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Abstract 

Ecological land classification (ELC) is used to classify forest types in Ontario based on 

ecological gradients of soil moisture and nutrient fertility determined in the field.  If ELC could 

be automated using terrain surfaces generated from airborne Light Detection and Ranging 

(LiDAR) remote sensing, it would enhance our ability to carry out forest ecosite classification 

and inventory over large areas.  The focus of this thesis was to determine if LiDAR-derived 

terrain surfaces could be used to accurately quantify soil moisture in the boreal forest at a study 

site near Timmins, Ontario for use in ELC systems.  Analysis was performed in three parts: (1) 

ecological land classification was applied to classify the forest plots based on soil texture, 

moisture regime and dominant vegetation; (2) terrain indices were generated at four different 

spatial resolutions and evaluated using regression techniques to determine which resolution best 

estimated soil moisture; and (3) ordination techniques were applied to separate the forest types 

based on biophysical field measurements of soil moisture and nutrient availability.  The results of 

this research revealed that no single biophysical measurement alone could completely separate 

forest types; furthermore, the best LiDAR-derived terrain variables explained only 36.5% of the 

variation in the soil moisture in this study area.  These conclusions suggest that species 

abundance data (i.e., indicator species) should be examined in tandem with biophysical field 

measurements and LiDAR data to improve classification accuracy. 
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Chapter 1 - Introduction 

1.1 Background 

Predictive Ecosystem Mapping (PEM) is a semi-automated classification system that 

utilizes GIS datasets and remotely-sensed data as inputs into knowledge-based classification 

systems.  PEM draws upon the ecological information of spatial entities and the relationships 

between topography, climate, moisture, nutrients and vegetation to derive ecological concept 

maps (MacMillan, 2007).  PEM technologies have been developed in response to a need to 

produce ecological-based landform maps in a more cost effective manner than the previous 

manual mapmaking methods based on digitization of aerial photos.  The former hand-digitized 

ecological maps suffered from a lack of consistency, repeatability and replicability due to the 

subjective nature of human interpretation, and they also required vast amounts of field validation 

and were difficult to update efficiently (Meidinger et al., 2000; MacMillan, 2007).  With ongoing 

developments in remote sensing technologies, specifically LiDAR (Light Detection and Ranging) 

technology, there is an increased ability to generate input layers at finer resolutions for use in 

automated and semi-automated ecological classification schemes. 

LiDAR is an active remote sensing system which employs the use of optical light to 

image landscapes in three dimensions.  The main benefit of LiDAR over other remote sensing 

systems for PEM and terrain analysis is the ability of the technology to capture a surface in 3D 

with increased vertical and horizontal precision.  Essentially, LiDAR systems utilize the speed of 

light and the time it takes for light to travel to a surface and return to the sensor to determine the 

exact distance and, thus, the location of the object in 3D space (Lim et al., 2003).  There are two 

main types of LiDAR systems: full-waveform and discrete-return LiDAR systems.  Full-
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waveform LiDAR uses a continuous profiling system to capture and transmit the entire vertical 

profile of a given footprint, while discrete-return LiDAR systems send out high-frequency pulses 

of light to create point clouds of intermittently located, yet discrete objects within a smaller 

footprint (Lim et al., 2003).  While full-waveform LiDAR is useful to predict the degree of light 

penetration and light use efficiency through forest canopies, this type of LiDAR technology is 

less useful for predicting ground surfaces and terrain modelling (Lim et al., 2003) as it provides 

more information regarding the vertical structure of the forest canopy and less information about 

the shape of the forest floor.  Discrete-return LiDAR systems, on the other hand, are better 

adapted for terrain modelling since they provide discrete point datasets which can be used to 

generate accurate and reproducible surface models.  The two main products created from discrete-

return LiDAR systems are digital elevation models (DEMs) and digital surface models (DSMs).  

DEMs are bare-earth models which show the underlying landforms and terrain of an area, 

whereas DSMs model the exposed ground surface and all the overlying vegetation and human-

made objects in the area.   

The use of LiDAR technology allows for the creation of high resolution DEMs which can 

be used to derive valuable input layers for PEM.  PEM makes use of different types of data layers 

derived from terrain analyses, such as landform segmentation and hydrological analysis; 

however, to date these analyses have typically used coarse resolution datasets (i.e., 30-50m grids) 

derived from topographic maps and based on aerial photographs.  PEM technology is currently 

employed in the province of British Columbia, but a similar uniform system is yet to be applied to 

the Ontario landscape.  While extreme changes in topography and terrain are evident and easily 

captured in coarse resolution datasets (30-50m grids) in the BC landscape, the more subtle 

changes in the landscape in the boreal forests of Ontario will likely benefit from input datasets 
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that can be developed at finer resolutions (1-10m grids).  Thus, the introduction of LiDAR-

derived ecological landform classification and surface models will likely improve the ability to 

classify local relief in the boreal forest of Ontario and allow for better classification within these 

ecosystems.  Due to the increased availability and development of LiDAR technology, new 

datasets are capable of capturing the microtopography of features at resolutions that were 

previously indistinguishable.  The degree of accuracy with which a terrain surface can now be 

explored has vastly increased the potential for evaluating finer-scale features such as local basins 

and depressions in watersheds to determine how these microtopographic features affect soil 

moisture and nutrient status of terrestrial ecosystems.   

In order to produce DEMs which can be used for hydrological modelling a user must 

produce a hydrologically correct DEM which ensures continuous flow of water from grid cell to 

cell without any depressions, pits or sinks appearing on the modeled surface.  In theory, this is the 

most accurate and representative surface for coarse data with low vertical precision; however, if 

we consider the improved vertical and horizontal resolution of LiDAR data there is an increased 

ability to capture the finer-scale variation in the terrain.  As such, it is evident that the landscape 

contains real depressions which may be important areas for ground water recharge owing to 

differences in soil texture and parent material.  These depressions may also contain different 

vegetation assemblages due to variations in soil moisture and nutrients when compared to the rest 

of the landscape.  Thus, the question arises on how to accurately map landforms and ecosystems 

to capture these lowland areas and correctly model soil moisture in a pitted landscape where all 

the water does not flow directly as overland flow into stream networks or larger watershed basins.  

Studies have shown that a field-survey DEM created with higher horizontal resolution and 

vertical precision than conventional United States Geological Survey (USGS) DEMs are more 
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accurate and have better correlations between soil attributes and landscape variables because the 

field DEM can better represent the topographic variability (Thompson et al., 2001).  These results 

emphasize the importance of gathering data at a resolution and density that is sufficient to map 

finer-scale basin features and accurately model soil moisture in lowland boreal forests.  

Soil moisture and nutrient status are vital components for determining how and where 

specific ecological communities will occur at a fine scale (Kimmins, 2004).  The ability to 

accurately characterize soil attributes is necessary to ascertain relationships between the 

environmental heterogeneity and ecological patterns that occur at different scales across a 

landscape (Moore et al., 1993).  Two dimensional ordinations of these variables (i.e., soil 

moisture and nutrients) are used in forest ecosystem classification (FEC) systems in Ontario to 

determine consistent patterns and characteristics that describe the different ecosites found in the 

boreal landscape.   

Soil moisture is important because it not only affects many soil-landscape related 

processes, such as erosion potential and nutrient availability, but it also plays a pivotal role in 

forest dynamics with regards to species composition, species production potential and growth rate 

(Wilson and Gallant, 2000; Kimmins, 2004).  It is an important determinant of biomass allocation 

patterns (Zhou et al., 2007), and it is also critical to understanding hydrological patterns 

throughout a catchment (Wilson et al., 2005).  Local terrain features, in the form of depressions 

and peaks, will lead to the dispersion or accumulation of soil nutrients, soil moisture and organic 

matter.  While the local topographic position is influential in determining whether water is 

accumulating or draining from a particular area, other soil properties such as the soil texture, 

porosity and bulk density are also important factors for determining the rates at which water can 

flow overland or penetrate into the soil (Martin and Timmer, 2006).  As such, terrain morphology 
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results in different combinations of moisture and nutrients available to plants and is therefore 

influential in determining plant species composition and/or ecosite type in a given area (Kimmins, 

2004).   

Like many other soil attributes, soil moisture is difficult to predict at point locations 

because it is a dynamic variable which displays spatial and temporal variability, as well as 

variability related to depth and scale (Florinsky et al., 2002).  In a spatial context, soil moisture is 

often modeled from a terrain based perspective using different topographic measures such as 

slope, aspect, curvature, specific catchment area and various topographic wetness indices derived 

from a DEM (Gessler et al., 1995; Florinsky et al., 2002; Thompson et al., 2006).  These 

computed topographic variables are measures of specific gravity-driven processes which are 

indicative of the zones of accumulation, dissipation and transit in a landscape, yet it has been 

shown that the spatial distribution of soil moisture is not solely related to any single terrain index 

that has currently been developed (Florinsky et al., 2002; Wilson et al., 2005).  As such, it is 

important to consider all variations in local topography to determine the site conditions and the 

types of vegetation that may be growing in these areas.  While soil moisture levels affect the 

distribution of vegetative communities and plant species, it is of interest to determine whether 

specific types of forest ecosystems exhibit different moisture regimes which can be clustered and 

mapped with regards to their relative landscape position and nutrient status.    

1.2 Research Objectives 

This research examines the ways in which higher resolution LiDAR-derived terrain 

models can be used in tandem with biophysical field measurements to improve input data layers, 

especially soil moisture, for use in PEM systems.  The advent of a fine resolution soil moisture 

surrogate layer has the potential to be a vast improvement over current methodologies due to the 
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ease at which LiDAR data can be acquired and processed.  This in turn can facilitate mapping, 

planning and forestry management based on a better spatial understanding of the ecological 

variability of soil moisture, and thus, forest productivity patterns in the boreal landscape of 

Ontario.  The research objectives for this project were as follows:  

1) Use the field measurements of soil moisture and nutrient status to examine patterns 

between ecosites clusters based on the Ontario Ecological Land Classification (OELC) 

system; 

2) Develop a soil moisture index using variables processed and derived from a LiDAR DEM 

at four different spatial resolutions;  

3) Evaluate the effects of depression removal algorithms and smoothing filters on the soil 

moisture index at different spatial resolutions; 

4) Correlate the soil moisture index with the field observations of soil moisture to assess the 

accuracy and usefulness of the soil moisture index as a surrogate data layer for PEM in the 

boreal forest; and 

5) Create ordination plots to graphically separate the ecosite clusters based on the field-

measured variables of soil moisture and nutrient status, and examine how these variables 

relate to the ordination diagrams currently used in forest ecosystem classification. 

1.3 Romeo Malette Forest Study Area 

The Romeo Malette Forest (RMF) is owned and managed by Tembec Inc. under a 

sustainable forestry license and it is located in north-eastern Ontario approximately 60km south-

west of Timmins.  The experimental sample units consisted of forty-five forestry plots (400m2) 

located within seven LiDAR flightlines in the RMF (Figure 1.1).  During the summer of 2007, 
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LiDAR data was acquired at a point density of three pulses per meter squared over a portion of 

the RMF.   

 
Figure 1.1: Satellite Image of Study Area (Google Earth Imagery - August 15, 2009) 
LiDAR Flightlines (red lines) and Forestry Plots (yellow dots) 
 

The boreal forest is the dominant forest region in Canada, stretching continuously in a 

swath from the Rocky Mountains eastward to Newfoundland and Labrador and northward to 

Alaska.  It is composed primarily of closed conifer and mixedwood forests with isolated patches 

of deciduous forest species occurring throughout (Rowe, 1972).  The RMF is located in the boreal 

forest near the headwaters of three principal rivers in the Moose River drainage basin: the 

Groundhog River, the Mattagami River and the Abitibi River (Appendix A).  The Moose River 
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drainage basin flows north through the Hudson Plains ecozone and discharges into James Bay and 

the Arctic Ocean beyond.   

The RMF is located in the Abitibi Plains ecoregion (3E) of the Boreal Shield ecozone 

(Figure 1.2).  The Abitibi Plains ecoregion (3E) is located south of the Hudson Plains ecozone 

and extends eastward from the Nottaway River to Lac au Goéland in Quebec (Ecological 

Stratification Working Group, 1995).   

 
Figure 1.2: Location of the Romeo Malette Forest 



 

 

 

9

The Abitibi Plain is characterized as having mixed forests composed of stands of white 

spruce (Picea glauca), balsam fir (Abies balsamea), white birch (Betula papyrifera), and 

trembling aspen (Populus tremuloides); while drier sites may have pure stands of jack pine (Pinus 

banksiana) or mixtures of jack pine, white birch, and trembling aspen; and wet sites are 

characterized by black spruce (Picea mariana) and balsam fir (Abies balsamea) (Ecological 

Stratification Working Group, 1995).  Collectively, the forest region of the Abitibi Plains is 

considered a vast resource of productive forests consisting mainly of dense conifer and 

mixedwood species (Ontario Government, 2006).   

At a finer spatial scale, the southern half of the RMF is located within the Foleyet 

ecodistrict (3E5) while the northern half is located in the Cochrane ecodistrict (3E3) (Figure 1.2).  

The LiDAR flightlines are contained within the Foleyet ecodistrict which is characterized by 

gently rolling plains of thinly covered bedrock knobs, granitic bedrock outcrops, sandy outwash 

plains and silty depressions (Taylor et al., 2000).  Conversely, the northern half of the RMF 

contains very little exposed rock and is composed of deep lacustrine clays, silts and vast organic 

peat deposits (Taylor et al., 2000).  Since the soils overlaying the Precambrian shield have formed 

since the last glacial advance, they are considered young by geological standards.   

The Abitibi Plains ecoregion has a humid mid-boreal ecoclimate which is characterized 

by warm summers, cold snowy winters and a mean annual temperature of approximately 1°C.  

The mean summer temperature is 14°C, the mean winter temperature is -12°C, and the mean 

annual precipitation ranges from 900mm in the east to 725mm in the west (Ecological 

Stratification Working Group, 1995).   

The closest meteorological stations to the RMF are located at the Timmins Airport (48º 

34′12″N, 81º22′48″W) and the Chapleau Airport (47º49′20″N, 83º20′60″W).  The Timmins 
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Airport is approximately 60km north-east of the study area at an elevation of 295m, while the 

Chapleau Airport is approximately 116km south-west of the study area at an elevation of 448m 

above sea level.  The mean annual temperature of these two stations is 1.5°C, the mean total 

rainfall is 545mm and the mean total precipitation is 814mm (Environment Canada, 2010a).  The 

climate data from the Timmins Airport and the Chapleau Airport are summarized in Appendix B.    

1.4 Thesis Outline 

The outline of this thesis is as follows: Chapter 2 contains a comprehensive literature 

review of ecological land classification (ELC), LiDAR technology, and the use of this technology 

for terrain modelling and assessing ecosystem productivity.  Chapter 3 describes the methodology 

used during the various stages of the research, including: field work, lab analyses, digital LiDAR 

processing and soil moisture modelling.  Chapter 4 contains the major results generated from this 

research project and Chapter 5 provides a discussion of these findings.  Lastly, Chapter 6 presents 

the major conclusions that can be drawn from this work and provides some recommendations for 

future research in this field of study.   
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Chapter 2 - Literature Review 

This review consists of the following sections: (1) forest ecology; (ii) remote sensing 

technologies; and (iii) terrain modelling for ecological applications.  The section on forest 

ecology will focus on the past and present ELC systems in Ontario with an emphasis on the 

relevant factors that are used to delineate the various categories of land at different scales.  There 

will also be a brief introduction to the new province-wide Ontario Ecological Land Classification 

(OELC) system which will be used for ecosite classification in this thesis.  The remote sensing 

technology section will focus on the development of digital terrain products (DTPs) from remote 

sensing systems, specifically LiDAR technology.  It will also outline some of the main algorithms 

implemented when using LiDAR data to produce DTPs, as well as providing a detailed 

description of LiDAR accuracy and some of the sources of error that can occur during different 

stages of processing.  Lastly, the section on terrain modelling for ecological applications will 

outline the use of local relief indicators for the derivation of soil moisture indices.  This section 

will also touch briefly on the use of depression removal algorithms which are necessary to create 

hydrologically correct DEMs for use in applied terrain analysis. 

2.1 Forest Ecology and Classification Systems 

2.1.1 Ecological Land Classification (ELC) 

 Classification is a process that is inherent in human nature as humans classify objects and 

ideas in order to make sense of the world around them (Rowe, 1979).  Classification systems have 

been designed to organize objects and to simplify knowledge by creating ideological reference 

classes that are representative of similar objects and ideas.  Ecological land classification is a 

classification system which is designed to map and classify areas of land into ecosystem-based 
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entities with internal ecological unity (Rowe, 1979).  The ELC system is based upon the nested 

hierarchies of land units at different scales that are distinguished based on the complex 

relationships between physiography, soils, landforms, climate and vegetation.  Ecological land 

classification employs a top-down approach which divides wider-scale features into smaller and 

smaller homogeneous units based on their morphological features and the relational, 

developmental and functional relationships within these groups (Rowe, 1979).  Thus, ELC 

recognizes the inter-connected nature of environmental systems and uses the natural interactions 

between physiographic, biological and climatic factors as integral components of the 

classification system.    

Ecological land classification has a long history in Ontario dating back to Angus Hills’ 

foundation work in the 1950s.  In 1959, Hills developed a system to divide areas with 

physiographic similarities into distinct categories based on the broad climatic trends of 

precipitation, temperature, and vegetative associations.  Hills’ system of site regions (ecoregions) 

and site districts (ecodistricts) has been the foundation of all subsequent land classification 

systems in Ontario.  His system was affirmed as valid by the Deputy Minister of Ontario and, as 

such, the official ELC was launched in Ontario (Crins and Uhlig, 2000).  The ELC system has 

been revised throughout the years to reflect changes in nomenclature, to establish new classes or 

land subdivisions at different scales, and to review the boundaries between divisions as pertinent 

scientific and ecological information came to light (Crins and Uhlig, 2000).   

Land, as defined by Hills (1959), is synonymous with physiographic features and is 

meant to describe the inorganic and organic geological materials, the ground water contained in 

these materials, and the atmosphere acting within and directly above the soil.  As such, the land 

delimits the natural range of biological productivity for an area as it controls the available supply 
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of energy, water and nutrients.  A landform is a more specific type of land unit that is associated 

with distinctive surface relief and a set of geologic materials that contributes to its formation; 

whereas, landtype goes one step further in its definition relative to landform, and includes the 

climatic factors which contribute to soil development and the productive capacity of the landform 

(Hills, 1959).  A landscape is a naturally recurring pattern of physical land features and biological 

organisms that can be mapped based on observed phenomena and the interactions of non-living 

land factors and the living biota (Hills, 1959).  By comparison, an ecosystem is the productive 

system which consists of both the living biosystem (i.e., micro-organisms, bacteria, fungi, macro-

fauna and flora) and the non-living physiosystem (i.e., climate, landform and soils) (Hills, 1959). 

Hills’ (1959) land classification system delineated the boundaries of ecoregions and 

ecodistricts in Ontario.  Ecoregions and ecodistricts are important because they establish the 

range of vegetative communities that are found in a place, such as the RMF.  An ecoregion is 

defined as an area of land which has a specific vegetation-landform pattern where the vegetative 

response to the landform feature follows a consistent pattern (Hills, 1959).  Ecoregions consist of 

distinct groups of forest types that are contained within specific landform patterns that are defined 

by their macroclimatic factors (Rowe, 1979).  Ecoregions can be further subdivided into 

ecodistricts which are determined based on plant succession pathways which occur based on the 

contributing effects of relief, soil texture, chemical composition of the parent material, depth to 

bedrock and drainage pattern of the physiographic soil unit (Hills, 1959).  Within a given 

ecoregion, different types of disturbances, such as wind, fire, insects, disease or logging practices 

can lead to different pathways of succession and thus different ecodistricts and climax forests.  

Since soil moisture and ecoclimate have the greatest influence on species distributions within an 

ecoregion, they are used as the basis for the characterization of ecodistricts.  
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At a finer land unit scale, an ecosite is an ecosystem that is associated with a specific set 

of local ecological characteristics based on climatic, soil and biotic factors which are used to 

determine an ecosites’ specific productivity (Hills, 1959).  It is assumed that ecosites arise under 

specific combinations of physical and biological conditions and, thus, an ecosite is a unique 

identifier for forest types and their productivity.  Ecosites are important because this is the 

ecological land unit which is used for plot level forest ecosystem classification (FEC) and the 

identification of forest stands.  The FEC guides of north-eastern and north-western Ontario utilize 

two-dimensional ordination techniques to differentiate ecosites based on gradients of soil 

moisture, nutrients and species abundance (Sims et al., 1997; Taylor et al., 2000).  An ecosite is 

characterized by a specific ecoclimate which is defined as a locally occurring climatic pattern 

associated with a specific landform and its biota.  Conversely, macroclimate is the overarching 

climate associated with wide-scale continental or provincial weather patterns and it is used to 

categorize land into units at a wider scale (Hills, 1959).   

2.1.2 The Characteristics Leading to Landform Development 

 Since landforms are considered to be relatively stable through time, they are used as the 

basis for measuring changes in climate, soil and vegetation patterns.  The two main characteristics 

of landforms are: (1) the macro-relief; and (2) the geologic origin of the parent material.  The 

macro-relief of a landform is described as the overall terrain variation in local features across an 

area that is greater than four square miles (Hills, 1959).  As such, the macro-relief encompasses 

clusters of various surficial deposits or glacial features, and these changes in relief can be used to 

determine patterns in the local ecoclimate based on the mass movement of soil, water and air 

through the area (Figure 2.1).  
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TEMPERATURE AND MOISTURE OF THE LOWER ATMOSPHERE IN RELATION TO ASPECT, RELATIVE ELEVATION AND AIR DRAINAGE
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Figure 2.1: Formation of Ecoclimates Based on Landform Features  
(Adapted from Hills, 1959) 
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While macroclimate defines the wider-scale variations in climatic factors which 

determine the major distributions of vegetation, local irregularities in landform and relief can 

contribute to anomalous climate conditions and give rise to specific vegetation-climate 

associations that are important over a smaller area.  When evaluating the general distinctions 

between ecosystems in Ontario, the provincial land base is divided based on the broad categories 

of geology, soils and climate.  

2.1.2.1 Climatic Trends in Ontario 

In general, the temperature isotherms in Ontario grade from warmer in the south to cooler 

in the north, while the precipitation isotherms grade from drier in the west to more humid in the 

east (Hills, 1959; Ontario Government, 2006).  There are exceptions to these general rules based 

on the location and proximity to large water bodies such as Hudson’s Bay and the Great Lakes, 

which moderate the climate by decreasing the range of temperatures and increasing precipitation.  

Ontario is affected by three dominant air masses: the cold, dry polar air from the north; the moist 

pacific polar air from the west, which is dried as it travels over the Rocky Mountains and the 

Prairie Provinces; and the warm, moist subtropical air from the Atlantic Ocean and Gulf of 

Mexico (Webber and Hoffman, 1967).   

Most of northern Ontario, however, is influenced predominantly by the continental polar 

air masses from the north (Hills, 1959).  Based on the predominant climate patterns in Ontario, it 

is clear that the climatic gradients in northern Ontario change gradually and, thus, the associated 

vegetation patterns do not have hard clear boundaries.  Instead, they blend into each other and 

contain areas of overlap.  

Since forest type boundaries are not clearly delineated by climate gradients, the climax 

forest associated with the dominant modal pathways of succession and ‘normal’ climatic 
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conditions in a given landscape is considered to be the ‘forest type’ for that region (Hills, 1959).  

‘Forest segments’ were used to define areas where the climate deviates from the normal 

conditions and using these definitions, Hills (1959) divided the forests of Ontario into eleven 

climax forest types consisting of five coniferous and six hardwood forest types that depict ideal 

modal conditions.  This categorization, however, presents a problem where successional 

pathways produce mixedwood forests, as these are not seen to represent a dominant climax forest, 

but are represented as deviations from the modal conditions of either hardwood or softwood 

forests (Hills, 1959).  Due to forest harvesting in Ontario, mixedwood forests are now the 

predominant forest type on the landscape; however, variations exist due to the influence of local 

topography and micro-relief.  These factors lead to the formation of ecoclimates and contribute to 

the heterogeneity of forests and soils, which lead to fine-scale fluctuations in species distribution 

and growth (Webber and Hoffman, 1967).  In theory, nine land types can be distinguished on 

each landscape based on the collective combination of three moisture regimes (wetter, normal, 

drier) and three ecoclimates (colder, normal, hotter) (Rowe, 1979).   

2.1.2.2 Geology of Northern Ontario 

Another factor contributing to the development of specific vegetation patterns is the 

geology of the landscape.  In northern Ontario, there are two main geological origins of material: 

the Hudson Bay Lowlands and the Precambrian Shield.  The Hudson Bay Lowlands consist of 

vast organic wetlands that overly carbonate bedrock that was deposited from ancient marine 

oceans during the Phanerazoic period (Ontario Government, 2006; Crins et al., 2009).  It contains 

less productive forests than the Precambrian Shield and is strongly influenced by a cold climate 

and extremely poor drainage.   
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The Precambrian Shield, otherwise known as the Canadian Shield, is the geological area 

of Precambrian granitic bedrock that dominates the mid-northern latitudes of Ontario and is 

characterized by shallow, relatively infertile soils (Ontario Government, 2006).  The Canadian 

Shield occupies the area between the northern edges of the Great Lakes-St. Lawrence forests in 

southern Ontario all the way north to the Hudson Bay Lowlands along the shores of Hudson Bay.  

As a result, 55% of Ontario is contained within this segment of Canadian Shield which was 

formed during the Archean eon of the Precambrian era and is estimated to be over 2.5 billion 

years old (Ontario Government, 2006).  There is also a younger portion of granitic shield located 

further to the south which makes up 11% of Ontario and is found in the Lake Nipigon area and 

between the cities of Sudbury and Kemptville (Ontario Government, 2006).  This segment of the 

shield was formed during the younger Proterozoic eon of the Precambrian era and is estimated to 

be over 680 million years old.  Together, these two areas of the Canadian Shield make up 66% of 

the landmass of Ontario and they contain approximately 86% of Ontario’s productive forests 

(Ontario Government, 2006).   

The most recent geological changes in Ontario have occurred as a result of periodic 

glacial advances during the quaternary period (last two million years).  During these periods of 

glaciation, the landscape has been changed dramatically through the movement and deposition of 

sediments and the scouring of the bedrock from the glaciers themselves.  The most recent ice 

sheet to have passed through northern Ontario is the Laurentian sheet which glaciated the area 

approximately 12,000 years ago (Ontario Government, 2006).  The influence of the Laurentian 

ice sheet has resulted in the landscape that we see today and is responsible for the clusters of 

morainal till, eskers, glacio-lacustrine and glacio-fluvial deposits that are present throughout 

Ontario.   
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These different sediment deposits in turn determine the soil types found in a given area, 

and they also influence landscape position and drainage patterns in the boreal forest landscape.  

Morainal till, which generally consists of unsorted coarser materials in a fine matrix, is deposited 

by direct ice action; glacio-lacustrine deposits, which consist of fine sediments such as silts and 

clays, are deposited at the bottom of glacial lakes; and glacio-fluvial deposits, which consist of 

well sorted sands and gravels, are deposited by the meltwater rivers flowing off the glaciers as 

they retreat (Webber and Hoffman, 1967).  With regards to northern Ontario and the boreal forest, 

much of the area is covered with deposits of till, sorted sands and organic materials; however, 

there are a few localized areas of clay plains which are of prime agriculture importance. 

2.1.2.3 Soil Development in Northern Ontario 

Soil development is an important process because it determines the range and type of 

available nutrients that are prevalent in a landscape.  This in turn, affects the potential vegetation 

that is likely to grow in the area.  The productive capacity of soils is based on two factors: the 

nutrient potential provided from the geological parent material and the nutrient potential provided 

from accumulated organic material.  As organic material accumulates, the total amount of 

important elements like nitrogen and carbon also increase.  The granitic bedrock parent material 

of the Precambrian Shield has led to the development of coarse-textured soils with low base 

conditions and acidic sandy loams with limited buffering capacity (Hills, 1959).  Since the 

Precambrian shield is granitic in origin it contains a dominance of silica-containing acidic rocks 

which are neither toxic nor nutritious in terms of their potential to enhance biological productivity 

(Hills, 1959).  The boreal forests of northern Ontario which overly the Precambrian shield have 

relatively low productive capacity for agriculture, but are well suited for forestry (Figure 2.2).   
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Figure 2.2: Soil Map of Northern Ontario  
(Webber and Hoffman, 1967) 
 

The most important feature when determining the productive potential of soils is the 

degree of soil development from the parent material, or unweathered bedrock, into differentiated 

soil horizons (Hills, 1959; Webber and Hoffman, 1967).  Unweathered geologic material provides 

few available nutrients and has low water holding capacity; and, as such, it is virtually impossible 

to support vegetative growth beyond lichens and moss.  As moss and lichen colonize bare rock 

environments they release organic materials that can be used as energy by micro-organisms to 

slowly develop more complex ecosystems (Webber and Hoffman, 1967).  By contrast, 

moderately weathered soils that are well developed, but still young in geological terms, provide 

ample nutrients and water to living organisms.   
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Soil development is influenced by five main factors: parent material, climate, time since 

deposition, organisms and topography or local relief (Jenny 1941; Gerrard, 1981; Brady and 

Weil, 2002).  Climate affects the rate of weathering that converts bedrock into soil, while the time 

since deposition, or glaciation, will determine how long climate has acted on the landforms as 

they exist today.  Organisms affect soil development in several ways: bacteria and fungi 

decompose litter and return nutrients to the soil, while soil micro- and macro-fauna churn the soil 

and change physical properties.  Vegetation type can alter soil development by leaching or 

contributing various nutrients to the soil (Brady and Weil, 2002).  Local climate factors also 

influence the degree and rate of decomposition or accumulation of organic materials in a soil.  

Many of these factors interact to influence soil formation in complex ways, and, as a result, soil 

patterns and texture are often extremely variable at fine scales and difficult to predict.   

In Canada, soils are classified using a hierarchical taxonomic classification system 

(Webber and Hoffman, 1967; Soil Classification Working Group, 1998).  Few soil surveys have 

been carried out in northern Ontario, since this area has little potential for agriculture.  As a result, 

surficial geology maps at a scale of 1:250,000 were produced up to 51º N latitude for the Ontario 

Land Inventory (OLI); however, the area north of this latitude does not have such detailed 

mapping, and the land divisions of northern Ontario are based on broader boundaries interpreted 

from Ontario Geological Survey and Soil Landscapes of Canada maps (Crins and Uhlig, 2000).   

As such, the soils in these areas can rarely be differentiated beyond the major categories of soil 

order and great group; whereas, in southern Ontario soils can be more extensively differentiated 

and categorized based on their order, great group, subgroup, family, soil series and soil type 

(Webber and Hoffman, 1967; Soil Classification Working Group, 1998).   
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Mineral soils are categorized based on the presence or absence of mineral horizons, the 

level of horizon differentiation, and the types of minerals and particles that are associated with 

each horizon.  Organic soils are categorized based on their degree of decomposition using the 

vonPost scale (Brady and Weil, 2002).  In northern Ontario, the great groups that occur on the 

forested landscape of the Canadian Shield are: Podzol soils of the Podzolic Order, Acid Brown 

Wooded soils of the Brunisolic Order and Eluviated Gleysol soils of the Gleysolic Order (Webber 

and Hoffman, 1967).   

Since the Canadian Shield is composed of low base, granite bearing parent material they 

produce soils that reflect these characteristics.  Brunisol mineral soils are moderately weathered 

soils which develop in forested environments with well to imperfectly drained soils.  Podzol 

mineral soils form under the same climatic conditions as Brunisol soils, and are essentially more 

developed Brunisol soils.  Gleysol mineral soils form on soils that are saturated with water for 

long periods of time or periodically throughout the season and are usually associated with thick 

accumulations of organic materials (Webber and Hoffman, 1967).  Prolonged saturation leads to 

the development of mottles or gleyed horizons which are a dull blueish-grey.  Mottles are brown 

or blue patches that form during continuous oxidation and reduction of iron particles in the soil.   

Podzol soil development can also lead to an accumulation of organic materials at the 

surface and slow rates of decomposition due to the acidic nature of the foliage and soils.  The 

acidity of these soils also contributes to a general lack of earthworm activity and slower rates of 

bacterial decomposition which in turn perpetuates the accumulation of organic materials, reduced 

rates of decomposition and more acidic conditions (Kimmins, 2004).  Podzols develop under 

coniferous and mixedwood forests where the climate is moist and cool and the seasons are 
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characterized by long cold winters and moderate summer temperatures (Webber and Hoffman, 

1967).  These conditions reflect the climatic conditions found in the RMF study area. 

2.1.3 The Current ELC System  

Based on the variations in climate, geology and soils, the current ELC system of Canada 

employs a nested hierarchy with seven levels (Table 2.1).  Within Ontario, it is evident that Hills’ 

land classification system has ecological merit and has withstood the test of time as it is still in 

use today while alternative boundaries and land classification systems are used nationally (Crins 

and Uhlig, 2000).  The land units at each scale are expected to have some degree of internal 

homogeneity with regards to ecosystem functionality, yet the degree of homogeneity is variable 

and dependant on the scale of the land unit (Rowe, 1979).  At finer scales, local climatic factors 

and physiographic interactions have a more dominant influence and, as such, soil and vegetation 

patterns provide the natural framework for ELC at various scales (Rowe, 1979).   

Table 2.1: Ecological Land Classification Units  
Ecological Land 

Classification Unit 
Appropriate 

Cartographic Scale 
Potential Management Applications and Uses of the 

Land Unit 

Ecozone  1:3,000,000 Provincial planning & policy 

Ecoprovince  1:1,000,000 Provincial planning & policy

Ecoregion  1:500,000 Regional strategic planning & policy 

Ecodistrict  1:250,000 ‐ 1:500,000 
Sub‐regional strategic planning & policy, watershed 
studies 

Ecosection  1:100,000 ‐ 1:250,000 
Major landform divisions, habitat trends, watershed 
and subwatershed studies 

Ecosite  1:10,000 ‐ 1:20,000 
Resource inventory, ecosystem mapping, wildlife 
habitat modelling, conservation, siviculture, 
subwatershed studies 

Ecoelement  1:2,000 ‐ 1:10,000 
Resource inventory, environmental impact assessment, 
development proposals, site and stand level research 

Adapted from Taylor et al., 2000 

 

At the continental scale, Canada is divided into fifteen terrestrial ecozones based on 

continental macroclimate and bedrock geology.  Eleven of the terrestrial ecozones are forest 
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ecozones and three are present within Ontario: Hudson Plains, Boreal Shield and Mixedwood 

Plains (Figure 2.3).  Ecoprovinces are divided based on the various climatic factors, continental 

versus coastal, that are present within a province.  The ecoprovince division is not currently used 

in Ontario ELC due to problems with interpretation and definition of this unit (Crins and Uhlig, 

2000).  Ecoregions are defined based on sub-continental macroclimate where all subsequent 

subdivisions are subject to the same major climatic regime.  Ecodistricts are influenced by 

specific landform processes, changes in relief and the geological origin of soils and parent 

material as described in section 2.1.2 (Rowe, 1979).  Ecosections are even smaller land divisions 

based on geomorphological processes, and they have boundaries that are established based on 

changes in surficial geology and landform (Rowe, 1979); whereas, ecosites are specific functional 

ecosystems which are based on local ecoclimate, moisture and vegetation patterns.  This is the 

level of ELC that is of the most interest to this research project and for natural resource mapping 

of forest resources at the stand level.  Lastly, ecoelements are subdivisions of ecosites which have 

uniform soil, topography, vegetation and hydrological characteristics (Wiken 1986).  
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Figure 2.3: Terrestrial Ecozones of Canada 
 

The three ecozones in Ontario are subdivided into 14 ecoregions and 71 ecodistricts 

based on divisions that are roughly approximate to Hills’ original classification units (Figure 2.4).  

According to Hills (1959), if the interrelationships between the vegetation and physical soil 

properties are consistent within a landform, then the landform unit becomes a single ecodistrict 

within an ecoregion; however, if the interrelationships between the vegetation and physical soil 

site are not consistent within a landform, then the landform unit is subdivided into distinct 

ecoregions and subsequent ecodistricts.  As such, ecodistricts are composed of characteristic 

vegetation-landform-succession patterns, while ecoregions are only composed of characteristic 

vegetation-landform patterns.     
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2.1.4 Ontario Ecological Land Classification (OELC) 

A recent emphasis on unification of ELC systems in Ontario has led the Ontario Ministry 

of Natural Resources (OMNR) to undertake the development of a comprehensive Ontario-wide 

ecological land classification (OELC) system that encompasses both wetland and terrestrial 

ecosystems.  This will allow any natural environment in Ontario to be classified using standard 

terminology and one classification guide.  Under the current practices, forests are classified based 

on the dominant tree type in a stand, or functional forest working groups; however, since 

ecological perspectives show that tree species grow in specific forest associations based on 

moisture and nutrient availability, it is only natural that a provincial land classification system 

should be based upon these ecological associations (Ontario Government, 2006).  The proposed 

OELC is based on an ecological perspective of forest ecosystem classification (FEC) which 

Figure 2.4: Hills’ Ecoregions (left) and Ecodistricts (right) of Ontario 
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incorporates highly detailed analysis of soil texture, soil moisture, understory vegetation and tree 

associations at the ecosite level.  This project is being undertaken to unify the variety of ELC 

systems used in the province which include three distinct FEC systems based on the 

administrative boundaries of the OMNR and a separate classification system for wetlands.  The 

previous three FEC systems use slightly different terminology and coding systems in the 

Northeastern (Taylor et al., 2000), Northwestern (Sims et al., 1997) and Central (Chambers et al., 

1997) Regions of Ontario; thus, the new OELC system will unify these separate regional systems 

and amalgamate the two separate terrestrial and wetland classification systems into one 

comprehensive unified guidebook called the Ontario Ecosystem Classification Guide (Ecological 

Land Classification (ELC) Working Group, 2009).  

The new OELC system will have separate ecosite descriptions, or fact sheets, based on 

the following four major ecological divisions in Ontario: the Hudson Bay Lowlands in the far 

north, the boreal forest region in northern Ontario, the Great Lakes-St. Lawrence forest region in 

central Ontario and the deciduous forest region in southern Ontario (ELC Working Group, 2009).  

However, the system of keys employed to determine an ecosite within any of these ecological 

areas will use the same methods and protocols regardless of one’s location within Ontario.   

The new OELC system builds upon the foundations of ELC which have been refined 

throughout the years.  Since the original objective of ELC was to determine the significantly 

important areas for resource use, extraction, conservation or protection (Rowe, 1979), the new 

comprehensive OELC system will make it easier for users to determine ecosites in any part of 

Ontario and share their findings more readily with others.  From a resource-based forestry 

perspective, the new OELC system is relevant because it allows forestry managers to map 
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spatially explicit fine-scale features at the ecosite level in order to determine the most productive 

and ecologically sensitive resource locations.  

 The new field classification system allows a user to identify different ecosites based 

largely on differences in soil characteristics.  The soils are differentiated based on the effective 

texture and moisture regime for the area found in soil pits or auger holes.  The term ‘effective 

texture’ refers to the soil type that is the most prevalent within a soil profile or to the soil type that 

is the most influential with regards to soil porosity when there is a difference between the pore 

patterns in the soil horizons.  This underlying soil information is used in combination with the 

visible above-ground vegetation associations to determine the ecosite.  

In the past, ELC surveys of Ontario at the ecosite level have relied heavily on remote 

sensing technology, specifically air photos, which are manually interpreted and classified into 

ecosystem units based on their physiographic features and areas of visual similarity.  These land 

units have the most utility when the delineations on air photos are based on logical and consistent 

methods that are both meaningful and explanatory when compared with ecological field 

observations (Rowe, 1979); however, the techniques of manual delineation are qualitative in 

nature and often lack repeatability.   

2.2 Remote Sensing Technology and Surface Modelling  

2.2.1 LiDAR Technology 

Recent developments in remote sensing have led to a wide array of technologies that can 

be used to map and delineate surfaces with greater precision and automation than manual 

techniques.  This section of the literature review will examine the numerous steps required while 

processing a LiDAR dataset from start to finish.  It will also explore the potential areas where 
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Full-Waveform 
Signature 

Discrete-Return 
Signature 

errors can occur while processing the data and outline the techniques and algorithms that will be 

used to process the LiDAR dataset used in this thesis.   

Airborne LiDAR, sometimes referred 

to as Airborne Laser Scanning (ALS), is an 

active remote sensing technology which is 

used to derive 3D terrain surface models.  

There are two main types of LiDAR systems: 

(i) full-waveform and (ii) time-of-flight or 

discrete-return LiDAR systems (Figure 2.5).  

A full-waveform LiDAR system senses and 

records the amount of energy returned to the 

sensor for a series of equal time intervals, the number of which determine the amount of detail 

portrayed in the laser footprint (Lim et al., 2003).  An amplitude-against-time waveform is 

constructed from each time interval and is representative of the area of interception (Figure 2.5).   

Discrete-return LiDAR systems transmit pulses of optical light at extremely high 

frequencies to generate intermittent point clouds of a specific density which represent discrete 

objects located within a smaller footprint (Lim et al., 2003).  While full-waveform LiDAR is 

useful to predict the degree of light penetration and light use efficiency through forest canopies, 

this branch of LiDAR technology is less useful for generating ground surfaces and terrain 

modelling (Lim et al., 2003).  Discrete-return LiDAR systems, which were used in this thesis, are 

better adapted for these applications as they provide discrete point datasets which can be used to 

generate accurate and reproducible surface models.  Discrete-return LiDAR systems employ the 

following equation to determine the position of objects in space:   

Figure 2.5: Types of LiDAR Systems  
(Adapted from Lim et al., 2003) 
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distance = time * velocity   (eqn 2.1)  

Essentially, the system utilizes the speed of light and the time it takes for a beam of light 

to travel to a surface and return to the sensor to determine the exact distance and, thus, the 

location of the object that has been imaged (Lim et al., 2003).  The distance is translated into a 

3D coordinate based on the internal global positioning system (GPS) and inertial measurement 

unit (IMU) of the aircraft which allows the LiDAR point returns to be plotted in true 3D space 

(Lim et al., 2003) (Figure 2.6).  While a GPS is used to determine the exact position of the 

recording sensor on the aircraft, an IMU corrects for the yaw, roll and pitch of the aircraft at a 

greater frequency.   

The two main products created from 

discrete-return LiDAR systems are DEMs and 

DSMs which can be collectively referred to as 

digital terrain products (DTPs).  DEMs are 

bare-earth surface models which show the 

terrain stripped of vegetation and human-made 

objects.  Conversely, DSMs show the exposed 

ground surface, as well as, the overlying 

vegetation and human objects in the area.   

2.2.2 LiDAR Accuracy and Errors 

There is a fundamental assumption that the increase in precision and data from LiDAR 

technologies will produce more accurate and efficient mapping techniques; however, unless the 

data is processed in a consistent fashion there is potential to achieve differing results based on the 

same data sources.  The compounding effects of positional instrument error and classification 

Figure 2.6: Schematic Showing GPS and IMU 
Measurement Units of a LiDAR Scanner 
(Reutebuch et al., 2005) 
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error can result in DTPs that represent the shape of the earth with an accuracy standard that is 

lower than desirable.  While the DEMs derived from LiDAR surveys far surpass the accuracy of 

models derived from previous methods, such as interpretation of aerial photos (Raber et al., 2002; 

Reutebuch et al., 2003; Hodgson and Bresnahan, 2004), issues remain with regards to the quality 

and accuracy of the DEMs themselves.  

Since the goal of science is to be quantifiable and reproducible, it is important to consider 

the potential error sources that may occur throughout the modelling process.  There are three 

main sources of error that need to be controlled during the generation of LiDAR-derived DEMs: 

positional instrument error, point cloud classification error and DEM interpolation error (Raber et 

al., 2007).   

2.2.2.1 Instrument Positional Error 

Positional instrument error can be quantified as the ability of the LiDAR sensor to 

correctly measure its position in 3D space.  During airborne LiDAR scanning missions it is vital 

that the exact coordinates of the onboard GPS are correctly calibrated.  Instrument error is 

introduced to the LiDAR scanning system as the cumulative effect of the horizontal and vertical 

positional error occurring from the onboard GPS, the orientation angle of the IMU sensor and the 

time sensitivity of the LiDAR sensor.  Yet despite these two potential types of error, horizontal 

and vertical, one of the major assumptions made by users of derived LiDAR data products is that 

the data points are only subject to vertical elevation errors (Hodgson and Bresnahan, 2004).  The 

onboard GPS is subject to both vertical and horizontal inaccuracies, while the laser pulse is 

affected by the orientation of the aircraft sensor platform which is measured by the IMU.  As a 

result, the effects of misrepresented point locations in steep terrain environments can have 

significant consequences on the root mean squared error of derived DTPs (Figure 2.7).   
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To rectify horizontal 

inaccuracies, the onboard GPS should 

be calibrated into a ground network of 

base stations using differential GPS to 

georegister the data, while ground 

control points should be measured in 

situ during the flight mission.  

Differential GPS is a system which 

utilizes the positions of known 

monuments, or base stations within the 

vicinity, to correct for any sensor errors or atmospheric effects of the ionosphere and troposphere 

that may be occurring during the flight mission.  Since the exact coordinates of the monuments 

are known and constant, any discrepancies or fluctuations recorded at these base stations during 

the flight mission will be appropriately associated to the GPS measurements recorded on board 

during the flight (Parkinson and Spilker Jr., 1996).  With the use of differential GPS and correct 

IMU measurements, the spatial location of the LiDAR measurements is ensured to be accurate 

with respect to their actual position on the earth.   

2.2.2.2 Classification Processing Error 

Classification is the first step in the LiDAR data processing workflow that involves user 

defined parameters and input.  Classification is performed to distinguish ground points from non-

ground points and to separate the non-ground points into other user-defined classes, such as 

buildings or different types of vegetation.  Since LiDAR systems have the ability to receive 

Figure 2.7: The Effects of Slope on Positional Error 
(Hodgson and Bresnahan, 2004) 
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multiple point returns per transmitted pulse, it is helpful to distinguish between the type of point 

returns (i.e., first vs. last) recorded by the sensor to be used for classification purposes.   

Classification is relatively easy in areas of dry, bare open ground where the last return 

often equals the return signal from the ground; however, in more complex forested environments 

the last returns to the sensor can be from within the canopy as well as the ground.  Likewise, a 

first or ‘only’ return can be from the ground surface.  In forested environments, the sensor 

interacts with the surrounding vegetation and less light is able to penetrate through the canopy, 

down to the ground surface and return to the sensor (Hodgson et al., 2003).  As a result, 

classification becomes a more complicated process in vegetated areas.   

For the purposes of surface modelling and DEM generation, the point returns that 

correspond to return signals from the ground are the only real points of interest.  In open dry 

ground areas there is a higher density of returned ground points, whereas in areas of overlying 

vegetation there is a lower density of returned ground points (Hopkinson et al., 2005).  This is 

especially true during leaf-on conditions where it is more likely to get last return points from 

some location within the canopy or low-lying vegetation.  One method to increase the ability of 

scanning the ground surface in areas of overlying vegetation is to use a scan angle that is close to 

nadir.  This provides an increased likelihood of scanning and receiving return pulses from the 

ground as the beam is more likely to penetrate through the entire canopy when viewing vertically 

(Hopkinson et al., 2005).  By comparison, if the scanning system employs a wide scan angle then 

the distance to the ground from the canopy top is increased, thereby increasing the likelihood of 

the pulse being intercepted and reflected by vegetation in the canopy.   

Due to the nature of the LiDAR scanning system there is always an area of 

indistinguishable pulse distance which is based on the width and length of each emitted pulse.  



 

 

 

34

This distance is usually 1.8 to 3.6 meters in length which can cause problems when trying to 

detect the difference between returned signals that occur at similar heights (Hodgson et al., 2003).  

Thus, in areas of low lying vegetation it is increasingly difficult to distinguish between the actual 

ground and the low growth vegetation which can result in classification error and improper 

surface modelling.  This problem is not prevalent during urban modelling of impenetrable hard 

surfaces and open ground surfaces where the last return can be assumed to be the ground, but in 

areas of low brush or thickets where there are objects clustered near the ground, it is increasingly 

difficult to determine which object the point return actually represents.   

Classification techniques are applied to discriminate between low vegetation and ground 

points by isolating the lowest points and classifying them as ground based on specific threshold 

distances and angles (Reutebuch et al., 2003).  However, so far none of the automated 

classification processes are considered to be 100% accurate while filtering the data and the 

separation of ground and non-ground points has proven to be quite difficult over areas of varied 

terrain (Liu, 2008).  Based on this understanding, it is critically important to apply classification 

techniques with appropriate parameters and thresholds in order to create the most accurate ground 

surface for the landscape or terrain which one is trying to model. 

2.2.2.3 Influence of Ground Cover Type 

With respect to vegetated ground surfaces, Hopkinson et al. (2005) found a significant 

overestimation of the ground elevation in the raw LiDAR data for areas of aquatic vegetation, low 

shrubs (<2m) and tall shrubs (2-5m); yet, there was no significant difference for the land cover 

areas of grass and herbs or paved surfaces.  These findings are consistent with other studies which 

have found that LiDAR overestimates ground surface in forested environments and that the data 

is the least accurate in wetland areas (Toyra et al., 2003; Hodgson and Bresnahan, 2004).  This is 



 

 

 

35

to be expected in wetland areas due to the lack of reflectivity of infrared light from water surfaces 

which results in zero pulse returns from water bodies or areas of saturated ground (Lillesand et 

al., 2004).  For these areas it would appear as though the ground surface occurred at the height of 

the last recorded vegetation return and there would be no indication as to the water level of the 

wetland area.   

Hodgson et al. (2003) found that during leaf-on canopy conditions the reported 

manufacturers’ accuracy value of 15cm for the LiDAR unit could not be achieved and the closest 

accuracy achieved in forested conditions was 93cm.  While ground validation studies have shown 

that LiDAR instruments work consistently within their quoted accuracy thresholds for hard 

impenetrable surfaces, it is evident that the positional accuracy fluctuates to a varying degree 

based on ground cover (Toyra et al, 2003; Hodgson and Bresnahan, 2004; Hopkinson et al, 

2005).  While these errors may be small on their own, their effects are compounded in the end 

product if other errors, based on classification and interpolation, are introduced during processing 

(Hodgson and Bresnahan, 2004).   

With this in mind, proper classification of the ground surface is of increasing importance 

when one considers the applications of DEMs for use in hydrological modelling or other terrain 

analysis.  Since the accuracy quotes from LiDAR manufacturers are made for sensors operating 

under optimal conditions in open terrain, they should be treated with caution when operated in 

areas of mixed terrain with differing vegetation cover types due to the tendency to overpredict the 

elevation of the ground surface when low lying vegetation is mistakenly incorporated into the 

ground surface (Figure 2.8).   
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It can be seen from figure 2.8, 

that over-prediction and under-prediction 

of a surface can occur as a result of 

commission and omission errors during 

classification.  Commission errors occur 

when data points are included in a DEM 

that are not an accurate representation of 

the landscape; whereas, omission errors 

occur when actual landscape features are 

not represented by the LiDAR data or 

DEM.  Without some previous 

knowledge of the existing terrain surface, or the ability to compare the LiDAR generated points to 

some existing data, the degree of error in the derived surface is unquantifiable. 

2.2.3 Spatial Interpolation 

While the initial vertical and horizontal accuracy of the raw LiDAR data is specific for 

the point clouds, or mass points, generated during the LiDAR flight mission, all subsequent 

analysis, classification and modification undertaken while producing a DEM will introduce some 

degree of error.  Due to the variations in accuracy of the LiDAR data under different land cover 

types, different accuracy standards have been derived based on the land cover type to allow a 

higher level of error in more complex terrains (Maune, 2007).  The degree of accuracy that must 

be achieved in a DTP is also subject to the end uses of the derived product and the clients’ 

specifications.   
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Region of DEM over-prediction 

Non-ground point inclusion error 

(due to the inclusion of non-ground  

points in the DEM) 

Figure 2.8: DEM Height Errors Associated with 
Misclassification of LiDAR Points  
(Adapted from Raber et al., 2002)  

Region of DEM under-prediction 

Non-ground point omission error 

(due to data voids and/or the removal  

of ground points) 
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Spatial interpolation is the method used to predict data values at unobserved locations 

based on a collection of discrete observations.  More specifically, in a three dimensional 

environment, it is the process of fitting a continuous surface model through data points that have 

been collected from known and observed locations (Jongman et al., 1995).  DEMs are created 

based on the interpolation of the ground surface from the LiDAR returns that have been classified 

as ground points during the classification process described above.  Spatial interpolation has 

important applications in geographic information systems (GIS) since pixelated or grid-based 

raster datasets are often used as inputs for further analysis within a geographic context (Chang, 

2006).   

All interpolation techniques are based on the fundamental assumption of spatial 

autocorrelation.  Spatial autocorrelation implies that points located closer together are more likely 

to have similar values than points that are further away (Jongman et al., 1995; Burrough and 

McDonnell, 1998; Chang, 2006).  Ideally the sampling network of observed data points consists 

of a well distributed, dense array of points to ensure that there is accurate representation of the 

range of spatial features and the potential variation occurring within the study area.  The choice of 

an appropriate algorithm for interpolation is subject to many considerations; namely, the density 

and distribution of the original data, the complexity of the surface one is trying to model, the 

degree of accuracy one wishes to achieve and, lastly, the computational effort required to 

compute the algorithm (Lam, 1983).   

It has been noted that ground height overestimation is likely to occur when there is 

minimal pulse penetration through a dense, closed canopy forest resulting in too few accurate 

ground point vertices to be used when interpolating the ground surface (Weltz et al., 1994; 

Reutebuch et al., 2003).  This in turn can lead to problems with interpolation where the ‘true’ 
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ground returns are sparse and irregularly distributed which creates areas of data voids where the 

approximation of the surface is less precise due to insufficient point spacing (Figure 2.8).  Since 

the amount of canopy closure affects the point return spacing on the ground, it is essential to 

determine the optimal point density needed to correctly quantify the shape of a given forest and 

the underlying terrain.  Point density is of even more importance when trying to characterize 

areas with highly variable terrain, as more points are needed to accurately reflect and represent 

the complex shape of the surface (Burrough and McDonnell, 1998).   

In order to properly characterize the topography in a landscape, the vertical precision 

must be greater than the average difference in elevation between grid points in the DEM 

(Thompson et al., 2001).  Selection of scale and grid size is also important during interpolation as 

these values must be selected to correspond with the number of data points available for 

interpolation and the number of grid squares should be approximately equal to the number of data 

points contained within the area (Liu, 2008).  The following equation has been derived by Hu 

(2003) to estimate the appropriate horizontal grid size of a DEM:      

       (eqn 2.2) 
 
 

where  S is the grid size,  
A is the area and  
n is the number of terrain points. 

 
It has been observed that low-density LiDAR data with an average point spacing of 0.035 

pulses/m2 has the ability to characterize the forest biophysical values of mean dominant height, 

basal area, and aboveground biomass in mixedwood boreal forests as accurately as high-density 

LiDAR data with a mean point spacing of four pulses/m2 (Thomas et al., 2006).  With respect to 

surface modelling, Thomas et al. (2006) found that there was no particular advantage for either 

scanning density when modelling the ground beneath the canopy at a relatively flat site; however, 
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there were discrepancies in the lower noise threshold level due to the differing abilities of the 

scanning systems to penetrate through the canopy to the ground surface.  As such, the choice of 

interpolation techniques is important in forested areas where the number of ground hits returned 

is small and these points are often further apart.   

Empirical work conducted to test and evaluate different interpolation techniques has 

determined that no one technique is better than the rest for terrain modelling with high-density 

data (Chaplot et al., 2006).  As such, no specific interpolation method can be universally applied 

since the choice of the technique is dependent on the input data source and the purpose of the 

interpolation.  Five interpolation techniques that are commonly used in geomorphological 

research are inverse distance weighting (IDW), ordinary kriging, universal kriging, 

multiquadratic radial basis function, and regularized spline with tension (Chaplot et al., 2006).  It 

has been shown that kriging yields better estimations of elevation when compared to IDW if the 

sampling points are sparse (Lam, 1983; Liu, 2008).  This is likely due to the ability of kriging to 

characterize the spatial structure of the data by considering both the local and global spatial 

variation within the dataset.  It has also been shown that when the sampling density is high, such 

as with LiDAR point clouds, there is no significant difference between the IDW and kriging 

interpolation methods (Lloyd and Atkinson, 2002; Liu, 2008).  For this reason, IDW can be an 

appropriate technique to use with high-density datasets since it provides a relatively accurate 

model of the surface. 

2.2.4 Delaunay Triangulation and Triangular Irregular Networks (TINs) 

Delaunay triangulation is another commonly used interpolation technique which results 

in the creation of triangular irregular networks (TINs).  Delaunay triangulation differs from the 

other local interpolation techniques as it includes the maximum and minimum elevation data 
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points and it creates a surface composed of numerous topologically joined triangles (El-Sheimy et 

al., 2005).  This method of triangulation is subject to the constraint that if a circle is drawn that 

passes through the three vertices of any given triangle, the circle must not contain the vertex of 

any other triangles (Burrough and McDonnell, 1998).  As such, Delaunay triangulation creates 

compact triangles with minimal surface area based on the three closest elevation points and the 

resulting TIN surface is a lattice of irregularly spaced triangles whose nodes or vertices are the 

original observed data points.   

There is potential when using Delaunay triangulation to form a surface that is not a 

topologically correct surface due to the presence of noise, undersampling or sharp surface 

features (Zhu et al., 2008).  For example, when there is a lack of numerous observation points, 

Delaunay interpolation is an inappropriate technique because the TIN will contain only large 

triangles which poorly represent the variation present in a surface (Burrough and McDonnell, 

1998).  Also Delaunay triangulation does not work in the presence of some full terrain 3D 

features such as cliffs, faults, caves, tunnels, bridges and overpasses which have more than one 

vertical (z) coordinate per horizontal (x,y) coordinate pair (Zhu et al., 2008). 

Despite these potential limitations, Delaunay triangulation is an acceptable method of 

interpolation for high-density datasets since the output is based entirely on the original data 

points.  TINs are useful in areas of high relief where more points and triangles can be used to 

represent a complex surface in comparison to a regularly spaced grid which may not accurately 

represent the degree of complexity in the surface (El-Sheimy et al., 2005).  Due to the dense 

network of points generated from LiDAR sensors, Delaunay triangulation is commonly used as 

the first step in developing grid-based raster DEMs from LiDAR datasets.  Delaunay triangulation 

makes fewer assumptions about the underlying data and it requires no additional 
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parameterization, so it is preferable to IDW and spline techniques for interpolation of LiDAR 

data (Remmel et al., 2008).  As such, Delaunay triangulation will be used to create the DEMs 

used in this research project.   

A progressive TIN densification filtering algorithm used to classify LiDAR points and 

generate ground surfaces was developed by Axelsson (1999).  This algorithm starts by generating 

a sparse TIN based on local neighbourhood minimal points and, through an iterative process, 

increases the density of the triangular network as points are added to the TIN if they are within 

defined user thresholds (Hyppä et al., 2004).  The Axelsson algorithm is used for classification 

purposes within LiDAR software packages, such as TerraScan (TerraSolid Ltd., Helsinki, 

Findland).  The parameters required for this type of modelling are the terrain angle, the iteration 

angle and the iteration distance (Soininen, 2010b) (Figure 2.9).  The terrain angle is the estimated 

maximum terrain slope that is naturally occurring in the data; the iteration angle is the angle 

between the triangle plane and a line drawn from the point to be classified and the closest triangle 

vertex; and the iteration distance is the perpendicular distance from the point to be classified and 

the triangle plane (Soininen, 2010b).   

 

 

In figure 2.9, the point in question to be classified is the white circle and the already 

classified ground surface, or triangle plane, is the solid line between the two grey ground points.  

Successive points are added to the surface through progressive iterations until no more low 

ground points can be added to the TIN (Axelsson, 1999).   

Iteration 
Angle 

Iteration 
Distance 

Figure 2.9: Diagram of the Progressive TIN Algorithm  
(Adapted from Soininen, 2010a) 
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During the process of interpolation, error is naturally introduced into DEMs because a 

surface must be generated and approximated from the original data points (Maune, 2007).  While 

this error is unavoidable, it is necessary to minimize its presence while processing LiDAR data by 

using minimum impact reduction approaches and additional features such as breaklines.  

Breaklines are used to reduce topographical error while creating TINs.  Breaklines are linear 

vector shapefiles with known elevations that are used to enforce the triangular edges of specific 

features, such as ridgelines, rivers, shorelines and roads, into the TIN surface (Chang, 2006).  

Breaklines may be extraneous datasets or they can be derived from the minima and maxima 

points of the LiDAR dataset (St-Amand, 2009).  Breaklines enforce topographical regions of high 

and low elevation which ensures that the surface created is hydrologically correct and will 

support realistic water flow and mass movement throughout the landscape.  As such, breaklines 

will be used in tandem with the LiDAR data to generate more accurate ground surfaces in this 

research.   

2.2.5 Depression Removal Algorithms  

After the process of interpolation and the creation of DTPs, depression removal 

algorithms are used to create smooth and hydrologically enforced surfaces.  Depression removal 

algorithms are used to modify the elevation values of the DEM ground surface in order to ensure 

continuous water flow between grid cells.  They are required for the purposes of hydrological 

analysis, and as such, it is important to examine the various available depression removal 

algorithms to illustrate how they each affect the data.  Since each modification of the DEM 

surface feeds into the calculated terrain derivatives, it is important to select depression removal 

algorithms so that they minimize the impact, or amount of change, that occurs to the DEM 

surface (Lindsay and Creed, 2005).   
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Grid-based terrain analysis programs such as ANUDEM and TAPES-G use depression 

filling algorithms to eliminate all local pits under the assumption that they are digital artifacts 

created during the interpolation process (Wilson and Gallant, 2000).  Depression filling 

algorithms raise the DEM surface of pits to the height of adjacent cells to ensure continuous water 

flow between cells (Lindsay and Creed, 2005).  While this technique may have been a valid 

assumption in the past when DEMs were interpolated based on widely distributed data points 

with large cell size, resolution and reduced vertical accuracy, this assumption is not necessarily 

valid with the use of LiDAR DEMs which employ increased vertical and horizontal resolution 

and accuracy (Lindsay and Creed, 2006).   

With the capability of increased precision, accuracy and resolution stemming from new 

technologies, it has been noted that some pits in the DEM may not be digital artifacts created 

during the interpolation process.  Some of these depressions may be real depressions that should 

be retained in the DEM since they reflect actual changes in the terrain surface and will lead to 

distinct moisture regimes which may influence the types of plants that occupy a site, as well as, 

their rate of growth or phenology (Moore et al., 1993; Lindsay and Creed, 2006).  As such, the 

total elimination of all digital pits using filling algorithms is no longer justifiable and depression 

removal algorithms should be selected in order to have minimal impact on the newly created 

DEM.   

Depression removal algorithms can be selected to modify the smallest number of 

individual cells or to reduce the mean absolute elevation difference that is modified across the 

surface (Lindsay and Creed, 2005).  It should be noted that the modification of every grid cell in a 

DEM will correspond to one or more modified grid cells in derived terrain attributes as these 

attributes are calculated based on neighbourhoud cells in 3x3 windows.  Consequently, the 
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number and proximity of modified grid cells in the DEM will directly affect the output of the 

derived terrain attributes to varying degrees (Figure 2.10).  

 

         Figure 2.10: Effects of Depression Removal Algorithms Based on Cell Arrangement  
         (Lindsay and Creed, 2005) 
 

Lindsay and Creed (2005) discuss the merits of four techniques used to eliminate 

depressions: filling, breaching, constrained breaching and a newly developed impact reduction 

approach (IRA).  IRA uses selective filling, breaching and de-pitting processes based on the 

shape and complexity of the surface in question.  In general, large shallow depressions should be 

breached, while small deep erroneous pits should be filled.  When the wrong depression removal 

techniques are applied to these types of features, it results in unnecessary modifications to the 

DEM.  

Breaching and IRA depression removal algorithms create a higher percent of unmodified 

cells adjacent to modified cells because these algorithms tend to modify isolated patches of cells 

(Figure 2.10); however, filling and constrained breaching algorithms tend to modify a greater 

total number of cells, albeit in larger consolidated patches (Lindsay and Creed, 2005).  The 

overall impact is that breaching and IRA have the fewest number of modified cells when 
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calculating terrain derivatives because these algorithms modify a smaller absolute number of cells 

and elevations during the depression removal process. 

Whitebox, and its predecessor, TAS (Terrain Analysis System), are stand-alone GIS 

software programs developed by Dr. John Lindsay (University of Guelph, Guelph, Ontario) for 

hydro-geomorphic operations and analysis.  TAS and Whitebox include six different depression 

removal algorithms, and both software packages are capable of performing various local and 

extended neighbourhood operations, as well as, calculating all of the standard primary and 

secondary topographic attributes and indices (Lindsay, 2005).  These software packages will be 

used in the methods section to compare and contrast the effects of different depression removal 

algorithms and select the most appropriate algorithm for use in this research. 

2.3 Terrain Modelling for Ecological Applications 

2.3.1 Spatial Modelling  

Improvements in remote sensing technology have allowed for spatially explicit terrain 

attributes and environmental variables to be easily derived from high resolution topographically 

correct DEMs.  Spatial models are useful and effective tools for modeling forest and soil 

attributes since the process of soil sampling and forest inventory are costly and time consuming.  

Once relationships are established, models remove the need for intensive field campaigns within 

the specific physiographic units for which the models are constrained.  Also, when using a 

modelling approach, primary data can be re-analyzed with different combinations of response and 

explanatory variables, so that statistical methods can be varied based on trends found through 

exploratory data analysis (Gessler et al., 1995).    

Soils and forests are complex dynamic systems which vary over multiple spatial and 

temporal scales and consist of heterogeneous areas which make the prediction of their attributes 
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difficult at point locations.  Despite these difficulties, the ability to accurately characterize soil 

moisture and nutrient fertility regimes is necessary to develop a predictive understanding of the 

relationship between the environmental heterogeneity of a landscape and the local ecological 

patterns that are occurring at a forest site (Moore et al., 1993).  As such, variation in local relief 

becomes increasingly important when trying to determine the patterns and trends of vegetation 

growth and forest types within the boreal forest.  Determining the structure and rate of change in 

a terrain surface is critical to forest classification, as the continuous and gradual changes in local 

relief result in soil moisture and fertility gradients.  These gradients, in turn, impact the structure 

of biotic communities growing on the surface of the landscape and are used to differentiate 

ecosites in ELC.   

2.3.2 Terrain Analysis and Local Relief Indices 

It has been noted that on a continental and provincial scale, forest classification is based 

on general climatic trends such as temperature and precipitation; however, at a finer landscape 

scale, there are other more important factors, some of which are linked directly to the terrain, that 

play a dominant role in development of different vegetative communities (Kimmins, 2004).  With 

regards to topography, a number of terrain attributes can be derived from the analysis of DEMs.  

Some of the more commonly used terrain attributes include slope, aspect, plan curvature, profile 

curvature and tangential curvature which can be used to model runoff, stream flow, pedogenesis 

and other hydrological or geomorphological processes across a landscape (Wilson and Gallant, 

2000).  

 The ability to accurately map landforms is important in order to capture the finer-scale 

variation in the landscape and accurately predict where specific ecosites or ecosystems are 

located on the landscape.  In the relatively low-relief boreal forest, where gradual changes in local 
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relief can result in different soil moisture and nutrient regimes, it is of interest to examine the 

local changes in relief patterns and microtopography to correctly model soil moisture and nutrient 

patterns.  

Local terrain variation, in the form of pits and peaks, can lead to dispersion or 

accumulation of soil nutrients, soil moisture and organic matter.  The local hillslope position will 

influence whether water is gathering in, or draining from, a particular area; while the soil texture 

and porosity will affect the rates at which water can flow overland or penetrate into the soil 

(Martin and Timmer, 2006).  Considering the differences in soil texture and parent material, it is 

evident that the landscape contains real depressions which can act as significant areas for ground 

water seepage or recharge and are vital components for a functioning ecosystem.  Even subtle 

differences in hillslope topography can have a pronounced effect on the distribution of soil 

moisture, yet the spatial distribution of soil moisture is not solely dependent on any single terrain 

index that has currently been developed (Wilson et al., 2005).  As such, it is important to consider 

all variations in local topography to determine the site conditions and the types of vegetation that 

may be growing in these areas.  Topography affects site production by influencing many soil 

forming factors such as the distribution and accumulation of nutrients, level of incoming radiation 

and infiltration rates (Mummery et al., 1999; Wilson et al., 2005).   

There are a variety of topographical water flow models that have been developed to 

utilize various terrain attributes such as the slope, aspect, connectivity and elevation of grid cells, 

however, all of these have the basic assumption of hydrologically continuous DEMs.  The use of  

primary and secondary topographic indices are employed in a variety of topographic modelling 

programs such as ANUDEM and TAPES-G which can be used to predict runoff and stream 

discharge (Moore et al., 1993; Wilson and Gallant, 2000).  Compound topographic indices, such 
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as the topographic wetness index (TWI) which is based on the slope of the terrain and the upslope 

contributing catchment area, have been developed and are widely used to determine surface 

saturation zones in DEMs (Moore et al., 1991; Wilson and Gallant, 2000).  The TWI attempts to 

quantify soil moisture based on surface morphology and in theory it can be used as a surrogate 

data layer for PEM.  According to Wilson et al. (2005), the degree of correlation between soil 

moisture and topography is less influential when the soil is either very dry or very wet.  When the 

soil is dry, soil moisture is more highly correlated to the soil texture and water retention curves; 

while, when the soil is wet, the degree of saturation is frequently limited by the porosity of the 

soil (Wilson et al., 2005).  

Another useful terrain-based index is the local elevation percentile which is based on a 

user defined radius.  This percentile is useful to evaluate and establish the pits and peaks in a grid 

to determine whether they are digital artifacts or important ecological landscape features.  The 

local elevation percentile calculates a new output grid based on the central pixel by comparing the 

relative elevation between the centre pixel and the other cells within the neighbourhood window 

(Mackey et al., 2000).  The output for the local elevation percentile is a unitless value ranging 

from zero to one, where a value of zero defines a pit and a value of one defines a peak.  Based on 

the local relative elevation percentile there is the potential to deduce important characteristics 

about the local moisture and nutrient regime for an area.  

2.4 Summary 

This literature review examined ELC systems in Ontario, LiDAR remote sensing 

technology and the use of LiDAR derivatives for terrain modeling and analysis.  To summarize, 

the ELC system is based upon nested hierarchies of land units at different scales, and it divides 

these land units based on relationships between physiography, soils, landforms, climate and 
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vegetation.  Soil and vegetation patterns have the dominant ecological effect at finer scales, thus 

providing the natural framework for ELC.  Variations exist in forest stands due to the influences 

of local topography, micro-relief and historical land use; however, due to forest harvesting in 

Ontario, mixedwood forests are now the predominant forest type on the landscape.  From a 

resource-based forestry perspective, the ecosite level is the most pertinent ELC land unit for 

developing forest inventories and stand management procedures. 

LiDAR is an active remote sensing technology which is used to derive digital terrain 

products (DTPs) in the form of DEMs and DSMs.  These DTPs are far more precise than the 

datasets that are currently employed by the province of Ontario; however, it has been 

acknowledged by the scientific community that a certain degree of error is introduced while 

generating DTPs because a surface must be approximated from the original data points.  While 

this error is unavoidable, it is necessary to minimize its presence by selecting the most 

appropriate algorithms for the dataset and the purposes of the end product.  For the purposes of 

hydrological modeling, it has been accepted that Delaunay triangulation is a reasonable method of 

interpolation for dense LiDAR datasets. 

Lastly, it is widely understood that soils and forests are complex dynamic systems which 

vary over spatial and temporal scales.  The complexity of these systems makes it difficult to 

predict soil moisture at point locations; however, the use of LiDAR-derived products has the 

potential to overcome these issues.  Primary and secondary terrain indices derived from DTPs can 

be used to model topography and local relief patterns in greater detail.  This is important in the 

relatively low-relief boreal forest, where local relief patterns are related to differences in soil 

moisture and nutrient regime and they are indicative of differences in forest ecosystems.   
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Based on the findings in the literature, it is assumed that the terrain indices derived from 

the LiDAR data in this project will not only provide a significant improvement to the current 

provincial dataset, but they may also act as potential input layers for a predictive ecosystem 

mapping system in Ontario. 

  



 

 

 

51

Chapter 3 - Methods 

3.1 Study Area and Sampling Design for Plot Selection 

The entire RMF occupies a total area of approximately 6300km2 and spans two 

ecodistricts, but the study area for this research is located within the Foleyet ecodistrict of the 

Abitibi Plains ecoregion.  The Foleyet ecodistrict was sculpted by glacial influences and is 

characterized by gently rolling plains which are made up of thinly covered bedrock knobs, 

granitic bedrock outcrops, sandy outwash plains, and silty depressions overlying Precambrian 

bedrock (Taylor et al., 2000).  The sampling area consists of forty-five forestry plots located 

within seven LiDAR flightlines in the RMF (Figure 3.1).  The total range of elevation across the 

ground surface of the LiDAR flightlines is approximately 50m and the actual elevation values 

span from 323m to 373m.   

 

Figure 3.1: 2m Digital Elevation Model of Flightlines 



 

 

 

52

The forty-five plots are a subsample of 127 forestry plots that were established by the 

Ontario Ministry of Natural Resources (OMNR) as calibration and validation plots for modelling 

forest metrics based on LiDAR height and density data.  These 127 plots are located in a corridor 

along Highway 101 and they are stratified based on the following four forest stand types: jack 

pine (PJ), black spruce (SB), intolerant hardwood (IH) and mixedwood (MW) forests (Figure 

3.2).  The plots have an 11.28m radius and individually they cover approximately 400m2.   

 
Figure 3.2: Map of Plot Types and Locations 

(IH = intolerant hardwood, MW = mixedwood, PJ = jack pine and SB = black spruce) 
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The predominant species in the study area include black spruce (Picea mariana), jack 

pine (Pinus banksiana), white spruce (Picea glauca), balsam fir (Abies balsamea), white cedar 

(Thuja occidentalis), trembling aspen (Populus tremuloides), balsam poplar (Populus 

balsamifera), and white birch (Betula papyrifera).  The plots cover the full range of moisture 

regimes; however, the majority of the soils examined within the forestry plots range from dry, 

sandy soils to moist, coarse loamy soils with the occasional plot that is high in moisture and 

organic content (ELC Working Group, 2009).   

3.1.1 Sampling Design 

The forty-five plots were initially selected to have a balanced sampling design, i.e., 

representative of fifteen different FEC categories with a minimum of three replicates for each 

FEC.  The FEC data was collected according to the former guidelines laid out in the Field Guide 

to the Forest Ecosystems of Northeastern Ontario (Taylor et al., 2000) and it was collected for the 

forest resource inventory (FRI).  After visiting the plots, it was determined that there was 

significant error and/or variation in the classification of the plots according to the FRI data which 

is explained in the rationale below.  As a result, the initial sampling design was abandoned and a 

new sampling design was created based on the vegetation and surface morphology of the OMNR 

forestry plots (Appendix C).   

In 2007, a quality assurance report was conducted in the RMF by Rob Arnup Consulting 

in which the predicted ecosites listed in the 2007 FRI were compared with field sampled ecosites 

to provide an estimate of the accuracy of the FRI-predicted ecosites.  Based on the 86 FRI 

polygons analyzed in this report, it was determined that 29.1% of the polygons were correctly 

classified, 40.7% were a close match, and 30.2% were incorrectly classified.  The main sources of 

error between the ecosite predictions were as follows: soil texture (28%), moisture regime (22%), 
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species composition (17%) and errors in both soil texture and moisture regime (9%) (Arnup, 

2007). 

Since the quality assurance report produced by Arnup predicted a 30% probability for 

correct classification based on the FRI data, it was decided that the FRI data was not a valid 

backbone for the classification of ecosites especially as the FRI stand-level polygons (400,000m) 

did not contain representative and repeatable ecosites at the plot-level scale (400m2).   

Due to the inconsistencies of the FRI data at the plot level, visits were made to 57 of the 

127 OMNR plots where detailed field notes were recorded based on the visible vegetation and the 

surface morphology of each plot.  The plots were visited according to the OMNR plot type 

classifications, since these categories reflected the landscape and vegetation more closely than the 

FRI data.  A new sampling design of fifteen sample categories was determined based on: (a) the 

OMNR plot type and species composition; (b) the visible vegetation (understory and overstory); 

and (c) the micro-topography of the plots.  Twenty-five of the original plots selected were used in 

the actual sampling design, while twenty plots were removed and replaced with different plot 

locations (Appendix C). 

3.2 Field Data Acquisition 

Field data was collected during the summer of 2009 starting in late May and ending in 

early August.  During these months, a variety of measurements were made to determine soil 

moisture properties, nutrient status, and physical and ecological characteristics at each of the 

forty-five forestry plots.  Ecosite classifications were performed during July to determine the 

ecosite types occurring within the plots and this data was used as the basis for clustering the plots 

into groups for statistical analysis.  Volumetric soil moisture was recorded at two distinct depths 

using time domain reflectometery (TDR) technology to determine the soil moisture in the rooting 
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zone of plants.  Soil cores were extracted to a depth of 40cm at each of the plots for determination 

of various properties (i.e., bulk density, porosity, volumetric water content, particle size 

composition, organic matter, total nitrogen and total available nitrogen) pertaining to the physical 

characteristics of the soil.  Lastly, resin sheets, or ion exchange membranes, were inserted into the 

soil for a relative assessment of available soil nutrients (both cations and anions). 

3.2.1 Ecosite Classification 

Ecosite classification was performed using the Ontario Ecosystem Classification Guide 

(operational draft v2.0) which is the field guide for the newly developed OELC system (ELC 

Working Group, 2009).  Using the OELC system, the soils of each plot were assessed to 

determine the effective soil texture and moisture regime; while vegetation was used with the soil 

information to classify each plot into a specific ecosite type (ELC Working Group, 2009).  The 

effective soil texture refers to the soil type that is the most abundant within a soil profile or to the 

soil type that is the most influential with regards to soil porosity if there is a difference between 

the pore patterns in the soil horizons.  Ecosite classification was performed at all of the plots from 

July 1st – July 16th at a rate of three plots per day.   

At each plot, a Dutch auger was used to collect a soil sample near the plot centre to a 

depth of 120cm which is specified by the OELC system.  The auger was turned three and a half 

times to fill the auger barrel and the contents of the auger barrel were laid out on a black garbage 

bag (Figure 3.3).  A piece of flagging tape was tied onto the shaft of the auger to ensure that the 

proper depth of the hole was noted while augering and the contents of the auger barrel were laid 

out accordingly.  This process was repeated until a depth of 120cm was reached or the auger was 

obstructed by an immovable object such as bedrock or large coarse rock fragments.  If the auger 
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was obstructed before 120cm, a new hole was augered within the plot until a depth of 120 was 

reached or it was decided that the soil in the plot was less than 120cm in depth.     

 
Figure 3.3: Visible Soil Horizons at Plot PJ33 on July 14, 2009 

 

Once the soil profile was laid out, it was photographed and described based on the visible 

soil horizons which are denoted by changes in soil colour (Figure 3.3).  Sticks were used as 

markers between the visible soil horizons and the depths of the layers were recorded.  The 

presence and depth of gleying or mottles were noted, and soil texture analysis was performed for 

each of the visible soil horizons using the dry feel test, moist cast test, ribbon test, stickiness test, 

taste test and shine test for mineral soils (ELC Working Group, 2009) (see Appendix D for 

additional description).  For organic soils the vonPost scale of decomposition was used to 

determine the texture of the soil layers (ELC Working Group, 2009).    

The effective soil texture and moisture regime for the profile was determined using the 

appropriate keys in the Ontario Ecosystem Classification Guide (ELC Working Group, 2009).  

The effective texture was determined based on the depth, thickness and porosity of each layer, 
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while the moisture regime was based solely on the effective texture layer in the soil profile.  The 

ecosite code for the plot was then identified using keys which utilize the results from the effective 

soil texture, the moisture regime and the vegetation.   

An ecosite code is composed of two main parts: one refers to the dominant vegetation 

type, and the other to the dominant soil type (ELC Working Group, 2009).  When classifying an 

ecosite in the field, the soil code is classified first because the choice of the appropriate vegetation 

classification key is determined by the soil type.  The three numbers at the beginning of the 

ecosite code identify the vegetation type; the following upper case letter(s) and number refer to 

the dominant soil depth, texture and moisture regime; and the two lower case letters at the end of 

the code refer to environmental soil modifiers of moisture and chemistry (Figure 3.4).  For more 

details on the meanings of the individual codes please refer to ELC Working Group (2009).  

          soil code: letter refers to depth and/or texture; number refers to moisture regime 

 
  034 D1 dn           soil modifiers: first letter refers to soil moisture; second letter refers to soil chemistry  

where n = non‐calcareous 
     vegetation code: number refers to a specific vegetation category 

  Figure 3.4: Nomenclature for Ecosite Codes 
 

Using the key system in the ecosite guide, the ecosite codes from the field classifications 

were validated and checked by performing a second ‘in lab’ classification using analytical lab 

procedures to determine the soil texture between a depth of 15-40cm for the all plots with mineral 

soil.  The details of the analytical lab procedures used to calculate particle size and determine the 

soil texture class are described later (see section 3.3.3).   

During ecosite classification, the following soil attributes and site characteristics were 

also recorded at each plot: the limiting soil depth (depth of 120cm or depth to impeding layer of 

coarse fragments and/or bedrock), presence and depth of gleying and/or mottles, effective soil 
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texture, moisture regime, dominant aspect of plot, slope percentage, slope shape (convex, 

concave or linear), and micro-topography.   

3.2.2 Time Domain Reflectometry (TDR) 

To measure actual soil moisture characteristics, soil volumetric water content was 

measured using TDR, specifically a MoisturePoint Model MP-917 Soil Moisture Measurement 

Instrument (Environmental Sensors Inc. (ESI), Sidney, BC, Canada).  TDR is commonly used to 

measure volumetric soil water content for hydrological and meteorological research (Heathman et 

al., 2003).  TDR determines the volumetric water content of the soil based on the propagation 

time of an electronic signal as it travels through a probe of known length which is imbedded in 

the soil (Heathman et al., 2003).  As the water content of the soil increases, so does the duration 

of the time signal.  As such, the volumetric water content is calculated as a function of the 

duration of the time signal, the length of the probe and the dielectric constant of the soil.  The ESI 

MoisturePoint MP-917 is a handheld system with a probe head which attaches to steel 

rods/probes (Figure 3.5).  This system was used in conjunction with 15cm and 40cm steel rods to 

determine the soil moisture in the mineral soil at two depths corresponding to the rooting zone of 

the trees.  The sample probe rods were left in place between sample periods, insuring that 

moisture content was measured in the same location each time a measurement was made.  
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Figure 3.5: Measuring Soil Moisture with MP-917 TDR Unit 

 

3.2.2.1 TDR Rod Placement 

At each plot, three replicate sets of 15cm and 40cm steel rods were inserted into the 

ground for moisture measurements (Figure 3.5).  The 15cm and 40cm steel rods were placed in 

the same relative locations at each plot based on the following layout: 1.5m north of the plot 

centre, 1.5m south-east of the plot centre and 1.5m south-west of the plot centre.  Should one of 

these areas fall within an unusual topographic feature (i.e., large pit or mound) which was 

uncharacteristic of the land surface in the plot, the rods were moved slightly further away from 

the plot centre.  The 15cm rods were always inserted closer to the plot centre than the 40cm rods 

to ensure their easy identification on return visits.  Only two sets of 40cm rods were placed in 

plots MW12 and MW14 due to the shallow soil depth at these sites. 

Before the steel rods were inserted, surface material and organic soils were removed to 

expose the mineral layer (Figure 3.6).  In certain plots where no mineral layer could be found 

within the top 30cm of the soil profile, the rods were inserted directly into the organic material.   
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Figure 3.6: TDR Rod Placements at Plot SB08 on June 13, 2009 

 

The rods were inserted into the ground using a guiding probe head and mallet to pound 

the rods into the ground.  After soil moisture measurements, the organic layer or moss was 

replaced over the exposed mineral soil at the rod locations in an attempt to keep the soil from 

drying out unnaturally between visits to the plot.  Once inserted, the rods were not moved unless 

repeat measurements were not possible.  If the rods are not in direct and complete contact with 

the soil surface, then the TDR unit cannot properly assess the moisture content of the soil.  If this 

occurred at a plot, the rods were relocated to a new site within 50cm of the original measurement 

location.  Some potential reasons why some rods had to be relocated include: soil shrinkage due 

to the exposure of mineral soils, movement of the soil layers causing the rods to shift or the 

formation of air pockets below the soil surface.   

 

 



 

 

 

61

3.2.2.2 TDR Seasonal Moisture Readings 

Soil moisture measurements were made at three discrete time intervals during the 

summer to capture seasonal variability in moisture values (Figure 3.7).  Measurements were made 

over seven days in the early season (June 7th – June 13th), over thirteen days during the mid 

season (July 1st – 9th and July 14th – 17th) and over five days in the late season (July 30th – August 

3rd).  Based on the distance between plots, it was possible to visit nine plots per day leading to a 

minimum span of five days to visit all plots; however, the early- and mid-season measurements 

were made over longer time spans than desired.  The early-season measurements took two days 

longer than required because these measurements were made during the beginning of the field 

work and there were some issues with plot coordinates and locations.  The measurements taken 

during the mid season took thirteen days because these measurements were made in tandem with 

ecosite classifications which required a prolonged visit at each of the plots to perform texture 

analysis.  As a result, only three plots could be visited per day during the mid season.  Also, 

during this measurement period one of the cables on the TDR unit malfunctioned and began 

giving the same measurement reading regardless of the rod length or placement.  A new TDR unit 

was acquired to finish the mid-season moisture measurements on July 14th - 17th. 
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Figure 3.7: Seasonal TDR Moisture Measurement Periods, Precipitation and Temperature for RMF 
 

3.2.2.3 Volumetric Soil Water Calculations from TDR 

The MP-917 records the time count (nanoseconds) of the propagation signal and 

calculates the percent volumetric water content based on the factory settings.  The MP-917 

factory settings assume the dielectric properties of the soil to be similar to agricultural soils which 

is not the case in the boreal forest (Brady and Weil, 2002).  A study performed by Heathman et 

al. (2003), showed that the factory settings of the MP-917 tend to produce overestimations of 

volumetric soil moisture at higher water contents and that the factory settings produced the 

greatest range of error when compared with four other measurement methods.  As a result, the 

MP-917 volumetric water content measurements were calculated manually. 

The dielectric constant of the soil (Ka) can be calculated based on the following equations 

(Noborio, 2001): 

Precipitation and Temperature Data During Field Season
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Ka = (Tmc / Tair) 
0.5       (eqn 3.2.1) 

Where  Ka = dielectric constant of the soil, 
Tmc = measured time signal in the soil (nsec), 
Tair = theoretical time signal in air (eqn 3.2.2); 

 
and 
 

Tair = 2Lseg / vair         (eqn 3.2.2) 
Where  Lseg = length of the probe (mm),  

vair = velocity of the electromagnetic signal in air 
(299.704mm/nsec). 
 

Using field data and the previous two equations, the value of Ka can be solved as follows: 

Ka = (299.704 Tmc / 2Lseg) 
0.5      (eqn 3.2.3) 

 

 The volumetric water content (θv, m
3m-3) can then be calculated using the dielectric 

constant of soil (Ka) and the following equation from Topp et al. (1980): 

 θv = - 5.3 x 10-2 + 2.92 x 10-2Ka – 5.5 x 10-4Ka
2 + 4.3 x 10-6Ka

3  (eqn 3.2.4). 

3.2.3 Soil Core Extraction 

Soil cores were collected at the same relative location just north of the plot centre at each 

plot using a 7.5cm diameter soil corer (Giddings Corporation, Fort Collins, CO).  The soil cores 

were taken from the top of the mineral soil layer to a depth of 40cm (Figure 3.8).  In plots where 

there was no mineral layer or it began below 30cm (i.e., an organic soil), the soil cores were taken 

from the surface of the organic layer.  

Upon extraction, the soil cores were laid on a board and divided into 0-15cm and 15-

40cm sections to correspond to the TDR depths (Figure 3.8).  These samples were placed in 

labeled bags and kept refrigerated.  The soil cores were analyzed at a later date for bulk density, 

particle size, percent organic matter, total nitrogen, and total available nitrogen.  The soil cores 

were also used to validate the results from the field ecosite classifications by performing an ‘in 

lab’ ecosite classification based on the soil texture in the 15-40cm extracted soil cores.    
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Figure 3.8: Sample Soil Core at Plot IH23 on June 19, 2009  
 

3.2.4 Plant Available Nutrients Using Resin Strips 

Anion and cation resin exchange sheets used in the wastewater industry for water 

purification (GE Water, Trevose, Pennsylvania) were inserted into the soil at each plot to assess 

nutrient availability.  Resin exchange sheets have the advantage of integrating available nutrient 

pools over a longer time period compared to a single soil measurement and are used to simulate 

nutrient uptake by roots (Rolph, 2003).  The anion and cation resin sheets were rinsed with 

distilled water, cut into individual strips measuring 1” by 5” and placed in labeled bags containing 

distilled water.  The ion strips were placed in the ground during a five day period from June 18th – 

June 22nd and removed over five days from July 30th – August 3rd.  The resin strips were in the 

ground for an average of 42 days and control resin strips were retained for each of the five days 

of resin strip insertion. 

The anion and cation resin strips were inserted into the ground in close proximity to the 

15cm steel rods on the side adjacent to the plot centre and away from the 40cm steel rods (Figure 
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3.9).  When looking towards the plot centre, the anion strip was placed on the right side while the 

cation strip was placed on the left.  Using a small spade, a cut was made in the exposed mineral 

soil and the ion strips were inserted vertically (Figure 3.9A).  The soil was then pushed together 

to ensure good contact between the soil and resin strips.  Two pebbles were placed on top of the 

locations of the resin strips to facilitate their relocation for removal (Figure 3.9B).   

 A) Insertion of resin strips

 B) TDR and resin positions 
Figure 3.9: Insertion and Placement of Resin Strips 
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3.3 Lab Analysis of Soil Cores and Resin Strips 

 The soil cores were analyzed in the Geography Department at Queen’s University to 

determine soil bulk density (section 3.3.1), porosity and volumetric water content (section 3.3.2), 

particle size distribution and soil texture (section 3.3.3), organic matter content (section 3.3.4), 

total nitrogen (section 3.3.5) and total available nitrogen in the soil mass (section 3.3.6).  The 

resin strips were analyzed for total available nitrogen (nitrate plus ammonium) over the growing 

season, as well as: calcium, magnesium, sodium and potassium (section 3.3.7).   

3.3.1 Bulk Density Calculations 

To determine soil bulk density (BD), each sample was weighed in the original bag to get 

the total weight of the wet sample and bag.  Ten empty bags were weighed to determine the 

average bag weight.  This value was subtracted from the soil sample to determine the soil wet 

weight.  The wet soil was then sieved through a 2mm sieve to remove rocks and roots >2mm.  

Roots also included bits of charcoal and decaying wood fragments.  Samples were handled with 

latex gloves to avoid contamination of future nutrient analysis and the soils were sieved on brown 

packing paper to prevent loss of soil.  When the roots and rock fragments/gravel remaining in the 

2mm sieve had wet soil clinging to them, the sample was rinsed in the sieve to remove the excess 

soil particles prior to separation into tin plates.  Roots and rock fragments/gravel were oven dried 

to determine their dry weights.  The rock fragments/gravel were dried in an oven at 105ºC 

overnight, while the roots greater than 2mm were dried in an oven at 60ºC for 24 to 72 hours 

depending on root size.   

From the <2mm soil, a subsample of approximately 20g was weighed and recorded, then 

dried overnight in an oven at 105ºC and re-weighed to determine dry weight.  All samples were 
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weighed immediately after removal from the oven to ensure that no moisture reentered the 

samples.   

Using the dry mass and wet mass of the <2mm soil subsample, a dry to wet soil mass 

ratio was calculated for each soil sample.   

Ratio dry to wet = Mass subsample dry / Mass subsample wet (eqn 3.3.1) 
  

The dry to wet soil ratio was used to calculate the total dry mass of the larger sample (including 

roots and rocks) by applying this ratio to the mass of the entire wet soil sample: 

Mass dry total = Ratio dry to wet * Mass wet total  (eqn 3.3.2) 
  

Using the total dry mass, the mass of the soil particles <2mm was determined by subtracting the 

dry mass of the roots and rocks from the total dry mass of the soil sample: 

Mass dry soil <2 mm = Mass dry total - Mass dry rocks - Mass dry roots  (eqn 3.3.3) 
  

Based on the dry mass of the roots and rocks, the volumes were calculated using generalized 

density values of 2.65g/cm3 and 0.6g/cm3, respectively (Brady and Weil, 2002).   

Volume rocks = Mass dry rocks / Density rocks  (eqn 3.3.4) 
 

The total volume of the extracted soil core was calculated based on the equation for the volume of 

a cylinder: 

V = πr²h     (eqn 3.3.5) 
Where r = radius of the soil core (3.75cm), 

h = height of the soil core (15cm or 25cm, respectively). 
 

Finally, the volume of the <2mm soil sample was calculated by subtracting the volume of the 

roots and rocks from the total volume of the soil core.  Lastly, the BD of the <2mm soil sample 

was calculated using the dry mass (eqn 3.3.3) and the volume of the soil particles less than 2mm. 

BD soil <2mm = Mass dry soil <2mm / Volume soil <2 mm   (eqn 3.3.6) 
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3.3.2 Porosity and Volumetric Water Content Calculations 

Total porosity, or percent pore space, was calculated based on the BD of each sample 

using the assumed particle density of 2.65g/cm3 for mineral soils.   

Porosity = 100 - (BD/PD * 100)      (eqn 3.3.7) 
Where  BD = bulk density of the soil (g/cm3) 
 PD = particle density (2.65 g/cm3) 
Source: Brady and Weil, 2002. 

 

 The volumetric water content (VWC) was calculated based on the total soil core volume 

and the depth of the soil core.  The mass of water was determined based on the total wet and dry 

weights of the samples, while the volume of water was calculated from the mass assuming a 

water density of 1g/cm3.   

VWC = Volume water / Volume core   (eqn 3.3.8) 
    Where VWC = volumetric water content (m3m-3) 

 

 It should be noted that a small error in the bulk density can have considerable effects on 

the calculated VWC (Heathman et al., 2003).  This would mean that for soil samples where the 

sample contained a mixture of organic and mineral soil, the calculated VWC could be incorrect 

and may not correlate well with the TDR-derived volumetric water content. 

3.3.3 Determination of Soil Texture and Analytical Lab Ecosite Classification 

Soil texture was measured using the hydrometer method (Gee and Bauder, 1986).  To 

summarize, approximately 60g of the soil sample (<2mm particle size) was soaked overnight in a 

beaker containing a combination of 250mL of de-ionized (DI) water and 100mL of sodium 

hexametaphosphate (NaHMP) solution (concentration: 50g/L).  The soaked soil samples were 

transferred into a dispersion cup by rinsing all of the soil into a mixing cup using DI water.  The 

solution was mixed for five minutes using an electric stirrer, then transferred to a sedimentation 

cylinder and filled to the 1L mark using DI water.  Hydrometer readings were taken using a 
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standard ASTM no. 152H hydrometer with Bouyoucos scale (g/L).  The hydrometer readings 

were calibrated using a blank sedimentation cylinder which contained no soil and was used as a 

baseline value.  Hydrometer readings were taken at 30s, 60s, 3min, 10min, 60min, 90min, 

120min and 1440min.  Readings were taken from the blank sedimentation cylinder at least twice 

during the particle size analysis and the hydrometer was rinsed with DI water before insertion 

into other sedimentation cylinders.   

The particle size composition of each sample was determined using equations in Dietrich 

(2005) (see Appendix E).  Using a soil texture triangle, the soil type is determined based on the 

calculated percentage of the different particle sizes.   

After determining the particle size composition, the soil mixture from each sample was 

poured through a 53μm sieve to separate the clay and silt particles from the sand particles.  The 

sand particles remaining in the sieve were rinsed into an aluminum pan, oven dried at 105ºC 

overnight and used to determine the percentage of sand in the sample on a per mass basis.  This 

sand percentage (eqn 3.3.9) is based on the weight of the oven dried soil greater than 53μm and 

the initial dry weight of the soil sample calculated from the wet to dry mass ratio.  The sand 

percentage was used to verify the accuracy of the hydrometer reading calculations. 

 % sand = 100 * (mass dry sand / mass dry soil sample)  (eqn 3.3.9) 
 

 Once the sand percentage was calculated, the remaining sand fraction from the sample 

was further sieved to determine the dominant sand size class within the sample (Table 3.1).   

          Table 3.1: Sieves and Sand Size Classification 
Sieve Number Mesh Opening (mm) Sand Size

18  >100 very coarse
35  >0.500 coarse
60  >0.250 medium
140 >0.106 fine
base solid very fine
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The dominant sand size was calculated by weighing each of the five size classes and 

dividing their individual weight by the weight of total dry sand fraction to determine the 

percentage of each sand size class in the soil.  The dominant sand size class corresponds to the 

size class with the highest percentage of sands.   

Since soil texture plays a crucial role in the porosity and subsequent moisture regime of a 

soil, this analysis was performed so that the particle size analysis data could be used to perform 

an ‘in-lab’ ecosite classification for each sample based on the dominant texture at a depth of 15-

40cm.  This ‘in-lab’ ecosite classification was used for comparison against the field ecosite data 

to assess the accuracy of field texture analysis and to provide an accurate ecosite classification of 

the plots with respect to the soil texture in the rooting zone of the trees.   

3.3.4 Organic Matter (OM) Content Derived from Loss on Ignition (LOI) 

Loss on ignition (LOI) was used to determine the percent organic matter (OM) of the 

<2mm soil.  Beakers were pre-ashed in a muffle furnace for 2 hours at 400ºC.  Upon cooling, the 

empty beakers were labeled and weighed to the nearest 0.1mg using a high precision scale.  

Approximately 3g of the <2mm soil was placed into each beaker and weighed to the nearest 

0.1mg.  The samples were dried overnight in an oven set at 105 ºC and weighed using a high 

precision scale to determine their oven-dried weight.  Samples were then placed in a muffle 

furnace at 400ºC for 16 hours to burn off all the organic matter.  Upon removal from the muffle 

furnace, the samples were placed in a dessicator to cool and to ensure that they did not reacquire 

any moisture from the atmosphere.  Samples were re-weighed using the high precision balance to 

determine the weight of the remaining non-organic materials.  The percent of organic material 

lost on ignition was calculated as follows: 
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 %OM = (mass 105º - mass 400º / mass 105º)  (eqn 3.3.10) 
  Where mass 105º = sample weight after 105ºC overnight drying, 

mass 400º = sample weight after 400ºC drying for 16 hours. 

3.3.5 Determination of Total Nitrogen (tN) 

The amount of total nitrogen (tN) in the soil cores was determined by thermal combustion 

in a LECO Truspec CN (LECO Corporation, St. Joseph, Michigan).  A 5g subsample from the 

soil samples was air dried for five days and then ground into a fine powder using an electric 

grinder or a mortar and pestle.  From the ground sample, approximately 0.3g was placed in a pre-

weighed plastic tray and weighed to the nearest 0.1mg.  The 0.3g finely ground sample was 

wrapped in aluminum foil and processed through the LECO Truspec CN to determine the tN.  

3.3.6 Determination of Total Available Nitrogen (taN) 

Total available nitrogen (taN) was determined by assessing the individual amount of 

nitrate in the form of nitrogen (NO3-N) and ammonium in the form of nitrogen (NH4-N) in the 

soil cores.  The NO3-N and NH4-N was extracted from the soil cores using 2M potassium chloride 

(KCL).  For the extraction, 10g ± 0.5g of the <2mm soil was weighed into individual labeled 

plastic specimen cups.  Seventy-five millilitres of the 2M KCL solution was added to each of 

these cups and the specimens were placed on a mechanical shaker table for 45 minutes.  For each 

set of twenty soil samples, a blank KCL solution was also prepared in a plastic specimen cup and 

shaken alongside the soil solutions.  Replicate measurements were made for five of the samples to 

ensure the consistency of the nutrient results. 

 After shaking, the extracts were filtered into labeled plastic vials using Fisherbrand Q5 

filter paper.  The plastic vials were filled to three quarters with filtrate and stored in the freezer 

until they were analyzed.  NO3-N was determined colorimetrically using cadmium reduction 

(Astoria Pacific, 2008), and NH4-N was measured colorimetrically using a phenolate method 
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(Astoria Pacific, 2007).  Both analyses were carried out on an Astoria2 Analyzer (Astoria Pacific 

International, Clackamas, Oregon).  The concentration readings of NO3-N and NH4-N were 

converted from mg/L of solution to mg/kg of soil using the methodology outlined below.  

First, the concentrations of NO3-N - and NH4-N in the filtrate were standardized using the 

blank readings by subtracting the average blank NO3-N and NH4-N concentration from the 

recorded concentration measurements for each sample.  The dry mass of the soil sample was 

calculated using the wet to dry soil mass ratio (eqn 3.3.1), and the dry mass was subtracted from 

the wet mass to derive the volume of moisture in the original soil sample.  Subsequently, the total 

volume of liquid contained in the pre-filtered solution was determined by adding the soil moisture 

volume to the volume of KCL used for the extraction.  Using the total volume of liquid in the 

solution, the total mass of NO3-N and NH4-N was calculated by multiplying the measured 

concentration of the ions (units: mg/L) and the volume of liquid in the solution (units: L) to get 

the mass.  The total mass of ions was then divided by the dry mass of each soil sample to 

calculate the mass of ions per kilogram of soil.  Lastly, the taN concentration was determined by 

adding together the concentrations of NO3-N and NH4-N.   

3.3.7 Nutrient Analysis of Resin Strips 

The anion and cation resin strips were processed to determine the amount of taN 

available to plant roots based on the concentrations of NO3-N and NH4-N in the soil solution.  

The anion and cation strips were processed separately.  NO3-N was determined colorimetrically 

using cadmium reduction (Astoria Pacific, 2008), and NH4-N was measured colorimetrically 

using a phenolate method (Astoria Pacific, 2007).  The cation strips were also analyzed to 

determine the concentrations of available calcium (Ca), magnesium (Mg), sodium (Na) and 

potassium (K) in the plots.  
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The anions and cations were removed from the strips by soaking and shaking them in 

0.5M hydrochloric acid (HCl).  All handling of resin strips was performed with clean tweezers 

and gloves.  Each resin strip was removed from its sample bag with tweezers, rinsed with DI 

water and placed into a labeled specimen cup.  The tweezers and gloves were rinsed with DI 

water between each sample.  100mL of 0.5M HCl was added to each sample cup and the cups 

were shaken for 30 minutes using a mechanical shaker table.  After shaking, the resin strips were 

removed from the acid, rinsed again with DI water and placed in labeled plastic weigh boats.  The 

resin strips were weighed using a 2-decimal scale and left to dry overnight in the weigh boats.  

The following day the resin strips were re-weighed to allow for the concentrations of NO3-N and 

NH4-N to be expressed per unit mass of resin strip and to determine the volume of solution 

contained within each anion strip when it was saturated. 

Once the ions had been extracted from the resin strips, the pH had to be buffered for both 

anion and cation analyses.  An Oakton pH meter was calibrated and used to measure pH changes 

during buffering.  Acceptable pH values for the anion solutions was between pH 5 and pH 9, 

while the range of acceptable pH values for the cation solutions was between pH 4.5 and pH 5.5 – 

this was required primarily for NH4-N analysis.  The control anion and cation strips were 

prepared and analyzed using the same techniques.   

For the anion solutions, 10M sodium hydroxide (NaOH) was added directly to the acidic 

anion solution to achieve a pH between 5 and 9.  The NaOH was added using a 1000µL and a 

100µL pipette and the solution was stirred constantly with the pH probe.  The exact volume of 

base added to the solution was recorded during this process.   

Extensive methodology development was performed by Steve Kozairs from February to 

May 2010 which resulted in ~90% recovery of NO3-N from the anion loaded resin strips; 
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however, a similar methodology was not developed for the cation resin strips.  As such, the cation 

solutions were sent to the Analytical Service Unit (Queen’s University, Kingston, Ontario) for 

processing.  Prior to analysis, it was necessary to prepare the samples by: (a) diluting the samples 

for analysis of available cations (i.e., Ca, Mg, K and Na); and (b) diluting and buffering the 

samples for NH4-N analysis.  Gravimetric dilutions were used to determine the end volume of 

liquid in each sample solution, so it was not necessary to record the exact volume of base used to 

neutralize the solution.  The weight of new specimen cups and plastic vials was determined 

before any liquids were added to facilitate the dilutions and DI water was used to bring the end 

weight of the sample to the necessary predetermined value based on the dilution factor.   

From the cation solutions, a 1/10th dilution was prepared for metal analysis of each 

sample by pipetting a 5mL subsample from the acidic ion solution into a newly weighed and 

labeled specimen cup and diluting the solution gravimetrically to 50mL using DI water.  The 

metal analysis was performed on the 1/10th dilution solutions.  For the NH4-N analysis, a 10mL 

subsample of the 1/10th dilution solution was placed into a weighed plastic vial and neutralized to 

a pH value between 4.5 and 5.5 using 0.5M NaOH and an Oakton pH meter.  The pH meter was 

calibrated between every five samples and the 0.5M NaOH was added using a 1000µL and a 

100µL pipette.  Once the diluted solution was neutralized, it was re-weighed and DI water was 

added to bring the volume of the solution to 15mL.  As a result, the effective dilution for the 

buffered samples used in the NH4-N analysis was 1/15th.    

The concentrations of the NO3-N and NH4-N ions on the resin strips were converted from 

mg/L of sample solution into mg/kg of resin strip using the following methodology.  For the 

anion strips, the total volume of liquid was determined by adding together the volume of solution 

contained on the saturated resin strip, the volume of acid extractant, and the volume of base used 
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to neutralize the solution.  For the cation strips, the volume of solution on the saturated resin strip 

was added to the final volume of solution needed to extract, dilute and neutralize the ions and the 

dilution coefficients were used to determine the original volume of the solution. 

 Using the total volume of liquid in the solution, the total mass of NO3-N - or NH4-N was 

calculated by multiplying the measured concentration of the ions (units: mg/L) and the volume of 

liquid in the solution (units: L) to get the mass.  The total mass of ions was then divided by the 

dry mass of each resin strip to calculate the mass of ions per kilogram of resin strip.  The taN 

concentration was determined by adding together the concentrations of NO3-N and NH4-N.  Since 

the resin strips are meant to represent the uptake of nutrients by roots, it can be assumed that the 

amount of taN contained on each kilogram of resin strip is equivalent to the amount of taN 

available to each kilogram of plant roots within the plot.   

3.4 Remote Sensing Data 

3.4.1 LiDAR Data Acquisition 

During the summer of 2007, a high precision LiDAR survey (~3 returns per m2) was 

acquired during leaf-on conditions along seven flightlines in the RMF (Figure 3.10).  The LiDAR 

flightlines are bound by the UTM coordinates 426200E, 5338000N and 446500E, 5354000N 

(NAD83, UTM Zone 17N) and cover 21km2 of the RMF.   
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  Figure 3.10: Location of LiDAR Flightlines and Plots 

 

The LiDAR system used was an Optech Airborne Laser Terrain Mapper (ALTM) 3100 

sensor mounted in a Cessna Grand Caravan aircraft (Lim, 2010).  The plane was flown at an 

altitude of 1000m at 120 knots and the LiDAR sensor employed a maximum pulse repetition rate 

of 100kHz, a scan frequency of 54Hz and a 20° (half angle) field of view (Woods, 2009).  This 

resulted in a cross-track resolution of 0.499m, an along-track resolution of 0.572m and a swath 

width of approximately 475m (Woods, 2009; Lim, 2010).  The LiDAR data was provided in a 

raw LAS 1.0 file format.  As such, the LiDAR data required processing to classify the LiDAR 

point returns (section 3.4.2.1); create DEMs and DSMs (section 3.4.2.2); and generate a variety of 

derivative surface layers based on the DEMs and other topographic variables (section 3.4.3). 
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3.4.2 LiDAR Data Pre-Processing 

3.4.2.1 Classification of High Resolution Raw LiDAR Data 

 Classification of the LAS files of LiDAR point clouds was performed in TerraScan 9 

(TerraSolid Ltd., Jyväskylä, Findland).  The flightlines were tiled into square grids measuring 

1x1km with 20m overlap.  The points were classified into ground points, vegetation points and 

unusual points using macro scripting in TerraScan 9 (Appendix F).  The points were classified tile 

by tile using the steps outlined in table 3.2. 

Table 3.2: LiDAR Point Classification in TerraScan 
Step 1: Classify all of the LiDAR points into the default point category

Step 2: Classify the default points by pulse return into the low vegetation category if they are the only 
return or the last of many returns 

Step 3: Classify the default points that are isolated into the unusual points category if they have fewer 
than one hit within a distance of 3.5 meters 

Step 4: Classify the default points with an absolute elevation lower than ‐50m or greater than 500m into 
the unusual points 

Step 5: Classify the low vegetation points into the ground point category using an iterative TIN algorithm 
approach.  The algorithm iteratively adds points to the ground classification category if they fall 
within the following specified parameter thresholds.  See below for more details.   

Step 6: Classify all the remaining low vegetation points into the default point category 

Step 7: Classify the default points into the vegetation category if they are greater than 10cm and less than 
100m above the interpolated ground surface points.  Once the DEMs were generated and the 
average canopy height was determined, the 100m threshold was examined to ensure that no 
data spikes had occurred in the data leading to erroneous results. 

 

The ground points were classified using an iterative TIN ground classification algorithm 

which starts by generating a sparse TIN based on local neighbourhood minimal points within a 

user-defined area and iteratively adds points to the ground surface if they are within user-defined 

thresholds.  The algorithm employs three main user-defined parameters: the terrain angle, the 

iteration angle and the iteration distance.  The terrain angle is the estimated maximum terrain 

slope that is naturally occurring in the data; the iteration angle is the angle between the triangle 

plane and a line drawn from the point to be classified and the closest triangle vertex; and the 
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iteration distance is the perpendicular distance from the point to be classified to the triangle plane 

(Soininen, 2010b) (Figure 2.9).  The ground classification algorithm was run three different times 

using the following parameters (Table 3.3).  

Table 3.3: Threshold Parameters for the Iterative Ground Classification 

 
Defined Starting 

Area 
Maximum Terrain 

Angle 
Iteration 
Distance 

Iteration 
Angle 

Parameters for First Iteration  40 x 40 m 88 ° 6 m  1.4 °

Parameters for Second Iteration   60 x 60 m 88 ° 7 m  1.4 °

Parameters for Third Iteration  60 x 60 m 88 ° 10 m  1.4 °

 

Based on the selected thresholds for the first iterative pass of the algorithm, the maximum 

allowable height differential between points to be classified as ground and the plane of the ground 

surface is 98cm when the point to be classified as ground is at a distance of 40m from a 

previously classified ground point.  If the point to be classified is only 2m away from a previously 

classified ground point, then the allowable height differential between the point in question and 

the plane of the ground surface is 5cm.  During the second and third iterative passes, the 

maximum allowable height to be classified as a ground point is a point that is 147cm above the 

plane of already classified ground points when it is at a distance of 60m from the already 

classified ground point in question.  If the point to be classified is only 2m away from an already 

classified ground point, then it must be less than 6cm above it in elevation.  A terrain angle of 88º 

was chosen to exclude human-made features from being classified into the ground surface. 

After the creation of the ground surface, all points greater than 10cm and less than 100m 

above the interpolated ground surface were classified as vegetation.  It should be noted that the 

LiDAR point classification used for this study does not distinguish between the true vegetation 

hits and hits occurring on human-made structures such as buildings, power lines and sign posts.  
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3.4.2.2 Creation of DEMs and DSMs from Classified LiDAR Data 

After classifying the LiDAR point data, the classified LAS files were loaded into ArcMap 

9.3 (ESRI Inc., Redlands, California) using LAS Reader for ArcGIS 9 (GeoCue Corporation, 

Madison, Alabama).  The points in the LAS files were manually extracted to individual shapefiles 

for each of the tiles and projected to NAD83, UTM Zone 17N.  Once the shapefiles were 

projected, two geoprocessing models were created using ESRI Model Builder to create DEMs 

and DSMs at four different resolutions: 2m, 5m, 10m and 20m (Table 3.4).   

Table 3.4: Workflow of Arc Model Used to Create DEMs and DSMs 
Arc Tool  Description of Action Performed in the Model 

Select  Select the desired classified points to create a new shapefile for each tile

 
If building a DEM:

Select only ground points 
If building a DSM: 

Select both ground and vegetation points 

Merge  Merge the points into a single shapefile per flightline 

Create TIN 
 

Create a TIN for each flightline and clip the TIN to the edge of the flightlines.
Use the TIN to create a temporary 1m DEM to determine the average elevation values 

in the lake polygons to be used as breaklines. 

Edit TIN 

If TIN is for DEM:
Breaklines >> roads (hardline),  

permanent streams (softline) and  
edge of lakes (hardreplace) 

If TIN is for DSM: 
Breaklines >> edges of lakes only 

(hardreplace) 
 

TIN to Raster 
Create DEMs and DSMs for each of the flightlines at four different resolutions:

2m, 5m, 10m and 20m 

Mosaic to New 
Raster 

Mosaic the DEMs and DSMs of the individual flightlines  
into one raster at each of the four resolutions 

 

During the creation of DSMs, occasionally the number of points per flightline was too 

large for the memory capacity of the computer, so in this case the flightline was cut into smaller 

overlapping segments which were used to create the individual TINs and DSMs.  The 

overlapping flightline segments were then mosaiced into the full flightline shape using a blend of 

the overlapping values and finally the individual flightlines were mosaiced into one raster at each 

resolution (Figure 3.11).   
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Figure 3.11: Digital Surface Model (DSM) at Four Resolutions 
 

3.4.2.3 Evaluating Resolution, Cell Size and Low Pass Filters 

Mummery et al. (1999) note that remote sensing techniques have the ability to detect 

trends in spatial patterns that have a periodicity which is twice as large as the grid resolution.  

Thus, as the horizontal grid resolution of the DEM increases, the ability of the grid to represent 

and detect local changes in terrain variation also increases in scale (Table 3.5).   

     Table 3.5: Effects of Grid Resolution  
     (after Mummery et al., 1999) 

Horizontal Grid 
Resolution (m) 

Representative Scale of 
Terrain Variation (m) 

2 4

5 10

10 20

20 40
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With this in mind, a low pass spatial filter was applied to the 2m and 5m DEMs using a 

3x3 moving neighbourhood window to examine the effects of smoothing the DEM surface at 

finer resolutions (Figure 3.12).  The low-pass filter assigns the local average elevation value from 

the neighbouring cells in the 3x3 window to the center pixel as it moves throughout the entire 

DEM.  The low-pass filter was applied in ArcMap 9.3 (ESRI Inc., Redlands, California) using the 

Filter Tool located in the Neighbourhood Tools within the Spatial Analyst Toolbox. 

 
Figure 3.12: Examining the Effects of Smoothing using a Low Pass Filter 
 

Low-pass filters are commonly used in remote sensing to reduce the presence of noise or 

variability within the data and suppress the influence of anomalous cells (Lillesand et al., 2004).  

The smoothing filter was applied to the raw DEMs at the 2m and 5m resolution because it was 

assumed that the variability, or noise, at the 10m and 20m resolution would already be 
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sufficiently blended into the data due to the larger cell size.  The smoothing filter was applied to 

determine whether the finer resolution DEMs contained noise that was obscuring the trends and 

results in the data or whether the ‘perceived noise’ was in fact indicative of important trends in 

the variability of the data.   

3.4.3 Creation of Derived Surface Layers from DEMs 

3.4.3.1 The Canopy Height Model (CHM) 

In ArcMap, a canopy height model (CHM) was created at each of the four resolutions by 

subtracting the height of the raw DEM from the DSM to determine the height of the forest 

structure at each cell within the flightlines (Figure 3.13).  The CHMs were processed using the 

raster calculator in the Spatial Analyst Toolbar (ArcMap 9.3, ESRI Inc., Redlands, California). 

 

  Figure 3.13: Canopy Height Model (CHM) 
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3.4.3.2 Enforcing Hydrological Continuity in the DEM 

The linear stream network shapefile was used to locate areas on the DEM where culverts 

should be present in order to enforce hydrological continuity between the cells in the DEM that 

are adjacent to the roads.  Without this step, the LiDAR-derived DEM contained blockages to the 

water flow where roads pass over streams, thereby masking the natural (and anthropogenic) 

hydrological nature of the drainage system.  The LiDAR data records the road surface above the 

watercourse.  The culverts were located by performing a spatial intersection between the 

permanent and intermittent streams and the road network and they were manually ‘burned’ into 

the DEM.  First, the culvert locations were buffered by an appropriate cell size, which was 

dependant on the resolution of the DEM to be processed: a 2m buffer was applied to the 2m 

DEM, a 3m buffer was applied to the 5m DEM, a 5m buffer was applied to the 10m DEM and a 

10m buffer was applied to the 20m DEM (refer to Appendix G for more details).  The four 

buffered culvert feature layers were converted to raster layers and coded based on a unique ID for 

each culvert.  The Zonal Fill Tool (Spatial Analyst Tools, ArcInfo 9.3, ESRI Inc., Redlands, 

California) was employed to assign an elevation to each culvert that corresponds to the lowest 

adjacent cell along the perimeter.  The raster layers of the culverts with elevation values were 

mosaiced into the original DEM at each resolution to get a new DEM with culverts.  The culvert 

layer with elevation values was also mosaiced into the smoothed 2m and 5m DEM.  The newly 

derived DEMs with culverts were used as the base DEMs to create the rest of the derived terrain 

surface layers included in the thesis. 

3.4.3.3 Removing Depressions Using the Impact Reduction Approach (IRA)  

Depressions occur in a landscape when water can flow into a given cell, but it cannot 

flow out again because the cell has a lower elevation than its surroundings.  Depressions can be 
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true landscape features or artificial errors accumulated from processing digital data, yet regardless 

of their origin it is necessary to remove them to ensure hydrological continuity in the DEM.  

While there are a variety of techniques available to eliminate depressions in a DEM, the fill sinks 

technique is still the most widely available and easily accessible technique used for hydrological 

enforcement.  This technique, however, is limited in its application and output especially with 

data at a finer resolution because it can produce large unnatural flat areas within the landscape 

when the DEM must be raised to an artificial level for continuous flow (Lindsay and Creed, 

2005).  Breaching is another technique that is commonly used and it typically modifies fewer 

cells, but it has the negative effect of creating numerous artificial channels within the landscape 

(Lindsay and Creed, 2005) (Figure 3.14).  By comparison, the IRA algorithm is much more 

efficient than either filling or breaching as it works intelligently to decide whether cells classified 

as depressions should be breached or filled on an individual basis (Lindsay and Creed, 2005).   

Based on this understanding of depression removal algorithms, the DEMs with culverts 

were converted to a floating grid format and exported to TAS (Terrain Analysis Software) version 

2.0.9  (John Lindsay (2005); Guelph, Ontario) to utilize the IRA algorithm (Lindsay and Creed, 

2005) to remove depressions from the ground surface.  The IRA algorithm is accessed from the 

Remove Depressions subfolder of the Pre-processing menu in TAS v2.0.9 (John Lindsay, 2005).  

The IRA algorithm parameters were set to minimize both the number of cells modified and the 

mean absolute elevation differences in the DEMs with culverts while, at the same time, enforcing 

drainage over flat areas.   
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Figure 3.14: Examining the Effect of Depression Removal Algorithms 

Depression removal algorithms are used to enforce hydrological continuity across a landscape and 

are required for hydrological analysis.  The topographic wetness index (TWI) is an index of surface 

saturation based on terrain morphology.  The 10m breach layer represents the TWI calculated using 

a breaching algorithm, the 10m IRA layer represents the TWI calculated using an Impact Reduction 

Approach (IRA) depression removal algorithm, the 10m fill layer represents the TWI calculated 

using a filling algorithm, and the 10m raw layer represent TWI calculated using the unmodified 

ground surface with no depression removal algorithm.   

 

The IRA algorithm was selected because it has the best correspondence with the RMF 

stream network and it provides the least amount of modification to the DEM while making a 

hydrologically continuous surface (Table 3.6).  The IRA algorithm selects which depression 

removal technique to use based on the following equation (Lindsay and Creed, 2005): 
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 IF  
NMCf  

NMC  
 

MADf

MAD
     (eqn 3.4.1) 

    Where  IF = impact factor, 
NMC = number of modified cells, 

     MAD = mean absolute elevation difference. 
 

When the impact factor (IF) is greater than or equal to one, the breach technique is used; 

otherwise, the fill technique is employed.   

     Table 3.6: Comparison of Depression Removal Algorithms 
Depression Removal 
Technique 

Percent of Cells 
Modified 

Range of Changes 
in Elevations (m) 

10m Filling 
17,400 / 193,931

= 8.97% 
0 ‐ 5 m 

10m Breaching 
12,535 / 193,931

= 6.46% 
‐5 ‐ 0 m 

10m IRA 
15,941 / 193,931

= 8.21% 
0 ‐ 1 m 

 

3.4.3.4 Calculating the Topographic Wetness Index (TWI) 

The topographic wetness index (TWI) uses the upslope contributing area draining 

through a cell and the local slope of the landscape to determine an index of wetness, or surface 

saturation, at each cell (Beven and Kirkby, 1979).  The TWI is calculated according to the 

following formula: 

TWI = ln (α / tanβ)       (eqn. 3.4.2) 
where  α = the local upslope area draining through each cell and  

tanβ = the local slope. 
 

The TWI was processed in Whitebox v1.0.7 (John Lindsay (2010); University of Guelph, 

Guelph, Ontario) on the raw and smoothed DEMs with culverts and IRA-treated DEMs using the 

multiple flow direction FD8 algorithm (Freeman, 1991) (Figure 3.15).  The TWI, or Wetness 

Index Tool as it is treated in Whitebox, is located in the Secondary Terrain Attributes folder of 

the Terrain Analysis Tools. 
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  Figure 3.15: Topographic Wetness Index (TWI) 

 

For this research, the TWI was processed using the FD8 hydrological multiple flow 

algorithm (Freeman, 1991; Quinn et al., 1991) as opposed to the simpler D8 hydrological single 

flow algorithm (O'Callaghan and Mark, 1984).  The D8 flow algorithm is a channeling flow 

algorithm which forces all the water from a cell to flow towards a single neighbouring cell with 

the steepest downslope gradient.  As a result, water can flow in only one of eight directions and 

this can have the effect of creating artificial channels in the landscape in the upper areas of a 

watershed.  The FD8 flow algorithm is more complex than the D8 flow algorithm, as it allows 

water to flow into multiple neighbouring cells based on the convex or concave nature of the 

landscape.  It has been observed that the TWI patterns derived from the multiple flow direction 

algorithms are smoother and more suited for modelling the spatial distribution of soil moisture, 

while single flow algorithms produce TWI values with higher variance and skew (Wolock and 
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McCabe Jr., 1995).  These patterns are consistent across different resolutions of data.  Thus, the 

FD8 multiple flow algorithm was selected as it allows for more realistic water flow in the upper 

areas of a catchment where flow convergence and divergence have more influence on overland 

flow due to shape of the landscape.   

3.4.3.5 Processing the Percent Elevation Index (PEI) 

The percent elevation index (PEI) is a local elevation filter which is applied to a DEM 

using a 0-100% scale (Figure 3.16).  The scaled values represent the elevation of the centre pixel 

with respect to the neighbouring pixels, such that a 0% value represents a pit and a 100% value 

represents a peak in the DEM.  The PEI was processed on the raw and smoothed DEMs with 

culverts and the IRA-treated DEMs in Whitebox v1.0.7 (John Lindsay (2010); University of 

Guelph, Guelph, Ontario) using the Percent Filter Tool in the Image Processing Tools.   

 

   Figure 3.16: Percent Elevation Index (PEI) 
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The PEI was applied to the DEMs using a round filter with different neighbourhood sizes 

dependant on the resolution of the DEM in an effort to derive PEI values at the centre of the plots 

that were representative of an area roughly equivalent to the size of the forestry plots.  The 

parameters of the tool require the filter size to be an odd number with a minimum neighbourhood 

filter size of 3x3 cells.  As such, plot level precision was not directly achievable at the larger 

resolutions (Table 3.7); however, the effort was made to derive suitable values at these 

resolutions that were representative of the entire plot.   

            Table 3.7: Percent Elevation Index (PEI) Neighbourhood Filter Sizes 
DEM Cell Size 

(m) 
DEM Cell Area 

(m2) 
Neigbourhood 
Filter Size 

Neighbourhood 
Filter Area (m2) 

2m  2x2 = 4m2 11x11 22x22 = 484m2 

5m  5x5 = 25m2 5x5 25x25 = 625m2 

10m  10x10 = 100m2 3x3 30x30 = 900m2 

20m  20x20 = 400m2 3x3 60x60 = 3,600m2 

 

3.4.3.6 Extracting the Values from the DEM Derived Surface Layers 

The TWI and PEI surface layers derived in Whitebox and TAS were converted into ESRI 

Arc grid format for further processing.  This was achieved by exporting the Whitebox compatible 

layers into an ESRI compatible floating point grid format using the Export to ArcGIS Grid (.flt) 

tool in the Data Import/Export Toolbox in Whitebox v1.0.7 (John Lindsay (2010); University of 

Guelph, Guelph, Ontario) and then converting the floating point grids into ESRI raster grids using 

the Float to Raster Tool in the Conversion Toolbox in ArcMap. 

Once the data was in raster grid format, the raster calculator in the Spatial Analyst toolbar 

was used to apply raster math expressions to clean the data.  This involved the following two 

steps: (1) removing any data generated outside of the flightlines by clipping the layers to the 

boundaries of the flightlines; and (2) converting the values in the cells back to appropriate 
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numbers if they were altered during the conversion process from Whitebox to ArcGIS.  The TWI 

data layers were also scaled into a uniform and representative scale with values ranging from 0 to 

10 for all resolutions of the data.  Please refer to Appendix G for the details of the expressions 

used in these steps.   

 After the derived surface layers were cleaned in Arc, the cells which corresponded to 

forestry plots were extracted into a tabular format using a custom made Python script (The 

Python Software Foundation).  The Python script (Appendix H) utilizes the Zonal Statistics as 

Table Tool (ArcInfo 9.3, ESRI Inc., Redlands, California) to extract the following values on a 

plot by plot basis for all of the raster layers in a given workspace: number of cells, area of cells, 

minimum value in the plot, maximum value in the plot, mean value, standard deviation of values 

and sum of values in the plot.  The TWI and CHM surface layers were extracted at all four spatial 

resolutions using the Python script outlined in Appendix H.    

The PEI surface layer was extracted using a different method than the Python script 

mentioned above because averaging all the values in the PEI effectively smoothed out the 

differences between each plot and they became indistinguishable from each other.  Consequently, 

the PEI values were extracted into info tables using the Sample Tool in the Spatial Analyst 

Toolbar (ArcInfo 9.3, ESRI Inc., Redlands, California) while employing bilinear interpolation of 

the values surrounding the plot centre of each forestry plot.  Bilinear interpolation was used 

because it averages the values of the four adjacent cells surrounding the centre point of the plots 

and provides a more representative PEI value for each plot.  ArcCatalogue was used to export the 

info tables into a dbase IV (*.dbf) format so that the PEI data could be opened in Excel 

(Microsoft Office 2007, Redmond, Washington).   
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Other surface layers such as slope, aspect, raw elevation, flow direction, flow 

accumulation and curvature were derived and extracted from Arc; however, these layers were 

dropped from further analysis because they were either incapable of being transformed into a 

normal distribution, or they were determined to be collinear with variables already included in the 

analysis. 

3.5 Statistics 

3.5.1 Statistical Sampling Design 

The intention of this project was to have a balanced sampling design using fifteen 

different ecosite types with three replicate plots per ecosite.  Moisture and nutrients were to be 

measured at three locations (N, SE & SW) in each plot.  However, based on the actual ecosites 

represented on the landscape, the final analysis is based on an unbalanced sampling design.  

Further, field measurements are pooled for each plot (i.e., soil moisture and nutrients).    

The final statistical sampling design has seven ecosite clusters which contain differing 

numbers of plots and individual ecosite types per cluster (Table 3.8).  The seven ecosite clusters 

were selected using hierarchical clustering methods based on the Ontario Ecosystem 

Classification Guide (ELC Working Group, 2009).  The techniques used to derive the ecosite 

clusters and the breakdown of individual ecosite types are described in detail in Chapter 4. 

     Table 3.8: Statistical Design and Ecosite Clusters 
Ecosite 
Cluster  Ecosite Cluster Description 

Number Plots within 
Cluster 

CDS  Coniferous: dry, sandy 9 

DDS  Deciduous: dry, sandy 3 

CFL  Coniferous: dry to fresh, coarse loamy 6 

DFL  Deciduous: dry to fresh, coarse loamy 5 

CML  Coniferous: moist, coarse loamy 7 

DML  Deciduous: moist, coarse loamy 6 

SWP  Swamp: mineral or organic 9 
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3.5.2 Parametric and Non-Parametric ANOVA 

Prior to parametric statistical analysis, a qualitative analysis of cluster averages and 

standard deviations was performed to examine the general trends in the moisture and nutrient data 

with respect to the ecosite clusters.  After the qualitative analysis, the moisture and soil nutrient 

data was analyzed to determine which variables met the assumptions for parametric statistical 

analysis.  The data was tested for normality using the Shapiro-Wilks’s test for normality (n < 

2000), and the Brown- Forsythe test for homogeneity of variances (i.e., homoscedasticity).  The 

Brown- Forsythe test is considered to be more robust than the Levene’s test when the treatment 

groups are unequal in size (Brown and Forsythe, 1974). 

For cases where the raw data was not normally distributed, four potential transformations 

were applied in this order: square root, natural logarithm, logarithm and inverse.  The 

transformations were applied in this order so as to minimize the amount of modification between 

the raw data and the transformed data.  The square root and natural logarithm transformations 

proved to be successful for some variables; however, some variables failed the parametric 

assumptions regardless of which transformation was applied.  If the variables had values less than 

one prior to transformation, a constant was added to ensure that the transformation affected the 

data uniformly.   

Analysis of variance (ANOVA) was used to test for statistical differences between the 

ecosite clusters (p < 0.05).  If significant results were obtained from the ANOVA, Tukey’s 

honestly significant difference (HSD) test was used to determine differences between individual 

ecosite clusters.  For the non-parametric variables, the Kruskal-Wallis test (p < 0.05) was used to 

determine statistical differences between ecosite clusters based on rank sums.  Repeated measures 

ANOVA was used to assess the differences between early-, mid- and late-season volumetric 
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water content using the repeated TDR soil moisture measurements from each plot.  The statistical 

significance level for the repeated measures ANOVA was adjusted using the Bonferroni 

correction.  All transformations and statistical analyses were performed using the statistical 

software package PASW 17.0 (SPSS, IBM Corporation, Armonk, New York). 

3.5.3 Regression Analysis of LiDAR Data 

 Simple and multiple linear regression was used to determine the relationships between 

the LiDAR-derived variables and the mid-season soil moisture data.  Regression was performed 

using the 2m, 5m, 10m and 20m resolution data and the following LiDAR variables: TWI, CHM 

and PEI.  Initially, the TWI values at each resolution were regressed against the moisture data to 

determine the best output at each resolution based on the different hydrological processing 

techniques that were used when processing the LiDAR data.  The four hydrological processing 

techniques included the raw data, the IRA-altered data, the smoothed data and the smoothed IRA-

altered data.  Once the best hydrological processing technique was identified at each resolution, 

best-subsets multiple regressions were used to determine whether the addition of the CHM and 

PEI data improved the adjusted coefficient of determination (R2
adj) at each resolution.  The R2

adj 

values were used as opposed to the unadjusted coefficient of determination (R2) values because 

R2
adj values account for the effects of increased prediction efficiency that occurs when more 

predictor variables are added to the regression model.  The best R2
adj was used to establish the 

best multiple regression combination for each resolution and the best overall regression. 

The LiDAR-derived variables were transformed when necessary to achieve normal 

distributions using both the square root transformation and the Winsorizing technique.  The 

Winsorizing technique normalizes the data by changing the value of extreme outliers by making 

them equivalent to the next closest value within the inter-quartile range (Dixon, 1960; Wainer, 
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1976).  The Winsorizing transformation was applied to the 2m raw and IRA-altered TWI which 

displayed an outlier value that skewed the data with regards to normalization.     

3.5.4 Ordination 

Since the majority of the nutrient data could not be transformed to fit a normal 

distribution, the conventional metric ordination techniques (i.e., principal components analysis, 

redundancy analysis), could not be applied.  Two non-parametric ordination techniques were 

examined for application to this data:  (1) principal coordinate analysis (PCoA); and (2) non-

metric multidimensional scaling (NMDS).  PCoA is a metric form of multidimensional scaling 

that uses eigenvalue equations to determine which environmental variables have the largest 

gradients of variation and uses the gradients derived from the variables as the main axes of the 

ordination plot.  PCoA requires interval data while NMDS can be used with non-continuous 

ordinal data.  PCoA attempts to fit a linear relationship between objects based on ecological 

measures of similarity or dissimilarity, whereas NMDS has even more relaxed assumptions and 

uses only a monotonic function between the ranks of the objects using non-linear distances (Faith 

et al., 1987; Ramette, 2007; Zuur et al., 2007).  PCoA preserves the actual distances between the 

objects in the ordination, whereas NMDS preserves the rank order of the objects.  Shepard plots 

are used in PCoA to measure the goodness of fit by graphing the transformed distances against 

the original distances and determining how well the graph approximates a straight line (Shepard, 

1962; Zuur et al., 2007).  The goodness of fit is measured in NMDS by minimizing the stress 

function, phi, using a non-metric monotone transformation (Kruskal, 1964).    

Despite the flexibility provided by NMDS, it was determined that it was more desirable 

to use the more robust PCoA technique to visualize the actual distances between the plots based 

on the environmental variables in two-dimensional space.  Thus, PCoA was used to obtain 
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ordination plots of moisture data and various nutrient measurements in two-dimensional space 

while maximizing the separation between plots based on the selected environmental variables 

(Jongman et al., 1995).   

 The PCoA ordination was performed using transformations and techniques outlined by 

Legendre and Gallagher (2001).  They suggest using resemblance matrices and ecological 

transformations, such as the Hellinger transformation, to overcome the problems associated with 

using Euclidian distances with ecological datasets that have abundant zero values.  The Hellinger 

transformation is recommended for clustering datasets into patterns with meaningful 

relationships.  Further, this transformation is less susceptible to the ‘arch effect’ than other 

transformations (Legendre and Gallagher, 2001).  The Hellinger transformation modifies the data 

according to the following equation:   

 ,  

 

 

PCoA and the Hellinger transformations were performed using PrCoord 1.0 (Biometris - 

Plant Research International, Wageningen, The Netherlands) and the graphical plots were 

generated in Canoco for Windows 4.55 and CanocoDraw 4.14 (Biometris - Plant Research 

International, Wageningen, The Netherlands) according to the Canoco 4.5 Reference Manual (ter 

Braak and Smilauer, 2002).  The Hellinger transformed PCoA results were used as input data in a 

principal components analysis with scaling focused on the inter-sample distances and the data 

centered on species scores.   
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Chapter 4 - Results 

4.1 Field and Laboratory Ecosite Classifications 

Ecosite classification was performed twice for each of the thirty-four mineral soil plots; 

once in the field and again in the lab using analytical procedures (Table 4.1).  During the 

analytical classifications in the lab, seven of the thirty-four plots were reclassified based on the 

more precise characterization of soil conditions corresponding to the rooting zone (Table 4.1).  

Four of the ecosite differences were attributed to changes in the soil texture, while three of the 

differences were attributed to changes in the moisture regime.  The details of the changes and 

code meanings can be found in Appendices I and J.  The soil texture changes occurred based on 

discrepancies between the percentage of silt, sand and clay values determined within a sample 

using qualitative field tests when compared with the values measured from quantitative lab 

analysis using hydrometer readings (Appendix K).  The results from the analytical texture 

analysis show an 88% correspondence with the field texture analysis and this suggests that the 

soil texture classification was generally well performed in the field.  The other three ecosite code 

differences occurred due to an incorrect moisture regime classification in the field where the 

depth of recorded mottles was incorrectly used with the field key resulting in an incorrect 

classification.     
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Table 4.1: Ecosite Codes and Descriptions 

Ecosite 
Cluster  Ecosite Code  Ecosite Forest Type Description 

# of 
Field 
Plots 

# of 
Lab 
Plots 

CDS 

034D1dn  Jack Pine ‐ Black Spruce Dominated: dry, sandy 4 4
034D2fn Jack Pine ‐ Black Spruce Dominated: dry, sandy 2 2
035D1fn Jack Pine ‐ Black Spruce Mixed: dry, sandy 0 1
035D2fn Jack Pine ‐ Black Spruce Mixed: dry, sandy 1 1
037D2fn White Spruce ‐ Balsam Fir Mixed: dry, sandy 1 1

DDS 
040D1dn  Aspen ‐ Birch Mixed: dry, sandy 1 1
040D2fn Aspen ‐ Birch Mixed: dry, sandy 2 2

CFL 

049D2fn Jack Pine ‐ Black Spruce Dominated: dry to fresh, coarse loamy  2 2
049MD4fn  Jack Pine ‐ Black Spruce Dominated: dry to fresh, coarse loamy  1 1
050D2fn Jack Pine ‐ Black Spruce Mixed: dry to fresh, coarse loamy  2 2
050D4fn Jack Pine ‐ Black Spruce Mixed: dry to fresh, coarse loamy  2 1

DFL  055D4fn Aspen ‐ Birch Mixed: dry to fresh, coarse loamy 8 5

  065D3mn  Jack Pine ‐ Black Spruce Mixed: moist, coarse loamy 1 1
CML  065D5mn  Jack Pine ‐ Black Spruce Mixed: moist, coarse loamy 3 3
  067D5mn  White Spruce ‐ Balsam Fir Mixed: moist, coarse loamy  2 3

DML 
070D5mn  Aspen ‐ Birch Mixed: moist, coarse loamy 2 5
070MD5mn  Aspen ‐ Birch Mixed: moist, coarse loamy 1 1

SWP 

024O1hn  Jack Pine ‐ Black Spruce Mixed: very shallow, humid 1 1
128O5wn  Organic Intermediate Conifer Swamp 1 1
133M8vn  Hardwood Swamp 1 1
222D12vn  Mineral Poor Conifer Swamp 1 1
223D12vn  Mineral Intermediate Conifer Swamp 1 1
224D12vn  Mineral Rich Conifer Swamp 2 2
224M10vn  Mineral Rich Conifer Swamp 1 1
224MD14vn  Mineral Rich Conifer Swamp 1 1

 

4.1.1 Ecosite Clustering 

For the purposes of repeatability and statistical analysis, the individual ecosite codes were 

grouped into seven ecosite clusters (as described in the methods section).  The results of the 

analytical ecosite classifications were used to cluster the data, since they represent a more 

accurate classification of particle sizes and textures for the 0-40cm depth profile which 

correspond to the moisture depth measurements.  The individual ecosite types were grouped into 

the ecosite clusters based on the dominant canopy vegetation in the plots and the hierarchical 

structure of soil codes built into the OELC guidebook.  The clusters represent groups of similar 
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ecosite types based on soil texture and moisture regime that were used to identify and classify the 

specific ecosites.  The methodology behind the clustering can be seen in the decision tree (Figure 

4.1) which is based on the dendrogram keys in OELC guidebook (ELC Working Group, 2009).   

Summarizing the ecosite vegetation types irrespective of soil texture and moisture regime 

reveals that there are three types of coniferous forests found on mineral soils; however, there is 

only one deciduous forest type (Table 4.2).  The trembling aspen - white birch forests represent 

31% of all plots, thereby making this vegetative association the most prevalent in the sample 

plots.  Nearly half of the ecosite vegetation types found in the SWP cluster are mineral rich 

conifer swamps which are differentiated based on the presence and absence of indicator species.  

However, it is important to note that the forest types are found across a variety of soil texture and 

moisture regimes (Table 4.1); and as such, they exhibit characteristics with respect to herbs, 

shrubs, and understory layers that are specific to each soil type and moisture regime.   

Table 4.2: Ecosite Codes as Percentage of Plots 
Compiled Ecosite Types  
(based on all soil textures and moisture regimes) 

Number of 
Plots 

Percent of 
 Total Plots (%) 

Aspen ‐ Birch Mixed Deciduous Forests  14  31 

Jack Pine ‐ Black Spruce Mixed Coniferous Forests  10  22 

Jack Pine ‐ Black Spruce Dominated Forests  9  20 

White Spruce ‐ Balsam Fir Mixed Coniferous Forests  4  9 

Mineral Rich Conifer Swamps  4  9 

Organic and Other Mineral Swamps  4  9 

Total  45  100 

 

The seven ecosite clusters are: coniferous dry sandy (CDS), deciduous dry sandy (DDS), 

coniferous fresh loamy (CFL), deciduous fresh loamy (DFL), coniferous moist loamy (CML), 

deciduous moist loamy (DML) and mineral or organic swamps (SWP) (Figure 4.2).  Detailed 

descriptions of the ecosite clusters and the defining characteristics of the associated forest types 

can be found in Appendix L and representative sample plot pictures can be found in Appendix M.   
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Figure 4.1: Decision Tree for Ecosite Clustering (adapted from ELC Working Group, 2009) 
 

4.2 Statistical Analysis of Field Data 

4.2.1 Soil Moisture  

Soil moisture data generally met the assumption of normality, but generally failed the 

Brown-Forsythe test for homogeneity of variance (Table 4.3).  Due to this failure, a square root 

transformation was applied to the 0-15cm and 0-40cm moisture measurements to meet the 

necessary assumptions.  A constant value of one was added to the original data of the 0-15cm 

measurements prior to the transformation, to make all the values greater than one and ensure that 

Very moist mineral materials and 
saturated rock (MR = 6 or s) of any 
texture OR wet and saturated 

organic materials (MR = 7,8,9 or s)?

Hydric Site

(SWP Cluster)

Mostly mineral 
material <= 15cm ?

Very Shallow Site

(SWP Cluster)

Mostly mineral material > 15cm, 
dry (MR <= 1) AND sandy 

texture?

Dry Sandy Site

(CDS & DDS Cluster)
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dry to fresh (MR <= 3) AND sandy 

to coarse loamy texture?

Dry to Fresh Coarse Mineral Site
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consistent scaling was applied during the square root transformations.  This was not necessary for 

the 0-40cm data since the raw values were already greater than one.  It should be noted that the 

late-season moisture measurements failed the test of normality (p = 0.036); however, the Shapiro-

Wilk’s test statistic had a value close to one (W = 0.946), so the data was still used with the 

acknowledgement that the late-season measurements violate the assumptions of normality (Table 

4.3).   

For all cases, the ANOVA results demonstrated that there was at least one significant 

difference (p < 0.001) between the ecosite clusters (Table 4.3).  Seasonal differences in soil 

moisture are more prevalent for the 0-15cm layer than for the 0-40cm layer since the patterns of 

significant differences for the 0-15cm layer change with each set of seasonal measurements 

(Table 4.4).  However, based on Tukey’s HSD test, soil moisture in the CDS cluster was always 

significantly lower than the CML, DML and SWP clusters (Table 4.4).  Refer to Appendix N for 

the soil moisture measurement dates and Appendices O through Q for the individual plot 

averages. 

The cluster averages of soil moisture range from 1-11% and 17-45% for the 0-15cm and 

15-40cm measurements, respectively (Table 4.4).  The SWP cluster has the largest moisture 

variability at both depths.  It is evident that all of the ecosite clusters are drying out during the 

field season with the exclusion of the SWP plots which are getting wetter (Table 4.4).   

During the early season, soil moisture in the 0-15cm layer in the DDS and CFL clusters is 

similar to all the other clusters (Table 4.4).  The CDS cluster is significantly drier than the CML, 

DML and SWP clusters, and the DFL cluster is significantly drier than the DML and SWP 

clusters.  During the mid- and late-season 0-15cm moisture measurements, the SWP cluster is 

significantly wetter than all the dry sandy and fresh loamy clusters (CDS, DDS, CFL and DFL).  
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During the mid season, the DML cluster is significantly wetter than the other deciduous clusters 

(DDS and DFL), but during the late-season 0-15cm measurements the DML cluster is only 

significantly wetter than DFL cluster.   

Table 4.3: Normality, Homoscedasticity and ANOVA Results for Moisture Values 

 
Shapiro‐Wilk’s Brown‐Forsythe ANOVA 

W P‐value W P‐value P‐value 

Early‐Season Moisture (0‐15cm)  0.958 0.128* 7.641 <0.001* <0.001* 
Mid‐Season Moisture (0‐15cm)  0.951 0.058* 11.173 <0.001* <0.001* 
Late‐Season Moisture (0‐15cm)  0.956 0.083* 12.746 <0.001* <0.001* 
Early‐Season Moisture (0‐40cm)  0.955 0.099* 9.379 <0.001* <0.001* 
Mid‐Season Moisture (0‐40cm)  0.969 0.259* 19.431 <0.001* <0.001* 
Late‐Season Moisture (0‐40cm)  0.946   0.036 17.540 <0.001* <0.001* 
* = significant difference (p < 0.05) 

 

Table 4.4: Percent Soil Moisture Averages, Standard Deviations and Significant 
Differences  

Ecosite 
Cluster 

Early‐ 
Season 
Moisture  
(0‐15cm) 

Mid‐ 
Season 
Moisture  
(0‐15cm) 

Late‐
Season 
Moisture  
(0‐15cm) 

Early‐
Season 
Moisture  
(0‐40cm) 

Mid‐
Season 
Moisture  
(0‐40cm) 

Late‐ 
Season 
Moisture  
(0‐40cm) 

CDS 
1.32 a 
(2.01) 

1.71 a 
(2.08) 

1.14 a

(1.34) 
19.18 a

(6.40) 
18.76 a

(5.84) 
17.46 a 
(4.94) 

DDS 
3.36 a,b,c 
(3.00) 

2.56 a,b 
(1.62) 

2.18 a,b,c

(1.50) 
24.78 a,b,c

(6.82) 
19.60 a

(1.76) 
19.35 a 
(6.33) 

CFL 
4.53 a,b,c 
(4.23) 

3.69 a,b,c 
(3.37) 

3.43 a,b,c

(3.61) 
32.69 a,b,c,d

(9.74) 
27.33 a,b

(9.69) 
26.76 a,b 
(9.93) 

DFL 
2.31 a,b 
(1.54) 

2.31 a,b 
(1.15) 

1.59 a,b

(1.08) 
23.86 a,b

(6.57) 
22.78 a

(5.06) 
20.42 a 
(4.19) 

CML 
7.57 b,c 
(3.54) 

7.22 b,c,d 
(4.41) 

6.55 b,c,d

(3.50) 
41.08 c,d

(5.73) 
40.85 b,c

(6.49) 
40.28 b,c 
(5.01) 

DML 
9.92 c 
(4.25) 

8.76 c,d 
(4.38) 

7.15 c,d

(4.36) 
38.48 b,c,d

(5.32) 
37.63 b,c

(3.95) 
34.96 b,c 
(2.20) 

SWP 
10.86 c 
(6.36) 

11.53 d 
(5.18) 

11.48 d

(5.30) 
45.06 d

(16.38) 
45.40 c

(11.09) 
45.71 c 
(14.38) 

Format: Average value per cluster (standard deviation); values with different letters are 
significantly different (p < 0.05) 

 

For the 0-40cm soil moisture data, there is no seasonal change between the mid- and late-

season differences across ecosite clusters; where the CDS, DDS and DFL clusters are 

significantly drier than the CML, DML and SWP clusters, and the CFL cluster is only 
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significantly drier than the SWP cluster (Table 4.4).  The early-season 0-40cm moisture 

measurements display the following differences in these patterns: the DDS cluster is only 

significantly drier than the SWP cluster, the DFL cluster is only significantly drier than the CML 

and SWP clusters, and the CFL cluster is similar to all ecosite clusters. 

In summary at 0-40cm depth, the CDS and DDS clusters display homogeneity with the 

DFL cluster; while the CML and DML clusters display homogeneity with the SWP cluster during 

all seasonal measurements.  As a result, the CFL cluster is the only cluster whose relative 

moisture regime changes enough during the field season to switch its membership from being 

homogenous with all the clusters in the early season to become homogenous with only the dry 

sandy and fresh loamy clusters in the mid and late season.   

Repeated measures ANOVA indicated that there is a significant difference between the 0-

40cm seasonal moisture measurements (F[1.741, 71.386] = 4.774, p = 0.015), but there is no 

significant difference between the 0-15cm seasonal moisture measurements (F[1.560, 63.970] = 

3.124, p = 0.063).  Huyhn-Feldt estimates (epsilon > 0.75) were used to correct the degrees of 

freedom as Mauchly’s test indicated that the assumption of sphericity was violated (chi-square = 

8.532 and 15.462, p < 0.05) for both the 0-15cm and 0-40cm moisture measurements throughout 

the field season.   

Post-hoc tests (Table 4.5) conducted on the 0-40cm seasonal moisture measurements 

revealed that soil moisture was significantly higher in the early season compared to late season (p  

= 0.024), but did not differ from the mid-season conditions (p = 0.602).  The mid- and late-season 

measurements had no significant differences (p = 0.098).  A Bonferroni correction was used to 

adjust the critical p-value to account for repeated statistical tests.   
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Table 4.5: Pairwise Comparisons of Seasonal Moisture Measurements 
  Mean Difference P‐Value 

Early Season vs. Mid Season (0‐40cm)  0.092 0.602 

Early Season vs. Late Season (0‐40cm) 0.198 0.024* 

Mid Season vs. Late Season (0‐40cm) 0.107 0.098 

* = significant difference with Bonferroni correction 

 

4.2.2 Nutrient Availability and Soil Physical Properties 

It should be noted that plots MW14 and SB31 have no recorded soil core data for the 15-

40cm layer as the soil corer was unable to penetrate to this depth at these plots.  Also, plot PJ21 is 

excluded from all soil core analyses at both depths as no soil core was recovered from this plot.  

MW14 belongs to the SWP cluster, SB31 belongs to the CFL cluster and PJ21 belongs to the 

CML cluster.  The results from the analyses of nutrient availability and soil physical properties 

are located in Appendices R and S. 

4.2.2.1 Parametric Analysis 

Porosity, VWC, available Ca and Mg met the parametric assumptions, and they were 

analyzed using ANOVA.  The raw VWC 0-15cm data fit the assumptions without 

transformations, while the other variables were transformed using the natural logarithm.  The 

transformed available Ca data narrowly failed the test of normality (p = 0.049); however, the 

Shapiro-Wilks’s test statistic exhibited a value close to one (W = 0.95) (Table 4.6).  Hence, the 

transformed available Ca data was still used for parametric analysis with the acknowledgement 

that it violates the assumptions of normality.  Based on the ANOVA results, all of these variables 

have at least one significant difference (Table 4.6).   

Based on post-hoc sample comparisons for porosity at 0-15cm, the SWP is significantly 

higher than the DDS cluster, while the 15-40cm porosity data shows that the SWP cluster is 

significantly higher than the CDS, DDS and CFL clusters (Table 4.7).  The results from the 0-
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15cm VWC data show that the CDS and DDS clusters are significantly drier than the DML and 

SWP clusters.  For VWC at 15-40cm, the SWP cluster is significantly wetter compared to the 

CDS and DDS cluster, and the DML cluster is also significantly wetter than the CDS cluster.   

Table 4.6: Results from ANOVA 

Parametric Variables 

Shapiro‐Wilk’s Brown‐Forsythe ANOVA 

W P‐value W P‐value P‐value 

Porosity (0‐15cm)    0.956  0.088*  3.657  0.009* 0.011* 

Porosity (15‐40cm)    0.951  0.068*  4.990  0.001* 0.003* 

VWC (0‐15cm)    0.956  0.095*  6.570  0.000* <0.001* 

VWC (15‐40cm)    0.980  0.654*  6.811  0.000* <0.001* 

Ca (resins)    0.950  0.049    3.114  0.023* 0.020* 

Mg (resins)    0.951  0.056*  4.140  0.005* 0.006* 

* = significant difference (p < 0.05) 

 

Table 4.7: Variable Averages, Standard Deviations and Significant Differences 
based on Tukey’s HSD Test 

Ecosite  
Cluster 

Porosity  
(0‐15cm) 

(%) 

Porosity 
(15‐40cm) 

(%) 

VWC
(0‐15cm) 
(m3 m‐3) 

VWC
(15‐40cm) 
(m3 m‐3) 

Ca
(resins) 
(μg/ml) 

Mg 
(resins)  
(μg/ml) 

CDS 
62.91 a,b 
(7.36) 

50.24 a 
(7.76) 

0.188 a

(0.065) 
0.159 a

(0.080) 
132.1 a,b

(142.9) 
30.0 a,b 
(34.5) 

DDS 
58.03 a 
(7.14) 

50.71 a 
(3.33) 

0.207 a

(0.016) 
0.181 a,b

(0.061) 
249.7 a,b

(342.7) 
35.6 a,b 
(44.6) 

CFL 
71.51 a,b 
(12.39) 

52.20 a 
(9.04) 

0.272 a,b

(0.159) 
0.217 a,b,c

(0.067) 
362.2 b

(271.3) 
75.8 b 
(55.9) 

DFL 
75.53 a,b 
(6.89) 

60.62 a,b 
(7.20) 

0.259 a,b

(0.101) 
0.351 a,b,c

(0.210) 
224.6 a,b

(177.5) 
63.2 b 
(53.1) 

CML 
71.41 a,b 
(15.52) 

58.29 a,b 
(6.20) 

0.351 a,b

(0.049) 
0.318 a,b,c

(0.069) 
85.7 a,b

(171.1) 
17.1 a,b 
(33.1) 

DML 
73.43 a,b 
(5.89) 

54.39 a,b 
(9.22) 

0.400 b

(0.079) 
0.339 b,c

(0.061) 
24.9 a

(28.5) 
3.4 a 
(2.1) 

SWP 
84.93 b 
(16.6) 

74.16 b 
(17.55) 

0.429 b

(0.138) 
0.537 c

(0.349) 
152.1 a,b

(209.3) 
32.7 a,b 
(42.6) 

Format: Average value per cluster (standard deviation); values with different letters 
are significantly different (p < 0.05) 

 

The porosity and VWC values were calculated based on functions related to the bulk 

density and an assumed particle density of 2.65g/cm3 (Brady and Weil, 2002).  As a result, the 

values for the SWP cluster may not be representative of the actual porosity or VWC due to the 

increased presence of organic material which has a lower particle density than mineral soil.  The 
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0-15cm porosity values for the mineral clusters range from 58.03% to 84.93%, while the 15-40cm 

porosity values range from 50.24% to 74.16% (Table 4.7).  The VWC values increase as one 

progresses from dry sandy sites to fresh loamy sites to moist loamy sites for both the 0-15cm and 

15-40cm soil cores (Table 4.8).  The highest VWC values at both depths occur in the SWP cluster 

and the lowest VWC values occur in the CDS cluster.  

Available cations (Ca and Mg) differed significantly between the different ecosite 

clusters (p = 0.020 and 0.006, respectively).  With respect to available Ca, the DML cluster is 

significantly lower than the CFL cluster, while the available Mg data shows that the DML cluster 

is significantly lower than both the CFL and DFL clusters (Table 4.7).  The DML cluster has the 

lowest amounts of available Ca and Mg; whereas, the CFL has the highest amounts of available 

Ca and Mg (Table 4.7).   

4.2.2.2 Non-Parametric Analysis 

The following variables were analyzed using the Kruskal-Wallis test, as normalization 

transformations were unsuccessful and/or the data did not pass the Brown-Forsythe test for 

homogeneity of variances: BD at both depths, percent OM from the LOI analysis, taN in both the 

soil cores and resin strips, tN in the 0-15cm soil cores, and available K and Na on the resin strips 

(Table 4.8).  Statistical differences were reported between the ecosite clusters for the BD, OM 

and tN (Table 4.8).   

Soil bulk density values differ significantly among the different forest ecosite clusters (p 

= 0.009 and 0.020 for the 0-15cm and 0-40cm data, respectively).  The dry sandy ecosite clusters 

(CDS and DDS) have the highest BD values at both depths (Table 4.9).  This is to be expected 

since sandy soils typically have higher bulk densities than soils made of finer materials.  This 

occurs because sand grains tend to pack tightly together and form soils that are denser; whereas, 
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finer material soils tend to be more porous and have better soil structure (Brady and Weil, 2002).  

The SWP cluster has the lowest BD values, since organic material is much lighter than mineral 

material by volume and this cluster includes plots with organic soils.  According to Brady and 

Weil (2002) uncultivated forest soils have bulk density values that range from 0.8-1.2g/cm3; these 

values correspond well to the 15-40cm BD values which range from 0.69g/cm3 for the SWP 

cluster to 1.32g/cm3 for the CDS cluster (Table 4.9).   

      Table 4.8: Results from Kruskal-Wallis Test 

Non‐Parametric Variables 

Kruskal‐Wallis Test
(ANOVA by Ranks) 

Chi‐square P‐value 

BD (0‐15cm soil core) 16.996  0.009* 

BD (15‐40cm soil core) 15.038  0.020* 

OM (0‐15cm soil core) 18.274  0.006* 

tN (0‐15cm soil core) 21.878  0.001* 

taN (0‐15cm soil core) 7.223 0.301 

taN (resins) 9.284 0.158 

K (resins)  11.213 0.082 

Na (resins)  5.988 0.425 

      * = significant difference (p < 0.05) 

   

Table 4.9: Non-Parametric Variable Averages and Standard Deviations 

Ecosite  
Cluster 

BD 
(0‐15cm) 
(g/cm3) 

BD 
(15‐40cm) 
(g/cm3) 

OM
(0‐15cm) 

(%) 

tN
(0‐15cm) 
(g/kg) 

taN
(0‐15cm) 
(mg/kg) 

taN 
(resins) 
(mg/kg) 

K  
(resins)
(μg/ml) 

Na
(resins)
(μg/ml) 

CDS 
0.98 
(0.19) 

1.32  
(0.21) 

3.36 
(1.76) 

59.9 
(36.5) 

4.5 
(4.7) 

15.5  
(27.0) 

42.9  
(17.5) 

995.6 
(342.1) 

DDS 
1.11 
(0.19) 

1.31  
(0.09) 

2.87
(1.31) 

66.9 
(16.8) 

12.7 
(5.3) 

44.4  
(30.0) 

26.9  
(20.9) 

810.7 
(602.4) 

CFL 
0.75 
(0.33) 

1.27  
(0.24) 

15.48
(25.82) 

264.7 
(436.5) 

15.1 
(17.9) 

9.3  
(14.3) 

23.7  
(18.0) 

575.2 
(520.4) 

DFL 
0.65 
(0.18) 

1.04  
(0.19) 

8.89
(4.67) 

254.9 
(187.2) 

46.6 
(56.1) 

186.4  
(324.6) 

28.5  
(25.9) 

805.4 
(415.1) 

CML 
0.76  
(0.41) 

1.11  
(0.16) 

19.76
(34.53) 

274.1 
(367.7) 

36.2 
(62.4) 

45.2  
(88.1) 

30.1  
(20.4) 

1096.1 
(327.6) 

DML 
0.70  
(0.16) 

1.21  
(0.24) 

8.93
(4.57) 

250.3 
(98.6) 

22.6
(21.6) 

76.9  
(80.3) 

35.3  
(30.9) 

1139.8 
(175.1) 

SWP 
0.40  
(0.44) 

0.69  
(0.47) 

49.02 
(36.30) 

914.5 
(702.9) 

51.1
(83.8) 

37.2  
(43.2) 

12.5  
(5.9) 

925.6 
(533.6) 

Format: Average value per cluster (standard deviation) 
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The significant differences in the percent OM data (p = 0.006) are likely attributed to the 

bimodal distribution based on the division between organic and mineral soils (Table 4.8).  The 

LOI data shows that the percent OM was below 30% in the 0-15cm layer, while the SWP cluster 

has a value greater than 30% (Table 4.9).  The 30% OM content is the threshold for classifying 

soils as either mineral or organic (Soil Classification Working Group, 1998).  The dry sandy soils 

(CDS and DDS) have little OM compared to the other clusters, and the deciduous clusters have 

lower percent OM compared to the coniferous clusters (Figure 4.2). 

 
Figure 4.2: Boxplot of Percent Organic Matter from LOI Analysis 

 

The CFL and CML clusters have high standard deviations with respect to OM which can 

be attributed to plots SB31 and SB21 which were classified as mineral plots; however, LOI 

results indicate that their total OM content is greater than 30% at a depth of 0-15cm (Figure 4.2).  

This error could have occurred due to the presence of organic materials in the upper layers of the 

soil profile or the accidental inclusion of part of the organic horizons at the top of the soil profile 
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into the 0-15cm layer during field sampling.  The high standard deviation in the SWP cluster is 

expected since there is a mixture of organic and mineral plots contained in this cluster.   

Total nitrogen values differed significantly between the ecosite clusters (p = 0.001), 

where the dry sandy clusters (CDS and DDS) have lower tN values than the fresh loamy and 

moist loamy clusters (CFL, DFL, CML and DML) which are similar (Table 4.9).  The SWP 

cluster exhibits a very high tN value; albeit with a very high standard deviation.  

Total available nitrogen for both the resin strips and soil cores did not differ significantly 

by ecosite cluster (Table 4.8), as variability in the results were quite high for both properties.  The 

high standard deviations within the clusters with regards to the taN occur due to the majority of 

the plots having very low nutrient values, but there being a few plots with very high nutrient 

values.   

There are dissimilar trends visible between the estimates of taN based on the analysis of 

the soil cores and the resin strips (Table 4.9).  With regards to taN measured on the resin strips, 

the deciduous clusters (DDS, DFL and DML) have higher amounts of taN compared to their 

coniferous counterparts at each moisture level.  This trend holds true in the taN soil core data for 

the dry sandy and fresh loamy plots; yet, it is reversed for the moist plots in the soil core data.  In 

the soil cores, the SWP cluster has the highest taN values, but this is not the case for the resin data 

which shows that the DFL cluster has the highest taN values.  This extremely high value in the 

DFL cluster in the resin data can partially be explained by plot IH22 which has an incongruently 

high taN value of 763ppm; whereas, the rest of the taN values range from 0 to 240ppm at all the 

other plots (Figure 4.3).   
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Figure 4.3: Boxplot of Total Available Nitrogen from Resin Strips  
 

Lastly, there were no significant differences between the clusters for the available K and 

Na data (Table 4.8).  However, the SWP cluster has the lowest amount of available K and the 

CDS cluster has the highest amount of available K.  With regards to available Na, the moist plots 

(CML and DML) have the highest values and the fresh plots (CFL and DFL) have the lowest 

values (Table 4.9). 

4.3 Regression of LiDAR Variables and Mid-Season Moisture 

One DEM, CHM and PEI layer was created at each of the four data resolutions (i.e., 2m, 

5m, 10m, 20m); however, multiple TWI layers were calculated at each of the four data 

resolutions in order to determine the effects of smoothing the DEM data and/or applying the IRA 

depression removal algorithm during hydrological processing (Figure 4.4).  At each of the four 

resolutions, a TWI layer was created based on the raw DEM with culverts and the IRA-altered 

DEM; at the 2m and 5m resolutions, a TWI layer was created based on the smoothed DEM with 
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culverts; and lastly, at the 5m resolution, a TWI layer was also created based on the smoothed 

IRA-altered DEM.  

 

Figure 4.4: Sample 5m LiDAR-derived Surface Layers 

DEM = Digital Elevation Model, CHM = Canopy Height Model, TWI = Topographic Wetness 

Index and PEI = Percent Elevation Index 
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4.3.1 Distribution of LiDAR-Derived Variables 

The LiDAR-derived variables corresponding to the forestry plots were transformed as 

necessary to achieve normal distributions using both square root transformations and the 

Winsorizing technique (Table 4.10).  The 5m raw TWI, 20m raw TWI and 20m IRA-altered TWI 

data layers were transformed using a square root transformation.  The 2m raw TWI and IRA-

altered TWI data layers were normalized using the Winsorizing technique because the raw TWI 

and IRA-altered TWI data distributions had one outlier value that skewed the data which made 

the regular mathematical transformations insufficient to normalize the data.   

This outlier occurred because plot MW14 is located very close to Opishing lake and it 

has shallow soils with a high water table (Figure 4.5).  As such, it is naturally a very wet plot and 

this is reflected in the TWI data, especially at a 2m resolution.  Regression analysis performed 

with and without the outlier plot indicated that both relationships were statistically significant (p 

< 0.05); however, the regression relationships had lower coefficients when the outlier was 

removed.  Since the data from this plot was deemed important, efforts were made to include the 

data as opposed to dropping this plot from further analysis.  The 2m smoothed TWI layer did not 

have the same outlier for plot MW14, so it was left untransformed.   



 

 

 

112

 

Figure 4.5: 2m Topographic Wetness Index (TWI) at Outlier Plot MW14 

The 2m DEM is the Digital Elevation Model with culverts, the 2m raw TWI was calculated using the 

raw DEM with culverts, the 2m smoothed TWI was calculated using a smoothing filter applied to the 

DEM with culverts, and the 2m IRA-altered TWI was calculated using an Impact Reduction 

Approach (IRA) depression removal algorithm applied to the DEM to enforce hydrological 

continuity between cells. 
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The 20m CHM is the only LiDAR-derived surface layer which is not normally 

distributed across all plots; hence the regressions involved with this variable are very poor and 

should be interpreted with caution (Table 4.10).  Normality was achieved for the PEI data at all 

resolutions; however, regardless of the use of transformations, the PEI data failed the Brown-

Forsythe test for homogeneity of variances.  The same pattern was evident for the 10m CHM and 

all of the 2m TWI data (Table 4.10).   

Table 4.10: Data Distributions of LiDAR-Derived Variables 

LiDAR‐Derived Surface Layers 
Shapiro‐Wilk’s Brown‐Forsythe  ANOVA

W P‐value W P‐value  P‐value

2m Data 

  2m Winsorized TWI   0.973 0.368* 1.349  0.289     0.257 

  2m smoothed TWI   0.968 0.235* 1.966  0.106     0.157 

  2m Winsorized IRA‐altered TWI   0.985 0.821* 2.209  0.068     0.125 

  2m PEI  0.977 0.502* 0.904  0.506     0.551 

  2m  CHM   0.960 0.117* 4.614  0.002*   0.002*

5m Data 

  5m TWI   0.986 0.871* 3.449 0.011*     0.030*

  5m smoothed TWI   0.977 0.519* 4.219 0.003*     0.007*

  5m IRA‐altered TWI   0.960 0.118* 5.941 0.001*     0.002*

  5m smoothed IRA‐altered TWI   0.977 0.518* 5.522 0.001*     0.002*

  5m PEI  0.975 0.444*  0.371  0.883     0.859 

  5m CHM  0.967 0.230* 7.419 0.000*  <0.001*

10m Data 

  10m TWI   0.980 0.634* 4.317 0.003*    0.009*

  10m IRA‐altered TWI           0.959 0.109* 4.409 0.004*    0.011*

  10m PEI  0.980 0.625* 1.047  0.419  0.493 

  10m CHM     0.969  0.260*   1.088  0.393  0.380 

20m Data 

  20m TWI   0.952 0.062* 2.817 0.028*    0.039*

  20m IRA‐altered TWI   0.971 0.307* 3.698 0.008*    0.012*

  20m PEI  0.974 0.398* 2.070  0.091  0.135 

  20m CHM     0.937  0.017   0.839  0.553  0.545 

* = significant difference (p < 0.05) 

 

4.3.2 Simple Linear Regression of TWI and Moisture 

 The TWI layers were regressed against the square root transformed mid-season 0-15cm 

and 0-40cm moisture values to determine the resolution and surface layers which best predicted 
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the moisture values at each depth (Table 4.11).  The mid-season moisture data was selected for 

regression analysis because it reflects the most stable moisture patterns and these measurements 

did not differ significantly from the early- or late-season measurements (Table 4.5).  The highest 

adjusted coefficients of determination (R2
adj) occur at the 5m resolution data for both moisture 

depths where the IRA-altered TWI explains 29.2% and 34.6% of the variability in the moisture 

data for the 0-40cm and 0-15cm moisture values, respectively  (p < 0.001) (Figure 4.6).   

Table 4.11: Linear Regression of LiDAR-Derived TWI vs. Soil Moisture 

TWI Predictor Variable 
Mid‐Season Moisture 

(0‐40cm) 
Mid‐Season Moisture 

(0‐15cm) 

R2 R2
adj P‐value R2 R2

adj  P‐value

2m  

  2m Winsorized TWI   0.144 0.125  0.010* 0.117 0.096   0.022*

  2m smoothed TWI   0.184 0.165  0.003* 0.169 0.150   0.005*

  2m Winsorized IRA‐altered TWI   0.196 0.177^  0.002* 0.229 0.211^   0.001*

5m 

  5m TWI   0.199 0.181  0.002* 0.189 0.170   0.003*

  5m smoothed TWI   0.263 0.246 <0.001* 0.302 0.285  <0.001*

  5m IRA‐altered TWI   0.308 0.292^^ <0.001* 0.361 0.346^^  <0.001*

  5m smoothed IRA‐altered TWI   0.262 0.245 <0.001* 0.323 0.307  <0.001*

10m 

  10m TWI   0.231 0.214^  0.001* 0.188 0.169^   0.003*

  10m IRA‐altered TWI   0.210 0.191  0.002* 0.178 0.159   0.004*

20m 

  20m TWI   0.130 0.110  0.015* 0.090 0.069   0.046*

  20m IRA‐altered TWI   0.236 0.218^  0.001* 0.157 0.137^   0.007*

Note: ^ = best regression at each resolution, ^^ = best overall regression, * = significant relationship  
(p < 0.05) 

 

At the 0-40cm depth, the 20m IRA-altered TWI and the 10m raw TWI provide the 

second best predictions and perform with similar prediction efficiency where they explain 21.8% 

and 21.4% of the variation in the 0-40cm moisture measurements (p = 0.001).  The 2m resolution 

data exhibits the poorest correlation with the 0-40cm moisture data (R2
adj = 0.177, p = 0.022); 

however, the 2m Winsorized IRA-altered TWI values have the second best overall prediction 

efficiency for the 0-15cm moisture values where they explain 21.1% of the variation (p = 0.001).   
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Figure 4.6: Regressions of 5m IRA-altered TWI against Soil Moisture 
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Based on the relationship between TWI and soil moisture, the IRA-altered TWI predict 

more of the variation in soil moisture than the raw TWI values at the 2m, 5m and 20m resolutions 

(Table 4.11).  The 10m resolution is the only resolution that does not follow this trend, as it has a 

slightly higher R2
adj when the raw TWI values are used (Table 4.11). 

It is also evident from these results that the effects of applying a smoothing filter to the 

2m and 5m resolution data gives only slightly higher prediction values when compared to the raw 

data, yet the IRA-altered data gives the best prediction at both of these resolutions.  The use of the 

smoothing filter in conjunction with the IRA-altered DEM at the 5m resolution for the 0-40cm 

moisture data performs slightly worse than either technique on their own (Table 4.11).  The 0-

15cm moisture measurements show that the combined smoothed and IRA-altered TWI values 

perform slightly better than just the smoothing technique; however, these values are still lower 

than when the IRA-altered TWI is used on its own (R2
adj = 0.285 for the 5m smoothed TWI and 

R2
adj = 0.307 for the 5m smoothed IRA-altered TWI (p < 0.001)). 

4.3.3 Multiple Linear Regression of TWI, CHM and PEI against Moisture 

 All potential combinations of TWI, CHM and PEI were used to determine the best 

regression models for the mid-season moisture at each resolution.  While there is some 

improvement with the use of additional variables to the adjusted coefficients of determination of 

the regression models, the improvements are not substantive (Table 4.12). 

The CHM and PEI layers have varying importance at each resolution, yet the addition of 

at least one of these variables improves all of the regressions against the 0-15cm moisture 

measurements and most of the regressions against the 0-40cm moisture measurements (Table 

4.12).  At the 5m, 10m and 20m resolutions the best predictions occur with the same combination 
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of variables for both the 0-40 and 0-15cm moisture measurements.  The 2m resolution shows no 

improvements in prediction efficiency with the addition of any variables beyond the TWI layer 

for the 0-40cm moisture measurements.  

Table 4.12: Multiple Linear Regressions of LiDAR-Derived Variables vs. Soil Moisture 

LiDAR‐Derived Predictor Variables 
Mid‐Season Moisture 

(0‐40cm) 
Mid‐Season Moisture

(0‐15cm) 

R2 R2
adj P‐value R2 R2

adj  P‐value

2m Surface Layers

  2m IRA‐altered Winsorized TWI   0.196 0.177^  0.002* 0.229  0.211   0.001*

  2m IRA‐altered Winsorized TWI + 
2m PEI  

0.201  0.163    0.009*  0.256  0.220^    0.002* 

  2m IRA‐altered Winsorized TWI + 
2m CHM 

0.199  0.161    0.009*  0.239  0.203    0.003* 

  2m IRA‐altered Winsorized TWI + 
2m PEI + 2m CHM 

0.204  0.145    0.024*  0.262  0.208    0.006* 

5m Surface Layers

  5m IRA‐altered TWI   0.308 0.292 <0.001* 0.361  0.346  <0.001*

  5m IRA‐altered TWI + 5m PEI   0.325 0.293^^ <0.001* 0.394  0.365^^  <0.001*

  5m IRA‐altered TWI + 5m CHM  0.309 0.276 <0.001* 0.371  0.341  <0.001*

  5m IRA‐altered TWI + 5m PEI + 
5m CHM 

0.327  0.278    0.001*  0.406  0.362  <0.001* 

10m Surface Layers 

  10m TWI   0.231 0.214  0.001* 0.188  0.169   0.003*

  10m TWI + 10m PEI   0.248 0.212  0.003* 0.200  0.162   0.009*

  10m TWI + 10m CHM  0.308 0.275 <0.001* 0.287  0.253   0.001*

  10m TWI + 10m PEI + 10m CHM  0.335 0.287^  0.001* 0.310  0.259^   0.002*

20m Surface Layers 

  20m IRA‐altered TWI   0.236 0.218  0.001* 0.157  0.137   0.007*

  20m IRA‐altered TWI + 20m PEI   0.290 0.256^ 0.001* 0.204  0.166^   0.008*

  20m IRA‐altered TWI + 20m CHM 0.240 0.204  0.003* 0.159  0.119   0.026*

  20m IRA‐altered TWI + 20m PEI + 
20m CHM 

0.292  0.240    0.003*  0.205  0.146    0.023* 

Note: ^ = best regression at each resolution, ^^ = best overall regression, * = significant relationship  
(p < 0.05) 
 

Again the best regression models occur at the 5m resolution where the addition of the 5m 

PEI to the IRA-altered TWI resulted in R2
adj = 0.293 and R2

adj = 0.365 for the 0-40cm and the 0-

15cm mid-season moisture measurements, respectively (p = .000).  The second best overall 

regression models occur at the 10m resolution, where the best regressions for each moisture depth 
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occur with the addition of both the 10m PEI and 10m CHM to the 10m raw TWI values (R2
adj = 

0.289, p = 0.001 for 0-40cm and R2
adj = 0.259, p = 0.002 for 0-15cm).   

At the 20m resolution, the best regressions for each moisture depth occurs with the 

addition of the 20m PEI to the 20m IRA-altered TWI values (R2
adj = 0.256 , p = 0.001 for 0-40cm 

and R2
adj = 0.166, p = 0.008 for 0-15cm).  At the 2m resolution, the use of additional variables 

only improves the regression models for the 0-15cm data where the addition of the 2m PEI layer 

to the 2m Winsorized IRA-altered TWI explains 22% of the variation in soil moisture (p = 

0.002). 

Overall the best surrogate layer of TDR moisture occurs at the 5m resolution with the 

combined layers of IRA-altered TWI and the PEI which together represent 36.5% of the variation 

in the 0-15cm mid-season moisture data and 29.3% of the variation in the 0-40cm mid-season 

moisture measurements (p < 0.001).  

4.4 Principal Coordinate Analysis (PCoA) of Moisture and Nutrient Variables 

Principal Coordinate Analysis (PCoA) ordination plots were created using TDR moisture 

at both soil depths and with the following variables: taN (both by resins and soil cores), tN, 

percent OM, available Ca and Mg.  

The best graphical separation between plots and ecosite clusters occurs with the PCoA of 

mid-season moisture and percent OM derived from the LOI data (Figure 4.7).  The percent OM 

represents the greatest amount of variation (82.8%) visible on axis 1, while the moisture data 

represents (16.6%) of the variation (axis 2).  
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Figure 4.7: Ordination of Mid-Season Moisture and Percent OM 
 

  Many of the plots in the CDS and DDS clusters are grouped in the lower left quadrant of 

the diagram representing plots with low moisture and low OM.  The CFL and DFL plots are 

grouped close to the centre of the plot and in the lower right quadrant with slightly higher 

amounts of OM and moisture than the CDS and DDS plots.  The CML and DML plots are 

grouped in the upper left quadrant which represents high moisture values and low OM.  Lastly, 

the SWP plots cluster to the far right of the diagram representing plots with high OM and mid-

range moisture values.  There are a few SWP plots that are low in OM and that occur on the far 

left hand side of the ordination.   

The results from the PCoA ordination for tN show similar trends for the SWP ecosite 

cluster where there is a group of SWP plots located on the far right hand side of the ordination 

diagram while the other two SWP plot are located on the far left of the diagram (Figure 4.8).  The 
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tN variable displayed on axis 1 represents 91.8% of the variation in the data, while axis 2 

represents 7.6% of the variation in the data.  It is hard to distinguish any overall trends for most of 

the ecosite clusters, but there appears to be moderately good separation for the DFL and CDS 

clusters.  

 

Figure 4.8: Ordination of Mid-Season Moisture and tN (g/kg) 
 

The available Ca and Mg ordination diagrams both have sweeping arc shapes along the 

primary axis with data clustered at each end which is indicative of the arch effect (Figures 4.9 and 

4.10).  In correspondence analysis, the arch effect occurs when data is dissimilar across the 

primary axis, yet it is highly correlated on the secondary axis which causes the gradient to bend 

inwards at the ends into a horseshoe shape (Jongman et al., 1995; Zuur et al., 2007).  When the 

arch effect occurs, objects at the ends of the first axis appear closer together than the objects in 

the middle of the axis and the second axis is an arched function of the first axis.  In community 

ecology, and with regards to PCoA specifically, there is still much debate over the causes of the 

arch effect (Podani and Miklos, 2002).  Regardless of the reasons, the arch effect hinders the 

ability to interpret the data along the second axis of the ordination.  The arch effect in PCoA can 

occur as a mathematical necessity or an artifact of the data; and Podani and Miklos (2002) state 
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that detrending is unwise in PCoA unless the reason behind the arch effect has been properly 

identified. 

 

Figure 4.9: Ordination of Mid-Season Moisture and Available Ca 
 

 

Figure 4.10: Ordination of Mid-Season Moisture and Available Mg 
 

The available Mg ordination (Figure 4.10) has greater visible separation between the 

forestry plots than the available Ca ordination (Figure 4.9).  Axis 1 represents the available ions 

in both graphs, where axis 1 represents 95.7% of the variation in the available Ca ordination and 

93.8% of the variation in the available Mg ordination.  The moisture data is represented by axis 2 

in both diagrams; however, since the second axis is arched, the data along axis 2 is difficult to 

interpret and has little actual meaning.  In theory, axis 2 displays 3.2% and 4.6% of the variation 

in the available Ca and Mg ordination diagrams, respectively.    
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It can be seen from figure 4.10, that the available Ca gradient along axis 1 essentially 

divides the dry sandy and fresh loamy plots with higher available Ca values from the moist loamy 

and swamp plots with lower available Ca values.  Few trends are visible in the available Mg 

diagram, but there is a distinct grouping of SWP plots in the top left quadrant and all of the moist 

loamy plots are contained on the left hand side of the diagram which represents an area of low 

available Mg values (Figure 4.10).   

The taN ordination diagrams for the soil core samples and resin analysis are very similar 

looking and display nearly identical ecosite groupings and patterns.  They both have a nearly 

vertical line of plots located on the left hand side of axis 1 since there are many plots with zero 

values or extremely low taN values (Figures 4.11 and 4.12).  Thus, these plots can only be 

separated based on their moisture values, when they are examined in tandem with taN.  In both 

ordinations, axis 1 displays the variation in taN where it represents 93.8% of the variation in the 

resin figure (Figure 4.11) and 94.1% of the variation in the soil core figure (Figure 4.12).  Axis 2 

which displays moisture represents 4.3% and 4.4% of the variation, respectively.  The large 

amount of variation explained by axis 1 (taN) occurs because the range of values in the taN 

values is far greater than the range in values in the moisture data.  As such, the ordinations 

indicate that there is more variability in the taN than the moisture data; however, the moisture 

data does a better job of separating the ecosite clusters from one another. 

In the taN ordination diagrams, the coniferous plots (CDS, CFL and CML clusters) have 

thirteen plots with near-zero values, while the deciduous plots (DDS, DFL and DML clusters) 

have only two plots with near-zero values (Figure 4.11 and 4.12).  Conversely, the deciduous 

plots have twelve plots with ‘high’ taN values, while the coniferous plots only have seven.  This 
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indicates that there are more plots with predominantly coniferous vegetation that have no plant 

available nitrogen in the soil in mineral ionic forms. 

 

Figure 4.11: Ordination of Mid-Season Moisture and taN (resins) 
 

 

Figure 4.12: Ordination of Mid-Season Moisture and taN (soil core) 
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Chapter 5 - Discussion 

The general goal of this research was to examine the relationships between soil moisture, 

soil nutrient properties, LiDAR-derived local relief indices (at different resolutions) and ecosite 

classification for a study area near Timmins, Ontario.  Ecosite classification was used to classify 

each of the forest plot samples.  Ecosite classes were then aggregated into seven clusters based on 

their soil texture, moisture regimes and dominant vegetation.  The biophysical field 

measurements of soil moisture and soil nutrients were examined with respect to these ecosite 

clusters.  Specifically, the results for soil moisture, taN, available K and Na are discussed in this 

chapter.   

A LiDAR-derived soil moisture index was created at four resolutions (i.e., 2m, 5m, 10m 

and 20m) using different processing methodologies to test the effectiveness of data for modelling 

mid-season soil moisture.  The soil moisture index was created in order to reduce the complexity 

of the underlying natural variation in the terrain and ascertain whether it could be used as a 

surrogate data layer for PEM in the boreal forest.  The soil moisture index performed with mixed 

results, displaying some interesting trends with respect to DEM resolution, soil depth and 

seasonal moisture variability.  Lastly, ordination was applied to graphically separate the ecosite 

clusters based on the field-measured soil moisture and soil nutrient availability.  The results from 

the ordinations in this study will be examined with reference to the ordination techniques used in 

the former Ontario FEC guides. 

5.1 Ecosite Trends 

General trends between the ecosite clusters were examined using descriptive statistics 

(i.e., mean and standard deviation), while statistical analyses were performed using ANOVA and 
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the Kruskal-Wallis test.  While the majority of the soil nutrient variables showed evidence of 

meaningful separation between at least some of the ecosite clusters as outlined in the results, none 

of the variables displayed complete separation between the clusters.  There were no significant 

differences between the ecosite clusters for: taN, available K or Na.   

Total available nitrogen is critically important from an ecological perspective since 

nitrogen is often a limiting factor in plant growth; however, the measurements of taN determined 

by either soil core analysis or resin strip analysis did not lead to specific seperation of the ecosite 

clusters (Table 4.8).  The lack of clustering potentially occurred because the ecosite clusters do 

not represent individual ecosite types, but are amalgamations of different ecosite types along a 

hierarchical gradient.  This is especially true regarding coniferous clusters and the SWP cluster 

which include more than one forest type (Table 4.1).  Since the DDS, DFL and DML clusters 

contain only one ecosite type (i.e., mixed aspen and birch forests) it would be expected that these 

clusters would have less variability with regards to their nutrient regimes; however, the taN data 

is highly variable within all the ecosite clusters.  The taN data will be examined further in the 

context of ordination in section 5.3. 

Available K and Na data also displayed no significant differences between clusters.  

Available K values were generally low with the lowest amount of available K occurring in the 

SWP cluster and the highest amount occurring in the CDS cluster (Table 4.9).  The amount of 

available K in the soil solution is dependent on mineral weathering and cation exchange capacity 

of clays and/or organic material to buffer available K between soil colloids and the soil solution 

(Brady and Weil, 2002).  As primary minerals (i.e., micas and potassium feldspar) weather, they 

slowly release K ions into more readily available forms.  Perhaps the explanation for the low 

available K in the SWP cluster is due to the high OM content in these soils and the likelihood of 
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K to be bound to soil colloids and thus not in solution.  Conversely, the high available K content 

in the CDS cluster may have occurred because sandy soils typically have low cation exchange 

capacities and thus a poor capacity to retain available K once it is in the soil solution (Brady and 

Weil, 2002).  With regards to available Na, the moist plots (CML and DML) had the highest 

values and the fresh plots (CFL and DFL) had the lowest values (Table 4.9); however, the amount 

of available Na in the soil was generally high.  Sodium is a non-essential plant nutrient and it 

generally only affects plant growth in arid environments where it can become extremely toxic to 

plant growth (Brady and Weil, 2002).  As such, the lack of statistically significant trends for Na is 

inconsequential in the boreal forest.  

5.1.1 Soil Moisture 

Soil moisture characteristics varied across ecosite types and clusters.  For instance, the 

SWP cluster had soils with the greatest moisture values and the greatest variability.  This result 

can be explained, in part, by the range of ecosite types found within this cluster.  The CFL cluster 

also contained high moisture values, especially when compared to the equivalent deciduous 

cluster (DFL).  The CFL cluster had the second highest variability with respect to the 0-40cm 

measurements (Table 4.4).  This is likely attributed to plot SB31 which had significantly higher 

than average moisture values when compared to the rest of the plots in the CFL cluster due to its 

shallow soil depth.  Plot SB31 is a moderately deep soil, so it displays characteristics that do not 

fit the general patterns for the rest of the deep mineral soil plots in the CFL cluster (Appendix J).   

There was a significant difference between the early- and late-season 0-40cm moisture 

measurements.  This is indicative of significant drying in the 0-40cm root zone of the plants 

throughout the growing season.  However, there is no evidence of a significant trend in the 0-

15cm moisture measurements suggesting that incoming precipitation mitigated the drying effect 
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near the surface of the soil and caused the soil at this depth to maintain a higher than normal 

moisture content throughout the growing season.  The lack of a seasonal change in soil moisture 

in the 0-15cm soil layer may be attributed to the fact that the 2009 summer field season in the 

RMF was wetter than normal (Table 5.1).  Consequently, the TDR moisture measurements may 

not be representative of the full range of moisture values that would have been experienced 

during a typical year.   

Table 5.1: Timmins Precipitation Data - 2009 versus Climate Normal (1971-2000) 

 
Timmins Precipitation Data (2009) Timmins Precipitation Normal (1971‐2000)

Month 
Total Rain 
(mm) 

Total Snow 
(cm) 

Total Precip.
(mm) 

Total Rain 
(mm) 

Total Snow 
(cm) 

Total Precip.
(mm) 

Jan  trace  67.3 47.4 2.9 61.7  53.9
Feb  4.6  72.6 73.2 1.6 40.6  36.6
Mar  13.3  36.4 48.1 14.7 49.9  59.4
Apr  20.4  41.6 60.4 26.6 27.5  52.8
May  80.0  4.2 84.2 62.7 6.7  69.2
Jun  111.8  0.0 111.8 89.1 0.4  89.4
Jul  153.0  0.0 153.0 91.5 0.0  91.5
Aug  81.0  0.0 81.0 82.0 0.0  82.0
Sep  61.8  trace 61.8 86.7 1.6  88.3
Oct  59.8  30.2 88.0 64.0 14.0  76.8
Nov  27.6*  10.2* 37.6* 29.5 45.7  69.6
Dec  N/A  N/A N/A 7.0 65.4  61.9

* = value based on incomplete data.  Adapted from Environment Canada, 2010b. 

 

Given the weather conditions of 2009, it is possible that some of the forestry plots with 

mineral soil were misclassified into the swamp and organic cluster (SWP).  Ecosite classifications 

were performed from July 1st to July 16th by evaluating soil texture, moisture regime and 

vegetation pattern according to the OELC Guide (ELC Working Group, 2009) and the ecosite 

types were verified using analytical soil texture measurements.  For example, plots MW24 and 

SB24 were classified as coniferous swamps based on their soil moisture regime during ecosite 

classification, but they may in fact be better represented as mixed coniferous forests on moist, 

coarse loamy soils in the CML cluster.  MW24 and SB24 represent the outlier SWP plots on the 
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ordination diagrams that did not cluster with the rest of the SWP cluster in the ordination 

diagrams for the percent OM and tN (Appendix T).    

Additional factors that indicate that 2009 was a wetter season than normal are the low fire 

danger rating (Figure 5.1), and the lack of forest fire hotspots in the region.  The study area, 

located southwest of Timmins, had a low forest fire danger rating throughout the summer months.  

A low forest fire danger rating indicates that new fires are unlikely to start; however, if they do 

start, they will spread very slowly and potentially even go out on their own (Canadian Forest 

Service, 2010).    

 
Figure 5.1: Forest Fire Danger Rating Map for 2009 
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 The low fire danger rating is supported by the 

Canadian Interagency Forest Fire Centre (CIFFC) 2009 

Canada Report which indicates that during the summer of 

2009 there were significantly fewer forest fires when 

compared to the ten year average in Ontario (Table 5.2).  

The summers of 2004 and 2008 also have low numbers of 

forest fires; whereas, the majority of the past ten years 

have experienced far more forest fires and typically drier 

summer conditions.   

 While it was only possible to collect soil moisture measurements during one field season, 

it would be ideal to gather repeated soil moisture measurements over multiple years to generate a 

data set that encompasses the full range of soil moisture variation experienced within these 

different ecosite types.  Having repeated multi-year measurements would not only increase our 

understanding of the differences and variability in the ecosite clusters, but it would also improve 

the relationships between the LiDAR-derived variables and the measured soil moisture. 

5.2 LiDAR-Derived Soil Moisture Index 

The development of a soil moisture index based on LiDAR-derived terrain variables was 

a key goal of this research.  However, part of the challenge in predicting soil moisture from 

terrain variables derived from elevation models is the difficulty that arises as a result of the spatial 

and temporal variability of soils (Moore et al., 1993; Gessler et al., 2000).  The spatial variability 

of soil moisture is evidenced in the soil moisture data which sometimes showed large variation 

among the three measurements made in each plot.  For example, plots IH34 and SB21 had 

measurements at one sample site that consistently skewed the average moisture values for the plot 

Year 
Number of
Forest Fires 

1999  1,002 

2000  636 

2001  1,562 

2002  1,114 

2003  1,015 

2004  431 

2005  1,961 

2006  2,281 

2007  1,015 

2008  338 

10 Yr Average  1,136 

2009  385 

Adapted from: CIFFC, 2010. 

Table 5.2: Ontario Forest Fire Record



 

 

 

130

(Appendices O through Q).  The temporal variability of soil moisture is revealed by the 

statistically significant change in overall soil moisture between the early-season measurements 

and the late-season measurements.  In order to counteract the effects of spatial variability, the 

LiDAR-derived variables were examined at four different resolutions to evaluate the effect of cell 

size on soil moisture indices.  Similarly, the mid-season plot averages of soil moisture were used 

as a representative measure of soil moisture in order to offset the effects of temporal variability.  

The mid-season moisture data was selected for regression analysis because these measurements 

did not differ significantly from the early- or late-season measurements. 

The best results generated from the linear regression of TWI occurred with the 5m IRA-

altered data which explained 29.2% to 34.6% of the variation in the mid-season soil moisture at 

both depths (Table 4.11).  These values are supported by results from the literature which indicate 

that the TWI has performed with mixed results, largely dependent on the season.  In older studies 

with coarser resolution data, the TWI has generated results explaining less than 10% of the 

variation in soil moisture (Ladson and Moore, 1992) and as much as 33% to 42% of the variation 

in soil moisture (Moore et al., 1988; Nyberg, 1996, respectively).  More recent studies with very 

fine resolution LiDAR data (i.e., 1-2m grid size), indicate that correlation coefficients for soil 

moisture and TWI  can range from 0.08 to 0.43 at 0-30cm soil depth based on wet and dry years, 

respectively (Schmidt and Persson, 2003).   

The adjusted coefficients of determination generated by the regression analyses in this 

research correspond with the range of values determined by Western et al. (1999) in a study that 

examined the relationship between terrain indices derived from a 5m DEM and soil moisture in 

the top 30cm of the soil profile during an entire year.  Depending on the season and the wetness 

of the soil, they found that the regression of TWI against soil moisture explained little of the 



 

 

 

131

variation during dry conditions and up to 43% of the variation during wet conditions.  Western et 

al. (1999) found that the TWI explained the most variation when the soil was wet and the 

catchment underwent significant lateral redistribution across its surface; however, when the soil 

was extremely wet the correlation between TWI and soil moisture became weaker as soil porosity 

was more important for controlling soil moisture during these conditions.  Evidently, the degree 

of correlation between the static state terrain variable of TWI is highly dependent on the seasonal 

changes in soil moisture and the overall weather patterns since these changes will affect the 

balance of precipitation that can either percolate into the soil or flow overland.    

The application of depression removal algorithms and smoothing filters demonstrates the 

ability to improve soil moisture prediction while using landscape indices.  When modeling the 0-

15cm soil moisture, the use of the IRA-altered data doubled the prediction efficiency at the 2m, 

5m and 20m resolutions (i.e., increases of 11.5%, 17.6%, and 6.8%, respectively).  Meanwhile, 

for the 0-40cm soil moisture, the IRA data increased the prediction efficiency by 5.2%, 11.1% 

and 8.8% for the same resolutions (Table 4.11).  These results indicate that the IRA algorithm 

improves the ability of a DEM to model soil moisture, especially at shallow depths where the 

effects of overland flow are more significant.  This is in agreement with Lindsay and Creed 

(2005) who suggest that using the IRA depression removal algorithm can improve the quality of 

the DEM for terrain modeling, particularly when cell connectivity is important for the end uses of 

the DEM.   

The use of a smoothing filter at the 2m and 5m resolutions provided a slight increase in 

prediction (i.e., 4% to 9% for both soil depths).  These changes were not as dramatic as the 

changes induced by the IRA, yet these results suggest that there is noise in the raw data that can 

be mitigated slightly by applying a smoothing filter at finer resolutions.  This is supported by 
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Schmidt and Persson (2003) who found that applying a mean smoothing filter to a 2m LiDAR 

DEM improved all correlations with TWI regardless of which water flow algorithm was used to 

calculate the TWI (i.e., single flow or multiple flow algorithm). 

Another important element to consider when developing spatial soil moisture models is 

the depth of the soil moisture that one is attempting to model.  Since soil moisture is not static 

with depth, the depth sampled will affect the ability of the TWI to predict soil moisture.  This is 

supported by the following results which reflect the changes that occur in soil moisture 

predictions with changing resolution and soil depth.   

At the 0-15cm soil depth, the raw 5m and 10m TWI data provided better unaltered 

representations of the surface features than the 2m and 20m resolutions, where they each 

explained 17% of the variation in soil moisture (Table 4.11).  Comparatively, the 2m and 20m 

data explained 9.6% and 6.9% of the variation.  However, at the 0-40cm soil depth, the 10m raw 

TWI explained slightly more variation (21.4%) than the 5m raw TWI (18%).  As such, the raw 

TWI data at the 2m and 20m resolutions provided the poorest predictions of soil moisture at both 

depths which indicates that the 2m grid size was too fine to capture the variation of features in the 

flightlines, while the 20m grid size was too coarse.   

The results indicate that the values generated by the TWI are not consistent at all spatial 

resolutions and highlights the importance of selecting the correct representative resolution to 

capture the appropriate landscape features that influence soil moisture.  With respect to DEM 

resolution, Thompson et al. (2001) performed a study examining the effects of horizontal 

resolution for DEM modeling.  They found that the TWI was most affected by horizontal 

resolution when compared to other primary and secondary terrain indices (i.e.,  as grid size 

increases, the minimum unit area of the DEM also increases, which in turn causes the absolute 
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minimum values of the specific catchment area and TWI to increase) (Thompson et al., 2001).  

These patterns were evident in the data used in this research and correspond to the results from 

Wolock and Price (1994) using 30-90m grid sizes, Zhang and Montgomery (1994) using 2-90m 

grid sizes, Thompson et al. (2001) using 10-30m grid sizes, and Sørensen and Seibert (2007) 

using 5-50m grid sizes.  It has also been acknowledged by the scientific community that DEMs 

with coarser spatial resolutions produce steeper slope gradients on flatter slopes and lower slope 

gradients on steeper slopes (Thompson et al., 2001).  This effect is mainly attributed to the 

smoothing of the topography with larger grid sizes, causing the details of smaller features to be 

lost, thereby affecting the range of TWI values.    

Based on this understanding, the results raise two questions: (1) why does the 10m raw 

data provide the best unaltered prediction at the 0-40cm depth (i.e., 21%) while the 5m raw data 

explains essentially the same amount of variation at the 0-15cm depth (i.e., 18%); and (2) why 

does the raw 10m data not improve with the addition of the IRA algorithm?    

In the first instance, the TWI generates larger values as cell size increases; hence the 

values of the 10m TWI are greater than the 5m TWI.  Similarly, the values for the 0-40cm 

moisture are greater than the 0-15cm moisture and as a result it could be purely accidental that the 

raw 10m TWI data represents more variability in the soil moisture at this depth.  This hypothesis 

correlates well with the findings of Zhang and Montgomery (1994) who suggest that a 10m grid 

size is a sufficient resolution for hydrological modeling in most landscapes.   

Alternatively, there may be a greater amount of information in the raw 5m resolution 

data, which reduces the prediction efficiency, in comparison to the raw 10m data that is more 

general and already ‘smoothed’ naturally due to the larger cell size.  This answer would also be 

supported by the fact that the relationships with 2m and 5m data improve when a smoothing filter 
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is applied.  In the future, it would be beneficial to examine the LiDAR data with respect to spatial 

statistics and semivariogram analysis to determine the optimal resolution to characterize: (a) the 

relationship between surface topography and soil moisture; and (b) the spatial variability of 

LiDAR-derived soil moisture in this dataset.   

The second question is more difficult to answer as it demonstrates that the 10m data is 

anomalous in comparison to the data at the 2m, 5m and 20m resolutions.  The impact of the IRA 

algorithm at the 10m resolution contradicts the expected result which is evident when using the 

algorithm at the other resolutions.  This contradiction is more pronounced given that the 10m data 

performs so effectively when using the raw data to predict soil moisture, especially at the 0-40cm 

depth.  Based on this relationship, it would be assumed that the 10m resolution data would 

become the best overall predictor when the IRA is applied.  However, this spatial correspondence 

does not occur at the 10m resolution; rather it is the 5m resolution that experienced the most 

significant improvements when the IRA data is used.  Regardless, the results from all the TWI 

predictions indicate that the use of the IRA depression removal algorithm at the 5m resolution 

provides the best overall predictions of soil moisture.  It can be concluded that the IRA algorithm 

is an important requirement for soil moisture modeling in this study area.  

Similarly, the results from the multiple linear regression of LiDAR-derived surface 

variables against measured soil moisture revealed that the predictions were most effective at the 

5m resolution using the combined measurements of the IRA-altered TWI and percent elevation 

index (PEI).  These two variables predicted 36.5% of the soil moisture variability within 15cm of 

the surface.  This is only a marginal improvement over using the IRA-altered 5m TWI alone (i.e., 

34.6%).  There were no clear trends established based on the inclusion of one or both of the 

following surface derivatives, (i.e., CHM and PEI) for predicting soil moisture.  In general, the 
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10m and 20m resolution data provided better predictions for the 0-40cm moisture measurements, 

while the 2m and 5m data had better predictions for the 0-15cm measurements.   

LiDAR DEMs and terrain derivatives are suitable for modeling landscape features.  

However, there are many factors that complicate the effectiveness of static terrain indices, such as 

the TWI, to predict soil moisture (i.e., data resolution, soil depth and seasonal variability).  The 

inherent variability in soil moisture at depth affects subsurface parameters that cannot be captured 

explicitly when using surface variables.  

It is also important to note that the coverage of the LiDAR data in this study was not 

conducive to watershed-scale models.  This LiDAR data was flown in single flightline strips to 

cover a network of forestry plots.  In order to more effectively examine the relationship between 

soil moisture and TWI, it would be more effective to gather LiDAR data for an extensive area as 

opposed to isolated flightlines.  Since the TWI is based on physical and morphological features, it 

is difficult to correctly model the landscape when the data does not cover the full range of 

features in a watershed basin or landscape.  The prediction efficiency between LiDAR terrain 

derivatives and soil moisture would likely improve if a greater number of plots were selected that 

more accurately covered the full range of ecosite types with replicates.   

The purpose of creating a soil moisture index in this study area was to develop a 

surrogate data layer for PEM in the boreal forest.  However, due to the complexity of modeling 

soil moisture patterns in heterogeneous forested landscapes, the predictive capability of the soil 

moisture index was not as high as expected.  PEM allows for the input of a variety of GIS data 

layers which can be analyzed in an automated fashion to extract valuable ecological information 

from spatial patterns.  These spatial patterns can then be systematically classified based on 

heuristic rules and fuzzy logic (MacMillan et al., 2007).  Fuzzy logic is used to process the digital 
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data and determine the most likely ecological class based on the attribute data without enforcing 

hard rules or boundaries.  It essentially takes the weighted average of the likelihood of the unique 

combination of attributes belonging to a variety of ecological classes and assigns the area to the 

class that is the most representative based on the ecological attributes that are present (MacMillan 

et al., 2007).   

PEM is applied to map landscape concepts, not reality, thereby producing outputs that 

predict which landscape unit is most likely found within a given area.  Due to the extreme 

heterogeneity of landscapes and ecological units, it is increasingly difficult to predict exact 

ecological entities at specific points on a landscape.   

5.3 Ordination Diagrams 

The term edatope, coined by Pogrebnyak (1930), refers to the use of soil moisture 

regimes and soil nutrient regimes to separate ecologically different plant communities from one 

another.  Over the years, edatopic grids have been used to illustrate the relationships between 

plant communities based on soil moisture regimes, soil nutrient regimes and other ecological and 

environmental properties (Pojar et al., 1987).  Soil nutrient regimes are used to organize 

populations of soils into a few categories that are determined based on similar levels of available 

plant nutrients over periods of several years (Courtin et al., 1988).  In British Columbia, Klinka et 

al. (1994) determined that taN in the rooting zone of plants can be treated as a single 

characteristic for differentiating soil nutrient regimes.  However, it is not necessarily prudent to 

use a single nutrient variable to differentiate and classify soil nutrient regimes.  As a result, the 

biogeoclimatic ecosystem classification (BEC) system in British Columbia makes use of plant 

indicator species in combination with taN to determine soil nutrient regimes (Klinka et al., 1994).   
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The former FECs for north-eastern and north-western Ontario use edatopic grids in their 

field guides where the ordinations are based on species abundance data recorded in over 2,100 

field plots (Figure 5.2).  In north-eastern Ontario, the ‘nutrient’ axis is defined based on the 

abundance of herb species (Taylor et al., 2000); while in north-western Ontario the ‘nutrient’ axis 

is undefined (Sims et al., 1997) (Figure 5.2).  Both of the ordination diagrams have unscaled 

nutrient axes which range from ‘nutrient-poor’ to ‘nutrient-rich’ and the ecosite types displayed 

on the diagrams represent modal conditions.  

 

Figure 5.2: Ecosite Diagrams from NE and NW FEC Field Guides 

(Taylor et al., 2000 and Sims et al, 1997) 
 

The edatopic grids for the new province-wide OELC (Ecological Working Group, 2009) 

have yet to be released; however, personal communication indicates that they will include factors 

pertaining to a variety of soil characteristics (i.e., humus form, A horizon, soil texture, soil depth, 

abundance of coarse fragments, bedrock exposure, pH, salinity, seasonal pooling and 

groundwater) and species abundance data for trees and indicator species (Uhlig, 2009). 

The ordination diagrams in this research were generated using PCoA and were used to 

examine the differences between ecosite clusters based on soil moisture and different soil nutrient 
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variables.  The results from this analysis demonstrated that the greatest separation between 

clusters occurred while using the combined variables of: (a) soil moisture and percent OM; and 

(b) soil moisture and tN.  These variables gave greater separation between ecosite clusters than 

the ordination diagrams derived from taN, Ca or Mg.  These results indicate that the abundance of 

OM and tN are more influential in differentiating ecological communities in the boreal forest 

when compared to the other variables examined.  This also suggests that percent OM or tN could 

be used as acceptable measures of soil nutrient regimes in the boreal forest in Ontario.   

The ordination diagrams pertaining to percent OM and soil moisture provided the best 

cluster separation; however, there are some anomalous plots whose percent OM from the LOI 

analysis do not correspond well to their ecosite code.  Plots SB21 and SB31 are considered to be 

part of the CML and CFL clusters, respectively; however they are grouped with the SWP cluster 

on both the OM and tN ordination diagrams (Appendix T).  While their ecosite code classifies 

them as mineral plots, the LOI analysis revealed greater than 30% OM in the top 15cm of the soil 

profile (Appendix R).  This indicates that both of these plots have thick organic layers located at 

the top of their soil profile; however, below this organic horizon there is an abundance of mineral 

soil which classifies them as deep mineral soil ecosites.  Nonetheless, when the soil data for 

percent OM and tN are examined, plots SB21 and SB31 have more in common with the wet 

swamp plots than they do with the fresh and moist mineral plots which they represent.   

 On the low nutrient end of the percent OM and tN ordination diagrams, plots MW24 and 

SB24 display very low nutrient values, a characteristic not found with the rest of the SWP plots, 

yet they are considered to be part of the SWP cluster (Appendix T).  MW18 is also part of the 

SWP cluster, but it is isolated in both of these ordination diagrams.  All three of these plots are 

classified as conifer swamps with deep mineral soil, but they deviate significantly from the rest of 
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the SWP cluster in both ordination diagrams.  The results from the soils and resins analysis reveal 

that these plots have higher BDs, lower porosities, lower VWCs and far lower values of percent 

OM and tN when compared to the rest of the plots in the SWP cluster.   

Clearly, there are inherent differences between the anomalous plots (MW18, MW24, 

SB24) and the rest of the SWP plots that have not been accurately distinguished during the 

ecosite classification.  This distinction could be attributed to the measured soil moisture, where 

the extremely wet 2009 field season resulted in plots MW18, MW22 and SB24 experiencing very 

wet moisture regimes (MR > 6).  Ecosite classification performed during a ‘normal’ year might 

yield different results, since the OELC guide dictates that a moisture regime greater than 6 is an 

important classifying characteristic which overrules all other soil characteristics such as texture 

and porosity.  Discrepancies between the anomalous plots and the remaining SWP cluster was 

evident by the presence of water seepage in the auger hole at plots MW18 and MW24 after only 

10 minutes; whereas, water pooled instantly in the auger holes or was present at the surface of 

other SWP plots.  With this in mind, perhaps it would be more appropriate to classify plots 

MW18 and MW24 as moist mineral soils and group them with the CML cluster.   

Conversely, SB24 shows unique distinctions in terms of soil texture as it was the only 

plot to be classified as a silty loam based on the analytical particle analysis of the 15-40cm soil 

core (Appendix J).  This means that it is in the silty texture family; whereas, the rest of the 

mineral plots in the RMF belong to sandy or coarse loamy texture families.  Since SB24 is made 

up of finer grained materials, it is understandable that it does not follow the trends laid out by the 

rest of the ecosite clusters in the RMF.   

While the ordinations using taN were unable to separate the individual ecosite clusters 

from one another, taN was able to separate most of the deciduous plots from the coniferous plots 
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(Figures 4.11 and 4.12).  The patterns exhibited by both the taN ordination diagrams (i.e., soil 

cores and resin strips) indicate that the coniferous plots are generally lower in taN and the 

deciduous plots are generally higher in taN.  Similar results are found in the literature, for 

example: Ste-Marie and Paré (1999) found that taN was highest under aspen and birch forests, 

lower under white spruce and cedar forests and lowest under jack pine in the boreal forests of 

northwestern Quebec; while Longpré et al. (1994) observed that nitrate accumulation in the forest 

floor of pure jack pine forests is much lower than in mixedwood forests where jack pine is 

growing alongside deciduous trees (i.e., birch and aspen).  Since the ecosite clusters do not 

distinguish between pure coniferous forests and mixed coniferous forests, this likely caused the 

lack of separation between ecosite clusters based on taN.  However, if the sample plots had 

included a greater number of each ecosite type, it is feasible that trends in taN could have been 

detected between the individual ecosite types in the boreal forest. 

The generally higher values of taN in the deciduous plots is indicative of the nutrient rich 

deciduous foliage and litter at these sites which is more readily decomposed by bacteria and 

converted into readily available nutrient forms.  In contrast, coniferous litter is harder to 

breakdown, more acidic and can generate soil conditions which lead to severe competition 

between trees due to the lack of nitrate (Kimmins, 2004).  Pure jack pine stands can alter the soil 

nutrient availability such that they induce dependence on ammonium nutrition; thereby, making 

other tree species less competitive in these conditions (Ste-Marie and Paré, 1999).  Additional 

nitrogen inputs, such as: (i) biological fixation of N2 by micro-organisms and nitrogen-fixing 

plants; (ii) the absorption of ammonia gas into plant foliage directly from the air; and (iii) the dry 

fallout of nitrate and ammonium ions from precipitation are increasingly important in low 

nutrient environments found in the boreal forest (Kimmins, 2004).   
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The ordinations performed using available Ca and Mg both displayed an arch in their 

ordination diagrams which confounded the interpretation of these diagrams and made it difficult 

to distinguish any meaningful patterns in relation to the ecosite clusters (Figures 4.9 and 4.10).  It 

is possible that these diagrams look different from the taN ordinations because, generally 

speaking, the available Ca and Mg diagrams split the ecosite clusters based on soil texture; while 

the taN diagrams split the ecosite clusters based on dominant vegetation.  As such, the available 

Ca and Mg nutrient variables are better at extracting the dry sandy and fresh loamy clusters 

(CDS, DDS, CFL and DFL) from the moist loamy and swamp clusters (CML, DML and SWP).  

These results suggest that an ordination using the combined variables of taN, available Ca and 

available Mg could potentially increase the separation between ecosite clusters.  This combined 

ordination would make use of the taN data to separate the clusters based on vegetation and the 

available Ca and Mg data to separate the clusters based on soil texture.  
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Chapter 6 - Conclusion and Recommendations 

The purpose of this thesis was to examine the ways in which higher resolution LiDAR-

derived terrain models can be used in tandem with biophysical field measurements to improve 

ecological land classification and soil moisture modelling for the boreal forest of Ontario.  

Ecological land classification distinguishes forest types based on distinctions between soil 

moisture and nutrients.  Hence, the forestry plots sampled were classified into ecosite clusters, 

and biophysical variables (i.e., soil moisture, physical soil properties and available nutrient 

concentrations) were used to ordinate the sample plots (i.e., ecosites) in 2D space.  Since a better 

spatial understanding of the ecological variability in soil moisture can facilitate mapping, 

planning and forestry management practices; LiDAR-derived terrain indices, specifically the 

TWI, PEI and CHM, were evaluated to determine how effectively they model soil moisture 

patterns.  The end goal of this project was to ascertain the ability of these indices to be used as 

input layers for PEM, given that the advent of a fine resolution soil moisture surrogate layer has 

the potential to be a vast improvement over the current methodologies required to manually 

classify ecological land units in the field or delineate them from aerial photographs.   

The separation of ecosite clusters using statistical analysis revealed that there were 

significant differences between the ecosite clusters based on the following variables: soil 

moisture, BD, percent OM, VWC, tN, and available Ca and Mg.  There were no significant 

differences observed between the ecosite clusters for taN or available Na and K.  While complete 

separation among the seven ecosite clusters was not possible with any of the variables studied in 

this research, the SWP cluster was most easily differentiated from the other ecosite clusters.     

The soil moisture analysis revealed that the trends of significant differences were 

complex, contained varying degrees of overlap, and changed based on depth of measurements 
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and season.  In general, separation of the 0-40cm measurements was observed between the dry 

and fresh clusters (CDS, DDS, CFL and DFL) and the moist and wet clusters (CML, DML, SWP) 

with overlap occurring between the CFL, CML and DML clusters during the mid and late season.  

During the early season, the interactions were more complex and complete overlap was evident 

for the CFL cluster.  Consistent trends for the 0-15cm measurements indicated that the CDS and 

DFL were significantly drier than the DML and SWP clusters, while varying degrees of overlap 

occurred between all the other ecosite clusters depending on the season. 

An analysis of the differences between the seasonal moisture measurements demonstrated 

that the early-season 0-40cm moisture measurements were significantly wetter than the late 

season, but there were no significant differences between the 0-15cm seasonal measurements.  

These results indicate a drying trend in the soil corresponding to the rooting zone of the plants, 

but a similar drying trend did not occur closer to the surface of the soil which is likely attributed 

to the wet summer season (Table 5.1).   

The results of the nutrient analyses displayed less complex trends with fewer separations 

between the ecosite clusters.  Porosity showed significant differences between the SWP cluster 

and various dry and fresh clusters (CDS, DDS and CFL) depending on depth; VWC indicated that 

the dry sandy clusters were significantly wetter than DML and SWP; the separation of available 

Ca and Mg occurred between the fresh and moist clusters; and the exact distinctions between 

ecosite clusters could not be defined for BD, percent OM and tN based on non-parametric 

analyses. 

While the results pertaining to the separation of ecosite clusters based on field measured 

characteristics were very promising, the ability to distinguish forest ecosite types based on the 

soil moisture index proved more difficult.  The best soil moisture predictions occurred at 5m 
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spatial resolution using both the IRA-altered TWI and the PEI to predict soil moisture in the top 

15cm where they explained 36.5% of the variation in the measured soil moisture.  Climate data 

from the Timmins airport indicates that the summer of 2009 was wetter than normal which may 

have affected the ability of the LiDAR-derived terrain indices to model the in situ seasonal 

moisture measurements.  Regardless, the LiDAR-derived soil moisture index created in this study 

did not perform with sufficient accuracy/precision to be used as a definitive input layer for PEM 

for two reasons: (1) the LiDAR-derived soil moisture index does not reflect the soil moisture 

measurements in the field; and (2) the soil moisture measurements do not accurately and 

repeatedly separate the ecosite clusters from one another throughout the season.   

In general, it was observed that the 10m and 20m spatial resolution data gave better 

predictions for the 0-40cm moisture measurements, while the 2m and 5m data had better 

predictions for the 0-15cm measurements.  This indicates that coarser resolutions are better 

resolved to detect trends in soil moisture at greater depths, while finer resolutions may be more 

adept at resolving trends in soil moisture at shallow depths.  It was determined that the 2m 

resolution data was too fine and the 20m resolution data was too coarse to capture the variation of 

the features in the landscape in the RMF since they provided the poorest predictions of soil 

moisture.    

Other findings from the soil moisture index indicate that the IRA depression removal 

algorithm significantly increased the prediction efficiency for the 2m, 5m and 20m resolution data 

when compared to the raw LiDAR DEM data surfaces.  Meanwhile, the use of a smoothing filter 

improved the 2m and 5m predictions; however, the effects were inconsequential when compared 

to the effects of the IRA-altered data.   
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Since the scope of this research examined the ecological distinctions in individual plots at 

the ecosite level of classification, the results and findings are not applicable to a wider landscape 

outside the Foleyet ecodistrict in the Abitibi Plains ecoregion.  However, despite this lack of a 

wider ecological context, the information that can be derived from LiDAR DEMs provides a 

more accurate and complete representation of the physical topography than the data which 

currently exists in the province of Ontario. 

With respect to the ordination, the results utilizing the variables of percent OM and tN 

displayed greater separation between the ecosite clusters than the results using taN, available Ca 

or available Mg.  These results suggest that OM and tN perform better than the other nutrient 

variables for separating trends between ecosite clusters in the boreal forest of Ontario using 

ordination techniques.  

The percent OM ordination displayed good separation with a few anomalous plots.  

These anomalies can be explained by the fact that these plots have more in common with the wet 

swamp plots than the fresh or moist mineral plots which they are intended to represent.  The tN 

ordination diagram represented the same clusters in a similar fashion in two-dimensional space; 

however, there were greater distances between the plots in the CML and DML clusters indicating 

that percent OM can better isolate these ecosite clusters from the others. 

Generally speaking, the ordinations using taN separated the plots based on dominant 

vegetation, but these patterns did not correspond well to the actual ecosite clusters.  Conversely, 

the available Ca and Mg ordinations generally separated the plots based on soil texture, but could 

not differentiate between dominant vegetation.  As such, it is possible that a combined ordination 

of taN, Ca and Mg would perform better than either of these variables alone.   
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The scope of this project did not include an ordination analysis to examine the ecosite 

clusters using the LiDAR-derived soil moisture index as opposed to soil moisture measured in 

situ because the soil moisture index performed with lower prediction efficiency than expected.  

Since the best relationship between the LiDAR TWI and soil moisture was 36.5%, it was decided 

that this further analysis was unnecessary.   

Based on the findings from this research, the following recommendations are offered in 

order to increase our understanding of ecological land classification at the plot level and improve 

our ability to model soil moisture using LiDAR-derived terrain surfaces. 

1) To better test relationships between ecosite clusters and environmental terrain variables, it 

would be useful to have a balanced sampling design with sufficient replicate plots for each 

representative ecosite type.  This would avoid the need to cluster ecologically similar, but 

fundamentally different, ecosite types.   

2) To more precisely identify the ecosite type, it would be useful to collect multiple soil cores 

per plot to better assess the fine-scale heterogeneity present in the soil texture of each plot.  

Multiple soil cores would ensure that the ecosite classification was determined for an area 

as opposed to a single point location. 

3) To improve the ordination diagrams, it would be beneficial to perform the following: (i) 

incorporate a greater number and variety of ecosite types (i.e., different soil textures); (ii) 

incorporate species data; (iii) examine the effects of combined variables to characterize soil 

nutrient regimes (i.e., OM, taN, available cations, pH).  Since the ordinations performed in 

this research do not span a full range of ecosite types and utilize ecosite clusters, it could 

also be interesting to overlay the mean ecosite cluster centres (i.e., modal conditions) to 
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examine how they are related to one another and determine where they are located on the 

ordination diagram.     

4) To provide a more thorough terrain analysis of the landscape using LiDAR-derived surface 

layers, it would be beneficial to acquire ‘wall-to-wall’ LiDAR coverage of the study area as 

opposed to using individual flightlines.  The use of individual flightlines hinders landscape 

modeling, as it gives the user a disjointed view of the terrain lacking important linkages to 

the wider topographic context of drainage basins, watersheds and ecosystem function.  As a 

result, this research could only examine surface morphology at the plot level and, at best, it 

represents terrain modelling at the hillslope scale (i.e., 100-1000m in length).    

5) To facilitate soil moisture modelling, it would be advantageous to acquire the LiDAR data 

during leaf-off conditions thus ensuring that there are no conflicting signals near the 

ground surface due to low lying vegetation or dense shrub cover.  Similarly, the use of 

other LiDAR-derived surface variables such as incident solar radiation would likely 

improve the efficiency of soil moisture models as evidenced by Western et al. (1999).  This 

study demonstrated that soil moisture predictions could be improved by up to 20% while 

using a potential solar radiation index in tandem with TWI.  

6) Lastly, an analysis of the LiDAR-derived surface layers using spatial statistics (i.e., 

semivariogram analysis) would be instrumental to determine the optimal spatial resolution 

for modelling soil moisture in boreal forest environments and increase our understanding 

of the scale of spatial variation in the landscape. 
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Appendix A - Moose River Watershed 
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Appendix B - Climate Data from Timmins and Chapleau Airport 

Timmins Airport Climate and Precipitation Normal (1971-2000) 
Temperature:  Jan  Feb Mar Apr May Jun Jul Aug Sep  Oct  Nov  Dec Year

Daily Average (°C)  ‐17.5  ‐14.4 ‐7.7 1.2 9.6 14.7 17.4 15.7 10.3  4.2  ‐4.0  ‐13.2 1.3

Standard Deviation  3.0  3.2 2.7 2.2 2.1 1.7 1.1 1.4 1.5  1.9  2.2  3.8 1

Daily Maximum (°C)  ‐11.0  ‐7.5 ‐0.9 7.6 16.6 21.7 24.2 22.3 16.1  8.9  0.1  ‐7.8 7.5

Daily Minimum (°C)  ‐23.9  ‐21.3 ‐14.5 ‐5.2 2.5 7.5 10.5 9.1 4.4  ‐0.6  ‐8.1  ‐18.7 ‐4.9

Total Rainfall (mm)  2.9  1.6 14.7 26.6 62.7 89.1 91.5 82.0 86.7  64.0  29.5  7.0 558.1

Total Snowfall (cm)  61.7  40.6 49.9 27.5 6.7 0.4 0.0 0.0 1.6  14.0  45.7  65.4 313.4

Total Precipitation (mm)  53.9  36.6 59.4 52.8 69.2 89.4 91.5 82.0 88.3  76.8  69.6  61.9 831.3

Average Snow Depth (cm)  58.0  66.0 58.0 25.0 1.0 0.0 0.0 0.0 0.0  0.0  7.0  29.0 20.0

 
Chapleau Airport Climate and Precipitation Normal (1978-2000) 

*Average Snow Depth Data not available at Chapleau Airport 

 
Timmins Airport Daily Precipitation Data (1971-2000) 
Days with Precipitation:  Jan  Feb Mar Apr May Jun Jul Aug Sep  Oct  Nov  Dec Year

Days with >= 0.2 mm  17.7  13.6 13.3 11.0 12.1 14.4 14.0 13.9 16.6  16.4  18.7  19.0 103.1

Days with >= 5.0 mm  3.0  2.2 3.8 3.8 4.6 5.5 5.4 4.9 5.9  5.2  4.2  3.9 35.7

Days with >= 10 mm  1.2  0.6 1.7 1.4 2.6 2.8 3.0 2.7 2.7  2.1  2.0  1.3 17.5

Days with >= 25 mm  0.03  0.03 0.17 0.02 0.27 0.47 0.63 0.59 0.37  0.25  0.21  0.10 2.7

 
Chapleau Airport Daily Precipitation Data (1978-2000) 
Days with Precipitation:  Jan  Feb Mar Apr May Jun Jul Aug Sep  Oct  Nov  Dec Year

Days with >= 0.2 mm  16.2  12.5 11.6 9.6 12.6 13.9 13.3 14.5 16.9  15.0  15.2  16.7 167.9

Days with >= 5.0 mm  3.5  2.6 3.5 3.2 4.3 4.3 5.4 4.4 5.7  5.0  4.0  4.4 50.2

Days with >= 10 mm  1.2  0.82 1.8 1.5 2.6 2.4 3.0 2.7 2.7  2.7  1.6  1.6 24.5

Days with >= 25 mm  0.14  0.18 0.05 0.11 0.45 0.50 0.57 0.35 0.35  0.30  0.17  0.22 3.4

 
Adapted from Environment Canada, 2010a.  
 

  

Temperature:   Jan  Feb Mar Apr May Jun Jul Aug Sep  Oct  Nov  Dec Year

Daily Average (°C)  ‐16.0  ‐13.2 ‐7.2 1.4 9.4 14.5 17.0 15.7 10.6  3.9  ‐3.8  ‐11.8 1.7

Standard Deviation  3.2  3.4 2.2 2.5 2.3 1.6 1.2 1.2 1.2  1.7  2.3  4.0 1.1

Daily Maximum (°C)  ‐9.7  ‐6.5 ‐0.5 7.6 16.2 21.0 23.3 21.6 15.8  8.4  0.2  ‐6.5 7.6

Daily Minimum (°C)  ‐22.4  ‐19.9 ‐13.8 ‐4.8 2.5 8.0 10.6 9.8 5.3  ‐0.6  ‐7.8  ‐17.1 ‐4.2

Total Rainfall (mm)  1.6  2.0 13.1 24.1 69.5 76.8 86.7 76.2 87.4  69.1  22.6  2.6 531.8

Total Snowfall (cm)  58.2  41.1 36.8 21.8 3.3 0.0 0.0 0.0 0.5  8.5  39.4  67.2 276.9

Total Precipitation (mm)  55.9  41.1 48.5 46.3 72.7 76.8 86.7 76.2 87.8  78.3  60.1  66.2 796.6
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Appendix C - Original and Actual Sampling Design 

Initial 
Sample 
Groups 

Primary 
FEC  Secondary FEC 

Initial Plot 
Selections 

 
Actual Sample 

Groups 
OMNR Plot 

Type 
Actual Plot 
Selections 

1  2‐  7c  PJ01    1  IH‐1  IH03* 
1  2‐  7c  PJ02^    1  IH‐1  IH04* 
1  2‐  7c  PJ06^    1  IH‐1  IH34 
2  5f  4‐  SB24    2  IH‐2  IH10* 
2  5f  4‐  SB29^    2  IH‐2  IH16 
2  5f  4‐  SB34^    2  IH‐2  IH28 
3  5m  4‐  PJ23^    3  IH‐3  IH22 
3  5m  4‐  PJ29^    3  IH‐3  IH23 
3  5m  4‐  PJ31    3  IH‐3  IH25* 
4  5m  9p  SB06    4  MW‐1  MW07 
4  5m  9p  SB07    4  MW‐1  MW08 
4  5m  9p  SB09^    4  MW‐1  MW09 
5  6c  5m  IH29^    5  MW‐2  MW18* 
5  6c  5m  IH31^    5  MW‐2  MW19 
5  6c  none  IH32^    5  MW‐2  MW24* 
6  6c  none  PJ07    6  MW‐3  MW13 
6  6c  none  PJ08    6  MW‐3  MW22 
6  6c  none  PJ10^    6  MW‐3  MW23 
7  7c  none  IH12^    7  MW‐4  MW21 
7  7c  7m  IH22    7  MW‐4  MW25* 
7  7c  7m  IH23    7  MW‐4  MW26* 
8  7c  none  MW09    8  MW‐5  MW12* 
8  7c  none  MW13    8  MW‐5  MW14 
8  7c  3‐  MW14    8  MW‐5  MW27* 
9  7m  9r  IH16    9  PJ‐1  PJ07 
9  7m  9r  IH28    9  PJ‐1  PJ08 
9  7m  9r  IH34    9  PJ‐1  PJ18* 
10  7m  none  MW21    10  PJ‐2  PJ09* 
10  7m  9r  MW22    10  PJ‐2  PJ30* 
10  7m  9r  MW23    10  PJ‐2  PJ33* 
11  8‐  4‐  SB25^    11  PJ‐3  PJ13* 
11  8‐  4‐  SB27^    11  PJ‐3  PJ21* 
11  8‐  9p  SB33^    11  PJ‐3  PJ31 
12  9r  7c  MW05^    12  PJ‐4  PJ01 
12  9r  7c  MW06^    12  PJ‐4  PJ03* 
12  9r  7m  MW20^    12  PJ‐4  PJ05* 
13  10‐  7m  MW07    13  SB‐1  SB06 
13  10‐  7m  MW08    13  SB‐1  SB07 
13  10‐  7m  MW19    13  SB‐1  SB08* 
14  12‐  none  SB13^    14  SB‐2  SB21 
14  12‐  none  SB17^    14  SB‐2  SB22 
14  12‐  none  SB31    14  SB‐2  SB24 
15  13p  4‐  SB20    15  SB‐3  SB19* 
15  13p  4‐  SB21    15  SB‐3  SB20 
15  13p  4‐  SB22    15  SB‐3  SB31 

^ plot that was removed, * plot that was added 

(FEC Nomenclature: Taylor et al., 2000) 
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Appendix D - Field Tests for Soil Texture Analysis 

Texture Analysis Tests for Mineral Substrates:  The term substrate is used during classification as it refers 

to more than just soils.  It includes various materials such as rocks, dunes, cliffs, talus, scree and organic 

wetland materials.   The dry feel test is always performed first to determine whether the substrate contains 

greater or less than 50% sand by composition.  Once this is established, it determines the order required for 

the rest of the soil texture tests.  Substrates with greater than 50% sand require the moist cast test and 

ribbon test; while substrates with less than 50% sand require the moist cast test, ribbon test, taste test 

(optional) and shine test.  The methods described below are adapted from ELC Working Group (2009) and 

based on OSCRE (1993). 

 

Dry Feel Test:  The dry feel test is performed to determine the percentage of sand, silt and clay in a 

substrate sample based on the volume of different grain sizes.  A dime size amount of substrate is held in 

the palm of one hand, while the index finger of the other hand is used to rub the sample into the palm and 

dry it out through movement and friction.  A colour change will occur as the sample dries and once the 

sample is completely dry, it is transferred to a book or hard surface.  While holding the book on an angle 

towards your body and placing your thumb across the bottom, gently tap the top of the book to separate the 

substrate materials into a gradient based on their grain size.  Assess the percentage of fine materials versus 

sands.  The fine grained materials which remain in place are transferred to a piece of paper where they are 

rubbed into the paper to determine the percentage of silt and clay versus sand in the fine material.  The clay 

and silt particle will absorb into the paper while the fine grained sand particles will remain on the surface.  

Again, assess the percentage of sand versus clay and silt particles to determine the percentage of each. 

 

Moist Cast Test:  Take a thumb size amount of the substrate in your hand and dry it out by pressing it into a 

cloth or piece of material to absorb out the excess moisture. The proper amount of moisture for the moist 

cast test is achieved when the substrate sample stops staining your hand when you squeeze it in your palm.  

The ability of the substrate to form a cast is determined based on its ability to hold together when you 

release it from your palm.  The higher the sand content, the less the substrate is able to hold together and 

the higher the clay content, the greater the ability of the cast to stay together. 

 

Ribbon Test:  Once the desired moisture is achieved, shape the substrate sample into a thin cylinder and 

begin squeezing and pushing the tube between your thumb and index finger in an attempt to make a long 

thin ribbon shape.  Substrates with high amounts of silt will flake, while substrates with high amounts of 
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clay will form longer ribbons.  Compare the length of the ribbon to the general characteristics outlined for 

each soil texture classification.   

 

Taste Test:  Mineral material may be placed in the mouth and rubbed along the front teeth to determine the 

quantity of sand, silt and clay.  Sand feels large and gritty, silt feels like fine grained baking soda and clay 

feels smooth. 

 

Shine Test:  The shine test is performed by rolling a small amount of substrate into a ball and rubbing it 

against a hard smooth object. If there is shininess present in the substrate, this is indicative of the presence 

of clay. 

 

Texture Analysis Test for Organic Substrates:  The vonPost scale of decomposition is used to assess the 

texture of organic soils.  The degree of decomposition is determined by squeezing a fist full of organic 

material and noting the colour of the water that escapes from your hand, the amount of material that 

escapes your hand, the greasiness or slickness of the material, and the amount of peat or fibres present in 

the material. 
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Appendix E - Particle Size Analysis Equations and Calculations  

The following equations were employed to determine particle size composition as described by the 

‘California Department of Pesticide Regulation’s standard operating procedure for determining soil particle 

size using the hydrometer method’ (Dietrich, 2005).  To determine the particle size composition, one must 

first determine the calibrated hydrometer readings for the soil samples (eqn 1) and calculate the correction 

value for the density and viscosity variations of the HMP solution at the specific temperature of the 

readings (eqns 1, 2, 3, 4).  The hydrometer readings for this analysis were made at a temperate of 20°C.   

 
C = R – RL     (eqn 1) 

Where  C = hydrometer reading with blank subtracted, (g/L)  
R = uncorrected hydrometer reading (g/L),  
RL = hydrometer reading of blank (g/L) 

 
 B = 30 η / [g (ρs – ρl)]     (eqn 2) 

Where B = correction value for the HMP solution,  
η = fluid HMP solution viscosity (eqn 3),  
g = gravitational constant (980 cm/s2),  
ρs = soil particle density (2.65 g/cm3),  
ρl = HMP solution density (eqn 4)   

 
 η = ηº (1 + 4.25 Cs)     (eqn 3) 
 
 ρl = ρº (1 + 0.0630 Cs)     (eqn 4) 

Where ηº = water viscosity at 20°C (0.01003 cm-1s-1),  
ρº =  water density at 20°C (0.99823 g/cm3), 
Cs = concentration of HMP (0.05 g/cm3) 

 
 The effective hydrometer depth (eqn 5) and sedimentation parameter (eqn 6) are used to calculate 

the mean particle diameter in suspension (eqn 7) for each hydrometer reading from the soil mixture.  

Lastly, the summation percentage is calculated for each time interval (eqn 8) where the dry weight of the 

soil sample is determined based on the dry to wet soil mass ratio from the bulk density calculations.  The 

results from equations 1 through 8 are found in the tables attached to this appendix.  

  
 h' = -0.164 R + 16.3    (eqn 5) 
    Where h' = effective hydrometer depth (cm), 
     R = uncorrected hydrometer reading (g/L) 
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 θ = 1000 (Bh')0.5     (eqn 6) 
    Where θ = sedimentation parameter (μm min1/2), 

h' = effective hydrometer depth (cm), 
B = correction value for the HMP solution 

 
 
 X = θ( t)-0.5      (eqn 7) 
    Where X = mean particle diameter in suspension at time t (μm), 
     θ = sedimentation parameter (μm min1/2), 
     t = time (minutes) 

 
 P = 100 (C/Co)      (eqn 8) 
    Where P = summation percentage for given time interval, 
     C = hydrometer reading with blank subtracted (g/L), 
     Co = dry weight of initial soil sample (g)  
 
 The percentage of sand (eqn 10) is calculated using the slope of the summation percentage curve 

(eqn 9) and the mean particle diameter size in suspension at 60 seconds.  Since the threshold particle size 

for sands is 50μm, all of the particles greater than 50μm are considered to be sand. 

  
 m = (P30– P60) / ln (X30 / X60)    (eqn 9) 

Where m = slope of the summation percentage curve between mean 
particle diameter at 30s and 60s, 

     P30 = summation percentage at 30s, 
     P60 = summation percentage at 60 s, 
     X30 = mean particle diameter in suspension at 30s (μm), 
     X60 = mean particle diameter in suspension at 60s (μm) 
 
 P50μm = 100 – [m ln (50 / X60) + P60]  (eqn 10) 
    Where P50μm = percentage of sand particles greater than 50μm, 

m = slope of the summation percentage curve between mean 
particle diameter at 30s and 60s (eqn 9), 

     X60 = mean particle diameter in suspension at 60s (μm), 
     P60 = summation percentage at 60s 
 

The percentage of clay particles (eqn 12) is calculated using the slope of the summation 

percentage curve (eqn 11) and the mean particle diameter size in suspension at 24 hours. 

  
 m = (P1.5 – P24) / ln (X1.5 / X24)   (eqn 11) 

Where m = slope of the summation percentage curve between mean 
particle diameter at 90min and 1440min, 

     P1.5 = summation percentage at 90min, 
     P24 = summation percentage at 1440min, 

X1.5 = mean particle diameter in suspension at 90min (μm), 
X24 = mean particle diameter in suspension at 1440min (μm) 
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 P2μm = m ln (2 / X24) + P24    (eqn 12) 

Where  P2μm = percentage of particles less than 2μm, 
m = slope of the summation percentage curve between mean 
particle diameter at 90min and 1440min (eqn 11), 

     P24 = summation percentage at 24 hours, 
X24 = mean particle diameter in suspension at 24 hours (μm) 

 
 Lastly, the percentage of silt is determined by subtracting the percentage of sand and the 

percentage of clay from a value of 100.  Using a soil texture triangle, the soil type is determined based on 

the calculated percentage of the different particle sizes.   

  
 % silt = 100 – (% sand + % clay)   (eqn 13) 
 
 
 
 
Solution to Eqn. 4: Correction Value for the HMP Solution (B) 
 
Temperature = 20°C  
B = 30 η / [g (ρs – ρl)]  
B = 30*0.0112 / (980*(2.65‐1.0014)) 
B = 0.000226 
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Appendix E (continued) - Eqn. 1: Hydrometer Readings with Blank Subtracted (C) 
 
Plot  0.5 min  1 min  3 min  10 min  30 min  60 min  90 min  120 min  1440 min 

IH03  25  21  16  11  8  7.5  7.5  6.5  6 
IH04  24  19  15  11.5  9  8.5  8  7  6 
IH10  13  8  6  5  5  5  5  5  5 
IH16  12.5  11  9  7  4  3.5  3  2.5  2 
IH22  32  27  20  13  10  7.5  7  7  5.5 
IH23  32  28  21  14  10  8  7.5  7.5  6 
IH25  33  30  22  13  9  8  7  7  6 
IH28  22  19  22.5  8  6  4.5  4  3.5  2.5 
IH34  24  20  15  10.5  9  8  7  7  6 
MW07  6  4.5  3.5  2.5  2  1.5  1  1  1 
MW08                   
MW09                   
MW12                   
MW13  20.5  16  10.5  7  4.5  3  2  2  1.5 
MW14                   
MW18  20.5  16  8.5  5.5  3  2.5  2  1.5  1 
MW19  24  18  11  7.5  5.5  4  3  3  1.5 
MW21  29  23  15  8.5  6  4.5  4  3.5  2 
MW22  15.5  13  9  5  3  2.5  2  2  1 
MW23  21  18  13  9  7  5.5  4.5  4  2 
MW24  32.5  28.5  17.5  11  7  5  4  4  3 
MW25  14  10.5  6.5  5  3.5  3  3  3  1.5 
MW26  23  20.5  15.5  10.5  7  5  4  3.5  1 
MW27                   
PJ01  23.5  19.5  12  6.5  3.5  3  2  2  2 
PJ03  21  10  8.5  6  3.5  2.5  2.5  2  1 
PJ05  6.5  4.5  1  0.5  0.5  0.5  0  0  0 
PJ07  13  10.5  5.5  3.5  2  2  1.5  1  1 
PJ08  13.5  10.5  7  4.5  3  2.5  2  1.5  1 
PJ09  12  9  6  3  2  1  1  1  1 
PJ13  22  14  7.5  4.5  2.5  2  2  2  1.5 
PJ18  6  5  3.5  2.5  1.5  1  1  1  1 
PJ21                   
PJ30  7  3  1  0.5  0.5  0  0  0  0 
PJ31  21.5  17.5  13  7.5  4.5  3  2.5  2  1.5 
PJ33  8  5  2.5  1.5  1  0.5  0.5  0.5  0.5 
SB06  11.5  9  6.5  3.5  2  2  1  1  1 
SB07  7  6  5  4  2  1.5  1  1  0.5 
SB08                   
SB19                   
SB20                   
SB21                   
SB22  11  8.5  6  4  3  2  1.5  1.5  1.5 
SB24  36  29.5  20.5  11.5  7  5  4  3.5  2.5 
SB31                   
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Appendix E (continued) - Eqn. 5: Values for Effective Hydrometer Depth (h`) 
 

Plot  0.5 min  1 min  3 min  10 min  30 min  60 min  90 min  120 min  1440 min 

IH03  12.04  12.69  13.51  14.33  14.82  15.07  15.07  15.23  15.32 
IH04  12.36  13.18  13.84  14.41  14.82  14.91  14.99  15.15  15.32 
IH10  14.00  14.82  15.32  15.48  15.48  15.48  15.48  15.48  15.48 
IH16  13.43  13.68  14.00  14.33  14.82  14.91  14.99  15.07  15.15 
IH22  11.05  11.87  13.02  14.17  14.66  15.07  15.15  15.15  15.40 
IH23  11.05  11.71  12.86  14.00  14.66  14.99  15.07  15.07  15.32 
IH25  10.89  11.38  12.69  14.17  14.82  14.99  15.15  15.15  15.32 
IH28  11.87  12.36  11.79  14.17  14.50  14.74  14.82  14.91  15.07 
IH34  12.36  13.02  13.84  14.58  14.82  14.99  15.15  15.15  15.32 
MW07  14.50  14.74  14.91  15.07  15.15  15.23  15.32  15.32  15.32 
MW08                   
MW09                   
MW12                   
MW13  12.12  12.86  13.76  14.33  14.74  14.99  15.15  15.15  15.23 
MW14                   
MW18  12.12  12.86  14.09  14.58  14.99  15.07  15.15  15.23  15.32 
MW19  11.54  12.53  13.68  14.25  14.58  14.82  14.99  14.99  15.23 
MW21  10.72  11.71  13.02  14.09  14.50  14.74  14.82  14.91  15.15 
MW22  12.94  13.35  14.00  14.66  14.99  15.07  15.15  15.15  15.32 
MW23  12.04  12.53  13.35  14.00  14.33  14.58  14.74  14.82  15.15 
MW24  10.15  10.81  12.61  13.68  14.33  14.66  14.82  14.82  14.99 
MW25  13.18  13.76  14.41  14.66  14.91  14.99  14.99  14.99  15.23 
MW26  11.71  12.12  12.94  13.76  14.33  14.66  14.82  14.91  15.32 
MW27                   
PJ01  11.63  12.28  13.51  14.41  14.91  14.99  15.15  15.15  15.15 
PJ03  12.04  13.84  14.09  14.50  14.91  15.07  15.07  15.15  15.32 
PJ05  14.41  14.74  15.32  15.40  15.40  15.40  15.48  15.48  15.48 
PJ07  13.35  13.76  14.58  14.91  15.15  15.15  15.23  15.32  15.32 
PJ08  13.27  13.76  14.33  14.74  14.99  15.07  15.15  15.23  15.32 
PJ09  13.51  14.00  14.50  14.99  15.15  15.32  15.32  15.32  15.32 
PJ13  11.87  13.18  14.25  14.74  15.07  15.15  15.15  15.15  15.23 
PJ18  14.50  14.66  14.91  15.07  15.23  15.32  15.32  15.32  15.32 
PJ21                   
PJ30  14.33  14.99  15.32  15.40  15.40  15.48  15.48  15.48  15.48 
PJ31  11.95  12.61  13.35  14.25  14.74  14.99  15.07  15.15  15.23 
PJ33  14.17  14.66  15.07  15.23  15.32  15.40  15.40  15.40  15.40 
SB06  13.59  14.00  14.41  14.91  15.15  15.15  15.32  15.32  15.32 
SB07  14.33  14.50  14.66  14.82  15.15  15.23  15.32  15.32  15.40 
SB08                   
SB19                   
SB20                   
SB21                   
SB22  13.68  14.09  14.50  14.82  14.99  15.15  15.23  15.23  15.23 
SB24  9.58  10.64  12.12  13.59  14.33  14.66  14.82  14.91  15.07 
SB31                   
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Appendix E (continued) - Eqn. 6: Values for Sedimentation Parameter (θ) 
 

Plot  0.5 min  1 min  3 min  10 min  30 min  60 min  90 min  120 min  1440 min 

IH03  52.12  53.52  55.22  56.87  57.84  58.32  58.32  58.63  58.79 
IH04  52.82  54.55  55.89  57.03  57.84  58.00  58.16  58.48  58.79 
IH10  56.22  57.84  58.79  59.11  59.11  59.11  59.11  59.11  59.11 
IH16  55.05  55.56  56.22  56.87  57.84  58.00  58.16  58.32  58.48 
IH22  49.94  51.76  54.21  56.55  57.52  58.32  58.48  58.48  58.95 
IH23  49.94  51.40  53.86  56.22  57.52  58.16  58.32  58.32  58.79 
IH25  49.57  50.68  53.52  56.55  57.84  58.16  58.48  58.48  58.79 
IH28  51.76  52.82  51.58  56.55  57.20  57.68  57.84  58.00  58.32 
IH34  52.82  54.21  55.89  57.36  57.84  58.16  58.48  58.48  58.79 
MW07  57.20  57.68  58.00  58.32  58.48  58.63  58.79  58.79  58.79 
MW08                   
MW09                   
MW12                   
MW13  52.30  53.86  55.72  56.87  57.68  58.16  58.48  58.48  58.63 
MW14                   
MW18  52.30  53.86  56.38  57.36  58.16  58.32  58.48  58.63  58.79 
MW19  51.04  53.17  55.56  56.71  57.36  57.84  58.16  58.16  58.63 
MW21  49.20  51.40  54.21  56.38  57.20  57.68  57.84  58.00  58.48 
MW22  54.04  54.89  56.22  57.52  58.16  58.32  58.48  58.48  58.79 
MW23  52.12  53.17  54.89  56.22  56.87  57.36  57.68  57.84  58.48 
MW24  47.86  49.38  53.35  55.56  56.87  57.52  57.84  57.84  58.16 
MW25  54.55  55.72  57.03  57.52  58.00  58.16  58.16  58.16  58.63 
MW26  51.40  52.30  54.04  55.72  56.87  57.52  57.84  58.00  58.79 
MW27                   
PJ01  51.22  52.65  55.22  57.03  58.00  58.16  58.48  58.48  58.48 
PJ03  52.12  55.89  56.38  57.20  58.00  58.32  58.32  58.48  58.79 
PJ05  57.03  57.68  58.79  58.95  58.95  58.95  59.11  59.11  59.11 
PJ07  54.89  55.72  57.36  58.00  58.48  58.48  58.63  58.79  58.79 
PJ08  54.72  55.72  56.87  57.68  58.16  58.32  58.48  58.63  58.79 
PJ09  55.22  56.22  57.20  58.16  58.48  58.79  58.79  58.79  58.79 
PJ13  51.76  54.55  56.71  57.68  58.32  58.48  58.48  58.48  58.63 
PJ18  57.20  57.52  58.00  58.32  58.63  58.79  58.79  58.79  58.79 
PJ21                   
PJ30  56.87  58.16  58.79  58.95  58.95  59.11  59.11  59.11  59.11 
PJ31  51.94  53.35  54.89  56.71  57.68  58.16  58.32  58.48  58.63 
PJ33  56.55  57.52  58.32  58.63  58.79  58.95  58.95  58.95  58.95 
SB06  55.39  56.22  57.03  58.00  58.48  58.48  58.79  58.79  58.79 
SB07  56.87  57.20  57.52  57.84  58.48  58.63  58.79  58.79  58.95 
SB08                   
SB19                   
SB20                   
SB21                   
SB22  55.56  56.38  57.20  57.84  58.16  58.48  58.63  58.63  58.63 
SB24  46.49  49.01  52.30  55.39  56.87  57.52  57.84  58.00  58.32 
SB31                   
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Appendix E (continued) - Eqn. 7: Values for Mean Particle Diameter (X) 
 

Plot  0.5 min  1 min  3 min  10 min  30 min  60 min  90 min  120 min  1440 min 

IH03  73.71  53.52  31.88  17.98  10.56  7.53  6.15  5.35  1.55 
IH04  74.70  54.55  32.27  18.04  10.56  7.49  6.13  5.34  1.55 
IH10  79.50  57.84  33.94  18.69  10.79  7.63  6.23  5.40  1.56 
IH16  77.86  55.56  32.46  17.98  10.56  7.49  6.13  5.32  1.54 
IH22  70.63  51.76  31.30  17.88  10.50  7.53  6.16  5.34  1.55 
IH23  70.63  51.40  31.10  17.78  10.50  7.51  6.15  5.32  1.55 
IH25  70.10  50.68  30.90  17.88  10.56  7.51  6.16  5.34  1.55 
IH28  73.20  52.82  29.78  17.88  10.44  7.45  6.10  5.29  1.54 
IH34  74.70  54.21  32.27  18.14  10.56  7.51  6.16  5.34  1.55 
MW07  80.89  57.68  33.49  18.44  10.68  7.57  6.20  5.37  1.55 
MW08                   
MW09                   
MW12                   
MW13  73.96  53.86  32.17  17.98  10.53  7.51  6.16  5.34  1.55 
MW14                   
MW18  73.96  53.86  32.55  18.14  10.62  7.53  6.16  5.35  1.55 
MW19  72.18  53.17  32.08  17.93  10.47  7.47  6.13  5.31  1.55 
MW21  69.57  51.40  31.30  17.83  10.44  7.45  6.10  5.29  1.54 
MW22  76.42  54.89  32.46  18.19  10.62  7.53  6.16  5.34  1.55 
MW23  73.71  53.17  31.69  17.78  10.38  7.40  6.08  5.28  1.54 
MW24  67.69  49.38  30.80  17.57  10.38  7.43  6.10  5.28  1.53 
MW25  77.14  55.72  32.93  18.19  10.59  7.51  6.13  5.31  1.55 
MW26  72.69  52.30  31.20  17.62  10.38  7.43  6.10  5.29  1.55 
MW27                   
PJ01  72.44  52.65  31.88  18.04  10.59  7.51  6.16  5.34  1.54 
PJ03  73.71  55.89  32.55  18.09  10.59  7.53  6.15  5.34  1.55 
PJ05  80.66  57.68  33.94  18.64  10.76  7.61  6.23  5.40  1.56 
PJ07  77.62  55.72  33.12  18.34  10.68  7.55  6.18  5.37  1.55 
PJ08  77.38  55.72  32.84  18.24  10.62  7.53  6.16  5.35  1.55 
PJ09  78.09  56.22  33.02  18.39  10.68  7.59  6.20  5.37  1.55 
PJ13  73.20  54.55  32.74  18.24  10.65  7.55  6.16  5.34  1.55 
PJ18  80.89  57.52  33.49  18.44  10.71  7.59  6.20  5.37  1.55 
PJ21                   
PJ30  80.43  58.16  33.94  18.64  10.76  7.63  6.23  5.40  1.56 
PJ31  73.45  53.35  31.69  17.93  10.53  7.51  6.15  5.34  1.55 
PJ33  79.97  57.52  33.67  18.54  10.73  7.61  6.21  5.38  1.55 
SB06  78.33  56.22  32.93  18.34  10.68  7.55  6.20  5.37  1.55 
SB07  80.43  57.20  33.21  18.29  10.68  7.57  6.20  5.37  1.55 
SB08                   
SB19                   
SB20                   
SB21                   
SB22  78.57  56.38  33.02  18.29  10.62  7.55  6.18  5.35  1.55 
SB24  65.74  49.01  30.19  17.52  10.38  7.43  6.10  5.29  1.54 
SB31                   

 
 
 
 



 

 

 

169

Appendix E (continued) - Calculations of Dry Soil Mass (Co) 

Plot 
Depth 
(cm) 

Wet soil 
mass (g) 

% Moisture 
(from BD 
calcs) 

Dry soil 
mass (g) 

IH03  15‐40  60  0.776  46.56 
IH04  15‐40  60  0.779  46.75 
IH10  15‐40  60  0.916  54.95 
IH16  15‐40  59.66  0.882  52.63 
IH22  15‐40  60  0.705  42.28 
IH23  15‐40  60  0.778  46.69 
IH25  15‐40  60  0.792  47.53 
IH28  15‐40  59.75  0.733  43.82 
IH34  15‐40  60  0.776  46.58 
MW07  15‐40  60.02  0.856  51.38 
MW08         
MW09         
MW12         
MW13  15‐40  59.41  0.827  49.12 
MW14         
MW18  15‐40  60.14  0.802  48.25 
MW19  15‐40  59.43  0.790  46.97 
MW21  15‐40  59.64  0.861  51.33 
MW22  15‐40  59.57  0.877  52.26 
MW23  15‐40  59.56  0.766  45.63 
MW24  15‐40  59.57  0.869  51.74 
MW25  15‐40  59.48  0.826  49.12 
MW26  15‐40  59.5  0.818  48.65 
MW27         
PJ01  15‐40  59.4  0.800  47.51 
PJ03  15‐40  59.81  0.890  53.21 
PJ05  15‐40  59.96  0.869  52.12 
PJ07  15‐40  60.91  0.898  54.69 
PJ08  15‐40  59.87  0.814  48.75 
PJ09  15‐40  59.08  0.929  54.91 
PJ13  15‐40  60.87  0.766  46.62 
PJ18  15‐40  60.44  0.903  54.56 
PJ21         
PJ30  15‐40  59.26  0.959  56.81 
PJ31  15‐40  60.25  0.786  47.35 
PJ33  15‐40  58.91  0.922  54.34 
SB06  15‐40  60.54  0.911  55.13 
SB07  15‐40  59.56  0.923  55.00 
SB08         
SB19         
SB20         
SB21         
SB22  15‐40  60.44  0.796  48.11 
SB24  15‐40  59.47  0.754  44.86 
SB31         
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Appendix E (continued) - Eqn. 8: Values for Summation Percentage (P) 
 

Plot  0.5 min  1 min  3 min  10 min  30 min  60 min  90 min  120 min  1440 min 

IH03  53.70  45.11  34.37  23.63  17.18  16.11  16.11  13.96  12.89 
IH04  51.34  40.64  32.09  24.60  19.25  18.18  17.11  14.97  12.83 
IH10  23.66  14.56  10.92  9.10  9.10  9.10  9.10  9.10  9.10 
IH16  23.75  20.90  17.10  13.30  7.60  6.65  5.70  4.75  3.80 
IH22  75.68  63.86  47.30  30.75  23.65  17.74  16.56  16.56  13.01 
IH23  68.54  59.98  44.98  29.99  21.42  17.14  16.06  16.06  12.85 
IH25  69.43  63.12  46.29  27.35  18.94  16.83  14.73  14.73  12.62 
IH28  50.20  43.36  51.34  18.26  13.69  10.27  9.13  7.99  5.70 
IH34  51.53  42.94  32.21  22.54  19.32  17.18  15.03  15.03  12.88 
MW07  11.68  8.76  6.81  4.87  3.89  2.92  1.95  1.95  1.95 
MW08                   
MW09                   
MW12                   
MW13  41.74  32.58  21.38  14.25  9.16  6.11  4.07  4.07  3.05 
MW14                   
MW18  42.48  33.16  17.62  11.40  6.22  5.18  4.14  3.11  2.07 
MW19  51.10  38.32  23.42  15.97  11.71  8.52  6.39  6.39  3.19 
MW21  56.50  44.81  29.23  16.56  11.69  8.77  7.79  6.82  3.90 
MW22  29.66  24.88  17.22  9.57  5.74  4.78  3.83  3.83  1.91 
MW23  46.02  39.45  28.49  19.72  15.34  12.05  9.86  8.77  4.38 
MW24  62.81  55.08  33.82  21.26  13.53  9.66  7.73  7.73  5.80 
MW25  28.50  21.38  13.23  10.18  7.13  6.11  6.11  6.11  3.05 
MW26  47.28  42.14  31.86  21.58  14.39  10.28  8.22  7.19  2.06 
MW27                   
PJ01  49.46  41.04  25.26  13.68  7.37  6.31  4.21  4.21  4.21 
PJ03  39.47  18.80  15.98  11.28  6.58  4.70  4.70  3.76  1.88 
PJ05  12.47  8.63  1.92  0.96  0.96  0.96  0.00  0.00  0.00 
PJ07  23.77  19.20  10.06  6.40  3.66  3.66  2.74  1.83  1.83 
PJ08  27.69  21.54  14.36  9.23  6.15  5.13  4.10  3.08  2.05 
PJ09  21.85  16.39  10.93  5.46  3.64  1.82  1.82  1.82  1.82 
PJ13  47.19  30.03  16.09  9.65  5.36  4.29  4.29  4.29  3.22 
PJ18  11.00  9.16  6.41  4.58  2.75  1.83  1.83  1.83  1.83 
PJ21                   
PJ30  12.32  5.28  1.76  0.88  0.88  0.00  0.00  0.00  0.00 
PJ31  45.40  36.95  27.45  15.84  9.50  6.34  5.28  4.22  3.17 
PJ33  14.72  9.20  4.60  2.76  1.84  0.92  0.92  0.92  0.92 
SB06  20.86  16.32  11.79  6.35  3.63  3.63  1.81  1.81  1.81 
SB07  12.73  10.91  9.09  7.27  3.64  2.73  1.82  1.82  0.91 
SB08                   
SB19                   
SB20                   
SB21                   
SB22  22.86  17.67  12.47  8.31  6.24  4.16  3.12  3.12  3.12 
SB24  80.24  65.76  45.69  25.63  15.60  11.14  8.92  7.80  5.57 
SB31                   
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Appendix F - MacroScript Output from TerraScan LiDAR Classifications 

FnScanClassifyClass(999,1,0)  returned 423 172 
- classify all hits to default (class 1) 

 
FnScanClassifyEcho(1,3,3,0)  returned 96 974 

- classify default (1) to low vegetation (class 3) if return is last of many 
 
FnScanClassifyEcho(1,3,0,0)  returned 217 123 

- classify default (1) to low vegetation (class 3) if return is only return 
 
FnScanClassifyIsolated("0-255",8,1,3.50,0)  returned 4 

- classify all hits to model keypoints (class 8) if there are fewer than 1 point within 3.5 meters 
 -probably an error 
 
FnScanClassifyAbsElev(999,8,-5000.00,-50.00,0)  returned 0 
FnScanClassifyAbsElev(999,8,500.00,5000.00,0)  returned 0 

- classify all hits to model keypoints if lower absolute elevation < -50m or > 500m 
 
FnScanClassifyLow(999,7,6,1.00,8.00,0)  returned 0 
FnScanClassifyLow(999,7,1,1.00,8.00,0)  returned 0 

- classify all hits to low points (class 7) based on search parameters 
 - if 6 points are more than 1 meter away from other points within 8 meters 
 - if 1 point is more than 1 meter away from other points within 8 meters 
 
FnScanClassifyGround(3,2,1,40.0,88.00,6.00,1.40,-1,3.0,0,2.0,0)  returned 34 016 
FnScanClassifyGround(3,2,1,60.0,88.00,7.00,1.40,-1,3.0,0,2.0,0)  returned 3 478 
FnScanClassifyGround(3,2,1,60.0,88.00,10.00,1.40,-1,3.0,0,2.0,0)  returned 6 876 

- classify low veg (3) to ground (class 2) based on iterative TIN approach 
 - select lowest points within a 40x40m area.  Terrain angle: 88 degrees,  
 Iteration distance: 6 meters, Iteration angle: 1.4 degrees, Reduce iteration angle when 3 m 
 from edge 
 
FnScanClassifyClass(3,1,0)  returned 269 726 

- classify low veg to default if it has not been classified as ground! 
 
FnScanClassifyHgtGrd(2,100.0,1,3,0.10,100.00,0)  returned 343 476 

- classify default to low veg if height above ground is 0.1m to 100 meters 
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Appendix G - DEM and TWI Processing Workflow 

In Arc: 

1) Create a continuous stream network 
a. Create new polygon shapefile – 5 x 5 grid 
b. Create new polyline shapefile – stream_edits_flow_lines 

i. Heads up digitize streams through water bodies 
ii. At every intersection of streams make a vertex 

iii. Add attribute field to code streams appropriately 
- Permanent, intermittent, ephemeral and rivers or lakes 

 

2) Create culverts and burn them into the DEM 
a. Intersect by spatial location: roads and stream network 
b. Create new shapefile – culverts 

i. Digitize areas of overlap when the DEM shows an impasse of higher elevations 
c. Buffer the culverts by appropriate resolution 

- Analysis tools > Proximity > Buffer 
o 2m resolution > 2m buffer 
o 5m resolution > 3m buffer 
o 10m resolution > 5m buffer 
o 20m resolution > 10m buffer 

d. Convert features to raster layers – culvert_b 
- Spatial Analyst Toolbar 

e. Assign elevations to the culvert raster layers 
- Spatial Analyst > Zonal > Zonal Fill 

f. Merge the culverts with the original DEM at each resolution 
- Data Management > Raster > Raster Dataset > Mosaic to New Raster Tool 

 

3) Export the DEMs to Whitebox 
- Conversion > From Raster > Raster to Float Tool 

 

In Whitebox: 

4) Create the TWI layers 
a. Import the selected Arc float grids 

- Data Import/Export > Import ArcGIS grid (.flt) 
b. Calculate the slope 

- Terrain Analysis > Surface Derivatives > Slope 
c. Calculate the flow accumulation using the FD8 algorithm 

- Hydrological tools > Flow pointers > FD8 flow pointer 
- Parameters:  

o Select specific catchment area (SCA) 
o Make sure they are not log output values 

d. Calculate the Topographic Wetness Index 
- Terrain Analysis > Secondary Terrain Attributes > Wetness Index 

e. Repeat steps 4.b through 4.d for the DEMs of each resolution 
f. Export the TWI layers to Arc float grids 

- Data Import/Export > Export ArcGIS grid (.flt) 
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In Arc: 

5) Import the TWI grids to Arc and resymbolize/rescale 
a. Convert float layers to raster raster layers 

- Conversion > To Raster > Float to Raster Tool 
b. Use Raster Calculator to do the following 

- Note: number* is a value just above the max value determined from range 
of wetness values in the Whitebox TWI grid  

i. Rescale the imported raster because imported values range from -0.5 to 32767 
- Equation:   

rescale_TWI = con([imported_TWI] >= 200, number*, 

[imported_TWI]) 

o converts only the cells with a value greater than or equal to 200 to 
a value of number*, while all other cells keep the same values as 
imported raster 

ii. Remove the values less than zero which are edge effects 
- Equation:  

rescale_TWI_nw = setnull([rescale_TWI]  < 0, [rescale_TWI]) 

o turns all cells with a value less than 0 into No Data 
iii. Scale the values of the TWI layer from 0 to 10 

- Equation: 
final_TWI_10 = rescale_TWI_nw / *number  x 10 

iv. Repeat the three Raster Calculator equations for each TWI raster layer 
c. Project the TWI raster layers to NAD 83, UTM zone 17  

- Data Management > Projections and Transformations > Raster > Project 
Raster Tool 

 

6) Extract the mean TWI value corresponding to each forestry plot based on the plot locations 
- Python script which employs the following tool 

o Spatial Analyst > Zonal > Zonal Statistics by Table Tool 
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Appendix H - Python Script to Extract Statistics 

# ------------------------------------------------------------------------------------------------------------------------------- 
# Script Name: arc_stats_by_zone.py 
# Created by: Meg Southee                                                                                                  Date: June 2 2010 
# 
# Description: Loops through the raster layers in a workspace and extracts statistics on a plot by plot basis  
# for each foresty plot. 
# 
# 1 Required Parameter:  Workspace -> Type: Workspace 
# ------------------------------------------------------------------------------------------------------------------------------- 
 
# Import system modules 
import sys, string, os, arcgisscripting 
 
# Create the Geoprocessor object 
gp = arcgisscripting.create() 
 
# Check out any necessary licenses 
gp.CheckOutExtension("spatial") 
 
# Load required toolboxes... 
gp.AddToolbox("C:/Program Files/ArcGIS/ArcToolbox/Toolboxes/Spatial Analyst Tools.tbx") 
 
# Script arguments... 
gp.workspace = sys.argv[1] 
 
# Local variable: Input shapefile to determine statistics zones (by plot) 
shapefile = "F:\\Masters\\clean_data\\Plots_2009\\plots_2009.shp" 
 
# Generate an internal list of all rasters in the selected workspace 
rasters = gp.ListRasters("", "GRID") 
 
# Select each raster in the workspace one by one 
rasters.Reset() 
raster = rasters.Next() 
 
try: 
    # For each raster do the following processing 
    while raster: 
         
        # Create a local variable which will hold the output table 
        Stats_Table = raster + "_plotstats.dbf" 
         
        # Display message to the user to show them which raster layer is being processed 
        gp.AddMessage("Raster Layer: " + raster) 
         
        # Process the data using the Zonal Statistics as Table Tool from Arc 
        gp.ZonalStatisticsAsTable_sa(shapefile, "PLOT", raster, Stats_Table, "DATA") 
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        # Display message to the user to show them which raster layer is being processed 
        gp.AddMessage("Raster Layer: " + raster + " done") 
 
        # Go to the next raster in the workspace and continue processing the zonal statistics 
        raster = rasters.Next() 
 
# Display a message to the user if an error occurs 
except: 
    print gp.getmessages(2) 
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Appendix I- Field and Lab Ecosite Classification Changes 

Plot 
Field 

Texture 
Texture 
Family  PPE  MR 

Soil 
Code 

Field Ecosite 
Code 

Lab 
Texture 

Texture 
Family  PPE  MR 

Soil 
Code 

Lab Ecosite 
Code  Change?  Reason 

IH03  vfSL  coarse loamy  3  2  D4  055D4fn  fSL  coarse loamy  3  4  D5  070D5mn  Y  mottles 
IH04  vfSL  coarse loamy  3  3  D4  055D4fn  fSL  coarse loamy  3  3  D5  070D5mn  Y  mottles 
IH10  SivfS  coarse loamy  3  2  D4  055D4fn  fS  sandy  2  1  D2  040D2fn  Y  texture 
IH16  LfS  fine sandy  2  1  D2  040D2fn  LmS  sandy  1  0  D1  040D2fn  N   
IH22  SivfS  coarse loamy  3  2  D4  055D4fn  L  coarse loamy  4  2  D4  055D4fn  N   
IH23  SivfS  coarse loamy  3  2  D4  055D4fn  L  coarse loamy  4  2  D4  055D4fn  N   
IH25  SifS  coarse loamy  2  2  D4  055D4fn  L  coarse loamy  4  2  D4  055D4fn  N   
IH28  vfSL  coarse loamy  5  4  MD5  070MD5mn  SifS  coarse loamy  2  5  MD5  070MD5mn  N   
IH34  fSL  coarse loamy  3  2  D4  055D4fn  fSL   coarse loamy  3  5  D5  070D5mn  Y  mottles 
MW07  mS  sandy  1  0  D1  040D1dn  fS  sandy  2  1  D2  040D1dn  N   
MW08  LfS  sandy  3  6  M8  133M8vn  NA  NA  NA  NA  NA  133M8vn  NA  NA 
MW09  SivfS  coarse loamy  3  2  D4  055D4fn  NA  NA  NA  NA  NA  055D4fn  NA  NA 
MW12  SivfS  coarse loamy  3  6  MD14  224MD14vn  NA  NA  NA  NA  NA  224MD14vn  NA  NA 
MW13  LfS  fine sandy  2  1  D2  040D2fn  vfSL  coarse loamy  3  2  D4  055D4fn  Y  texture 
MW14  peat  organic  NA  NA  O1  024O1hn  NA  NA  NA  NA  NA  024O1hn  NA  NA 
MW18  vfSL  coarse loamy  3  6  D12  224D12vn  SivfS  coarse loamy  3  6  D12  224D12vn  N   
MW19  LvfS  coarse loamy  3  5  D5  067D5mn  SivfS  coarse loamy  3  5  D5  067D5mn  N   
MW21  vfSL  coarse loamy  3  5  D5  070D5mn  SivfS  coarse loamy  3  5  D5  070D5mn  N   
MW22  SivfS  coarse loamy  3  4  D5  067D5mn  LvfS  coarse loamy  3  4  D5  067D5mn  N   
MW23  SCL  fine loamy  4  2  D8  101D8fn  vfSL  coarse loamy  3  5  D5  067D5mn  Y  texture 
MW24  fSL  coarse loamy  3  6  D12  223D12vn  SivfS  coarse loamy  3  6  D12  223D12vn  N   
MW25  LmS  sandy  1  1  D2  037D2fn  LfS  sandy  2  1  D2  037D2fn  N   
MW26  LfS  coarse loamy  3  5  D5  070D5mn  SifS  coarse loamy  3  5  D5  070D5mn  N   
MW27  LvfS  coarse loamy  3  6  D12  224D12vn  NA  NA  NA  NA  NA  224D12vn  NA  NA 
PJ01  vfSL  coarse loamy  3  2  D4  050D4fn  SivfS  coarse loamy  3  2  D4  050D4fn  N   
PJ03  CS  sandy  0  0  D1  034D1dn  mS  sandy  1  0  D1  034D1dn  N   
PJ05  fS   sandy  2  1  D2  035D2fn  mS  sandy  1  0  D1  035D2fn  N   
PJ07  fS  sandy  2  1  D2  050D2fn  LfS  sandy  2  1  D2  050D2fn  N   
PJ08  fS  sandy  2  3  D2  050D2fn  LfS  sandy  2  3  D2  050D2fn  N   
PJ09  mS  sandy  1  1  D2  034D2fn  LmS  sandy  1  0  D1  034D2fn  N   
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Plot 
Field 

Texture 
Texture 
Family  PPE  MR 

Soil 
Code 

Field Ecosite 
Code 

Lab 
Texture 

Texture 
Family  PPE  MR 

Soil 
Code 

Lab Ecosite 
Code  Change?  Reason 

PJ13  vfSL  coarse loamy  3  4  D5  065D5mn  LvfS  coarse loamy  3  5  D5  065D5mn  N   
PJ18  SivfS  coarse loamy  3  2  D4  050D4fn  mS  sandy  1  0  D1  035D1dn  Y  texture 
PJ21  SivfS  coarse loamy  2  4  D5  065D5mn  NA  NA  NA  NA  NA  065D5mn  NA  NA 
PJ30  fS  sandy  2  1  D2  034D2fn  fS  sandy  2  1  D2  034D2fn  N   
PJ31  vfSL  coarse loamy  3  5  D5  065D5mn  fSL  coarse loamy  3  5  D5  065D5mn  N   
PJ33  vfS   sandy  3  2  D2  049D2fn  fS  sandy  2  1  D2  049D2fn  N   
SB06  mS  sandy  1  0  D1  034D1dn  LmS  sandy  1  0  D1  034D1dn  N   
SB07  mS  sandy  1  0  D1  034D1dn  mS  sandy  1  0  D1  034D1dn  N   
SB08  mS  sandy  1  0  D1  034D1dn  NA  NA  NA  NA  NA  034D1dn  NA  NA 
SB19  vfS  sandy  3  6  M10  224M10vn  NA  NA  NA  NA  NA  224M10vn  NA  NA 
SB20  fibric  organic  NA  8  O5  128O5wn  NA  NA  NA  NA  NA  128O5wn  NA  NA 
SB21  mS  sandy  1  5  D3  065D3mn  NA  NA  NA  NA  NA  065D3mn  NA  NA 
SB22  fS  sandy  2  1  D2  049D2fn  LfS  sandy  2  1  D2  049D2fn  N   
SB24  SivfS  coarse loamy  3  5  D12  222D12vn  SiL  silty  3  6  D12  222D12vn  N   
SB31  L  coarse loamy  4  2  MD4  049MD4fn  NA  NA  NA  NA  NA  049MD4fn  NA  NA 
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Appendix J - Key to Soil Codes and Meanings 

Table 1: Key to Soil Code Meanings  
Soil 
Code  Soil Depth  Soil Texture 

Soil 
Moisture 

D1  deep  sandy  dry 

D2  deep  sandy  fresh 

D2  deep  sandy  fresh 

D3  deep  sandy  moist 

D4  deep  coarse loamy  fresh 

D5  deep  coarse loamy  moist 

D8  deep  fine loamy  fresh 

D12  deep 
coarse 
mineral  very moist 

M8  moderate 
coarse 
mineral  very moist 

M10  moderate 
coarse 
mineral 

peaty 
phase 

MD4 
moderately 

deep  coarse loamy  fresh 

MD5 
moderately 

deep  coarse loamy  moist 

MD14 
moderately 

deep 
coarse 
mineral 

peaty 
phase 

O1  organic  shallow folic  humid 

O5  organic  fibric peat  wet 

Adapted from ELC Working Group, 2009. 

 

Table 2: Key to Soil Moisture Modifiers  
Soil 

Moisture 
Modifier 

Modifier 
Meaning  Moisture Regime (MR) 

d  dry  θ or 0 

f  fresh  1, 2 or 3 

m  moist  4 or 5 (non‐hydric) 

v  very moist  6 (hydric) 

w  wet  7, 8 or 9 

h  humid 
refers to special 

conditions 

Adapted from ELC Working Group, 2009. 

 
 
 
 
 
 
 
 
 
 

Table 3: Key to Soil Texture Meanings 
Texture 
Code  Texture Name 

Is a Sand Size Modifier 
Required? 

S  Sand 

Sand size modifier is 
required 

LS  Loamy Sand 

SiS  Silty Sand 

SL  Sandy Loam 

L  Loam 

Sand size modifier is 
NOT required 

SiL  Silty Loam 

Si  Silt 

SC  Sandy Clay 

CL  Clay Loam 

SiCL  Silty Clay Loam 

SiC  Silty Clay 

C  Clay 

Adapted from ELC Working Group, 2009. 

 

Table 4: Key to Sand Size Codes 
Sand Size 
Modifier 
Code 

Sand Size 
Meaning 

Sand Grain Size 
(mm) 

vc  Very coarse  1‐2 

c  Coarse  0.5‐1 

m  Medium  0.25‐0.5 

f  Fine  0.1‐0.25 

vf  Very fine  0.05‐0.1 

Adapted from ELC Working Group, 2009. 
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Appendix K- Soil Texture Results from Particle Size Analysis 

Plot 
Sand % 
15‐40 

Clay % 
15‐40 

Silt % 
15‐40 

Soil Texture 
(from triangle) 

15‐40  

Sand %  
(>0.053 mm) 

15‐40 

Dominant 
Sand Size 
15‐40 

H03  56.7  13.4  29.9  SL  55.12  f 
IH04  62.3  13.6  24.1  SL  66.39  f 
IH10  89.6  9.1  1.3  S  92.28  f 
IH16  80.1  4.1  15.8  LS  77.96  m 
IH22  37.5  13.6  48.9  L  40.63  vf 
IH23  40.8  13.4  45.8  L  43.54  vf 
IH25  37.1  13.0  49.9  L  38.06  m 
IH28  58.9  6.2  34.9  SiS  52.37  f 
IH34  59.2  13.2  27.5  SL  66.30  f/vf 
MW07  92.5  1.9  5.5  S  93.53  f 
MW08  NA  NA  NA  NA  NA  NA 
MW09  NA  NA  NA  NA  NA  NA 
MW12  NA  NA  NA  NA  NA  NA 
MW13  69.8  3.2  27.0  SL  60.72  vf 
MW14  NA  NA  NA  NA  NA  NA 
MW18  68.6  2.5  28.9  SiS  36.06  vf 
MW19  64.6  3.8  31.6  SiS  62.72  vf 
MW21  55.9  4.7  39.4  SiS  57.62  vf 
MW22  76.2  2.3  21.5  LS  48.44  vf 
MW23  62.5  5.3  32.2  SL  61.29  vf 
MW24  44.8  6.2  49.1  SiS  34.86  vf 
MW25  80.7  3.7  15.6  LS  78.38  f 
MW26  58.0  3.2  38.8  SiS  52.29  f 
MW27  NA  NA  NA  NA  NA  NA 
PJ01  62.0  4.0  34.0  SiS  58.47  vf 
PJ03  89.6  2.4  8.0  S  77.70  m 
PJ05  93.1  0.0  6.9  S  90.96  m 
PJ07  82.4  2.0  15.6  LS  83.20  f 
PJ08  80.8  2.4  16.8  LS  77.21  f 
PJ09  85.7  1.8  12.5  LS  79.92  m 
PJ13  75.2  3.4  21.4  LS  66.53  vf 
PJ18  91.7  1.8  6.5  S  88.75  m 
PJ21  NA  NA  NA  NA  NA  NA 
PJ30  98.0  0.0  2.0  S  95.90  f 
PJ31  66.3  3.4  30.3  SL  59.79  f 
PJ33  93.1  0.9  5.9  S  91.26  f 
SB06  85.4  1.8  12.8  LS  82.09  m 
SB07  89.9  1.1  9.0  S  85.68  m 
SB08  NA  NA  NA  NA  NA  NA 
SB19  NA  NA  NA  NA  NA  NA 
SB20  NA  NA  NA  NA  NA  NA 
SB21  NA  NA  NA  NA  NA  NA 
SB22  84.6  3.0  12.4  LS  82.30  f 
SB24  38.6  5.7  55.7  SiL  30.30  vf 
SB31  NA  NA  NA  NA  NA  NA 
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Appendix K (continued) - Dominant Sand Size Data and Results 

Plot  Pan (g) 

Dry 
Sand + 
Pan (g) 

Total Dry 
Sand (g) 

>0.053mm  

Dry vc 
Sand (g) 
>1mm 

Dry c 
Sand (g) 
>0.5mm 

Dry m 
Sand (g) 
>0.25mm 

Dry f Sand 
(g) 

>0.106mm 

Dry vf 
Sand (g) 

>0.053mm 
% vc 
Sand 

% c 
Sand 

% m 
Sand 

% f 
Sand 

% vf 
Sand 

Dominant 
Sand Size 
15‐40 

H03  3.82  29.48  25.66  1.77  2.79  5.73  7.86  7.39  0.07  0.11  0.22  0.31  0.29  f 
IH04  3.76  34.80  31.04  2.08  3.58  5.97  9.22  8.09  0.07  0.12  0.19  0.30  0.26  f 
IH10  3.23  53.94  50.71  0.26  0.52  0.85  24.94  24.16  0.01  0.01  0.02  0.49  0.48  f 
IH16  4.19  45.84  41.65  4.65  11.37  12.84  8.00  4.52  0.11  0.27  0.31  0.19  0.11  m 
IH22  3.78  20.96  17.18  0.37  1.91  3.20  4.96  6.60  0.02  0.11  0.19  0.29  0.38  vf 
IH23  3.94  24.58  20.64  1.01  1.98  4.32  5.74  7.58  0.05  0.10  0.21  0.28  0.37  vf 
IH25  3.78  21.87  18.09  1.36  4.41  4.83  2.95  4.46  0.08  0.24  0.27  0.16  0.25  m 
IH28  4.19  27.67  23.48  1.06  3.19  4.68  6.34  8.00  0.05  0.14  0.20  0.27  0.34  f 
IH34  3.19  34.07  30.88  1.90  3.48  6.18  9.48  9.51  0.06  0.11  0.20  0.31  0.31  f/vf 
MW07  4.20  53.00  48.80  0.45  2.61  15.56  24.32  5.50  0.01  0.05  0.32  0.50  0.11  f 
MW08  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
MW09  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
MW12  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
MW13  4.17  34.19  30.02  2.43  4.29  5.41  8.30  9.28  0.08  0.14  0.18  0.28  0.31  vf 
MW14  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
MW18  4.17  21.30  17.13  0.25  0.09  0.10  0.59  16.00  0.01  0.01  0.01  0.03  0.93  vf 
MW19  4.17  34.43  30.26  0.10  0.22  0.25  6.93  22.62  0.00  0.01  0.01  0.23  0.75  vf 
MW21  4.17  33.66  29.49  0.51  1.25  2.00  5.00  20.46  0.02  0.04  0.07  0.17  0.69  vf 
MW22  4.15  29.16  25.01  1.12  2.37  4.60  7.47  9.31  0.04  0.09  0.18  0.30  0.37  vf 
MW23  4.20  33.21  29.01  2.93  4.71  4.74  6.10  10.37  0.10  0.16  0.16  0.21  0.36  vf 
MW24  4.20  22.49  18.29  0.68  1.95  2.97  3.02  9.31  0.04  0.11  0.16  0.17  0.51  vf 
MW25  4.26  42.68  38.42  0.07  0.51  4.87  21.02  11.82  0.00  0.01  0.13  0.55  0.31  f 
MW26  4.19  29.28  25.09  2.07  2.97  4.32  8.18  7.05  0.08  0.12  0.17  0.33  0.28  f 
MW27  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
PJ01  4.21  33.98  29.77  0.63  3.27  8.86  6.52  10.19  0.02  0.11  0.30  0.22  0.34  vf 
PJ03  4.16  46.05  41.89  0.79  7.39  18.65  11.47  3.08  0.02  0.18  0.45  0.27  0.07  m 
PJ05  4.17  52.03  47.86  3.08  9.97  14.01  11.85  8.40  0.06  0.21  0.29  0.25  0.18  m 
PJ07  4.18  49.28  45.10  0.52  3.56  10.39  17.19  13.04  0.01  0.08  0.23  0.38  0.29  f 
PJ08  4.18  42.50  38.32  0.48  3.42  11.02  14.44  8.60  0.01  0.09  0.29  0.38  0.22  f 
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Plot  Pan (g) 

Dry 
Sand + 
Pan (g) 

Total Dry 
Sand (g) 

>0.053mm  

Dry vc 
Sand (g) 
>1mm 

Dry c 
Sand (g) 
>0.5mm 

Dry m 
Sand (g) 
>0.25mm 

Dry f Sand 
(g) 

>0.106mm 

Dry vf 
Sand (g) 

>0.053mm 
% vc 
Sand 

% c 
Sand 

% m 
Sand 

% f 
Sand 

% vf 
Sand 

Dominant 
Sand Size 
15‐40 

PJ09  4.17  48.58  44.41  0.51  3.73  17.80  15.75  6.21  0.01  0.08  0.40  0.35  0.14  m 
PJ13  4.20  35.42  31.22  0.07  0.88  2.97  8.50  18.48  0.00  0.03  0.10  0.27  0.59  vf 
PJ18  4.20  53.03  48.83  0.46  3.05  25.64  16.75  2.54  0.01  0.06  0.53  0.34  0.05  m 
PJ21  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
PJ30  4.22  58.76  54.54  0.02  0.56  5.73  30.54  17.21  0.00  0.01  0.11  0.56  0.32  f 
PJ31  4.24  33.81  29.57  1.06  3.14  4.94  9.20  10.97  0.04  0.11  0.17  0.31  0.37  f 
PJ33  4.23  53.76  49.53  0.04  0.46  4.25  31.45  12.99  0.00  0.01  0.09  0.63  0.26  f 
SB06  4.23  49.91  45.68  0.31  13.15  23.85  4.12  3.84  0.01  0.29  0.52  0.09  0.08  m 
SB07  4.20  51.75  47.55  0.83  17.33  24.14  2.87  1.61  0.02  0.36  0.51  0.06  0.03  m 
SB08  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
SB19  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
SB20  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
SB21  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
SB22  4.20  44.81  40.61  0.71  2.58  8.94  19.44  8.69  0.02  0.06  0.22  0.48  0.21  f 
SB24  4.17  18.95  14.78  0.06  0.29  0.61  2.35  11.29  0.00  0.02  0.04  0.16  0.76  vf 
SB31  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA  NA 
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Appendix L - Detailed Descriptions of Ecosite Clusters and Forest Types 

The coniferous dry sandy (CDS) cluster includes mainly jack pine and black spruce dominated 

forests that have greater than 80% black spruce or jack pine cover, less than 20% birch cover and often 

consist of nearly pure stands of jack pine or black spruce (ELC Working Group, 2009).  These ecosites are 

typically herb poor with abundant ericaceous species (e.g., blueberry, lavender tea, etc).  The CDS cluster 

also contains mixed jack pine - black spruce forests and mixed balsam fir - white spruce forests.  These 

mixed coniferous forests have greater than 50% coniferous tree cover; can be mixed with white birch, 

trembling aspen and black spruce; and have shrub layers that range from poor to moderately rich. 

The deciduous dry sandy (DDS) cluster is composed entirely of mixed trembling aspen and white 

birch forests.  The forests are comprised of greater than 50% hardwood tree cover, but they are often mixed 

with jack pine, black spruce, balsam fir and white spruce.  The aspen and birch hardwood forests have herb 

and shrub layers that are moderately rich.   

The coniferous fresh loamy (CFL) cluster contains an equal number of jack pine and black spruce 

dominated forests and mixed jack pine - black spruce forests.  The jack pine and black spruce dominated 

forests have greater than 90% black spruce or jack pine tree cover, while birch is limited to less than 20%.  

The mixed jack pine - black spruce forests have greater than 50% coniferous tree cover and can be mixed 

with white birch, trembling aspen and black spruce.  Similar to the CDS cluster, the jack pine and black 

spruce dominate forests are herb poor, while the mixed coniferous forests range from herb and shrub poor 

to moderately rich.   

The deciduous fresh loamy (DFL) cluster contains only mixed trembling aspen and white birch 

forests which have greater than 50% deciduous species and are often mixed with jack pine, black spruce, 

balsam fir and white spruce.  The trembling aspen and white birch forests can also exist as pure stands of 

trembling aspen or white birch on these soil types and have shrub rich and herb poor layers.   

The coniferous moist loamy (CML) cluster includes mixed jack pine – black spruce forests and 

mixed white spruce – balsam fir forests with greater than 50% coniferous tree cover of the specified type.  



 

 

 

183

The jack pine – black spruce forests are not mixed with other species and have an understory composed of 

only black spruce and balsam fir.  The white spruce – balsam fir forests are mixed with trembling aspen, 

white birch and jack pine with an understory composed of balsam fir, white birch and black spruce.  Both 

of the mixed moist coniferous forests have moderately poor shrub and herb layers.   

The deciduous moist loamy (DML) cluster is composed of mixed trembling aspen and white birch 

forests which have greater than 50% deciduous species and are often mixed with jack pine, black spruce, 

balsam fir and white spruce.  They have herb and shrub layers that are moderately rich.   

The last cluster (SWP) contains a variety of ecosite codes, including plots found on very shallow 

mineral soils and mineral or organic swamp plots.  However, all of the ecosite codes in this cluster exhibit 

high moisture regimes.  The mixed jack pine and black spruce forests on very shallow mineral soils contain 

greater than 50% tree cover composed of jack pine and black spruce which is mixed with balsam fir, 

eastern white cedar and tamarack.  The understory contains black spruce and balsam fir and they are shrub 

and herb poor.  Hardwood swamps have a mixture of deciduous species in their canopy; however, they are 

often predominantly white birch.  They have rich shrub, herb and graminoid layers.  The coniferous swamp 

plots are distinguished by the presence or absence of certain indicator plant species (ELC Working Group, 

2009) which determine the ‘richness’ of the plot.  Mineral poor conifer swamps have black spruce as the 

dominant tree cover with less than 10% occupied by other tree species.  The understory consists of black 

spruce and balsam fir with abundant ericaceous shrubs and a poor herb layer.  Organic and mineral 

intermediate conifer swamps have predominantly black spruce canopies with tamarack and speckled alder.  

They also contain intermediate swamp plant indicators and moderately rich shrub, herb and moss layers.  

The understory is the same as mineral poor conifer swamps, but the organic intermediate conifer swamp 

canopy may also include balsam fir in their tree canopy and the mineral intermediate conifer swamps 

typically have abundant alders in the shrub layer.  Mineral rich conifer swamps have mixed conifer tree 

cover and the presence of rich swamp indicator plants.  The understory consists of black spruce, balsam fir 

and white birch.  Mineral rich conifer swamps have rich herb and moss layers, but sparse shrub cover.   
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Appendix M - Representative Plot Pictures of the Ecosite Clusters 

 

CDS – Plot PJ09 (034D2fn) 

 

CFL – Plot SB22 (049D2fn) 

 

CML – Plot MW19 (067D5mn) 

 

 

CDS – Plot PJ09 (034D2fn) 

 

CFL – Plot SB22 (049D2fn) 

 

CML – Plot MW19 (067D5mn) 
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DDS – Plot IH10 (040D2fn) 

 

DFL – Plot IH22 (055D4fn) 

 

DML – Plot IH03 (070D5mn) 

 

 

 

 

DDS – Plot IH10 (040D2fn) 

 

DFL – Plot IH22 (055D4fn) 

 

DML – Plot IH03 (070D5mn) 
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SWP – Plot MW14 (024O1hn) 

 

SWP – Plot MW24 (223D12vn) 

 

SWP – Plot MW27 (224D12vn) 

 

 

 

 

SWP – Plot MW14 (024O1hn) 

 

SWP – Plot MW24 (223D12vn) 

 

SWP – Plot MW27 (224D12vn) 
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Appendix N - Soil Moisture Measurement Dates 

Plot 
Early Season 
(mm/dd/yy) 

Early Season 
(Julian Date) 

Mid Season 
(mm/dd/yy) 

Mid Season 
(Julian Date) 

Late Season 
(mm/dd/yy) 

Late Season 
(Julian Date) 

IH03  6/07/09  158  7/01/09  182  8/03/09  215 
IH04  6/07/09  158  7/01/09  182  8/03/09  215 
IH10  6/11/09  162  7/03/09  184  7/31/09  212 
IH16  6/10/09  161  7/03/09  184  7/30/09  211 
IH22  6/12/09  163  7/14/09  195  8/03/09  215 
IH23  6/12/09  163  7/14/09  195  8/03/09  215 
IH25  6/12/09  163  7/14/09  195  8/03/09  215 
IH28  6/10/09  161  7/03/09  184  7/30/09  211 
IH34  6/09/09  160  7/01/09  182  8/02/09  214 
MW07  6/08/09  159  7/17/09  198  7/30/09  211 
MW08  6/08/09  159  7/17/09  198  7/30/09  211 
MW09  6/11/09  162  7/05/09  186  7/31/09  212 
MW12  6/11/09  162  7/09/09  190  8/02/09  214 
MW13  6/11/09  162  7/02/09  183  7/31/09  212 
MW14  6/11/09  162  7/09/09  190  8/02/09  214 
MW18  6/12/09  163  7/08/09  189  8/02/09  214 
MW19  6/12/09  163  7/08/09  189  8/02/09  214 
MW21  6/10/09  161  7/07/09  188  7/30/09  211 
MW22  6/10/09  161  7/02/09  183  7/30/09  211 
MW23  6/10/09  161  7/02/09  183  7/30/09  211 
MW24  6/13/09  164  7/08/09  189  8/01/09  213 
MW25  6/12/09  163  7/07/09  188  8/03/09  215 
MW26  6/10/09  161  7/07/09  188  7/30/09  211 
MW27  6/12/09  163  7/09/09  190  8/03/09  215 
PJ01  NA  NA  7/15/09  196  8/01/09  213 
PJ03  NA  NA  7/15/09  196  8/01/09  213 
PJ05  NA  NA  7/16/09  197  8/01/09  213 
PJ07  6/13/09  164  7/14/09  195  8/01/09  213 
PJ08  6/13/09  164  7/14/09  195  8/01/09  213 
PJ09  6/08/09  159  7/15/09  196  7/31/09  212 
PJ13  6/10/09  161  7/06/09  187  7/31/09  212 
PJ18  6/12/09  163  7/14/09  195  8/03/09  215 
PJ21  6/11/09  162  7/06/09  187  7/31/09  212 
PJ30  6/08/09  159  7/15/09  196  7/31/09  212 
PJ31  6/11/09  162  7/06/09  187  7/31/09  212 
PJ33  6/08/09  159  7/14/09  195  8/03/09  215 
SB06  6/13/09  164  7/16/09  197  8/01/09  213 
SB07  6/13/09  164  7/16/09  197  8/01/09  213 
SB08  6/13/09  164  7/16/09  197  8/01/09  213 
SB19  6/08/09  159  7/04/09  185  8/02/09  214 
SB20  6/08/09  159  7/04/09  185  8/02/09  214 
SB21  6/08/09  159  7/04/09  185  8/02/09  214 
SB22  6/07/09  158  7/04/09  185  8/02/09  214 
SB24  6/10/09  161  7/05/09  186  7/31/09  212 
SB31  6/10/09  161  7/05/09  186  7/30/09  211 
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Appendix O - Early Season Soil Moisture Plot Averages 

Plot 

North 
40cm 
(%) 

South 
East 40cm 

(%) 

South 
West 

40cm (%) 

North 
15cm 
(%) 

South 
East 15cm 

(%) 

South 
West 

15cm (%) 

Plot Average 
Early 40cm 

(%) 

Standard 
Deviation 
Early 40cm 

Plot Average 
Early 15cm 

(%) 

Standard 
Deviation 
Early 15cm  Comments 

IH03  41.13  39.73  41.81  8.81  5.42  10.35  40.89  1.06  8.19  2.52   
IH04  41.13  41.47  37.15  7.21  8.04  7.29  39.92  2.40  7.51  0.46   
IH10  23.76  18.12  18.81  1.89  1.61  0.00  20.23  3.07  1.17  1.02   
IH16  17.71  29.32  17.44  0.18  1.52  4.72  21.49  6.78  2.14  2.33   
IH22  32.75  31.91  35.99  5.34  6.02  2.74  33.55  2.16  4.70  1.73   
IH23  28.88  24.03  17.08  2.12  1.80  1.46  23.33  5.93  1.79  0.33   
IH25  14.07  18.08  17.12  1.36  0.00  2.28  16.42  2.09  1.21  1.15   
IH28  39.38  37.53  6.47  5.56  7.09  7.09  27.79  18.49  6.58  0.88   
IH34  37.15  41.81  41.13  37.15  7.33  7.57  40.03  2.52  17.35  17.15  N15 is skewing results 
MW07  36.77  39.01  22.06  5.79  4.61  9.93  32.62  9.21  6.78  2.79   
MW08  21.05  20.64  15.27  0.00  0.27  2.28  18.99  3.23  0.85  1.25  Organics over bedrock 
MW09  29.32  22.48  16.85  1.46  3.04  0.04  22.88  6.25  1.51  1.50   
MW12  50.54  NA  33.16  13.80  12.14  4.75  41.85  12.28  10.23  4.82   
MW13  25.67  21.24  22.48  3.01  1.80  2.12  23.13  2.28  2.31  0.63   
MW14  48.11  NA  52.16  14.60  14.11  16.80  50.13  2.86  15.17  1.43   
MW18  45.86  44.37  38.28  11.62  9.02  11.11  42.84  4.01  10.58  1.38   
MW19  45.57  42.14  44.67  10.30  8.57  7.33  44.12  1.78  8.73  1.49   
MW21  42.47  40.44  44.06  8.53  18.90  10.60  42.32  1.81  12.68  5.49   
MW22  38.65  39.01  38.65  7.96  4.43  7.37  38.77  0.21  6.59  1.89   
MW23  43.11  35.60  39.38  6.09  4.83  8.69  39.36  3.76  6.54  1.97   
MW24  35.60  30.19  35.20  4.90  3.01  6.59  33.66  3.01  4.83  1.79   
MW25  31.05  28.44  31.91  7.41  4.83  4.75  30.47  1.81  5.66  1.51   
MW26  41.81  33.58  44.37  7.57  3.24  10.73  39.92  5.64  7.18  3.76   
MW27  44.37  36.77  40.79  16.85  5.45  10.73  40.64  3.80  11.01  5.70   
PJ01                          
PJ03                          
PJ05                          
PJ07  18.72  39.01  18.26  0.00  5.23  0.00  25.33  11.85  1.74  3.02   
PJ08  37.91  39.01  40.79  5.68  6.21  5.68  39.24  1.45  5.85  0.31   
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Plot 

North 
40cm 
(%) 

South 
East 40cm 

(%) 

South 
West 

40cm (%) 

North 
15cm 
(%) 

South 
East 15cm 

(%) 

South 
West 

15cm (%) 

Plot Average 
Early 40cm 

(%) 

Standard 
Deviation 
Early 40cm 

Plot Average 
Early 15cm 

(%) 

Standard 
Deviation 
Early 15cm  Comments 

PJ09  20.82  21.24  15.77  0.27  1.24  0.00  19.28  3.05  0.50  0.65   
PJ13  39.01  39.38  41.47  4.90  1.03  5.42  39.95  1.33  3.78  2.40   
PJ18  24.58  23.62  27.55  0.00  0.70  4.86  25.25  2.05  1.86  2.63   
PJ21  35.28  39.73  25.03  5.98  4.65  6.74  33.35  7.54  5.79  1.06   
PJ30  13.36  10.18  16.67  0.41  0.00  1.27  13.40  3.25  0.56  0.65   
PJ31  41.47  40.09  38.65  8.33  5.23  6.40  40.07  1.41  6.65  1.56   
PJ33  17.80  22.52  31.48  0.70  0.33  1.55  23.94  6.95  0.86  0.63   
SB06  18.12  11.66  20.04  0.00  0.00  0.07  16.61  4.39  0.02  0.04   
SB07  13.67  15.18  15.27  0.00  0.04  0.33  14.71  0.90  0.12  0.18   
SB08  13.49  15.45  14.65  0.00  0.41  1.18  14.53  0.98  0.53  0.60   
SB19  44.06  46.72  75.38  11.49  19.54  18.53  55.39  17.36  16.52  4.38   
SB20  70.25  79.41  87.90  21.60  18.90  24.76  79.19  8.83  21.75  2.93   
SB21  44.97  43.43  67.37  10.68  9.80  24.17  51.93  13.40  14.88  8.05  SW is skewing results 
SB22  39.38  37.91  29.76  5.64  3.90  1.99  35.68  5.18  3.84  1.83   
SB24  40.09  46.44  42.14  6.24  9.43  4.61  42.89  3.24  6.76  2.45   
SB31  47.56  52.43  41.47  17.53  6.51  10.43  47.15  5.49  11.49  5.59   
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Appendix P –Mid Season Soil Moisture Plot Averages 

Plot 
North 

40cm (%) 

South 
East 

40cm (%) 

South 
West 

40cm (%) 
North 

15cm (%) 

South 
East 

15cm (%) 

South 
West 

15cm (%) 
Plot Average 
Mid 40cm (%) 

Standard 
Deviation 
Mid 40cm 

Plot Average 
Mid 15cm (%) 

Standard 
Deviation 
Mid 15cm  Comments 

IH03  39.73  37.91  39.01  7.53  4.54  6.40  38.89  0.92  6.15  1.51   
IH04  37.53  42.14  24.03  6.63  8.08  8.20  34.57  9.41  7.64  0.88   
IH10  22.75  18.21  17.26  1.83  1.80  0.00  19.41  2.93  1.21  1.05   
IH16  22.20  15.77  15.86  1.33  0.59  4.43  17.94  3.69  2.12  2.04   
IH22  32.33  29.76  33.58  3.79  4.90  3.66  31.89  1.95  4.12  0.68  New TDR 
IH23  24.17  23.30  15.27  1.43  3.01  1.18  20.91  4.90  1.87  0.99  New TDR 
IH25  16.67  19.13  16.71  1.74  0.16  2.71  17.50  1.41  1.53  1.29  New TDR 
IH28  40.44  37.53  40.09  6.09  6.86  7.84  39.35  1.59  6.93  0.88   
IH34  38.28  42.14  37.91  38.28  7.17  7.33  39.44  2.34  17.59  17.92  N15 is skewing results 
MW07  20.64  33.16  10.56  1.74  5.12  6.21  21.45  11.33  4.35  2.33   
MW08  52.99  13.10  49.73  12.83  13.98  8.57  38.61  22.15  11.79  2.85  Moved N40 rods 
MW09  26.21  20.18  15.18  1.06  3.04  0.00  20.52  5.52  1.37  1.54   
MW12  50.80  NA  23.48  14.60  11.49  4.43  37.14  19.32  10.17  5.21   
MW13  24.76  22.89  21.51  3.21  1.89  2.91  23.05  1.63  2.67  0.69   
MW14  47.56  NA  47.84  13.54  8.57  17.71  47.70  0.20  13.27  4.58   
MW18  39.38  47.84  32.33  5.45  10.60  13.63  39.85  7.77  9.89  4.13   
MW19  45.86  43.75  44.37  10.68  9.43  11.75  44.66  1.09  10.62  1.16   
MW21  41.13  42.14  43.43  6.51  7.92  9.22  42.23  1.15  7.89  1.36   
MW22  36.77  39.01  40.79  6.86  5.75  7.92  38.86  2.01  6.85  1.09   
MW23  60.69  32.75  39.01  7.80  4.11  8.93  44.15  14.66  6.95  2.52   
MW24  34.80  34.80  36.38  6.21  5.79  5.90  35.33  0.91  5.97  0.22   
MW25  28.00  28.44  28.00  7.09  6.36  6.74  28.15  0.26  6.73  0.37   
MW26  24.08  28.44  41.47  5.90  4.50  8.65  31.33  9.05  6.35  2.11   
MW27  45.27  35.99  41.13  17.39  5.30  4.08  40.80  4.65  8.92  7.36   
PJ01  31.05  17.26  13.19  2.51  1.46  0.00  20.50  9.37  1.32  1.26   
PJ03  13.93  12.44  12.05  1.12  0.04  0.00  12.81  0.99  0.39  0.63   
PJ05  37.91  25.53  10.56  4.32  1.12  0.00  24.66  13.70  1.81  2.24   
PJ07  17.67  37.91  17.39  5.64  5.64  0.00  24.32  11.77  3.76  3.26   
PJ08  29.76  33.16  38.28  3.41  5.34  5.79  33.73  4.29  4.85  1.26   
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Plot 
North 

40cm (%) 

South 
East 

40cm (%) 

South 
West 

40cm (%) 
North 

15cm (%) 

South 
East 

15cm (%) 

South 
West 

15cm (%) 
Plot Average 
Mid 40cm (%) 

Standard 
Deviation 
Mid 40cm 

Plot Average 
Mid 15cm (%) 

Standard 
Deviation 
Mid 15cm  Comments 

PJ09  18.81  16.99  15.63  0.44  1.03  0.00  17.14  1.59  0.49  0.52   
PJ13  33.58  36.38  38.28  3.04  0.35  4.11  36.08  2.37  2.50  1.93   
PJ18  23.02  21.19  33.16  2.94  1.18  5.30  25.79  6.45  3.14  2.07  Moved N40 rods 
PJ21  34.39  33.99  37.53  3.55  3.86  5.64  35.30  1.94  4.35  1.13   
PJ30  13.01  9.80  16.04  0.97  0.00  1.46  12.95  3.12  0.81  0.74   
PJ31  31.48  36.38  35.99  2.64  4.22  5.23  34.62  2.72  4.03  1.31   
PJ33  13.63  21.88  28.44  0.10  1.06  2.81  21.32  7.42  1.32  1.37   
SB06  18.95  12.10  18.90  0.70  0.00  1.46  16.65  3.94  0.72  0.73   
SB07  15.77  16.67  15.72  1.33  1.18  0.00  16.05  0.53  0.84  0.73   
SB08  13.93  17.44  12.62  0.00  0.70  0.76  14.66  2.49  0.49  0.42   
SB19  48.11  55.38  72.69  15.63  12.36  20.96  58.73  12.62  16.32  4.34   
SB20  72.69  80.51  51.61  22.48  18.76  24.76  68.27  14.95  22.00  3.03   
SB21  44.37  43.75  68.76  10.30  10.85  24.58  52.29  14.27  15.24  8.09   
SB22  23.07  31.05  26.21  3.90  2.51  1.33  26.78  4.02  2.58  1.28   
SB24  38.28  45.57  42.79  2.84  7.17  6.40  42.21  3.68  5.47  2.31   
SB31  48.39  51.34  38.28  16.26  5.75  8.89  46.00  6.85  10.30  5.39   
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Appendix Q - Late Season Soil Moisture Plot Averages 

Plot 
North 

40cm (%) 

South 
East 

40cm (%) 

South 
West 

40cm (%) 

North 
15cm 
(%) 

South 
East 15cm 

(%) 

South 
West 

15cm (%) 
Plot Average 
Late 40cm (%) 

Standard 
Deviation 
Late 40cm 

Plot Average 
Late 15cm (%) 

Standard 
Deviation 
Late 15cm  Comments 

IH03  36.84  33.91  33.91  5.15  3.57  6.57  34.89  1.70  5.10  1.50   
IH04  36.84  38.06  35.83  4.35  5.21  6.20  36.91  1.11  5.25  0.92   
IH10  21.51  11.54  15.77  1.52  1.61  0.00  16.27  5.01  1.04  0.90   
IH16  11.92  19.17  14.33  0.10  1.36  3.41  15.14  3.69  1.63  1.67   
IH22  27.11  26.21  23.85  2.33  3.32  2.54  25.72  1.68  2.73  0.52   
IH23  18.31  20.76  15.01  0.79  0.33  0.12  18.03  2.88  0.41  0.34   
IH25  15.23  16.26  14.23  1.82  0.52  0.93  15.24  1.02  1.09  0.66   
IH28  35.99  31.48  33.16  5.01  4.39  7.45  33.55  2.28  5.62  1.61   
IH34  35.28  37.53  33.82  35.28  6.06  6.56  35.54  1.87  15.97  16.73  N15 is skewing results 
MW07  23.89  26.66  29.32  1.36  4.75  5.53  26.62  2.71  3.88  2.21   
MW08  55.38  15.18  52.43  0.00  14.78  23.89  41.00  22.41  12.89  12.06   
MW09  22.80  24.49  14.87  1.74  3.59  0.00  20.72  5.13  1.77  1.79   
MW12  49.63  NA  27.64  13.02  8.22  4.55  38.63  15.55  8.59  4.25   
MW13  22.75  20.60  23.85  2.21  1.74  1.93  22.40  1.65  1.96  0.24   
MW14  42.01  NA  50.32  11.13  10.14  12.91  46.16  5.88  11.39  1.41   
MW18  42.47  44.61  42.27  10.78  8.88  10.18  43.12  1.30  9.94  0.97   
MW19  41.60  36.84  38.28  7.69  5.13  7.23  38.91  2.44  6.68  1.37   
MW21  35.20  37.91  39.01  4.08  5.79  9.43  37.37  1.96  6.43  2.73   
MW22  37.15  37.53  39.38  6.74  6.63  7.53  38.02  1.19  6.97  0.49   
MW23  41.13  30.62  37.53  6.82  4.11  5.23  36.43  5.34  5.39  1.36   
MW24  38.65  32.33  35.00  3.69  4.38  5.71  35.33  3.17  4.60  1.03   
MW25  23.40  25.38  24.08  5.01  2.31  4.30  24.29  1.00  3.87  1.40   
MW26  30.19  32.33  31.91  4.43  2.44  6.74  31.48  1.13  4.54  2.15   
MW27  43.56  28.53  31.99  13.93  1.16  8.45  34.69  7.87  7.85  6.41   
PJ01  28.44  15.05  12.18  2.12  0.18  0.00  18.56  8.68  0.77  1.17   
PJ03  14.33  12.44  11.75  1.27  0.07  0.00  12.84  1.34  0.45  0.71   
PJ05  35.60  23.60  12.59  4.61  1.33  0.00  23.93  11.50  1.98  2.37   
PJ07  17.67  37.53  17.30  0.00  5.56  0.00  24.17  11.57  1.85  3.21   
PJ08  29.32  31.48  33.99  10.05  4.72  3.11  31.60  2.34  5.96  3.63   
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Plot 
North 

40cm (%) 

South 
East 

40cm (%) 

South 
West 

40cm (%) 

North 
15cm 
(%) 

South 
East 15cm 

(%) 

South 
West 

15cm (%) 
Plot Average 
Late 40cm (%) 

Standard 
Deviation 
Late 40cm 

Plot Average 
Late 15cm (%) 

Standard 
Deviation 
Late 15cm  Comments 

PJ09  18.63  13.67  15.18  0.67  0.00  0.00  15.83  2.54  0.22  0.39   
PJ13  35.60  37.91  37.91  1.93  2.91  5.08  37.14  1.33  3.30  1.62   
PJ18  20.97  18.54  30.71  1.52  0.77  4.52  23.41  6.44  2.27  1.98   
PJ21  39.73  45.27  37.15  1.06  3.79  3.79  40.72  4.15  2.88  1.58   
PJ30  12.49  10.09  15.18  1.15  0.00  2.74  12.59  2.55  1.30  1.38   
PJ31  41.47  39.38  37.91  7.92  7.45  6.13  39.58  1.79  7.17  0.93   
PJ33  10.41  19.07  23.79  0.00  0.18  1.71  17.76  6.79  0.63  0.94   
SB06  18.21  9.84  19.13  0.00  0.00  0.00  15.73  5.12  0.00  0.00   
SB07  11.41  15.45  14.78  0.04  0.18  0.00  13.88  2.17  0.08  0.10   
SB08  16.99  14.91  12.18  0.24  0.00  0.00  14.69  2.41  0.08  0.14   
SB19  48.66  49.30  65.94  13.84  17.93  15.14  54.64  9.80  15.63  2.09   
SB20  79.96  81.64  79.41  22.46  22.34  23.87  80.34  1.16  22.89  0.85   
SB21  43.24  43.62  66.58  7.00  9.16  24.23  51.15  13.37  13.46  9.39   
SB22  38.50  33.16  24.14  5.07  2.34  0.86  31.94  7.26  2.75  2.14   
SB24  38.65  38.28  35.60  6.74  10.22  11.62  37.51  1.67  9.53  2.51   
SB31  46.44  50.54  35.00  13.27  10.33  5.90  43.99  8.05  9.84  3.71   
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Appendix R - Summary of Results from Soil Core and Resins Analysis 

Plot 

Lab 
Classified 

Ecosite Code 

Lab  
Classified 
Ecosite 
Cluster 

Bulk 
Density 
0‐15 

(g/cm³) 

Bulk 
Density 
15‐40 
(g/cm³) 

Total 
Porosity 
0‐15 

Total 
Porosity 
15‐40 

Volumetric 
Water 
Content  
0‐15 

Volumetric 
Water 
Content  
15‐40 

Percent 
Organic 
Matter 
from LOI 
Analysis 

Total 
Available 

Nitrogen from 
Soil Core 0‐15 

(mg/kg) 

Total 
Available 
Nitrogen 

from Resins 
(mg/kg) 

Total 
Nitrogen 
from Soil  
Core 0‐15 
(g/kg) 

IH03  070D5mn  DML  0.55  1.06  79.16  60.15  0.39  0.33  9.76  61.02  28.32  290.22 
IH04  070D5mn  DML  0.76  1.15  71.13  56.42  0.33  0.36  4.23  14.25  38.45  124.97 
IH10  040D2fn  DDS  0.96  1.21  63.89  54.43  0.20  0.11  3.80  17.15  26.73  83.63 
IH16  040D2fn  DDS  1.32  1.38  50.08  47.98  0.19  0.21  1.36  6.88  79.03  50.06 
IH22  055D4fn  DFL  0.47  1.36  82.10  48.83  0.41  0.72  16.81  142.86  763.36  580.34 
IH23  055D4fn  DFL  0.69  1.06  73.93  60.00  0.25  0.34  7.42  42.72  77.32  176.86 
IH25  055D4fn  DFL  0.44  0.85  83.39  67.82  0.12  0.24  5.14  31.72  11.64  149.3 
IH28  070MD5mn  DML  0.75  0.83  71.72  68.83  0.55  0.33  8.83  0.34  50.59  264.22 
IH34  070D5mn  DML  0.78  1.39  70.43  47.47  0.38  0.44  7.21  16.52  215.01  216.53 
MW07  040D1dn  DDS  1.06  1.33  60.12  49.71  0.22  0.22  3.45  13.96  27.49  67.02 
MW08  133M8vn  SWP  0.12  0.45  95.47  83.19  0.70  0.58  73.85  3.35  0.11  1502 
MW09  055D4fn  DFL  0.81  1.01  69.26  61.99  0.25  0.23  6.01  2.93  0.00  124.84 
MW12  224MD14vn  SWP  0.36  1.22  86.51  53.87  0.50  0.41  40.16  1.09  55.60  604.7 
MW13  055D4fn  DFL  0.82  0.94  68.99  64.48  0.27  0.23  9.08  12.56  79.49  243 
MW14  024O1hn  SWP  0.09  NA  96.53  NA  0.32  NA  55.96  97.47  2.78  997.5 
MW18  224D12vn  SWP  0.57  1.20  78.60  54.65  0.42  0.30  10.78  0.75  55.41  268.39 
MW19  067D5mn  CML  0.77  1.26  71.10  52.50  0.40  0.33  4.95  5.01  21.78  126.59 
MW21  070D5mn  DML  0.48  1.48  81.91  44.08  0.34  0.25  17.37  10.27  0.00  413.61 
MW22  067D5mn  CML  1.30  1.31  50.95  50.56  0.33  0.19  3.82  1.69  54.87  88.19 
MW23  067D5mn  CML  0.64  1.06  75.89  60.16  0.42  0.36  8.82  37.54  239.45  232.51 
MW24  223D12vn  SWP  1.32  0.94  50.20  64.49  0.29  0.15  2.51  14.05  54.04  55.48 
MW25  037D2fn  CDS  0.98  1.57  63.10  40.81  0.29  0.32  2.15  14.26  15.25  57.38 
MW26  070D5mn  DML  0.89  1.34  66.26  49.37  0.41  0.32  6.19  33.21  129.28  192.42 
MW27  224D12vn  SWP  0.08  0.28  97.07  89.32  0.44  0.75  77.25  249.40  132.95  1974.3 
PJ01  050D4fn  CFL  0.81  1.11  69.28  58.01  0.22  0.25  6.75  9.91  0.69  117.67 
PJ03  034D1dn  CDS  1.12  1.24  57.90  53.12  0.17  0.16  1.68  5.95  0.00  40.96 
PJ05  035D2fn  CDS  0.95  1.32  64.26  50.18  0.22  0.20  4.76  7.35  27.68  92.11 
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Plot 

Lab 
Classified 

Ecosite Code 

Lab  
Classified 
Ecosite 
Cluster 

Bulk 
Density 
0‐15 

(g/cm³) 

Bulk 
Density 
15‐40 
(g/cm³) 

Total 
Porosity 
0‐15 

Total 
Porosity 
15‐40 

Volumetric 
Water 
Content  
0‐15 

Volumetric 
Water 
Content  
15‐40 

Percent 
Organic 
Matter 
from LOI 
Analysis 

Total 
Available 

Nitrogen from 
Soil Core 0‐15 

(mg/kg) 

Total 
Available 
Nitrogen 

from Resins 
(mg/kg) 

Total 
Nitrogen 
from Soil  
Core 0‐15 
(g/kg) 

PJ07  050D2fn  CFL  1.05  1.31  60.43  50.65  0.15  0.15  1.35  0.73  24.66  40.21 
PJ08  050D2fn  CFL  1.03  1.24  61.05  53.24  0.27  0.28  5.25  16.70  30.48  115.26 
PJ09  034D2fn  CDS  0.96  1.19  63.87  55.27  0.15  0.09  3.57  0.17  0.00  50.13 
PJ13  065D5mn  CML  1.04  1.00  60.64  62.25  0.35  0.31  4.36  11.11  0.00  85.19 
PJ18  035D1dn  CDS  0.89  1.22  66.25  54.11  0.27  0.14  7.04  7.20  13.91  141.94 
PJ21  065D5mn  CML  NA  NA  NA  NA  NA  NA  NA  NA  0.00  NA 
PJ30  034D2fn  CDS  1.33  1.70  49.98  36.02  0.09  0.07  1.32  0.00  0.00  24.66 
PJ31  065D5mn  CML  0.72  1.14  72.99  57.15  0.30  0.32  6.45  1.21  0.00  96.14 
PJ33  049D2fn  CFL  0.85  1.65  67.97  37.80  0.16  0.14  5.57  0.16  0.00  62.38 
SB06  034D1dn  CDS  1.04  1.02  60.92  61.39  0.17  0.10  2.69  0.10  0.00  31.27 
SB07  034D1dn  CDS  1.00  1.39  62.09  47.70  0.19  0.12  3.85  2.40  82.42  40.63 
SB08  034D1dn  CDS  0.59  1.23  77.81  53.57  0.12  0.23  3.18  2.93  0.00  60.09 
SB19  224M10vn  SWP  0.10  0.12  96.39  95.44  0.33  0.50  92.60  88.31  21.55  1547.7 
SB20  128O5wn  SWP  0.10  0.21  96.13  91.93  0.55  1.28  85.43  2.02  12.64  1221.3 
SB21  065D3mn  CML  0.08  0.87  96.87  67.15  0.31  0.39  90.15  160.54  0.00  1016.1 
SB22  049D2fn  CFL  0.62  1.03  76.67  61.29  0.25  0.26  5.91  13.99  0.00  99.09 
SB24  222D12vn  SWP  0.86  1.05  67.41  60.41  0.31  0.34  2.67  3.29  0.00  59.27 
SB31  049MD4fn  CFL  0.17  NA  93.66  NA  0.58  NA  68.05  49.02  0.00  1153.4 
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Appendix S - Available Ion Analysis Data from Resins 

  Adjusted for controls and x10 dilution factor 

Sample 
Ca adj 
(μg/ml) 

Mg adj 
(μg/ml) 

K adj  
(μg/ml) 

Na adj 
(μg/ml) 

CaIH03  30.6  11.5  39.5  735.5 
CaIH04  49.0  17.0  29.0  1140.0 
CaIH10  50.0  7.9  43.0  1310.0 
CaIH16  89.0  13.0  47.0  1270.0 
CaIH22  303.0  52.0  41.0  668.0 
CaIH23  42.0  12.0  55.0  1340.0 
CaIH25  42.0  7.6  54.0  1240.0 
CaIH28  435.0  113.0  8.0  385.0 
CaIH34  148.0  36.0  70.0  872.0 
CaMW07  23.0  6.9  33.0  1240.0 
CaMW08  644.0  87.0  3.6  122.0 
CaMW09  82.0  13.0  44.0  1070.0 
CaMW12  436.0  112.0  36.0  337.0 
CaMW13  77.0  17.0  45.0  1040.0 
CaMW14  743.0  66.0  2.5  34.0 
CaMW18  523.0  151.0  5.6  164.0 
CaMW19  30.0  8.7  37.0  1360.0 
CaMW21  364.0  100.0  16.0  516.0 
CaMW22  368.0  107.0  17.0  467.0 
CaMW23  49.0  13.0  71.0  1070.0 
CaMW24  453.0  131.0  4.3  271.0 
CaMW25  86.0  19.0  33.0  1240.0 
CaMW26  167.0  46.0  17.0  979.0 
CaMW27  473.0  92.0  5.4  383.0 
CaPJ01  16.0  3.1  36.0  1310.0 
CaPJ03  21.0  5.0  26.0  1300.0 
CaPJ05  14.0  3.2  16.0  1290.0 
CaPJ07  22.0  5.4  70.0  1070.0 
CaPJ08  43.0  7.9  24.0  1130.0 
CaPJ09  11.0  2.8  33.0  1190.0 
CaPJ13  12.0  2.6  17.0  1180.0 
CaPJ18  20.0  3.7  31.0  1180.0 
CaPJ21  5.6  1.3  13.0  1320.0 
CaPJ30  28.0  6.4  45.0  1250.0 
CaPJ31  3.9  1.1  13.0  819.0 
CaPJ33  80.0  5.0  93.0  1090.0 
CaSB06  3.3  0.9  12.0  1430.0 
CaSB07  2.4  0.5  7.9  1490.0 
CaSB08  2.9  0.5  6.5  1420.0 
CaSB19  421.0  85.0  6.0  62.0 
CaSB20  556.0  111.0  7.2  200.0 
CaSB21  150.0  33.0  17.0  784.0 
CaSB22  6.1  1.4  16.0  917.0 
CaSB24  4.6  2.6  21.0  1290.0 
CaSB31  223.0  59.0  19.0  737.0 
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Appendix T - Ordination Diagrams with Plot Labels 

Percent Organic Matter and Mid-Season Moisture 

 
 

Total Nitrogen and Mid-Season Moisture 
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