13 0.62 0.35  0.37 0.30 0.29 0.31 0.32  

W14 0.71 0.75  0.65 0.42 0.40 0.25 0.35  

W15 0.69 0.61  0.56 0.45 0.37 0.25 0.35  

W16 0.64 0.52  0.37 0.27 0.31 0.13 0.32  

W17  0.30 0.29 0.29 0.26   0.33 0.60 

W18  1.01 0.95 0.81 0.82   0.64 1.03 

W19  0.27 0.29 0.22 0.20     

W20          
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W21  0.72  0.66 0.61     

W22 0.64 0.50 0.53 0.30 0.30   0.30 0.79 

W23  0.80  0.77 0.54 0.54 0.38 0.42  

W24 0.64 0.18  0.17  0.15 0.14 0.19  

W27  0.32  0.32 0.29     

W28 0.62 0.23  0.28 0.29 0.25 0.29 0.25  

W29 0.62 0.24 0.29 0.28 0.26   0.38 0.69 

W30 0.68 0.44  0.38 0.28 0.27 0.29 0.29 0.19 

W31 0.65 0.20  0.21 0.19 0.16  0.25  

W32    0.26 0.74 0.20 0.23 0.23 0.45 

W33  0.19  0.23 0.19 0.20 0.21 0.24  

W34 0.65 0.21  0.23 0.19 0.19 0.24 0.18 0.61 

W35 0.65 0.19  0.21 0.19 0.18 0.16 0.22  

W36 0.63 0.23  0.31 0.24 0.35 0.29 0.32 0.60 

W37  0.32  0.27 0.24 0.19 0.45 0.24  

W38  0.21  0.24 0.19 0.20 0.22 0.24  

W39 0.65 0.27  0.26 0.21 0.21  0.27 0.70 

W40 0.65 0.23  0.27 0.21 0.21  0.25 0.56 

W41 0.63 0.20  0.24 0.26 0.20 0.19 0.22  

W42    0.55 0.32 0.36 0.61 0.47  

W43          

W44 0.73 0.54  0.53 0.47 0.47 0.48 0.56 0.79 

W45 0.67 0.58  0.53 0.64 0.53 0.51 0.61  

W46 0.64 0.47  0.44 0.23 0.26 0.31 0.32  

W47  0.62  0.64 0.61 0.58 0.69 0.79  

W48  0.82  0.72 0.52     

W49    0.28 0.24 0.26 0.51 0.27  

W50 0.70 0.58  0.53 0.37 0.36 0.69 0.37  

W51 0.62 0.34  0.30 0.29 0.44  0.36 0.87 

W52 0.77 0.72  0.77 0.74 0.75  0.72  

W53 0.62 0.37  0.31 0.30 0.25  0.29 0.60 

W54  0.90  0.82 0.81 0.67 0.80 0.83  

W55  0.49  0.34 0.35     

W56          

W57  0.25 0.23 0.21 0.20     

W58 0.67 0.54 0.52 0.42 0.35   0.45 0.85 

W59          

 

 

Appendix A.4 Soil Moisture 2010, Cape Bounty 

PLOT 8-
Jul 

9-
Jul 

11-
Jul 

13-
Jul 

17-
Jul 

23-
Jul 

4-
Aug 

10-
Aug 
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2010_01 0.30 0.65 0.52 0.61 0.68 0.83  0.41 

2010_02 0.64 0.60  0.73 0.40 0.68  0.21 

2010_03 1.39 1.00 3.69 2.20 1.46 0.25  0.87 

2010_04  2.53 2.34 3.08 3.06 2.18  1.09 

2010_05 0.17 0.30 0.14 0.34 0.26 0.32  0.32 

2010_06 0.38 0.12 0.17 0.36 0.32 0.29  0.29 

2010_07 0.15 0.30 0.18 0.38 0.33 0.33   

2010_08 0.23 0.10 0.20 0.34 0.22 0.37   

2010_09 0.23 0.26 0.27 0.37 0.32 0.37   

2010_10 0.53 0.44 0.22 0.56 0.34 0.53   

2010_11 0.10 0.20 0.14 0.36 0.30 0.30   

2010_12  0.21 0.26  0.23    

2010_13  0.31 0.24  0.36    

2010_14  0.27 0.21  0.27   0.50 

2010_15  0.27 0.24  0.24   0.17 

2010_16  0.23 0.28  0.28   0.21 

2010_17  0.16 0.20  0.24   0.23 

2010_18  0.21 0.28  0.23   0.47 

2010_19  0.23 0.21  0.29   0.46 

2010_20  0.12 0.15  0.17   0.12 

2010_21  0.29 0.32  0.39    

2010_22  0.26 0.22  0.25   0.25 

2010_23  0.13 0.19  0.25   0.41 

2010_24  0.34 0.22  0.23    

2010_25  0.32 0.21  0.23   0.25 

2010_26  0.24 0.21  0.21    

E01 0.59 0.72 0.59 0.61 0.67 0.57 0.74 0.71 

E02 0.29 0.16 0.17 0.22 0.20 0.21 0.36 0.35 

E03 0.32 0.30 0.27 0.37 0.32 0.35 0.43 0.44 

E04 0.85 0.86  0.71 0.74 0.70 0.76 0.78 

E05 0.44 0.40 0.31 0.21 0.40 0.32 0.80 0.77 

E06 0.26 0.32 0.24 0.44 0.36 0.41 0.63 0.45 

E07 0.31 0.26 0.21 0.24 0.23 0.25 0.49 0.41 

E09 0.34 0.42 0.30 0.32  0.41   

E10 0.19 0.20 0.15 0.21 0.22 0.19 0.25 0.23 

E11 0.37 0.46 0.30 0.46 0.42 0.39 0.76 0.59 

E12 0.77 0.79 0.65 0.64 0.78 0.75  0.75 

E13 0.24 0.27 0.27 0.32 0.25 0.28 0.41 0.37 

E14 0.46 0.36 0.29 0.37 0.24 0.35 0.57 0.45 

E15 0.39 0.35 0.25 0.40 0.43 0.30 0.63 0.54 

E16 0.28 0.18 0.20 0.29 0.17 0.23 0.33 0.37 

E18 0.30 0.28 0.20 0.31 0.28 0.24 0.31 0.27 

E19 0.21 0.21 0.19 0.26 0.21 0.25  0.30 

E20 0.24 0.21 0.18 0.27 0.21 0.23 0.62 0.44 
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E21 0.20 0.20 0.15 0.23 0.41 0.20 0.51 0.35 

E22 0.26 0.18 0.20 0.22 0.20 0.26  0.35 

E23 0.34 0.22 0.28 0.23 0.22 0.15 0.23 0.17 

E24 0.31 0.24 0.10 0.23 0.22 0.31 0.61 0.34 

E25 0.22 0.22 0.21 0.27 0.20 0.23 0.68 0.55 

E26 0.21 0.22 0.19 0.26 0.24 0.22 0.32 0.36 

E27 0.27 0.23 0.20 0.23 0.24 0.24 0.36 0.26 

E28 0.24 0.18 0.17 0.24 0.20 0.26 0.26 0.21 

E29 0.17 0.23 0.21 0.22 0.23 0.33 0.65 0.36 

E31 0.25 0.16 0.16 0.29 0.22 0.32 0.65 0.39 

E32 0.20 0.24 0.13 0.31 0.36 0.64   

E33 0.26 0.17 0.15 0.26 0.46 0.24 0.21 0.30 

E34 0.07 0.10 0.20 0.20 0.18 0.21 0.23 0.18 

E35 0.24 0.20 0.21 0.24 0.19 0.26 0.57 0.36 

E36 0.18 0.18 0.17 0.27 0.20 0.28 0.71 0.39 

E37 0.27 0.21 0.21 0.24 0.35 0.26 0.73 0.43 

E38 0.27 0.25 0.18 0.29 0.22 0.26 0.43 0.33 

E40 0.96 0.79 0.82 0.23 0.21 0.62 2.46 0.84 

E42 0.90 1.37 0.55 0.69 0.66 0.97  0.92 

E43 0.39 0.43 0.28 1.81 1.10 0.32 0.71 0.69 

E44 0.29 0.40 0.39 0.35 0.31 0.42   

E47 0.24 0.23 0.21 0.47  0.38 0.62 0.37 

E48 1.32 1.36 0.89 0.30 0.31 0.92  0.82 

E49 0.84 0.80 0.96 1.08 0.89 0.98 0.92 0.74 

E50 0.14 0.25 0.20 0.88 0.88 0.22   

E51 0.21 0.66 0.58 0.24  0.72 0.91 0.81 

E52 0.31 0.22 0.28 0.67 0.76 0.26 0.53 0.36 

E53 0.49 0.59 0.81 0.84 0.89 0.87  0.88 

E54 0.88 1.07 0.80 0.86 0.87 0.81 0.84 0.92 

E55 0.83 0.87 0.81 0.94  0.91   

E56         

E57 0.27 0.25 0.20 0.25 0.23 0.22 0.36 0.25 

E58 0.51 0.36 0.36 0.38 0.48 0.38 0.71 0.52 

E59 0.24 0.25 0.23 0.43 0.33 0.37 0.69 0.67 

E60 0.48 0.79 0.57 0.73 0.80 0.71 0.81 0.81 

W01 0.30 0.12 0.17 0.39 0.35 0.28  0.32 

W02 0.50 0.28 0.08 0.38 0.33 0.33  0.59 

W03 0.41 0.15 0.13 0.37 0.26 0.41  0.50 

W04 0.69 0.09 0.57 1.20 0.77 0.84  0.82 

W05  0.57 0.55  0.48    

W06 0.22 0.26 0.17 0.31 0.25 0.23  0.40 

W07 0.20 0.35 0.37 0.74 0.29 0.29  0.45 

W08  0.24 0.22  0.41    

W09  0.41 0.28  0.57    
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W10 0.16 0.42 0.18 0.53 0.43 0.65  0.57 

W11 0.52 0.59 0.19 0.44 0.61 0.78  0.78 

W12 0.63 0.41 0.59 0.73 0.58 0.73  0.42 

W13  0.23 0.21  0.26    

W14  0.32 0.27  0.26    

W15 0.22 0.10 0.16 0.35 0.34 0.25  0.62 

W16 0.20 0.21 0.33 0.26 0.39 0.37  0.35 

W17 0.34 0.28 0.37 0.62 0.44 0.68  0.61 

W18 0.27 0.34 0.12 0.38 0.27 0.29  0.55 

W19 0.16 0.37 0.21 0.48 0.22 0.27  0.97 

W20 0.36 0.61 0.72 0.85 0.65 0.89  0.76 

W21  0.23 0.24  0.25 0.28   

W22 0.64 0.27 0.36  0.38 0.52  0.69 

W23  0.29 0.19  0.31 0.38   

W24 0.36 0.31 0.16 0.41 0.27 0.25  0.33 

W27  0.20 0.23  0.19    

W28 0.45 0.21 0.22 0.35 0.21 0.25   

W29 0.08 0.46 0.13 0.26 0.22 0.20  0.23 

W30 0.31 0.30 0.20  0.31 0.30   

W31 0.25 0.28 0.18 0.29 0.26 0.25  0.13 

W32 0.10 0.10 0.17  0.27 0.18   

W33 0.26 0.18 0.07 0.25 0.21 0.21  0.27 

W34 0.24 0.27 0.13 0.25 0.24 0.21  0.26 

W35 0.13 0.27 0.29 0.23 0.22 0.22  0.20 

W36 0.17 0.20 0.16 0.26 0.27 0.22  0.25 

W37 0.14 0.20 0.13 0.29 0.23 0.22  0.08 

W38 0.28 0.12 0.41 0.29 0.22 0.21  0.07 

W39 0.31 0.18 0.15 0.27 0.22 0.21  0.42 

W40 0.33 0.13 0.17 0.47 0.21 0.19  0.21 

W41 0.26 0.26 0.13 0.29 0.25 0.24  0.08 

W42 0.65 0.39 0.30  0.31 0.38   

W43  0.41 0.26  0.40    

W44 0.81 0.66 0.71 0.74 0.67 0.76  0.76 

W45 0.96 0.98 0.86 1.02 1.07 1.24  0.55 

W46 0.51 0.34 0.19 0.56 0.29 0.44  0.08 

W47 0.59 0.33 0.23 0.43 0.76 0.78  0.70 

W48  0.30 0.36  0.29    

W49 0.19 0.26 0.32 0.32 0.24 0.26  0.36 

W50 0.46 0.21 0.19 0.37 0.40 0.50  0.36 

W51 0.77 0.28 0.41 0.84 0.55 0.80  0.83 

W52 1.12 2.48 2.84  1.31 1.74   

W53 0.48 0.31 0.22 0.26 0.24 0.22  0.38 

W54 0.81 0.87 0.83 0.89 0.80 0.78  0.84 

W55  0.31 0.23  0.36 0.52   
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W56  0.17 0.22  0.25    

W57 0.25 0.22 0.06 0.25 0.33 0.22  0.41 

W58 0.27 0.34 0.35 0.38 0.42 0.46  0.54 

W59 0.23 0.29 0.10 0.24 0.23 0.22  0.41 

 

 

Appendix A.5 Soil Moisture 2011, Cape Collingwood 

 

Plot 9-
Jul 

10-Jul 11-
Jul 

12-
Jul 

13-
Jul 

17-
Jul 

23-
Jul 

24-
Jul 

D00 0.22        

D01 0.65 0.61       

D02 0.32 0.26       

D03 0.35        

D04 0.42        

D05 0.24        

D06 0.37 0.25       

D07 0.79 0.79       

D08 0.13        

D09 0.31 0.40       

D10 0.22        

D11 0.55 0.55       

D12 0.38        

D13 0.31        

D14 0.30 0.23       

D15 0.29 0.23       

D16 0.31 0.25       

D17 0.31        

D18 0.44 0.41       

D19 0.35 114.61       

D20 0.26 0.20       

D21 0.30 0.25       

D22 0.65 0.78       

D23 0.36 0.23       

D24 0.35 0.32       

D25 0.48 0.46       

D26 0.50 0.64       

D27 0.38 0.25       

D28 0.40 228.72       

D29 0.24        

D30 0.75 0.77       

D31 0.32 0.26       

D32 0.49        
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D33 0.34        

D34 0.24 0.33       

D35 0.43        

H0   0.43 0.32 0.29 0.53 0.62 0.43 

H01   0.82 0.65 0.49 0.69 0.74 0.47 

H02   0.52 0.42 0.43 0.35 0.68 0.51 

H03   0.52 0.46 0.50 0.30 0.61 0.54 

H04   0.91 0.86 0.81 0.73  0.87 

H05   0.38 0.32 0.29 0.10 0.55 0.37 

H06   0.57 0.58 0.60 0.59 0.78 0.84 

H07   0.46 0.34 0.29 0.32 0.62 0.55 

H08   0.43 0.57 0.31 0.33 0.82 0.49 

H09   0.35 0.36 0.23 0.35 0.63 0.50 

H10   0.45      

H11   0.69 0.73 0.62 0.46  0.59 

H12   0.43 0.36 0.43 0.29 0.60 0.54 

H13   0.52 0.52 0.33 0.38 0.56 0.43 

H14   0.34 0.32 0.32 0.22 0.35 0.39 

H15         

H16   0.55 0.40 0.39 0.26 0.49 0.55 

H17   0.69 0.68 0.59 0.73  0.61 

H18   0.29 0.27 0.15 0.22 0.36 0.34 

H19   0.91 0.94 0.69 0.74  0.86 

H20   0.32 0.32 0.21 0.29 0.56 0.60 

H21   0.49 0.43 0.32 0.41 0.57 0.52 

H22   0.29 0.30 0.21 0.21 0.35 0.35 

H23   0.57 0.58 0.40 0.21 0.55 0.55 

H24   0.43 0.35 0.32 0.32  0.44 

H25   0.54 0.58 0.35 0.35 0.60 0.56 

H26   0.50 0.56 0.42 0.50  0.48 

H27   0.38 0.33 0.25 0.29 0.74 0.57 

H28   0.50 0.33 0.36 0.27 0.65 0.45 

H29   0.64 0.54 0.45 0.29 0.86 0.75 

H30   0.90 0.91 0.81 0.78 0.74 0.94 

H31   0.36 0.40 0.30 0.12 0.75 0.65 

H32   0.60 0.49 0.31 0.47  0.55 

H33   0.35 0.31 0.27 0.18 0.67 0.51 

H34   0.45 0.31 0.40 0.35  0.54 

E01   0.29 0.24 0.25 0.10 0.39 0.35 

E05   0.28 0.27 0.22 0.12 0.49 0.36 

E13   0.40 0.40 0.32  0.40 0.49 

E15   0.21 0.23 0.11 0.07 0.33 0.25 

E16   0.44 0.36 0.09  0.48 0.76 

E17   0.53 0.49 0.45  0.84 0.68 
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E23   0.33 0.34 0.31  0.40 0.57 

E25   0.50 0.43 0.26  0.63 0.64 

E27   0.39 0.54 0.44  0.78 0.66 

E31   0.55 0.49 0.37  0.82 0.76 

 

 

 

Appendix A.6 Plot Dry Biomass averages (original data received from Dave 

Atkinson), Cape Bounty: 

 

 Hotel Juliet India Alpha Bravo Charlie Delta 

 1398.10 1821.40 824.97 455.69 1078.93 169.96 519.68 

 1455.25 2277.73 914.91 488.97 1551.20 207.12 656.72 

 1543.50 2336.40 1056.17 671.88 1578.67 262.28 758.88 

 1772.20 2466.40 1330.97 883.41 2325.87 424.20 779.84 

avg. 1542.26 2225.48 1031.76 624.99 1633.67 265.89 678.78 

 

Appendix A.7 Soil Bulk Density, Cape Bounty and Cape Collingwood 

 

Cape Bounty  Cape Collingwood 

Plot Bulk Density <2mm  Plot Bulk Density <2mm 

2010_01 1.518703732  H551 1.30034038 

2010_02 1.142983505  H552 1.253664014 

2010_07 1.328605997  H553 1.043571026 

2010_08 1.635850646  H554 1.184004478 

2010_09 1.722447385  H555 0.896780775 

2010_11 1.641912144  H556 0.83162928 

2010_14 1.600592762    

2010_15 1.564120757    

2010_16 1.16790837    

2010_17 1.405750093    

2010_19 1.942435154    

2010_20 1.447911777    

2010_22 1.321718428    

2010_23 1.37270953    

2010_25 1.348354097    

E27 1.583019407    

E28 1.519790367    

E33 1.476281876    

E35 1.655733982    
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E42 1.766190076    

E53 1.264428688    

W06 1.808526344    

W07 1.562580887    

W15 1.688842244    

W18 1.579049443    

W19 1.617526279    

W24 1.532291074    

W28 1.079360116    

W29 1.602155338    

W31 1.801495996    

W34 1.576605384    

W37 1.974216418    

W39 1.768704878    

W40 1.717124572    

 

 

Appendix A.8 Soil moisture time dependency 

July 18, 2011 overpass (Cape Collingwood) 

Morning: took TDR readings all day to determine what the moisture changes 

would be between the morning and evening overpasses. These readings were 

done near camp, in the Hassel formation soils. 

% 
moisture 

Time T1 T2 T3 

30.04 9:50 1.39   

30.04 10:07 1.39   

28.05 10:54 1.35 1.32  

26.54 12:30 1.32 1.27 1.29 

26.18 1:24 1.29 1.29 1.27 

25.70 2:12 1.27 1.27 1.27 

26.78 3:42 1.32 1.29 1.29 

26.42 4:08 1.3 1.27 1.3 

26.18 4:54 1.27 1.29 1.29 
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Appendix B TDR Setup 

 

Parameters to change for SDP / SDR probes (Probe #’s 11-15) on the Moisturepoint 

MP-917 instrument (Environmental Sensors Inc.) : 

“Instrument default”: 

Automatic gain control: disable this by setting to 1. 

 

Smallest number of points for fit to gather, gain=1: change to 4 (from default of 7). 

 

 

“Probe Default”: 

 

Offset for diode: 140  this should never be changed 

 

Gain for diode: 1    I think this defaults to 2, but it should be set to 1 and left there. 

 

Offset for open end: 180 May need to add 20 or 30 to this if the gain for open end is 

increased) to prevent clipping and moisture overestimation. 

 

Gain for open end: usually 1.  For conductive soils / longer probes (>20cm), 2 or 5 may 

be better.  Need to increase if the signal is too weak, use offset to make sure clipping on 

the top or bottom does not occur. 

 

A = 0 

 

B = 1  [with these values of A and B, Tm = Tmc, so no correction needs to be done to the  

measured time from the instrument] 

 

Lseg = length of probe in ground (i.e. 12cm rods = 10cm Lseg, as 2cm of the rods are 

contained in the head) 

 

Step-Ahead Counts:  

A value is chosen to cause the automatic search to start beyond any false minima just 

after the diode, but small enough to avoid missing the minimum before the open 

reflection for the driest soil. The selection is most delicate for very short probes in dry 

soil.  

15 seems to work for most probe lengths, smaller values (5-10) should be used for the 

shortest (5cm) probes. 
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TDR soil moisture measurements information: 

Soil moisture values were taken with a TDR (Time Domain Reflectometry) 

instrument, the Moisturepoint MP-917 from ESI, with custom 5cm rods in the heads, 

making the moisture values an integrated average of the top 5cm of the soil.   

Three measurements per plot were taken (triangular pattern, about 2m apart), 

with some measurements being taken in the vegetated areas, if present.  This is 

important as the vegetation (usually moss or other organic material in the borders 

around polygons) holds different amounts of water than the soil, and different equations 

are used to transform the TDR values to soil moisture values.  The value for the plot is a 

weighted average (based on %veg estimate, for measurements in vegetated areas) of the 

3 measurements. 

The values from the TDR were recorded as a time delay, which was converted 

into the dielectric constant using the equation  

(c /(2L / t))2 

 where c is the speed of light (299.792458), L is the length of the probe in mm, and t is the 

time delay. 

The apparent dielectric constant was converted to % volumetric soil moisture 

using a 5 0C three phase model that is a linear approximation of the Topp equation (Yu et 

al., 1999; Topp et al., 1980) for mineral soil, and the Nagare equation (Nagare et al., 2011) 

for organic soil (vegetation). 

Yu approximation for mineral soil at 5 0C (E = dielectric constant):  

0.1209*(E)-0.2032 

Nagare equation (E = dielectric constant) for organic material: 

 -0.0189 + (0.032*E) - (0.000459*(E2)) + (0.0000027*(E3)) 

 

References: 
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Nagare, R.M., Schincariol, R.A., Quinton, W.L., and Hayashi, M., 2011.  Laboratory 

calibration of time domain reflectometry to determine moisture content in undisturbed 

peat samples.  European Journal of Soil Science 62, 505 - 515. 

 

Topp, G.C., Davis, J.L., and Annan, A.P., 1980.  Electromagnetic determination of soil-

water content - measurements in coaxial transmission-lines.  Water Resources Research 

16, 574 - 582. 

 

Yu, C., Warrick, A.W., and Conklin, M.H., 1999.  Derived functions of time domain 

reflectometry for soil moisture measurement.  Water Resources Research 35 (6), 1789 - 

1796. 
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Appendix C Radarsat-2 Acquisitions 

 

  
RS2 imagery acquired and simultaneous soil moisture 
data acquired 

  
RS2 imagery acquired, but no corresponding soil 
moisture 

Descending orbits are highlighted. 

 

Start (UTC time) Pass Look Beam 

2009-Jun-05 23:54:02.817 ASC Right FQ (FQ5) 

2009-Jun-08 14:10:11.873 DES Right U (U11) 

2009-Jun-12 23:49:52.880 ASC Right FQ (FQ3) 

2009-Jun-18 00:44:09.380 ASC Right U (U19) 

2009-Jun-18 14:18:34.080 DES Right U (U7) 

2009-Jun-22 23:58:13.811 ASC Right FQ (FQ6) 

2009-Jun-29 23:54:03.961 ASC Right FQ (FQ5) 

2009-Jul-02 00:35:48.220 ASC Right U (U15) 

2009-Jul-02 14:10:14.980 DES Right U (U11) 

2009-Jul-06 23:49:53.919 ASC Right FQ (FQ3) 

2009-Jul-13 00:14:54.867 ASC Right U (U4) 

2009-Jul-16 23:58:13.868 ASC Right FQ (FQ6) 

2009-Jul-23 23:54:05.065 ASC Right FQ (FQ5) 

2009-Jul-30 23:49:56.082 ASC Right FQ (FQ3) 

2009-Aug-06 00:14:57.955 ASC Right U (U4) 

2009-Aug-09 23:58:17.173 ASC Right FQ (FQ6) 

2009-Aug-13 00:10:48.078 ASC Right U (U2) 

2009-Aug-16 23:54:07.471 ASC Right FQ (FQ5) 

2009-Aug-23 23:49:57.515 ASC Right FQ (FQ3) 

2009-Aug-30 00:14:58.608 ASC Right U (U4) 

    2010-Jun-14 00:14:36.770 ASC Right U (U4) 

2010-Jun-14 23:45:25.630 ASC Right FQ (FQ2) 

2010-Jun-28 00:06:16.080 ASC Right U (U79) 

2010-Jul-08 00:14:36.770 ASC Right U (U4) 

2010-Jul-08 23:45:25.630 ASC Right FQ (FQ2) 

2010-Jul-10 00:56:24.744 ASC Right U (U26) 

2010-Jul-11 23:57:55.686 ASC Right U (U75) 

2010-Jul-13 14:43:19.243 DES Right FQ (FQ5) 

2010-Jul-18 00:22:57.752 ASC Right U (U9) 

2010-Jul-23 14:51:39.231 DES Right FQ (FQ2) 

2010-Jul-24 00:48:02.529 ASC Right U (U21) 

2010-Aug-01 00:14:36.770 ASC Right U (U4) 

2010-Aug-01 23:45:25.629 ASC Right FQ (FQ2) 
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2010-Aug-03 00:56:24.744 ASC Right U (U26) 

2010-Aug-04 23:57:55.686 ASC Right U (U75) 

2010-Aug-11 00:22:57.752 ASC Right U (U9) 

2010-Aug-25 23:45:25.629 ASC Right FQ (FQ2) 

    2011-May-13 23:33:17.744 ASC Right U (U71) 

2011-May-16 23:45:47.969 ASC Right FQ (FQ7) 

2011-Jun-09 23:45:47.965 ASC Right FQ (FQ7) 

2011-Jul-10 00:10:50.175 ASC Right U (U8) 

2011-Jul-10 23:41:37.833 ASC Right U (U74) 

2011-Jul-13 00:23:22.186 ASC Right U (U13) 

2011-Jul-13 23:54:08.442 ASC Right U (U79) 

2011-Jul-17 13:40:11.095 DES Right FQ (FQ31) 

2011-Jul-17 23:37:27.755 ASC Right FQ (FQ4) 

2011-Jul-24 00:02:29.174 ASC Right U (U4) 

2011-Jul-24 23:33:17.741 ASC Right FQ (FQ3) 

2011-Aug-05 00:52:39.326 ASC Right U (U27) 

2011-Aug-10 23:37:27.752 ASC Right FQ (FQ4) 

2011-Sep-13 23:45:47.965 ASC Right FQ (FQ7) 
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