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Abstract 

Peatland ecosystems exhibit a wide range of biophysical conditions and 

Synthetic Aperture Radar (SAR) remote sensing provides a method to collect 

information about these conditions over large areas.  The ability to extract useful 

hydrologic and vegetation information across peatlands is currently limited due to 

complex interactions of spatially and temporally-variable conditions on the SAR 

response.  The overarching purpose of this thesis was to advance our understanding 

of SAR backscatter response to peatland hydrology and vegetation and to develop 

new approaches for remote mapping and monitoring of peatland environments with 

SAR.  Specifically, this thesis aimed to 1) improve methods for peatland ecosystem 

mapping and classification accuracy assessment with a Random Forest classifier; 

and 2) develop methods for surface soil moisture and water table depth retrieval in 

peatlands using SAR remote sensing data.  At Alfred Bog, a peatland in eastern 

Ontario, Canada, active remote sensing data (SAR and Light Detection and Ranging) 

were used for these purposes.  A Random Forest classification workflow was 

developed, resulting in an improved peatland ecosystem mapping 

technique.   Recommendations for appropriate training data sample selection with 

this classifier were also developed. This workflow enabled the creation of a site-

wide peatland ecosystem map, which was used to better understand the SAR 

response to hydrological and vegetation conditions within the different peatland 

ecosystem classes.     

For the retrieval of surface hydrologic information, groups of highly 

correlated variables were identified from a large number of SAR parameters 
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(including SAR intensity, polarimetric decomposition and discriminator variables) 

and a subset of these were compared with trends in soil moisture, water table and 

vegetation spatial variability and change over time. The Freeman-Durden Power 

due to Rough Surface parameter was found to be positively correlated with soil 

moisture, while the Touzi AlphaS1 parameter was found to be negatively correlated 

with water table depth from the surface. Various polarimetric parameters were 

used to build statistical models of soil moisture and, in some cases, CART-models 

resulted in high explained variance but independent validation indicated that these 

models were over-fit. These results are important, as many examples were found in 

the literature where, through statistical models, SAR was reported to be a strong 

predictor of soil moisture but models were not properly validated.  

To determine if models could predict soil moisture from SAR at times when 

no field measured data existed, linear mixed effects models were built that 

accounted for the temporal autocorrelation due to the repeated measures design of 

field data. While some models resulted in high explained variance, most of the 

explained variance was attributed to the variability between peatland classes 

and/or the specific date that the image was acquired, rather than the SAR data itself. 

These models also presented challenges in independent validation. 

Overall, this thesis points to some fundamental limitations on our ability to 

accurately monitor peatland hydrology with SAR due to the complexity of the 

scattering response where complex surface conditions exist.  It highlights a need for 

extensive field monitoring campaigns and testing to further refine approaches for 

remote hydrologic monitoring in natural environments.   
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Chapter 1 Introduction 

This thesis has two overarching goals. First, it aims to improve methods for peatland 

ecosystem mapping and second, it develops methods for surface hydrologic 

monitoring in peatlands using Synthetic Aperture Radar (SAR) remote sensing data.  

Early in this research, it was determined that peatland classes (broadly, bog and fen, 

but also more narrow class definitions) exhibited significant differences in 

hydrology, vegetation and topographical characteristics.  In order to extend models 

of hydrology throughout the peatland, a map of the different peatland classes would 

be required.  Most classifications of peatlands at the time had been undertaken with 

a single imagery type (Ozemi and Bauer, 2002).  While SAR intensity has been found 

to result in unacceptably high error in wetland classifications on its own (Brisco et 

al., 2011), the addition of SAR polarimetric parameters and fusion with LiDAR 

derivatives was hypothesized to be able to provide additional information and 

potentially lead to an acceptable classification accuracy.  With a large number of 

different LiDAR derivatives and SAR polarimetric parameters available, an 

assessment of their contribution was required.  Traditional classifiers (e.g. 

Maximum Likelihood) would not be appropriate for classification of high 

dimensional data but at the time, many new machine learning classifiers were 

beginning to be demonstrated to be useful in remote sensing so new methods were 

developed and tested.  Their development led to an improved image classification 

technique that is also applicable in other ecosystems and landscapes.  
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Using measurements of hydrologic variables that were captured across spatial and 

temporal domains, the second goal of this research was to develop and validate 

models of hydrologic conditions (soil moisture and/or water table) from SAR data 

throughout space and time. The ultimate goal of this portion of the research was to 

determine if SAR could be used as a tool for monitoring peatland hydrology without 

the use of field measurements, or with limited field measurements.   

 

The following chapter provides background information, outlines the justification 

for the different aspects of the study, defines the research objectives and provides 

an overview of the following chapters.   

 

1.1 Background & Justification 

Peatlands are characterized by wet or saturated conditions (National Wetlands 

Working Group, 1997) and develop primarily in cool climates (Tarnocai and 

Stolbovoy, 2006). They perform many important functions and there is a strong 

coupling between ecological, biological and hydrological processes in peatlands 

(Waddington and Roulet, 2009).  Covering a large portion of the Canadian North, 

peatlands play a key role in the global carbon cycle and regional hydrological cycles 

(Gorham, 1991; Moore, 2013). In an undisturbed state, they act as net atmospheric 

carbon sinks and store up to one third of the world's soil organic carbon (Gorham, 

1991).  Hydrological parameters, such as surface soil moisture and depth to water 

table, control the rate at which atmospheric carbon is absorbed and released from 

peat (Moore and Roulet, 1993), therefore measurements or simulations of soil 
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moisture and water table depth are key inputs in carbon models (Frolking 2002; 

Harris and Bryant, 2009).  Often, models either use highly detailed, small-scale 

point-based data (e.g. a single measurement of volumetric water content (%) in a 

peatland) which are extrapolated across large peatland areas or they rely on large-

scale low spatial resolution data (e.g. kilometer scale or in the order of degrees of 

latitude and longitude). Either of these methods can lead to un-realistic estimates of 

peatland hydrological condition and errors in the predicted outputs (Harris and 

Bryant, 2009).   Similarly, global and regional climate models require high temporal 

resolution data of soil moisture (e.g. daily) but use low spatial resolution estimates 

of soil moisture (Chan et al, 2013).  Fire severity and dispersion models also require 

estimates of soil moisture in the form of volumetric water content (m3 m-3).  Models 

are developed using laboratory experiments (e.g. Benscoter et al, 2011) but spatial 

models have also been developed using spatial estimate of soil moisture with 

resolutions in the order of 30 m (e.g. Bourgeau-Chavez et al, 2007).   

Both vegetation and hydrology vary between and within a peatland complex and 

therefore it is important to capture this variability for use within models.  As point 

scale measurements of biogeochemical, ecological and hydrological variables are 

not practical and may not be valid at larger scales (Branfireun, 2004; Sass and 

Creed, 2008; Gala et al., 2011) and over time, and because management efforts 

typically require synoptic views of landscape processes and ecosystem function, 

techniques are required to bridge the gap between point-scale field observations 

and the much broader scale of observation required for decision making.  Remote 

sensing provides a synoptic and multi-temporal view of landscapes that can be used 
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for mapping various aspects of peatland surface characteristics.  Many imagery 

types exist that may be able to aid in understanding spatial and temporal variability 

in peatland mapping, but few studies exist where these are compared using 

controlled tests (i.e. there are several studies conducted where single imagery types 

are used in peatland mapping but they are difficult to compare as they use different 

methods of classification, different methods of accuracy assessment and occur at 

different sites).  While optical imagery such as Landsat is known to be useful in 

general land cover mapping and even wetland mapping, in peatlands it has been 

shown that it is often difficult to separate the two main classes (bog and fen) with 

reasonable accuracy using optical imagery alone (Li and Chen, 2005).  Additionally, 

optical imagery is often hampered by cloud cover.  A promising alternative is SAR 

which is not affected by cloud cover and is sensitive to differences in wetness, which 

is thought to be useful in differentiating bog and fen.   

 

It is well documented that SAR radiation emitted from an airborne or satellite 

platform is sensitive to the dielectric permittivity of Earth surface materials, and 

this in turn is directly related to the wetness of the material (Ulaby, 1974).   SAR has 

been used extensively in hydrologic studies (see Chapter 2) where, generally, this 

concept has been extended to developing relationships between surface soil 

moisture and SAR backscatter. (e.g., McNairn et al, 2002; Merzouki et al. 2011).  

However, where vegetation exists SAR is also sensitive to vegetation structure and 

vegetation water content (Kasiscke et al., 2003; Racine et al., 2005), and 

additionally, surface roughness (Baghdadi et al., 2012).  These issues are 
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documented in detail in Chapter 2. In order to derive the relationship between SAR 

backscatter and surface soil moisture these complex interactions in the 

backscattered response must be decoupled.   While field measurements of 

vegetation and surface roughness allow the most detail of their variability to be 

measured, remotely sensed imagery can capture information about their 

characteristics as well.  SAR has been used for measuring surface roughness (e.g. 

Baghdadi et al., 2012; Mattia, 1998), but models often result in high error due to 

error in field measurements and variable penetration of the SAR signal into the soil 

(Barber et al., 2012; Merzouki et al., 2010).  Multiple images from the same day at 

different incident angles have been used to extract surface roughness, as within a 

single day there will be no change in vegetation or soil moisture (Verhoest et al., 

2008) and therefore any differences in the two images will be due to the different 

sensitivity to roughness of the different incident angles.  Acquiring two images on 

the same day can be difficult and therefore, this approach was not able to be tested 

in this thesis.  SAR is also commonly used for characterizing vegetation and 

measuring vegetation biomass (Verhoest et al., 2008) but, similar to surface 

roughness in a single image, backscatter is not independent of soil moisture and 

surface roughness, and therefore, multiple images may be required to quantify its 

variability.   

 

The Radarsat-2 Satellite has been collecting C-Band, fully polarimetric SAR data 

since 2007.  It has a repeat cycle of 24 days, meaning that the same mode of imagery 

can be acquired in a single location every 24 days, however, other modes of imagery 
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could be acquired more frequently (i.e. it is possible to acquire two images on the 

same day but they will be a different orbit).  Due to the partnership between 

MacDonald Dewittler and Associates (MDA) and the Canadian government 

(specifically the Canadian Space Agency – CSA), access to SAR imagery within 

Canada is relatively easy and is strongly promoted for scientific research.  A large 

database of archived imagery exists (NeoDF) and Canadian government scientists 

can request new image acquisitions for free (up to a limit of 500 000 images).   

Scientists outside the government can easily partner with a government scientist to 

obtain access to imagery at no cost.  The collaborative nature of the CSA-MDA 

partnership has encouraged the use of SAR in many areas of research, including its 

use in peatland hydrology and peatland mapping.  The upcoming Radarsat 

Constellation Mission (RCM) will continue the CSA program through its scheduled 

launch in 2018.  RCM will provide C-Band Compact-Pol data (not fully polarimetric 

but can simulate fully polarimetric mode; Charbonneau et al., 2010) and operate in 

tandem mode to provide increased temporal resolution (daily for some modes, 

every four days for coherent change detection).  The investment in this mission and 

increased temporal resolution means that SAR will continue to be an important tool 

for mapping in Canada.  While methods developed using Radarsat-2 will need to be 

assessed for their transferability to the new RCM data format, this technology shows 

great promise for continuing research in peatland monitoring.   

 

Light Detection and Ranging (LiDAR) captures high resolution information about 

elevations of the surface and vegetation during a single dataset acquisition (see 
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Chapter 2 below).  It was hypothesized that LiDAR could provide information about 

surface roughness and vegetation that could be used to help understand variability 

in the SAR signal.  This research will use these two sources, with the addition of 

MODIS multispectral imagery in Chapter 6 and 7 in an attempt to capture the 

temporal component of vegetation change. Since the ground surface roughness in 

peatlands changes slowly over time, a single LiDAR image was hypothesized to be 

applicable to represent surface characteristics throughout a single season.  LiDAR is 

usually captured during “leaf-off” conditions (meaning there are few leaves on the 

deciduous trees and shrubs) so the laser light can reach the ground beneath the 

canopy. As vegetation will change throughout the season, these changes will not be 

captured with a single LiDAR dataset.  However, spatial variability in vegetation 

(albeit, likely in leaf-off state) is captured and can provide information about spatial 

differences that might be attributed to vegetation within a single SAR image and 

provide a baseline for vegetation changes over time.   

 

1.2 Research Objectives 

This thesis addresses the broad question “Can SAR be used to monitor peatland 

ecosystems?” and attempts to answer it within the context of two different aspects 

of peatlands: class extent mapping and surface hydrological monitoring.  Mapping 

peatland ecosystem class extents was completed in two parts, where first the 

optimum combination of remote sensing parameters (both SAR and LiDAR) was 

selected (Chapter 4) and then a map of the extents of each peatland class was 

created (Chapter 5).  In completing these tasks, several unexpected issues with the 
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chosen classification algorithm (random forest) were identified and were 

thoroughly investigated through controlled tests.  The knowledge gained through 

these tests is documented in Chapter 5 along with recommendations for the proper 

use of this classifier.  While this work was not a requirement of the main objectives 

of the research, the tests developed were novel and the results are important to the 

field of remote sensing.  Additionally, the recommendations developed in Chapter 5 

were employed to create the site-wide peatland classification used in subsequent 

chapters.   

In addressing the second major goal of this research, several sub-questions were 

identified.  First, since there is little consensus in the literature related to which SAR 

configurations or SAR parameters are best for monitoring hydrology, different SAR 

configurations and parameters were assessed within the context of detecting 

differences between peatland classes (on a single date) and changes over time.  

Second, even in sparsely vegetated areas of the peatland, it was hypothesized that 

vegetation played an important role in the SAR backscatter and therefore methods 

were required to separate the influence of vegetation from those of surface 

conditions.  Finally, there are many different methods available for predicting field 

measured variables (such as soil moisture) from remotely sensed imagery.  Based 

on the data available in this study, several statistical methods were tested and the 

results compared.   

To address the overall research goals, the specific objectives of this research were 

to:  
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1) Determine which SAR and LiDAR parameters are most useful in peatland 

classification and use them to optimize the peatland ecosystem map of the 

study areas using a Random Forest image classification workflow. 

 

2) Identify which SAR parameters show correlated trends to surface soil 

moisture, water table and vegetation throughout time, and select a subset of 

parameters (i.e. reduce redundancy in the larger dataset) for use in 

subsequent sections to build predictive models of soil moisture.  

 

3) Test statistical methods to use SAR to predict soil moisture spatially within 

single peatland images and use independent validation to determine which 

methods produce an acceptable level of accuracy.   

 

4) Develop statistical models to temporally monitor (predict) soil moisture 

using repeatedly-measured field data and SAR images spanning the growing 

season and use independent validation to determine which methods produce 

an acceptable level of accuracy.   

 

1.3 Thesis Overview 

There are four major sections to this thesis.  Part I represents the introductory and 

background material, including a description of the study areas and data processing.  

The chapters in Part II have been published and chapters in Part III will be 

submitted for publication by time of defense. However, in order to reduce repetition 
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between the chapters, only minimal information describing the study areas, data 

processing methods and field data collection are included in Part II and III.  The 

chapters were completed in sequence and therefore build upon each other. Since 

this is an integrated thesis, each of these chapters are designed to be published as 

standalone paper with the exception of the information that has been removed to 

reduce repetition. In Part IV, the findings from Part II and Part III are integrated into 

the broader framework in the form of a synthesis, focusing the discussion around 

key themes.   

Part I: Introduction and Background 
Chapter 1 (this chapter) introduces the broad research concepts related to 

monitoring peatland hydrologic condition and the gaps that this research aims to 

fill.   It also presents the broad research question to be addressed “Can SAR be used 

to monitor peatland ecosystems?” and the specific objectives determined to be 

required to answer this question. 

Chapter 2 provides a literature review of peatland formation, succession and 

controls on hydrologic conditions, as well as on the different remote sensing 

technologies that were used in this thesis (SAR and LiDAR).  It also identifies 

knowledge gaps and how this research was designed to meet current research 

needs. 

Chapter 3 provides a rationale for the selection of the study locations and field 

sampling strategy.  The data sources and their processing methods are described in 

this chapter with references to the appropriate chapter where more detailed 

descriptions exist.   
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Part II: Classification and Mapping of Peatland Classes  
Chapter 4 addresses Objective 1 and assesses if SAR and LiDAR data can be used to 

map peatlands in the larger context (e.g. separate peatland classes from upland) and 

separate different peatland classes (e.g. bog from fen).  This chapter comprises the 

published article “Wetland Mapping with LiDAR derivatives, SAR polarimetric 

decompositions and LiDAR-SAR fusion using a random forest classifier” published in 

the Canadian Journal of Remote Sensing in 2013 (Volume 39, Issue 4, pages 290-307; 

doi: 10.5589/m13-038). The analysis in this chapter is undertaken at Mer Bleue Bog 

and subsequent chapters were completed at Alfred Bog, approximately 50 km east.   

 

Chapter 5 addresses Objective 1.  The methods developed in this chapter were used 

to create a study area-wide map of peatland classes for use in subsequent analysis.  

This chapter comprises the published article “On the Importance of Training Data 

Sample Selection in Random Forest Image Classification: A Case Study in Peatland 

Ecosystem Mapping” that was published in Remote Sensing in 2015 (Volume 7, Issue 

7, pages 8489-8515; doi: 10.3390/rs70708489).    

 
 
Part III- Assessing Relationships between SAR and Peatland Hydrologic 
Conditions.   
Chapter 6 “Response of SAR polarimetric parameters to soil moisture and water 

table dynamics in a northern peatland complex” identifies several SAR parameters 

that are useful for monitoring hydrology over time using a class-aggregation 

approach, where the classes were derived in Chapter 5.  This chapter specifically 

addresses Objective 2 and discusses several issues related to attempting to separate 
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the components of surface and vegetation response in SAR backscatter.  The 

knowledge gained here is used in subsequent sections to build predictive models of 

soil moisture.   

Chapter 7 “The effect of vegetation and surface roughness in remotely monitoring 

soil moisture with SAR in a vegetated peatland environment” addresses Objective 3 

by using various parametric and non-parametric statistical techniques to build 

models between field measured soil moisture and SAR backscatter and polarimetric 

parameters on single dates.  It also specifically looks at the effect of vegetation and 

surface roughness on SAR backscatter and discusses the implications of these in 

monitoring soil moisture with SAR.   

Chapter 8 “Use of Linear Mixed Effects models for predicting temporal variation in 

peatland surface soil moisture Synthetic Aperture Radar” attempts to predict 

temporal change in hydrologic conditions in a peatland (Objective 4).  It also 

discusses issues with using repeated measures data in remote sensing. 

 
Part IV: Conclusion and References 
 
Chapter 9 integrates the findings from Part II and Part III into the broader 

framework in the form of a synthesis, focusing the discussion around key themes.   

 

Chapter 10 contains a consolidated reference list for all chapters.    
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Chapter 2 Literature Review 

This chapter is designed to place the research of the subsequent chapters within the 

greater body of existing literature.  It will provide general background information 

on peatland hydrology and peatland ecosystem classes, and discuss work relevant to 

the two major topics in this thesis: peatland ecosystem mapping using remote 

sensing, and peatland hydrological monitoring using remote sensing, both with a 

focus on SAR remote sensing.   

 

2.1 Peatlands 

The saturated, cool conditions of peatlands result in net primary production 

exceeding decomposition over long periods of time promoting the accumulation of a 

thick layer of dead but mostly undecomposed vegetation known as peat (National 

Wetlands Working Group, 1997; Tarnocai and Stolbovoy, 2006; Vitt, 2006). In North 

America, peatlands began development shortly after the retreat of the most recent 

glaciation and have generally formed in areas with poorly drained soils (Tarnocai 

and Stolbovoy, 2006). Their formation is the result of complex ecohydrological 

interactions and feedbacks over thousands of years, as peat accumulates at very 

slow rates (Price, Heathwhite and Baird, 2003). Within and between different 

peatlands, peat accumulation rates vary, but are generally known to be in the order 

of a few centimeters of vertical accumulation per hundred years (Tarnocai and 

Stolbovoy, 2006). Peat is composed of the remains of plant material that has been 

deposited by vegetation growing on the surface (Damman, 1986). Once dead 

vegetation has been deposited and begins to decay, vegetation then begins to grow 
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on top of the deposited matter. This cycle continues slowly over time resulting in 

vertical accumulation of peat. The newest layers of peat (near the surface and root 

zone) undergo decomposition since there is enough oxygen to permit it, but as 

layers of peat are submerged below the water table, decomposition slows 

dramatically due to saturation and anoxic conditions (Damman, 1986; Tarnocai and 

Stolbovoy, 2006).  In Canada, the classification of wetland types dictates that 

wetlands with greater than 40 cm of vertical accumulation of peat are termed 

peatlands (National Wetlands Working Group, 1997).  

 
2.1.1 Types of Peatlands  

The water within a peatland arrives from two different sources (precipitation or 

ground water; Damman, 1986; Vitt, 2006).  These two sources may have very 

different chemistry, which is important in understanding peatland vegetation 

composition as different plants may inhabit different types or areas of peatlands due 

to their own nutrient requirements and tolerance to acidic conditions (Damman, 

1986; Wheeler, 1999).  

 

Geogenous peatlands (fens) receive water from both precipitation and ground water 

sources and therefore are often rich in nutrients and minerals. These waters contain 

different dissolved minerals, depending on their source and local geology. Poor fens 

(fens that lack minerals through ground water) are often dominated by mosses and 

graminoid species but are generally relatively poor in species. Rich fens support 

plants that have little tolerance to the acidic conditions and exhibit a greater 

diversity of species, including trees (e.g. cedar or tamarack) and shrubs (e.g. willow, 
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dwarf birch). These will only occur where ground water has lower acidity 

(calcareous local geology) and therefore a wide spectrum of peatlands classified as 

rich fen exists due to variations in local geology.  

 

Ombrogenous peatlands (bogs), only receive water supply from precipitation (rain, 

snow, fog) and therefore are nutrient poor and acidic (Vitt, 2006). Within and 

between bogs, vegetation patterns may vary based on relative topography and bog 

development history (Wheeler, 1999). Bogs are generally dominated by Sphagnum 

species and short shrubs (such as Labrador Tea (Rhododendron groenlandicum) and 

Bog Laurel (Kalmia polifolia), but may also be treed (mainly black spruce (Picea 

mariana)). Bogs exhibit differing characteristic (topographic) forms which are 

related to local precipitation conditions and development history. Domed bogs are 

common in continental climates and the height of their dome is dependent on 

precipitation conditions (Damman, 1986). Several authors have developed models 

and theories of peat dome development and all recognize that peatland structure is 

self-reinforcing with feedback between hydrology, vegetation and soil (peat) 

controlling growth and development (Ingram, 1982); Clymo, 1984); Beylea and 

Baird, 2006). 

In addition to soil water chemistry, peatland vegetation is also highly dependent on 

specific water sources and water table conditions (Grosvernier et al., 1997). 

Vegetation varies with the macro-topographic gradient of a peatland as well as 

within micro-topographic features (Couwenburg and Joosten, 2005). Bogs may 

develop characteristic hummock and hollow terrain, where hummocks sit well 



16 
 

above the water table and harbour specific Sphagnum species that do well in drier 

conditions. Hollows will often be saturated or inundated, but if the water table 

drops, Sphagnum species in hollows are able to adapt to, or live through, drier 

conditions for a short period of time (several months) (Wheeler, 1999). Fens usually 

exhibit a water table quite close to the surface and fluctuations will depend on local 

ground water flows.  

 

Saturation and wetness within peatlands is partly dependent on water table 

position and fluctuations, and therefore water table dynamics affect plant species 

composition, net primary production and decomposition rates (Price, 2003; 

Whittington and Price, 2006), and ultimately, peatland succession. Over time, water 

table dynamics may be stable or highly variable within a particular peatland 

(Wheeler, 1999). Changes in water table over time result from changes in climate 

(affecting rainfall inputs and evapotranspiration) or where outflows are either 

restricted or increased, resulting in increased or decreased water table height, 

respectively (Beylea and Baird, 2006; Whittington and Price, 2006). Water 

availability is a major controlling factor in vegetation growth and death in peatlands 

(Petrone et al., 2004; Hoekman, 2007). As the position of the water table exerts 

great influence on the distribution of plant species, prolonged changes to water 

table dynamics may result in significant changes in vegetation distribution 

(Wheeler, 1999). For example, if the water table drops and remains below root level, 

trees and shrubs may die due to lack of water (Romshoo, 2006; Hoekman, 2007). 

Changes in water level over the season will also vary between and within peatlands, 
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often in the order of several decimeters (Price and Schlotzhauer 1999; Price, 2003). 

Local variation in depth to water table is related to local differences in micro-

topography (hummocks and hollows) (Petrone et al., 2004). Much of the variability 

in surface soil moisture can be explained by the microtopographic features of the 

peatland (Petrone et al., 2004). If water levels rise, low lying surfaces (hollows) 

become saturated and may become inundated. Under wet conditions, the height of 

the water table has been found to be the major determinant of vegetation 

distribution with peatlands, however, in drier conditions, soil moisture may play a 

more important role (Wheeler, 1999). The ability of Sphagnum to hold water and 

draw up water due to capillary action, and therefore maintain higher levels of soil 

moisture than in mineral soils, may help sustain other plant species as well for short 

periods of time. Under constant water table conditions, soil moisture in the upper 

layers of a peatland can vary spatially, vertically and temporally depending on the 

different soil properties and the ability of capillary action of specific Sphagnum 

species (Wheeler, 1999).  

2.2 Remote Sensing and Mapping of Peatland Ecosystems 

While mapping of other types of wetlands is addressed in a large body of literature 

(e.g. Ozesmi and Bauer, 2002; Rebelo et al., 2009; Adam et al., 2010), mapping of 

peatlands has been discussed to a lesser degree. Peatlands are fundamentally 

different from marsh and swamp wetlands as their water table is usually below the 

surface. There is little emergent vegetation and standing water.  Additionally, the 

surface is covered with live Sphagnum mosses, a continuum of the organic soil 

below.  These differences mean that the vast literature pertaining to marsh and 
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swamp wetlands may not be applicable in peatlands.  The literature on peatland 

remote sensing has mostly focused on the discrimination of peatland ecosystems 

from upland classes, or peatlands from other wetland classes, and a variety of data 

sources have been assessed: Baghdadi et al., 2001, Racine et al., 2005, Grenier et al., 

2007, Torbick et al., 2012 and Marechal et al., 2012) all used SAR; Toyra and 

Pietroniro, 2005; Li and Chen, 2005 and Dingle-Robertson et al., 2015 used a 

combination of SAR and multispectral imagery; Korpela et al., 2009 used LiDAR; 

Anderson et al., 2010 used a combination of LiDAR and Ikonos.  Mapping of intra-

peatland classes can be more challenging than simply mapping extents of peatlands 

and differentiating them from other upland or wetland classes (Brown et al., 2007) 

as peatland classes are often very similar in their spectral, structural and hydrologic 

properties (Li and Chen, 2005; Krankina et al., 2008).  Despite this, discriminating 

extents of these intra-peatland classes has also been undertaken using remotely 

sensed imagery.  For example, Touzi et al., 2007 and Touzi et al., 2009 visually 

assessed polarimetric SAR decomposition parameters; Glaser 1987 and Poulin et al., 

2002 used multispectral imagery and Grenier et al., 2007 used both multispectral 

and SAR data.   

 

In the past, visual interpretation of remotely sensed imagery (including aerial 

photos and satellite images) was a common method of mapping peatland features 

(e.g. Pelletier et al., 2007) but this has been surpassed in use by automated image 

classification techniques, which can provide similar accuracy with much less manual 

labour.  Regardless of imagery source, automated image classification techniques 
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come in various forms (pixel based or object based, supervised or unsupervised).  

The most common is pixel-based supervised image classification which requires the 

collection of both training and validation data to produce thematic maps of features 

of interest (e.g land cover, crops, forest types, wetland classes).  There are many 

different classifiers available and many studies comparing and contrasting their 

strengths and weaknesses for different case studies (e.g. Akar et al., 2012; Adam et 

al., 2012; Sonobe et al., 2014).  Recent studies have found the use of machine 

learning classifiers to be preferred to traditional statistical classifiers, such as 

Maximum Likelihood as they are non-parametric (i.e. the data used in the 

classification do not have to be normally distributed), generally do not require ratio 

data (ordinal or nominal/class data may be used), are more flexible and often 

produce higher accuracies and deal with high dimensional data (Cutler et al., 2007; 

Gislason et al., 2006).  Random Forest (RF) had been shown to produce similar 

accuracy results as compared to other machine learning algorithms (e.g. Duro et al., 

2012), but few studies use it operationally as no commercial-off-the-shelf software 

package was available for use with remote sensing data.  More details about this 

classifier and its application can be found in Chapters 4 and 5.   

 

Regardless of classifier or imagery used, one common problem in peatland mapping 

(and ecosystem mapping in general) is the difficulty in acquiring ground reference 

data in a variety of different landscapes and across large areas.  Oftentimes, ground 

reference or training data for classifiers are only able to be collected at easily 

accessible locations (e.g. near roads), which may not produce a truly independent 



20 
 

ground reference data set, or may mean that important ecosystem types are not 

captured in the reference dataset (Foody et al., 2002).    These data are not only 

important in building the classification model but also in the validation of the 

classification results (Congalton et al., 1991; Hammond et al., 1996).   This topic is 

assessed in Chapter 5.  In the past decade, SAR and LiDAR technologies have 

advanced significantly in remote sensing, and have become more commonly used 

for ecosystem mapping.  Both have special characteristics applicable to wetland and 

peatland mapping: LiDAR has the ability to capture fine topographic gradients as 

well as vegetation structure and SAR (particularly polarimetric SAR) is sensitive to 

variable wetness and vegetation conditions.  LiDAR and SAR will be the focus of the 

review section below.   

 

2.2.1 Use of polarimetric SAR for characterizing and mapping peatlands 

In peatlands, the majority of studies using SAR data aimed to detect or differentiate 

different types of vegetation through visual analysis or characterization of peatland 

types or vegetation characteristics (e.g. Touzi et al., 2009).  A few applications exist 

of peatland hydrological assessments using SAR and these are discussed in more 

detail in a subsequent section (“Use of SAR in Hydrologic Applications”).   

 

2.2.1.1 Scattering mechanisms  

The interaction of a SAR wave with a target can result in changes in backscatter type 

(i.e. scattering mechanism), intensity, polarization and the phase of the signal 

(Lewis and Henderson, 1998). Changes in these can be measured to characterize the 
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target, be that the surface, vegetation or a combination thereof. Scattering 

mechanisms have been used extensively in wetland classification as they provide 

information about the structure and density of vegetation, as well as the presence of 

inundation.  When microwave radiation is transmitted toward the earth from a SAR 

antenna, it will interact with the target through one of three mechanisms: 

transmission, scattering or reflectance (Lewis and Henderson, 1998). Backscatter 

characteristics will vary throughout the year due to changes in target characteristics 

(e.g. leaf on, leaf off conditions) (Baghdadi et al., 2001; Townsend, 2002) and with 

incident angle (Townsend, 2002). The interaction type (scattering mechanism) will 

depend on the orientation and physical structure of the target, and the polarization 

of the emitted wave (Lewis and Henderson, 1998). The strength of the returned 

wave (backscatter intensity) will also depend upon the physical characteristics of 

the emitter and the target. Surface roughness of the target, radar viewing angle and 

surface geometry relationship, and dielectric properties of the target will all affect 

the backscatter intensity (Lewis and Henderson, 1998). "Roughness" is relative to 

the emitted wavelength (Lewis and Henderson, 1998) and incident angle 

(Townsend, 2002).  Roughness is defined as root mean square deviation of the 

surface at a particular point from the mean surface.  When the target is rough, 

energy will be scattered in all directions, but a significant portion will be directed 

back to the sensor. Conversely, specular reflectance will occur on smooth surfaces as 

the energy will be reflected away from the sensor and therefore result in very low 

backscatter intensities. The dielectric constant differs with the target's material and 

moisture content.  As the dielectric constant of water is ~ 80, objects with a high 
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water content (Ulaby, 1974) will result in a higher backscatter intensity than drier 

objects (Kaojarern et al, 2004).  

Volumetric scattering is common in peatlands and natural environments as the 

many small scatterers that make up vegetation (branches, leaves) cause the energy 

to disperse in many directions (Figure 2-1) (Lewis and Henderson, 1998). In a 

forested environment, such as treed bog, SAR may interact with the top of the 

canopy (X-Band), within the canopy (C-Band) or may penetrate through the canopy 

(L-Band), depending on the wavelength of the emitted wave. C-Band SAR may be 

transmitted through sparse shrub canopy to the surface of the peat (Whitcomb et al., 

2009) and it has been theorized that C-Band SAR may be able to penetrate very dry 

peat up to a few centimeters, depending on the dielectric constant and porosity of 

the peat (Touzi et al., 2009). However, no quantitative investigations of SAR 

penetration into peat have been found in the literature.  Figure 2-1 describes the 

expected backscatter response under different peatland hydrologic and vegetation 

conditions.   

 

2.2.1.2 Polarization  

There are now several fully polarimetric SAR sensors in operation (e.g. Radarsat-2, 

ALOS-2, TerraSAR-X) and these operate in different portions of the electromagnetic 

spectrum and with different modes of operation. Fully polarized SAR systems 

transmit polarized waves and record changes in polarization in the received or 

backscattered signal.  Brisco et al. (2011) noted that many previous studies of SAR 

in wetland mapping used a single polarization, and reported that the use of SAR 
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backscatter intensity alone is insufficient in wetland mapping because different 

scattering mechanisms cannot be detected with a single channel. Quad-polarization 

(Quad-pol or fully polarized) systems are designed to send and receive both 

horizontal and vertical polarizations, thereby resulting in four transmit-receive 

polarization combinations (HH, HV, VH and VV). If a horizontal wave (H) is 

transmitted, but a vertical wave is received (V), the change in polarization (HV) is 

due to interaction with the physical structure of the target (Boerner et al., 1998). 

Quad-pol satellite systems have been operational for 10 years (Radarsat-2 was 

launched in 2007) but much of the previous research in peatlands has been 

completed using single polarization (e.g. Racine et al., 2005; Grenier et al., 2007) or 

using airborne qual-pol SAR (e.g. Baghdadi et al., 2001; Touzi et al., 2009).  

 

2.2.1.3 Polarimetric Decompositions 

In addition to intensity and amplitude of the backscattered wave, fully polarimetric 

SAR allows an assessment of the scattering mechanisms that occurred and are 

commonly used to characterize different types of vegetation and surfaces (Figure 2-

1).  Several eigenvalue decompositions of the coherency matrix have been 

developed. The Freeman-Durden Decomposition estimates the amount of 

backscatter from rough surfaces, volume scattering and double bounce scattering 

(Freeman & Durden, 1997).  These parameters are often used in wetland 

classifications as they separate bare surfaces from vegetation, and inundated 

vegetation (e.g. Antropov et al., 2012; White et al., 2015; Banks et al., 2015).  

Another popular decomposition is the Cloude-Pottier Decomposition (Cloude and 
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Pottier, 1997), that averages three scattering mechanisms over a pixel and results in 

four decomposed parameters: polarimetric entropy (H), polarimetric anisotropy 

(A), α angle and β angle. Theoretically, the combination of these parameters can 

describe unique physical characteristics of a natural environment that cannot be 

described with intensity alone (Cloude and Pottier, 1997). The Cloude-Pottier 

Decomposition has been widely used for mapping wetland vegetation (e.g. Touzi et 

al., 2009; Brisco et al., 2011; Sartori et al., 2011; Koch et al.2012; Dingle-Robertson 

et al., 2015) most likely because a simple unsupervised classification (Wishart) 

based on the unique H/A/α combinations (Lee et al., 1999) has been implemented 

in several software packages allowing SAR images to be ingested to easily create 

wetland maps (Sartori et al., 2011; Brisco et al., 2011; Koch et al., 2012). However, 

the Cloude-Pottier Alpha parameter was shown to non-uniquely represent physical 

orientation of a target (Touzi et al., 2009). Touzi et al. (2009) demonstrated that for 

non-symmetric targets, scattering ambiguities may occur with Cloude-Pottier 

decomposition. The Touzi decomposition corrects this and produces six parameters. 

Touzi et al.(2009) compared the results of these two decompositions for wetland 

classification at Mer Bleue. They report that they were able to visually identify fen 

"surface water run-off" between June and October images using the Touzi 

Decomposition, concluding that higher fen surface waters in June enable their 

detection through the use of Touzi's αs and Φ parameters.   Touzi and Gosselin 

(2010) discuss the ability of the Touzi Decomposition to detect "subsurface water 

flow" in peatlands.  The term “subsurface water flow” and fen “surface water run-

off” is assumed here to mean the differentiation of areas where the acrotelm is wet 
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(due to the water table being close to the surface) from areas where the acrototelm 

is dry, but the authors to not provide a physical definition). While peat thickness and 

vegetation species information were collected near acquisition dates, the paper did 

not mention if soil moisture, water table depth or flow were measured. 
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Figure 2-1: Describes scattering mechanisms and their expected response under different peatland hydrologic and vegetation 
conditions.  VWC in this figure = Vegetation Water Content.  Photos by the author and Marisa Ramey.   
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2.2.2 LiDAR and its use in peatland mapping 

Light Detection and Ranging, or LiDAR, is a remote sensing technique that uses laser energy 

to detect the distance between the sensor and the target.  A LiDAR system emits a pulse of 

laser energy (light) and records the time for the pulse to return to the system from the 

target (Wehr, 1999).  Discrete-return LiDAR sensors extract one to four returns per pulse, 

and for each pulse X, Y and Z values, and intensity values (that correspond to backscatter 

amplitude) can be extracted. Since the speed of light is known, the distance between the 

sensor and the target can easily be determined.  Using integrated differential GPS, scanning 

mirrors and an Inertial Measurement Unit (IMU) the precise location of each elevation 

"point" in a LiDAR swath can be determined (Chasmer et al., 2006).   

 

Airborne LiDAR data is collected in flight-lines (with overlap) that are merged into a single 

point cloud.  As the laser pulse is emitted from the sensor, it diverges (Figure 2-2) resulting 

in a footprint on the ground, the size of which is dependent on wavelength and flying height 

(Wehr, 1999).  This means that as the beam travels through a vegetated canopy, it may 

encounter several objects that vary in elevation. It may first be reflected off the top of the 

canopy sending a "return" back to the sensor.  The remaining portion of the beam may then 

be reflected from the intermediate canopy objects (trunk, branches, leaves, etc.) and the 

last portion should finally be reflected off the ground (Figure 2-2).  Most LiDAR systems 

used today are able to detect up to at least four returns.  These returns are then classified 

into points that represent the surface of the earth (ground points) and those that represent 

other features such as vegetation (non-ground, vegetation, buildings etc.) (Meng et al., 
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2010). Once the data have been classified, the points are interpolated to a Digital Elevation 

Model (DEM) and Digital Surface Model (DSM) using an interpolation algorithm.   

 

LiDAR is now a commonly used tool in ecosystem mapping, but is generally restricted to 

small areas as it is operated from an airborne platform, although some provinces have now 

accumulated a large data base of imagery (e.g. much of Alberta has been mapped with 

LiDAR at least once in the past 10 years).  The ability of LiDAR to collect multiple returns 

(leading to the separation of vegetation from ground returns) has been demonstrated in 

many studies and its accuracy in measuring vegetation structure, height and biomass 

extensively cited (e.g. Hopkinson et al., 2005; Hopkinson et al., 2006; Chasmer et al., 2006; 

Wasser et al., 2013) although challenges exist when measuring short, dense shrubs and 

grasses (Hopkinson et al., 2005).  Elevation models produced from LiDAR have been used 

to characterize peatland morphology (Richardson et al., 2010; Hasan et al., 2011; e.g bog 

domes, lagg areas, slope of terrain etc.), wetness conditions (Hasan et al., 2011, Richardson 

et al., 2009) and to link geomorphic form to rainfall runoff response (e.g. Richardson et al., 

2012). The use of multi-temporal LiDAR is uncommon, likely due to the cost associated 

with collecting datasets, but has been demonstrated by Reddy et al., 2015 to be useful in 

quantifying carbon loss in peatlands due to wildfires.   
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Figure 2-2: a) Not all of the energy emitted from the pulse is reflected by a single object. Due to the divergence of the beam, the 
footprint of the pulse, when it reaches the surface, is larger than the pulse at the sensor. In this case, all objects within the 30 cm 
footprint reflect different amounts of transmitted pulse energy. b) The wave is returned with varying amplitudes (reflected 
energy). By setting the pulse threshold, peak return amplitudes are output as point locations 1st, 2nd, 3rd, and Last. The Last 
return can be interpreted to be from the ground.  This figure was originally created by D. Stiff for Millard et al., 2009.   
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2.3 Use of SAR for monitoring peatland hydrology 

Due to its sensitivity to the dielectric constant of its targets, and the ability of certain 

wavelengths to penetrate vegetation, Synthetic Aperture Radar (SAR) has long been 

recognized for its potential to monitor hydrology (Ulaby, 1972; Pietroniro and 

Leconte, 2005; Bartsch et al., 2011). Pietroniro and Leconte (2005) describe three 

levels of the application of remote sensing to monitoring hydrology, each with 

increasing difficulty and increasing importance to the advancement of the field of 

hydrology. In the first involves for detecting and mapping the extents of water 

features on the surface, and SAR has been widely used for this purpose in a variety 

of environments (e.g. Hess et al., 1990; Townsend 2002; Martinez and LeToan, 

2007; Dingle-Roberston et al., 2014; White et al., 2015; Bolanos et al., 2016) and in 

peatlands it is commonly used for mapping of permanently or seasonally inundated 

areas (e.g. lakes, ponds; Toyra and Pietroniro, 2005; Sass and Creed, 2008; Torbick 

et al., 2012). The second level of application involves retrieving information, such as 

land cover or hydrological parameters, through the interpretation or classification 

of SAR imagery. In peatlands, this has been employed for detection of peatlands in a 

wider landscape or classification of peatland type and vegetation mapping (e.g. 

Racine et al., 2005; Grenier et al., 2007; Touzi et al., 2009; Reschke et al., 2012; Hong 

et al., 2015; Henderson and Lewis (2008) provide a review). The third, involves the 

direct use of remote sensing to estimate hydrological parameters.  A few 

demonstrations of the potential application in peatlands exists in the literature (e.g. 

Kasischke et al, 2009; Takada et al, 2009; Jacombe et al., 2013).  Pietroniro and 

Leconte (2005) state that this level of application is yet to be operationalized, and 
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although this was written more than 10 years ago, this statement remains true in 

the case of medium or high resolution estimates.   

 

Surface soil moisture is the most important flux boundary in hydrological modeling, 

as it represents the interface between the atmosphere and the terrestrial water 

balance (Pietroniro and Leconte, 2005). It is also the most difficult to quantify 

because of its high spatial variability (Petrone et al., 2004). This is certainly true in 

peatlands where surface soil moisture can vary 90% over the distance of one meter 

(i.e. between hummocks and hollows) (Branfireun 2004; Petrone et al., 2004).  In 

situ soil moisture measurements are expensive to acquire and truly only provide a 

point scale estimate that may not be true of soil moisture in profile or accurately 

represent the spatial heterogeneity over larger scales. Petrone et al. (2004) note 

that obtaining spatially variable soil moisture measurements over a large area is 

more important for accurate characterization of soil moisture than obtaining fine 

scale measurements, yet single point measurements may be biased depending on 

their location within the microtopographic gradients.  Therefore, a balanced 

approach that captures both wide-scale and microtopographic variability is 

required.    

 

Most research related to the application of SAR for measuring hydrologic properties 

(surface soil moisture and water table) has been within agricultural landscapes, 

focusing on the retrieval of soil moisture from bare fields (e.g. Verhoest et al. 2008; 

Shi et al. 1997; Baghdadi et al. 2002; Merzouki et al. 2011; Merzouki et al. 2010).  
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This research has been conducted using various SAR sensors and polarizations.  The 

retrieval of soil moisture from vegetated fields (fields with crops and or crop 

residue) is also being developed (Gherboudj et al. 2011; McNairn et al. 2002) but is 

not yet operational (Merzouki et al. 2011).  Agricultural environments are 

comparatively less complex than peatlands and are often much easier to access.  

However, in both natural and agricultural environments, the difficulty in 

operationalization of the derivation of hydrological parameters from SAR can also 

be attributed to the complex interactions of surface moisture, vegetation water 

content and vegetation scattering on SAR backscatter (Bindlish and Barros, 2002).  

Past studies have shown that on rough surfaces, such as open bog, increasing 

saturation of Sphagnum or other mosses results in increased backscatter intensity 

(e.g. Kasiscke et al., 2003; Racine et al., 2005; Li et al., 2007). Therefore, seasonal 

variability in surface hydrologic conditions (i.e. soil moisture, water table depths) 

within peatlands should lead to predictable changes in SAR backscatter (Kasiscke et 

al., 2003; Torbick et al., 2012). In vegetated areas, depending on the location of the 

interaction with the target (i.e. depth of penetration into vegetation) the intensity 

may be affected by the dielectric constant of the surface (i.e. surface soil moisture) 

or from the vegetation (i.e. vegetation water content) (Kasiscke et al., 2003; Racine 

et al., 2005). While Baghdadi et al. (2001) found that scattering of C-Band SAR at 

Mer Bleue was almost wholly determined by surface properties, they expected to be 

able to detect changes in surface moisture between different dates but did not find 

significant differences between June and October acquisitions. Conversely, both 

Racine et al. (2005) and Kasiscke et al. (2003) were able to detect differences in soil 
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moisture in peatlands where vegetation was sparse.  Bartsch et al. (2007), also 

noted seasonal characteristics of backscatter within raised bogs, showing 

increasingly high backscatter in the summer months and peaking in autumn. When 

temperatures dropped below 0°C, the soil dielectric properties and backscatter 

decreased significantly as the ground was frozen.   

Another complicating factor in the use of SAR in natural environments in general is 

the presence of moisture on or in vegetation that grows above the surface of a 

peatland. While SAR is thought to be "all weather", rain immediately before an 

acquisition, or the presence of dew or frost on vegetation can have strong effects on 

backscatter intensity (Ulaby, 1974). However, Racine et al. (2005) report a rain 

event immediately before an acquisition but did not find differences in backscatter 

intensity as compared to an image where rain did not occur immediately before. 

They suspect this is because there was dew on the vegetation as it was acquired in 

the morning.  

 

2.4 Concluding Remarks  

Several gaps in knowledge and assumptions were identified in the literature. These 

are summarized here and addressed in relation to the objectives. First, it was 

determined that peatland classification methods varied widely between studies 

(different algorithms, different indifferent methods for collecting training data) as 

well as different sensors used. Objective 1 assesses a widely used classification 

algorithm (random forest) and assesses which input data produce the most 

accurate peatland ecosystem map (e.g. SAR decomposition parameters or LiDAR). 
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The classifier is also assessed for its ability to determine which datasets are most 

useful in peatland classification. Additionally, it was found that the random forest 

classification algorithm was used inconsistently, or no documentation of the 

method of collecting training data was reported throughout the various studies in 

the literature. This is addressed in Objective 1 as well where the classification is 

assessed to determine the optimum configuration of training data.  

 

There are many assumptions surrounding the response of SAR to variable soil 

moisture, surface roughness and vegetation but most of our understanding of the 

SAR response is built on research undertaken in agricultural environments. These 

assumptions are explicitly addressed through Objective 2, but will also carry though 

Objective 3 and 4 as our understanding of these interactions increases through 

modeling.  

 

Most examples of models of soil moisture from SAR data found in the literature 

were not independently validated. This means that models are not transferable to 

other areas or other times. Since operationalization of peatland hydrologic mapping 

would require models that are transferable across space and time, independent 

validation of models was specifically addressed in Objective 3 (spatial 

transferability) and Objective 4 (temporal transferability). Additionally, very few 

studies accounted for or considered temporal autocorrelation in repeated measures 

data. This will be explicitly addressed in Objective 4.  
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Chapter 3 Study Location, Design Rationale and Data Sources and Processing 

3.1 Rationale for geographic location of study 

This research was conducted in two peatlands:  Mer Bleue Bog and Alfred Bog 

(Figure 3-1) which are approximately 50 km apart.  Mer Bleue, located within the 

city of Ottawa is a well-instrumented and well-studied peatland.  This peatland was 

studied in Chapter 4 to assess the use of SAR in peatland classification and mapping.  

However, it was not used in subsequent chapters due to access restrictions.  Since 

Mer Bleue is a protected area, and because flux towers continually measure carbon 

flux within the peatland, no access to the site is permitted except along a boardwalk. 

The boardwalk is made of wood and metal instruments are placed on either side 

along its length.  The presence of the boardwalk itself as well as these instruments 

could have a great effect on the SAR signal and therefore this boardwalk could not 

be used for developing models of soil moisture from SAR.  Since access to other 

areas of the peatland is not possible, this site was not used for further research.   

Alfred Bog is located near the town of Alfred, Ontario, Canada (Figure 3-1).  Similar 

to Mer Bleue Bog, this peatland is found in a southern temperate region of Canada, 

but exhibits many landscape characteristics of a northern boreal peatland (e.g. 

boreal vegetation communities).  Its formation began about 10 000 years ago at the 

end of the last glaciation and retreat of the Champlain Sea, similar to Mer Bleue.  A 

thick layer of marine sediments resulted in poor drainage and saturated conditions, 

which has led to the slow accumulation of peat.  After approximately 9000 years of 

accumulation, the average peat depth at Alfred Bog is 4 m and the maximum depth 

has been measured at 7 m (Bird and Hale, 1984).  Alfred Bog consists of several 
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different types of peatland: domed, sphagnum and shrub dominated bog, black 

spruce (Picea mariana) treed bog and patterned poor-fen with strings (raised linear 

feature) and flarks (depressions that may seasonally form pools of water between 

strings) (Figure 3-2). The dome of the bog rises approximately 2.5 m above the rest 

of the peatland and approximately 8 meters above the surrounding agricultural 

areas.  

Today, Alfred Bog is approximately 4 200 ha in size, but prior to the 19th century it 

was known to be at least 10 000 Ha (Mosquin, 1991).  The reduction in size has 

been mainly caused by extraction of the peat for conversion of land to agriculture, 

for fuel and for garden soil.  Due to peat extraction, several ditches and drains have 

been installed over the years and many partially remain.  The edge of Alfred Bog is 

very abrupt as peat extraction is currently in operation on the periphery. Adjacent 

to the property line, extractors dig down as deep as the marine sediment, forming a 

distinct wall around the edge of the peatland.  Initial interest in research at Alfred 

Bog came from personnel at the South Nation Conservation Authority who wished 

to better understand the peatland hydrology to determine if restoration was 

warranted.  Alfred Bog is similar in vegetation and landscape characteristics to 

boreal peatlands and therefore the methods developed at this site could potentially 

be adapted to northern peatlands, for example in peatlands that are thought to be at 

risk of undergoing changes in hydrological regimes induced by climate change.  
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Figure 3-1 Location of Study Areas.  Alfred Bog is located in Eastern Ontario, Canada, approximately 50 east of the more well 
known Mer Bleue Bog.    
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Figure 3-2: Land cover / land use classes in the study area.  Alfred Bog is comprised of 
shrub bog, treed bog and poor fen areas, and is surrounded by upland mixed forest 
and agricultural areas. Vegetation height and digital elevation model (DEM) height 
values for each class are shown.  CGVD28 = (Canadian Geodetic Vertical Datum of 
1928) 
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3.2 Data Sources 

Two types of data were used in this research: field measured data of hydrological 

variables and remotely sensed imagery.   

3.2.1 Field Measured Data 

3.2.1.1 Soil Moisture 

Soil moisture data was collected using a Campbell Scientific Hydrosense that 

estimates soil moisture by using the soil dielectric permittivity to estimate the 

volumetric water content (Campbell Scientific, 2010). It is comprised of two probes, 

one that sends and the other that receives the signal. The sending probe generates 

high frequency electromagnetic energy, polarizing the water molecules in order to 

measure the dielectric permittivity. The travel time of the signal between the probes 

is measured.  Since travel time of electromagnetic energy is dependent on the 

dielectric permittivity, which is more than an order of magnitude greater for liquid 

water than other soil constituents, it is therefore possible to relate water content to 

measured dielectric permittivity through measuring the time for a signal to travel 

between the probes (Campbell Scientific, 2010).  

Semi-permanent soil moisture monitoring sites (n = 32) were installed throughout 

the south-east portion of Alfred Bog (Figure 3-3).  As the peatland is surrounded by 

private land, access was restricted to a single location from which each field 

measurement campaign could start.  The monitoring sites were distributed along a 

topographic gradient from the top of the dome of the bog, traversing through shrub 

bog, treed bog and fen classes.   
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Prior to installing monitoring stations, power analysis for multiple linear regression 

was completed to determine the number of stations required.   This analysis was 

based on preliminary field data collection in 2013 where only 10 monitoring sites 

were installed.  Preliminary models of measured soil moisture (volumetric water 

content (VWC)) with SAR backscatter intensity and polarimetric decomposition 

data also collected in 2013 and it was determined that model strength was low (R2 < 

0.3) but that power was also low with only 10 sites.  Power tests for regression 

depend on the expected R2 value, the number of continuous variables, power and a 

predetermined significance level in order to determine the number of sites required 

(Cohen, 1988; Champely, 2015).   Using an estimated lowest expected R2 value of 

0.2, power analysis indicated that 32 sites would be required to obtain a power of 

80% (significance = 0.05).  If R2 values were higher than 0.2, higher power could be 

achieved, or fewer samples required.       

As described in Chapter 2, peatland soil moisture is highly dependent on micro-

topography (hummocks are often very dry, but a hollow within 30 cm of the 

hummock may be completely saturated).  Therefore, point measurements of soil 

moisture may not be representative of the soil moisture in the larger area.   To 

obtain a site-wide representation of soil moisture at approximately the SAR pixel 

scale, two 8 m perpendicular transects (oriented north to south, and east to west) 

were installed at each site where soil moisture was measured every metre (n = 17 at 

each site; Figure 3-4). At each site, the 17 measurements were averaged.  
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Figure 3-3: The general study area and insets showing specific locations of field measurement sites.  Top row, left: Landsat image; 
centre: Radarsat-2 image; right: classification of the peatland.  Bottom row shows measurement locations, left: LiDAR DSM; 
centre: LiDAR DEM; left: classification.  Dome and transect are indicated in centre only.   
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Figure 3-4: To obtain a site-wide representation of soil moisture at approximately the SAR pixel scale, at each site two 8 m 
perpendicular transects (oriented north to south, and east to west) were installed where soil moisture was measured every meter 
(n = 17 at each site). 
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3.2.1.2 Water Table  

Water table level monitoring wells could not be installed at every soil moisture 

monitoring site due to high cost of the devices.  Therefore, a transect was 

established throughout the study area that traversed the meso-topographic 

gradient. This transect extended from the dome of the bog into the fen.  Wells 

equipped with a water table level logger (henceforth, referred to as “logger”) were 

installed at monitoring sites along this transect and at two sites perpendicular to 

the transect at the ends (Figure 3-3).  Each logger was barometrically corrected 

with a barometric logger installed near the center of the transect. Each logger was 

set to record water table fluctuations every hour between May 2014 and November 

2015.  Each logger’s three dimensional location (easting, northing, elevation with 

precision of 1 cm) was also recorded with a real-time kinematic differential GPS 

(RTK DGPS) and therefore each measurement could also be referenced to a datum 

(Canadian Geodetic Vertical Datum of 1928 -CGVD28), allowing water levels to be 

compared directly to the ground surface determined from both the surveyed 

ground elevations and a LiDAR digital elevation model referenced to the same 

vertical datum.  

3.2.1.3 Rain 

In 2014, rain measurements were obtained from the Guelph University Research 

Station in the town of Alfred Ontario (approximately 10 km away), except for a few 

measurements in June 2014, which were missing due to instrument malfunction.  

For those days, data from Environment Canada’s Montebello station (20 km away) 
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were used.  In 2015, a meteorological station with tipping bucket rain gauge was 

installed near the transect and rain data were measured.  

3.2.2 Remote Sensing Data 

3.2.2.1 DEM and derivative data 

LiDAR data were acquired for both Mer Bleue and Alfred Bogs on October 30, 2011 

by Leading Edge Geomatics using a Reigl LMS Q680 sensor that emits laser pulses 

with a wavelength of 1550 nm.  The data were acquired with an average flying 

height of 1000 m above ground level. Both of these flights were collected in flight-

lines with at least 50% overlap resulting in < 2 points per square meter (all hits) 

density, and a ground classified point spacing of approximately 1 point per square 

meter.   The data were obtained in unclassified Log ASCII Standard (LAS) format 

and classified using the LasTools suite of commands.  The data were tiled with 

overlap between the tiles to reduce interpolation effects near edges.  The ground 

classified points were interpolated using the Inverse Distance Weighting algorithm 

(to a power of 2). Data for Alfred Bog was purchased by the South Nation 

Conservation Authority and data from Mer Bleue was purchased by the Department 

of National Defense (DND) Mapping and Charting Establishment.  The author of this 

thesis designed the specifications of the data collection and the contract for 

procurement of the Mer Bleue data acquisition through DND, and also helped 

coordinate the additional survey of Alfred Bog data acquisition.  

An independent assessment of the LiDAR accuracy was performed. A survey-grade 

differential GPS unit used to collect ground validation data includes a base station 
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which was set up over a high precision network vertical monument and a rover 

operating in Real Time Kinematics mode.    Each point was acquired for 30 seconds 

to allow for at least 1 cm precision in measurements.  Each time a survey was 

conducted the base station was tied into the same monument system to ensure 

comparability between data acquired on different dates and at different sites.    An 

assessment of the 1 m resolution LiDAR DEM was found to be within 8 cm (standard 

deviation of 5 cm) of the differential GPS elevation measurements. This is within the 

expected industry standards for LiDAR data. On the bog where short vegetation 

exists, the LiDAR DEM was found to be within 15 cm (standard deviation of 5 cm) 

from the DGPS measurements.   

Additionally, a second LiDAR dataset was available for Alfred Bog which was 

collected on May 11, 2014 by Geospatial Quebec Group using a Leica ALS70-HP 

sensor that emits laser pulses with a wavelength of 1064 nm.  The data were 

acquired with an average flying height of 1350 m.  Data access was granted by the 

United Counties of Prescott & Russell and obtained in unclassified LAS format.  

Within the bog, a qualitative assessment of the differences between the 2011 and 

2014 datasets indicated very few areas of change and all differences were likely due 

to differences in point density.  The 2014 dataset was collected at higher point 

spacing (4 points per square meter for all hits and 2 points per square meter for 

ground classified data).  This dataset was not available at the time of writing 

Chapters 4 and 5 but was used in Chapters 7and 8 to estimate vegetation height.   
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Several different types of LiDAR derivatives were computed for different portions of 

this research.   Derivatives were calculated at 8 m spatial resolution in order to 

increase the number of points that were used to calculate each pixel value and to 

use the same pixel spacing as the SAR data.  Derivatives based on raw LiDAR point 

returns were calculated using LasTools and were selected to represent vegetation 

metrics.  DEM and DSM derivatives include topographic wetness indices, terrain 

roughness indices and various texture parameters.  Morophometric terrain 

derivatives include those derivatives that represent terrain conditions such as 

slope, aspect and channel network base level.  DEM, DSM and Morphometric 

derivatives were calculated in either SAGA GIS or PCI Geomatica.   

3.2.2.2 Vegetation data (LiDAR & MODIS) 

LiDAR data provide a high resolution spatial assessment of vegetation structure 

throughout the peatland.  A field data campaign to validate the LiDAR vegetation 

height, density and coverage estimates was performed in 2014 but relationships 

between LiDAR derivatives and field measurements were not strong, however, it is 

believed this is due to the small sample size.  Due to the difficult terrain and time 

constraints measurements could only be made at the soil moisture monitoring 

locations (n = 32).  Additionally, the available methods to measure vegetation height 

(clinometer and laser range finder) were observed in the field to not be precise.   

Therefore, based on the extensive literature on the subject (e.g. Hopkinson et al., 

2005; Hopkinson et al., 2006; Chasmer et al., 2006; Wasser et al., 2013), the LiDAR 

measured vegetation estimates were accepted as sufficiently accurate without field 

validation.   
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 In order to capture the temporal variability of vegetation, Landsat-8 data were 

acquired.  However, due to cloudy conditions throughout the growing season only 

three images per year (in both 2014 and 2015) were suitable for analysis.  These 

did not provide sufficiently high temporal resolution for analysis of changing 

vegetation conditions between each SAR acquisition.  Therefore, MODIS data, which 

are lower spatial resolution (250 m) but higher temporal resolution were obtained 

as 7-day composites of the Normalized Difference Vegetation Index from 

Agriculture and Agri-food Canada (Dr. Andrew Davidson).   For each SAR image, a 

corresponding MODIS-composite image was available.   

3.2.2.3 SAR data  

RADARSAT-2 (C-Band, 5.6 cm wavelength fully polarimetric SAR sensor; Macdonald 

Dettwiler and Associates, 2015) Fine Quad Wide (FQW) mode datasets were 

acquired throughout the growing seasons of 2014 and 2015.  Fine Quad is the 

highest spatial resolution available for fully polarimetric data with Radarsat-2 (~8 

m spatial resolution) and is now available in a wide mode (50 km swath as 

compared to 25 km x 25 km in Fine Quad mode).  The steepest incident angle 

available for Radarsat-2 in Fine Quad Wide mode is FQW1 (17.5 - 21.2 degrees). In 

planning the acquisitions, the aim was to focus on soil moisture retrieval and 

therefore aimed to obtain two images on the same day with different incident 

angles (one in ascending orbit and one descending) (Srivastava et al. 2003).  While 

two acquisitions per day were rarely possible due to conflicts with other users, it 

was possible to repeatedly collect FQW1 as well as several FQW5 (incident angle 

22.5 - 26.0 degrees) images throughout the spring, summer and fall of 2014 and 
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2015. The list of images and their configurations vary between the chapters and are 

therefore listed in their respective chapters.   

Polarimetric data processing was completed using PCI Geomatica’s SAR Polarimetry 

Workstation (SPW).  Each raw RADARSAT-2 image was converted to the non-

symmetrized scattering matrix (S4) in Sigma-Nought (σº), where HV≈VH (van Zyl, 

1990; Freeman et al., 1992; Raney, 1998; Touzi et al., 2013).  Matrix symmetrisation 

is a requirement of several algorithms in PCI's SPW (e.g. Freeman-Durden (Freeman 

and Durden, 1998), Cloude-Pottier (Cloude and Pottier, 1997), Touzi (Touzi, 2004) 

decompositions).  To reduce image speckle, the Enhanced Lee Adaptive filter was 

applied using a 7x7 pixel window (Lee et al., 1999). Polarimetric backscatter was 

calculated for each polarization (HH, HV and VV).  The intensity, incoherent 

variables, coherent variables, decomposition variables, and polarimetric 

discriminators used in this analysis will hereafter be referred to as "SAR 

parameters".  For each unique date and incident angle combination, all SAR 

parameters were stacked into a single PCIDSK file and each was ortho-rectified 

using a LiDAR DEM (1 meter spatial resolution) and the Toutin model (Cheng and 

Toutin, 2010).   

3.3 Data Reliability and assessment of error 

A comparison was completed between physical measurements of soil moisture and 

Hydrosense estimated soil moisture.  Due to field logistics, only four unique 

locations in the shrub bog area of Alfred Bog could be used for core extraction. At 

these locations pits were dug until the water table was reached (40 – 50 cm 
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depending on the site).  In each pit a flat, vertical wall was exposed.  For each 10 cm 

vertical section of the wall, a Hydrosense measurement was recorded and a slice or 

“core” of the peat was extracted.  Each core varied in size slightly but the original 

volume of each slice was recorded.  The peat itself and all of the water within the 

peat core were contained inside a plastic container.  This core was weighed wet, and 

then dried at low temperatures (approximately 60 degrees C to avoid losing carbon 

and nitrogen, but to remove water) for at least 24 hours until samples had reached a 

consistent weight (indicating that all moisture had been removed).  The core was 

then weighed again.  Since the volume of each core was known, the volumetric 

water content (VWC) could be computed based on the wet and dry weights.  VWC 

has been used instead of gravimetric water content as VWC will remain constant 

regardless of changes in soil bulk density, whereas two samples may have the same 

water content by weight while the actual amounts of water differ (Cihlar and Ulaby, 

1974).  The number of water molecules per unit volume rather than the weight 

proportion determines the dielectric constant of water (Hoekstra and Delaney, 

1974). VWC measured in the cores was plotted against the corresponding 

Hydrosense measurements and a linear model used to determine the strength of the 

relationship.  Since neither of the variables were normally distributed, a log 

transformation was applied to both.  The relationship of both models was strong (R2 

= 0.85 for log transformed data), however, the Hydrosense tended to underestimate 

VWC slightly (Figure 3-5).  The strength of the model suggests that the Hydrosense 

data are acceptable for estimating soil moisture in a relative sense.  No 
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measurements greater than 60% could be collected due to issues in extracting very 

wet or saturated samples.   

 

An additional source of error could be in the use of the different field assistants to 

measure soil moisture.  While the same locations were visited each time, when soil 

moisture was measured there was some freedom to chose the exact location where 

the probe was placed (within approximately a 0.25 m radius).  As well, since it was 

desired to capture 5 cm deep integrated measurements of soil moisture, the probe 

had to be inserted on an angle.  While field assistants were instructed on proper 

technique, it is possible that day-to-day variations occurred based on the specific 

field assistant collecting the soil moisture measurements.   

 

Within the water table measurements, one concern early in the research was that 

the wells were not anchored into the bedrock and therefore may be able to move 

vertically.  When the wells were installed their 3-dimensional (XYZ) location was 

recorded with an RTK DGPS. Three of the wells were visited one year after 

installation and their 3-dimensional location was recoded a second time.  The 

differences in height between years was within the measurement error of the 

instrument (± 5 cm), but not all wells could be visited and these were not monitored 

during extreme water table events. In general, the wells seemed reasonably 

anchored based on the amount of force required to insert and remove them.   As 

well, visual assessment of the data doesn’t appear to indicate that the wells were 

floating during rain events.   
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Figure 3-5: Relationship between measured soil moisture and Hydrosense-estimated 
soil moisture.  The left plot shows the data in an untransformed relationship although 
data were skewed.  A log transformation (base10) is demonstrated in the right panel 
as a log transformation brought data close to normal distribution (p < 0.001 in both 
cases).   The black line indicates the line of best fit for each model.  

  
Due to instrument malfunction at the meteorological station installed at the bog, 

rain measurements for 2014 had to be acquired from the closest available rain 

gauge in the town of Alfred (10 km away).  Where overlap in measurements did 

occur, the mean value recorded by the two stations was not statistically significantly 

different, although specific daily measurements did vary somewhat depending on 

local rain conditions.   

 

The temporal variability in vegetation is not well captured in this thesis.  This is 

described in Chapters 6, 7 and 8 and in the section on vegetation data in this 
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chapter, and may have had significant effects on the results, particularly in light of 

Chapter 6 findings.   

 

The classification used throughout Chapters 6, 7 and 8 was created using the 

methods described in Chapter 5 but a few specific improvements were made to the 

training data after this chapter was published.  These improvements were 

essentially edits to the class of a few specific training data points where, through 

field visits, it was determined that the original training data points were incorrect.  

Tests in Chapter 5 were re-run using the new training data and it was confirmed 

that these changes did not affect the findings of Chapter 5 but did lead to increased 

accuracy in the classification (>80% overall) as incorrectly classified training data 

led to confusion in the classification. Regardless, the class information at each soil 

moisture measurement site is known with extremely high certainty as these sites 

were visited regularly.  Therefore, any issues with classification accuracy are 

relevant to extension of the models in Chapter 6 and 7 in class prediction of non 

training or non validation pixels (i.e., to pixels that are not field sites) as even the 

independent validation data is based on field measurement sites.   Similar to the 

results found at the Mer Bleue study site, SAR alone produced very low 

classification accuracy (in the order of 50% accuracy/error), depending on the 

specific parameters used.  Additionally, it should be noted that using Landsat alone 

(including Normalized Difference Vegetation Index, Normalized Difference Water 

Index (Gao, 1996) and Tasseled-Cap Transformation (Crist and Cicerone, 1984)) 

and the integration of Landsat data with the SAR data led to a higher overall 
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classification accuracy (84% and 87%, respectively). However, it was decided to not 

use Landsat data in the full analysis of Chapters 4 and 5 because there was no 

additional ability to separate peatland classes with the addition of Landsat data.  

Most of the accuracy improvements associated with Landsat imagery were gained 

through separation of treed bog from upland forest, and agriculture from fen which 

were clear blunders in the classification and not through enhanced separation of 

peatland classes.   

 
Identifying the exact source of measurement error within the SAR data is outside 

the scope of this research, although this error may play an important role in the 

results.  Noise and speckle together likely lead to the significant overlap between 

classes and on different dates seen in the SAR parameters.  Error due to noise is 

quantified by MDA (Macdonald Dettwiler and Associates, 2014) and was therefore 

not assessed here, however, it was noted that several pixels did fall near or below 

the noise floor (as discussed in Chapter 7).  It is well known that SAR is subject to 

speckle, a multiplicative and essentially random noise that is caused by coherent 

processing of backscattered signals of multiple, distributed targets (Dong et al., 

2000).  Speckle can never be completely removed but can be reduced through 

various filters.  The Enhanced Lee Adaptive Filter (Lee et al., 1999) which is 

commonly cited as the preferred filter, was used here with a 7x7 window size but 

speckle was still evident in the imagery.  Various window sizes were visually 

compared and it was determined that 7x7 was the best compromise (i.e. it reduced 

speckle without causing significant distortion).  Since this was similar to results 

found in the literature no further analysis was undertaken.  However, a quantitative 
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method of the assessment of various window sizes and filtering algorithm would 

have lead to higher confidence in these results.  For hydrological assessments in 

Chapter 7 and 8, by aggregating SAR data to 100 m spatial resolution the effect of 

speckle on the pixels located at individual field measurement sites was reduced.    

 

3.3 Analytical Software and techniques 
Many different software packages were used during the course of this research.   

PCI Geomatica (including the SAR Polarimetric Workstation and ATCOR modules) 

was the primary software used for processing of remote sensing data. In many 

cases, EASI scripts were created in order to automate data processing and analysis.  

Several LasTools commands were used for processing the LiDAR point cloud data.  

This software was used without a license as datasets were tiled so that each dataset 

processed was made up of fewer than 1.25 million points (Personal Communication, 

Martin Isenburg – LasTools, 2013).   SAGA GIS was used to produce several LiDAR 

derivatives.  ArcGIS was mainly used for creation of maps with extra editing 

required in Corel Draw.  

The random forest classifier was used in Chapter 4 and 5, and random forest 

regression was used in Chapter 7.  “Random Forest” (RF) is now a widely used 

algorithm for remote sensing image classification (Ozemi and Bauer, 2002). Its 

ability to handle high dimensional and non-normally distributed data has made it an 

attractive and powerful option for use in image classification workflows (Kloiber et 

al., 2015). RF is an ensemble classifier that produces many Classification and 

Regression (CART)-like trees, where each tree is grown with a different 
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bootstrapped sample of the training data, and approximately one third of the 

training data are randomly left out in the construction of each tree (Breiman, 2001). 

A subset of the available input variables (number set by the user) are also randomly 

selected for building trees. These characteristics of the algorithm allow RF to 

produce an accuracy assessment called “out-of-bag” error (rfOOB error) using the 

withheld training data as well as measures of variable importance based on the 

mean decrease in accuracy when a variable is not used in a building a tree. Breiman 

(2001) considered rfOOB error to be an independent assessment of accuracy, as the 

sample points used in error calculation are not used in building that tree of the 

“forest” for classification (Breiman, 2001). One of the key features of the RF 

workflow developed in Chapters 4 and 5 was ability to easily generate independent 

accuracy assessment. rfOOB on its own is shown in Chapters 4 and 5 to not be 

reliable for accuracy assessment. Additionally, Chapter 5 demonstrates that with 

spatial data, the independence of training points must be carefully assessed, as non-

independent training points (i.e. those that exhibit spatial autocorrelation) can lead 

to inflated rfOOB accuracy assessments, and independent assessments of accuracy 

should be performed.   

 

This research takes a statistical approach to evaluating remotely sensed imagery 

and field data.  All statistical analysis was performed using R Statistical software (R 

Core Team, 2014), and all scripts used in this thesis were written by the author.  

While many packages within R are used to import and manipulate data, for Chapters 

4 and 5, a custom Random Forest workflow was developed in R that used the 



56 
 

randomForest package, as well as the rdgal package to import spatial data into R and 

the raster package was used to manipulate raster data and extract pixel values from 

imagery. The script used for the RF workflow is available as supplemental data in 

the Remote Sensing publication along with a subset of data with which to test the 

script.  In Chapter 6, Principal Components Analysis was completed using the psych 

package; One-way ANOVA and Repeated Measures ANOVA, Kruskal-Wallis tests 

were completed using functions in the stats package (this package is built into the 

base installation of R; no additional packages were required).  In Chapter 7 linear 

models (lm function) were computed using the stats package and model predictions 

were output and independent validation data extracted from these using the raster 

package.  Linear mixed effects modeling used the lmer and piecewiseSEM packages.   

All graphics (i.e. graphs) were produced using the ggplot2 package.  Maps were 

created in ESRI’s ArcMap.   
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Chapter 4 Wetland mapping with LiDAR derivatives, SAR polarimetric 

decompositions, and LiDAR–SAR fusion using a random forest classifier 

Wetlands provide vital ecosystem services at local, regional, and global scales, many 

of which are increasingly threatened by anthropogenic disturbances, including land 

and resource development, atmospheric pollution, and climate change. Peatlands 

are a specific class of wetlands characterized by anoxic, organic soils, and slow 

decomposition rates. They are typically found in cool climates where precipitation 

exceeds potential evapotranspiration on an annual basis (Gorham, 1991). While 

peatlands only cover a small portion of the Earth's surface (approximately 3%), 

they occupy a large portion of Canada (>50% in some northern regions, Frolking et 

al., 2002) and play a key role in the global carbon cycle (Sonnentag et al., 

2008; Harris and Bryant, 2009; Wu et al., 2011). The ecological integrity of northern 

peatlands is a topic of growing scientific interest in Canada (Waddington et al., 

2009; Whitfield et al., 2009). Recent advances in remote sensing are improving our 

ability to produce detailed maps of northern peatlands, especially in remote regions 

(Racine et al., 2005; Li et al., 2007;Henderson and Lewis, 2008; Korpela et al., 

2009; Torbick et al., 2012). There is a large selection of imagery types now available 

for such purposes; however, there is a need to quantitatively assess which of these 

data sources offers the best capabilities for extracting land cover types, biophysical 

characteristics, and hydrological conditions within northern peatlands. 

 

Classification of optical satellite imagery is the most commonly used approach for 

wetland mapping (Ozesmi and Bauer, 2002). There are disadvantages to the use of 

optical imagery for this purpose, however, some of which are exacerbated in 
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northern peatland applications. Optical imagery cannot sense the height or density 

of vegetation, is relatively insensitive to changes in surface moisture conditions, and 

cannot penetrate cloud cover. Active remote sensing technologies can be used to 

overcome these deficiencies. For example, Light Detection and Ranging (LiDAR) can 

be used to extract detailed information on wetland vegetation (Hopkinson et al., 

2006). Synthetic Aperature Radar (SAR) has been used to make this important 

distinction (Toyra et al., 2002). Moreover, statistical derivatives can be calculated 

from LiDAR to characterize surface morphology (Richardson et al., 2010), and 

various decompositions have been developed to convert the SAR polarimetric 

information into more meaningful components for discriminating surface 

vegetation and hydrology within peatlands (Touzi et al., 2009). 

Despite these various advantages, SAR and LiDAR are less widely used in wetland 

mapping than optical imagery, likely because traditional classification and mapping 

techniques for optical image classification are often not applicable or appropriate 

for SAR or LiDAR imagery (Waske and Braun, 2009). These more traditional 

methods for land use classification of optical imagery include IsoData 

(unsupervised) and Maximum Likelihood (supervised) classification techniques 

(Xie et al., 2008). Because of a requirement for parametric distributions, these 

classifiers may not be appropriate for SAR and LiDAR classification. Moreover, the 

fusion of different datasets (e.g., SAR and LiDAR) into a high-dimensional, 

multisource dataset may allow extraction of unique information from each type of 

data and derivative (Xie et al., 2008). In particular, information about vegetation 

structure (e.g., canopy height, Leaf Area Index) from LiDAR imagery may help 
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improve the current understanding of complex SAR surface scattering responses in 

peatlands. However, classification of multisource data can be challenging with 

traditional classification methods due to issues such as nonparametric distributions, 

mismatched image resolutions, and high dimensionality of datasets (Gislason et al., 

2006; Waske and Braun, 2009). 

 

In this study, LiDAR elevation, morphology, and canopy derivatives were used in 

conjunction with polarimetric RADARSAT-2 intensity and decompositions for 

classifying landcover types within Mer Bleue bog, a large northern peatland in 

Ottawa, Ontario. We used Random Forest (RF), an ensemble classifier that produces 

a user-defined number of CART-like trees (Classification and Regression Trees). 

This classification technique was chosen because of its ability to use high-

dimensional datasets with many weak explanatory variables (Lawrence et al., 2006) 

and non-Gaussian data (i.e., it is a nonparametric technique), both of which are 

required in the fusion of many imagery types and derivatives. Additionally, this 

technique provides metrics of variable importance and has been found to produce 

higher classification accuracies than traditional classification techniques with a 

variety of remote sensing data (Lawrence et al., 2006; Waske and Braun, 2009; Chan 

and Paelinckx, 2008; Ham et al., 2005; Horning, 2010; Ghmire et al., 2010; Pal, 

2005; Miao et al., 2012; Duro et al., 2012a; Duro et al., 2012b). 

 

Our specific objectives were to (i) assess accuracy and robustness of a RF approach 

to wetland classification; (ii) examine variable importance resulting from the RF 
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classifications to identify which imagery types, derivatives, and analysis scales are 

most useful for mapping wetlands; (iii) assess if fusion of different imagery types 

(LiDAR and SAR) improves classification accuracy; and (iv) assess physical 

interpretability of the multisensor image types and derivatives used in our 

classifications with respect to biophysical attributes associated with wetland 

classes. Using polarimetric SAR intensity, SAR decomposition parameters, LiDAR, 

and derivatives, the approach presented here has strong potential to improve image 

classification and ecosystem mapping in northern peatland environments. It may 

also help researchers and practitioners improve land cover classification in other 

application areas benefitting from large volumes of multisensory, multiresolution 

imagery. 

 

4.1 Study area 

Mer Bleue is a wetland conservation area located 20 km east of Ottawa, Ontario, 

Canada (Figure 4-1), and was designated a Wetland of International Significance 

under the Ramsar Convention in 1995. Surrounded by temperate deciduous and 

coniferous forest, light agriculture, and light suburban development, it consists 

mainly of a raised peat dome (bog), dominated by sphagnum, as well as a lagg area 

consisting of small areas of fen, marsh (nonpeat forming wetland), and open water 

ponds (Wetlands International, 2012). Although Mer Bleue is in the cool temperate 

zone, it has been found to be representative of northern boreal peatlands (Lafleur et 

al., 2001), and therefore provides a local opportunity to monitor and study 

biophysical characteristics of northern peatlands. 
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Figure 4-1: Study area map showing location of Mer Bleue wetland within the Ottawa, 
Ontario, region 

 

4.2 Methods 

Figure 4-2 outlines the main processes and methods used in this paper, and a 

detailed description of each step follows. 



62 
 

 

Figure 4-2: Flow chart outlining various steps used in analysis. This includes processing of LiDAR and SAR, creation of training 
data from human interpreted data (i.e., airphoto interpretation data) and separation of data into 3 classification and 1 validation 
set. Finally 4 iterative classifications were performed and paratermeters were selected through random forest and stepwise 
reduction of variables. 
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4.3 Data processing 

4.3.1 LiDAR 

LiDAR data were acquired on 30 October 2011 using a Reigl LMS Q680 sensor that emits 

laser pulses with a wavelength of 1550 nm. The data were acquired with an average flying 

height of 1000 m above ground level, which allowed for an estimated horizontal accuracy 

of 0.25 m. The vendor estimated the vertical accuracy to be approximately 0.08 m, 

however, and independent assessment was also performed within the wetland as well (see 

LiDAR validation section). 

The LiDAR data were converted to discrete return and provided in the classified LAS file 

format by the vendor (Leading Edge Geomatics). The vendor used Virtual Geomatics 

Software to perform ground–nonground separation but no further details of the processing 

or classification routines were provided by the vendor. The laser returns that were 

classified as “ground” (known as ground-hits) were used to create a digital elevation model 

(DEM) and all other valid returns (known as all-hits) were used to create the digital surface 

model (DSM). Intensity models, based on LiDAR return intensity were also created for the 

ground and surface returns. Although the LiDAR point density was greater than 1 point per 

metre square, all of these models were calculated at 8 m resolution to match the resolution 

of the RADARSAT-2 data. 

 

4.3.1.1 LiDAR validation 

Vertical accuracy assessment of the LiDAR data was carried out during the 3 days 

surrounding the LiDAR acquisition (30 October – 2 November). Differential GPS (DGPS) 

was used to collect more than 100 elevation measurements within the bog and additional 
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DGPS points (300 +) were collected on relatively flat, hard surfaces (e.g., centers of roads) 

throughout the LiDAR image. These were compared with the elevations of the DEM to 

determine the error or any offset in the dataset. From the points collected on the bog, the 

difference between the DGPS elevation measurements and the DEM was calculated to 

estimate LiDAR penetration into the canopy. 

4.3.1.2 LiDAR derivatives 

A total of 84 LiDAR derivatives were computed, falling into three classes (those derived 

from raw returns, from the DEM or DSM using a window size, and morphometric terrain 

derivatives based on the DEM) and using three different window sizes (7, 25, and 100 

cells). For brevity, a few specific examples of the different classes are described. 

 

Using the raw LiDAR returns various derivatives were calculated within an 8 m pixel. The 

standard deviation of the elevation of both the all-hits (all of the LiDAR returns regardless 

of classification) and the ground-hits (the LiDAR returns that are classified as being 

returned from the ground surface) were calculated for each 8 m pixel. For the all-hits, this 

derivative has been found to be correlated with the height of vegetation, especially in very 

short, dense vegetation (Millard et al., 2013). For the ground-hits, this represents the 

amount of variation in the ground over the 8 m pixel and is thought to be useful in 

peatlands for describing the hummocky nature of the landscape. In a peatland, terrain 

variation of hummocks and hollows is common and great difference in the wetness of these 

two features exists. The ratio of all-hits to ground-hits was also calculated based on the raw 

LiDAR point data and can be used as a representation of canopy density (Hudak et al., 

2006) although it should be noted that in short dense vegetation, LiDAR may not always be 
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able to fully penetrate the canopy, resulting in false ground-hits (Hopkinson et al., 2005). 

The LiDAR return intensity is also recorded when pulses are returned to the sensor and can 

be interpolated across the surface to produce an intensity model. Some researchers have 

attempted to correlate the LiDAR intensity with wetness and soil moisture (Korpela et al., 

2009), but Garroway et al. (2011) found that this correlation existed only on bare, 

unvegetated surfaces; therefore, this correlation may not hold true on the bog because of 

the short canopy. 

 

A fourth-order polynomial surface was calculated for the wetland area using ground-hits as 

a best approximation to the peat dome (Sonnentag et al., 2008; Richardson et al., 2010). 

From this, the DEM and DSM were each subtracted to calculate the residuals above or 

below this surface. These derivatives provide information about the deviation of each 

individual cell from the overall surface and, hence, the characteristic morphology of the bog 

dome while removing the confounding effect of the regional topographic gradient. 

 

4.3.1.3 DEM and DSM derived derivatives 

Derivatives based on the DEM and DSM were calculated on the 8 m DEM or DSM using a 

window size of either 7, 25, or 100 cells. DEM and DSM deviation from mean was calculated 

using System for Automated Geoscientific Analysis (SAGA) software. The SAGA wetness 

index (Bohner and Selige, 2002) and topographic wetness (Beven and Kirkby, 1979) were 

also computed in SAGA. The SAGA wetness index is a modified version of the well-known 

original topographic wetness index that better accounts for the lateral redistribution of 

water in flat areas of the landscape. These indices use the DEM to differentiate areas on the 
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basis of potential moisture conditions (e.g., in peatlands transitional gradients between 

raised bog and peripheral fen areas). Terrain ruggedness indices were computed based on 

both the DEM and DSM and are measures the sum of change between a pixel and its 

neighbouring pixels within a specified window size (Feuillet et al., 2012). Various texture 

measures of both the DEM and DSM (mean, contrast, homogeneity, dissimilarity, etc.) were 

calculated in PCI Geomatica's Focus, using the various window sizes listed previously. 

 

4.3.1.4 Morphometric terrain derivatives 

Slope and aspect were computed using PCI Geomatica's Focus. Additionally, several 

morphometric terrain derivatives that represent different hydrological parameters were 

computed using the SAGA “Basic Terrain Analysis” (BTA) package. These include Channel 

Network Base Level (distance of a cell in the DEM from the channel network), Altitude 

above channel network (the height of a cell above the channel network), slope length (LS) 

factor (ratio of the slope length and the length standardized by the Universal Soil Loss 

Equation), profile curvature (terrain curvature in the steepest slope direction) and 

planimetric curvature (terrain curvature along the contour), catchment area (upslope 

area), and slope length (length of flow path before interruption) (Hengle and Reuter, 2009). 

 

4.3.2 Polarimetric SAR 

A Fine Quad (FQ) polarimetric RADARSAT-2 image (land look-up table) acquired from 

MacDonald Dettwiler and Associates (MDA) on 1 November 2012 by the Canadian Centre 

for Remote Sensing (CCRS) was used as the SAR data source. Using Sigma–Naught 
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calibration, the intensities of the four polarimetric channels (HH, HV, VH, VV) were 

extracted from the raw data (product.xml) and stored in a multichannel PCI-DSK (.pix) file. 

A 7 × 7 Lee Filter was used to reduce speckle in the intensity images. The raw polarimetric 

data were also used in Touzi's Polarimetric Workstation (Touzi and Charbonneau, 2004) to 

produce the Touzi Decomposition parameters (Symmetric scattering type magnitude, αs; 

Symmetric Scattering Type Phase, ϕs; Kennaugh–Huyen maximum polarization parameter 

orientation angle, ψ; Kennaugh–Huyen maximum polarization parameter helicity, τ); as 

well as total power (span), entropy, and the coherency eigenvalues λ1,2,3 parameters 

(Touzi, 2007) with a 7 × 7 cell window size. The Touzi Decomposition decomposes the 

measured polarimetric return signal into its fundamental components so that more 

complex analysis of physical features can take place (Touzi, 2007). This decomposition 

technique was chosen because parameters derived from it have previously been used to 

differentiate bog from fen in wetlands including at Mer Bleue (Touzi et al., 2009). 

Additionally, the Cloude–Pottier entropy, aniostropy, alpha and beta angles, and the 

Freeman–Durden power received due to double bounce, rough surface, and volume 

scattering were computed in PCI Geomatic's SAR Polarimetry Workstation based on Lee 

filtered (7 × 7) intensity data. All of the above-mentioned datasets were then orthorectified 

at 8 m resolution using PCI Geomatic's OrthoEngine (Toutin model with bulk adjustment). 

 

4.4 Random forest classification and accuracy assessment 

RF classification was performed in R Statistics (R Development Core Team, 2008). RF is an 

ensemble classifier that produces ensembles of CART-like decision trees. Each tree is 

trained on a bootstrapped sample of training data. At each node, the split is determined 
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from a randomly selected subset of input variables. To determine the class, each tree in the 

forest casts a vote and the resulting class is determined by the majority vote (Gislason et al., 

2006). After classification of each tree is performed, RF puts the validation samples down 

each tree to reclassify the tree. It then compares the proportion of times that the validation 

classification is not equal to the true class and averages this over all trees (Breiman, 

1996; Liaw and Wiener, 2002). To calculate Out of Bag (OOB) error, RF constructs each tree 

using a different bootstrapped sample of the original training data. Although others have 

found them useful (Breiman, 2001; Lawrence et al., 2006; Horning, 2010; Guan et al., 2012), 

we found these accuracy assessments to be inflated, and therefore an independent 

accuracy assessment was also performed. Through RF classification, “importance” values 

can be calculated for each parameter in each classification. Importance is calculated by 

randomly permuting the values of each variable in the OOB samples for each tree. The RF 

algorithm uses the Gini-Index to estimate the importance of a variable by determining the 

magnitude of increase in prediction error when OOB samples are randomly permuted 

down trees while all others are left unchanged (Gislason et al., 2006; Liaw, 2012). 

 

Neither the maximum number of nodes (maxnodes) in the tree nor the number of variables 

tried at each split (mtry) was limited. One thousand trees (ntree = 1000) were generated 

for each classification, as it was determined through experience that fewer trees reduced 

the classification accuracy and more trees did not result in any gain in classification 

accuracy. One-third of the training data was reserved by RF from this bootstrapped sample 

to be used as validation data. 
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4.4.1 Training 

The National Captial Commission (NCC) airphoto interpretation of the forest and wetland 

classes (National Capital Commission, 2005) at the Mer Bleue Bog was used to extract 

wetland training and validation data for the classification procedure. This dataset 

represents human interpretation of the landscape from optical imagery as is often 

performed in wetland mapping and in the creation of training data for satellite image 

classification. Of the wetland extent datasets available for Mer Bleue, this dataset was found 

to be the most accurate based on qualitative field validation that was carried out in areas 

that are accessible and a visual comparison with current optical imagery, although no 

indication of accuracy was found in the metadata. Unfortunately a formal validation of this 

dataset could not be completed as Mer Bleue is a protected site and access is restricted to a 

few small boardwalks. Additionally, this dataset was used by Touzi et al. (2009) in visual 

comparison of the Touzi decomposition parameters for wetland classification. It is 

important to note that our goal was to compare the automated RF classification to human 

interpretation of the landscape. Therefore, instead of focusing on obtaining our own new 

training data, which would also be subject to error and more limited in extent, the use of 

this dataset enabled us to focus on assessing how RF, a machine-learning algorithm, can 

replicate human cognitive processes used in landcover interpretation and to identify which 

image types and derivatives are most are most useful for classifying northern peatlands. 

 

To produce independent training data, 1000 random training points with a 16 m (2 pixels) 

minimum separation distance were randomly generated. At each random point the wetland 

class was extracted from the NCC data and an 8 m buffer was produced around each 
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training point to sample the input bands at the same resolution as the SAR imagery and 

LiDAR derivatives. Where the landscape was not wetland or forest (e.g., fields, roads, 

building), the Ontario Geospatial Data Exchange (OGDE) Fundamental Dataset (2002) was 

used to obtain the class type of these features. Training areas represented the following 

wetland and upland classes: open bog, treed (conifer) bog, open fen, marsh, upland forest, 

upland shrubs, fields, roads, buildings, and water. To enable multiple accuracy 

assessments, and hence a more robust assessment of actual classification accuracy, this 

dataset was randomly split into quarters, each with different independent samples of 

validation data that were not used in training. For each combination of input data, four 

classifications were run and four accuracy assessments computed. Overall, user's and 

producer's accuracies were calculated for each class. 

 

Nine classifications using different combinations of input variables were computed: (i) SAR 

intensity only; (ii) LiDAR derivatives only; (iii) LiDAR derivatives and SAR intensity; (iv) 

SAR intensity and Touzi decomposition; (v) SAR intensity and Cloude–Pottier 

decomposition; (vi) SAR intensity and Freeman–Durden classification; (vii) SAR intensity, 

Cloude–Pottier decomposition, and LiDAR derivatives; (viii) SAR intensity, Freeman–

Durden decomposition, and LiDAR derivatives; and (ix) LiDAR derivatives, SAR intensity, 

and Touzi decomposition. These were each run iteratively using the four independent sets 

of training and validation data. For each classification, OOB error and RF importance of 

each input variable was calculated. 

 

 



71 
 

4.4.2 Reduction of highly correlated variables 

Although the importance values calculated by RF after each classification have been found 

to be useful in variable selection from high-dimensional datasets (Diaz-Uriarte and Alvarez 

des Andres, 2006), it has also been found that the variable importance measures show bias 

towards correlated variables (Strobl et al., 2008). As there were several input variables that 

were expected to be highly correlated, prior to performing classifications, both Pearson's 

Product Movement Correlation and Principal Components Analysis (PCA) were used to 

identify these. Then, a smaller set of non-correlated variables were used in classification. As 

Pearson's Product Moment Correlation expects normal distribution, and this is not the case 

with some of our variables, all variables were also used in PCA. Because of the high number 

of input variables, no transformations were undertaken prior to the PCA analysis. This 

decision may have reduced perceived correlations among variables somewhat but would 

not likely have changed the overall outcome of this data redundancy step. The correlations 

as well as the analysis of loadings and biplots were used to qualitatively determine which 

variables were highly correlated and therefore should be removed from the classification. 

In these cases, redundant variables could be removed without any reduction in accuracy. 

 

4.4.3 Scale dependency assessment of LiDAR derivatives 

Within the group of LiDAR derivatives, several variables were highly correlated. These 

were derivatives that differed only by the desired window size (e.g., terrain ruggedness 7 × 

7 window size compared with terrain ruggedness 25 × 25 window size). To reduce 

redundancy and determine which group of the highly correlated parameters to use (i.e., 

which produced the highest classification accuracy), the classifications were run iteratively 
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through RF in groups of one window size each time (i.e., we used all intensity and SAR 

decomposition data but only used the group of LiDAR derivatives with a 7 × 7 window size, 

and then ran this classification again, using the SAR intensity and decomposition variables 

but only the LiDAR derivatives with a 25 × 25 window size). The group of variables (e.g., 

window size) that resulted in the highest accuracy was determined to be the most 

appropriate for classification. 

 

After this reduction of variables there were still many LiDAR derivatives (55 of the original 

84) remaining. Although they were not highly correlated, it was suspected that some of 

these may not be providing useful information to the classification. Therefore, the 

remaining LiDAR derivatives were again run through a RF classification and the 

importance values produced were used to select a smaller subset of these variables. Any 

variables that did not result in high importance values were excluded from the final 

classifications, leaving 22 LiDAR derivatives to be used in the final classifications. 

 

4.4.4 Stepwise reduction of variables 

After the combination of imagery types with the highest classification accuracy was found, 

a stepwise reduction of variables was performed to further reduce the number of variables 

required in the classification. This reduction was based on the stepwise exclusion of the 

variable with the lowest importance after each classification. It was determined that a 

classification accuracy of 70% would be the lowest acceptable. This was based on the fact 

that classification accuracies slightly greater than 70% were achieved using all of the 

variables. A classification accuracy of 70% represented only a slight decrease in accuracy. 
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Therefore, after each stepwise reduction, the accuracy of the classification was computed 

and the minimum set of variables was determined based on the number of variables 

required to achieve this acceptable level of classification accuracy. 

4.4.5 Assessment of physical interpretability of variables 

To determine if the input variables were physically interpretable with respect to the 

wetland classes chosen for classification, boxplots were created to show variable 

distributions for each land cover class by extracting pixel values within training data 

polygons. 

 

4.5 Results 

4.5.1 LiDAR validation 

For validation purposes, a 1 m resolution LiDAR DEM was created that represented the 

topographic morphology of the surface and the amount of detail available in the raw LiDAR 

point data. An assessment of the 1 m resolution LiDAR DEM was found to be within 8 cm ± 

5 cm of the differential GPS elevation measurements. This is within the expected industry 

standards for LiDAR data, the same as reported by the vendor. On the bog where short 

vegetation exists, the LiDAR DEM was found to be within 15 cm ± 5 cm from the DGPS 

measurements. Field measurements of vegetation height recorded that vegetation was 

between 5 cm and 25 cm in height on the bog, and therefore LiDAR penetration into the 

bog canopy (mostly Labrador Tea) was low. This is likely due to the range resolution of the 

sensor which results in an inability of the sensor to differentiate between returns within a 

distance smaller than the range resolution (Wehr and Lohr, 1999) and very dense 
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vegetation physically blocking the laser from reaching the ground in some places 

(Hopkinson et al., 2006); however, it may also have been affected by misclassification of the 

ground and vegetation points, the interpolation of data, and the size of the search radius 

used in interpolation. The LiDAR DEM was then upscaled for classification to match the 

resolution of the SAR (as mentioned previously). 

 

4.5.2 Reduction of highly correlated variables 

From the PCA and correlation analysis it was found that the LiDAR derivatives computed at 

varying window sizes were all highly correlated (e.g., topographic roughness index of DEM 

with 7 × 7 window size and 25 × 25 window size r = 0.88, p < 0.01). Although other 

variables revealed some correlation (e.g., standard deviation of all-hits and SAR HV 

intensity resulted in r = 0.4, p < 0.01), the correlations were weak and therefore these 

variables were included in the classification. For each window size, the derivatives were 

run in groups through RF and the group of variables with the lowest OOB error was 

determined to be the 7 × 7 window sized variables. The importance values were slightly 

higher for the derivatives with a larger window size but the OOB and independent 

classification errors were increased and visual comparison of the classification also 

indicated a poorer classification with larger window size. This is likely specific to this 

location as the bog is surrounded by topographically higher upland (higher values in the 

DEM) as well as taller trees in the upland (higher values in the DSM) both of which would 

influence the bog areas with a large window size. Therefore, all derivatives of larger 

window sizes were excluded from further classifications. 
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4.5.3 Classification and accuracy assessment 

Large differences were repeatedly found between the OOB and independent accuracy 

assessments. In general, the OOB error reported higher accuracies than the independent 

accuracy assessments, with differences of up to 21%. As classification accuracy increased, 

the OOB accuracy became more inflated (Figure 4-3). Although OOB accuracy assessments 

can be used to give a general idea of classification accuracy or for comparative purposes 

between classifications, they do not appear to be valid quantitative measures of accuracy in 

land use classification. Based on this finding, we report the results of the independent 

accuracy assessments for the remainder of this paper. 
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Figure 4-3: OOB versus independent accuracy of selected classifications. (OOB accuracy = 100 

– OOB error). OOB accuracy generally reported higher accuracy than independent analysis. 

Overall classification accuracy for all of the classifications can be found in Table 4-1. The 

SAR intensity alone did not produce an acceptable classification (overall accuracy = 31%); 

however, the addition of both the LiDAR derivatives and the decomposition parameters 

significantly increased classification accuracy (an increase of 41.13% and 23.35%, 

respectively). Overall, five of the classifications resulted in similar overall accuracies: (i) 

LiDAR only; (ii) LiDAR and SAR intensity; (iii) SAR intensity, Touzi decomposition, and 

LiDAR classifications; (iv) SAR intensity, Cloude–Pottier decomposition, and LiDAR; and (v) 

SAR intensity, Freeman–Durden decomposition, and LiDAR. All of these resulted in 

approximately 72% accuracy (independent accuracy assessment). Visually, all three 

classifications also looked very similar, with one notable difference being the coarseness of 

the classification with the decomposition parameters included, which is a function of the 

window size (7 × 7) used in the calculation of the parameters. Of the classifications that 

used SAR decomposition parameters, the Touzi decomposition, resulted in slightly higher 

accuracy than the Freeman–Durden and Cloude–Pottier decomposition classifications. The 

highest classification accuracy combination (HCAC) (Table 4-1) was obtained from the 

combination of the SAR intensity and the selected LiDAR derivatives (72.8%). The user's 

and producer's accuracy assessments provide insight into the classes that were best 

classified by each of the classifications (Table 4-2). For example, although the LiDAR and 

SAR intensity classification was technically the highest overall accuracy, it resulted in very 

poor producer's accuracy (errors of omission) for roads (11.9% average with standard 

deviation of 79.6 between iterations), and it resulted in the lower producer's accuracies 
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(errors of commission) of the three highest classifications in the open bog, fen, and marsh 

wetland classes as well as buildings. The only significant gain in accuracy over the LiDAR 

only classification was in the detection of water (48.5% with LiDAR only, 82.2% for LiDAR 

+ intensity User's accuracy; 75% and 87% producer's accuracy, respectively). Using LiDAR 

only to classify water areas is difficult as water often results in fewer returns to the LiDAR 

system (due to a weaker pulse intensity and absorption of the infrared wavelength by 

water). LiDAR intensity is able to differentiate wet areas from dry areas but vegetation 

interaction complicates this relationship (Garroway et al., 2011). Conversely SAR is known 

to be very sensitive to the dielectric constant of a target that is related to its wetness (Toyra 

et al., 2002). The SAR intensity + Touzi decompositon + LiDAR derivatives classification 

also resulted in some large errors in certain classes, namely, low user's accuracy in 

buildings, upland shrub, and fen. Less confusion between marsh and forest resulted with 

the addition of the Touzi decomposition parameters to the classification. This is likely due 

to the addition of the αs1 parameter as the scattering mechanisms in these classes would 

be very different but the intensity information may not be. The LiDAR derivatives only 

classification generally represented all cases quite well with acceptable user's and 

producer's accuracies in all classes. 
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Table 4-1: Overall classification accuracy showing both out of bag error and independent 

accuracy. 
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Table 4-2: Average of Producer's and User's accuracy assessment produced from four 

independent cross-validated accuracy assessment for selected classifications. 

 

 

4.5.4 Random forest importance plots 

The RF importance for the HCAC shows that not all of the imagery types or variables were 

equally important to the classification (Figure 4-4) and in fact, the SAR intensity channels 

were not found to be very important to the classification. The LiDAR derivatives in all 

classifications were more important than the polarimetric SAR channels and Touzi 

decomposition parameters. However, Touzi's αs1(scattering type of the first scattering 

mechanism) as well as span (total energy), entropy, and the λ1, λ2, and λ3 (proportion of 

energy from 1st, 2nd, and 3rd scattering mechanisms) were found to be relatively 

important among the SAR variables. 
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Figure 4-4: Random Forest Variable Importance Plot of “Highest Classification Accuracy 
Combination” (HCAC) based on the GINI index. 
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4.5.6 Assessment of physical interpretability of variables 

Linking remote sensing variables more directly to biophysical and hydrogeomorphic 

attributes (such as vegetation characteristics, wetness, elevation, surface roughness, etc.) 

allows monitoring of ecosystem change or comparison of ecosystem change or ecosystem 

characteristics between sites. However, not all types of imagery allow for the 

characterization and separation of the biophysical characteristics and landscape classes 

that are of interest. To assess the physical interpretability of different SAR and LiDAR 

variables we used boxplots, which represent groups of data (e.g., classes), indicating their 

upper and lower quartiles (boxes) and outliers (whiskers) allowing for separation and 

overlap between classes to be visually assessed. Boxplots of a selection of variables are 

shown in Figure 4- 5. It is clear that not all variables allowed for the separation of wetland 

classes or the separation of wetland from upland. 

 

The SAR intensity variables resulted in significant overlap between classes, with the 

exception of HV (horizontal polarized wave transmitted, vertical received), that allowed for 

the differentiation of the marsh class from other wetland classes, but they were unable to 

distinguish wetland classes from upland. An HV response is often related to volumetric 

scattering, which can occur in vegetation. The separation of marsh from other classes is 

likely due to the marsh being dominated by emergent vegetation (cattails protruding from 

the water), where a double-bounce response will occur (i.e., the SAR energy is reflected 

from the water, then to the vegetation, and then back to the sensor). As only short 

vegetation exists on both open bog and fen, these classes would likely produce a single-

bounce response (a reflection from the surface directly back to the sensor) and would 
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therefore be more likely to be differentiated with HH. Forested upland and forested bog 

would most likely result in volumetric scattering but depending on the distribution, 

spacing, and openness of canopy of trees in these areas may result in double-bounce 

scattering as well. Touzi's magnitude of the symmetric scattering type (αs) should enable 

differentiation of these scattering types and therefore differences in these wetland classes. 

Forested bog will likely be less densely vegetated than upland forest and the ground will 

also be wetter. The intensity of the HH or VV may be able to differentiate the wetness 

beneath the canopy, depending on penetration into the canopy. However, from the 

boxplots we see that upland forest and forested bog cannot be differentiated with either 

HH or VV. Although large overlap still occurs, upland shows considerably higher values of 

HV than forested bog. This is likely due to the greater density of trees in upland forests than 

forested bog. Touzi's αs1 and ϕs1 parameters were able to differentiate wetland from 

upland and could separate marsh from other wetland classes, but they showed 

considerable overlap between bog and fen. The λ1 parameter showed a distinct difference 

between upland and all wetland classes and thus may be promising for wetland detection 

but not wetland type classification. 

 

Some, but not all, of the LiDAR derivatives varied as expected in relation to biophysical 

attributes of different land cover types at Mer Bleue. For example, Figure 4-6 shows that 

the conifer bog and open bog have significantly higher DEM residuals than marsh and fen. 

This is expected as marshes and fens are found nearer the lower-lying, peripheral lagg 

areas, thus resulting in smaller residuals when compared with the overall surface of the 

wetland. However, other more local measures of relative relief, namely DEM/DSM 
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difference from mean are not readily interpretable from a biophysical perspective. 

Standard deviation of all-hits is the single-most important variable identified through the 

RF analysis (Figure 4-4), and it varies somewhat predictably across the various landcover 

types. Upland forest classes exhibit much higher standard deviation of all-hits, probably 

because they have thicker and taller vegetation compared to forested bog. Similarly, the 

standard deviation of the all-hits is higher in the forested bog and open bog classes than in 

the marsh and open bog, which are both vegetated with short, dense vegetation. However, 

standard deviation of all-hits data was unexpectedly high for the fen areas, particularly 

relative to forested bog areas, but this might be due the high classification error for fens or 

bias in the NCC air photo interpretation, and possible confusion with other more vegetated 

areas of the wetland. For example, visual inspection of the classification shows that one 

area classified as fen appears to be forested and is obviously misclassified. Finally, boxplots 

show that upland classes cannot be differentiated from marsh, fen, and treed bog using 

LiDAR intensity. Open bog appears to have a higher LiDAR intensity than other wetland 

classes but also upland forests; therefore, we cannot conclude that the differences in 

intensity are related to differences in wetness. Similar to findings of Garroway et al., 

(2011), it is likely that intensity is affected by differences in vegetation cover among 

classes. Korpela et al. (2009) used LiDAR intensity to classify different vegetation species in 

peatland as the geometrical properties of the different vegetation species resulted in 

differences in intensity. Overall, although several LiDAR and SAR parameters can help 

differentiate between upland forest and wetland, no single parameter can differentiate 

between the wetland classes. 
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Figure 4-5: Boxplots (of selected variables) allow for interpretability of biophysical characteristics of variables. 
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Figure 4-6: Highest classification accuracy classification result compared with NCC data. 
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4.5.7 Stepwise reduction of variables 

In the stepwise reduction of variables, the first variables to be removed from the 

classification were the SAR intensity variables that had the lowest importance values 

(Figure 4-7). OOB error and independent error both remained steady (approximately 89% 

and 72%, respectively) until the 9th variable (altitude above channel network) was 

removed and the independent accuracy began to decline quicker. The acceptable level of 

accuracy was deemed to be no less than 70% resulting in 8 final variables: altitude above 

channel network, DSM residuals, ratio of ground-hits to all-hits, DEM residuals, terrain 

ruggedness (DEM), standard deviation of all-hits, vector terrain ruggedness (DEM), channel 

network base level. The visual appearance of the classification was not degraded by the 

removal of these variables. 

  

Figure 4-7:  Stepwise error assessment in reduction of variables 
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4.6 Discussion 

4.6.1 Robustness of random forest technique 

The RF classification algorithm was able to produce high accuracy classifications and 

essentially could replicate the results of human airphoto interpretation using nonoptical 

imagery. The extremely low accuracy produced from the SAR intensity alone was 

surprising but was likely partly due to the time of acquisition (autumn when few leaves 

remain on deciduous vegetation). Others have successfully used C-band SAR intensity alone 

for classification in agriculture (Deschamps et al., 2012) and even in wetland classification 

at Mer Bleue (Baghdadi et al., 2001), but in the latter, several CONVAIR-580 (airborne SAR) 

images were used from different times during the growing season. The addition of 

temporal data may increase accuracy and would also allow change over time to be 

assessed. The SAR intensity data alone did not produce acceptable classification accuracy, 

although the addition of polarimetric decompositions (Touzi, Cloude–Pottier, and 

Freeman–Durden) increased the accuracy of classification greatly. Additionally, the 

increase in coarseness of the resulting classification because of the use of a window size in 

the calculation of decomposition parameters is also a disadvantage. In this study, a 7 × 7 

window size resulted in an area of influence of 56 m when computing the Touzi 

decomposition parameters for each cell. Reducing the window size is possible; however, 

increased noise will result. Inclusion of all of the Touzi decomposition parameters with the 

SAR intensity and LiDAR derivatives resulted in high accuracy even though some of the 

Touzi decomposition parameters were not found to be very important. In fact, if these 

parameters (e.g., ϕs, ψ, τ) were removed from the classifications, the resulting accuracies 

were unaffected. Although Touzi et al. (2009), using C-Band aircraft mounted SAR (Convair 
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580), found that the ϕs parameter allowed for distinction between fen and bog; our results 

using RADARSAT-2 did not find this parameter important to the classification and this 

parameter could not be used to differentiate the different wetland classes in both the 

boxplots and through visual interpretation. This is likely due to the reduced resolution and 

increased noise in satellite C-Band SAR. 

 

The addition of LiDAR derivatives significantly increased the accuracy of all classification 

combinations. Whereas many of the derivatives could be calculated from other DEM 

sources, many are specific to LiDAR as they require discrete returns from both the ground 

and the canopy. The addition of LiDAR into large scale classification and mapping 

initiatives (e.g., nationwide inventories) is not yet realistic because of the expense of 

collecting such a dataset; however, this method could easily be operationalized for regional 

or individual wetland assessments. 

 

The stepwise reduction of variables revealed that the number of variables could be further 

reduced after the HCAC was determined without significant reduction in accuracy. The 

careful selection of a reduced number of variables helps reduce computer processing time 

and avoids the risk of choosing the wrong variables without assessment. 

 

RF was able to produce a classification of acceptable accuracy and provides a useful metric 

that identifies input variables that are important and therefore contribute the most to the 

classification. Moreover, we found RF to be a robust classifier in that overall accuracy was 

relatively insensitive to the inclusion of variables of low statistical importance (e.g., SAR 
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intensity) provided that the more important variables were included as input (e.g., LiDAR 

derivatives). This demonstrates that RF is able to ingest variables that represent noise and 

exclude their influence in the resulting classification. 

 

4.6.2 Fusion of LiDAR and SAR for classification 

The ability of RF to incorporate nonparametric data sources allows the fusion of different 

types of datasets. However, results showed that fusion of SAR intensity, decomposition 

parameters, and LiDAR derivatives did not result in higher classification accuracy than 

using LiDAR alone. The addition of LiDAR to SAR significantly improved the SAR 

classification, but LiDAR alone produced a classification of similarly high accuracy. 

Unfortunately, regional LiDAR datasets are rare for wetland areas and, therefore, methods 

need to be developed to improve SAR-only classification and physical interpretability for 

wetland environments. The addition of the SAR decomposition parameters did increase the 

accuracy of the single imagery type classification, with the Touzi decomposition resulting 

in slightly higher classification accuracy than either the Cloude–Pottier or the Freeman–

Durden decompositions. 

 

4.6.3 OOB error versus independent accuracy assessment 

We have shown that the OOB error assessments produced by RF may be inflated and 

therefore an independent accuracy assessment is necessary to determine the true error in 

the classification. These inflated accuracy assessments may be due to spatial 

autocorrelation within the training data, which is often unavoidable. The effect of spatial 
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autocorrelation on the training data needs to be assessed further, but it is suspected that 

when training data exhibit high spatial autocorrelation, a reduced range of training values 

is provided to the classification for training as nearer pixels are more similar than more 

distant pixels, even of the same class. Therefore, in areas farther from the training data, the 

values of input data are likely different from training data even for the same class. RF 

randomly subsets the input training data into training and validation pixels. When this is 

done, if the training and validation pixels both come from the highly spatially 

autocorrelated data (e.g., polygons interpreted from imagery), then the locations where 

validation data exists have also been trained very well by RF (as they are highly spatially 

autocorrelated to the training data). This most likely resulted in erroneously low OOB error 

than if nonspatially autocorrelated validation data were used. 

 

4.6.4 Computational expense of Random Forest classification 

RF, while computationally expensive (through RAM), has been compared with other 

machine-learning classification techniques (such as Support Vector Machines) and was 

found to result in similar accuracy but with a much faster processing time (Liaw and 

Weiner, 2002; Pal, 2005; Deschamps et al., 2012). In our research, this has proven 

extremely valuable in determining which variables to use for input. Running a classification 

more than 100 input channels in a matter of minutes as opposed to several hours makes 

experimentation with many different input variables possible. 

 

The data used in this study were stored in a PCI-Disk File (pix file) of approximately 1200 

pixels × 700 pixels at 8 m resolution with over 120 channels (variable channels plus 
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training and validation channels) and resulted in a disk size of approximately 400 MB. 

Using a computer with 32 GB of RAM, this image was classified by RF (R Statistics) in 

approximately 5 minutes, including producing OOB error assessment, importance plots, 

and a pix file of the new classification. 

 

4.6.5 Variable importance 

4.6.5.1 Determining importance of different input variables and scales of analysis for 

mapping peatland classes 

The ability to input many variables (e.g., more than 100) and quantify their “importance” 

allows users to easily determine which variables are the most appropriate and which are 

noncontributing. Here we were able to reduce more than 110 SAR intensity, SAR 

decomposition, and LiDAR derivatives to eight final variables. These final eight variables 

were a mixture of LiDAR DEM, DSM and discrete return derivatives, and morphometric 

terrain derivatives. 

 

Whereas RF importance plots proved useful in reducing the number of variables we use in 

classification, we did find that RF importance will be equal or similar for two related or 

highly correlated variables. This means that the importance values alone cannot be used to 

reduce variables, some sort of correlation analysis or reduction of the dimensionality of the 

dataset (e.g., PCA) must first occur to remove these redundant variables. Several of the 

input variables use a window size in their computation (e.g., SAR decomposition 

parameters, LiDAR texture, or terrain roughness) and the size of the window used can be 

selected by the analyst. A larger window size uses at more pixels and therefore a larger 
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area and smooths the data. We tested three different window sizes and found that a 7 × 7 

cell window size (the smallest tested) resulted in the highest classification accuracy when 

groups of the same variables (varying in window size) were directly compared. In general, 

the LiDAR variables were found to be much more important than the SAR intensity and 

SAR decomposition parameters. 

 

4.6.5.2 Assessment of physical interpretability of variables 

Traditionally used in peatland mapping and classification, optical imagery senses the 

differences in spectral reflectance of the Earth's surface. In a peatland, the spectral 

differences result from differences in vegetation type, sensed from the top of the vegetation 

canopy and surface material type where no vegetation exists. Whereas spectral properties 

are useful for distinguishing different types of vegetation or surface materials, they are not 

always useful for distinguishing between peatland types or between uplands and peatlands 

due to overlapping spectral signatures and, in some cases, similar vegetation communities. 

Therefore, classifications based on more physically meaningful input bands may lead to 

better characterization of peatland form and function and its spatial variability. Although 

both LiDAR and SAR are active remote sensing techniques, many of the LiDAR derivatives 

describe the geomorphic form of the landscape, which is intricately linked to both 

hydrology and ecology of wetlands, both of which are interrelated determinants of wetland 

function and type. SAR is able to sense differences in physical structure and the dielectric 

constant of targets (which can be related to wetness); however, the complexity of the 

targets results in great variability of the signal received, and the source of the signal and 

variability in signal can be difficult to interpret. Additionally, LiDAR derivatives, especially 
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those related to vegetation biomass and structure, may help explain complex surface 

scattering mechanisms in SAR. 

 

Some of the variables used here were able to clearly distinguish biophysical characteristics 

of the different wetland and upland classes and easily allowed the differentiation of the 

different classes, whereas others were less interpretable. In general, the most interpretable 

variables were those derived from the raw LiDAR data and relate to vegetation or 

topographic characteristics. From these parameters, inferences about vegetation height, 

density, topographic position etc., could be made. When separated by class, the LiDAR DEM 

residuals parameter showed physical separability of the different wetland classes, with bog 

resulting in higher residuals than fen and marsh. This parameter revealed the gradient 

from bog to fen and then to nonpeat-forming marsh, which is commonly found in peatland 

landscapes. The upland forest class exhibited more positive elevation residuals than the 

wetland classes because of its relatively higher elevation. The physical separation of classes 

by this parameter combined with differences in vegetation height and structure 

demonstrate the value in the information that can be derived from LiDAR. The ratio of 

ground-hits to all-hits can aid in the interpretation of the complexity of vegetation in a 

class. The upland forest class resulted in the lowest ratio (less than 0.5) meaning that more 

of the pulses were returned from the canopy than the ground. In comparison, open bog and 

forested bog resulted in ratios near 0.8 and 0.5, respectively. This demonstrates that 

forested bog has considerably lower vegetation density than upland forest and that open 

bog returns are almost all from “ground” returns. 
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Machine learning methods such as RF can be useful as methods that potentially replicate 

human cognitive aspects of aerial photograph or imagery interpretation, but they are 

somewhat “black box” (Gislason et al., 2006). However, if the inputs used in these are more 

physically interpretable, then the results will be more meaningful, and therefore a more 

direct linkage between machine-based decision rules and human interpretation can be 

derived. 

 

4.7 Conclusion 

Although classification of multi-sourced data can be difficult with traditional classification 

techniques, the technique presented here allows for quick and accurate classification of 

wetland classes and differentiation of wetland classes from similar upland classes (e.g., 

forested bog from upland forest). It was found here that fusion of the two imagery sources 

(SAR and LiDAR) did not result in significant improvements in classification accuracy, and 

although classifications using only SAR intensity did not result in acceptable accuracy, the 

use of LiDAR derivatives alone resulted in a classification of similar accuracy to those of 

fused datasets. As well, the addition of LiDAR derivatives increased the accuracy of all 

classifications, most likely because of the additional geomorphic and biophysical 

information captured by the various LiDAR terrain and canopy derivatives, many of which 

have direct linkages to wetland form and function. 

 

RF classification provides a quick and powerful alternative to traditional classification 

techniques as well as to CART-based methods and machine learning techniques. One of the 

most valuable aspects of RF is the ability to produce “importance” measures of each input 
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variable. The ability to input hundreds of variables and reduce redundant variables is 

invaluable when working with new derivatives. However, when using high-dimensional 

datasets, RF has been found to preferentially treat variables that are correlated and, 

therefore, correlation analysis and data reduction should be performed before performing 

classification so that only the most relevant dataset is used. After highly correlated 

variables are reduced to a core dataset, we found that many of the remaining variables 

could also be removed through a stepwise reduction of variables without significant loss in 

classification accuracy. Our final classification with highest accuracy was made up of only 8 

LiDAR derivatives. We also found that RF OOB accuracy assessments are inflated and 

therefore independent accuracy assessments are required. 

 

The increasing concern over the ecological integrity of northern peatlands in Canada 

requires large-scale mapping and monitoring of these often remote landscapes, which are 

tasks well suited to the use of remotely sensed imagery. The RF-based approach presented 

here has strong potential to improve mapping and imagery classification of wetlands and 

may also help researchers and practitioners improve information extraction and land cover 

classification in other application areas benefitting from large volumes of multisensor 

imagery. 
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Chapter 5 On the Importance of Training Data Sample Selection in Random Forest 

Image Classification: A Case Study in Peatland Ecosystem Mapping 

 
“Random Forest” (RF) is now a widely used algorithm for remote sensing image 

classification (Ozemi and Bauer, 2002). Its ability to handle high dimensional and non-

normally distributed data has made it an attractive and powerful option for integrating 

different imagery sources and ancillary data sources into image classification workflows 

(Kloiber et al, 2015). RF is an ensemble classifier that produces many Classification and 

Regression (CART)-like trees, where each tree is grown with a different bootstrapped 

sample of the training data, and approximately one third of the training data are left out in 

the construction of each tree (Breiman, 2001). The input variables (i.e., image channels) are 

also randomly selected for building trees. These characteristics of the algorithm allow RF to 

produce an accuracy assessment called “out-of-bag” error (rfOOB error) using the withheld 

training data as well as measures of variable importance based on the mean decrease in 

accuracy when a variable is not used in a building a tree. Breiman considers rfOOB error to 

be an independent assessment of accuracy, as the sample points used in error calculation 

are not used in building that tree of the “forest” for classification (Breiman, 2001). 

 

A number of studies have compared the results of RF classification with other classifiers 

(e.g., Akar et al, 2012; Adam et al, 2012; Sonobe et al, 2014) and the different model 

parameters within RF (e.g., Lawrence et al, 2005). However, very little has been written 

about the sensitivity of RF to different strategies for selecting the training data used in 

classification (see Corcoran et al, 2015 for a recent example). RF classifications are 

generally thought to be more stable than CART and commonly used parametric techniques, 
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such as Maximum Likelihood, due to the use of bootstrapping and a random subset of data 

in building the RF model Strobl et al, 2009). However, like other classification techniques, 

several aspects of the sampling strategy used to collect training data play an important role 

in the resulting classification. In this study we assess three aspects of the sampling strategy 

and resulting training data: sample size, spatial autocorrelation and proportions of classes 

within the training sample. 

 

Supervised image classification requires the collection of both training and validation data 

to produce thematic maps of features of interest (e.g., general land cover, agricultural 

crops, wetland classes, etc.) (Foody, 2004). Regardless of the choice of classifier, accuracy 

assessments are used to determine the quality of the classification, and several factors can 

affect the results of an accuracy assessment, including training sample size (Congalton, 

1991; Foody and Mathur, 2004, the number of classes in the classification (Pal and Mather, 

2003), the ability of the training data to adequately characterize the classes being mapped 

Congalton, 1991) there should be abundant training data in all classes (Rasanen et al, 

2014). Many different training and validation sampling schemes are used throughout the 

literature, but without careful scrutiny of each dataset used and the specific assessment 

method, it may be difficult to compare results of classifications (Congalton, 1991; Foody, 

2002). Ideally, a randomly distributed sampling strategy should be used for obtaining 

training and validation data, but this method can be time consuming and difficult to 

implement if ground validation is required for each point (Congalton, 1991; Foody, 2002). 

However, when training and validation data are not randomly distributed (as in the use of 

polygon data or homogenous areas of training data), these data violate the assumption of 
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independence, which has been shown to lead to optimistic bias in classification (Hammond 

and Verblya, 1996; Friedl et al, 2000; Zhen et al, 2013), where reported accuracy of the 

classification is inflated (Hammond and Verblya, 1996). Care must be taken to ensure 

validation points are drawn from a sample independent of training data to avoid optimistic 

bias (Hammond and Verblya, 1996). 

 

It has also been noted that statistical classifiers and machine learning algorithms may be 

biased where the proportions of training or validation data classes are distributed 

unequally or are imbalanced relative to the actual land cover proportions. In these cases, 

the classification may favour the ‘majority’ classes within the training data (Foody and 

Mathur, 2004; He, 2009; Breidenbach et al, 2010) (i.e., the class that represents the largest 

proportion in the training sample). Classes that are over-represented in the training data 

may dominate the resulting classification, whereas classes that are under-represented in 

the training data may also be under-represented in the classification. In such cases, the 

magnitude of the bias is a function of the training data class imbalance (Stumpf et al, 2014). 

To work with imbalanced datasets or instances where a class represents a small portion of 

the training data (i.e., rare classes), over-sampling and under-sampling are sometimes used 

to produce more balanced datasets (Breidenbach et al, 2010). For example, Puissant et al.  

(Puissant et al, 2014) that were rare in the landscape were also often under-represented or 

not present in resulting classifications. To increase the presence of rare classes of interest, 

they devised a targeted sampling strategy in which training data were selected only in 

areas where the rare classes were known to be found. This targeting of the rare class 

resulted in a higher proportion of the class in the training data and better representation in 
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the resulting classification. On the other hand, such targeted sampling could lead to 

overestimation of actual class proportions if not implemented judiciously. Cases of 

imbalanced data are likely common in remote sensing classification, but the sensitivity of 

machine learning classifiers such as RF to class proportions has not yet been thoroughly 

investigated. 

 

The problems associated with imbalanced training data may be exacerbated when high 

dimensional datasets are combined with small sample sizes in training datasets 

(Breidenbach et al, 2010). In such scenarios, the ability of machine learning algorithms to 

learn is compromised due to the complexity involved in making decisions to address a 

large number of features with limited sample points. Due to increased complexity in high 

dimensional datasets, classifiers generally require a larger training sample to achieve an 

acceptable level of accuracy (Pal and Mather, 2003).  It is common practice to reduce 

dimensionality of remote sensing datasets before classification (e.g., through Principal 

Components Analysis) (Millard and Richardson, 2013). Although RF is able to deal with 

high dimensional data (Cutler et al, 2007; Gislason, 2006), the results of image 

classification can be significantly improved if only the most important variables are used 

(Millard and Richardson, 2013). RF produces measures of variable importance that indicate 

the influence of each variable on the classification. Several authors have noted that RF 

“importance” metrics are useful in determining the variables that provide the most 

valuable information to the classification (e.g., Adam et al, 2012; Sonobe et al, 2014; 

Lawrence et al, 2005, Millard and Richardson, 2013). To produce the accurate RF 

classifications, only the most important input data should be used (i.e., only the derivatives 
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that are most important to the classification) (Strobl et al, 2009; Millard and Richardson, 

2009), and correlated variables must first be removed from the classification. 

 

The goal of this paper is to demonstrate the sensitivity of RF classification to different 

strategies for selecting training sample points. Our case study focused on land cover 

mapping with LiDAR terrain and point cloud derivatives at Alfred Bog, a large peatland 

complex in southeastern Ontario, Canada. This work builds on previous research in which 

RF was applied to map ecosystem types in another nearby peatland complex using a 

combination of LiDAR and Synthetic Aperture Radar (SAR) derivatives (Millard and 

Richardson, 2013). The specific objectives of the current study are to: (1) determine the 

uncorrelated important variables in our classification and use these data in producing 

classifications for subsequent analysis; (2) quantify the variability in classification results 

when bootstrapped classifications are run with RF; (3) quantify the effects of training data 

sample size on rfOOB error and independent accuracy assessments; (4) assess the effects of 

training class proportions on mapped class proportions; and (5) assess the effects of spatial 

autocorrelation in training data on classification accuracy. To our knowledge, there are 

currently no other systematic, quantitative assessments of how training sample size and 

sample selection methods impact RF image classification results. 

 

5.1 Study Area and Data 

Alfred Bog is a large northern peatland complex in southeastern Ontario, Canada (Figure 5-

1). In the past three hundred years it has been subject to intense peat extraction, and 

reports suggest that the current 10,000 acres of Alfred Bog is less than half its original size 

(Bird and Hale, 1984). 
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Figure 5-1: Study area map. Top left shows location within Canada (purple star). Top right 
shows Landsat-8 4-3-2 red/greed/blue image with training data points overlain. Bottom left 
shows LiDAR Digital Surface Model (DSM). Bottom right shows LiDAR Digital Elevation Model 
(DEM). 
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Figure 5-2: Peatland and upland classes at Alfred Bog. Top panel indicates dominant species 
found in each class with a corresponding photo. The middle panel shows boxplots of the 
standard deviation of Height Vegetation classified points in each class. Boxplots in the bottom 
panel indicate the Valley Depth DEM derivative in each class. Valley Depth is a LiDAR 
derivative that measures the vertical distance to an inverted channel network and indicates 
the local magnitude of relief. If notches in boxplots do not overlap there is strong evidence 
that their medians are statistically different (R Core Team, 2014). Photos by Marisa Ramey 
(2014). 
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Additionally, drainage ditches exist throughout the bog as a result of efforts to lower the 

water table in certain areas for subsequent mining of peat. Vegetation varies throughout 

the bog and appears to be affected by the presence of the drainage ditches and mined edges 

of the bog. The main peatland classes that exist at Alfred Bog are poor fen, open shrub bog 

and treed bog, but these classes can be quite similar in both vegetation and topography 

(Figure 5-2). Surrounding the peatland there are mixed, coniferous and deciduous forests 

with moss and low shrub understory, as well as vast agricultural areas with various crops. 

In this study, we use the peatland and surrounding area as our test site for investigating the 

sensitivity of RF classification to various different characteristics of training data. A LiDAR 

dataset is available for the entire bog and surrounding area. A number of recent studies 

have demonstrated that LiDAR derivatives provide superior classification accuracies 

compared with use of optical and radar imagery (e.g., Millard and Richardson, 2013; 

Chasmer et al, 2014; Maxwell et al, 2015; Corcoran et al, 2015) for both general land cover 

mapping and specifically in peatland mapping. Optical imagery captures spectral 

reflectance from the different vegetation species visible from above. Whereas vegetation 

species can be useful for differentiating many land use classes, peatland species diversity 

can be very low, with a few of the same dominant species occurring in many of the classes 

(Figure 5-2). LiDAR captures information about the form of both topography and 

vegetation which, in peatlands, allows distinction between classes (Figure 5-2). Peatland 

classes often form along hydrologic gradients, and boundaries between classes may not be 

clear on the ground. Also, peatland classes often vary in vegetation structure (height, 

density, etc.). The ability of LiDAR to capture both topographic and vegetation components 

of the landscape has been shown to improve classification accuracies in peatlands (Millard 
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and Richardson, 2013; Andrew et al, 2014). In this study, we used LiDAR data for Alfred 

Bog to investigate the effects of training data characteristics and selection on classification 

results, although our findings likely generalize to other types of imagery. 

 

5.3 Methods 

5.3.1 LiDAR Data and Derivative Processing 

LiDAR data were acquired by Leading Edge Geomatics on 30 October 2011. Data were 

obtained from the vendor in Log ASCII Standard (LAS) format and were classified (ground, 

non-ground) using LAStools software (LasTools, 2014), and height above ground for each 

point was calculated using the LASheight command. A Digital Elevation Model (DEM) was 

created from the ground classified points and a Digital Surface Model (DSM; elevations of 

the top of reflective surfaces) was developed from the all-hits data using inverse distance 

weighted interpolation. Several derivatives were calculated from ground and non-ground 

points (using LAStools) and several were calculated based on DEM or DSM raster values 

(using SAGA GIS (Saga, 2014)—see Table 5-1). Point spacing of the raw LiDAR data was 

approximately one point per square meter. The calculation of derivatives requires several 

points per grid cell, therefore, these derivatives were created at 8 m spatial resolution, as in 

Millard and Richardson (2013). These derivatives are hereafter referred to as “variables.” 

 
5.3.2 Training Data Collection 

Selecting a random sample of training data distributed across a landscape ensures a sample 

that has class proportions that are representative of the actual landscape class proportions. 

Training data were classified using both field validation and high resolution image 
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interpretation. A set of 500 randomly located points (with a minimum point spacing of 8 m) 

were distributed throughout the study area. Due to the difficult nature of access to 

peatlands, not all of these sites could be visited. Instead, the classes at most locations were 

manually interpreted from imagery. Expert knowledge resulting from a number of on-site 

field activities between 2012 and 2014 in conjunction with several ancillary image datasets 

were used to determine the class at each point. The interpreter visited representative sites 

and recorded the location with a GPS unit, as well as the peatland class. High- and medium-

resolution optical imagery from spring, summer and fall seasons was then used along with 

derived and textural parameters to interpret the class at each of the randomly located 

points. These ancillary image sources were not used in subsequent classification steps. 

 

Five land cover classes were chosen based on descriptions of wetland types in the Canadian 

Wetland Inventory (National Wetlands Working Group, 1997) and using knowledge of the 

field site acquired through numerous field surveys. The map classes included open shrub 

bog, treed bog, and fen, as well as two upland classes (mixed forest and agricultural areas). 
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Table 5-1: List of Digital Elevation Model (DEM), Digital Surface Model (DSM) and point cloud 
derivatives used in classification created in SAGA (SAGA GIS, 2014). Raster/point describes if 
the derivative was calculated from raw LiDAR points or a raster surface (Wilson et al, 2000). 
Abbreviations: HAG = height above ground; veg = vegetation; hgt = height; avg= average; and 
std= standard deviation. 

Variable Description Raster/Point 

Catchment Slope Average gradient above the flow path DEM 

Channel Network 
Base Level 

Elevation at the channel bottom at the point 
where all runoff from the watershed leaves the 
watershed 

DEM 

Diff. from Mean Difference between DEM value and mean DEM 
value 

DEM, DSM 

LS Factor Slope length gradient factor [36] DEM 

Max Value Maximum value of DEM within 10 × 10 grid cell 
window 

DEM, DSM 

Mean Value Mean value of DEM within 10 × 10 grid cell 
window 

DEM, DSM 

Min Value Minimum value of DEM within 10 × 10 grid cell 
window 

DEM, DSM 

Relative Slope Pos. Distance from base of slope to grid cell DEM 

Slope Slope of DEM grid cell from neighbouring grid 
cells [37] 

DEM 

Standard Deviation Standard deviation of DEM surface elevations in 
10 pixel window 

DEM, DSM 

Topographic Wetness 
Index 

DEM derivative that models topographic control 
of hydrologic processes; function of slope and 
upslope contributing area [38] 

DEM 

Valley Depth Vertical distance to inverted channel network DEM 

Distance Ch. Net. Distance from grid cell to Channel Network DEM 

Avg. Veg. Hgt. Average HAG of LiDAR vegetation points Point 

Canopy Density Num. of points above breast height (1.32 m) 
divided by num. of all returns 

Point 

Count of All-hits Total number of LiDAR points in each grid cell Point 
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Table 5-1: List of Digital Elevation Model (DEM), Digital Surface Model (DSM) and point cloud 
derivatives used in classification created in SAGA (SAGA GIS, 2014). Raster/point describes if 
the derivative was calculated from raw LiDAR points or a raster surface (Wilson et al, 2000). 
Abbreviations: HAG = height above ground; veg = vegetation; hgt = height; avg= average; and 
std= standard deviation. 

Variable Description Raster/Point 

Count Ground Points Total number of ground-classified LiDAR points 
in each grid cell 

Point 

DEM Difference from 
Polynomial Surface 

Difference between DEM and nth order 
polynomial trend surface where n = 1 to 4. 

DEM 

Deviation from Mean Deviation of DEM grid cell values from mean 
DEM value 

DEM, DSM 

Maximum Veg. Hgt. Maximum HAG of vegetation-classified LiDAR Point 

Minimum Veg. Hgt. Min. HAG of LiDAR vegetation points above 
breast height (1.32 m) 

Point 

Modified Catchment 
Area 

Catchment area (calculation does not treat the 
flow as a thin film as done in in conventional 
algorithms) 

DEM 

Ratio Gr.  to All-hits Ratio of ground-classified LiDAR points to all 
points per grid cell 

Point 

SAGA Topographic 
Wetness Index 

Topographic wetness calculated using the 
Modified Catchment Area 

DEM 

Std. Veg. Hgt. Standard deviation of HAG of vegetation-
classified LiDAR 

Point 

Terrain Ruggedness Sum of change in each grid cell based on 
neighboring grid cells 

DEM 

Trend Surface 
nth Order 

1st-order polynomial of DEM surface DEM 

Vegetation Cover The number of first returns above the breast 
height (1.32 m) divided by the number of all first 
returns and output as a percentage 

Point 
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5.3.3 RF Classification 

RF classification was run in R Statistics (R Core Team, 2014) open-source statistical 

software. The randomForest (Liaw and Weiner, 2002) and raster (Hijmans, 2014) packages 

were used to produce all classifications. One thousand trees were grown for each 

classification. The number of trees required to maintain a certain level of accuracy has been 

assessed by several authors, and the minimum number of trees for optimal classification 

appears to be somewhat variable (fewer than 100 (Lawrence et al, 2005) to 300 trees 

(Akar et al, 2012)). Therefore, using 1000 may not be necessary, but does not harm the 

model (Breiman, 2001), and variable importance is said to stabilize with a larger number of 

trees (Liaw, 2002). Other variables that can be set in the randomForest package, 

including mtry (the number of variables tried at each split in node), were left at their 

default values. The basic script used for RF classification is provided in Supplemental 

Information online. RF classification produces measures of “out-of-bag error” (rfOOB 

error). Independent validation was also conducted for comparison to rfOOB error. For each 

classification, 100 data points were withheld from the training data used for classification. 

Once the classification was completed, the manually interpreted class for each reserved 

point was compared with the RF predicted class. From this, the number of incorrectly 

classified points divided by the total number of points provided the percentage 

classification error. 

 
5.3.3.1 Variable Reduction 

Previous research has shown that although RF can handle high dimensional data, 

classification accuracy remains relatively unchanged when only the most important 

predictor variables are used (Millard and Richardson, 2013). When running the 
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classification several times with all variables (referred to as “All Variables”) classification 

(number of variables = 28), we noted that the most important variables varied among 

classifications, even when the same training data were used. Therefore, we ran the RF 

classification 100 times and recorded importance rankings of the top five most important 

variables for each iteration (Table 5-2). It was evident that among these important 

variables, several of the variables were highly correlated. Spearman’s rank-order 

correlation was used to determine pair-wise correlations. Starting with the most frequently 

classified important variable and moving to successively less important ones, highly 

correlated (r > 0.9) variables were systematically removed leaving a set of only the most 

important and uncorrelated training data variables (Table 5-3). This allowed us to run two 

additional classifications, one with all of the variables that were found to be very important 

(referred to as “Important Variables” classification (number of variables = 15)) and one 

with only the uncorrelated important variables (referred to as “Uncorrelated Important” 

classification (number of variables = 9)). We note that if the training set size is reduced, the 

set of variables in these subsets may be different, as they are chosen based on the data 

available (e.g., n = 100). The set of variables used also affects the classification quality, and, 

thus, error may be higher when there is more uncertainty about the important variables. 

Therefore, the results obtained in this study when reducing the size of the training set are 

most likely optimistic. The alternative is to re-select the important variables for every 

different subset of sample points. This would not allow the classifications to be fairly 

compared, as they would be created using different variables. Therefore, we have chosen to 

use the same variables in all subsets. 
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The McNemar test (Foody, 2004; Deitterich, 1998) was used to determine whether 

statistically significant differences existed between pairs of classifications (e.g., All 

Variables vs. Important Variables, Important Variables vs. Important Uncorrelated 

Variables). This test requires the number of grid cells classified correctly by both 

classifications, the number of grid cells classified incorrectly by both classifications, the 

number of grid cells classified correctly by the first classification but not the second 

and vice versa (Deitterich, 1998; Duro et al, 2012), which are derived from the confusion 

matrices produced through both rfOOB error and independent error assessments. 

 

Each classification was run 25 times and classification probability maps were created that 

indicate the number of times a grid cell was labeled as the most frequently classified class, 

showing the uncertainty of each cell in the classification. For example, in a two-class 

classification, if a cell is labeled as the most frequently occurring class in 51 of 100 

classifications, then the classification is somewhat unstable for that cell. Conversely, a cell 

that is labelled as the winning class 99 of 100 times indicates a more stable classification 

and hence higher confidence. 
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Table 5-2: The number of times each variable was determined to be among the top five most 
important variables for each of 100 classification runs. 

 

Removed 
due to 
Correlation 

Number of 
Times 
“Most 
Important” 

Number of 
Times 
“2nd Most 
Important” 

Number of 
Times “3rd 
Most 
Important” 

Number of 
Times “4th 
Most 
Important” 

Number of 
Times “5th 
Most 
Important” 

Valley Depth  
52 22 10 4 6 

Std. Veg Height  
20 37 20 7 7 

Max. Veg Height  
13 17 21 23 8 

Trend Surface 1  
10 0 0 1 0 

Veg Cover ✓ 4 10 18 16 17 

Veg Density ✓ 1 3 3 19 17 

Trend Surface 2  
0 10 20 16 18 

DEM Diff Trend 
1  

0 1 1 
0 1 

Avg. Veg Height ✓ 0 0 1 44 0 

Mean DEM  
0 0 3 1 6 

Canopy Height 
Model  

0 0 1 
0 1 

Max Dem ✓ 0 0 1 2 3 

DEM ✓ 0 0 1 1 5 

Min DEM ✓ 0 0 0 8  

DEM Diff Trend 
3 

  0 0 0 
1 2 
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5.3.3.2 Effect of Training Data Sample Size on RF Image Classification 

Classifications were run with varying sizes of the training dataset. For each iteration, 100 

random points were set aside for validation from the original 500 points. From the 

remaining 400 points for training, we created different random sample subsets for training 

with 90%, 80%, 70%, 60%, 50%, 40%, and 30% of the data, and ran classifications based 

on these subsets 25 times each. For each classification, rfOOB error was calculated and an 

independent validation was performed using the withheld points. 

5.3.3.3 Effect of Training Data Class Proportions on RF Image Classification 

From the full set of 500 points, the random validation set (n = 100) and the random 

training dataset (n = 400) were separated. Subsets of the training data were then created to 

examine the effect of the proportion of training data in different classes. We ensured that 

the same total number of training data were used in each set of data (i.e., we varied the 

number of points within each class, keeping the total number of points the same). Different 

subsets of training data were created by forcing the proportion of the training data per 

class to range from 10% to 90%, with the remaining training data split evenly across the 

other classes (Figure 5-3). For each class and forced proportion, we ran RF 25 times with a 

random sub-sample of the training data and reserved data for independent validation. The 

forced class proportions were maintained within the 25 random subsets of training data. 
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Table 5-3: Most important variables selected by randomForest, and pairwise correlation. 

                                

Valley Depth 
Std. Veg 
Height 

Max. 
Veg 
Height 

Trend 
Surface 
1 

Veg 
Cover 

Veg 
Density 

Trend 
Surface 
2 

DEM 
Diff 
Trend 1 

Avg. 
Veg 
Height 

Mean 
DEM 

Canopy 
Height 
Model 

Max 
Dem 

DEM 
Min 
DEM 

DEM 
Diff 
Trend 3  

Valley Depth   −0.19 −0.14 0.25 −0.06 −0.08 0.21 −0.52 −0.14 −0.06 −0.05 −0.06 −0.07 −0.06 −0.56 

Std. Veg 
Height 

−0.19   0.87 0.3 0.8 0.82 0.4 0.24 0.87 0.47 0.8 0.47 0.47 0.47 0.15 

Max. Veg 
Height 

−0.14 0.87   0.26 0.94 0.96 0.38 0.26 0.99 0.46 0.88 0.46 0.46 0.47 0.15 

Trend Surface 
1 

0.25 0.3 0.26   0.25 0.25 0.9 −0.41 0.26 0.69 0.25 0.7 0.69 0.69 −0.37 

Veg Cover −0.06 0.8 0.94 0.25   0.99 0.37 0.19 0.93 0.42 0.9 0.42 0.42 0.43 0.09 

Veg Density −0.08 0.82 0.96 0.25 0.99   0.37 0.22 0.95 0.44 0.9 0.43 0.44 0.44 0.11 

Trend Surface 
2 

0.21 0.4 0.38 0.89 0.37 0.37   −0.14 0.38 0.83 0.37 0.84 0.83 0.83 −0.32 

DEM Diff 
Trend 1 

−0.52 0.24 0.26 -0.41 0.19 0.22 −0.14   0.26 0.3 0.18 0.3 0.3 0.31 0.79 

Avg. Veg 
Height 

−0.14 0.87 0.99 0.26 0.93 0.95 0.38 0.26   0.46 0.87 0.46 0.46 0.47 0.16 

Mean DEM −0.06 0.47 0.46 0.69 0.42 0.44 0.83 0.3 0.46   0.4 0.999 0.999 0.999 0.2 

Canopy Height 
Model 

−0.05 0.8 0.88 0.25 0.9 0.9 0.37 0.18 0.87 0.4   0.4 0.4 0.41 0.07 

Max Dem −0.06 0.47 0.46 0.7 0.42 0.43 0.84 0.3 0.46 0.999 0.4   0.998 0.996 0.2 

DEM −0.07 0.47 0.46 0.69 0.42 0.44 0.83 0.3 0.46 0.999 0.4 0.998   0.998 0.21 

Min DEM −0.06 0.47 0.47 0.69 0.43 0.44 0.83 0.31 0.47 0.999 0.41 0.996 0.998   0.21 

DEM Diff 
Trend 3 

−0.56 0.15 0.15 −0.37 0.09 0.11 -0.32 0.79 0.16 0.2 0.07 0.2 0.21 0.21   
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Figure 5-3: Flow chart describing the methods used to create each sample of data with 
‘forced proportions’ in each class. 
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Figure 5-4: Flow chart describing the methods used to create each sample of data with simulated spatial autocorrelation.  
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5.3.3.4 Effect of Spatial Autocorrelation of Training Data on RF Image Classification 

To investigate the effect of spatial autocorrelation on the resulting classifications, the 

training data were subset to create different levels of spatial autocorrelation (Figure 5-4). 

In creating these datasets, the same total number of points was maintained in each class. 

Buffers were created at three different sizes (8 m, 16 m, and 32 m) around training data 

sample points. Each buffer was converted to raster at 8 m resolution in order to create a set 

of equally spaced points throughout the defined zone. To ensure groups of spatially 

autocorrelated sample points were used in extracting training data and not a random 

sample of individual points that fell within the buffers, we first determined the number of 

grid cells that would fall within each buffer for each buffer size (8 m, 16 m, and 32 m) based 

on an 8 m resolution raster. The total number of training sample points required (400) was 

divided by the number of grid cells per buffer to determine the total number of buffers to 

select (e.g., if there were 12 grid cells for each buffer, we required 33 buffers to create 400 

sample points) and the cells associated with those buffers were used in training. This 

resulted in three datasets with the same total number of grid cells but with varying degrees 

of spatial autocorrelation of the data varied (increased with buffer size). In cases where 

buffers overlapped (and classes in overlapping buffers were the same), the overlapping 

buffers did not result in duplicate points as the rasterization process would result in a 

single set of regularly spaced cells for these buffers. Only three cases occurred at the 32 m 

buffer level where overlapping buffers were of different classes (e.g., bog and fen). In these 

cases, the buffer with the larger area in an overlapping cell would be the resulting class. 

Since these instances were so few, the removal of a few points did not greatly affect the 

number of cells in these classes. In cases where the training data point did not fall on the 
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intersection of grid cells depending on its exact location, the number of cells represented 

by each buffer may be slightly different than in the case where the point falls on the cell 

corner. Therefore, the sample sizes may vary slightly from expected (e.g., for a 16 m buffer, 

the actual number of cells beneath buffers ranged from 10 to 14, with the average being 

12.2 and the expected number being 12). 

To measure spatial autocorrelation, Moran’s I (local) (Anselin, 1995) was computed for 

each of the training datasets. Finally, a subset of the original training data points were 

selected that were not used to create the spatially-autocorrelated training data to use for 

independent validation. This ensured that the validation data were distributed throughout 

the entire image and not spatially autocorrelated with the training data. A Wilcoxon Rank 

Sum test (Wilcox, 1950) was used to confirm that the mean values of each of the predictor 

variables in the training datasets were the same as the original dataset. The largest buffer 

size where the means were equal was 32 m. Beyond this buffer size (e.g., 64 m buffers) the 

means of the sample points were different than the original non-spatially autocorrelated 

sample. 

5.4 Results 

5.4.1 Variable Reduction 

McNemar’s tests highlighted differences among the classification results where different 

subsets of variables were used. Out-of-bag error rates were the same (α = 0.95) for All 

Variables versus Important Variables (p = 0.5). The independent assessment error for these 

two classifications was statistically significantly different (p < 0.01). The classification 

accuracy with Important Variables was the same as with Uncorrelated Important 
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Variables using rfOOB error (p = 0.8), but comparison with the independent assessment 

points yielded statistically different accuracy results (p < 0.1). In comparing rfOOB error 

and independent assessment error for all classification pairs, the McNemar test found the 

error matrices of the rfOOB error and independent assessment error to be different (p < 

0.0001). 

Although the rfOOB error was similar for the three classifications, the classification with All 

Variables had much larger average and maximum errors with the independent assessment 

than did the classification for the Important Variables and Uncorrelated Important 

Variables (Table 5-4). Examining the resulting classifications showed that when using 

many variables (e.g., in this case all variables), there was noise in the resulting 

classification (Figure 5-5). Additionally, there is greater variability in the number of times 

grid cells were classified the same in iterative classifications when using all variables 

(Figure 5-5 and Figure 5-6). In all classifications, we see that there is some confusion near 

the edges of wetland classes, and the extent of wetland classes is somewhat variable 

between the 25 iterations, as can be seen in the classification probability maps (Figure 5-5) 

and class probability maps (Figure 5-6). When a grid cell is classified as a particular class 

100% of the time, the classification is stable for that cell. This is the case for most areas that 

were classified as agriculture, as there is little overlap between the values of the derivatives 

in the agricultural class and any of the peatland classes (Figure 5- 2). However, thousands 

of grid cells classified as one of the peatland classes show variability in the number of times 

they were classified as a specific class, and this is especially prevalent near the edges of 

class boundaries (e.g., Treed Bog and Fen; Figure 5-6). Boxplots of the mean classification 

error (Uncorrelated Important Variables) for each peatland class were computed based on 
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25 iterations of classifications. These indicate that the agricultural class resulted in the 

lowest error, with low variability across the 25 iterations (Figure 5-7). The fen class also 

resulted in relatively low error, but with higher variability in error across the iterations. 

Open shrub bog and treed bog resulted in higher mean error, but the variability in error of 

treed bog was significantly smaller than in open shrub bog, potentially indicating instability 

in the classification of open shrub bog. 
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Figure 5-5: Comparison of classifications based on All Variables (a), Important Variables (b), 
and Uncorrelated Important (c). Maps on the left demonstrate the most frequently predicted 
class in 25 iterations and maps on the right indicate the number of times the most commonly 
predicted class was classified based on 25 iterations. In the All Variables classification, many 
cells demonstrate a low probability of being classified as the most commonly predicted class. 
In the other two classifications, most of the cells demonstrate moderate to high probability of 
being classified as the most commonly predicted class. Although similar, the Important 
Variables and Uncorrelated Important Variables classifications are statistically significantly 
different according to the McNemar’s test. 
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Figure 5-6: Probability analysis indicating the percentage of times each grid cell was classified as a particular class in 25 
iterations of the classification with Uncorrelated Important Variables. A random selection of 100 of the 500 sample points was 
reserved each time for independent validation. (a) Most frequently classified. (b–f) Percentage of times each pixel was classified as 
a specific class. 
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Figure 5-7: Boxplots showing mean classification error for each class based on 25 
iterations of classification. 
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Table 5-4: Mean, Minimum (min), Maximum (max) and standard deviation (Std. Dev.) 
of rfOOB error and independent assessment error (Indep.) for 25 iterations of each of 
three classifications. 

 

All 

Variables 

Important 

Variables 

Uncorrelated Important 

Variables 

 
rfOOB Indep. rfOOB Indep. rfOOB Indep. 

Mean 23.4 38.5 24.4 26.8 27.3 26.7 

Min 19.8 36.0 24.0 20.0 25.4 18.0 

Max 27.0 45.0 29.0 28.0 31.3 29.0 

Std. 

Dev. 
1.7 2.2 1.3 2.3 1.4 3.1 

 

 

  

Figure 5-8: Mean of rfOOB and independently assessed error for 25 iterative 
classifications varying the sample size with All Variables (a), Important Variables (b), 
and Uncorrelated Important Variables (c). 
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5.4.2 Size of Training Data Set and Classification Accuracy 

By varying the sample size and running classifications iteratively 25 times, it was 

evident that when using high dimensional data, the RF out-of-bag error was 

underestimated (inflated accuracy) compared to the independently assessed error 

(rfOOB error = 23% and independent assessment error = 38.5% for n = 400; Figure 

5-8). The difference between rfOOB error and independently assessed error 

decreased slightly as sample size decreased, indicating that even with a larger 

training dataset the rfOOB error was not a good indicator of error for high 

dimensional datasets. However, as sample size increased, error in general 

decreased; therefore, increasing sample size significantly should lead to improved 

classification accuracy. When dimensionality was reduced so that only the most 

important variables were considered (Important Variables Classification), rfOOB 

error and independent assessment error were much more similar (rfOOB error = 

24% and independent assessment error = 28% for n = 400; Figure 5-8), and with 

small sample sizes (n < 200) rfOOB error actually over-estimated error relative to 

the independent accuracy assessment (validation n = 100; Figure 5-8). For 

the Uncorrelated Important Variables Classification rfOOB error was very slightly 

over-estimated with larger sample sizes, but within a few percent of the 

independently assessed error and was not statistically significantly different. 

Independent assessment error was generally lowest with the Uncorrelated 

Important Variables Classification, except for when small sample sizes were used, 

although the classification accuracy was very similar to results for the Important 

Variables Classification. Independent assessment error in the Uncorrelated 



125 
 

Important Variables Classification was lowest where 300 sample points were used 

and increased slightly with larger sample sizes. As sample size decreased the 

standard deviation of error across the 25 iterations increased. 

5.4.3 Training Data Class Proportions and Classification Accuracy 

As the training data were selected using a randomly distributed spatial sample, the 

proportions of data in each land cover class were representative of the actual 

proportions within the landscape. The proportions of classes in the training data 

sample ranged between 13–34% (Table 5-5). When subsets of the training data 

were created to proportionally reduce the amount of data used for a given class, the 

resulting classifications demonstrated that there can be a large difference between 

the actual proportion of a specific class found in the landscape and the proportion 

predicted by RF (Figure 5-9 and Figure 5-10). The difference between the actual and 

predicted proportions can be thought of as the “error” in the predicted proportions 

and will be referred to as “proportion-error”. As the proportion of the class of 

interest in the training dataset increased, the resulting proportion of that class in 

the predicted image also increased (Figure 5-10). Overall, rfOOB and independent 

assessment error for the classifications also increased as the proportion of training 

samples for the class of interest increased (Figure 5-10). Once the proportion of the 

class of interest was increased to near its actual proportion in the landscape, that 

class always became the class with the lowest proportion-error. As its proportion 

increased beyond its actual proportion in the landscape, rfOOB error tended 

towards zero and the proportion-error for that class increased (not shown here).  
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Table 5-5: Actual proportions of each class in training data. 

Class Percentage 
of Points in 
Original 
Training 
Data 

Sample 
Size 

Agriculture 34 170 

Treed Bog 24 120 

Open shrub bog 15 75 

Upland Mixed 
Forest 

14 70 

Fen 13 65 

 

5.4.4 Spatial Autocorrelation of Training Data and Classification Accuracy 

Comparing datasets with different levels of spatial autocorrelation confirmed that 

optimal training data collection should be created with a random selection of points 

with low spatial autocorrelation. The level of spatial autocorrelation within each of 

our training datasets is listed in Table 5-6, as well as the mean error of each 

classification. As spatial autocorrelation of training data increased, rfOOB error 

decreased while independent assessment error increased. This is an especially 

important consideration when the analyst uses polygon-based training areas to 

define training pixels, as the grid cells within these areas will typically exhibit high 

spatial autocorrelation. 
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Figure 5-9: Classifications where training data were proportionally increased for a 
given class. In all cases, as the proportion of training data for the class increased, the 
difference between the actual and predicted proportions increased. 
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Figure 5-10: Difference between the actual and predicted proportions of each class in 
the classification when the proportion of training data used for each class was 
manipulated. 
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Table 5-6: rfOOB and independent assessment error based on classifications with 
varying levels of spatial autocorrelation. 

 8 m Buffer 16 m Buffer 32 m Buffer 

n 400  400  400  

Moran’s I 

(local) 

0.11  0.45  0.70  

 rfOOB 

error 

Indep. 

Error 

rfOOB 

error 

Indep. 

Error 

rfOOB 

error 

Indep. 

Error 

Mean 27.3 26.7 1.8 30.4 0 40.7 

Min 25.4 18 1.5 29.7 0 40.1 

Max 31.3 29 2.1 31.1 0 41.9 

Std. Dev. 1.4 3.1 0.2 0.3 0 0.4 

 

5.5 Discussion 

The process of training data creation for remote sensing image classification 

requires the analyst to make methodological choices that present tradeoffs in data 

quality (i.e., class representativeness) and quantity. For example, training data 

points where field validation has been completed result in high certainty in the 

training data set. However, these points are often difficult to obtain and therefore 

there may be a tendency for researchers to use fewer training data sample points. In 

peatlands and other remote environments, time and access constraints may require 

researchers to obtain training sample points from imagery without actually 

conducting field validation (i.e., through image interpretation, as has been done 
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here). In some cases the certainty of the class of a training data sample point may be 

low but a greater number of training data sample points may be collected quickly 

and easily through this method, allowing for a larger training data sample size. 

Overall, the results of this study demonstrate that RF image classification is highly 

sensitive to training data characteristics, including sample size, class proportions 

and spatial autocorrelation. Using a larger training sample size produced lower 

rfOOB and independent assessment error rates. As with other classifiers, larger 

training sample sizes are recommended to improve classification accuracy and 

stability with RF. Running iterative classifications using the same training and input 

data was found to produce different classification results, and the RF variable 

importance measures and rankings varied with iterative classifications. Therefore, 

the list of important variables from a single RF classification should not be 

considered stable. Although RF itself is an ensemble approach to classification and 

regression modelling, we recommend replication of RF classifications to improve 

classification diagnostics and performance. 

Previous studies have demonstrated that RF performs well on high dimensional 

data, however, our results also show that variable reduction should be performed to 

obtain the optimum classification. When high dimensional datasets were used, 

classification results were noisy, despite creating an RF model with 1000 trees. 

Independent assessment error analysis also indicated that with high dimensional 

data RF may significantly underestimate error. Moreover, we demonstrated that 

removing highly correlated variables from the most important variables led to an 



131 
 

increase in accuracy and, although slight, this difference was statistically significant 

(McNemar’s test, p < 0.1). Removing variables of lesser importance also improved 

the stability in classification, and the difference between rfOOB and independent 

assessment error was significantly reduced. Dimensionality can be considered 

relative to training sample size, and therefore if more training sample points had 

been available our classification results might have improved. Collection of training 

data sample points is time consuming and a limiting factor in the quality of resulting 

classifications. 

One broad assumption when collecting training data and performing image 

classification is that classes are mutually exclusive and have hard, well-defined 

boundaries [16], something that is rare in natural environments such as forests or 

wetlands. Peatlands, for example, are subject to local variation and gradients in 

ground water and hydrologic conditions that could greatly affect their plant species 

composition [45]. Hydrologic gradients may result in gradients in nutrients and 

water chemistry, leading to gradients in plant species composition near the 

boundaries of classes. Even with detailed LiDAR-derived information about 

topography and vegetation, peatland classes are continuous in nature and this is 

problematic when classifiers result in hard boundaries. Areas of gradation and 

edges of classes are most likely to be misclassified, and mapping the probability of 

classification can identify areas that should be assessed more carefully or that 

represent unique ecotonal characteristics. In this case study, when training data are 

randomly sampled and classifications iteratively run, the agricultural class was 

stable through most of the iterations, but there was variability in the classifications 
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near the edges of wetland classes. Although this is related to the continuous nature 

of peatland classes, mapping these boundaries accurately is often the main goal of a 

classification or mapping exercise, as the processes occurring in and external 

influences affecting these classes may be different. 

A widely used method of collecting training data is for an image interpreter to 

visually assess an image and draw polygons around areas where a certain class is 

known to exist. This method produces highly clustered training sample points with 

inherently high spatial autocorrelation. Training data are produced when the grid 

cell value of each input derivative is extracted from the location of the training data 

point. The extracted grid cell values become the predictor data used in the 

classification and the interpreted class at that location becomes the training 

response. Since rfOOB error is calculated using a subset of the training data, the 

individual points in each validation subset will be highly similar to the training 

points when a training dataset with high spatial autocorrelation is provided to the 

classifier. Training data points are highly clustered, and therefore their predictor 

values are similar to the other points around them; when used in classification they 

will produce good results in areas where the training data predictors are similar to 

the predictor data used in classification. This means that areas near the spatially 

autocorrelated training data will result in high classification accuracy, and therefore 

drawing validation data points from a spatially autocorrelated sample will appear to 

be well classified while areas outside these locations are not being tested. When 

rfOOB error assessments are performed, RF draws its validation data from the 

training data sample provided. Therefore, if training data are spatially 
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autocorrelated, rfOOB error will be overly optimistic. Three levels of spatial 

autocorrelation were simulated and we found the classification results to be very 

different and rfOOB-based accuracies to be very inflated when training data 

exhibited spatial autocorrelation. This has serious implications for the 

interpretation of the results from RF classification. If researchers do not report the 

level of spatial autocorrelation in their training data, it will be difficult to know if the 

classification has been subject to sample bias, as simulated in this study. 

As the training data used here were randomly distributed, it is assumed that the 

proportions of training data within the sample are similar to the proportions of 

classes found throughout the landscape. However, when training data are selected 

using visually-interpreted homogenous areas, it is unlikely that the training data 

will reflect the true class proportions in the landscape. When interpreters are 

selecting training data through the traditional method they may be biased in their 

selection of training data to the classes that they are most certain in identifying or 

feel are most important. In the case of wetland mapping, interpreters may be biased 

towards selecting a larger proportion of training data sample points in wetland 

classes and, in this case, RF would over-predict the proportion of wetland cover in 

the final classification. 

When training datasets were created where class proportions were forced to 

artificial levels, classification results reflected the forced proportions. When a class 

was under-represented in the training data, it was often under-represented in the 

output classification. There was one exception: Upland Mixed Forest was over-
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represented in the output classification when its proportions were simulated to be 

10% of the training sample (actual proportion was estimated to be 14%), however 

this was a very small over-estimation (e.g. less than 5%) and this is likely due to the 

random selection process of RF, although it should also be noted that this class had 

the highest classification error in general. Once a class was represented by more 

than its actual proportion, RF predicted a greater proportion of that class in the 

classification results. These results indicate the importance of carefully selecting 

training data sample points without bias and so that landscape proportions are 

maintained. Often sampling strategies are designed so that an equal number of 

training data sample points are located within each class. However, when classes 

were simulated here with an equal number of training data in each class (20% of 

sample points in each of the five classes) those classes that were over-represented 

in the training sample were also over-represented in the predicted classification. 

Those that were under-represented in the training data were under-represented in 

the predicted classification. This again demonstrates the importance of using a 

randomly distributed or proportionally-representative sampling strategy. If under-

sampling occurs within a class, the full statistical characteristics of that class may 

not be provided as data to the classifier, and therefore pixels of that class may be 

misclassified and their extent may be under-estimated. This implies that for rare 

classes, if over-sampling is undertaken to obtain a prediction for that class in the 

resulting classification, it may actually be falsely over-estimated. It is likely that 

collecting more training data samples would provide more training data to the 



135 
 

classifier enabling a better representation of the statistical characteristics and 

variability of these proportionately-smaller classes. 

5.6 Conclusions 

Due to its ability to handle high dimensional datasets from various sources, to 

produce measures of error and variable importance, and its ability to outperform 

many other commonly used approaches, the RF classification technique is now a 

widely used method for automated classification of remotely sensed imagery. 

However, we have demonstrated that the results of RF classification can be 

inconsistent depending on the input variables and strategy for selecting the training 

data used in classification. Based on the results of this case study in mapping 

peatland and upland classes, we recommend that the following methods be used in 

selecting input data for RF classification: 

1) High-dimension datasets should be reduced. Using only important, 

uncorrelated variables will result in less inflation in rfOOB accuracy and 

more stable classifications. 

2) Despite the fact that RF itself is an ensemble approach, iterative 

classifications are required to assess the stability of predicted class extents. 

Probability maps of iterative classifications can be used to examine the 

gradient boundaries of classes or may provide insight into the quality of 

training data in these areas. 

3) The optimum training data sample size should be assesed.  In this example, a 

larger sample size produced higher accuracy and therefore we recommend 
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that as many training and validation sample points should be collected as 

possible.  Additionally, independent error assessments should be used to 

evaluate the quality of the classification. 

4) An unbiased sampling strategy that ensures representative class proportions 

should be used to minimize proportion-error in the final classification. 

5) Spatial autocorrelation should be minimized within the training and 

validation data sample points though an appropriate sampling strategy. 

When spatial autocorrelation of training data samples is low, rfOOB error 

will be similar to independent error assessments. 

Overall, this study demonstrates the importance of careful design of training and 

validation datasets in order to avoid classification bias and inflated accuracy 

assessments when using RF. Moreover, researchers are encouraged to assess and 

report training and validation data characteristics and their possible implications 

for image classification outputs and mapping products. Researchers should avoid 

relying on accuracy assessments produced by the RF classifier that are not based on 

independent validation data. 
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Chapter 6 SAR polarimetric response to surface hydrology conditions in a 

northern peatland complex 

Northern regions are experiencing climate warming that is expected to cause 

surface drying and lowering of the water table in northern peatlands (Hinzman et 

al., 2005; Kasischke et al., 2009), which has the potential to disrupt ecosystem 

functions and services.  Field collection of soil moisture and water table data is 

difficult, time consuming and expensive to perform over large regions; the use of 

remote sensing to monitor peatland hydrologic conditions is a promising 

alternative for monitoring surface hydrologic conditions in peatland environments, 

which are ubiquitous in Canada and many other regions of the world. 

Synthetic Aperture Radar (SAR) is an active microwave remote sensing technique 

that shows promise in the application of monitoring hydrologic conditions. 

Microwave sensors are sensitive to the dielectric constant (permittivity) of 

materials, meaning that objects that are wetter will result in a stronger response in 

SAR than objects that are drier (Ulaby, 1972; Kaojarern et al, 2004).  Consequently, 

SAR should be sensitive to spatial and temporal variations in soil moisture and the 

water table, and could be used to create soil moisture retrieval models. However, 

SAR is also sensitive to variation in surface roughness (Zribi et al., 2003) and both 

vegetation structure and vegetation water content (Ulaby et al., 1996; De Roo et al., 

2001), which, if not accounted for, can lead to errors in model-based estimation of 

soil moisture (Merzouki et al., 2010).  Additionally, If SAR penetrates into the soil, 

then it may be sensitive to “subsurface roughness” of the soil (Merzouki et al., 

2011).  In this case, the term subsurface roughness is assumed to be related to 
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variability in porosity and bulk density of the material but may also be related to the 

theoretical “surface” that the SAR is being reflected from within the peat, which is 

dependent on wetness. Above a certain threshold of wetness, the SAR will penetrate 

the peat.  At this threshold, it will be reflected.  This threshold makes a theoretical 

“surface” and if this surface is not smooth (in relation to the wavelength of the SAR) 

then it may appear rough to the SAR.  

Most research related to the application of SAR for measuring hydrologic properties 

has been within agricultural landscapes, focussing on the retrieval of soil moisture 

from bare fields (e.g. Verhoest et al., 2008; Shi et al., 1997; Baghdadi et al., 2002; 

Merzouki et al., 2011; Merzouki et al., 2010).  This research has been conducted 

using various SAR sensors and polarizations.  The retrieval of soil moisture from 

vegetated fields (fields with crops and or crop residue) is also being developed 

(Gherboudj et al., 2011; McNairn et al., 2002) but is not yet operational (Merzouki et 

al., 2011).  Although findings have been variable throughout the literature (McNairn 

and Brisco, 2004), most research has shown that steeper incident angles using like-

polarizations (e.g. HH and VV) are more strongly related to soil moisture. Ulaby and 

Batlivala (1976) first assessed the sensitivity of soil moisture retrieval to incident 

angle and determined that at C-band incident angles between 7 and 15 degrees 

were optimum.  

In non-agricultural natural landscapes, most research using SAR has focussed on 

general land-cover classification, often paired with multi-spectral imagery or 

terrain derivatives (e.g.  Dingle Robertson et al., 2015; Gosselin et al., 2014; 
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Arzandeh and Wang, 2002; Li and Chen, 2005).  With wetlands, there has also been 

focus on mapping extents of flooding and different vegetation types using SAR 

backscatter and polarimetry (e.g. Bourgeau-Chavez et al., 2001; Kasischke et al., 

2003; Brisco et al., 2011; White et al., 2015; Gallant et al., 2014).  Additionally, some 

research has been conducted using SAR interferometry for monitoring surface 

water levels in wetlands (e.g. Gondwe et al., 2010; Alsdorf et al., 2001; Wdowinski et 

al., 2008), but in these cases the wetlands exhibited vast areas of standing water 

with emergent vegetation. 

Peatland vegetation, hydrology and surface soil conditions are different than those 

found in agricultural landscapes and often do not exhibit the seasonal inundation 

and standing water seen in other wetlands (i.e. swamps and marshes).  Therefore, 

the models developed in these landscapes may not be applicable or optimal for 

peatlands. For example, most models are developed in landscapes where soil 

moisture is low (e.g. most less than 30% by volume), but peatlands typically have 

higher soil moisture. Water table conditions and soil moisture often differ between 

the main peatland types (bog and fen; Damman, 1986). Bogs are generally drier 

than fens, which often exhibit a water table closer to the surface.  Water table 

position and surface soil moisture are normally correlated when the water table is 

close to the surface (Price, 1997).  As a result, surface soil moisture in fens is often 

much higher than bogs and sphagnum surfaces present in either peatland type may 

be saturated.   
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Much research has been conducted for peatland characterization and classification 

with SAR imagery in tropical, temperate and boreal environments. Many sensor 

configurations have been used and different aspects of peatlands assessed. One of 

the most studied peatlands in Canada is Mer Bleue Bog, located near Ottawa Ontario 

(Roulet et al., 2007).  Li et al., (2007) used C-Band Radarsat-1 to assess the 

differences the response of SAR in peatland classes using different incident angles at 

Mer Bleue.  They found that single polarized (HH) C-Band spaceborne SAR was able 

to penetrate tall vegetation (2 – 4 m) at all incident angles but could only penetrate 

short (0.2 – 0.4 m) shrubby vegetation at steep (low) incident angles, and that 

backscatter generally decreased as incident angle increased.  They recommended 

steep incident angles for peatland mapping.  Li and Chen (2007) tested different 

unsupervised clustering algorithms for classifying peatland and upland classes at 

Mer Bleue and surrounding area using Radarsat-1 imagery (C-band, single 

polarization HH).  Using their own clustering algorithm, they were unable to 

separate bog and forest, and using the common ISODATA clustering algorithm (Ball 

and Hall, 1967) they were often unable to separate bog and marsh. Additionally, 

Lievens et al., (2012) and Anderson & Croft, (2009) note that Alpha has been found 

to be related to soil moisture but independent of roughness.  Conversely, they found 

that Entropy is independent of soil moisture but related to roughness. 

The earliest fully polarimetric SAR acquisition at Mer Bleue was with an airborne 

sensor using the Convair-580 aircraft of the Canadian Center for Remote Sensing in 

anticipation of the launch of RADARSAT-2.  These images were used to assess the 

potential of fully polarimetric C-Band SAR data for discrimination of forest types 
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(Touzi et al., 2004), wetland mapping (Baghdadi et al., 2001) and the application of 

the Touzi Decomposition for peatland characterization (Touzi, 2007; Touzi et al., 

2007; Touzi et al., 2009).  In Chapter 4 of this thesis, random forest classification 

was used to assess which LiDAR derivatives and Radarsat-2 backscatter and 

decomposition parameters were most important in classification of peatland types 

at MerBleue. It was found that SAR parameters alone did not result in a sufficiently 

accurate classification (e.g. up to 55% independent accuracy when only SAR 

parameters were used) and that of the SAR parameters, the backscatter variables 

were more important in classification than the decomposition parameters.  Dingle-

Robertson et al., (2015) assessed the response of Radarsat-2 backscatter at several 

polarizations and decomposition parameters for peatland/wetland classes in four 

wetland complexes of eastern Ontario, including Mer Bleue.  Steep incident angle 

HH and HV backscatter resulted in better separation of wetland classes in general 

due to increased penetration into vegetation and increased volume and double 

bounce scattering, although these findings are based on a variety of wetland types 

(peatland classes as well as swamp and marsh). They also found that by using the 

Cloude Pottier Decomposition parameters with optical imagery improved 

classification of fen areas compared to the use of optical imagery alone.   

A variety of research has been undertaken with Radarsat-1, Radarsat-2 and ALOS 

PALSAR (L-band) in other peatlands.  Both Grenier et al., (2007) and Racine et al., 

(2005) used Radarsat-1 images for classification of peatland types in northern 

Canada.  Additionally, Racine et al., (2005) used multi-temporal images in 

conjunction with field data to better understand the influence of hydrologic 
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conditions on backscatter, but could not definitively link signal changes to peatland 

hydrologic conditions.  Several authors have been successful in mapping water 

extents above the surface and saturated areas in peatlands using polarimetric SAR 

(e.g. Torbick et al., (2012) used ALOS PALSAR, while Marechal et al., (2012) and 

Jacombe et al., 2013 used RADARSAT-2).  Some research has demonstrated 

relationships between SAR backscatter and soil moisture in peatlands (Sass and 

Creed, 2008; Kasischke et al., 2009; Takada, 2009).  Most models developed for 

prediction of soil moisture from SAR have been built using only SAR backscatter and 

only a few authors have investigated the use of polarimetry in soil moisture 

retrieval (e.g. Bourgeau-Chavez et al., 2013).  Polarimetric parameters may aid in 

separating the backscatter portion related to soil conditions and vegetation. 

However, no systematic, quantitative analysis of the relationship between water 

table depth and SAR response has been undertaken in situations where the water 

table is below, but very close to the surface.   

Since there is a myriad of different SAR parameters that can be produced and many 

of these have been used in different environments and in different ways throughout 

the literature, this paper aims to quantitatively determine which SAR parameters 

are useful for monitoring peatland hydrology.  Through preliminary field 

investiations it was determined that between-class differences in peatland 

hydrology were significant and therefore a class-based aggregation approach was 

used here to examine variability in peatland hydrology over time.  While 

aggregation approaches reduce the spatial detail that is mapped, these approaches 

are commonly used in modeling soil moisture from SAR and have been used at the 
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field-level and watershed -level (e.g. Hegarat et al., 2002).  However, this type of 

approach, in which detailed hydrologic measurements are collected within 

hydrologically distinctive landscape units and used in an exploratory analysis to 

help understand SAR reponse, is not common in remote sensing literature (Jacombe 

et al., 2013 is an example of a similar methodology).  Using this class aggregation 

based approach, the following objectives are assessed:  

(1) Determine which SAR parameters exhibit spatial and/or temporal variability 

between or within peatland ecosystem classes in a northern peatland complex.    

(2) Identify an optimal SAR parameter set through the minimization of information 

redundancy.   

(3)  Examine trends in spatial and temporal variability of SAR parameters and 

determine which can be explained by changes in soil moisture, water table or 

vegetation between or within peatland ecosystem classes.   

6.1 Data and Methods 

6.1.1 Field Measured Data 

This research was conducted in a peatland complex, locally referred to as "Alfred 

Bog", located near the town of Alfred, Ontario, Canada. For a full description of the 

study area, peatland classes present and field data instrumentation at the site see 

Chapter 3.  A full list of dates and each of the types of data collection used in this 

analysis can be found in Table 6-1.  

6.1.2 Polarimetric SAR data 
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For a full description of polarimetric SAR data processing, see Chapter 3. On some of 

the SAR acquisition days, rain occurred but in all cases it occurred after the 

acquisition time, meaning the image wasn't affected by residual rainwater on 

vegetation (Figure 6-1). A total of 44 different SAR parameters were used in this 

analysis including SAR intensity (HH, HV, VV), intensity ratios (HH/HV, HH/VV), 

polarimetric decomposition parameters (Freeman Durden, Cloude-Pottier, Touzi), 

and polarimetric discriminators (Touzi, 1992; minimum and maximum of scattering 

intensity, received power and degree of polarization, minimum and maximum of 

completely polarized/unpolarised components), and co-pol and cross-pol phase 

difference were assessed in this analysis.   
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Table 6-1:  List of acquisition dates and measurements collected each field day. 

  

Beam-mode 

  

FQ1 ASC FQ1 DESC FQ5 ASC 
F

ie
ld

 D
at

a 
C

o
ll

ec
ti

o
n

 

Water table Only May 2, 2014 

Oct 10, 2014 

April 27, 2015  

June 14, 2015  

July 8, 2015 

August 1, 2015  

August 25, 2015  

Sept 18, 2015 

Sept 16, 2014 

May 14, 2015  

Sept 11, 2015  

Oct 5, 2015 

June 7, 2015 

July 1, 2015 

July 25, 2015 

August 18, 2015 

Oct 29, 2015 

Partial Soil moisture 

+  

Full Water Table 

July 13, 2014  

August 6, 2014 

  June 12, 2014 

Full soil moisture +  

Full Water Table 

May 26, 2014 

Aug 30, 2014 

Sept 22, 2014 

Oct 17, 2014 

July 6, 2014  

July 30, 2014 

Sept 16, 2014 

August 22, 2014 
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6.1.3 Vegetation and Surface Roughness data 

A LiDAR dataset was collected in 2011 to provide high spatial resolution 

information about topography and vegetation (see Chapter 3 for details).  These 

data were used to determine the vegetation height and surface roughness of each 

site and each pixel within the peatland.  Surface roughness is defined as the root 

mean square deviation from the mean surface, and here we use a the “terrain 

ruggedness” derivative from the LiDAR data to estimate roughness. Terrain 

ruggedness is calculated using the DEM and is the variability in cells surrounding 

each individual cell (Riley et al, 1999).  

 Since the LiDAR dataset was captured on a single date (May 11, 2014) it does not 

provide information about change in vegetation throughout the growing season 

(early May to late August; full leaf-out conditions occur in late May to early June).  In 

order to capture the temporal component of vegetation, optical imagery was 

acquired.  However, in both the growing seasons of 2014 and 2015 only three 

useable Landsat-8 images were captured over the study site (i.e. not covered by 

cloud).  Therefore, Moderate Resolution Imaging Spectroradiometer (MODIS) 

Normalized Difference Vegetation Index (NDVI) images were obtained for 7 day 

composites (250 m spatial resolution) from Agriculture and Agri-Food Canada for 

the same time span as the SAR imagery for both years. For each SAR acquisition 

date, data were matched with the MODIS composite date range that it fell within.  

This data had coarser spatial resolution than the SAR data but no other suitable data 

was available.    
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6.1.4 Landscape-unit Classification 

Through preliminary measurements of hydrologic condition in the peatland study 

area, it was determined that significant differences exist between the different 

peatland classes.  Therefore, a class-based aggregation approach was used to 

examine differences in the peatland classes over time.  This aggregation approach 

also helped to reduce the effect of noise on relationships caused by pixel-based 

speckle. 

A classification of the different peatland and upland classes was created using the 

methods recommended in Chapter 5.  The classification was created using only 

LiDAR data and derivatives in order to separate the data being analyzed here (i.e. 

SAR data) from the classification process and avoid bias in statistical analysis.  The 

classification resulted in a map of the different landscape units (agriculture, forest, 

treed bog, shrub bog, and fen (Figure 3-2) which were used in the following to 

analyze differences between and within these landscape classes.   

6.1.5 Statistical analysis 

Images were grouped by incident angle when performing statistical analysis (i.e. all 

FQW1 images were analyzed separately from FQW5 images of the same year) in 

order to avoid differences in SAR returns based on the effect of incident angle.  A 

random selection of pixel values was extracted for each SAR parameter (1000 

samples, 100 m minimum spacing).  Values were extracted for both 8 m and 100 m 

spatial resolution as the finer resolution appeared to exhibit a great degree of 

speckle, despite the use of a speckle filter.  Different statistical techniques were used 
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in order to answer each of our research questions.  Many of the statistical 

techniques used in this analysis were parametric techniques, and some of the 

parameters required transformations in order to fit the normal distribution (e.g. 

Freeman Durden Power due to Rough Surface (FDPRS) required a square root 

transformation where as Freeman Durden Power due to Volume Scattering (FDPVS) 

required a log transformation). In all cases, the transformation required for each 

parameter was the same across all of the dates.   Initially, assessments of 

relationships between SAR and hydrologic conditions were performed using the 

values of pixels at the individual field measurement sites, but only a few moderately 

strong relationships were found between SAR parameters and field measurements.  

Therefore, a class-based parameter aggregation approach was used in an effort to 

improve SAR response relationships with surface condition parameters. For each 

image acquisition date, the parameter values of the data points in each class were 

averaged.  Where parameters represented circular values (e.g. angles, degrees), 

these were averaged using a circular value equation for averages.   

6.1.5.1 Determining which SAR parameters to use in analysis 

Principal Components Analysis (PCA) was performed using all SAR parameters on 

each date.  Groups of variables were defined based on those that repeatedly loaded 

high/low on the same first two components.  The first two components explained a 

large portion of variability in the dataset (nearly 90%) and were interpreted to 

represent soil moisture and vegetation (explained further below).  The variables 

that were found to not explain variability in the first three components were 

excluded from subsequent analysis.  Within each “group” of variables defined 
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through PCA, the variables themselves were highly correlated (e.g. FDPRS and 

minimum of the completely polarized component r > 0.9 on all dates).  This single 

parameter was chosen based on the communalities determined through PCA.  The 

variable with the highest communality per group was chosen for further analysis, 

with the exception of the Touzi AlphaS1 which was chosen for further analysis due 

to its widespread use in the field of peatland mapping (e.g. Touzi et al., 2009).   

6.1.5.2 Detecting differences over time and between classes 

Repeated Measures One Way ANOVA (RM-ANOVA) was used to determine if there 

were differences in the SAR parameters over time.  The classic One Way ANOVA test 

assumes that data points from group to group are independent of each other and 

measuring the same point location values over time violates this assumption. RM-

ANOVA also allows the separation of variability between groups (dates) from 

variability due to subjects (measurement sites).  This was important in our case 

where there could be greater variability between the classes than there was 

between individual measurements over time. For each group of images, a p-value 

for the RM-ANOVA indicates the level of statistical significance of the test and was 

used to test the hypothesis that the groups (dates) are not different. Since ANOVA 

indicates if there are differences between the groups (i.e. land use classes), but 

doesn't indicate if all classes are different or only a single class is different from the 

others, including non-peatland classes (i.e. agriculture and forest), this analysis was 

performed for all of the classes (i.e. including forest and agriculture), and was 

repeated using only peatland classes.  It is important to know if we are able to 
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detect differences between peatland and upland classes, as well as differences 

between peatland classes themselves.   

Significant differences in VWC between the peatland classes on each date was 

assessed using a Kruskal-Wallis difference of means test.  Kruskal-Wallis is a non-

parametric test so the data were not transformed.  This test was also applied to a 

subset of SAR parameters at both 8 m and 100 m resolution to determine if 

separability of the classes was affected by resolution.    In addition, the Tukey 

Honest Significance Difference (Tukey-HSD) was used to determine specifically 

which pairs of sequential dates were separable.   

6.1.5.3 Determining which parameters vary in response to changes in soil moisture, 

water table and vegetation 

Values of SAR parameters were extracted and means per each date and class were 

calculated.  For each parameter a Locally Weighted Scatter Plot Smoother (LOESS 

(Jacoby, 2000)) curve was plotted with Date on the x-axis and the SAR parameter 

value on the y-axis.  This allows comparison of trends between variables to be 

viewed graphically.  Additionally, for a selected set of parameters, Pearson’s 

Product Moment Correlation was calculated to evaluate the relationship between 

these parameters and site condition variables (soil moisture, water table and 

vegetation derived from MODIS).     

6.2 Results  

6.2.1 Hydrologic and Vegetation Measurements 
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Distinct differences were found in the depth to water table at shrub bog and fen 

sites, with water table elevations being higher in bog than fen and, water tables 

being closer to the surface in fen than in bog (Figure 6-1).  Treed bog sites were not 

equipped with wells for monitoring water table.  The shrub bog and fen sites where 

water table is similar are sites that are directly adjacent on the transect (separated 

by ~ 350 m) and may represent an area of transition.  Although there is a slight 

reduction in overall water table elevation over the year, there does not appear to be 

a deficit overall, and there is greater variability due to rain events than the 

reduction over the year.   

Soil moisture data collected throughout 2014 also indicated that the fen area is 

wetter than the bog (Figure 6-2), with treed bog being wetter than shrub bog, but 

still drier than fen.  There does appear to be a reduction in surface soil moisture 

between June and August, but September and October become somewhat wetter 

again.  On two dates (July 13 and August 6, 2014) only a partial collection was 

completed (nsites = 10) along the transect due to logistical issues, which explains 

some of the reduction in variability on these days.   

As expected, the greatest increase in vegetation (assessed through MODIS NDVI) 

occurred in May, after which NDVI exhibited a plateau from late June to September 

(Figure 6-3).  All classes follow a similar trend with Landsat NDVI generally showing 

greater variability on a given date than MODIS, likely related to differences in 

spatial resolution between the two products.  Also as expected, forest has the 

highest NDVI with peatland classes being consistently lower until October, when 
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forest NDVI declined due to a reduction in chorophyl and loss of deciduous leaves 

(not shown). Fen exhibits the lowest NDVI values of the peatland classes in all 

MODIS composites except in the early spring and fall where it is more similar to 

other peatland classes.  The fen class has many tamarack (Larix laricina) trees 

which are deciduous conifers.  Their needles turn yellow in early fall (e.g. 

September - October), needles are lost over the winter (December- March) and 

needles bud again in late spring.  
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Figure 6-1 Rain (top), and water table depth referenced to the surface in 2014 and 2015 (bottom).  Note that rain was collected from different stations in the two years.  
Dashed bars between the plots indicate the Radarsat-2 acquisition mode on each date.  
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Figure 6-2: Boxplot of field measured volumetric water content as measured at 32 sites in 2014.  Boxplots indicate the median 
(bar in centre of box) and the quartiles of the data. From the minimum to bottom of the box indicates the first quartile of data, 
from the bottom of box to median indicates the second quartile.  From the median to the top of the box indicates the 3rd quartile, 
and from the top of the box to the maximum of the data indicates the fourth quartile.   
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Figure 6-3: NDVI for 2014 (top) and 2015 (bottom).  The MODIS composites are displayed on the date corresponding to SAR image 
acquisition that fell within the composite’s date range. 
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6.2.2 Visual inspection of images and extracted data 

Visual inspection of SAR parameters appeared to reveal differences between the 

major classes (Figure 3-3 shows an example).  As expected, when viewing a 

combination of three intensity channels (HH, HV, VV) in RGB, differences between 

classes were evident.  As well, differences were visually evident in images of 

different incident angle, however, through visual assessment alone it is difficult to 

determine if differences between images are related to changes in incident angle, 

changes in vegetation (structure or water content) or changes in soil moisture 

between the pairs of images assessed.  When inspecting images of the same incident 

angle, change in agricultural areas and forests over time was evident but changes 

within the peatland were subtler.  

 

Boxplots of extracted values allow a quick visual assessment of the differences 

between classes and dates, and show variability in many parameters (example in 

Figure 6-4).  Within each class there is great diversity in the values of individual 

pixels potentially due to speckle that was not fully filtered and partly because of 

diversity of structural characteristics within the classes (e.g. different agricultural 

fields on a single date can have very different vegetation structures).  Many 

parameters (not shown) indicate a considerable amount of overlap, between the 

classes on a given date, and over time.   

6.2.3 Principal Components Analysis 
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On all dates PC1 and PC2 accounted for at least 90% of the variability in the dataset.  

Loadings were stronger for SAR parameters aggregated to 100 m cell size. On each 

date, the loading results varied slightly within the first two components, but, in 

general, the same variables were found to load similarly on PC1 and PC2 on all dates 

and several groups of variables were clear (Table 6-2 provides an interpretation of 

each group). In addition to the loadings, biplots were used to visually confirm these 

groupings (example Figure 6-5).  June 19 and July 6 were almost identical in 

loadings and scores despite differences in soil moisture on those dates. On both Aug 

22 (FQ5) and Aug 30 (FQ1), the Group 2 variables loaded slightly higher on PC2 and 

closer to 0 on PC1.  The parameters in Group 1 and 2 are often used to discriminate 

and classify different amounts (Group 1) or types (Group 2) of vegetation.  Groups 4 

and 5 loaded very similarly on most dates, but were kept separate based on 

variability in their loading on PC2 on a few dates.  Both Groups 4 and 5 are likely 

related to soil moisture but some of the parameters found in these groups will also 

be affected by vegetation if present.  Group 3 loaded moderately on both PCs and 

these parameters are related to backscattered power which is affected by both soil 

and vegetation conditions.      

Based on the loadings and biplots, it was hypothesized that PC1 represented 

wetness and PC2 represented vegetation conditions. By plotting the scores of each 

site along with each sites’s vegetation height, soil moisture and surface roughness, 

the relationship did not appear straightforward (see Figure 6-7).  Shrub bog sites, 

which exhibit the lowest VWC and vegetation height generally scored negatively on 

both PC1 and PC2.  Fen sites, which are wetter and generally have low vegetation, 
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scored positively on PC1 but showed no relationship with PC2.  The treed bog sites 

showed no relationship with either PC1 or PC2.  The relationship between VWC and 

the PCs was less clear.  On some dates drier sites scored negatively on PC2 but 

wetter sites ranged from low negatives to positives.   Roughness didn’t appear to be 

related to either PC1 or PC2 but in general variability in roughness was much lower 

between the sites than VWC or vegetation height.  This can be visually confirmed 

based on the small range of distribution of data (Figure 6-7).   
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Table 6-2: SAR parameter groups as defined through PCA. The parameter with the highest communality in each group is bolded.   

  Variable Numbers 

Loadings 

on PC1 

Loadings on 

PC2 

Interpretation 

Group 

1 

CP Entropy, CP Alpha, 

Touzi AlphaS1, Chi Angle 

Max, coefficient of 

variation 

high 

negative 

near zero, 

low positive 

Parameters commonly used in differentiating scattering types and classifyingclassification of 

land use due to their ability to sense differences in structure of targets.  Both Cloude-Pottier 

Alpha Angle and Touzi AlphaS1 are thought to be related to soil moisture conditions as well 

(Hanjsek 2003; Touzi et al., 2009) 

Group 

2 

HV,VH, FDPVS, Pedestal 

Height, Min. Unpolarized, 

Min receive Power 

Mid 

negative 
high positive 

Parameters describing a change in polarization.  Usually indicates vegetation and volumetric 

scattering.  These parameters are often useful for discriminating vegetated areas from non-

vegetated. The many small scatterers that make up vegetated environments depolarize the 

signal.  Pedestal height describesthe number of scatterers, where many small scatterers 

produce volumetric scattering.  This type of scattering returns some energy to the sensor, but 

less than a rough surface.    

Group 

3 

HH, VV, max receive 

power, max scattered 

intensity, min scattered 

intensity, total power 

Mid 

positive 

Mid-high 

positive 

All parameters represent backscattered power, which is related to both dielectric constant and 

the scattering mechanism.  The wetter the object, the higher the backscatter.  The polarized 

component would be high on flat ground (unvegetated); wet flat areas would therefore be very 

bright.    

Group 

4 

FDPRS, min degree of 

Polarization 

High 

positive 

Near zero, 

Low 

negative 

 

Flat areas will result in highly polarized backscatter, whereas vegetated areas will be mostly 

depolarized.  Power related variables will be related to the strength of backscatter which 

partially has to do with dielectric constant (and therefore wetness) and partly the type of 

scattering mechanism.  Groups 4 and 5 were separated in their loading on PC2 on most dates.   

 
Group 

5 

Dominant Eigenvalue, 

Max degree Polarization, 

Min degree Polarization, 

fractional power 

High 

Positive 

Low 

negative 
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Figure 6-4:  Example of boxplots of Freeman Durden Power due to Rough Surface for FQW1 2014 data (100 m spatial resolution).  
Ascending and Descending passes are combined in the graph.  
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Figure 6-5:  Example biplots for PC1 and PC2 – June 19, dots represent scores of individual sites coloured by peatland class and labeled with Site ID.  Symbol size corresponds 
to a) VWC, b) Vegetation Height c) Roughness of each individual site.  
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6.2.4 Differences between classes 

Kruskal-Wallis tests of differences in measured soil moisture between classes 

indicated a significant difference between classes on all dates (Table 6-3), although 

on a few dates treed bog and fen were not significantly different. In general, shrub 

bog is significantly drier than treed bog and fen on all dates.  Figure 6-4 shows 

boxplots of the soil moisture measurements for all dates throughout the growing 

season and Figure 6-5 shows an examples of boxplots for VWC and FDPRS at 8 m 

and 100 m for June 19.   

The Kruskal-Wallis test indicated that the classes were significantly different in 

vegetation (p < 0.05) for all of the LiDAR derivatives assessed (DEM, DSM, 

vegetation coverage, vegetation density, maximum and minimum vegetation height, 

standard deviation of vegetation height, terrain ruggedness (DSM)).  Terrain 

ruggedness (used here as a proxy for surface roughness) was not significantly 

different between classes and therefore we can assume that variability at the class 

level of a SAR parameter is not related to differences in terrain surface roughness, 

unless surface roughness captured by the LiDAR is not of a sufficient scale.  Tukey-

HSD analysis indicated that most of the classes were significantly different within 

each of these derivatives, but Treed Bog and Forest were not significantly different 

in minimum vegetation height, and Shrub Bog and Fen were only significantly 

different in minimum vegetation height.   For MODIS imagery (which provides a 

proxy for vegetation measurements at high temporal resolution), most dates 

showed significant differences between the peatland classes.  The few MODIS NDVI 

datasets that did not indicate significant differences in the peatland classes were 
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either in late summer or early spring, when vegetation may not have been 

undergoing changes.   

Kruskal-Wallis tests of differences in SAR parameters (Table 6-3) between classes 

indicated that at the pixel level (8 m spatial resolution) there was little difference 

between the selected SAR values in different classes.  On July 6, August 30 and Oct 

17, FDPRS showed significant differences between the classes at 8 m resolution, and 

MSI showed significant differences between classes on Aug 22, Aug 30 and Oct 17. 

However, when the SAR data was aggregated to 100 m spatial resolution, significant 

differences were found between classes on all dates except May 26 for FDPRS, MSI 

and CPE (Table 6-3).  To summarize, the Kruskal-Wallis tests of field measured 

parameters, SAR and MODIS data incidate significant differences between peatland 

classes, but many of the SAR parameters data do not.   
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Figure 6-6: Example of Boxplots (June 19, 2014) indicating differences between classes in soil moisture, SAR parameters and 
vegetation. SAR parameters were computed at 8 m and 100 m resolution; the parameters are more separable at 100m resolution.  
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Table 6-3: Kruskal Wallis (KW) test results (p-values) for VWC and selected SAR parameters.  All images are FQW1 unless 
otherwise stated.   

  

  KW test p value - 8 m KW test pvalue - 100 m 

Date VWC 

Separability 

of treed bog 

and Fen in 

VWC? 

 

FDPRS 

 

FDPVS 
 HV TAS MSI 

 

FDPRS 

 

FDPVS 
HV TAS MSI 

26/05/2014 < 0.01 N 0.98 0.01 0.78 0.23 0.76 0.02 0.01 <0.01 0.06 0.30 

06/07/2014 < 0.01  Y 0.02 0.79 0.52 0.82 0.08 0.02 0.23 0.12 0.02 0.01 

19/06/2014 < 0.01 N 0.52 0.92 0.75 0.83 0.20 0.04 0.83 0.12 0.02 0.02 

30/06/2014 

FQW1 
< 0.01 Y 

0.39 0.40 0.83 0.20 0.52 0.00 0.20 0.33 <0.01 <0.01 

30/06/2014 

FQW5 0.80 0.38 0.98 0.93 0.95 0.03 0.03 0.26 0.08 0.05 

22/08/2014 

FQW5  < 0.01 Y 0.25 0.40 0.37 0.96 0.04 < 0.01 0.17 0.22 <0.01 < 0.01 

30/08/2014 < 0.01 Y 0.03 0.09 0.82 0.87 0.02 <0.01 0.01 0.02 <0.01 < 0.01 

22/09/2014 0.01 N 0.25 0.40 0.37 0.11 0.45 < 0.01 0.16 0.22 0.08 0.15 

17/10/2014 < 0.01 Y 0.02 0.79 0.52 0.36 0.09 0.02 0.23 0.11 0.07 0.01 
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6.2.5 Differences over time 

6.2.5.1 Hydrological and vegetation parameters  

Although RM-ANOVA indicated significant differences in water table heights over 

time in all of the 2014 and 2015 image dates, Tukey-HSD indicates that not all pairs 

of sequential dates are significantly different.  In 2015, water table heights collected 

on the FQW1 dates in between July 8th and August 1st, as well as August 1st and 

August 25th were not significantly different (p > 0.2 for both).  Similarly, the data 

collected on FQW5 dates in 2015 were not significantly different between July 25th 

and August 18th (p = 0.13).   All other date pairs resulted in significant differences 

(p<0.05). Significant differences were found for the maximum soil moisture 

measurements per site over time (p < 0.001) but not for the minimum (p = 0.7) or 

mean (p = 0.5) soil moisture.  For all of the SAR incident angle-date groups, 

significant differences were found in vegetation over time when all of the classes 

were considered, and when only peatland classes were considered (in all cases p < 

0.001). 

6.2.5.2 SAR parameters  

For each of the SAR image groups (e.g. all FQW1 2015 images), some SAR 

parameters indicate no difference over time (Tables 6-4 and 6-5; e.g. Co-Pol and 

Cross-Pol Phase differences, Cross-Pol Intensity Ratio, p > 0.05).  In general, these 

were the parameters that did not load highly on the PCs.  Some image groups show 

differences for some sensor configurations or dates but not all.  For example, in 

2014 HH (dB) demonstrated significant differences over time in both FQW1 and 

FQW5 sensor configurations, but in 2015 differences were not significant in FQW5 
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imagery (p > 0.3). In 2014 FQW5 imagery, HH showed a significant difference when 

all classes were considered, but when peatland classes were considered alone, no 

significant difference was detected between the classes (p > 0.38).  A few 

parameters showed differences for all combinations of sensor configurations, date 

and class.  These include the dominant eigenvalue, pedestal height, maximum of the 

received power, maximum and minimum scattered intensity, and total power, and 

are generally found in PC groups 2 and 3, although all PC groups exhibited strong 

differences over time. The full list of RM-ANOVA results can be found in Table 6-4 

and Table 6-5 for 2014 and 2015, respectively.  As the hydrological and vegetation 

parameters consistently indicated differences over time, the SAR parameters that 

consistently resulted in significant differences over time are the ones that were 

subsequently assessed for their relationship with hydrological and vegetation 

parameters.   
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Table 6-4: p-values for Repeated Measures ANOVA for 2014.  Where a p-value is not listed, p < 0.05.   

  

ALL Classes  Peatland classes 

PC 

Group 
SAR parameters FQW1 FQW5 FQW1 FQW5 

Did not 

load 

high on 

any PC 

Magnitude of correlation coefficient       0.18 

Phase of correlation Coefficient 0.61 0.4 0.78 0.49 

Real component of the correlation coefficient       0.16 

Cloude-Pottier Anisotropy 0.15 0.73   0.47 

Touzi Phase Φαs   0.32   0.37 

Touzi  Psi ψ 0.9 0.34 0.99 0.73 

Power due to double bounce   0.17 0.05 0.9 

Phase difference co-pol 0.36 0.4 0.09 0.49 

Phase difference cross pol 0.27 0.28 0.49 0.05 

Psi angle completly polarized component 0.14 0.62 0.29 0.89 

Chi Angle max. of the completely polarized 

component 
0.9 0.41 0.75 0.39 

Psi angle min of the completely polarized 

component 
0.26 0.8 0.3 0.55 

chi angle minimum of the completely 

polarized component 
0.84 0.85 0.97 0.92 

Group 1 

Cloude-Pottier Entropy     0.06   

Cloude-Pottier Alpha Angle         

Touzi AlphaS1 (αs)     0.07 
 

coefficient of variation     0.17   

Group 2 

HV         

VH         

Pedestal Height         

min completely polarized component         

min  receive power         

Group 3 

HH (dB)         

VV (dB)         

max  receive power         

max  scattered intensity         

min  scattered intensity         

total power         

Group 4 
Power due to rough scattering   0.05     

Min degree of polarization         

Group 5 

Dominant Eigenvalue         

Max degree of polarization     0.17   

Min degree of polarization         

fractional power     0.08   
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Table 6-5: p-values for repeated measures ANOVA for 2015.  Where a p-value is not listed, p < 0.05.   

  

ALL Classes 
 Peatland 

classes 

PC 

Group 
SAR parameters FQW1 FQW5 FQW1 FQW5 

Did not 

load 

high on 

any PC 

Magnitude of correlation coefficient 0.65 0.45 0.85 0.15 

Phase of correlation Coefficient 0.6 0.75 0.67 0.9 

Real component of the correlation coefficient 0.18 0.08 0.07 0.19 

Cloude-Pottier Anisotropy 0.6 0.41 0.8 0.59 

Touzi Phase Φαs 0.01 0.08 0.19 0.08 

Touzi  Psi ψ 0.47 0.28 0.84 0.21 

Power due to double bounce         

Phase difference co-pol 0.22   0.26   

Phase difference cross pol 0.6 0.75 0.67 0.9 

Psi angle completly polarized component 0.48 0.47 0.48 0.31 

Chi Angle max. of the completely polarized 

component 
0.91 0.13 0.26 0.45 

Psi angle min of the completely polarized 

component 
0.13 0.25 0.1 0.42 

chi angle minimum of the completely 

polarized component 
0.64 0.11 0.74 0.12 

Group 1 

Cloude-Pottier Entropy         

Cloude-Pottier Alpha Angle         

Touzi AlphaS1 (αs) 0.06 0.05 0.19   

coefficient of variation         

Group 2 

HV         

VH         

Pedestal Height         

min completely polarized component     0.22   

min  receive power         

Group 3 

HH (dB)     0.07 0.38 

VV (dB)     0.21 0.06 

max  receive power         

max  scattered intensity         

min  scattered intensity         

total power         

Group 4 

Power due to rough scattering     0.07 0.2 

Min degree of polarization         

Group 5 

Dominant Eigenvalue         

Max degree of polarization   0.1     

Min degree of polarization         

fractional power   0.07     
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6.2.6 Which SAR parameters vary in response to soil moisture, water table and 

vegetation? 

From each of the PCA Groups that loaded highly on PC1 (the parameter deemed to 

be representative of soil conditions) and PC2 (the parameter deemed to be related 

to vegetation), the parameter was chosen (with the highest communality) for 

analysis in its response to soil moisture, water table and vegetation over time.  

Correlation between selected SAR parameters and hydrological variables were 

generally strong (Table 6-6) with exception of HV intensity.    

As Freeman Durden Power due to Rough Surface (FDPRS) loaded strongly on PC1 

and demonstrated a difference between classes and over time it was expected to be 

the parameter that was most related to soil moisture.  Correlation was high with soil 

moisture (r = 0.81) and the loess curves (Figure 6-7) indicated similarities in trends 

throughout the growing season, yet the FDPRS appeared more subdued than field 

measurements.  In the fall (Sept – Oct), the FDPRS continued to increase while field 

measurements indicated no significant change in soil moisture.   

Touzi AlphaS1 has been shown to be of interest in mapping sub-surface water 

within peatlands (e.g. Touzi et al., 2010).  While this parameter showed a strong 

negative correlation with Water Table Depth (r = -0.77) the loess trends do not 

clearly reflect this. A clear low point occurs in both the measured water table depth 

and the Touzi AlphaS1 values in early August, which does indicate a negative 

relationship (water table depth increased while Touzi AlphaS1 increased).  

However, both the fen and shrub bog values for AlphaS1 show a slight increase 
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between late May and late July whereas the water table depth remains steady.  In 

September and October, the water table depths steadily decrease but Alphas1 also 

decreases in both shrub bog and fen.    

Freeman-Durden Power due to Volume Scattering should be sensitive to scattering 

caused by vegetation.  However, its correlation with NDVI was very low and the 

trend in loess curves were not similar.  In fact, the trend over time in FDPVS is 

surprisingly more similar to the trend in soil moisture than FDPRS, although 

relative class values do not show a relationship.   

Table 6-6: Correlations (based on class-aggregated values) between selected 
parameters and field measured soil moisture and water tables.   

 

  Correlation (r value) 

PC 

Group Selected SAR parameter 

Soil 

Moisture 

2014 

Water 

Table 

2014 

Water 

Table 

2015 

1 HV (dB) 0.13 0.25 0.25 

2 Touzi Alphas1S -0.68 -0.77 -0.78 

3 FDPVS 0.35 0.33 0.15 

4 FDPRS 0.81 0.89 0.88 

5 

min of the scattered 

intensity 0.75 0.86 0.83 
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Figure 6-7:  Loess curves for selected pairs of data sets (Soil moisture and FDPRS; WT and TAS, NDVI and FDPVS) with each 
vertical panel indicating the correlation between the pairs of datasets (based on class-aggregated values).  Each loess curve is 
separated by class and shows the extent of 1 standard error surrounding each curve.  
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6.3 Discussion 

6.3.1 Separating signal from noise in the SAR surface response to peatland hydrologic 

dynamics 

The use of SAR for measuring hydrologic parameters appears straightforward: the 

dielectric constant of the target will affect the strength of the backscattered signal, 

therefore, wetter targets will have a stronger backscatter than drier targets and a 

relationship between target wetness and backscatter should be easily modeled.  

However, while this is true where the wetter and drier targets are exactly identical 

in structure, roughness and orientation, at larger scales in complex natural 

environments the relationship between wetness and backscatter is not 

straightforward (Dobson and Ulaby, 1986).  Variability in surface roughness and 

vegetation also affect the SAR backscatter and phase and reduce the strength of 

relationships between SAR and hydrological parameters.  While surface roughness 

and vegetation structure can be quantified, the scale at which these can be 

measured (e.g. in the field, or through other remote sensing techniques) may not 

match the scale to which the SAR is sensitive. As sub-surface wetness varies 

vertically, the SAR signal will penetrate variably.  This may reduce the strength of 

relationships with field measurements as the SAR is sensing a different part of the 

peatland than the field measurements.  Additionally, SAR is known to be affected by 

speckle and although filters are used to reduce speckle, it cannot be eliminated 

without reducing information content with respect to the targets of interest.  

Finally, each of the Radarsat-2 beam modes is known to have a specific noise floor 

(average for FQW = -33 dB; for FQ1W it ranges from -26 dB to -40 dB depending on 
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the pixel incident angle; for FQ5W it ranges from -27 dB to -38dB).  If the 

backscatter values are lower than the noise floor, information is indistinguishable 

from noise.  Although the mean backscatter of each class was well above the noise 

floor for all dates, many individual pixels were near or below the noise floor.   

Due to the various challenges in extracting clear SAR responses to hydrologic 

conditions in peatlands, the approach used in this study was one of class-based 

aggregation, in order to enhance the signal to noise ratio.  Early stage tests at the 

pixel scale yielded weak relationships between SAR parameters, surface soil 

moisture and water table dynamics (r <0.3 in all cases).   This may have been a 

result of either the small sample size or the influence of speckle in SAR images.  

Therefore, class-based averages for SAR parameters and hydrologic measurements 

were assessed across the peatland and results improved greatly, highlighting the 

need to generalize and stratify such analyses in order to detect the relationship 

between SAR and hydrologic parameters.  This approach is similar to watershed-

scale or field-scale relationships developed by others (Hegarat et al., 2002).  

Subsequent chapters of this thesis report on more detailed examination of the 

influence of vegetation and hydrology on SAR surface response and approaches for 

extracting useful hydrologic information over space and time. 

6.3.2 Relationships between hydrologic parameters and SAR 

Since peatlands are complex environments with vegetated surfaces, there is a need 

to separate the portion of the backscatter related to variability in vegetation from 

the portion related to variability in surface roughness and soil moisture. If 

vegetation water content and soil moisture are correlated, the backscatter might 
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actually be related to a difference in vegetation water content not soil moisture, or a 

mixture of both. 

SAR polarimetry is not widely used for monitoring hydrologic conditions.  It is most 

often used in classification of landscapes or in discrimination of different vegetation 

types, while hydrologic assessments have mainly relied on amplitude.  However, 

polarimetric parameters should be useful in separating the component of the signal 

due to vegetation and the hydrologic response.  Polarimetric SAR parameters that 

describe scattering mechanisms should be able to characterize sites by vegetation 

density, structure or type. The Freeman-Durden decomposition parameters allow 

the separation of power related to rough scattering (e.g. open natural surfaces), 

volumetric scattering (e.g. vegetation) and double bounce scattering (e.g. standing 

water-tree trunk interaction).  Within this peatland, the power due to rough surface 

is always the highest proportion of power returned, except in treed environments.  

This is logical as the majority of the peatland surface is covered with Sphagnum 

mosses and very low shrub vegetation with microtopography (hummocks and 

hollows, that are larger than the wavelength of the sensor), resulting in rough 

surface scattering.   

Where no disturbances have occurred (e.g. peat extraction, forest cover removal), 

the differences over time detected in parameters should be related to differences in 

hydrologic conditions, vegetation or both, as surface roughness varies at much 

longer temporal scales.  It is important to understand which SAR parameters are 

useful for estimating each of these aspects of the peatland.  In the selected 

parameters that were tested for correlation with hydrologic variables, HH 
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amplitude was only weakly correlated with hydrologic condition. Conversely, 

FDPRS was strongly related to hydrologic condition.  FDPRS was found in the same 

PC Group as polarimetric parameters measuring the completely polarized 

component of the backscatter response.  Therefore, it is expected that strong 

relationships between soil moisture and SAR will only be produced in areas where a 

completely polarized response is possible. This means that in areas of dense 

vegetation it may be very difficult to retrieve soil moisture using C-Band SAR, as has 

been found in other environments (e.g. Romshoo et al, 2002; Merzouki et al, 2011).  

The Touzi AlphaS1 parameter (found in PCA Group 2 which describes magnitude 

and type of scattering mechanism) was negatively related to hydrological 

parameters, meaning that changes in hydrology affect the magnitude of the 

scattering, albeit inversely.  This could also indicate a relationship between soil 

moisture and vegetation water content, which has not been assessed here.  

However, loess curves show no relationship between AlphaS1 and vegetation 

(NDVI) throughout the growing season.  Touzi AlphaS1 is measured in degrees but 

the range of values was very small (between 10 and 15 degrees) so no issues with 

circular values are presented.   

Two of the Freeman-Durden decomposition parameters were found in two different 

PCA groups.  The combination of the two parameters in this decomposition could 

make it possible to interpret what proportions of the total returned power are 

attributed to scattering based on vegetation and the surface and should be useful for 

separating contributions from soil moisture and vegetation water content.  The 

Freeman-Durden Power due to Rough Surface is sensitive to hydrologic conditions 
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in peatlands and a good candidate for use in monitoring changes to peatland 

hydrology remotely.  However, the loess trend of FDPRS over time did differ 

somewhat from those of both soil moisture and water table potentially indicating 

complex interactions with other surface or vegetation factors.   Unexpectedly, while 

not highly correlated with hydrologic condition, the trend in FDPVS followed 

hydrological variables more closely than it followed vegetation.  A possible 

explanation for this could be that partial volume scattering is occurring either at the 

surface or within the peat (or, more likely, with the live Sphagnum moss that 

represents the top 5 – 35 cm of the peatland).  If volume scattering was occurring 

due to surface roughness, the backscatter would be related to the roughness 

condition as well as surface soil moisture.  However, if volume scattering was 

occurring in the peat, FDPVS would be partially related to soil moisture and to sub 

surface soil texture.  This also may mean that the theorized relationship between 

soil moisture and vegetation water content can be ruled out.  While NDVI is not a 

good indicator of vegetation water content (it responds to scattering in leaf cells 

and chlorophyll absorption, (Jackson et al, 2004) our data do not indicate that any 

SAR parameter closely trends with this vegetation index.  The Normalized 

Difference Water Index could be investigated but would also reflect differences in 

wetness in the peatland in low vegetated areas.   NDVI may not be the best indicator 

of vegetation structural change since NDVI values will be low in early fall (e.g. 

September and October) as chlorophyll levels decrease in preparation for winter 

but their leaves do not physically drop until later in the fall (late October or early 

November).   



178 
 

In all three peatland classes, AlphaS1, FDPRS and FDPVS show a significant dip in 

early August which is in advance of the reduction in vegetation (NDVI) but 

corresponds closely with a dip in wetness.  This trend in all three polarimetric 

parameters highlights the importance of hydrologic condition to SAR response even 

under vegetated conditions.     

In the literature it has been found that Cloude-Pottier’s Alpha and Entropy 

Parameters uniquely describe soil moisture and surface roughness, respectively 

(Anderson and Croft, 2009; Lievens et al, 2012) but these parameters loaded 

similarly on the first three components in PCA.  These parameters were also found 

to be highly correlated with each other, as well as with the other parameters in their 

group.  Visual analysis of their relationship with hydrologic parameters indicated 

similar trends to the Touzi AlphaS1 parameter which was found in the same PC 

group.  Therefore, we cannot conclude that we were able to separate the influence 

of roughness from soil moisture in this analysis.   

6.3.3 Methodological choices 

The use of 5 cm deep integrated soil moisture measurements was based on 

literature indicating that although C-Band SAR penetration into soil is variable, 

penetration depth is usually between 1 and 3 cm (Ulaby, 1982).  However, these 

findings were not developed in organic (peat) soils and therefore it is possible that 

penetration depth could be deeper due to the nature of the surface of the peatland, 

and particularly in locations such as hummocks with little vegetation where surface 

soil moisture approaches 0%.  It is difficult to truly know what part of the peat soil 
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profile the microwave energy is interacting with due to the nature of the peat itself.  

The effect of soil moisture on microwave energy is related to the dielectric constant 

of the soil.  It is generally understood that the dielectric constant of water is much 

higher than that of soil, and wetter objects will have a higher dielectric constant 

than drier objects.  In the case of peatlands, the top 1 – 15 cm may actually be live 

sphagnum moss with very little free water and many structural gaps (i.e. most water 

in the top layers of Sphagnum is bound within the plant structure and therefore 

dielectric permittivity is much lower (4 – 6) than in locations where free water is 

present (60 – 80) (Zotova and Geller, 1985).  Where dielectric permittivity of the 

surface is low, C-Band SAR may be able to penetrate beyond the top few centimetres 

and the Hydrosense (5 m integrated measurements) would not be measuring the 

same aspect of the peatland as the SAR.  This is especially relevant in the bog where 

the surface soil was dry but often exhibited higher soil moisture when water table 

was close to the surface (e.g. 20 - 30 cm).   

Finally, the use of an imagery source with a 24-day temporal resolution is 

restrictive.  Continuous field data measurements of water table indicated many 

extreme water table depths (peaks and dips) that occurred between two image 

acquisitions.  If data are plotted for only the dates were SAR data acquisitions 

occurred (e.g. Figure 6-7) the trend is much smoother than when daily trends are 

plotted and overall the variability in the data is significantly reduced.  Capturing 

these extreme values in the Radarsat-2 imagery (with the same beam mode each 

time) would require much higher temporal resolution but may be necessary to 

capture the conditions that are beyond the noise level of the data.   
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6.4 Conclusion 

The overaching goal of this study was to analyze SAR response to temporal and 

spatial variability in peatland hydrology and vegetation characteristics. A class-

based parameter aggregation approach was used in order to enhance relationships 

between SAR signal response and surface conditions, overcoming limitations of 

pixel-based approaches. Various polarimetric parameters were assessed including 

decomposition parameters, polarimetric discriminators, and the intensity of the 

different quad-pol channels and their ratios. Principal Components Analysis 

indicated that within the 44 polarimetric parameters tested there was redundancy, 

and five main groups of variables were identified.  As well, PCA indicated that 

several parameters did not load strongly on the first three components and are, 

therefore, not useful for analysis of peatland hydrologic or vegetation conditions.  

As our field measurements indicated significant differences in water table heights 

and vegetation over time on the same dates as the image acquisitions, the 

parameters that did not vary over time are not useful for monitoring peatland 

hydrology.  The parameters that did vary over time are therefore sensitive to either 

change in vegetation or hydrology over time, or both.   

For parameters where variation over time was detected, strong relationships were 

found with the field measured hydrological condition.  The Freeman-Durden Power 

due to Rough Surface parameter resulted in the strongest correlations with water 

table and soil moisture.  The Touzi AlphaS1 decomposition parameter is thought to 

be useful for differentiating peatland classes based on their hydrologic condition 

and was found to be negatively correlated to both water table height and soil 
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moisture.  However, through analysis of the trend in this parameter over time, this 

parameter did not resemble the same trend in hydrologic conditions (which should 

be the case for negatively correlated variables).  The Freeman Durden Power due to 

volume scattering parameter was not found to be related to vegetation conditions, 

but its trend over time did follow closely with the trend in hydrologic parameters 

which may indicate either strong volume scattering due to surface roughness or 

penetration into the Sphagnum moss surface. Overall, this work has advanced 

current understanding of the SAR polarimetric parameters that are sensitive to 

hydrologic conditions in peatland environments and will guide the use of these 

parameters in creating predictive spatial and temporal models of peatland soil 

moisture.   
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Chapter 7 The effect of vegetation and surface roughness on the application of 

remotely monitoring soil moisture with SAR in a vegetated peatland 

environment 

Accurate modeling of many hydrological and climatological processes depends on 

accurate spatial characterization of soil moisture (Merzouki et al., 2011).  

Quantifying the spatial variability of soil moisture is crucial to understanding the 

climate and global carbon cycles. Therefore, there is a need to accurately measure 

soil moisture across large landscapes at various spatial scales. While soil moisture 

can be measured in the field at point locations, these methods are time consuming 

and expensive. Methods to monitor soil moisture using remote sensing techniques 

are therefore very promising, and most focus on the use of Synthetic Aperture 

Radar (SAR) due to its sensitivity to dielectric permittivity, which is directly related 

to the water content of a target (Kaojarer et al., 2004).  While these methods are 

being actively developed for agricultural landscapes, they are not yet operational 

(Merzouki et al., 2011) and have not been successfully extended to natural 

environments.  The most significant problem in monitoring soil moisture in 

agricultural or natural environments has been the presence of vegetation and its 

effect on SAR backscatter (Dubois, 1995; Ulaby et al., 1996; Shi et al., 1997; Moran et 

al., 2000; Salgado et al., 2001; Hajnsek et al., 2009; Jagdhuber et al., 2012; Di 

Martino, 2016).  SAR systems are sensitive to vegetation, partly due to the 

geometrical properties of vegetation (e.g. distribution of scatterers within the 

vegetation canopy) and partly due to the water content within vegetation. The 

backscattered signal received from a vegetated area can be a combination of signals 

reflected from the canopy and the ground. In these areas there are multiple 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Thomas%20Jagdhuber.QT.&newsearch=true
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scattering mechanisms and interaction between the contributors is non-linear 

(Bindlish & Barros, 2001). Additionally, the interrelationship between soil moisture 

and surface roughness on SAR backscatter is complex, making it difficult to separate 

the influence of roughness from moisture (Ulaby, 1974). Moreover, surface 

roughness measurement with SAR is complicated by the variable penetration of the 

SAR signal into the soil subsurface (Barber et al., 2012). Penetration varies with 

wavelength and soil properties including soil density, particle size and moisture.   

SAR polarimetry measures changes in phase between the transmission and 

reception of polarized waves.  Several polarimetric decompositions and 

discriminators have been created which aim to describe the scattering mechanisms 

of targets and describe the strength of certain backscatter components (Jagdhuber 

et al., 2012).  For example, the Freeman-Durden decomposition separates the power 

due to rough surface scatter from volume scattering and double bounce scattering.  

Polarimetric Discriminator parameters provide information about the backscatter 

intensity of polarized and unpolarised components of the SAR response.   Verhoest 

et al., (2008) found that there was a close relationship between surface roughness 

and polarimetric features such as Cloude-Pottier Anisotropy (Cloude and Pottier, 

1997) or circular coherence. Additionally, Lievens et al., (2012) and Anderson & 

Croft, (2009) note that the Cloude-Pottier Alpha has been found to be related to soil 

moisture but independent of roughness.  Conversely, they found that Cloude-Pottier 

Entropy is independent of soil moisture but related to roughness. 
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7.1 Types of soil moisture retrieval/estimation models 

There are three main types of methods used to retrieve estimates soil moisture 

from SAR: empirical, semi-empirical, physically based models.  Physical models are 

based on theoretical and approximate solutions of electromagnetic scattering from 

rough surfaces. An example is the Integral Equation Model (IEM) which is widely 

used because it is applicable for a wide range of bare surfaces and soil roughness 

conditions (Verhoest et al., 2008). The IEM calculates backscatter for bare soil by 

considering wavelength and polarization, dielectric constant and roughness, as well 

as local incident angle (Baghdadi et al., 2002).  Soil moisture can be derived from 

the IEM using inversion (through Look up Tables, neural networks or least squares 

methods) (Kaojarern et al., 2004). While this model can be used operationally in 

bare fields (e.g. Baghdadi et al., 2002; Baghdadi et al., 2012), it does not account for 

vegetation and the presence of any amount of vegetation (e.g. crop residue) results 

in significant error (Bindish and Barros, 2001).   Semi-empirical models are based 

on physics theory and model parameters are derived from experimental data. Two 

commonly used semi-empirical models are the Oh and Dubois models. The Oh 

model uses ratios of measured backscatter at different polarizations (based on a 

database of L, C and X band data acquired from a ground based scatterometer) 

(Merzouki et al., 2011; Verhoest et al., 2008) but does not consider surface 

roughness and has been found to overestimate the radar backscatter response 

(Verhoest et al., 2008), thereby overestimating soil moisture. The Dubois model 

relates co-pol intensity to the dielectric constant of soil, surface roughness and 

incident angle. This model has been found to under estimate soil moisture and over 
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estimate surface roughness but where NDVI is low, models have estimated soil 

moisture within 4% mean absolute error (Merzouki et al., 2011). Both models are 

restricted by surface roughness parameters and incident angle (Merzouki et al., 

2011). For estimating soil moisture in vegetated environments, the semi-empirical 

Water-Cloud model has been in use for decades but is not yet operational (Beriaux 

et al., 2013).  The model requires calibrated measurements of two vegetation and 

two soil parameters and models the vegetation canopy as a “cloud” containing the 

vegetation’s water content per unit volume (Ulaby, 1978).  While advancements 

have been made in using this technique to predict soil moisture in crop-specific 

agricultural landscapes, extending the Water-Cloud model to natural environments 

such as peatlands would require extensive calibration, which may be landscape 

specific (Beriaux et al., 2013).  Empirically-based models determine the relationship 

between radar backscatter and soil moisture (Gala et al., 2011). In natural 

environments, backscatter will include effects of roughness and vegetation in 

addition to soil moisture.  Some authors have used two images (a wet and dry 

image) separated by a time period where there was little change in surface 

roughness (Moran et al., 2000).  In non-vegetated environments this means that the 

difference between images should be related to change in soil moisture but when 

vegetation is present the change in vegetation in that time period must also be 

considered.  Additionally, it is commonly found that the relationships derived at one 

location (or from one set of SAR images) must be recalibrated for other locations 

(e.g. Merzouki et al., 2011) and this will require field data for building and validating 

models. Modeling of relationships between SAR backscatter and field measured soil 
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moisture has been explored in many landscapes, but data collection and modeling 

methods have varied greatly, as have results (Table 7-1).    Most models developed 

for prediction of soil moisture from SAR have been built using only SAR backscatter 

and only a few authors have investigated the use of polarimetry in soil moisture 

retrieval.  However, polarimetric parameters may aid in separating the backscatter 

portion related to soil conditions and vegetation.    Several authors have created 

strong empirical models between SAR backscatter and measured soil moisture (see 

Table 7-1).  However, most empirical analysis performed in the literature do not 

describe independent validation procedures to ensure models can be extended 

outside the specific values used to build the model.  

In vegetated environments such as peatlands, accurate representations of 

vegetation and surface roughness are required in physical models, but to our 

knowledge have not been used in empirical models to aid in understanding the 

components that affect SAR backscatter.  Most studies have focused on the use of 

SAR intensity to estimate soil moisture (Table 7-1) but many SAR polarimetric 

parameters are easily produced from polarimetric SAR imagery and may provide 

information about vegetation and surface roughness.  However, there is a wide 

variety of different parameters and while they have been assessed for utility in 

predicting soil moisture an unvegetated agricultural environment (Adams, 2013) no 

literature was found where they were integrated into models to predict soil 

moisture in natural environments.  Additionally, LiDAR provides a static 

representation of vegetation height, density and canopy distribution but normally 

only a single LiDAR dataset is available for a site and therefore does not capture the 
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temporal component of vegetation change throughout the growing season.  Multi-

spectral imagery such as Landsat provides moderate spatial and temporal 

resolution but like all optical imagery is affected by cloud cover.  MODIS provides 

low spatial resolution but high temporal resolution, and therefore provides more 

chance to obtain a cloud free image, vegetation indices can be computed as 

composites over a defined time period.  We hypothesized that LiDAR derivatives of 

vegetation and surface roughness as well as MODIS vegetation indices may aid in 

separating the influence of vegetation from surface conditions in empirical models 

to predict soil moisture from SAR backscatter.   

In this study, an empirical analysis was conducted in which SAR parameters were 

evaluated for their usefulness in predicting soil moisture in peatlands.  First, 

parametric (linear) and non-parametric (CART and RF) models to predict soil 

moisture from SAR were investigated.  Next, a number of additional variables 

including peatland class, MODIS vegetation indices, LiDAR-derived vegetation and 

surface roughness derivatives were incorporated to explore their potential effects 

on SAR response and surface interactions. The specific objectives of this research 

were to:  

(1) Determine which SAR parameters show a relationship with soil moisture 

conditions in peatlands; and  

(2) Determine what other factors (such as surface roughness and vegetation) affect 

predictive power and the conditions under which it is possible to predict soil 

moisture in peatlands.    
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Table 7-1:  Summarizes results of research where relationships between soil moisture (VSM) and SAR data in various 
environments were modeled.  The “relationship reported” field contains either the correlation (r value) or coefficient of 
determination of empirical models (R2) or Root Mean Square Error (rmse) as reported in the original source.  The cross validation 
field indicates whether the research specifically performed any independent or cross validation, and if so, how the author 
describes the methods of this validation.  NA indicates that no independent validation was mentioned in the article.   

Source landscape relationship reported Independent validation? model/variables Platform 

Ulaby, 1996 agricultural fields rmse = 3.5% NA VSM ~ backscatter SIR-C 

Bourgeau Chavez et al 1999 
burned black spruce, 
boreal 

r = 0.7 - 0.8 NA Drought Moisture Code~ VV  ERS 

Moran et al., 2000 rangeland R2 = 0.27 - 0.93 NA 
difference in VSM ~ difference in 
backscatter 

ERS-2 

Salgado et al 2001 bare fields, soybeans 
R2 = 0.66 bare; R2 =  0.55 
soybean 

NA VSM ~ HH  Radarsat-1 

Hajnesek et al., 2003 bare fields r = 0.8, rmse - 8% NA 
VSM ~ polarimetric entropy and 
alpha 

airborne ESAR 
Lband 

Srivastava et al., 2003 bare fields R2 = 0.79 - 0.93 leave 5 out VSM ~multi incident angle Radarsat-1 

Bourgeau Chavez et al 2007 burned sites, boreal 
R2 = 0.56 - 0.82; rmse = 
3.16 

“minimal” 
VSM ~ backscatter; data collected 
over time at same locations 

ERS 

Kasischke  et al., 2009 boreal forest r = 0.74 NA VSM ~ backscatter ERS 

Wall et al., 2010 tundra, sedge meadow R2 = 0.038 - 0.413 NA 
difference in VSM ~ difference in 
backscatter 

Radarsat-2 

Pasolli et al., 2011 alpine, vegetated R2 = 0.51 - 0.81 NA 
SVR - backscatter and Cloude-
Pottier 

Radarsat-2 

.8 Lievens et al., 2012 
fields with vegetation 
stubble 

R2 = 0.22 - 0.49 NA VSM ~ VV or HH Radarsat-2 

Adams et al., 2013 bare fields r = 0.07 - 0.69 NAl 
VSM ~ backscatter & polarimetric 
parameters 

Radarsat-2 

Bourgeau-Chavez et al., 2013 
boreal forest burned and 
unburned sites 

bivariate R2 0.43 - 0.46; 
MLR R2 = 0.61 - 0.85 * 

NA 
MLR VSM ~ backscatter & 
polarimetric parameters 

Radarsat-2 

Jacombe et al., 2013  Peatland 
Bivariate R2 between 0.0 
and 0.8 using intensity; 
0.92 for delta index 

 Leave one out (rmse 0.10 
m3 m−3) 

 VWC ~ HH/ HV/VV, HH/VV 
VWC ~ delta index HV/HH 

Radarsat-2 

Wang et al., 2014 desert grass and shrub 
R2 - 0.63 when vegetation 
low (NDVI < 0.45) 

NA 
VSM ~ backscatter + vegetation 
reduction algorithm 

ERS2 

Zhang et al., 2015 grass and bare soil 
R2 = 0.37 - 0.73 (grass); R2 
= 0.59 - 0.81 (bare soil) 

NA 
SVR MLR~ backscatter & 
polarimetric parameters 

Radarsat-2 
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7.2 Study Area 

This research was conducted in a peatland, locally referred to as "Alfred Bog", 

located near the town of Alfred, Ontario, Canada (Figure 3-1).  For a full description 

of the site, including peatland classes and field instrumentation see Chapter 3.  

Alfred Bog is similar in vegetation and landscape characteristics to boreal peatlands 

(Waddington et al., 2015) and therefore the methods developed at this site could be 

carried over to northern peatlands that are thought to be at risk of undergoing 

changes in hydrological regimes induced by climate change or anthropogenic 

disturbance. 

7.3 Methods 

7.3.1 Field data collection 

Field data collection for this research began in May of 2014.  Semi-permanent soil 

moisture monitoring sites were installed at 32 sites throughout the eastern portion 

of Alfred Bog (Figure 3-1). At each site two 8 m perpendicular transects (oriented 

north to south, and east to west) were installed where soil moisture was measured 

every metre (n = 17 at each site). Soil moisture was measured using a Campbell 

Scientific Hydrosense Water Content Reflectometer (12 cm probe, inserted at an 

angle to capture 5 cm vertical integrated measurements).  (Campbell Scientific, 

2010) on the same day as Radarsat-2 image acquisitions. Rain measurements were 

obtained from the Guelph University Research Station in the town of Alfred Ontario 

(approximately 10 km away), except for a few measurements in June which were 

missing due to instrument malfunction.  For these days, data from Environment 

Canada’s Montebello station (20 km away) were used.  On each SAR acquisition day, 
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the time and magnitude of last rainfall and cumulative rainfall in the last 7 days 

were determined.     We were unable to collect information on peat density or 

vegetation water content during field data acquisitions, and chose to use LiDAR and 

MODIS data as proxies for this data.   

7.3.2 Landscape-unit Classification 

Through preliminary measurements of hydrologic condition in the peatland study 

area, it was determined that significant differences exist between the different 

peatland classes.  A classification of the different peatland and upland classes was 

created using the methods recommended in Chapter 5.  The classification was 

created using only LiDAR data and derivatives in order to separate the data being 

analyzed here (i.e. SAR data) from the classification process and avoid bias in 

statistical analysis.  The classification resulted in a map of the different landscape 

units (agriculture, forest, treed bog, shrub bog, and fen (Figure 3-2) which were 

used in the following to analyze differences between and within these landscape 

classes. 

7.3.3 Polarimetric Data Processing 

RADARSAT-2 (C-Band, 5.6 cm wavelength fully polarimetric SAR sensor) 

(Macdonald Dettwiler and Associates, 2015) Fine Quad Wide (FQW) mode datasets 

were acquired from May – October 2014 (the growing season).  Fine Quad has the 

highest spatial resolution available for fully polarimetric data with Radarsat-2 (~8 

m spatial resolution) and is now available in a wide mode (50 km wide as compared 

to 25 km x 25 km in Fine Quad mode). As steep incident angles are recommended in 
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the literature and polarimetric data were required for this analysis, Radarsat-2 Fine 

Quad Wide mode was chosen for image acquisitions.  The steepest incident angle 

available for Radarsat-2 in Fine Quad Wide mode is FQ1W (17.5 - 21.2 degrees). In 

planning the acquisitions, the aim was to focus on soil moisture retrieval and 

therefore we planned to obtain two images on the same day with different incident 

angles (one in ascending orbit and one descending) (Srivastava et al., 2003).  While 

two acquisitions per day were rarely possible due to conflicts with other users, it 

was possible to repeatedly collect FQW1 as well as several FQW5 (incident angle 

22.5 - 26.0 degrees) images throughout the growing season. The full list of images 

and their configurations are in Table 7-2. For a full description of polarimetric SAR 

data processing, see Chapter 3. 

7.3.4 LiDAR Data Processing 

A LiDAR dataset was collected in 2014 to provide high spatial resolution 

information about topography and vegetation (Chapter 5).  For a description the 

LiDAR data collection specifications and processing methods, see Chapter 3.  A one-

meter resolution Digital Elevation Model (DEM) was created from the ground 

classified points using inverse distance weighted interpolation (to a power of 2).  

The filtered, classified point cloud was used to calculate Height Above Ground of 

every non-ground point using the LasHeight command and these data were used to 

calculate several vegetation derivatives using the LasCanopy command.  Average, 

minimum, maximum and standard deviation of vegetation height above ground are 

simple metrics based on the height of each point above a cut-off point. A cut-off 

point of 5 cm was chosen to include all low vegetation in the canopy.  Canopy cover 
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is computed as the number of first returns above the cover cut-off divided by the 

number of all first returns and output as a percentage. Vegetation density is 

computed as the number of all points above the cover cut-off divided by the number 

of all returns and output as a percentage.  These vegetation derivatives were 

calculated at both 8 m and 100 m spatial resolutions as they require several points 

per pixel to provide accurate representations of vegetation within each pixel.   

Surface roughness has been estimated through a ‘terrain ruggedness’ parameter 

(Riley et al., 1999).  This was calculated in SAGA GIS (Conrad et al., 2015) and is 

based on the values of the pixels in the DEM at 1 m resolution where cells within a 

certain radius (8 m or 100 m) were used in the calculation based on inverse 

distance weighting to a power of two.  These data were used to determine the 

vegetation height and surface roughness of each site and each pixel within the 

peatland, but since this dataset was captured on a single date (May 11, 2014) it does 

not provide information about change in vegetation throughout the growing season 

(early May to late August; full leaf-out conditions occur in late May to early June).  In 

order to capture the temporal component of vegetation, optical imagery was 

acquired.  However, in both the growing seasons of 2014 and 2015 only three 

useable Landsat-8 images were captured over the study site (i.e. not covered by 

cloud).  Therefore, Moderate Resolution Imaging Spectroradiometer (MODIS) 

Normalized Difference Vegetation Index (NDVI) images were obtained for 7 day 

composites (250 m spatial resolution) from Agriculture and Agri-Food Canada for 

the same time span as the SAR imagery for both years. For each SAR acquisition 

date, data were matched with the MODIS composite date range that it fell within.  
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This data had coarser spatial resolution than the SAR data but no other suitable data 

was available.  

7.3.5 Statistical Analysis 

7.3.6 Data Aggregation 

Microtopography influences surface soil moisture over very small distances (< 1 m) 

and as such, a volumetric water content measurement at a single location may not 

necessarily represent the soil moisture condition of the more general area.  In order 

to capture variability in soil moisture and ensure measurements of soil moisture 

were representative of the site and not just the measurement location, for each site 

measurements of soil moisture (n = 17) were aggregated so that each site was 

represented by a single mean soil moisture value.    

Although filtering was used in SAR data processing, the individual pixels of SAR 

parameters still appeared to be affected by speckle.  Therefore, the value of a single 

pixel may not be representative of the true dielectric conditions on the ground.   By 

aggregating SAR data to a coarser spatial resolution (from 8 m to 100 m), several 

pixels are averaged and the effect of speckle is reduced.  The value of 100 m was 

chosen as individual site measurements would be related to independent pixels.  

For larger resolutions (e.g. 200 m), SAR pixels of measurement sites would be very 

close to each other and may not be independent (spatial autocorrelation).   

7.3.7 Relationship between SAR and soil moisture 

The pixel values of a selected set of SAR parameters were extracted at the locations 

of each of the soil moisture monitoring sites for each SAR acquisition.  Many of the 
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SAR parameters as well as the mean soil moisture values were not normally 

distributed and therefore, transformations are required if using parametric analysis 

techniques (e.g. Pearson’s Product Moment Correlation).  In many cases, it was 

impossible to transform the soil moisture values to true normality and therefore, 

Spearman Rank correlations were also computed.  For each acquisition date, the 

SAR parameter values were each assessed for correlation with the mean measured 

site level soil moisture.  Correlations between VWC and SAR at both 8 m and 100 m 

resolution were computed to determine if reducing resolution lead to stronger 

relationships with VWC.   

7.3.8 Linear Models and Cross Validation 

Guided by the correlation analysis described above, the SAR parameters that were 

found to be most related to soil moisture were used in linear models in order to 

build predictive models of soil moisture.   In multiple linear regression, independent 

variables should not exhibit multi-collinearity as this leads to inflated estimates of 

model significance (Farrar and Glauber, 1967).  Since parameters that were found 

to be relevant to soil moisture were all highly correlated with each other (r > 0.7), 

only models with non-correlated independent variables were tested.        

Models were completed using the 100 m resolution SAR parameters.  Repeated K-

fold cross validation (k = 10, repeat = 5) was performed on all models in order to 

provide an unbiased estimate of model performance, and to provide an estimate of 

model error (i.e. root mean square error).   
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7.3.9 CART models and Cross Validation 

Since VWC measurements were often impossible to transform, CART and Random 

Forest (RF) Regression models were also computed for each date using 100 m 

spatial resolution SAR parameters since CART and RF are non-parametric 

techniques and are commonly used for model parameter selection.  CART Models 

were pruned to reduce over-fitting.  For each CART model, the most important 

variable (the variable that explained the most variability) and the other parameters 

used in the pruned model were recorded. RF models were grown using 10 000 trees 

and the most important variables were recorded for each model run.  Maps of 

estimated soil moisture were produced for each date.  As with linear models, 

repeated k-fold cross validation was performed in order to provide unbiased 

estimates of the models.     

7.3.10 Assessment of factors influencing SAR parameters 

For each SAR parameter found to be important in models to predict VWC, additional 

CART models were run where LiDAR vegetation derivatives, LiDAR DEM and DSM, 

Roughness, MODIS NDVI, and peatland class were used as the response variables 

and the SAR parameter as the predictor variable.  These CART models allow us to 

explore the other factors that affect each of the SAR parameters, including soil 

moisture.   It is well known that C-Band SAR is able to penetrate vegetation under 

some conditions (sparse vegetation cover, dry vegetation).  Under these conditions 

SAR response will be related partly to the effect of vegetation, and partly to ground 

surface conditions, and therefore the presence of vegetation may result scatter in 

the models (weaker relationships) between SAR and soil moisture than in areas 
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with little to no vegetation.  In these areas vegetation derivatives should be 

important in predicting SAR parameter values.  Due to the nature of the peatland 

surface, in areas of Sphagnum moss without the presence of shrubs or trees, it is 

possible that the SAR is penetrating into the peat and therefore response would be 

related to subsurface soil conditions rather than surface conditions., particularly 

under dry surface conditions.  CART models help us understand what vegetation 

and surface characteristics are related to the SAR backscatter response.   

Based on knowledge gained in CART models to predict SAR parameters, a test was 

created where each measurement location was ranked based on its vegetation 

density, then bivariate linear models were run stepwise to predict VWC.  For each 

step the highest ranked point based on vegetation density was removed.  For each 

model the amount of variability explained by the model (R2) was recorded and 

plotted against the highest level of vegetation density in the model.   

 

7.4 Results 

7.4.1 Data 

Figure 7-1 shows boxplots of the soil moisture measurements for all dates 

throughout the growing season.  Table 7-2 lists the field data that were collected on 

each acquisition day and the beam mode of each Radarsat-2 acquisition.   
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Table 7-2:  List of acquisition dates and measurements collected each field day. Where 
soil moisture was measured at all sites (full soil moisture) n = 32.  For partial soil 
moisture collections, the number of sites is recorded in brackets.   
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26-May-14 06-Jul-14 

30-Jul-14 
22-Aug-14 
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30-Jul-14 

 
16-Sep-14 
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Figure 7-1: Boxplot of field measured volumetric water content as measured at 32 sites in 2014.  Boxplots indicate the median (line inside each box) and the quartiles of the 
data. From the minimum to bottom of the box indicates the first quartile of data, from the bottom of the box to the median indicates the second quartile.  From the median to 
the top of the box indicates the 3rd quartile, and from the top of the box to the maximum of the data indicates the fourth quartile.   
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7.4.2 Relationships between SAR and soil moisture 

Previous work (Chapter 6) indicated that many SAR polarimetric parameters are 

highly correlated with each other and therefore one parameter from each group 

identified through PCA is used here for analysis.  Spearman Rank Correlation was 

generally stronger than Pearson Correlation (not shown) of transformed 

parameters, indicating that although parameters had been transformed as close to 

normality as possible, they were still affected by skewness and kurtosis of the data.  

In many cases it was clear that the data could not be fully transformed, and this was 

often the case with the soil moisture measurements themselves.   Correlations 

between VWC and selected parameters are found in Table 7-3.   

In almost all cases, correlations were higher when using aggregated SAR data (100 

m spatial resolution) and therefore 100 m spatial resolution was used for 

subsequent analysis.  Cloude-Pottier Entropy was negatively correlated with soil 

moisture and Freeman Durden Power due to Volume Scattering (FDPVS) parameter 

exhibited weak positive correlation.  Dominant Eigenvalue, Freeman Durden Power 

due to Rough Surface (FDPRS) and minimum of the scattering intensity (MinSI) 

were all positively correlated with soil moisture on all dates and FDPRS and MinSI 

generally demonstrated the highest correlations with soil moisture.  Correlation 

strength varied between dates, with August 6th exhibiting the strongest relationship.  

However, on August 6th only a partial field data collection was completed due to 

logistical issues.   
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Table 7-3: Spearman Rank Correlation * indicates only a partial field data collection. p values > 0.05 where underlined.   

 

 

 

 

                           

  26-May 19-Jun 06-Jul 13-Jul* 30-Jul FQ1 July 30 FQ5 

Variable Name 8 m 100 m 8 m 100 m 8 m 100 m 8 m 100 m 8 m 100 m 8 m 100 m 

Cloude Pottier Entropy -0.18 -0.22 -0.33 -0.52 -0.23 -0.50 -0.05 -0.45 -0.25 -0.35 0.03 -0.31 

Power due to volume scattering 0.13 0.18 0.00 -0.04 -0.04 0.00 0.10 0.38 -0.08 0.29 0.17 -0.27 

min of the scattered intensity 0.27 0.40 0.15 0.64 0.11 0.61 0.02 0.43 0.06 0.47 -0.10 0.20 

Power due to rough scattering 0.24 0.40 0.23 0.58 0.17 0.52 0.00 0.60 0.16 0.41 -0.11 0.32 

Dominant Eigenvalue 0.16 0.20 0.32 0.52 0.21 0.52 0.05 0.45 0.23 0.35 -0.05 0.28 

             

             

 

06-Aug* 22-Aug  FQ5 30-Aug  22-Sep * 17-Oct  

  
Variable Name 8 m 100 m 8 m 100 m 8 m 100 m 8 m 100 m 8 m 100 m 

  Cloude Pottier Entropy -0.77 -0.77 0.00 -0.39 -0.15 -0.45 -0.18 -0.14 -0.20 -0.39 

  Power due to volume scattering -0.14 0.49 0.24 0.28 0.46 0.44 -0.08 0.21 -0.15 0.11 

  min of the scattered intensity 0.71 0.88 0.25 0.60 0.29 0.62 0.24 0.42 0.47 0.42 

  Power due to rough scattering 0.83 0.77 0.08 0.60 0.22 0.64 0.32 0.34 0.42 0.45 

  
Dominant Eigenvalue 0.77 0.77 -0.02 0.37 -0.14 0.42 0.16 0.11 0.21 0.36 
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7.4.3 Prediction of VWC: Models and Cross Validation 

Linear relationships of the selected variables at 100 m spatial resolution were 

assessed visually through plots and through model diagnostics.  Multiple linear 

regression of non-correlated parameters sometimes resulted in higher explained 

variance, but adjusted R2 values were poor or the added model terms were 

insignificant (this includes the addition of the peatland class type as a categorical 

variable, LiDAR vegetation derivatives and SAR polarimetric parameters).  

Therefore, only the results of linear regression are reported here.  Only FDPRS and 

MinSI (the two moderately correlated with soil moisture) resulted in significant 

models (Table 7-4) and therefore others are not shown.  Since non-parametric 

correlations resulted in stronger relationships than parametric correlations, it was 

expected that linear models would be weak and this was true on most dates.  MinSI 

was a slightly better predictor than FDPRS on all dates, and only the models on 

August 6 produced model R2 values greater than 0.5. None of the models resulted in 

cross validated R2 of greater than 0.5 (Figure 7-2).  Note that August 6 was a partial 

field data collection (August 6 n = 7, August 30 n = 32) and only shrub bog and fen 

sites were collected, however the intercept and slope for these models were similar 

on both August dates.   In both of these models there is a separation in the data 

points of shrub bog sites from fen, with fen generally having the highest values of 

VWC and MinSI, however, producing models for each class separately resulted in 

poor models, potentially due to the small sample sizes (results not shown).   On 

August 30, when VWC > 40% the relationship between MinSI and VWC appears to 

be weaker than with lower levels of VWC (i.e. heteroscedastic; Figure 7-2).  The 
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relationship may be somewhat exponential rather than linear but this was not 

improved through transformations of the variables.   Although in Chapter 6 FDPRS 

and MinSI were allocated to different PCA groups, they were somewhat correlated 

(r ~ 0.6 depending on the specific date of assessment, p < 0.05).     

Tree models could not be produced for July 13 and August 6 as the sample sizes 

were too small (partial field data collection dates - only a single root could be 

grown).  Visual analysis of the CART plots allowed interactions between the 

variables to be assessed (example Figure 7-3), and also an analysis of the relative 

importance of different variables on different dates.  Cross validated RMSE for these 

models always exceeded 10% (Table 7-5) and was highly variable depending on the 

specific data points used in building and cross validating the model, indicating over 

fitting in the model even though the models were pruned to only a few branches in 

the tree.  The estimates of RMSE provided by the model were much lower than the 

average cross validated RMSE, also indicating overfitting.   Despite this, the 

predicted maps of soil moisture indicated CART models were quite coarse, likely 

due to pruning.   The maps of estimated soil moisture from linear models appeared 

much smoother (Figure 7-4), although CART models appeared less heteroscedastic.   

FDPRS and MinSI explained the most variance in the models on more than half of 

the dates, but even with these models the other variables used in the pruned trees 

were inconsistent and were often variables that are associated with vegetation (e.g. 

HV backscatter).  On other dates, SAR variables that are often considered to be 

related to vegetation condition or volume scattering explained the most variability 
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in VWC. This could be because there may be a relationship between soil moisture 

and vegetation water content, or there may be volume scattering occurring within 

the top layer of the live Sphagnum.    

Although RF should be resistant to over fitting and able to handle small n large p 

problems (n = sample size, p = number of variables), the RF models were generally 

less powerful than CART.  In many cases, the models resulted in very low or even 

negative explained variance (Table 7-6).  Negative explained variance is possible 

with RF when the variation in the out of bag sample is larger than the variance in 

the data used in creating the tree.  The most important parameter on four dates was 

HH (dB) but it is highly correlated with MinSI, which was the most important 

parameter on one date in the RF models and several dates in the CART models.  The 

two images on July 30 (FQ1 and FQ5) showed high error and the most important 

variables were HV (dB) and Touzi’s AlphaS1 parameter.  Graphs of observed and 

predicted soil moisture indicate overfitting and in some cases this overfitting was 

extreme. Figure 7-5 shows a comparison of observed soil moisture vs. predicted for 

all models on the Aug 30 date, which was the best date for all model types and also 

one of the drier dates.   
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Table 7-4:  Linear models using 100 m spatial resolution SAR parameters. Intercepts 
are in the units of the model (i.e. if a transformation was used the intercept will also be 
transformed).    

Model Intercept 
Intercept 

p 
Slope R2 model p 

Indep. 
validated 

RMSE 

Indep. 
validated 

val R2 

May26$VWC ~ sqrt(FDPRS) 7.22 0.58 0.00 0.14 0.05 20.00 0.07 

sqrt(June19$VWC) ~ sqrt(FDPRS) 1.92 0.22 0.00 0.34 0.00 10.63 0.24 

sqrt(July 6$VWC) ~ sqrt(FDPRS) -0.99 0.54 0.00 0.37 0.00 12.04 0.29 

sqrt(July13$VWC) ~ sqrt(FDPRS) -0.99 0.54 0.00 0.40 0.00 10.63 0.21 

sqrt(July30FQ1$VWC) ~ sqrt(FDPRS) 1.61 0.36 0.00 0.17 0.02 8.94 0.05 

sqrt(July30FQ5$VWC) ~ sqrt(FDPRS) 1.89 0.39 0.00 0.10 0.08 10.89 0.05 

Aug6$VWC ~  sqrt(FDPRS) 2.77 0.01 0.00 0.54 0.10 3.42 0.24 

Aug22$VWC ~  sqrt(FDPRS) -16.53 0.20 0.00 0.38 0.00 16.76 0.30 

Aug30$VWC ~ sqrt(FDPRS) -17.13 0.16 0.00 0.37 0.00 31.00 0.29 

Sept22$VWC ~ sqrt(FDPRS) 2.40 0.47 0.00 0.18 0.13 28.73 0.02 

Oct17$VWC ~ sqrt(FDPRS) -8.91 0.68 0.00 0.17 0.03 20.62 0.13 

Model 
Intercept 

 
Intercept 

p 
Slope R2 model p 

Indep. 
validated 

RMSE 

Indep. 
validated 

R2 

May26$VWC ~ log(MinSI) -374.60 0.04 22.19 0.18 0.02 10.54 0.08 

sqrt(June19$VWC) ~ log(MinSI) -82.73 0.00 4.98 0.43 0.00 8.82 0.36 

sqrt(July 6$VWC) ~ log(MinSI) -102.66 0.00 5.98 0.50 0.00 8.29 0.38 

sqrt(July13$VWC) ~ log(MinSI) -102.66 0.00 5.98 0.50 0.00 7.34 0.34 

sqrt(July30FQ1$VWC) ~ log(MinSI) -67.78 0.01 4.06 0.22 0.01 8.35 0.07 

sqrt(July30FQ5$VWC) ~ log(MinSI) -42.00 0.22 2.60 0.06 0.16 12.18 0.04 

Aug6$VWC ~  log(MinSI) -532.9 0.06 31.5 0.656 0.05 13.0 0.41 

Aug22$VWC ~  log(MinSI) -705.07 0.00 40.64 0.45 0.00 15.84 0.33 

Aug30$VWC ~ log(MinSI) -592.69 0.00 34.41 0.45 0.00 16.28 0.38 

Sept22$VWC ~ log(MinSI) 7.72 0.27 0.00 0.32 0.00 4.91 0.09 

Oct17$VWC ~ log(MinSI) -117.20 0.14 181.60 0.14 0.05 21.42 0.12 
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Figure 7-2: Example plots of relationships between MinSI and VWC.  Relationships are similar between these two dates, 

however the additional data points collected on August 30 indicate heteroscedastity and increased scatter within the model.   
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Table 7-5:  CART model results.  TAS = Touzi AlphaS1, PDH = Pedestal Height, MCP = 
maximum of the completely polarized component; CPA = Cloude-Pottier Alpha, CPE = Cloude-
Pottier Entropy; DE = Dominant Eigenvalue, CPPD = Co-pol Phase Difference, MaxDP = 
Maximum Degree of Polarization; MinCP = Minimum of the Completely Polarized Component; 
MaxCUP = Maximum of Completely Unpolarized; MaxSI = Maximum of the Scattering 
Intensity; MaxRP = Maximum of the Received Power; FDPDB = Freeman Durden Power due to 
Double Bounce; TTau = Touzi Tau; MSI = Minimum Scattering Intensity; FDPRS = Freeman 
Durden Power due to Rough Surface.   

date R2 

variable 
that 
explained 
the most 
variance 

others used in 
building 
pruned tree 

Independently 
Validated R2 

Independently 
Validated RMSE 

May-26 0.88 MinSI PDH, TAS 0.23 12.6 

Jun-19 0.73 MinSI CPA, HV, DE 0.03 30.4 

Jul-06 0.7 MinSI HV, MaxDP 0.21 28.9 

July30 FQ1 0.85 TAS HV, MaxCUP 0.08 23.9 

July 30 FQ5 0.7 HV MaxSI, MinSI 0.05 30.3 

Aug 22 (FQ5) 0.87 FDPRS 
MaxRP, FDPVS, 
PDH 

0.29 18.1 

Aug-30 0.94 FDPRS 
PDH, DE, 
MaxCUP, VV 

0.61 11.9 

Oct-17 0.74 MCP 
CPE, MaxDP, 
HV 

0.13 30.7 

 

Table 7-6: RF model results, codes for variables found in caption for Table 7-5.   

date 

RF % 
explaine

d 
variance 

most 
important 
paramete

r 

2nd most 
importan

t 
paramete

r 

3rd most 
importan

t 
paramete

r 

 
Independentl

y Validated 
R2 

Independentl
y Validated 

RMSE 
May-26 3 HH VV MinSI -4.94 27 

Jun-19 21 HH MinSI MaxCP -0.08 29.9 

Jul-06 14 MinSI HH MaxCP -0.05 27.9 

July30 FQ5 < 1 HV CPPD VV -3.14 43.8 

July 30 FQ1 7 TAS MinSI FDPDB -0.99 30.4 

Aug-22 58 X27 FDPRS VV 0.55 13.1 

Aug-30 61 HH FDPRS MinCP 0.56 13.2 

Oct-17 < 1 HH TTau HH -3.11 42.2 
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Figure 7-3: example CART model (August 30).  Codes for variables are found in caption to Table 7-5.   
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Figure 7-4:  Example of predicted soil moisture map with residuals.   The left panel shows the CART prediction for August 30th 
whereas the right panel shows the linear prediction.  Residuals are calculated based on independent validation.    



209 
 

Figure 7-5: Example of a comparsion of models (August 30th)– observed and predicted 
for each type of model.  
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7.4.4 Assessment of vegetation and surface roughness influence on models 

The models created above to predict soil moisture from the SAR parameters did not 

allow the effect of vegetation on SAR to be examined.  In order to investigate the 

effect of vegetation on SAR models with SAR as the dependent variable and a suite 

of LiDAR derivatives and field data measurements of hydrology were also 

performed.  For each of the selected SAR parameters, CART trees were used to 

investigate interactions in VWC, vegetation parameters (from LiDAR derivatives 

and MODIS NDVI) and surface roughness (LiDAR derivative) variability. NDVI was 

not found to explain variability in any of the models (Table 7-7), likely due to the 

coarse resolution of these data and the composite values over time (7 days). VWC 

often explained the most variability in all of these parameters.  Specifically, it 

explained the most variability in both FDPRS and MinSI on June 19, July 6, Aug 22 

and Aug 30.   These were also the dates where both the linear and CART models 

produced the highest predictability for VWC.  On these dates, vegetation variables 

were often found to explain lesser amounts of variability in CART tree models, 

indicating that vegetation is affecting these variables as well as VWC, or there is a 

relationship between vegetation and VWC.  VWC was also found to explain the most 

variability Cloude-Pottier Entropy and Dominant Eigenvalue on June 19, Aug 22 and 

Aug 30, but was never found to explain the most variability in FDPVS.  On May 26, 

July 30 (both FQ1 and FQ5), Sept 22, and Oct 17, vegetation variables (std and max) 

were found to explain more variability in FDPRS and MinSI than VWC, and VWC 

only was used in the July 30 FQ5 model as a second branch in the tree.  Surface 

roughness was only found to explain variability in a few models but only as 
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secondary branches of the tree.  This indicates that although surface roughness 

differs between the bog classes and fen class, surface roughness does not appear to 

be playing a large role in the strength of these SAR parameters.   

The CART models to predict SAR parameters indicated that interactions between 

vegetation and soil moisture occur (Table 7-7).  For SAR parameters that are usually 

related to vegetation and volume scattering (e.g. FDPVS), where VWC is also an 

important parameter, this could indicate that volume scattering is occurring within 

the peat and therefore volume scattered backscatter would be explained in part by 

measured soil moisture.   Alternatively, it may be related to a correlation between 

vegetation water content and soil moisture. In this case it may appear that soil 

moisture explains variability in the SAR parameter but in fact, the interaction of the 

SAR with vegetation is explained in part by vegetation water content.   
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Table 7-7: Summary of CART models to predict SAR parameters with LiDAR 
derivatives, MODIS and Peatland class as independent variables.  p < 0.05 in all cases. 
Vegetation height variables: avg = average; std = standard deviation; max = 
maximum; min = minimum;  dns = vegetation density, cov = vegetation coverage.  
Rmse is reported in the units of the dataset.   

variable date R2 
most 
important others 

FDPRS 

May-26 0.61 std avg, min, roughness 

Jun-19 0.57 VWC  avg, min 

Jul-06 0.54 VWC  Roughness, dns 

July 30 FQ1 0.43 std roughness, Class, dns 

July 30 FQ5 0.64 std VWC, cov, dns 

Aug-22 FQ5 0.81 VWC  std 

Aug-30 0.83 VWC  std 

Sep-22 0.45 max 
 

Oct-17 0.47 std max, cov 

MinSI 

May-26 0.61 std avg, min, roughness 

Jun-19 0.60 VWC cov, std 

Jul-06 0.63 VWC cov, min 

July 30 FQ1 0.43 std roughness, class, dns 

July 30 FQ5 0.64 std VWC, cov, dns 

Aug-22 FQ5 0.83 VWC avg, std 

Aug-30 0.82 VWC avg, cov 

Sep-22 0.44 max   

Oct-17 0.51 std max, cov 

Dominant 
Eigenvalue  

May-26 0.52 std cov, min, VWC 

Jun-19 0.54 VWC roughness, avg, max 

Jul-06 0.47 std VWC, min 

July 30 FQ1 0.47 max std 

July 30 FQ5 0.56 std VWC, min 

Aug 22 FQ5 0.82 VWC avg, std 

Aug-30 0.75 VWC cov 

Sep-22 0.40 dns   

Oct-17 0.49 max std, min 

FDPVS 

May-26 0.73 dns cov, roughness 

Jun-19 0.42 max VWC 

Jul-06 0.51 dns roughness, min, max 

July 30 FQ1 0.36 cov roughness, std, veg 

July 30 FQ5 0.74 dns roughness, VWC 

Aug-22 FQ5 0.71 cov avg, max, VWC 

Aug-30 0.72 dns VWC, cov 

Sep-22 0.64 dns   

Oct-17 0.76 dns cov, min 

Cloude-
Pottier Alpha 

May-26 0.53 std cov, min, VWC 

Jun-19 0.54 VWC roughness, avg, max 

Jul-06 0.46 std VWC, min 

July 30 FQ1 0.47 max VWC, std 

July 30 FQ5 0.55 std VWC, min 

Aug-22 FQ5 0.80 VWC avg, std 

Aug-30 0.75 VWC cov 

Sep-22 0.40 dns   

Oct-17 0.50 max std, min 
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7.4.5 Stepwise removal of vegetated sites from linear models 

Since it was found that vegetation explains variability in many of the SAR 

backscatter parameters and even affects parameters that should not be related to 

vegetation response (e.g. FDPRS), a demonstration of the effect of vegetation on 

VWC SAR-based predictions was created. The vegetation derivative that was most 

often found to explain the most variability in FDPVS (which should be most related 

to vegetation) was vegetation density. Each site was ranked based on its density 

level.  Starting with all 32 sites, a linear model was run and the r-squared value was 

recorded along with the highest level of density that was present at the sites.  Then, 

the sites were removed in a stepwise fashion based on their vegetation density.  

Each time a site was removed, the model was re-run and the r-square value and 

highest level of vegetation density was recorded.  Two example plots are shown in 

Figure 7-6.  For most dates, as the most vegetated sites were removed up to about 

20% vegetation density, the models remain quite stable (Table 7-8).  However, 

when only using data from sites where vegetation density is less than 20%, models 

improve greatly.  On most dates, models using data only from unvegetated sites 

(vegetation density < 3%) had greatly increased R2.  These patterns were true for all 

dates where field data were acquired at all sites, except Oct 17 where VWC was the 

wettest and NDVI was the lowest.  Soil moisture conditions in non-vegetated sites 

are not significantly different than in vegetated sites on any give date (Figure 7-7) 

although the range of soil moisture in vegetated sites was slightly less than in non-

vegetated sites.   
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Dates where only partial field data collections took place were excluded from this 

analysis.  On these dates (July 13, Aug 6, Sept 22), the July 13 and August 6 field 

measurements only took place in low density sites (n = 7, maximum density < 20, 2 

under 7 and all others under 3) and their model R2 values were moderately high 

(0.4 and 0.54 respectively).  September 22 (n = 15), although low density sites were 

visited, several additional high density sites were visited (density > 30, n = 3).  

However, when these high density sites were removed, the model R2 did not 

improve, similar to the model on Oct 17.   
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Table 7-8:  Bivaraite models for all dates where observations are subset based on site vegetation density.  Independent validation 
results represent the mean R2 based on n – 1 runs using leave-one-out methods.   

 

 

R2 value 

model 
dns < 
70 

Independen
t Validation 
dns <70 

dns < 
20 

Independen
t Validation 
dns < 20 

dns < 
3 

Independen
t Validation 
dns < 3 

May26$VWC ~ sqrt(FDPRS) 0.14 0.11 0.16 0.12 0.72 0.44 

sqrt(June19$VWC) ~ sqrt(FDPRS) 0.37 0.17 0.45 0.35 0.52 0.37 

sqrt(July 6$VWC) ~ sqrt(FDPRS) 0.37 0.35 0.48 0.37 0.56 0.54 

sqrt(July30FQ1$VWC) ~ sqrt(FDPRS) 0.17 0.05 0.23 0.10 0.28 0.22 

sqrt(July30FQ5$VWC) ~ sqrt(FDPRS) 0.10 0.03 0.15 0.03 0.44 0.31 

Aug22$VWC ~  sqrt(FDPRS) 0.38 0.31 0.48 0.35 0.75 0.65 

Aug30$VWC ~ sqrt(FDPRS) 0.37 0.33 0.57 0.41 0.77 0.71 

Oct17$VWC ~ sqrt(FDPRS) 0.17 0.12 0.23 0.22 0.03* 0.11 

Average 0.26 0.18 0.35 0.24 0.51 0.42 
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Figure 7-6:  Examples of model strength in relation to vegetation density.  p < 0.05 in all cases.  Minimum sample size (at least vegetated sites) = 10.    
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Figure 7-7: Comparison of soil moisture for low vegetation density sites (dns < 3%) and high vegetation density sites (dns < 3%). Kruskal Wallis tests shows no difference in 
soil moisture between the classes (p > 0.05 on all dates) but low vegetated sites do have a larger range, potentially because most of the vegetated sites either belong to 
thetreed bog or fen classes but not shrub bog.  Shrub bog sites are much drier than fen sites and therefore the low vegetated sites span these two classes with extreme wetness 
conditions.   
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7.5 Discussion 

7.5.1 Statistical model predictions of VWC  

Many authors have attempted to use SAR to model soil moisture and many have 

achieved strong model results (Table 7-1).  The most applicable example was 

performed in a peatland in northern Quebec, (Jacombe et al., 2013) where a class-

averaging method was used to predict soil moisture values in permanently and 

seasonally flooded areas.  They used SAR intensity and ratios and a combination of 

different incident angle pairs and achieved highly variable results (R2 between 0.00 

and 0.91, with values in the full range between those extremes).  They note that 

their strong models were highly dependent on a few leverage points, but leave one 

out validation was reported as root mean square error (better than 0.1 m3 m−3).  

While the variability in their results is similar to what was found here, the methods 

used are not directly comparable. Very few investigations have been completed 

using polarimetric parameters.  Adams et al., (2013) assessed several polarimetric 

parameters in bare agricultural fields and found the maximum of the completely 

polarized component, maximum of the scattering intensity and intensity 

parameters to be moderately correlated to soil moisture (r > 0.6) at steep incident 

angles, but did not assess model diagnostics and many other parameters produced 

poor results, especially at shallower incident angles.  Overall, none of the models 

produced to predict VWC here were particularly strong, however, these methods 

allowed the exploration of interactions between different physical aspects of the 

peatland (e.g. vegetation height, density and coverage, surface roughness and VWC) 

in the SAR backscatter.   
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Non-normal distributions of VWC measurements led to difficulties in predicting 

VWC from SAR using linear models.  Non-parametric techniques (CART and RF) 

produced better results.  The CART models indicated higher explained variance 

than the linear and Random Forest Regression models and therefore appeared to 

produce better predictions of VWC, but cross validation all types of models 

indicated that model strength was in fact quite poor in most cases.  In CART and RF 

models overfitting was apparent, despite the pruning of CART models. The inclusion 

of SAR parameters that explain volumetric scattering (and therefore likely 

vegetation) in CART models indicated that volumetric scattering explained some 

variance in the models for VWC.  Cart was therefore used to investigate which 

physical variables (VWC, vegetation, roughness) were most related to each of the 

two SAR parameters, FDPRS and MinSI.  While VWC was often the most important 

parameter in predicting both SAR parameters, there was also likely interaction 

between VWC and vegetation (and to a lesser extent roughness) in these SAR 

parameters.  The magnitude of MinSI will be dependent on the combined soil 

moisture, surface roughness and vegetation (both structure and water content).  

Unexpectedly, these interactions in CART models may indicate that FDPRS may be 

influenced by vegetation, or something highly correlated with vegetation that was 

not accounted for here (i.e. not measured).  This parameter should be solely related 

to rough surface scattering and its magnitude should increase with increasing 

roughness and increasing VWC (Freeman and Durden, 1998).   
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Unexpectedly, on several dates FDPRS was explained by the standard deviation of 

vegetation height, which is essentially a proxy for the uniformity of vegetation 

heights. Standard deviation of vegetation height would be low in areas where all 

vegetation is tall or in open areas where vegetation is all very low.  Therefore, the 

standard deviation of vegetation height may be a surrogate for the type of site (e.g. 

shrub bog areas are open sites, treed bog areas are full canopy sites, and fen sites 

fall in between).  While this seems logical as VWC showed distinct separation 

between the classes (fen has a higher VWC and also higher standard deviation in 

vegetation height), peatland class (as a categorical variable) was also used in the 

models and was not found to explain significant variability in any of the models.  

This could mean that standard deviation in vegetation height is actually a better 

descriptor of peatland class than the actual classification or that the classes need to 

be separated further (e.g. low vegetation and tall vegetation fen sites could be 

separated).  In fact, this derivative was one of the most important derivatives used 

to produce the classification (Chapter 5).  However, it may be that volume scattering 

is occurring in unvegetated areas as well (e.g. volume scattering within the peat 

surface).   

7.5.2 Polarimetry for assessing interactions with VWC, vegetation and surface 

roughness 

Polarimetric parameters describe backscatter response to complex conditions and 

may be useful for separating the effect of vegetation and surface roughness from 

soil moisture in the SAR backscattered signal (Hajnesek et al., 2009; Jagdhuber et al., 

2013) and investigated here.  Hajnesek et al., (2009) tested a modified three-
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component decomposition in inversion modeling in an agricultural environment at 

the field scale and found variable results (rmse between 3% and 13% and R2 

between 0.1 and 0.7) in the same fields at different times during the growing 

season). They note that depends on the crop type as well as on the condition 

(developing stage and phenology) of the vegetation layer. Although the methods 

differ between the analysis presented here, it is expected that the variability in the 

models over time is related to significantly affected by variable vegetation phenology 

over time.   

Anderson & Croft (2009) note that the Cloude-Pottier Alpha (Cloude and Pottier, 

1997) is related to soil moisture but independent of roughness, and Cloude-Pottier 

Entropy is related to roughness but independent of soil moisture.  This conflicts the 

results found here where these parameters were both found to be correlated with 

soil moisture and both of these parameters loaded similarly in PCA.  FDPRS and 

MinSI were found here to be moderate predictors of soil moisture on some dates, 

but this was not consistent and is suspected to be related to interactions with 

vegetation and surface roughness. FDPRS should only be related to the dielectric 

constant of the surfaces (as the vegetation component of backscatter is explained by 

the FDPVS) and should therefore not be related to the vegetation contribution of 

backscatter.  As either or both of soil moisture or surface roughness increases, 

FDPRS will increase (Freeman and Durden, 1998).  Here MinSI was found to be 

correlated with FDPRS and a strong predictor of VWC on most dates.  MinSI is a 

polarimetric discriminator parameter (Touzi, 1992) and would generally be at its 

minimum on dry, smooth surfaces but would increase with increased soil moisture 
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and increased vegetation water content.  However, MinSI will also increase as 

surface roughness increases (Touzi, 1992), but if vegetation is present the 

contribution of soil moisture and surface roughness to backscatter may be 

overshadowed by the presence of vegetation.   

Normally, in sites where all vegetation is very tall, we expect volume scattering to 

occur and the SAR signal would likely be dominated by the canopy structure and 

vegetation water content.  Similarly, in open areas with sparse, short vegetation, 

some volume scattering may occur due to vegetation (Freeman Durden, 1998), in 

which case the backscatter will be related to both the vegetation structure and 

vegetation water content.  However, volume scattering may also occur if there is 

penetration into the peat (Beaudoin et al., 1990) or may occur due to surface 

roughness (Merzouki et al., 2011).  In these cases, backscatter will be related to 

VWC and the properties of the peat.   This is a complex interaction that is difficult to 

accurately characterize through field measurements.   

Similarly, FDPVS should be related to vegetation structure and water content in 

vegetated areas (Freeman and Durden, 1998), but if penetration into vegetation is 

occurring volume scattering may be partly related to soil moisture and peat 

composition as well.  CART models indicated that FDPVS related to vegetation 

density or coverage on most dates, and standard deviation of vegetation height was 

not found to be an important parameter.  The CART models also indicated 

interactions with VWC and Roughness, which may support the theory that volume 

scattering was in fact occurring in the peat in some locations, but could also be 
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related to the surface roughness of the peatland causing some volume scattering 

itself.   This highlights the need to better understand the different components of 

the backscattered signal (e.g. component due to surface conditions and vegetation) 

and to understand what portion of the landscape the SAR is interacting with (e.g. 

vegetation, surface or sub-subsurface).  The MODIS NDVI data do not appear to be a 

good representation of vegetation water content and the LiDAR derived surface 

roughness does not appear to represent surface roughness at the required scale.  

We were unable to collect information on peat density or vegetation water content 

during field data acquisitions.  These types of complex interactions between soil 

moisture and surface characteristics, which are variable in space and time, mean 

that characterization of the backscattered signal in natural environments is a 

difficult task and extensive field measurements of all aspects of the environment are 

required to truly characterize the backscattered response.  Although SAR 

parameters are generally associated with “surface” and “vegetation” backscatter, 

this may only be the case in pure pixels of bare surface or dense vegetation.  

In models where LiDAR and vegetation proxy data were used to explain variance in 

SAR backscatter, these two datasets were informative but may not have been 

optimal for this purpose.  The vegetation information used was derived from other 

remote sensing data (MODIS NDVI) and not measured in the field on the day of SAR 

acquisition, as would be preferable.  Additionally, while the LiDAR data were 

considered high resolution the data used here (4 points per square meter, 1 m 

resolution DEM and also 8 m and 100 m resolution DEMs tested) may not have been 

sufficient for estimating surface roughness at the scale that to which SAR is 
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sensitive.  Similarly, while the MODIS NDVI data provided an estimate of temporal 

variability in vegetation within the peatland, this dataset may have been too coarse 

to detect the fine scale changes in vegetation occurring at certain locations within 

the peatland.  This may mean that temporal variability in vegetation was not 

captured in any of the models.  Additionally, the composite nature of the MODIS 

images may have also reduced their explanatory power.  The dates where 

vegetation derivatives explained the most variability in FDPRS and MinSI show no 

special relationship with NDVI, rain, dew or water table conditions.  It is suspected 

that because MODIS NDVI product was a 7-day composite, it does not capture the 

temporal variability in vegetation conditions at the same level of sensitivity of the 

SAR.  However, the LiDAR vegetation derivatives, while captured on a single date, 

do explain spatial variability, which would be related to temporal variations as well.    

Therefore, on the dates where vegetation explains more variability in FDPRS and 

MinSI, the spatial variability in vegetation accounts for the variability seen in FDPRS 

and MinSI.  In these cases it is unlikely that volume scattering response in SAR is 

caused by vegetation scattering within the peat, but that the presence of vegetation 

influences these parameters.  On these dates, vegetation plays a larger component 

in the SAR backscatter than VWC, and predicting VWC on these dates is difficult as 

even the FDPRS signal may be contaminated with vegetation response.    

In addition to vegetation and surface roughness, residual rain and dew on plant 

leaves have been known to play a significant role on SAR backscatter.  Qualitative 

relationships between time since last rain, magnitude of last rain, amount of rain in 

last 7 days and the presence of dew on vegetation when each image was acquired 
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were assessed in relation to model predictive strength but no patterns were noted.  

However, considering the variability in these, in addition to the possibility of the 

interaction of rain with vegetation and vegetation water content, and differences in 

incident angle (FQ) between dates, it is likely that with a larger sample size of image 

acquisition dates these variables may be necessary to detect relationships.     

7.5.3 Independent Validation of models 

Independent validation of both linear and CART models was crucial as models were 

consistently over-fit.  Our model results were comparable with some studies in the 

literature in other landscape types, but poor compared to others (Table 7-1).  The 

poor model results were likely due to the small sample size, the heterogeneity 

within and between sites in vegetation conditions, and the high variability in soil 

moisture conditions over small spatial extents.   Independent validation was rarely 

found to be used throughout the literature (Table 7-1) and in these cases, model 

parameters could be inflated similar to the results found here.  Additionally, the use 

of multiple linear models should be used with caution since most variables were 

found to be multi-collinear.  In experiments with MLR (not reported here) we found 

that although R2 values indicated a strong model when more than one independent 

variable was used, Adjusted R2 values were often extremely poor.   
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While model predictability was not strong, the use of statistical techniques allowed 

exploration of the relationships between different SAR parameters and other 

physical variables (such as vegetation height, density, surface roughness and 

vegetation information from optical imagery) and indicated that even with high 

resolution estimations of physical variables, the relationships were not 

straightforward and interactions varied over time and space.   

 
7.5.4 Effect of vegetation 

Only at the lowest levels of vegetation density was the effect of VWC able to be 

predicted. Around 20% vegetation density all models showed a significant increase 

in predictive power and as the remaining sites with partial vegetation were 

removed R2 values increased dramatically for most dates.  While it may seem that 

prediction of soil moisture in un-vegetated locations in peatlands only partially 

meets the goal of this research, soil moisture conditions at our study site on any 

given day are not significantly different between vegetated and unvegetated sites.  

Therefore, if only unvegetated soil moisture stations were monitored and used to 

build predictive models with SAR, soil moisture conditions in vegetated locations 

could be interpolated or inferred.   

 

7.6 Conclusion 

Several authors have used statistical techniques to model relationships between 

field measured soil moisture and SAR backscatter or polarimetric parameters in 

different landscapes with a wide variety of techniques and reported varying levels 
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of model predictability (Table 7-1).  Here we tested bivariate linear regression, 

CART and Random Forest regression models to both predict soil moisture from SAR 

backscatter and determine what physical characteristics (vegetation and surface 

conditions) most strongly influence selected SAR polarimetric parameters in a 

vegetated peatland environment.  We summarize our overall findings with the 

following conclusions: 

1) Due to the complex interactions between soil moisture, vegetation and 

surface roughness, SAR polarimetric parameters could not be used to reliably 

extrapolate point scale observations of soil moisture in a peatland complex.   The 

poor predictability of soil moisture was only evident upon cross-validation; hence 

researchers should view non-cross validated estimates of soil moisture predictive 

accuracies with skepticism. In order to determine if models are valid outside the 

data used to create them (e.g. to predict spatially throughout a larger study area) 

models to predict VWC from SAR should be independently validated as models can 

be over-fit and measures of model strength inflated.   

2) Vegetation significantly affects the SAR backscattered response.  While this is 

well known throughout the SAR literature, the vegetation component in the 

response is difficult to distinguish from the components caused by surface 

conditions (roughness and soil moisture).  Vegetation density was found to explain 

most of the variability in polarimetric parameters related to volume scattering, and 

this information will be useful in future planning of field measurement of soil 

moisture.  Additionally, we found the scale at which polarimetric variables were 



228 
 

calculated to be critical for reducing noise and being able to extract the portion of 

the SAR response due to variation in soil moisture.   

3) Models using data from only the least vegetated sites were much stronger 

than those where all sites were used and soil moisture within the vegetated and 

least-vegetated sites were not significantly different, meaning that models 

developed through monitoring least-vegetated sites could be interpolated through 

vegetated areas.   

Overall, this research has attempted to quantitatively assess the relationships 

between physical characteristics of a vegetated peatland landscape and SAR 

response, and has highlighted the complex interactions between them.  Polarimetric 

parameters are designed to aid in understanding backscattering mechanisms but 

there was inconsistency in the polarimetric parameters that explained variability in 

VWC on different dates.  Similarly, even with high resolution estimates of vegetation 

and surface roughness and information about rain and dew on each acquisition 

date, there was inconsistency in the components that explained variability in the 

backscattered response on different dates.  The characterization of the 

backscattered signal in natural environments is a complex task and extensive field 

measurements of all aspects of the landscape are required to truly understand the 

backscattered response.   
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Chapter 8 Use of Linear Mixed Effects models for predicting temporal 

variation in peatland surface soil moisture Synthetic Aperture Radar 

Remote sensing allows data to be captured at large spatial scales and repeatedly 

over time. Remotely sensed images are often used in models of relationships 

between the reflected or backscattered energy recorded as an image and field 

measured data relating to a specific physical variable that is of interest. These 

models are then used to create spatial predictions (maps) of those variables across 

space and time.   

In this research, the physical attribute of interest is peatland surface soil moisture.  

Northern regions are experiencing climate warming, which is expected to cause 

surface drying in northern peatlands (Hinzman et al., 2005; Kasischke et al.,2009) 

and potential disruption of ecosystem functions and services, and weather and 

climate systems.  Therefore, there is a need to monitor changes in surface soil 

moisture through time and across large extents.  Synthetic Aperture Radar (SAR) is 

an active microwave remote sensing technique that shows promise in the 

application of monitoring hydrologic conditions. Microwave sensors are sensitive to 

the dielectric constant (permittivity) of materials. As water has a very high 

dielectric constant (~80) compared to other earth surface materials (Ulaby, 1974), 

objects that are wetter produce a stronger response in SAR than drier objects 

(Kaojarer et al.,2004).  This means that SAR should be sensitive to temporal 

variations in surface soil moisture and could be used to create soil moisture 

retrieval models.  
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There are several methods to create models between SAR measurements and field 

collected data of surface moisture conditions, including empirical, semi-empirical 

and physically based models (Gala et al., 2011; Verhoest et al., 2008). The focus of 

this research is on the use of empirical, statistically based models.  In order to 

accurately model soil moisture in peatlands, the full range of soil moisture 

conditions exhibited in a peatland should be captured.  In order to do this, field data 

must be collected throughout the growing season.  However, data collected at the 

same locations over time can be highly temporally autocorrelated (Laird and Ware, 

1982), meaning they are repeated measures and a measurement taken at (x,y)i¸|Tj  is 

highly correlated with the measurement at (x,y)i¸|Tj+1.  Ignoring inherent 

autocorreation and treating these data as a random sample is termed 

“pseudoreplication in time” and can lead to smaller confidence intervals of 

parameter estimates,  standard errors in regression that are smaller in size than the 

true values, or inflated Type I error (Bence, 1996).   

In remote sensing, time series analysis is commonly performed in order to detect 

abrupt changes in landscapes or identify trends in landscapes over time (Lambin 

and Lindermen, 2006) with most research in land-use or class change (i.e. 

classification; e.g. Pouliot et al.,2014). Another aspect of time series data in remote 

sensing is for monitoring variables that change over time and has been undertaken 

for a wide variety of physical variables (e.g. vegetation biomass (Verbesselt et 

al.,2006), suspended sediment in water bodies (e.g. Lymburner et al.,2016), flood 

extents (Huang et al.,2014) and soil moisture (Bourgeau-Chavez et al., 2007, etc.)   

In order to monitor changes over vast landscapes using remote sensing, it is 
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common practice to measure the dependent variable (the variable to be predicted at 

non-monitored locations; e.g. soil moisture) at a set of sample locations, and to then 

extract the independent predictor variables from remotely sensed imagery to build 

predictive models of the dependent variable.  These models can then be applied to 

the full set of pixels in the remotely sensed image.  Through application of a given 

model to a temporal set of images, or through development and application of 

individual models for each image in the temporal data set, monitoring the 

dependent variable over space and time can be implemented.  One potential 

solution could be to collect data across a wide range of conditions on a single day 

and apply this model across space and time.  However, building models with a single 

date of data collected across space may not capture the full temporal variability in 

the landscape as field measurements are tied to a single time period or condition.  If 

data are collected on a single day, sample sizes are often small, especially if 

replication is needed at independent sites, and therefore predictive power may be 

low. Comparing models across different dates may be difficult as field data 

distributions may be greatly affected by extremes and outliers (Chapter 7) and 

other variables change (e.g. vegetation) which may alter model coefficients and 

predictive power.   It is tempting to lump all dates together into one large dataset as 

this increases the sample size, and allows a “global” model to be built that explains 

variability over time and space.  Unfortunately, doing so could violate the 

assumption of independence of the data points for fixed effects models (Laird and 

Ware, 1982).  If data collected on individual dates are not independent of each other 

(i.e. they exhibit temporal autocorrelation), mixed effects models should be used 
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(Laird and Ware, 1982). Quantifying temporal autocorrelation in training data can 

be difficult when data are collected at irregular intervals and when sample sizes are 

small (i.e. small number of sampling dates).     In the field of remote sensing, few 

authors have used mixed effects models for prediction of variables across space or 

time.  Examples of these include Bonansea et al.,(2015); Chen et al.,(2015); Soliman 

et al., (2013); and Muinonen et al.,(2012).  

Mixed effects models contain both fixed effects (in this case the independent remote 

sensing variables used to predict the dependent variable) and random effects, hence 

the name “mixed” effects.  Mixed effects models allow slopes and/or intercepts to 

vary randomly for “block” variables in the model thereby avoiding violations of 

independence in the data points (Laird and Ware, 1982).  Block variables are 

categorical variables such as the class of an object (e.g. peatland class).  In a 

repeated measures context, the block variable is a descriptor of the item being 

repeatedly measured.  In psychology and medicine, where repeated measures are 

often used, the Subject that is being assessed at different times is the block variable 

that is used as the random effect.  In biological and remote sensing activities, the 

identification code for the location where measurements are repeatedly acquired 

would be the random block variable.   

 

The most common objective in remote sensing, is to make predictions of a variable 

of interest at new locations across space or time, and validation of models using an 

independent set of data is recommended (Foody and Atkinson, 2002) but less 



233 
 

commonly completed (see Table 7-1).   Keeping a subset of independent data points 

aside from building the model can indicate how well the model truly is able to 

predict. Overfitting of models is a common problem where models are trained very 

well to the data used to produce them but introducing new data (e.g. new pixels in a 

new raster image), that may be dis-similar to the training data, will confirm 

predictive power in a non-biased sense (Foody and Atkinson, 2002).  In the case of 

fixed effects models, this is a simple procedure as the data are simply split into two 

different groups (a training set and a validation set). The model is trained on the 

training set, then the model predicts based on the measured (or observed) values of 

the independent variables in the validation set.  These predictions can be checked 

against the measured values of the dependent variable in the validation set.  Many 

different forms of validation exist (leave one out, leave k out, boot strapping, etc.).  

In mixed effects models cross validation can be difficult if a truly independent 

dataset is to be used for validation.  For example, if SiteID (the unique identifier of a 

location where a measurement was recorded repeatedly over time) is used as a 

random effect in mixed effects models to control for repeated measures at the same 

site over time, an estimate of the intercept and/or slope for each SiteID is produced 

and therefore predictions can only be made on those sites used in the model. This 

means that the model cannot be applied to predict based on the pixel values of a 

remotely sensed image as each pixel does not have a SiteID with a random intercept 

and/or slope in the model.  Similarly, if Date is used as a random effect, data from 

that date must be present in the training data, precluding the prediction of data on 

dates that are outside the range of field collection dates.   While mixed effects 



234 
 

models can be useful in remote sensing, there are some fundamental problems 

associated cross validating their predictions using traditional approaches.    

 

The goal of this research was to build predict models of soil moisture (volumetric 

water content; VWC) within a peatland across both space and time.  Previous 

research (Chapter 7) has shown that spatial models based on a single image date 

were generally poor, with several of the dates tested resulting in poor relationships 

between soil moisture (VWC) and SAR parameters.  However, field measured 

sample sizes on each image date were small (n = 32 on most dates, fewer on others) 

and VWC was often highly skewed.  When data are pooled across all dates, the 

sample size is much larger (n = 249 across 32 sites and 10 dates) and the pooled 

VWC data are close to normal distribution.  However, these data cannot be treated 

as independent as they are repeated measures, which violates an assumption of 

linear regression.  Linear mixed effects models provide a method to account for this 

autocorrelation.  In this paper, we document trials of monitoring VWC over time 

using SAR polarimetric parameters in linear mixed effects models.  Through this 

temporal analysis, spatial predictions of VWC are also created and all model 

predictions are cross validated to provide unbiased estimates of model error.   The 

objectives of this research were: 

1.      Measure autocorrelation of field measured VWC at repeated measures 

sampling sites to determine if these data can be considered independent. 

2.      Using field measurements of VWC that have been collected at the same 

field sites repeatedly over time and SAR parameters that are known to be 
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related to VWC collected on the same dates, build linear mixed effects 

models to predict VWC on dates when field sampling was not used to build 

the model.  

3.      Perform independent validation of linear mixed effects models to 

determine which models produce an acceptable level of accuracy.  

8.1 Study Area 

This research was conducted in a peatland, locally referred to as "Alfred Bog", 

located near the town of Alfred, Ontario, Canada (Figure 3-1).  For a description of 

the site and a description and distribution (map) of the peatland site, see Chapter 3 

and Figure 3-2.   

8.2 Methods 

8.2.1 Field Measured Data 

Field data collection began in May 2014.  A full list of dates and sample sizes used in 

this chapter can be found in Table 8-1.  For details on field data collection methods 

see Chapter 3.    

8.2.2 Polarimetric Processing 

For full details on polarimetric data processing see Chapter 3.  In this chapter, it was 

originally planned to use the Fine Quad identification (e.g FQW1, FQW5) and orbit 

(Ascending, Descending) as random effects, in order to produce models that could 

predict across incident angle and mode, but because there were only two FQW5 

images (1 ascending (ASC) and 1 descending (DESC) mode) and only one FQW1 

DESC mode image, these were excluded from analysis.  The full list of images used in 
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this analysis and their configurations are in Table 1.  Based on the results of 

Chapters 6 and 7, on the Freeman-Durden Power due to Rough Surface (FDPRS) 

polarimetric parameter is used in the analysis in this chapter.   

Table 8-1 List of acquisitions and measurements collected each field data. For full soil 
moisture acquisitions, n = 32.  For partial acquisitions, the same size on that date is in 
brackets.   
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Partial Soil 
moisture  

13-Jul-14 (8) 

06-Aug-14 (7) 
22-Sep-14 (15) 

Full soil 
moisture  

26-May-14 

19-Jun-14 
30-Aug-14 

17-Oct-14 

 

8.2.3 Mixed effects models 

To ensure that mixed effects models were required, temporal autocorrelation was 

assessed in the data.  Although the number of dates was small (n = 7 for FQW1ASC 

images), autocorrelation across the eight lag times was calculated (Vernables and 

Ripley, 2002).  Using the pooled FQW1ASC data from all sites and dates, several 

different mixed effects models to predict VWC were built (Bates et al., 2014).   

Peatland Class Type (Class), Measurement Site ID (SiteID) and date were all tested 

as random effects.  SiteID is nested within Class as each class always occurs within 

the same Class on any given date.  The full list of models tested is listed in Table 2.  

All models were run 10 times with a bootstrapped random sample of 50 data points 

each time to provide validation.  
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Table 8-2: List of all models tested.  Notation of the models is in R language format, 
designed for the LME4 package in R (Bates et al.,2014).  The dependent (predictor) 
variable is the first model parameter (VWC).  The tilde (~) symbol indicates that the 
variables to the right are the independent variables which will be used to predict the 
dependent variable.  A plus sign indicates an additive relationship between the 
independent variables.  Variables that are allowed random effects are in brackets (e.g. 
(1|date)).   

Model Validation by: 
VWC ~ FDPRS + (1|date) Independent Site (across all dates) 
VWC ~ FDPRS + (1|Class) Independent Date 
VWC ~ FDPRS + (1|Site) Independent Date 
VWC ~ FDPRS + (1|date) + (1|Class) Random Sample* 
VWC ~ FDPRS + date+ (1|Class) Independent Site (across all dates) 
VWC ~ FDPRS + (1|date) + (Class|Site) Random sample* 
VWC ~ FDPRS + (Class|Site) Independent Date 
 

Nakagawa and Schielzeth (2013) showed that estimates of explained variance (i.e. 

R2 values) can be generated for both the fixed and random effects of a mixed effects 

model.  The marginal R2 indicates the amount of variation explained by the fixed 

effects, and the conditional R2 is the amount of variation explained by both the fixed 

and random effects.  For each model, marginal and conditional R2 was generated 

(Lefcheck, 2015).   

When using mixed effects models in a repeated measures case, the “Subject” 

identifier is used as a random effect.  In the case of this research our SiteID should 

therefore be used as a random effect.  However, since prediction outside the 

training dataset and independent data are requirements of this research and we do 

not have a Site ID for areas we do not monitor, it was not possible to independently 

validate these models.  Class could also be treated as the “Subject” because the three 

peatland classes are significantly different in their VWC measurements on all dates 

(Chapter 7).  Date was also assessed as a random effect as it was observed that VWC 
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was significantly different in some pairwise date comparisons, meaning that 

individual dates may require different intercepts.    

For models where Date was not used as a random effect, a single date could be held 

back from building the model and the raster image on each specific date could be 

used to predict VWC spatially on each date.  These data were used to compare the 

temporal and spatial variability between observed and predicted VWC data in each 

class over time.  To do this, the landscape unit polygons that intersected the 

measurement sites were extracted.  These were used as a mask on the predicted 

VWC maps to extract only the cells that were in the region and same land cover 

class of our measurement sites. Since other areas of the peatland were not 

monitored these, were excluded to reduce ambiguity in the results.   

In addition to the models generated using data at all sites, in order to control for 

variability in the SAR data due to variable vegetation between the sites, models 

were also generated using only the least vegetated sites.  The sites were ranked 

based on their vegetation density derived from a LiDAR point cloud (Chapter 7). 

Independent validation was performed on each model by selecting a sub-sample of 

the pooled dataset.  The ultimate goal was to determine if models could be 

developed that predicted VWC across a raster image on a date where no field 

measurements were collected. Validation using one withheld Date is, therefore, 

more informative than holding back a random sample of data points from the 

pooled dataset, as these data do not provide information that is independent of the 

training data.  When Date is used as a random effect, validation using all of the data 
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points of a single site across all dates was performed and run iteratively for all sites 

in the model.   

Similarly, for the model where SiteID was included as a random effect, it is 

impossible to independently validate data where the SiteID was not included in the 

training data and therefore, a random sample of data points (e.g. random sample = 

not specifically selected by Site or Date) was used as cross validation. However, it 

should be emphasized that this is not a truly independent validation as the same 

site from two different dates could be used in both training and validation.   

Root mean square error (RMSE) was calculated using the model predicted and 

measured values of VWC in equation [1]: 

 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑖−�̂�𝑖)2𝑛

𝑖=1

𝑛
         [1] 

 

And R2 was calculated using equation [2]: 

𝑅2 = 1 − 
∑ (𝑦𝑖− �̂�𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖− 𝑦)2𝑛
𝑖=1

     [2] 

 

Where:  yi is the observed/measured value, ŷi is the predicted value and ȳ is 

the mean of the measured values.  n = sample size.   
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Depending on the model (as described above), both RMSE and R2 were calculated by 

using data that are either 1) also used to build the model or 2) through independent 

validation where an independent set of data not used to build the model is used to 

validate the model.   

Finally, Loess models (Locally Weighted Scatterplot Smoothing) were created to 

visualize the differences between the observed and predicted VWC over time and 

determine if model predictions followed similar trends to observed values.   Trends 

were plotted using 1 standard error around each model (0.95% confidence interval) 

(Wikham, 2009).   

8.3 Results 

Soil moisture measurements indicated a statistically difference between land cover 

classes on all dates but showed less variability between dates (Figure 8-1).  

Temporal Autocorrelation analysis indicated that both VWC and SAR datasets 

exhibited moderate autocorrelation (rho = 0.1 – 0.6 depending on the specific site 

and variable) at a lag of 1 and 2 time intervals, with lag 1 always being greater than 

lag 2.  At greater lag differences autocorrelation was somewhat reduced, but still 

moderate at many sites (e.g. rho < 0.4).  This confirms that there is some temporal 

autocorrelation present in the data.  Even though there is a change in soil moisture 

over the season, there is moderate temporal autocorrelation in measurements, even 

over such a long period as one or more months, that can’t be easily reduced or 

removed. Therefore, classic bivariate linear models are not appropriate as repeated 

measures need to be accounted for. 
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Although the pooled data meet the assumptions of linearity, using the pooled data in 

linear mixed effects models did not lead to strong predictive power of soil moisture 

based on SAR parameters.  All models resulted in a very low marginal R2 (the 

variance explained by fixed effects) but high conditional R2 (the variance explained 

by fixed + random effects).  This means that the fixed effects (SAR parameters) 

explain very little variability in the models and most of the variability in VWC can be 

attributed to differences in VWC between Dates, Classes or in the SiteID (depending 

on the specific model generated).  The model where date was used as a categorical 

fixed effect resulted in a higher marginal R2 than other models, confirming the 

importance of date as a predictor and a requirement for different model 

relationships on different dates.  The RMSE and R2 values estimated were promising 

for all models but independent validation indicated that these models were not 

strong predictors of VWC outside the data used to train them.  In many cases 

negative independently validated R2 values were produced, indicating very poor 

models.  Negative explained variance is possible when the variation in the out of bag 

sample is larger than the variance in the data used in creating the model.  The model 

reporting the highest R2 included SiteID, Class and Date as random effects (Table 8-

3).  This model could not be independently validated on any given Site or date since 

both of those terms required random intercepts in order to make predictions.  

Calculation of explained variance using a random selection of data points indicated 

that this model did perform quite well, however it is important to note that this is 

not an independent validation.  Overall, independent validation indicated that the 
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models could not be used to predict soil moisture outside of the data used to build 

the model. 

The model using both Date and Class as random effects produced the lowest 

average independently validated RMSE of all the models, although the model where 

date was used as a fixed effect was very similar (Table 8-3).  In this model, the 

standard deviation of the intercept for Class (sd = 18.7) is much larger than the 

standard deviation for the date intercept (sd = 11.3) indicating that there are more 

differences between the classes than there are between dates.  The maps of 

predicted VWC confirm that models are highly dependent on random terms.  Where 

Class was used as a random effect, the pattern of the three classes is easily identified 

in the predicted values (Figure 8-2).   

Loess trend models visually highlighted differences between models (Figure 8-3). 

The loess model where Date was used as a random effect was very similar to the 

observed model, although with a much smaller standard error.  The loess model 

where only Class was used as a random effect showed much less variability over 

time and did not follow the same pattern as the observed data (Figure 8-3), but was 

within the overall range of the measured data. This again highlights the issue that 

the fixed effect (FDPRS) SAR data do not explain much variability in the model and 

therefore the temporal component is only being explained through Class or Date 

mean values of FDPRS.   

For the model where SiteID, Date and Class were all used as random effects, SiteID 

had the smallest standard deviation (sd= 67) and Class (sd = 409) the largest (with 
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the standard deviation of date = 188). This indicates that the measurements 

collected at each site over time exhibit lower variability than those collected across 

sites on a specific date, and the largest variability occurs within each of the given 

class land cover types.  This highlights the importance of accounting for temporal 

autocorrelation as measurements recorded at a given site show relatively low 

variability over short time periods.   

Based on results of Chapter 7, models were also run using only the low vegetated 

sites as training data.  These appeared promising as conditional R2 values and 

model estimated R2 values were high, and independently validated R2 values were 

all positive and some were quite strong (Table 8-4).  However, visual assessment of 

the predicted values indicated that in the model where Class was the only random 

effect (where the specific date was not provided to the model) the predicted values 

were almost uniform across the dates.  Predicted values within the three classes 

were distinct and fell within the range of the class of the observed data on each date, 

but predicted values varied very little over time within a single class.  This was not 

unexpected as we observed that fixed effects (SAR data) contributed very little 

explained variance to the model.   
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Figure 8-1:  Field measured VWC on FQW1 ASC acquisition dates 
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Table 8-3: A and B) the model was run 10 times with a bootstrapped random sample of 50 
data points each time to provide a cross validation. No estimates of marginal or conditional 
R2 were able to be computed for models with nested effects. C and D) The validated RMSE and 
R2 is based on the average of cross validation at each site.  Each independent validation was 
completed by leaving out one site for each model run.  Models validated by date are listed 
below.   

 

Validated 
By 

marginal 
R2 

conditional 
R2 

Model 
RMSE 

Model R2 
Indep. 

validated 
RMSE 

Indep. 
validated 

R2 

A) VWC ~  FDPRS + 
(1|date) + (Class| SiteID)  

Random 
Sample 

NA NA 10.40 0.88 12.22 0.74 

B) VWC ~  FDPRS + (Class| 
SiteId) 

Random 
Sample 

NA NA 16.47 0.58 18.48 0.47 

C) VWC~   FDPRS 
+(1|date) + (1|Class)  

Site 0.01 0.75 13.83 0.71 14.47 -3.10 

D) VWC ~ FDPRS + 
(1|date) 

Site 0.14 0.43 20.10 0.39 19.5 
-3.77 

 

models Cross validated by 
date 

Validated 
By date 

marginal 
R2 

conditional 
R2 

Model 
RMSE 

Model R2 
Indep. 

validated 
RMSE 

Indep. 
validated 

R2 

model = lmer(VWC~   
FDPRS + (1|Class), data = 

FQW1ASC) 

26/05/14 0.10 0.50 19.20 0.44 18.40 0.17 
19/06/14 0.13 0.51 17.20 0.47 30.79 0.15 
13/07/14 0.04 0.49 18.20 0.43 19.20 0.62 
06/08/14 0.06 0.48 18.85 0.42 12.75 0.18 
22/08/14 0.02 0.55 18.70 0.46 21.10 0.15 
30/09/14 0.04 0.48 18.20 0.43 26.60 0.12 
17/10/14 0.08 0.49 19.00 0.44 11.50 0.69 

average 0.07 0.05 18.48 0.44 20.05 0.30 

model = lmer(VWC~   
FDPRS + (1|SiteID), data = 

FQW1ASC) 

26/05/14 0.02 0.58 15.40 0.66 20.40 0.20 
19/06/14 0.04 0.60 13.30 0.69 30.69 0.13 
13/07/14 0.08 0.53 14.97 0.61 13.50 0.81 
06/08/14 0.01 0.54 15.40 0.61 16.99 0.46 
22/08/14 0.03 0.52 15.96 0.6 19.49 0.20 
30/09/14 0.01 0.51 15.40 0.62 21.80 0.40 
17/10/14 0.02 0.49 16.01 0.61 9.64 0.78 

average 0.03 0.54 15.21 0.63 18.93 0.42 
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Table 8-4: model with low veg sites only (cross validation completed only using low veg sites)   

models Cross 
validated by 
date 

date 
marginal 
R2 

conditional 
R2 

RMSE  
Model 
R2 

Indep. 
validated 
RMSE  

Indep. 
validated R2 

model = 
lmer(VWC~   

FDPRS+ (1|Class), 
data = 

FQW1ASC_lowveg) 

26/05/2014 0.05 0.77 18.01 0.67 30.57 0.07 

19/06/2014 0.02 0.68 16.55 0.59 33.18 0.20 

13/07/2014 0.03 0.71 19.34 0.58 24.67 0.24 

06/08/2014 0.03 0.68 20.13 0.56 7.53 0.83 

30/08/2014 0.03 0.70 19.69 0.58 20.27 0.22 

22/09/2014 0.04 0.71 18.4 0.6 27.37 0.15 

17/10/2014 0.03 0.64 20.79 0.53 11.39 0.82 

average 0.03 0.70 18.99 0.59 22.14 0.36 
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Figure 8-2: Example of predicted VWC for August 30th based on three different Mixed Effects 
models.   
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Figure 8-3: Loess models for the observed data over time, and predicted data (two models) 
over time).  Shaded area around the model line represents one standard error (1 s.e.) 

8.4 Discussion 

In repeated measures designs, both the “Subject” and the Date each measurement are 

collected can have an effect on the resulting measurement.  Using the Subject (in this case 

SiteID, or Class of measurement) as a random effect in models allows any temporal 

autocorrelation between the measurements of each subject to be accounted for.  The Date 

the measurement was acquired can also have a profound effect on the measurements 

acquired (due to subject-wide variability in climate and weather on each specific date).  

Using Date as a random effect allows each date to have its own intercept, accounting for 
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this date-to-date variability in measurements, however, it does not explicitly address the 

repeated measures issues of each Subject.   In our tests here, we use peatland Class as our 

subject, and allow each class to be modeled with a different intercept.  Using only Class as a 

random effect, errors in model predictions are unacceptably high, but overall the 

measurements were still within the range of the time series measurements.  The addition 

of Date as a random effect allows specific weather-related effects on measurement to be 

accounted for on each date as well, and produced more reasonable predictions on any 

given date.   

Throughout the literature, most studies where relationships are built between SAR and soil 

moisture are undertaken using a single date of imagery and single day of field data 

collection (as in Chapter 7, see Table 7-1).  The literature does not indicate common use of 

mixed effects models to account for repeated measures issues and temporal 

autocorrelation in remote sensing and field data used to create models from remote 

sensing data.  Of the examples found, both Soliman et al.,2013 and Bonansea et al., 2015 

calculated pseudo-R2 values but did not compute the R2 components associated with the 

fixed and random effects (Lefcheck, 2015).  Neither of these studies had Class-specific 

measurements but used mixed models to account for autocorrelation in repeated 

measurements.   

Temporal autocorrelation should be considered in models where data are collected over 

time.    We demonstrate here that temporal autocorrelation can be present in data, even if it 

is difficult to visually identify through traditional plotting of time series data.  In practice, 

field data collected for monitoring temporal changes over time in conjunction with remote 

sensing data may only be made up of data collected on a few dates and detecting temporal 
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autocorrelation may be difficult.  However, it should be assumed that if data are collected 

repeatedly at the same locations over time there is likely to be autocorrelation between the 

data points, and mixed effects models are one method that can be used for prediction or the 

assessment of relationships. Other authors have built models using data that was collected 

repeatedly over time at the same locations without an assessment of temporal 

autocorrelation (e.g. Bourgeau-Chavez et al.,2007) therefore estimates of the significance of 

these models may be inflated (Bence, 1996). 

In this case study, although the fixed effects variable (SAR polarimetric parameter Freeman 

Durden Power due to Rough Surface) is theoretically related to surface conditions 

including soil moisture and was shown to be useful in Chapters 6 and 7, However, this 

variable explained very little variance in all models as compared to the random effect block 

factors (SiteID, Class, Date).  Since mixed effects models are not widely used in remote 

sensing and because the ability to measure marginal and conditional explained variance is 

relatively new (Nakagawa and Schielzeth, 2013) this issue is relatively unassessed in the 

literature. It also highlights a larger problem with the use of SAR to predict VWC in 

peatlands at the pixel level.  In the SAR data, the within-class spatial variability is often high 

due to the effect of SAR speckle (Lee et al.,1999).  But, in both the SAR and the field 

measured soil moisture, the between-class (spatial) variability is often greater than the 

within-class variability over time (over time), making temporal prediction difficult.    This 

also means that by simply knowing the class and date that a data point or pixel belongs to, a 

reasonable estimate of the VWC can be predicted at any given point regardless of the fixed 

effect (SAR) value.  However, this is dependent on the requirement of field data to inform 

the model of the mean VWC of each class.  Furthermore, models where Class is used as a 
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random effect but date is not, no estimate of the mean VWC for any specific date is known.  

These models are not able to provide meaningful estimates of VWC for a specific date as the 

predicted VWC provided by these models is similar to a global mean across all dates for 

each class.   

The spatial and temporal differences in between- and within-class variability are much 

more pronounced in the field data than the SAR data (i.e. the SAR are very noisy and show 

considerable overlap between classes on specific dates, and between all classes over time – 

see Chapter 6). This could be a result of speckle in the SAR data, although the processing 

methods reduced speckle significantly.  It could also be a result of the sensitivity of SAR to 

different aspects of the peatland than is being measured through the field data collection 

campaign.  Vegetation (structure and water content) also affects the SAR signal and our 

sites vary considerably in vegetation dispersion, structure and height between and within 

sites.  Interactions with vegetation and surface roughness affect the SAR signal (Chapter 7) 

and this variability is not accounted for in our field data measurements.  As in Chapter 7, 

models were built using only the least vegetated sites but these models also indicated that 

between class variability was significantly more important in models than the within class 

differences in the fixed effects term (i.e. even though model predictions of specific dates 

were poor when using only Class as a fixed effect, Class contributed much more to the 

model than the SAR data).   Visual analysis of plots of predicted and observed data per class 

indicate that although models cannot predict within an acceptable level of error (e.g. RMSE 

was > 20%), the plots of predicted VWC per class follow similar trends over time as 

measured VWC when date is included in the model, but is not the case when date is not 

included in the model, .  This indicates that it is not possible to predict outside of the 
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specific dates used in the given model.  In other words, the model predicts spatial trends 

reasonably well on any given date, but cannot be used to predict soil moisture at future 

times (where no field data has been used to build the model).  This means that at sites 

where the peatland class is known (i.e. a peatland ecosystem map exists) models based on 

SAR backscatter can be used to produce spatially variable estimates of VWC on a given 

date, but only if some monitoring data are available on image acquisition dates.  In practical 

terms, this requires the installation of self-logging, in-situ VWC sensors.   

8.5 Conclusion 

Temporal autocorrelation in repeated measures field data is not well addressed in the 

remote sensing literature.  Results from the present study indicate that linear mixed effects 

models are appropriate to address repeated measures issues associated with these types of 

applications.  They resulted in high R2 values however, most of the variability of the models 

was explained through random effects (block factors of SiteID, Date or Class) meaning that 

fixed effects (SAR data) were not useful in predicting temporal variability in the peatland 

landscape.  Mixed effects models also present some limitations to application due to the 

fact that prediction outside the model data (i.e. either at sites/pixels not included in the 

model or at times not included in the model) is not possible, making independent 

validation difficult.   

Where possible, models were independently validated using data of a single withheld date, 

and although conditional R2 values for models were sometimes quite high, independent 

validation indicated that results were poor on most dates. This highlights the importance of 

independent validation for hydrologic monitoring applications of remote sensing.  Spatial 

prediction results (where a single date was held back from the model) were better.  Overall, 
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the model results are poor because the between-class variability is greater than the within-

class variability (over time), making temporal prediction challenging.  The method tested 

here to predict temporal variability of soil moisture through SAR images does not allow soil 

moisture to be predicted where no field data exists.  However, at sites where the peatland 

class is known spatially (i.e. a peatland ecosystem map exists), the installation of in-situ 

monitoring networks for VWC could be used to train models based on SAR backscatter and 

produce spatially variable estimates of VWC on a given date.   
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Chapter 9 Synthesis and future research directions 

The overarching goal of this thesis was to determine if Synthetic Aperture Radar (SAR) 

imagery has potential for use as an operational hydrologic monitoring tool for northern 

peatland environments.  Thematically, the thesis was divided into two parts, each reflecting 

a distinct set of research activities.  In Part II (Chapters 4 and 5), new methods were 

developed for improved peatland ecosystem mapping from remote sensing imagery.  In 

addition to the research contributions associated with these chapters, a key outcome was a 

high-accuracy peatland ecosystem map of the main study site, Alfred Bog.  In Part III 

(Chapters 6, 7 and 8), based on theory and applications throughout the literature, it was 

hypothesized that SAR response would be directly related to surface wetness, but 

vegetation and surface variability would need to be accounted for in models.  This 

hypothesis was supported throughout Chapters 6, 7 and 8.  In order to use remote sensing 

data for operational monitoring, methods must be unbiasedly assessed for their accuracy 

and the method must be able to monitor the characteristic of interest with little or no field 

collected data.  This thesis was designed to determine the method that met these criteria 

and to advance the overarching objective of exploiting SAR for hydrologic monitoring in 

northern peatland environments.   

The following chapter summarizes and synthesizes the findings of this thesis with relation 

to the literature.   First, the novel aspects of peatland ecosystem mapping and peatland 

hydrological monitoring are discussed, then challenges and restrictions that were 

encountered in this research are presented.  Finally, a summary is presented including 

some comments on the future direction of the use of SAR in monitoring peatland 

ecosystems.   
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9.1 Peatland Ecosystem Mapping 

Hydrologic and vegetation conditions differ significantly between peatland classes and 

therefore relationships between SAR backscatter and soil moisture vary between the 

classes.  In order to make predictions of soil moisture throughout a peatland complex, a 

high-accuracy base map of peatland ecosystem classes was therefore required.  The first 

task of this research was to determine the best methods (i.e. best data sources and best 

technique) to build a peatland ecosystem map.  Through initial investigations, it was 

determined that an improved method of mapping peatland ecosystems was required to 

produce a classification of acceptable accuracy, and that the random forest classifier was 

promising.  At the time this research was conducted, studies were just beginning to be 

published on the use of ensemble-based machine learning classifiers in remote sensing and 

a few papers had specifically used the random forest classifier with strong results (e.g. 

Lawrence et al., 2006; Horning, 2010; Guan et al., 2012).  In Chapter 4, it was determined 

that the use of LiDAR derivatives alone resulted in significantly higher accuracy than the 

use of SAR (Standard Deviation of All-hits, DEM residuals, Terrain Ruggedness were found 

to be the three most important).  The fusion of the SAR amplitude or decomposition 

parameters with the LiDAR data did not increase classification accuracy significantly. 

Although at least one author has found acceptable levels of accuracy in separating bog and 

fen classes (e.g. Baghdadi et al., 2001 using an airborne SAR sensor), here, error in 

classifications using only SAR data (including intensity and polarimetric decompositions 

parameters) was unacceptably high (error > 45%).  Many other authors have chosen to use 

a combination of SAR and other imagery in classification of wetlands (e.g. Dingle-Robertson 

et al., 2015; Corcoran et al., 2012; Li and Chen, 2005) but the contribution of the SAR data 
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in these classifications for separation of peatland classes has not been well assessed.  

Therefore, SAR data were not used for creating the final classification of the study area.  

The LiDAR-only classification produced high overall accuracy (>80% independent 

accuracy) with good separation of peatland and upland classes which is an improvement 

over many past studies undertaken with optical imagery and SAR: Grenier et al., (2007) 

achieved 67 – 82% in differentiating wetland areas from upland;  Brown et al., (2007) 

reported 87% accuracy in differentiating wetland from peatland classes but only 42% in 

differentiating within peatland classes using Landsat TM data; Dingle-Robertson et al., 

(2015) achieved between 70% and 86.5% overall classification accuracy across a variety of 

wetland sites while user’s accuracy for bog and fen were much lower (50.5% and 56.3% 

respectively).  In the LiDAR-only classification produced in Chapter 5, there was some 

confusion between agricultural fields and fen, and treed bog and upland forest, but these 

few misclassified pixels were easily identified as blunders.  At Mer Bleue the marsh class 

resulted in lower classification accuracy (56%), and this is one area where SAR has been 

shown to be useful in other studies (e.g. Dingle-Robertson et al. 2015; Gosselin et al., 2013).  

From an operational ecosystem mapping perspective, the use of LiDAR limits this method 

to small area mapping due to the small footprint of LiDAR but LiDAR continually becomes 

more available and therefore will be able to be expanded to new areas, or it could be used 

in areas of high value or interest where LiDAR data are likely to be or are already acquired.   

Several interesting issues arose with the random forest classifier in developing the new 

peatland ecosystem mapping method.  Specifically, it was determined that in order to 

obtain unbiased out-of-bag error from random forest, training data should exhibit low 

spatial autocorrelation.  This had not been explicitly discussed in the literature surrounding 
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the use of the random forest classifier, likely as it had not been originally developed for use 

with spatial data.  The classifier has been cited as not requiring independent validation 

(Brieman, 2001) because of its internal calculation of out-of-bag error assessment.  If 

reference data (i.e. the data collected for training and/or validation) are truly independent 

of each other, this classifier does not produce biased results, and therefore does not require 

independent validation.  However, one commonly used method of collecting training data 

in remote sensing is through visual interpretation of polygons representing areas of a 

uniform, known class.  In the internal validation procedure in random forest classification, 

polygons are converted to groups of pixels (each an individual sample point), which 

represents a dataset with high spatial autocorrelation.  Each pixel is used as an 

independent data point in training and OOB validation and therefore, a pixel used in 

validation likely is situated very near a pixel used in training.  While it has long been known 

that training and validation data should be independent of each other, the internal OOB 

error assessment in random forest does not check for the independence of the points it 

uses in validation from training data.  This finding has important implications in remote 

sensing classification in general, but is also directly applicable to peatland ecosystem 

mapping.    Interestingly, independent error also increased slightly as spatial 

autocorrelation increased.  It is thought that this is related the decreased variance in the 

dataset due to a reduction in the “unique” training data collected at higher levels of spatial 

autocorrelation.  Put another way, although the means were the same between the three test 

datasets, spatial autocorrelation may have increased because the variability in the datasets was 

not captured in the dataset with high spatial autocorrelation.  This is because in order to maintain 
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the same number of pixels in each test dataset, fewer “groups” of variables were used in the high 

spatial autocorrelation test set than in the low spatial autocorrelation dataset 

Additionally, it was found that if training data did not reflect similar class proportions as 

the landscape, the classification proportions would be distorted and independent 

validation was required to detect this.  This is discussed in the more general literature of 

remote sensing classification (He et al, 2009) but was an important finding nonetheless, as 

many authors throughout the literature were found to not specify the proportions of 

classes used in training and validation and these often seemed arbitrary or based on access 

restrictions.  To the author’s knowledge, this is the first time the importance of training 

data class proportions was addressed specifically within the literature on the use of 

random forest in remote sensing.  This finding, however, does not address the issue of “rare 

classes” in the landscape where if a proportionate sample (based on class area in the 

image) is required, these rare classes would have relatively few training points in 

comparison with other common classes.  This could result in an inadequate sample of 

distribution of data values in these classes and error in the resulting classification.  In order 

to ensure that the class proportions are represented in the training samples, one option is 

to increase the total number of points collected for training so that the classifier is provided 

with the appropriate distribution of values for each class, but this could result in very large 

numbers of training data sample points being required.  This issue was not addressed in 

this thesis as no “rare classes” existed in the study areas, however, it is an important issue 

for research in the future.   

Based on the issues identified above, the method of peatland ecosystem mapping 

developed through this thesis relied on a training and validation data in the form of a 
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randomly distributed point dataset.  This type of dataset is difficult to truly validate as 

points are distributed across a large space and access to each individual point may be 

difficult and is not operationally possible.  Throughout the literature a stratified sample is 

preferred (stratified through different classes with the number in each class being 

dependent on the area of each class in the actual landscape), however, obtaining a truly 

stratified sample can be difficult if the true class distribution within the landscape is not 

already know (i.e. this presents a “chicken or the egg” conundrum).  While a randomly 

distributed sample allows for a distribution across all landscapes, since it is truly random, it 

could lead to different stratification than the true landscape.  However, with an adequate 

sample size and sample spacing this will not likely occur.   

With the increased availability of Uninhabited Aerial Vehicles (UAVs) it is now easier to 

collect imagery in inaccessible areas.  UAVs can provide higher resolution imagery of small 

areas and could be used to collect training data samples without physically visiting the 

sites.  (Unfortunately, collecting measurements of important physical variables, such as soil 

moisture is not yet possible with UAVs!). This thesis also looked to determine the smallest 

available sample size that could be used for accurately classifying peatland ecosystems and 

the most accurate results were found with the highest sample size.  Although not addressed 

in this research, at some point the optimal sample size will be reached, beyond which more 

samples will not improve accuracy.  Determining the optimum number of samples will be 

dependent on the study site and the variability within each of the classes.  Future research 

should assess methods to choose optimum training data points, perhaps using the results 

of classification probability (e.g. similar to Hermosilla et al, 2015).  Additionally, the 

selection of the appropriate remote sensing imagery to use in classification could be 
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expanded as the method used here required human-interpretation of the important and 

correlated variables.  Several tools exist to select the optimum, unbiased parameters (e.g. 

Strobl et al, 2008) but were not tested here.  

 

9.2 Peatland Hydrological Monitoring 

9.2.1 Speckle, noise and spatial scale 

Synthetic Aperture Radar backscatter is a complex response to surface conditions 

(moisture and roughness) and vegetation (Ulaby, 1978).  Initially, results were 

discouraging as field measured hydrologic data (soil moisture and water table) indicated 

that the different peatland classes (fen, treed bog and shrub bog) were significantly 

different.  But, when values of the SAR data were extracted a considerable amount of noise 

was evident in the data and the classes showed no significant differences or differences 

over time in many of the parameters.  To the author’s knowledge this had not been 

documented in the literature before, although many have discussed the effects of speckle in 

SAR (Lee, 1999).  Aggregating the data from 8 m to 100 m spatial resolution reduced the 

noise and increased the separability of the classes in many of the SAR parameters.  

Additionally, at the 8 m spatial scale, relationships between soil moisture and SAR were 

poor but by aggregating data across the peatland to the class level, relationships over time 

were clear.  This is comparable to the many studies where field-level or watershed-level 

soil moisture has been modeled from SAR data (e.g. Hegarat et al., 2002), and the results of 

Gala et al, (2011) where aggregating the SAR data to the topographic landform level 

improved relationships.  In this research, the 100 m scale was chosen as it represented the 

largest distance where the pixels coincident with field sampling locations could be 
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independent of each other.  However, the effect of speckle and noise should be investigated 

more thoroughly by use of alternate speckle filters or different data aggregation 

techniques.   

9.2.2 Selection of appropriate SAR parameters for monitoring peatland hydrology 
Principal Components Analysis is commonly used in remote sensing to reduce high 

dimensional datasets (e.g. Eklundh and Singh, 1993) and was used here to determine 

redundancy in the data and for variable selection.  Although the first two components 

appeared to be related to soil moisture and vegetation, two influential aspects on SAR 

backscatter, the scores of individual field measurements did not correspond exactly to this 

interpretation.  Therefore, groups of parameters were identified and the parameter with 

the highest communality was used for further analysis.  Of these few selected parameters, 

several parameters were found to be sensitive to changes in the hydrologic condition in 

peatlands over time (Freeman Durden Power due to Rough Surface, Minimum of the 

Scattering Intensity).  Polarimetric parameters have not been widely used for hydrologic 

analysis, with the exception of the Touzi AlphaS1 parameter which has been assessed on 

single dates for its ability to differentiate bog and fen on the basis of their different 

hydrologic conditions.  Here, the Touzi AlphaS1 parameter was found to be negatively 

correlated with water table depth and this supports hypotheses in the literature (Touzi et 

al, 2009) that this parameter is sensitive to subsurface hydrologic conditions.  This 

hypothesis had previously only been qualitatively examined and the quantitative results 

here indicate that although they are somewhat temporally correlated, the Touzi AlphaS1 

parameter sensitive to an extreme dip in water table but relationships during wetter 

periods were not as clear.   However, this analysis was based on only one year of data at a 

single peatland and therefore conditions may not have been variable enough to truly 
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induce a change in the Touzi AlphaS1 parameter.  The reduction in water table throughout 

the year at this study site may not be as large as those in other peatlands.  This should be 

investigated more broadly under different soil moisture and water table conditions.   

9.2.3 Single-date models  
The selected parameters were also used to build models of soil moisture based on field 

measurements and SAR data on single dates.  Since each of the variables determined to be 

similar through PCA were highly correlated with each other, only bivariate linear 

regression was undertaken. Multiple linear regression has been used to build models of soil 

moisture from SAR polarimetric parameters (e.g. Bourgeau-Chavez, 2013) but it is possible 

that the relationships documented are inflated due to multi-collinearity (Graham, 2003). 

Here variables from the other groups (not found to be correlated with soil moisture) could 

have been used in multiple linear regression, but this was not undertaken based on the 

assumption that only variables that directly affect the response of the dependent variable 

should be used as independent variables.  In reality, soil moisture affects SAR backscatter 

but SAR backscatter does not actually affect soil moisture.  Producing linear models where 

soil moisture is the dependent variable is referred to as ‘inverse mode’ and is widely 

performed in the literature (see Table 1-1).   In order to investigate the effect of vegetation 

on SAR models with SAR as the dependent variable and a suite of LiDAR derivatives and 

field data measurements of hydrology were also performed.  To the author’s knowledge 

these methods have not been documented in the literature but were extremely valuable in 

determining which aspects of vegetation and hydrology were affecting each of the different 

SAR parameters.  Vegetation density (as derived from LiDAR point clouds) was found to 

explain much of the variability in SAR volume scattering.  This important finding directed 

the analysis of the effect of vegetation density on the strength of soil moisture models in 
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Chapter 7. While it is well known that vegetation affects SAR backscatter (Ulaby, 1982) and 

that vegetation hampers the ability to detect the effect of soil moisture on SAR backscatter 

(Ulaby, 1978), the quantitative demonstration of the effect of increasing vegetation density 

on the ability to predict soil moisture with SAR is novel.  The results of this analysis should 

guide further research and operationalization of SAR for monitoring soil moisture in 

peatlands and other vegetated environments.  For example, maps of vegetation density (e.g. 

from LiDAR) should be used to guide the placement of monitoring sites to ensure enough 

samples are collected in a variety of vegetation conditions.   

One of the most important findings of this thesis was that models on single days often 

appeared to produce acceptable results but when models were validated using an 

independent dataset not used in building the model, results were very poor.  Overfitting is 

a well known issue in statistics and remote sensing and independent validation is regularly 

expected in classification and regression exercises. However, throughout the literature 

many authors have built models of soil moisture from SAR data and have published very 

high R2 values (e.g. Moran et al, 2000; Bourgeau-Chavez et al, 2013) or correlations (e.g. 

Kasiskchke et al, 2009; Adams et al, 2013) but very few of these have been independently 

validated (see Table 7-1).  It is likely that these results are inflated and future work should 

report more rigorous/assessments and independent validation of model performance.  One 

of the novel aspects of this research is the spatial upscaling of the field measured data to a 

map of predicted soil moisture values and provision of independently validated residuals at 

each field site so that the spatial distribution of error in the model could be viewed.   
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9.2.4 Temporal models of soil moisture 

Models created from images and field data collected on single dates were significantly 

different (model strength, slopes, intercepts, different physical parameters explaining 

variability) between dates. It is suspected that the differences in these models was related 

to variability in the conditions on the different dates (e.g. variable soil moisture and 

vegetation conditions).  This variability meant that in order to monitor soil moisture with 

SAR, field data would be required on the same date as an image is acquired in order to 

build unique models for each date.  An alternative approach was required.  Few studies 

have been found where measurements were repeatedly collected over time (e.g. Bourgeau-

Chavez, 2013). Lumping all dates together into a single model violates the assumption of 

independence between data points (repeated measures issue).  Therefore, Linear Mixed 

Effects Models were used here to determine if a global model could be built that allowed 

the prediction of soil moisture in raster images (spatially) where no field measured data 

existed.  This technique has only been used a few times in the remote sensing literature 

(e.g. Bonansea et al, 2015; Chen et al, 2015; Soliman et al, 2013; and Muinonen et al, 2012). 

Although the initial model results appeared promising, most of the variability of the models 

was explained through random effects (block factors of Date, SiteID or Class) meaning that 

fixed effects (SAR data) were not strong predictors of temporal variability in this peatland 

landscape. The between-class variability is greater than the within-class variability (over 

time) and this makes temporal prediction challenging.  It should be noted that while the 

peatland class maps that were used in mixed models for prediction themselves exhibited 

error, the statistical models were built from data points where the class was known with 

100% certainty (as they were visited in the field).  Therefore, error propagation is not an 
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issue in this case.  However, the classes were used to predict in new areas using the derived 

models.  Therefore, the error from the classification may have been propagated to these 

new areas, however, there is no way to know which pixels are affected.   

 

Mixed effects models also presented some limitations for use within the field of remote 

sensing, where prediction outside the random effects used in the model is not possible, 

making independent validation difficult to perform.  However, the results of this research 

were promising if in-situ data collection is possible.   For example, if a network of soil 

moisture loggers is installed throughout a peatland complex and the peatland class is 

known at all locations throughout the landscape (peatland ecosystem mapping), then the 

mixed effects modeling method used here could produce spatial estimates of soil moisture 

on each date through calibration and upscaling based on field measurements.  It is not, 

however, useful for predicting soil moisture in cases where no field measured data exists.   

9.2.5 Limits of monitoring peatland hydrology using remote sensing 

Throughout this thesis two issues commonly cited in the literature (e.g. Ulaby, 1978; Lee, 

1999) have continually challenged of the development of SAR-based soil moisture 

prediction: vegetation and noise in the SAR data.  In Chapter 7, a potential solution was 

proposed to avoid issues with vegetation: instead of monitoring soil moisture in all 

vegetation conditions, soil moisture could be monitored only in open areas (areas with less 

than 20% vegetation cover), and models of soil moisture could be extended or interpolated 

to areas covered by vegetation.  This solution is acceptable for sparsely vegetated peatlands 

but is not applicable in peatlands covered by dense vegetation.  Another solution tested 
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was to use multispectral imagery to capture the temporal component of vegetation change 

throughout the growing season.  MODIS 7-day composites of Normalized Difference 

Vegetation Index (NDVI) did not show a relationship with any of the SAR parameters, and 

were not found to explain any variability in the models.  Vegetation in the peatland does 

not vary greatly throughout the growing season, but the MODIS data showed similar 

relationships in peatland classes and forest and agriculture.  It is expected that this is 

related to the coarseness in spatial resolution and also potentially related to the composite 

nature of the data used.  The Normalized Difference Water Index has been shown to be 

related to vegetation water content in agricultural crops (e.g. Jackson et al, 2004) but 

would be affected by differences in peatland soil moisture in areas where the ground 

surface is visible to the sensor.  Future research should determine better indicators of 

peatland vegetation water content and changes in structure so as to account for these in 

modeling efforts.   

Noise in the data, potentially due to speckle, is unavoidable in working with SAR.  Speckle 

can be minimized with the use of filters but at the cost of loss of information.  In the 

upcoming Radarsat Constellation Mission, the noise floor (i.e. the level below which any 

received signal will be indistinguishable from thermal noise (Wackerman, 1992)) will be 

increased (Macdonald Dettwiler and Associates, 2014).  In this research, the acquisition 

mode chosen had the lowest noise floor of all available polarimetric options (Macdonald 

Dettwiler and Associates, 2014), and while the average value of the pixels in each class was 

well above the noise floor, individual pixels were found to be near the noise floor in many 

cases.  In particular, the bog portion of the peatland exhibited low energy returns, due to 

dielectric properties and penetration into the peat, some of which near the noise floor. This 
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may add to the difficulty in detecting the response of SAR to changes in hydrology if the 

changes in hydrology induce only a small change in backscatter.   

An increased temporal frequency of image acquisitions may benefit this type of analysis in 

the future and therefore the RCM shows promise in this aspect.  While the same image 

configuration should be used in a single model (e.g. all FQ1 Ascending), the Radarsat-2 24-

day repeat cycle (plus additional gaps due to conflicts) resulted in data being collected 

between hydrologic events.  Although field data were collected on the same day as SAR 

images to capture the same conditions, the range of wetness conditions in these data is less 

dampened relative to what would be observed in data collected on a daily basis.  Collecting 

images with a higher temporal frequency may allow these extremes to be detected which 

could lead to stronger temporal models.  Only FQW1 and FQW5 mode images were used in 

this analysis and investigation of other beam-modes, or combinations of beam-modes (e.g. 

FQW1 and FQW29), could lead to a better understanding of the backscatter response to 

vegetation.   Here FQW1 and FQW5 were captured on the same date only once and these 

incident angles are quite similar.   

Operationalization of peatland mapping and soil moisture monitoring with SAR would 

require testing in other peatland landscapes and in a variety of conditions (e.g. including 

extreme wetness and dryness conditions). However, a global model of SAR response to the 

full spectrum of peatland wetness and vegetation conditions would require extensive field 

measurements across space and time and would likely be prohibitively expensive if 

volumetric water content is desired at high spatial resolution.  Developing models using 

lower spatial resolution data could satisfy the requirements of climate and hydrological 
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models but would require proper scaling techniques to ensure that extrapolation across 

large areas does not lead to large error.   

9.3 Challenges and restrictions 

SAR is commonly cited as a tool for remote monitoring, yet this study underscores some of 

the practical constraints and realities of performing a quantitative monitoring strategy 

with SAR where the results are independently validated. Extensive field measurements 

were required to build and validate models used in Chapters 4 – 8. The statistical approach 

used here allowed an exploration of the response of potentially important parameters to 

the different physical aspects of the peatland.  However, a global model that can be applied 

across the spatial extents of different peatlands and across time is required to fully 

operationalize the monitoring of hydrologic condition with SAR.    

 

This study was restricted by the rough terrain and difficult access conditions at the site. 

While this is typical of peatlands across Canada and elsewhere, data collection on a single 

day resulted in a small sample size. While power analysis indicated that this sample size 

should be sufficient to detect small R2 values, the small sample size resulted in high 

leverage of individual data points (Cohen, 1988; Champely, 2015).  Additionally, since 

between class variability was identified as being an issue, models produced for separate 

classes, or with class as a categorical variable, may be necessary. Although this was tested, 

the sample sizes within each class were too small to produce significant and consistent 

results and was therefore not included in the results of Chapter 7.  However, the sampling 

strategy used here is novel from the perspective that, to the author’s knowledge, no other 

published studies have used temporally repeated measurements across a spatial extent 
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covering different classes to create models of hydrologic conditions with SAR backscatter 

in a natural environment.  Additionally, polarimetry has not been widely used in modeling 

of hydrologic conditions from SAR and it was shown here to be more powerful than 

backscattered amplitude alone.   

Different scales of data also posed problem in analysis and interpretation of results.  The 

footprint of each LiDAR point is approximately 30 cm (circular) and can be reflected from 

more than one object in vertical space (see Figure 2-2).  Each 1 m spatial resolution grid 

cell will be derived from approximately 2 -4 LiDAR returns.  The MODIS data used to 

account for temporal vegetation changes was 250 m spatial resolution.  The SAR data is 8 m 

spatial resolution and within the resolution cell, is sampled several times (approximately 3 

but may vary).   Additionally, the SAR data were scaled up to 100 m spatial resolution, 

which resulted in stronger models, likely due to a reduction in noise.  Other Radarsat-2 

modes were not assessed here but those with higher spatial resolution may produce 

different results than those found using Fine Quad mode.   

 

Another limitation of this study is related to the nature of hydrologic conditions in 

peatlands.  Peatlands tend to buffer themselves against hydrologic variability, so surface 

conditions may not vary as much throughout the year as in other types of landscapes.   

Through the continuous measurement of water table, it was clear that some of the 

variability in hydrologic conditions may not have been captured in the SAR images due to 

the timing of their acquisition and the irregular timing of large rain events.  Increased 
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acquisition frequency would improve the ability to capture the full range of conditions 

throughout time.  

Vegetation is a well-cited limitation to the ability to monitor hydrologic conditions with 

SAR.  The assessment of the effect of vegetation on soil moisture models from SAR was 

possible because soil moisture data were collected throughout field sites with different 

vegetation conditions. The decision to collect measurements in a vegetated environment 

resulted in high variability in the SAR data and low model predictive power.  Ultimately the 

results presented in this thesis indicate that SAR backscatter response to peatland 

hydrology is complex and in order to truly understand the SAR response to the different 

components of a peatland (vegetation and surface conditions), extensive field 

measurements and validation of models are required.   

9.4 Summary 

This thesis addressed the overarching goal of using SAR to monitor peatland ecosystems 

through two different, but related, aspects: peatland ecosystem mapping and peatland 

hydrological monitoring.  These are related because peatland ecosystems classes are 

significantly different in their hydrology and vegetation.  These differences allow 

ecosystem classes to be mapped but also result in different relationships between 

hydrology and SAR in modeling experiments.     

The hypothesis that SAR backscatter is related to soil moisture is well supported 

throughout this thesis.  A few SAR parameters were determined to respond to changes in 

soil moisture, spatially and temporally. Although statistical relationships between SAR and 

soil moisture were not always strong, when these relationships were strong, independent 
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validation of the predicted results indicated overfitting.  Therefore, one of the important 

recommendations of this thesis is that attempts to model soil moisture with SAR 

backscatter use rigorous, unbiased validation techniques in the future.  One of the main 

contributions of this thesis to the field of remote sensing was the quantitative assessment 

of the effect of vegetation density on the relationships between SAR and soil moisture in a 

vegetated environment.  The knowledge derived from this analysis can be used to guide 

field future field campaigns and could lead to improved understanding of the SAR-soil 

moisture relationship in vegetated environments. Another important contribution is the 

conclusion that although it is not yet possible to use SAR images to predict soil moisture 

where no field measured data exist, if a few measurements are acquired on the same date 

as the SAR and the ecosystem type of peatland is known, it is possible to map soil moisture 

spatially on a given date. 

With the upcoming Radarsat Constellation Mission, SAR will continue to be an important 

source of data for mapping and monitoring the physical properties of natural environments 

such as peatlands.  As the specifications of the mission are planned, it will be important to 

ensure continuity of the data acquired or compatibility of the methods and algorithms 

commonly employed, allowing the current level of information extraction from SAR to 

continue and be further developed.   
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Appendix A: List of acronyms and abbreviations used in thesis 

Acronym/Abbreviation Description 

ASC ascending mode orbit 

avg average 

BTA Basic Terrain Analysis Package 

CART classification and regression trees 

CCRS Canada Center for Remote Sensing 

CGVD28 Canadian Geodetic Vertical Datum 

cov vegetation cover (%) 

CPA Cloude-Pottier Alpha 

CPE Cloude-Pottier Entropy 

CPPD Co-pol phase difference 

CSA Canadian Space Agency 

dB decibels 

DE Dominant Eigenvalue 

DEM Digital Elevation Model 

DESC descending mode 

DGPS  Differential GPS 

DND Department of National Defense 

dns vegetation density (%) 

DSM Digital Surface Model 

FDPDB Freeman Durden Power due to Double bounce 

FDPRS Freeman Durden Power due to Rough Surface 

FDPVS Freeman Durden Power due to Volume Scattering 

FQ Fine Quad 

FQW Fine Quad Wide 

GPS  Global Positioning System 

HAG Height Above Ground 

HCAC Highest Classification Accuracy Combination 

hgt height 

HH Horizontal send, Horizontal Receive Polarization 

HV Horizontal send, Vertical Receive Polarization 

IEM Integral Equation Model 

IMU  Inertial Measurement Unit 

Indep. Independent 

KW Kruskall Wallis test 

LAS Log Ascii Standard 

LiDAR Light Detection and Ranging 

LOESS Locally weight scatter plot smoother 

LS slope length 

max maximum 
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MaxCUP Maximum of the completely unpolarized component 

MaxDP Maximum Degree of Polarization 

MaxRP Maximum of the received power 

MCP Maximum of the completely polarized component 

MDA Macdonald Detwiller and associates 

min minimum 

MinCP Minimum of the completely polarized component 

MinSI Minimum of the scattering intensity 

MODIS Moderate Resolution Imaging Spectroradiometer 

n sample size 

NCC National Capital Commission 

NDVI Normalized Difference Vegetation Index 

NDWI Normalized Difference Water Index 

OGDE Ontario Geospatial Data Exchange 

OOB Random forest out of bag error 

PCA  Principal Components Analysis 

PDH Pedestal Height 

r correlation coefficient 

R2  coefficient of determination 

RCM  Radarsat Constellation Mission 

RF Random Forest 

rfOOB Random forest out of bag error 

RM-Anova Repeated measures Analysis of Variance 

rmse root mean square error 

RTK Real Time Kinematic GPS 

SAGA System for Automated Geoscientific Analysis  Software 

SAR synthetic aperture radar 

std standard deviation 

TAS Touzi AlphaS1 

Ttau Touzi Tau parameter 

Tukey-HSD Tukey Honest Significance Difference Test 

VH Vertical send, Horizontal Receive Polarization 

VEC Volumetric Water Content 

VV Vertical send, Vertical Receive Polarization 

 

 

 


