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Abstract 

Vegetation community patterns and processes are indicators and integrators of climate.  Recently, 

scientists have shown that climate change is most pronounced in circumpolar regions. Arctic ecosystems 

have traditionally been sequestering carbon and accumulating large carbon stores. However, given 

enhanced warming in the Arctic, the potential exists for intensified global climate change if these 

ecosystems transition from sinks to sources of atmospheric CO2. In the Mid and High Arctic, ecosystems 

exhibit extreme levels of spatial heterogeneity, particularly at landscape scales. High spatial-resolution 

(e.g., 4m) remote sensing data capture heterogeneous vegetation patterns of the Arctic landscape and have 

the potential to model ecosystem biophysical properties and CO2 fluxes.  The following conditions are 

required to model arctic ecosystem processes: (i) unique spectral signatures that correspond to variations 

in the landscape pattern; (ii) models that transform remote sensing data into derivative values pertaining 

to the landscape; and (iii) field measures of the variables to calibrate and validate the models. First, this 

research creates an ecosystem classification scheme through ordination, clustering, and spectral-

separability of ground cover data to generate ecologically meaningful and spectrally distinct image 

classifications. Classifications had overall accuracies between 69% - 79% and Kappa values of 0.54 - 

0.69. Secondly, biophysical variable models of percent vegetation cover, aboveground biomass, and soil 

moisture are calibrated and validated using a k-fold cross-validation linear bivariate regression 

methodology. Percent vegetation cover and percent soil moisture produce the strongest and most 

consistent results (r2 ≥ 0.84 and 0.73) across both study sites.  Finally, in situ CO2 exchange rate data, an 

NDVI model for each component flux, which explains between 42% and 95% of the variation at each 

site, is generated. Analysis of coincidence indicates that a single model for each component flux can be 

applied, independent of site. This research begins to fill a gap in the application of high spatial-resolution 

remote sensing data for modelling Arctic ecosystem biophysical variables and carbon dioxide exchange, 
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particularly in the Canadian Arctic. The results of this research also indicate high levels of functional 

convergence in ecosystem-level structure and function within Arctic landscapes. 
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1 

Chapter 1 

Introduction 

Arctic climate is changing rapidly (ACIA, 2005). The surface-air temperature in the Arctic is 

predicted to warm by two to three times that of the global mean temperature (IPCC, 2007). This 

amplification in warming has been attributed to the albedo effect of reduced Arctic snow and ice cover 

(Chylek et al., 2009; Bhatt et al., 2010). In September 2012 the lowest minimum extent of Arctic sea ice 

since satellite recordings began in 1979 was recorded, continuing a long-term downward trend (NSIDC, 

2012). These changes parallel those of terrestrial Arctic ecosystems. For instance, satellite remote sensing 

recorded an increase of 9% in the average maximum greenness in the North American Arctic between 

1982 and 2008 (Bhatt et al., 2010). Further, ground-based observations indicate that tundra vegetation has 

increased in shrub and bryophyte cover (Sturm et al. 2001; Tape et al. 2006; Hudson and Henry, 2009). 

Increased temperature in tundra ecosystems has the potential to promote plant growth, thereby 

sequestering carbon from the atmosphere, while at the same increasing soil microbial respiration rates, 

thereby releasing additional carbon to the atmosphere (Stieglitz et al., 2000). Over the past millennia, 

greater photosynthetic uptake of carbon (i.e., gross ecosystem productivity - GEP) has exceeded carbon 

losses from plant and soil respiration (ecosystem respiration - ER). It is generally accepted that this has 

resulted in the Arctic tundra being considered a net sink for carbon, accounting for a third of the global 

soil carbon pool (Mack et al. 2004; Ping et al., 2008; Tarnocai et al., 2009). With an altered climate, the 

Arctic net ecosystem CO2 exchange (NEE) may shift from a carbon sink to a carbon source, thereby 

creating a positive feedback mechanism that intensifies global climate change (ACIA, 2005; Shaver et al., 

2007; McGuire et al., 2012).  As substantial climatic changes alter the structure and function of tundra 

ecosystems, it is important to understand the dynamics of CO2 exchange and model these patterns to 

predict future trajectories (Shaver et al., 2007; McGuire et al., 2012).  



 

 

 

2 

 Vegetation is both an integrator and indicator of climate and ecosystem function and process 

(Braun-Blanquet, 1965). CO2 exchange rates (GEP, ER, NEE) vary as a result of many factors including: 

vegetation type; soil organic matter; soil moisture; nutrient (i.e., N and/or P) availability; macro and micro 

topography; temperature; and thaw depth (Shaver et al., 2007; Dagg and Lafleur, 2011). The scale at 

which these ecosystems are observed also has an impact on understanding the dynamics of CO2 exchange. 

At the landscape scale (i.e., within a single bioclimatic zone), ecosystem distribution exhibits extreme 

patchiness due to the primary control of macro and micro topographic impacts on local soil hydrological 

regime (Bliss and Matveyeva 1992; Walker et al., 2000; Shaver et al., 2007; Nobrega and Grogan 2008). 

The heterogeneity of the landscape can confound the modelling and prediction of CO2 exchange (Shaver 

et al., 2007). Meanwhile, satellite remote sensing captures the patterns of a landscape and can provide 

valuable biophysical information, such as baseline data to delineate vegetation community types and 

biophysical properties (Walker et al., 1982; Stow et al., 1989; Mosbech and Hansen, 1994; Spjelkavik, 

1995; Hope et al., 1995; Rees et al., 1998; Muller et al., 1999); information about community structure 

(e.g., above-ground biomass (AGB)) (Hope et al., 1993; Spjelkavik, 1995; Shippert et al., 1995; Walker et 

al., 1995); and CO2 exchange patterns (Stow et al., 1993b; Ostendorf and Reynolds, 1998; McMichael et 

al., 1999). Landscape-scale biophysical remote sensing research within the Arctic, specifically with high 

spatial resolution data (< 10m), has been limited (Laidler et al, 2008; Fuchs et al., 2009). Currently, no 

research has applied high spatial resolution remote sensing data to modelling CO2 exchange in the 

Canadian Arctic; and carbon flux research has only been conducted relatively recently and is spatially 

limited (Lafleur and Humphreys, 2008; Nobrega and Grogan, 2008; Dagg and Lafleur, 2011; Humphreys 

and Lafleur, 2011).  

Stow et al. (1998) state that there are three requirements for the prediction of CO2 exchange 

patterns from remotely sensed data. First, unique spectra signatures must exist and correspond to 

variations in vegetation patterns, structure, and ecological site factors (Stow et al., 1998). Biophysical 

remote sensing is based on the assumption of unique spectral characteristics of species and species 
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associations (Laidler and Treitz, 2003). A goal of combining ecological and remote sensing practices is to 

classify vegetation communities into statistically derived, spectrally significant, ecologically meaningful 

units that encompass more than just species composition.  

The second requirement necessary for predicting CO2 exchange rates is that one or more models 

are needed to transform remotely sensed data into derivative values pertaining to the type or condition of 

the land cover (Stow et al., 1998). Biophysical modelling using remote sensing data involves modelling 

relationships between spectral vegetation indices (SVIs) and biophysical variables (e.g., AGB and percent 

vegetation cover (PVC)) (Walker et al., 1995; Boelman et al., 2003). The most commonly employed SVI 

in Arctic biophysical research is the normalized difference vegetation index (NDVI), developed by Rouse 

et al. (1974) (Shippert et al., 1995; Walker et al., 1995; Rees et al., 1998; Stow et al., 2004; La Puma et 

al., 2007; Laidler et al., 2008). The index is derived from the difference in reflectivity between the near-

infrared (NIR) band and the red (R) band. It is calculated as follows: 

 

NDVI = (NIR-R)/(NIR+R)   [1] 

 

Arctic-based studies have used NDVI to determine the relationships between ecosystem 

biophysical properties and carbon flux. At the regional scale (across bioclimatic zones) it is derived from 

coarse spatial resolution/high temporal resolution satellite data (Oechel et al., 2000; Markon and Peterson, 

2002; Kimball et al., 2006; Sitch et al., 2007). At the plot level it is derived from ground-based 

spectrometers (McMichael et al., 1999; Boelman et al., 2003; Shaver et al., 2007; Huemmrich et al., 

2010). The use of mid and high spatial resolution imagery in Arctic research has been limited by satellite 

capabilities and environmental conditions. A greater understanding of the spatial and temporal variability 

of CO2 exchange across these vegetation communities may be provided by these data, thereby improving 

the utility of these data for carbon budget objectives. 
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Finally, the third requirement for the prediction of CO2 exchange patterns from remotely sensed 

data involves field measures of biophysical variables and CO2 exchange rates to calibrate and validate the 

models (Stow et al., 1998). There are physical and logistical aspects to research in the Arctic that limit the 

amount of data available; limited data, in turn, compromises the statistical reliability of results (Shippert 

et al., 1995; Laidler et al., 2008; Chen et al., 2009). The collection of data must be related to the scale of 

study to understand both statistical and ecological significance.  

With a changing climate and concern over altering ecosystem processes, methods must be 

developed to characterize and monitor Arctic terrestrial ecosystems at a variety of spatial and temporal 

scales. High spatial resolution satellite remote sensing is a tool that can be successfully used in this 

difficult environment to examine the biophysical and environmental controls on carbon dioxide exchange. 

The overall objective of this research is to explore these issues and the requirements for predicting CO2 

exchange patterns in the Canadian Mid and High Arctic. 

 

1.1 Research Hypotheses  

This research, applied at two latitudinally and environmentally distinct Arctic study sites, 

conducts a series of experiments that explore high spatial resolution biophysical remote sensing and its 

ability to contribute to the assessment and monitoring of landscape-scale Arctic ecosystem CO2 exchange. 

The overall hypothesis of this research is that biotic and abiotic factors, which integrate to form the 

landscape pattern of terrestrial Arctic ecosystems, create similar patterns of intra-summer-season CO2 

exchange components of NEE, GEP, and ER, and that at the landscape scale, these fluxes can be related 

to, and predicted with, high spatial resolution SVIs.  

Three major research questions, each with their own hypotheses, are addressed as separate 

manuscripts, designated Chapters 2 through 4. 
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Research Question 1:  

How can landscape scale ecosystems be classified into statistically derived, ecologically meaningful, and 

spectrally distinct classes that will best serve to understand the controls and patterns of CO2 exchange? 

 

This research question addresses disparity between ecology and remote sensing scientists. A 

derivative product of remote sensing data is often a classified map of land cover that is focused on the 

spectral characteristics of the mapping units. Within ecology, the description and quantification of 

ecological landscape units in terms of their biophysical and environmental characteristics (such as species 

composition, structure, soil moisture, and nutrient status) are of primary concern. Within the remote 

sensing community, little attention has been given to the nature of the relationships between spectral 

classes and ecological classes, a discontinuity that has been identified by several authors (Graetz 1989; 

Roughgarden et al., 1991; Wickland, 1991; Thomas et al., 2002). This research question leads to the 

following research hypothesis: 

  

Research Hypothesis:  

Spectrally distinct vegetation classes that relate to important underlying environmental variables can be 

created using a combination of ecological and remote sensing techniques for disparate mid and high 

Arctic tundra research sites. 

 

This hypothesis is tested in Chapter 2, where ecological and remote sensing techniques are integrated 

to produce meaningful high spatial resolution image classifications. Without a priori land cover classes, 

ordination techniques are applied to vegetation sample sites to arrange them along environmental 

gradients. Clustering techniques are applied to the results to create classes based on species/cover 

composition and latent environmental variables. These classes are used to classify high spatial resolution 

remote sensing data, based on the assumption that there is a suitable correspondence between the 
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species/cover composition and environmental and spectral variables. This research question and 

hypothesis serve to address the first requirement for the prediction of CO2 exchange (Stow et al., 1998). 

 

Research Question 2:  

Can biophysical variables, such as peak-season aboveground biomass, fraction of vegetation cover, and 

soil moisture, be accurately modeled with high spatial resolution spectral vegetation indices? 

  

This research question contributes to current scientific knowledge in the following ways. First, 

within the Arctic, at the landscape scale, soil moisture driven by topography is the principal control on the 

distribution of vegetation communities and is highly spatially variable (Bliss and Matveyeva, 1992; 

Walker et al., 2000; Nobrega and Grogan, 2008). The use of high spatial resolution multispectral data 

would be well-suited to examine these biophysical patterns, yet their use has received minimal 

investigation in Arctic environments (Laidler et al., 2008; Fuchs et al., 2009). Second, though it has been 

shown that NDVI does have correlations with biophysical variables, much of this research has been 

developed in the Low Arctic with relatively small sample sizes and with coarse resolution imagery (Hope 

et al., 1993; Shippert et al., 1995; Boelman et al., 2003; Walker et al., 2003; Laidler et al., 2008). With 

this understanding, the following research hypotheses are examined: 

 

Research Hypotheses: 

1. Robust landscape-scale sampling procedures that are paired with high spatial resolution imagery 

will enhance the capacity for the estimation of biophysical variables. 

2. High and Mid Arctic tundra biophysical variables (vegetation functional groups, PVC, AGB, and 

soil moisture) have strong linear relationships with NDVI derived from high spatial resolution 

optical data. 
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3. Derived biophysical regression models are statistically similar, allowing for the application of a 

single model to multiple locations.  

 

These hypotheses are explored in Chapter 3, where extensive sampling procedures are described to 

satisfy the statistical requirements of remote sensing and ecological data analyses. Bivariate linear 

regression analysis is applied to explore the relationships between the sampled biophysical variables and 

NDVI. A k-fold cross-validation technique is implemented to calibrate and validate the derived models. In 

addition to this modelling, analysis of covariance (ANCOVA) is undertaken to determine the similarity 

and transferability of these models between sites (Wildt and Ahtola, 1978). The research conducted here 

addresses components of all three of the prerequisites established by Stow et al. (1998); i) the existence of 

unique spectral signatures that correspond to variations in biophysical variables; (ii) models that 

transform remote sensing data into derivative values related to biophysical variables; and (iii) the 

collection of biophysical data to calibrate and validate prediction models. 

 

Research Question 3: Do GEP, ER, and NEE show statistically significant variability within and 

between ecosystem types through the peak summer season, and is functional convergence demonstrated 

allowing for NDVI data alone to model CO2 exchange rates at the landscape scale for two independent 

sites?  

 

One major dilemma facing the increased application of high spatial resolution remotely sensed 

imagery is image acquisition. Satellite revisit intervals of ~16 days or greater for a nadir view, along with 

a short growing season and increased summer cloud cover, make multiple intra-season images difficult, 

even with the development of on-board pointable optics. These limitations on image acquisition make 

modelling of fluxes at the landscape scale difficult and often limited to the point in time of image 
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acquisition. The broader applicability of this imagery to modelling CO2 exchange could be achieved if it 

is demonstrated that intra-seasonal or peak growing season fluxes have minimal temporal variability, 

allowing a single image to model a larger portion of a growing season. The following hypotheses are 

tested to explore this concept. 

 

Research Hypotheses: 

1. The temporal variation of daytime CO2 exchange rates (GEP, ER, NEE) within dry, mesic, and 

wet ecosystems through the peak summer growing season will not be statistically significant. 

2. Daytime CO2 exchange rates (GEP, ER, NEE) illustrate functional convergence in that the 

variability between ecosystem types is strongly correlated with NDVI. 

3. NDVI data can model landscape-scale CO2 exchange rates (GEP, ER, NEE) at two independent 

mid and high Arctic study sites. 

 

Chapter 4 builds on the previous research by examining the final prerequisites for modelling CO2 

exchange with remotely sensed data as presented by Stow et al (1998). This chapter examines the 

temporal and spatial variability of GEP, ER, and NEE across three ecosystem types along a moisture 

gradient at study sites located at two disparate latitudes (i.e., 70º and 75º N). Environmental 

measurements are collected, and CO2 exchange rates are calculated in replicate ecosystems using a 

lightweight, portable, flux chamber using the VaisalaTM GMP343 diffusion-based infrared gas analyzer. 

One-way analysis of variance (ANOVA) and Tukey HSD post-hoc comparisons examine the spatial and 

temporal variability within and between ecosystem types over the sampling period. Stepwise multiple 

linear regression analysis explores the plot-level controls of CO2 exchange. Two spatially explicit models 

are developed to examine total daily CO2 exchange. An ecosystem-based model is derived from the 

ecosystem classification of Chapter 2, while an NDVI model demonstrates functional convergence, in that 
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the model is independent of species composition or functional type and builds on the relationships 

between vegetation cover, structure, and spectral characteristics. 

Chapters 5 - Discussion and Chapter 6 – Conclusion link and summarize the ideas presented in the 

manuscripts in the context of the overall research agenda. Limitations and their implications for CO2 

exchange research in the Arctic are discussed. Further research opportunities that could evolve from the 

ideas presented in this dissertation are also outlined. 
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Chapter 2 

Arctic Ecological Classifications Derived from Plant Community and Satellite 

Spectral Data 

2.1 Abstract 

As a result of the warming observed at high latitudes, there is significant potential for the balance of 

ecosystem processes to change; i.e., the balance between carbon sequestration and respiration may be 

altered, giving rise to the release of soil carbon through elevated ecosystem respiration. Gross ecosystem 

productivity and ecosystem respiration vary in relation to the pattern of vegetation community type and 

associated biophysical traits (e.g., percent cover, biomass, chlorophyll concentration, etc.). In an arctic 

environment, where vegetation is highly variable across the landscape, the use of high spatial resolution 

imagery can assist in discerning complex patterns of vegetation and biophysical variables. The research 

presented here examines the relationship between ecological and spectral variables in order to generate an 

ecologically meaningful vegetation classification from high spatial resolution remote sensing data. Our 

methodology integrates ordination and image classifications techniques for two non-overlapping arctic 

sites across a 5º latitudinal gradient (approximately 70º to 75º N). Ordination techniques were applied to 

determine the arrangement of sample sites, in relation to environmental variables, followed by cluster 

analysis to create ecological classes. The derived classes were then used to classify high spatial resolution 

IKONOS multispectral data.  The results demonstrate moderate levels of success. Classifications had 

overall accuracies between 69% - 79% and Kappa values of 0.54 - 0.69. Vegetation classes were 

generally distinct at each site with the exception of sedge wetlands. Based on the results presented here, 

the combination of ecological and remote sensing techniques can produce classifications that have 

ecological meaning and are spectrally separable in an arctic environment. These classification schemes 

are critical for modelling ecosystem processes.  
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2.2 Introduction 

Arctic tundra vegetation covers approximately six million square kilometres of the Earth’s 

surface, is a major circumpolar ecosystem, and is an important indicator biome within the context of 

global climate change (Hope et al., 1993; Stow et al., 2004; Walker et al., 2005).  Changes to the Arctic 

climate have been observed over the past century and are being manifested through shifts in vegetation 

phenology and species composition (IPCC, 2007).  Arctic ecosystems have the potential to shift from a 

sink for carbon-based greenhouse gases to a source, possibly creating a positive feedback mechanism, 

intensifying global climate change (ACIA, 2005; Callaghan et al., 2004; Chapin et al., 2008).  Net 

ecosystem CO2 exchange (NEE) is the product of opposing fluxes: gross carbon uptake through 

photosynthesis (gross ecosystem productivity: GEP) and carbon losses from plant and soil respiration 

(ecosystem respiration: ER).  Satellite remote sensing has the potential to provide valuable information 

for the assessment and monitoring of vegetation patterns that can be utilized to predict patterns of carbon 

flux (Ostendorf and Reynolds, 1998; Goetz and Prince, 1999; McMichael et al., 1999; Shaver et al., 

2007).  It has been illustrated that the NEE of Low Arctic ecosystems may be predicted, with acceptable 

accuracy, without necessarily identifying species or vegetation, simply by utilizing spectral vegetation 

indices; greater accuracy would require mapping of the landscape based on some minimum number of 

vegetation classes and the light response of each class (Shaver et al., 2007). GEP and ER have been 

shown to vary differently in relation to the pattern of vegetation, with GEP being a major contributor to 

NEE in Arctic ecosystems (Nobrega and Grogan, 2008).  Changes to ER are of serious concern when 

monitoring the sink to source status of an ecosystem. ER is related to many factors including: vegetation 

type, soil organic matter, soil moisture, N and/or P availability, macro and micro topography, 

temperature, and thaw depth (Shaver et al., 2007; Dagg and Lafleur, 2011).  Vegetation cover is both an 

integrator and indicator of climate and ecosystem properties (Braun-Blanquet, 1965). Hence, detailed 

community level knowledge along with high spatial resolution remote sensing data can provide us with 

the ability to understand fine-grain spatial variation and improve our ability to scale to synoptic 
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predictions (Boelman et al., 2003, Shaver et al., 2007).  Knowledge obtained through detailed studies at 

local sites can be used to develop strategies to model Arctic ecosystem processes across spatial scales 

(i.e., community to landscape).  Satellite remote sensing has the potential to provide valuable information 

for the assessment and monitoring of vegetation patterns that can be utilized to predict not only the NEE 

but also to better understand the components of GEP and ER.  

Two conceptual models exist when viewing the arctic landscapes: (i) that the landscape is a 

mosaic of patches; or (ii) that continuous variation exists along gradients (Goetz and Prince, 1999; 

Williams et al., 2001).  Each perspective has its challenges, yet they may be viewed as complementary, 

and when applied together, offer useful information about species relationships and distributions (Thomas 

et al., 2002). Remote sensing scientists and plant community ecologists each have their own theories and 

practices for classification, what is needed are to unify these to produce practical results that maximise the 

advantages of both (Thomas et al., 2002). 

Remote sensing provides spatially-continuous data regarding vegetation and terrain patterns, at a 

range of spatial, spectral, and temporal resolutions, which can be applied for investigating, and analyzing 

biophysical properties of vegetation (Tieszen et al., 1997; Stow et al., 1998, Stow et al., 2000).  

Biophysical remote sensing and the characterization of the spatial distribution of ecological classes are 

based on the assumption of unique spectral characteristics of species and species associations (Laidler and 

Treitz, 2003). The goal of such a link between ecologists and remote sensing scientists is to classify 

vegetation communities into statistically derived, spectrally significant, ecologically meaningful units. A 

common derivative of optical, multispectral, remotely sensed data is a classified map of vegetation 

communities (Stow et al., 1998).  Image classification techniques are well documented in the literature 

and can be generated with a priori or a posteriori definition of classes. There have been many attempts to 

apply remotely sensed data to produce vegetation maps of arctic vegetation communities (Stow et al., 

1993; Shippert et al., 1995; Gould, 2000, Walker et al., 2005).  The Circumpolar Arctic Vegetation Map 

(CAVM) developed by Walker et al. (2005) took a photo-interpretive approach that integrated climate, 
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topography, substrate and other environmental components to produce a vegetation map for the entire 

Arctic biome with 15 physiognomic mapping units.  This large-scale map (1:7,500,000) of integrated 

vegetation classes works well for regional scale studies (across different bioclimatic zones), but for 

landscape scale studies (within a single climatic zone) it more appropriately serves as a foundation for 

higher spatial resolution mapping.    

The emphasis of remote sensing research for ecological purposes has focused on vegetation 

structure, cover, and temporal dynamics; attributes that clearly affect spectral reflectance in the visible 

and near infrared wavelengths (Lewis, 1998). Surprisingly little attention has been given to the nature of 

the relationships between spectral classes and vegetation classes that are of interest to the ecologist, a 

discontinuity which has been identified by several authors (Graetz 1989; Roughgarden et al., 1991; 

Wickland, 1991). In remote sensing classifications, these relationships are often not made explicit, with 

more attention given to the spectral characteristics of the mapping units, often at the expense of the 

description and quantification of their ecological characteristics such as soil moisture and nutrient status 

(Lewis, 1998).  

There have been some notable attempts to demonstrate the nature of relationships between 

spectral and vegetation classes with varying techniques and levels of success. Approaches have included, 

the use of multiple discriminant analysis to predict community type on the basis of spectral variables 

(Ustin et al., 1986; Pando et al., 1992; Hobbs et al., 1989; Ghitter et al., 1995), statistical association 

between the distributions of spectral classes and independently mapped vegetation classes (Price et al., 

1992), and statistical comparisons between spectral and either numeric or subjective vegetation 

classifications (Catt et al., 1987; Toth et al., 1991; Lewis 1994). Thomas et al. (2002) explored the 

application of ordination techniques and various clustering methods within a peatland complex with 

mixed results, particularly with regard to the ability to find spectrally distinct units. One of the important 

elements may be the inclusion of abiotic as well as biotic ground-cover components to characterise 

vegetation classes. Lewis (1998) states that it is particularly important in the study of arid environments 
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since perennial and ephemeral vegetation rarely exceed 30% cover, and the underlying soils and rocks 

form a significant proportion of the landscape. This may hold true for other sparsely vegetated areas, such 

as tundra in the Canadian High Arctic. The inclusion of soil and rock with vegetation variables to classify 

the landscape allows segregation of sites that may have the same dominants, but which vary in relative 

cover; a difference also likely to be captured by image spectral reflectance (Lewis, 1998).  

Building on Lewis (1998) and Thomas et al. (2002), we apply ordination techniques where 

samples sites are organized along a percent-vegetation cover (PVC) gradient that accounts for the biotic 

and abiotic components in ordination space.  Clustering techniques are applied to ordination results to 

create classes that are based on species/cover composition and latent environmental variables as opposed 

to a priori land cover classes.  These classes can then be used to classify high spatial resolution remote 

sensing data, based on the assumption that there is a suitable correspondence between the species/cover 

composition, and environmental and spectral variables.  The combination of ordination, clustering, and 

image classification is important for analyzing imagery with very high spatial resolutions, where the 

potential exists for meaningful information to be derived from detailed ground information (Treitz et al., 

1992; Jacobsen et al., 1999; Anderson and Clements, 2000).  

To address and improve our predictions of fluxes at the landscape scale we need to better 

understand the patterns of vegetation communities and the processes that create these patterns. The 

question exists: Can we generate an ecologically meaningful vegetation classification of high spatial 

resolution remote sensing data without a priori classes; based on the combination of PVC and spectral 

data? To address this question, the following hypothesis is examined: Spectrally distinct vegetation 

classes that relate to important underlying environmental variables can be created using a combination of 

ecological and remote sensing techniques for disparate High and Mid Arctic tundra research sites. 
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2.3 Methods 

2.3.1 Study Area 

Two sites were selected to compare a latitudinal climate gradient. The northern study site is at Cape 

Bounty (CB), more specifically the Cape Bounty Arctic Watershed Observatory on the south-central coast 

of Melville Island (74º55’N, 109º35’W) (Figure 2.1A). The satellite image area at CB is approximately 

150 km2 in size, though data collection was limited to two adjacent watersheds that drain into two 

separate lakes, and then south into Viscount Melville Sound.  The area is underlain by steeply dipping 

sedimentary rocks of the Devonian Weatherall and Hecla Bay formations and mantled with glacial and 

regressive early Holocene Marine sediments (Hodgson et al., 1984).  Continuous permafrost with an 

active layer of 0.5-1 m covers the entire study area.  The climate is characterized by long, cold winters 

and a short, cool, melt season from June-August.  The mean daily July temperature for CB in 2004 was 

3.1°C with infrequent low intensity, rainfall.  Low stratus cloud and fog are common during the summer 

months.  Walker et al. (2005) characterize CB as being within Bioclimatic Zone B with a vegetation 

classification of G2 - graminoid, prostrate dwarf shrub, forb tundra.  Vegetation cover is heterogeneous 

and varies by drainage condition along a mesotopographic gradient (Billings 1973; Walker et al., 2002).  

 

The southern study site, on Boothia Peninsula, is located in the Kitikmeot region of Nunavut within the 

Lord Lindsay River watershed, west of Sanagak Lake (SL) (70º 11’N, 93º 44’W) (Figure 2.1B).  The 

study sampling area is confined to the regions between the Lord Lindsay River to the south and an 

adjacent tributary to the north. The dimensions of the study area are approximately 15 km long and the 

width varies from 500 m in the southeast to over 5km in the northwest.  The area is comprised of glacial 

sandy outwash plains and plateaus with evidence of former oxbow lakes and channels.  Dipping 

limestone formations with extensive outcroppings of granitic rocks to the north underlie the area.  

Continuous permafrost with an active layer of 0.5 – 1m dominates the area. In 2005, the mean July 

temperature was 6°C and there was only trace precipitation during the growing season. The study site is 
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in Bioclimatic Zone C and the vegetation classification for the area is P1- prostrate dwarf shrub, herb 

tundra (Walker et al., 2005). For a more detailed description of the study site the reader is referred to 

Laidler et al. (2008).  

 

Figure 2.1  The study areas of: A) Cape Bounty, Melville Island, Nunavut; and B) Sanagak Lake, 

Boothia Peninsula, Nunavut. IKONOS imagery is displayed as a colour infrared composite image 

with Bands 4, 3, 2.   

2.3.2 Data Collection 

Sampling procedures were designed to collect a variety of in situ data to characterize the 

vegetation communities of the two study sites as well as satisfy the requirements for remote sensing and 

ecological data analyses. Field sampling was carried out during the last three weeks of July 2004 (CB) 

and 2005 (SL) to coincide with the peak growing seasons. Vegetation plots, large contiguous areas of 

visually distinct homogeneous vegetation cover, were initially identified.  An attempt was made to have at 

least two plots of each vegetation cover type measuring one hectare (100 m x 100 m).  Although this 

study uses high spatial resolution imagery (4-metre spatial resolution IKONOS data), 1-ha plots were 

sampled to allow for ‘up-scaling’ to mid-resolution imagery (e.g, Landsat ETM+).  Each plot was 
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sampled using a stratified random sampling technique without replacement.  Each 1-ha plot was divided 

into quadrants (50 m x 50 m) and an equal number of random samples were selected within each 

quadrant.   Randomly generated co-ordinates were uploaded into a Garmin GPSmap 76 so they could be 

located quickly within the plot.  GPS precision was high (i.e., within 3m) with excellent satellite signal 

reception and line of sight.   

The sampling of each plot was done at peak growing season to characterize the community in 

terms of species composition, PVC, above-ground biomass (AGB), and gravimetric soil moisture (Lewis, 

1998).  The sample size for each community is based on achieving a 95% confidence level within ± 20% 

of the mean AGB for each plot (Wein and Rencz, 1976). Sample sizes are pre-determined using pilot 

study results from 2001 (SL) and 2003 (CB) and confirmed during sampling through an examination of 

the variance in above-ground wet biomass weights.  A 50cm x 50cm (0.25 m2) quadrat was used to 

delineate each sample location.  For each location a species list was generated and cover abundance was 

estimated using the Braun-Blanquet scale. Cover was estimated for biotic and abiotic components, such as 

rock, and till. In some cases, species identification was limited to the genus level (i.e., Carex spp.); moss 

species were classified into Sphagnum spp. and non-Sphagnum mosses (Chapin et al., 1996). Overall a 

total of 44 species/genus types were identified.  Total AGB was clipped within the quadrat to the soil or 

brown moss layer (Norum and Miller, 1984).  Gravimetric soil moisture samples were collected at every 

third quadrat using 5.3 cm diameter soil corer to a depth of 5cm (110.3 cm3).  Biomass and soil moisture 

samples were weighed wet in the field and returned to the lab for oven drying. Total percent cover values 

were calculated for vegetated and non-vegetated surfaces (i.e., exposed rock and soil).  For the analyses, 

each quadrat sample was treated independently of plot location.  In the two-year study, 885 vegetation 

samples were collected and processed (487 samples from the CB and 398 samples from SL).   

IKONOS multispectral data (4m spatial resolution) were collected for CB on July 22nd 2004, 

corresponding to the vegetation sampling for that site. A July 23rd 2001 IKONOS image was collected 

for SL. Though the image does not correspond with the sampling year it is representative of the peak 
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growing season.   The images were geo-referenced to UTM coordinates to correspond to the 1:50 000 

National Topographic Survey (NTS) for each of the study areas and were corrected using GCP’s collected 

concurrently with the data collection.  The overall root mean square errors (RMSE) for the corrected 

images were within 2 – 3m horizontally. IKONOS data (i.e., image channels - blue: 0.45 - 0.52 µm; 

green: 0.51 - 0.60 µm; red: 0.63 - 0.70 µm; and near infrared: 0.76 - 0.85 µm) were calibrated to top-of-

atmosphere reflectance following procedures outlined by NASA (2002) and Taylor (2005).   

2.3.3 Multivariate Analysis Techniques 

2.3.3.1 Correspondence Analysis (CA) 

Jongman et al. (1995) describe correspondence analysis (CA) as a technique that constructs 

theoretical environmental variables/gradients that best explain species abundance data. The theoretical 

variable that explains the most variation is termed the first ordination axis.  Multiple axes can be 

constructed to maximize the dispersion of species scores but each new axis is orthogonal to the previous 

axes; only new information is expressed on each axis. The ordination axes of CA are termed eigenvectors 

and have a corresponding eigenvalue (λ) that is equal to the maximized dispersion of the species scores.  

The eigenvalue is a measure of importance of the ordination axis, with the first axis having the largest 

eigenvalue (λ1), and subsequent axes having smaller values. Lower eigenvalue axes are often ignored to 

focus on biologically relevant information (McCune and Grace, 2002).  

It should be noted that CA can display two mathematical ‘faults’ that are unrelated to any 

inherent structure in the data. First, site scores at the ends of the first axis can be compressed. Second, 

when the gradient lengths are short the first axis usually explains the majority of the variance; it will then 

become folded to falsely create the second axis known as the arch effect (Jongman et al., 1995). This 

effect introduces false structure in the data by implying that the second axis contains new information 

about a latent variable.   
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To explore common and distinct vegetation communities across the two study areas both data sets 

were combined.  Upon running a detrended correspondence analysis (DCA) it was observed that the 

species gradients were greater than four standard deviations, suggesting a unimodal technique such as 

correspondence analysis (CA) was appropriate, and that the axes lengths should avoid the ‘arch effect’ 

(Cumming, 2007; Jongman et al., 1995).  CA was then performed to determine the natural arrangement of 

sites and to examine the latent environmental variables.   The CA’s were calculated using CANOCO 4.5 

with Hill’s scaling, a square root transformation of the species abundances, and with rare species down-

weighted (Cumming, 2007).  The resulting site scores from the CA were used as the input values for the 

clustering procedure.  

2.3.3.2 Clustering 

In this study, clustering was undertaken on the ordination output rather than the raw data as the 

former is less susceptible to sampling or other inadvertent errors (Nekola, 2004; Equihua, 1990).  Ward’s 

method is a hierarchical agglomerative centroid clustering technique that is based on minimizing 

increases in the error sum of squares, defined as the sum of the squares of distances from each individual 

to the centroid of its group (Ward, 1963; McCune and Grace, 2002).  Hierarchical clustering techniques 

begin with a measure of association between objects, referred to as (dis)similarity measures. In this study, 

Euclidian distance was determined to be appropriate since it could easily handle the domain of input 

values and could be used for the Ward clustering technique (Causton, 1988; McCune and Grace, 2002).   

The site scores of the CA analysis were used as the input values for the clustering algorithm in 

PC-ORD 5.0.  The clustering dendrogram was initially ‘pruned’ to a level of ten clusters based on 

preliminary examinations of higher clustering levels. Higher levels on the dendrogram created many 

small clusters and made assessing the nature of the clusters difficult.   
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2.3.3.3 Multi-Response Permutation Procedures (MRPP) 

The clusters from the pruned dendrogram were tested with the multi-response permutation 

procedure (MRPP); the hypothesis tested is that there is no difference between the species/cover 

compositions of the clusters. First, the within-group distances are assessed to determine the dispersions of 

species for a group; next, examining how the clusters occupy regions of species space assesses the null 

hypothesis of no difference among clusters. The test statistic (T) describes the separation between 

clusters; the more negative T the stronger the separation, and the greater the difference in species/cover 

composition. The agreement statistic (A) describes within-group homogeneity, compared to complete 

randomness.   When all species/cover values are identical within clusters, A = 1; if heterogeneity within 

clusters equals expectation by chance, then A = 0.  In this manner MRPP analysis output provides an 

overall comparison of clusters as well as a pair-wise comparison (McCune and Grace 2002).  If a pair-

wise comparison had a high T-score and a low A-score, they were combined and renamed by the lower 

cluster value. In cases where clusters were combined, MRPP was performed again to ensure that all the 

new clusters were distinct.  The resulting clusters were then tested for their signature separability.  

2.3.3.4 Spectral Separability Analysis (SSA) 

Spectral separability analysis (SSA) is a common remote sensing method for determining the natural 

arrangement of plant communities through the examination of their spectral similarities and differences 

(Jensen, 2005). SSA is based purely on the spectral response of plant communities and assumes that 

communities having a similar spectral response also have ecological similarities. Creating spectrally 

separable groups should provide higher image classification accuracies.  Clusters from each CA were 

tested for their spectral separability using the Jeffries–Matusita (J–M) distance measure. J–M calculates a 

measure of distance between two classes; a lower bound of zero for identical classes and an upper bound 

of 1.41 (√2) for perfectly separated classes (Bruzzone et al., 1995). ENVI 4.8 was used to calculate the J-

M values which have been scaled to 2 to aid in interpretation. The J-M distance measure has a nonlinear 

relationship between accuracy and separability and simply provides a guideline for determining the 
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spectral separability of CA clusters (Thomas et al., 2002; Schott, 1997).  Cluster combinations were 

determined as follows: 

• Clusters found to have good separability (i.e., J–M >=1.9) from each other were not grouped 

together;  

• Clusters that exhibited poor separability (i.e., J–M <= 1.0) with another cluster were grouped 

together; and 

• Clusters with low separability (i.e., J–M >1.0 and <1.9) were combined with the cluster for which 

they were most poorly separable if they had similar ecological characteristics (e.g. soil moisture, 

PVC, indicator species, etc.).    

The final clusters derived from the CA, clustering, MRPP and SSA were used to derive the ecological 

classes. These are described using indicator species analysis and associated field data. Subsequently, these 

classes were used as the calibration and validation sites for the ecological image classifications. 

2.3.3.5 Indicator Species Analysis (ISA) 

The Dufrêne and Legendre (1997) method of calculating species indicator values conceptualizes 

environmental differences as clusters of sample units where species abundance data is used to determine 

the faithfulness of occurrence for a species in a particular cluster.  A perfect indicator for a cluster should 

always be present and exclusive to that cluster of sample units.  Here, indicator values are tested for 

statistical significance using a Monte Carlo technique.  ISA is complementary to MRPP, supplementing 

the test of no difference between clusters with a description of how well each species separates among 

clusters (McCune and Grace 2002).  Indicator values (IV) range from zero (no indication) to 100% 

(perfect indication) and are calculated by determining the relative abundance and the relative frequency of 

a species within a pre-defined group.  The two proportions are multiplied together to yield a percentage 

IV for each species in each group.  The highest IV for a species (IVmax) across all the clusters is used to 
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define the characteristics of that cluster and will be used to help identify the cluster as an ecological class 

in the final image classifications.  

2.3.4 Ecological Classification and Error Assessment 

The maximum likelihood classification (MLC) technique was applied in this study using all four 

multispectral image bands from the IKONOS imagery. Since the ordination and cluster algorithms are 

being used to define the classes there is no a priori classification scheme to use for validation. 

Additionally, the cluster sampling technique makes calibration and validation difficult. All attempts have 

been made to maximize independence (i.e., half the samples in each cluster were randomly selected for 

calibration with the remainder used for validation). A 3x3 pixel sample around each sample point was 

used to determine the spectral signature of a sample.  Calibration sites were used to obtain statistics for 

classification decision rules. Validation sites were selected for accuracy assessment if they were located 

outside of a calibration window.  Overall accuracy, the Kappa coefficient (𝐾) and errors of 

commission/omission were derived from examination of the error matrices. 

2.4 Results  

2.4.1 Correspondence Analysis (CA) for Community Delineation 

Correspondence analysis results (Table 2.1) are displayed graphically as a biplot of sample sites 

arranged on ordination axes (Figure 2.2).  Supplementary environmental variables that were collected in 

the field, such as soil moisture, exposed rock and soil are not used during the derivation of the ordination 

but can be projected passively onto the biplot ordination.  These variables do not contribute to the 

calculation of the ordination results, but their meaning is interpreted using those results (Lepš and 

Šmilauer,2003).
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Table 2.1 CA results for the combined datasets of CB and SL.   

CA Axis 1 2 3 4 Sum Total 
Eigenvalue 

Eigenvalue 0.5 0.45 0.34 0.22 1.51 3.14 

% Variance 16 14.4 10.9 7 48.3   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2 The CA biplot of the combined dataset of CB and SL with the first and second 

ordination axes and supplementary environmental variables overlain to aid in interpretation (soil 

moisture, exposed rock, exposed soil). 

 



 

 

 

29 

Thomas et al. (2002) used the first and second axes for clustering. However, upon examining the 

biplots and eigenvalues, the authors indicated that these two axes may not adequately represent the 

relationship between sites. In our analyses, with the variance of the fourth axis explaining > 5%, it was 

decided the site scores from all four ordination axes would be suited as input values for the clustering 

algorithm.  MRPP was used to determine the similarity of the resulting clusters and if clusters should be 

merged.  All the clusters were tested to determine if the null hypothesis (i.e., that there is no difference 

between the clusters) could be rejected.  The null hypothesis was rejected since the groups occupy 

different regions of species space, as shown by the strong chance corrected within-group agreement 

(A=0.44) and test statistics (T=-285.21, p<0.005).  

MRPP pair-wise comparisons were performed on the original ten clusters to examine similarities 

in composition.  The average T-score for the pair-wise comparisons was -82.3.  Clusters 6 and 7 (T=-10.0, 

A=0.02) and 8 and 9 (T=-5.8, A=0.02) were combined and then identified by the lower group number (i.e., 

6 and 8) (Table 2.2).  To provide further ecological meaning, gravimetric soil moisture values and total 

PVC values are presented as the average of all the sample points within a cluster. Visual examination of 

the biplot does not reveal if similar communities exist at both sites even though soil moisture, exposed 

rock, and soil exposure appear to be strong environmental factors.  When the four axes of the biplot were 

clustered, the results demonstrate that there was very little mixing of samples from the two study sites 

within the clusters, indicating the species compositions at each study site are relatively distinct. Figure 2.3 

provides a representation of the clustering dendrogram of all the sites; the clusters are in their correct 

position but the clustering distances are not to scale. 

 



 

 

 

30 

 

Figure 2.3 Dendrogram of the combined dataset of CB and SL samples post MRPP analysis but 

prior to SSA. 

Clusters 1 and 2 are comprised of the CB sample sites and have similar primary and secondary 

cover types; till (75.4% and 40.6%) and mosses (8.8% and 27.8%), though in differing proportions. The 

average PVC for clusters 1 and 2 are 25.4% and 73.4% respectively. In terms of soil moisture each is dry 

during the peak growing season (13.4% and 20.6% soil moisture for clusters 1 and 2 respectively).  The 

indicator species for cluster 1 is Papaver radicatum (Arctic Poppy)  (IV=42.2) with till (IV=38.1). Cluster 

2 has lichens as the highest indicator species (i.e., Thamnolia subliformis (Worm Lichen) (IV=31.8) and 

Cetraria nivalis (Snow Lichen) (IV=20.7)). Cluster 3 is mesic with average soil moisture of 37.3%. 

Nostoc commune, a nitrogen fixing cyanobacteria that forms a black crust on the soil (Liengen and Olsen 

1997), is the primary cover (48.6%) and indicator species (IV=49.0), whereas Salix arctica (IV=29.8) is 

the secondary indicator species for cluster 3. With undisturbed soil covered by Nostoc commune, the PVC 

for the cluster is high at 101.7%.  The sites for this cluster are exclusively at CB.  When examining the 

dendrogram, clusters 2 and 3 are more similar to each other than to cluster 1 due to the lack of vegetation 

cover in the latter.  Cluster 4 is dominated by felsenmeer (68.8%) and mosses (22.1%) and is only found 
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at CB and is very different from the other clusters.  The primary indicator species is the lichen Rock Tripe 

(Umbilicaria spp.) (IV=91.3). 

Dryas spp. is found in the majority of SL sites but rarely at CB. This appears to be the reason for 

the split of clusters 5 and 6 from the previous clusters. For cluster 5, Dryas spp. is the primary cover 

(46.0%) and the best indicator species (IV=38.6).  Soil moisture and PVC appear to be the primary 

difference between clusters 5 and 6. The soil moisture of cluster 5 is 41.2% with PVC of 80.4% while 

cluster 6 is dry (17.2% soil moisture) and poorly vegetated (i.e., 30.4% PVC).  There was no strong 

indicator species for cluster 5; the primary and secondary covers were till (60.5%) and Dryas spp. 

(18.4%) respectively. 

 Clusters 8 and 10 represent the first split in the dendrogram indicating that they are distinct from 

the other clusters. Cluster 8 was comprised of wetland sites from CB and SL, the only cluster to contain 

sites from both locations. The species with the highest IV’s for that cluster were Eriophorum spp. 

(IV=98.1) and Sphagnum spp. (IV=36.0).  This cluster had saturated soils (123.9%) and a high percentage 

of vegetation cover (154.0%). Cluster 10 sites were only located at SL; they were slightly drier (83.3%) 

and with slightly less PVC (139.6%). The primary difference between cluster 8 and cluster 10 is the 

presence of Dryas spp., (42.7%) in cluster 10 sites.  

The SSA for the combined dataset of the CB and SL indicated clusters 1 and 2 (which were 

comprised solely of the CB sites) be combined (J-M=0.6). For SL, clusters 8 and 10 had poor spectral 

separability (J-M=0.83) and were combined to form a single cluster.  Cluster 5 and 6 had a weak 

separability measure (J-M=1.23) but were left as separate classes due to their differences in soil moisture 

(41.2% vs. 17.2%) and PVC (80.4% vs. 30.4%).  Both classes had Dryas spp. as a major cover type 

(46.0% and 18.4%) but differing proportions.  Clusters 5, 6 and a combination of 8 and 10 form the three 

ecological classes for the SL component of the combined CA (Table 2.2).  
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Table 2.2 Ecological descriptions of the initial CA clusters (post MRPP) and the final ecological 

classes (post SSA). 

CB and SL CA 
1 2 3 4 5 6* 8* 10 

Cluster 

% Soil Moisture 13.4 20.6 37.3 15.9 41.2 17.2 123.9 83.3 

PVC 25.4 73.4 101.7 48.0 80.4 30.4 154.0 139.6 

Primary Cover Till  
(75.4%) 

Till 
 (40.6%) 

Nostoc 
commune 
(48.6%) 

Rock (68.8%) Dryas spp. 
(46.0%) 

Till  
(60.5%) 

Sphagnum 
spp (82.7%) 

Sphagnum 
spp (46.8%) 

Secondary Cover Mosses 
(8.8%) Mosses (27.8%) Mosses 

(32.6%) 
Mosses 
(22.1%) 

Carex spp. 
(10.6%) 

Dryas spp. 
(18.4%) 

Eriophorum 
spp. (60.1%) 

Dryas spp. 
(42.7%) 

Primary IV P. radicatum 
(42.2) 

Thamnolia 
subliformis 

(31.8) 

Nostoc 
commune 

(49.0) 

Umbilicaria 
spp.(91.3) 

Dryas spp. 
(38.6) n/a Eriophorum 

spp. (56.4) n/a 

Secondary IV Till  
(38.1) 

Cetraria nivalis 
(20.7 ) 

Salix 
arctica  
(29.8) 

Rock  
(88.3) 

Saxifraga 
oppositifola 

(17.8) 
n/a 

Sphagnum 
spp  

(31.1) 
n/a 

Majority Sites Cape Bounty Cape  
Bounty 

Cape 
Bounty Cape Bounty Sanagak 

Lake 
Sanagak 

Lake Mixed Sanagak 
Lake 

         

CB and SL CA 
Final Cluster 

1 
(Combined Cluster 1 & 2) 3 4 5 6 8 

10 
Combined 8 

& 10 (for 
Sanagak 

Lake Only) 

% Soil Moisture 17.1 37.3 15.9 41.2 17.2 123.9 123.3 

PVC 50.2 101.7 48.0 80.4 30.4 154.0 144.8 

Primary Cover Till (57.6%) 
Nostoc 

commune 
(48.6%) 

Rock (68.8%) Dryas spp. 
(46.0%) Till (60.5%) Sphagnum 

spp (82.7%) 
Sphagnum 

spp (69.3%) 

Secondary Cover Mosses (18.5%) Mosses 
(32.6%) 

Mosses 
(22.1%) 

Carex spp. 
(10.6%) 

Dryas spp. 
(18.4%) 

Eriophorum 
spp. (60.1%) 

Eriophorum 
spp. (47.5%) 

Primary IV P. radicatum (38.4) 
Nostoc 

commune 
(49.0) 

Umbilicaria 
spp.(91.3) 

Dryas spp. 
(38.6%) n/a Eriophorum 

spp. (56.4) 
Eriophorum 

spp. (43) 

Secondary IV Till (38.0) 
Salix 

arctica  
(29.8) 

Rock (88.3) 
Saxifraga 

oppositifolia 
(17.8) 

n/a Sphagnum 
spp (31.1) 

Sphagnum 
spp (27) 

Classification Cape Bounty Cape 
Bounty Cape Bounty Sanagak 

Lake 
Sanagak 

Lake Cape Bounty Sanagak 
Lake 

Bioclimactic 
Class P1 G1 n/a G2 P1 W1 W1 

Ecological Class 
Name 

Dry P. radicatum & Till 
Tundra 

Mesic 
Nostoc 
Tundra 

Felsenmeer   Mesic Dryas 
spp. Tundra 

Dry Dryas 
spp. & Till 

Tundra 

Wet Sedge 
Tundra 

Wet Sedge 
Tundra 

 

 



 

 

 

33 

2.4.2 Ecological Classifications 

Maximum likelihood classifications of the ecological classes derived from the correspondence 

analysis, clustering, and signature separability for CB and SL show moderate classification results (Figure 

2.4 and 2.5).  The overall accuracy of the CB classification was 79.1% with a kappa coefficient of 0.69 

(Table 2.3). Dry P. radicatum  and till tundra and mesic Nostoc tundra had the highest errors of omission 

(37%) and commission (46%) respectively.  In other words, 37% of the validation sites for dry P. 

radicatum and till tundra were spectrally similar to another class, primarily mesic Nostoc tundra class 

(15.7%).  While 46% of the classified mesic Nostoc tundra image pixels spectrally aligned with that class 

the samples had species compositions similar to other classes.  On the CA biplot, mesic Nostoc tundra is 

central to all of the other classes suggesting that it may be a gradient community and share species and 

ecological characteristics of the other sites.  The fewest classification errors occurred between the 

felsenmeer class and wet sedge tundra, each of which possessed clearly defined clusters in ordination 

space. 

Table 2.3 Confusion matrix for ecological classes at CB 

Reference 
Class 

# of 
pixels 

Percent classified into class   
1 

(Dry P. radicatum  
& Till Tundra) 

3 
(Mesic Nostoc 

Tundra) 

4 
(Felsenmeer) 

8 
(Wet Sedge 

Tundra) 
Unclassified 2 

 
0.22 0 0 0 

1 598 
 

63.0 8.6 0 1.8 
3 406 

 
15.7 85.9 0 6.1 

4 179 
 

6.4 0 100 0 
8 858   14.7 5.5 0 92.1 

Overall Accuracy 79.1%   
   Kappa Coefficient 0.69   
   95% Confidence 

Interval 0.669 – 0.720 
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Figure 2.4 Cape Bounty CA ecological classification 

 

The classification for SL (Figure 2.5) showed slightly poorer results than those for CB, with an 

overall accuracy of 69.2% with a kappa coefficient of 0.54 (Table 2.4). The majority of the classification 

errors of commission and omission occurred with mesic Dryas spp. tundra classes (34% and 45% 

respectively).  When examining the biplot, the Dryas spp. tundra classes overlap; the species 

combinations of these two classes are similar, with the primary difference being an increase in cover of 

Dryas spp. as you move along the ordination axis.  The result is that these classes are spectrally similar 

and generating errors in the classifications. Thomas et al. (2002) noted a similar problem with the 
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classification of a peatland using CA ordination in that it can be difficult to discriminate class boundaries 

along a latent environmental gradient because of spectral similarities.  

Table 2.4 Confusion matrix for ecological classes at SL 

Reference 
Class 

  Percent classified into class 

# of pixels 
6 

(Dry Dryas spp. & Till 
Tundra) 

5 
(Mesic Dryas spp. 

& Till Tundra)  

10 
(Wet Sedge Tundra) 

Unclassified 18 
523 
487 
405 

0 2.6 1.0 
6 68.9 25.5 2.6 
5 28.7 55.3 0 

10 2.4 16.6 96.4 
Overall Accuracy 69.2%      
Kappa Coefficient 0.54      
95% Confidence 

Interval 0.509 – 0.583      
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Figure 2.5 Sanagak Lake CA ecological classification  

2.5 Discussion 

2.5.1 Ecological Classes 

The final classification scheme has been derived based on soil moisture preferences and indicator 

species. To aid in interpretation and to link the larger-scale CAVM classifications with the classes that 

have been created here, the bioclimatic classification identifier has also been included (Table 2.2).  By 

examining the CA biplots of sample sites, which are separated into their ecological classifications, and 

with supplementary environmental variables overlain, the underlying latent variables can be interpreted to 

better understand the ecological classifications that have been created (Lepš and Šmilauer, 2003).  It is 
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illustrated in Figure 2.6 that the supplementary variables are strongly correlated with the arrangement of 

the sample sites in ordination space.  For example, the Felsenmeer class (Figure 2.7c), that was only 

present at CB, is distinctly clustered in the upper right quadrant of the biplot. These sites are located at 

CB on steep slopes and ridge tops where the sloping sedimentary bedrock is relatively close to the surface 

and has been frost shattered. 

 

 

Figure 2.6 CA biplot with supplementary environmental variables and ecological class clusters 

 

Classes at CB and SL align themselves along a gradient of the first ordination axis.  Dry and 

mesic Dryas spp. tundra classes (Figure 2.7d and 2.7e) of SL are further down the first ordination axis 

followed by the dry P. radicatum and till tundra (Figure 2.7a) and mesic Nostoc tundra (Figure 2.7b) of 
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CB.  Though this gradient is aligned with the supplementary variable of exposed soil, it may illustrate that 

there may be other latent environmental variables, at both sites, that may be impacting species 

compositions and abundances for these classes. Primary production in arctic vegetation communities is 

limited by climatic conditions and nutrient supply (Liengen and Olsen, 1997; Dickson, 2000).  The 

amount of available nitrogen, in the form of ammonium (NH4
+) and/or nitrate (NO3

-), is one of the major 

factors limiting plant growth in the Arctic (Shaver and Chapin, 1980; Nadelhoffer et al., 1992; Atkin, 

1996). The main input of nitrogen originates from biological nitrogen fixation by cyanobacteria, such as 

Nostoc commune (Alexander, 1974; Lennihan, Chapin, and Dickson, 1994; Solheim, Endal, and Vigstad, 

1996). For the study area at SL, over 25% of the mesic Dryas spp. tundra sites contain Nostoc commune 

whereas it was only found in 11% of the dry Dryas spp. tundra sites.  The increase in available nitrogen 

may result in the increase in vegetation cover for these sites.   

The individual classes of each site also follow a soil moisture gradient. Dry P. radicatum and till 

tundra at CB and dry Dryas spp. and till tundra at SL are most closely classified as P1 - Prostrate dwarf-

shrub, herb tundra. This is dry patchy tundra with graminoids and forbs being dominant (Walker et al., 

2005). At both sites micro-scale topographic features (e.g., frost cracks) create moisture gradients that 

influence the pattern and distribution of vegetation (Laidler et al., 2008). Plant growth is limited to frost 

cracks and depressions where wind speeds are reduced, thereby decreasing rates of evaporation and 

facilitating the accumulation of plant detritus which increases soil moisture and nutrient availability 

(Oberbauer and Dawson, 1992).  Clusters 1 and 2, as originally derived, appear to be a sampling artifact 

in that they are spatially similar except that the quadrats of cluster 1 tend to over-sample dry bare areas 

while, quadrats of cluster 2 tend to over-sample micro-topographic features with higher vegetation and 

soil moisture. This may also be due to proportional differences between sites. With vegetation limited to 

small-scale features, the impact on the spectral signature of these plots will often be dominated by the 

exposed soil due to the spatial resolution of the imagery.  
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The mesic Dryas spp. tundra (G2 - Graminoid, prostrate dwarf-shrub, forb tundra) classes of SL 

and mesic Nostoc tundra of CB (G1 - Rush/grass, forb, cryptogam tundra) are similar with respect to 

moisture regime and PVC. The primary difference between the CB and SL sites is the dominance of 

Dryas spp. at SL; it is found in 82.7% of the samples whereas shrub cover at CB was limited to Salix spp. 

Figure 2.7 Representative images of the final ecological classes. A) Dry P. radicatum and Till 

Tundra; B) Mesic Nostoc Tundra; C) Felsenmeer; D) Dry Dryas spp. and Till Tundra; E) Mesic 

Dryas spp. Tundra; and E) Wet Sedge Tundra 

 

The lower right quadrant, strongly associated with moist soils, contains the Wet Sedge Tundra 

class (Figure2.7f). This cluster of sample sites contains the CB and SL samples, demonstrating that 

although they are from distinctly different study sites, the vegetation communities are similar in their 

composition and dependence on readily available soil moisture.  At both CB and SL, Wet Sedge Tundra 

sites (most closely related to W1 – Sedge/grass, moss wetland (Walker et al., 2005)) are often located in 

areas with high levels of soil moisture through the growing season, due to proximity of large upslope 



 

 

 

40 

snow banks. The reason for the creation of an additional wetland class at SL is the presence of Dryas spp. 

in some of the sample sites.  

CB and SL appear to have a natural moisture gradient, at peak season, that generates three distinct 

moisture categories across the landscape; dry, mesic and wet (Bliss and Matveyeva 1992; Walker et al., 

2000; Nobrega and Grogan 2008).  Variations along this gradient may not simply be limited to vegetation 

composition and structure but extend to ecosystem function and processes; e.g., carbon flux (CO2; CH4) 

and nitrogen availability/mobilization (Dagg and Lafleur, 2011). 

2.5.2 Suitability of the Techniques and Future Development 

Based on ordination and clustering of PVC sample data, we were successful in generating 

meaningful ecological classifications for two separate arctic environments (i.e., SL ~ 70º N and CB ~ 75º 

N). Though the success of the final classifications was mixed, the methodology identified distinct and 

similar ecological classes at the two sites.  Thomas et al. (2002) used comparable techniques, showing 

less favourable results than observed here, albeit for a more “ecologically complex” peatland (i.e., with 

nine different classes). The improved results observed here may be a function of the reduced complexity 

of the environment in which this methodology has been applied.  In addition, the inclusion of vegetated 

and non-vegetated ground cover in the analysis, as suggested by Lewis (1998), has improved results, 

specifically for this rather harsh environment.  Arctic vegetation communities, particularly in the mid and 

high arctic, can often display a patchy collection of discrete communities, often associated with soil 

moisture gradients related to topography. For instance, CB is comprised of spatially and spectrally 

distinct patches, such as wet sedge tundra and felsenmeer, within a landscape primarily comprised of dry 

P. radicatum and till tundra (71.6%).  Jongman et al. (1995) explain that if the vegetation pattern shows 

distinct groupings of species then classification (clustering) is an appropriate framework for 

conceptualizing communities; in the case of CB, this appears to have contributed to achieving higher 

classification accuracies. Unlike CB, SL does not appear to have clear and distinct patches of vegetation. 
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Although distinct patches of wet sedge tundra do exist in the SL study area, it is clear that there is a more 

gradual change of vegetation cover from the dry to mesic Dryas spp. tundra communities. The spectral 

similarities of these communities, due to the preponderance of Dryas spp., resulted in reduced 

classification success.  Although two conceptual models exist: (i) the landscape consists of a mosaic of 

patches; or (ii) the landscape varies continuously along one or more environmental gradients; it appears 

that the landscape in question may best determine which model to select (Goetz and Prince, 1999; 

Williams et al., 2001). A potential solution to this may be to incorporate fuzzy classification methods.  

Rather than creating discrete patches, fuzzy set classifications represent a probability surface and have 

shown to better reflect the nature of some vegetation gradients (Foody, 1996).  Additionally, for this 

study, only the original four multispectral bands were included in the image classification. Simple 

transformations of band reflectance have been shown, for a range of vegetation communities, to be 

closely correlated with plant biophysical qualities (Laidler and Treitz, 2003).  The normalized difference 

vegetation index (NDVI) has been shown to have correlations to AGB and PVC (Boelman et al., 2003; 

Hope et al., 1993; Shippert et al., 1995; Walker et al., 2003; Laidler et al., 2008).  Spectral vegetation 

indices such as NDVI could be included in the image classification procedure to incorporate spectral 

biophysical derivatives such as AGB.  

The benefit of CA in this research, where there was a lack of environmental field data, is that 

sample sites are organized based on theoretical variables that best explain the greatest variation allowing 

for the identification of those variables. Supplementary environmental variables that were collected in the 

field, such as soil moisture, exposed rock, and exposed soil can be projected passively onto the biplot of 

ordination space to aid in the interpretation of the environmental variables affecting species and 

abundance. Although the vegetation communities identified appear to have a strong correspondence to 

soil moisture and exposed rock, there also appears to be some underlying variables such as nutrient 

availability and/or soil pH. The relationships observed with soil moisture concur with the bioclimatic 

zones and community classifications described by Walker et al. (2005).  Though the classes generated by 
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Walker et al. (2005) are general and are applied at a very coarse scale, they do appear to relate to the finer 

scale ecological classes derived in this study.  Inclusion of additional environmental data, such as soil pH, 

NH4
+ and NO3

- concentrations, may assist in the understanding/explanation of anomalies observed with 

respect to latent environmental variables.   

Other ordination techniques, such as canonical correspondence analysis (CCA) select the linear 

combination of measured environmental variables that maximize the dispersion of the species scores 

(Jongman et al., 1995). CCA is a ‘restricted correspondence analysis’ in the sense that the site and species 

scores are restricted to a linear combination of measured variables giving rise to as many axes as there are 

environmental variables. The inclusion of additional environmental variables and CCA may create more 

distinct clusters in species space, thereby improving the separation of ecological classes.  Additionally, 

ecological classes derived from the use of CCA would have defined environmental values as opposed to 

'latent' associations.   

The hypothesis that was tested in this research was that: Spectrally distinct vegetation classes that 

relate to important underlying environmental variables can be created using a combination of ecological 

and remote sensing techniques for disparate high- and mid-arctic tundra research sites. Unfortunately, this 

hypothesis does not hold true for both study sites.  At CB, where a mosaic of patches was clear and 

distinct, this hypothesis can be confirmed, whereas at SL, with the exception of the Wet Sedge Tundra, 

this hypothesis is refuted. At SL there was difficulty in distinguishing between the Dry and Mesic Dryas 

spp. classes due to the variation in cover along an underlying environmental gradient. The inclusion of 

additional measured environmental variables and the use of CCA may improve these results.  Overall, this 

research does create meaningful vegetation classifications that relate to underlying ecological processes.  

The methodology described for the creation of these classification may be useful in developing a better 

understanding of GEP and ER since both can be related to factors such as vegetation cover, soil moisture, 

N availability, and micro topography (Shaver et al., 2007; Dagg and Lafleur, 2011). 
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2.6 Conclusions 

The results of this study illustrate that a combination of ecological and remote sensing techniques 

can produce classifications that are ecologically meaningful and spectrally significant in a high arctic 

environment.  The combination of CA, clustering and MRPP techniques in conjunction with remote 

sensing techniques such as SSA to create ecological classes for use as calibration data has the potential to 

create ecologically meaningful classifications of vegetation communities. The results demonstrate that 

incorporation of species abundance data for ecological ordination/clustering can assist in spectral 

classification of these types of environments when using high spatial resolution data. Difficulties in 

delineating some classes may be improved with the inclusion of additional environmental variables, such 

as soil pH and nutrient data (e.g.,  NH4
+ and NO3

-) and the application of CCA.   

Understanding the spatial relationship between environmental variables and vegetation patterns 

will provide insight into the structure and function of arctic vegetation communities.  This may lead to 

more informed predictions of the impact of a warming climate on vegetation productivity and ecosystem 

function. The creation of spectrally distinct, statistically derived ecological classifications may prove 

extremely useful for monitoring vegetation patterns and processes, and as such, can be utilized in future 

projects to predict patterns of carbon flux.  
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Chapter 3 

Modelling Biophysical Variables across an Arctic Latitudinal Gradient using 

High Spatial Resolution Remote Sensing Data 

3.1 Abstract 

Biophysical variables have direct and indirect effects on the uptake and release of carbon dioxide 

(CO2) within tundra ecosystems. The Arctic landscape shows high levels of spatial heterogeneity.  High 

spatial-resolution remote sensing data has the ability to capture the fine-grain spectral response of various 

biophysical variables at the landscape scale. To accurately model CO2 flux patterns using remote sensing 

data we first need to model the relationships between biophysical variables and their spectral response.  In 

this study we model percent vegetation cover (PVC), aboveground biomass (AGB), and soil moisture 

using high spatial-resolution NDVI. At two non-overlapping arctic landscape sites statistically robust 

landscape-scale sampling procedures were used to characterize PVC, AGB and soil moisture.  NDVI 

values were extracted from IKONOS data and linear bivariate regression models were calibrated and 

validated using a k-fold cross validation technique. PVC and percent soil moisture produced the strongest 

and most consistent results (r2 ≥ 0.84 and 0.73 respectively). Analysis of covariance was used to test the 

use of common models for each site. The models were not coincidental; combining data from various 

sites should be done with caution, but illustrated parallelism in that NDVI responds to each biophysical 

variable equally, regardless of site.  

3.2 Introduction 

Global climate is changing; warming at high latitudes is expected to exceed global mean warming 

by more than 40% (IPCC, 2007). Satellite remote sensing data indicate that arctic tundra vegetation is 

changing at different rates, sometimes rapidly, throughout the Arctic (Myneni et al., 1997; Jia et al., 2003; 

Bhatt et al., 2010; Raynolds et al., 2012). Ecosystem structure, function and processes in arctic regions of 
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Alaska have already been affected by climate warming (Oechel et al., 1993; Serreze et al., 2000; Sturm et 

al., 2001; Hinzman et al., 2005; ACIA, 2005). Warming within tundra ecosystems has the potential to: (1) 

promote plant growth and sequestration of carbon from the atmosphere; and (2) increase soil microbial 

respiration rates, releasing additional carbon to the atmosphere (Stieglitz et al., 2000).  If ecosystem 

respiration (ER) exceeds gross ecosystem production (GEP), a positive feedback mechanism could 

develop, thus intensifying global climate change (Callaghan et al., 2004; Chaplin et al., 2008).   

Remote sensing provides spatially continuous data depicting vegetation and terrain patterns at a 

range of spatial, spectral, and temporal resolutions. These data provide a unique opportunity for 

investigating the biophysical properties of vegetation over space and time (Tieszen et al., 1997; Stow et 

al., 1998; Stow et al., 2000; Laidler et al., 2008).  Remotely-sensed data have the potential to: (i) provide 

baseline data to delineate vegetation community patterns (Spjelkavik, 1995; Hope et al., 1995; Rees et al., 

1998; Walker et al., 1982; Stow et al., 1989; Mosbech and Hansen, 1994; Muller et al., 1999); (ii) 

examine community structure (e.g., estimate aboveground biomass) (Hope et al., 1993; Spjelkavik, 1995; 

Shippert et al., 1995; Walker et al., 1995); and (iii) predict CO2 flux patterns at a variety of spatial scales 

(Stow et al., 1993b; Ostendorf and Reynolds, 1998; McMichael et al., 1999).  Stow et al. (1998) state that 

for carbon storage and flux patterns to be predicted from remote sensing data, measurements of these 

variables are required to calibrate and validate the models. Before this can be attempted, the following 

requirements first need to be addressed: (i) unique electromagnetic signatures need to exist and 

correspond to variations in biophysical variables (i.e., vegetation patterns, structure and ecological site 

factors); and (ii) one or more models are needed to transform remotely-sensed data into derivative values 

pertaining to the biophysical variables (Stow et al., 1998). 

Understanding biophysical patterns using remote sensing data involves modelling relationships 

between spectral vegetation indices (VIs) and biophysical variables, i.e., how they vary across landscapes, 

and how these variations are related to vegetation composition, biomass, and ecological site factors 

(Walker et al., 1995; Boelman et al., 2003). It has been demonstrated for a range of vegetation 
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communities, that simple transformations of band reflectance are closely correlated with plant biophysical 

properties, and are generally less sensitive to external variables such as solar zenith angle, than individual 

image bands (Laidler and Treitz, 2003).  The normalized difference vegetation index (NDVI) (Rouse et 

al., 1974) has been the most commonly employed spectral vegetation index (VI) in biophysical analyses, 

including those conducted in arctic regions (e.g., Shippert et al., 1995; Walker et al., 1995; Rees et al., 

1998; Stow et al., 2004; La Puma et al., 2007; Laidler et al., 2008). The index is derived from the 

difference in reflectivity of the land cover in the near-infrared (NIR) band, where vegetation structure 

reflects strongly, and the red (R) band, where vegetation absorbs strongly as a function of chlorophyll 

concentration.  It is calculated as follows: 

NDVI = (NIR-R)/(NIR+R)   [1] 

NDVI has been shown to have correlations to aboveground biomass (AGB) and percent vegetation cover 

(PVC) in arctic environments (Hope et al., 1993; Shippert et al., 1995; Boelman et al., 2003; Walker et 

al., 2003; Laidler et al., 2008).  

The availability of remote sensing data at a range of spatial, spectral, and temporal resolutions has 

increased greatly in the past decade, though the challenge of matching the appropriate scale of data to the 

appropriate ecological scale remains. The majority of remote sensing studies modelling biomass and 

carbon flux in the arctic have applied coarse spatial resolution data most suited to regional scale 

ecosystem assessments (Shippert et al., 1995; Stow et al., 1998; Walker et al., 1998; Jia et al., 2003; 

Walker et al., 2003).  In the Arctic, at the landscape scale (within a common climatic zone), the soil 

hydrological regime driven by topography is the principal control on the distribution of vegetation 

communities and is highly spatially variable (Bliss and Matveyeva 1992; Walker et al., 2000; Nobrega 

and Grogan 2008). Higher spatial resolution NDVI measurements are therefore essential to estimate the 

response of each tundra vegetation type to changing climatic conditions (Boelman et al., 2003). The use 

of high-resolution multispectral data (e.g., IKONOS data) has been minimally investigated in arctic 

environments (Laidler et al., 2008; Fuchs et al., 2009). The improvement in satellite spatial resolving 
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power, provides enhanced capacity for the estimation of biophysical variables and the prediction of 

carbon flux values (Laidler et al., 2008).  

Warming and drying of the Arctic tundra has the potential to change the carbon status of the 

region from sink to source but the regional uncertainty of this varies with landscape (ACIA, 2005).  

Spatially continuous data characterizing vegetation and terrain patterns at regional and landscape scales 

can be acquired with satellite-based optical remote sensing and various spectral derivatives (Boelman et 

al., 2003; Laidler et al., 2008; Fuchs et al., 2009).  With a greater understanding of spectral response to 

variations in biophysical variables (i.e., vegetation patterns, structure, and ecological site factors), remote 

sensing data may be able to predict and monitor changes in CO2 flux patterns over time (Stow et al., 

1998).  Landscape vegetation patterns in the Arctic are largely determined by topographic impacts on the 

soil hydrological regime (Bliss and Matveyeva, 1992; Walker et al., 2000; Nobrega and Grogan, 2008).  

High spatial resolution remote sensing may be the appropriate data source for estimating the biophysical 

variables at the landscape scale (Boelman et al., 2003). Before we can address the prediction of carbon 

flux patterns from remote sensing data at these scales, we need to first answer the following question: Can 

various biophysical variables such as peak season aboveground biomass, fraction of vegetation cover, and 

soil moisture be accurately modeled with high-resolution spectral vegetation indices?  The following 

hypotheses were tested at two non-overlapping arctic landscapes along a latitudinal gradient: 

1. Robust landscape-scale sampling procedures that are paired with high spatial resolution imagery 

will enhance the capacity for the estimation of biophysical variables. 

2. High and mid Arctic tundra biophysical variables (vegetation functional groups, PVC, AGB, and 

soil moisture) have strong linear relationships with NDVI derived from high spatial resolution 

optical data. 

3. Derived biophysical regression models are statistically similar, allowing for the application of a 

single model to multiple locations.  
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3.3 Methods 

3.3.1 Study Area 

For this study two areas were selected: 1) the Cape Bounty (CB) Arctic Watershed Observatory 

on the south-central coast of Melville Island (74º55’N, 109º35’W); and 2) Lord Lindsay River watershed, 

west of Sanagak Lake (SL) (70º 11’N, 93º 44’W) on Boothia Peninsula (Figure 2.1). These sites were 

selected to compare biophysical variables across a latitudinal climate gradient and allow for a more robust 

examination of biophysical modelling efforts. The northern study site at CB is composed of two adjacent 

watersheds though the total satellite image area is approximately 150 km2 in size.   Steeply dipping 

sandstone and siltstone of the Devonian Weatherall, Griper Bay, and Hecla Bay Formations are overlain 

by late Quaternary glacial and marine sediments (Hodgson et al., 1984). The climate is cold throughout 

the year with a melt season extending from June through to August (Lamoureux and Lafrenière, 2009).  

The mean daily July temperature in 2004 was 3.1°C with infrequent, low intensity rainfall.  Low stratus 

cloud and fog are common during the summer months.   

The southern study sampling areas at Sanagak Lake (SL) are confined to the regions between the 

Lord Lindsay River to the south and an adjacent tributary to the north. The dimensions of the study area 

are approximately 15 km long and the width varies from 500 m in the southeast to over 5 km in the 

northwest. Sandy glacial outwash plains and plateaus with evidence of former oxbow lakes and channels 

are present.  Dipping limestone formations with extensive outcroppings of granitic rocks to the north form 

the regional bedrock.  In 2005, the mean daily July temperature was 6.0°C, with only trace precipitation 

through the entire growing season. 

At each study area, continuous permafrost with an active layer of 0.5 – 1 m dominates, and 

vegetation cover varies by drainage conditions along a mesotopographic gradient (Billings, 1973; Walker 

et al., 2002). According to Walker et al. (2005), CB is located in bioclimatic zone B and has a vegetation 

classification of G2 – graminoid prostrate dwarf shrub, forb tundra while SL, in bioclimatic zone C, is 

classified as P1- prostrate dwarf shrub, herb tundra.   
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Figure 3.1 Study areas: (A) Cape Bounty Arctic Watershed Observatory (CB), Melville Island, 

Nunavut; and (B) Sanagak Lake (SL), Boothia Peninsula, Nunavut. IKONOS images are displayed 

as colour infrared composites: i.e., Bands 4 (near infrared), 3 (red), and 2 (green).   

 

3.3.2 Field Data 

Field sampling coincided with the peak growing seasons at each site, approximately the last three 

weeks of July (2004 at CB, and 2005 at SL). Sampling procedures were designed to satisfy the 

requirements for remote sensing and ecological data analyses through the collection of a variety of in situ 

data. Large contiguous areas of visually distinct homogeneous vegetation cover were initially identified 

through: (i) an unsupervised spectral classification of Landsat TM data; and (ii) subsequently by a visual 

inspection of the study area. Sample vegetation plots were defined within these large homogeneous areas.  

An attempt was made to have at least two plots of each vegetation cover type measuring one hectare (100 

m x 100 m).  Although this study uses high spatial resolution imagery (4-metre spatial resolution 

IKONOS data), 1-ha plots were sampled to allow for ‘up-scaling’ to mid-resolution imagery (e.g., 

Landsat ETM+) in future studies.   
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Each plot was sampled to characterize the community in terms of species composition, PVC, 

AGB, and soil moisture at peak growing season (Lewis, 1998).  In this study aboveground biomass was 

used to determine the sample size. As the primary variable that requires the most post field processing, it 

was used to determine sample size for all associated variables. Small sample size has been an issue for 

many studies in remote locations and in many instances has limited their statistical reliability (Shippert et 

al., 1995; Laidler et al., 2008; Chen et al., 2009). This study took a statistically rigorous approach to 

determining sample sizes for each vegetation plot. Sample sizes were pre-determined using pilot study 

results from 2001 (SL) and 2003 (CB) and were then adjusted in the field based on the mean and 

variability of field weight biomass samples.  The sample size for each community is based on the sample 

size required to achieve a 95% confidence level (p = 0.05) within ± 20% of the mean aboveground 

biomass for each plot (Wein and Rencz, 1976). For each sample plot the required number of samples (N 

req.) for a given level of confidence can be computed as follows:  

N req. = (t* x S) / (d)    [2] 

where t* = 1.96 (n = ∞); d is the desired margin of error (±20% of the sample mean); and S is the standard 

error.  There is a different t distribution for every sample size. Since we do not initially know the sample 

size we estimate it to be very large and select a t* value close to infinity (t = 1.96 (p = 0.05) where n = ∞). 

Upon calculation of the sample size we get a better estimate of the degrees of freedom and a new t* can 

be obtained and N req. is recalculated. This procedure is repeated until N req. no longer changes (Wein 

and Rencz, 1976).  For the spatial location of the samples, a stratified random sampling technique without 

replacement was implemented with an equal number of N req. samples randomly located within each 

quadrant (25m x 25m) of the 1-ha plots.   Randomly generated co-ordinates were uploaded into a Garmin 

GPSmap 76 so they could be located quickly within a plot.  GPS precision was high (i.e., within 3m) due 

to excellent line of sight and satellite signal reception.  Sample sizes at CB ranged between n = 12 and n = 

80 while at SL the range was from n = 5 to n = 72.  The variation in sample size related directly to the 



 

 

 

59 

variability of AGB within the plot; homogeneous plots required very few samples while heterogeneous 

plots required a much higher sampling effort. 

A 50cm x 50cm (0.25 m2) quadrat was used to delineate each sample location within the 1-ha 

plots.  For each location a species list was generated and cover abundance was estimated using a modified 

Braun-Blanquet scale. Cover was estimated for biotic species and abiotic components, such as rock and 

till (Lewis, 1998). In some cases, species identification was limited to the genus level (e.g., Carex spp.); 

and moss species were classified into Sphagnum spp. and non-Sphagnum mosses (mosses) (Chapin et al., 

1996). Total aboveground biomass was clipped within the quadrat to the soil or brown moss layer (Norum 

and Miller, 1984).  A soil sample to a depth of 5cm from a 5.3 cm diameter soil corer resulting in a 110.3 

cm3 sample was collected at every third quadrat (with a minimum of n = 12 per plot) to calculate 

gravimetric soil moisture. Biomass and soil moisture samples were weighed wet in the field and returned 

to the lab for oven-drying.  

3.3.3 Satellite remote sensing data 

IKONOS multispectral data (4m spatial resolution) were collected for Cape Bounty on July 22nd 

2004, corresponding to the vegetation sampling for that site. A July 23rd 2001 IKONOS image was 

collected for Sanagak Lake. Though the image does not correspond with the sampling year it is 

representative of the peak-growing season. Additionally, the spectral characteristics of the two images are 

similar, the time of year, time of day, and solar angles are almost identical.   IKONOS data (i.e., image 

channels - blue: 0.45 - 0.52 μm; green: 0.51 - 0.60 µm; red: 0.63 - 0.70 µm; and near infrared: 0.76 - 0.85 

µm) were calibrated to top-of-atmosphere reflectance following procedures outlined by NASA (2002) and 

Taylor (2005).  The images were geo-referenced to UTM coordinates to correspond to the 1:50,000 

Canadian National Topographic Survey (NTS) for each of the study areas and were corrected using 

ground control points (GCPs) collected concurrently with the field data collection.  The overall root mean 

square errors (RMSE) for each of the corrected images were less than 3m horizontally.  NDVI images 
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were derived for each site and individual sample location values were extracted. Sample NDVI values 

were interpreted from the adjacent cells (n=12) using bilinear interpolation to decrease any effects of mis-

registration errors that result from matching imagery with sample locations (Fuchs et al., 2009). 

3.3.4 Regression Calibration 

Linear bivariate regression of arctic biophysical variables and vegetation spectral indices, 

specifically NDVI, from various satellite sensors is the most commonly applied and easily understood 

method of analysis (Stow et al., 1993; Shippert et al., 1995; Laidler et al., 2008; and Chen et al., 2009).  

Biophysical samples and NDVI values were aggregated to the plot quadrant level for analysis with each 

site (i.e., CB and SL) being analyzed independently.  All variables were tested using the Shapiro–Wilk 

(n<50) or Kolmogorov–Smirnov test (n>50) to see if they meet the assumption of a normal distribution 

(SPSS, 2011). The biophysical variables of aboveground dry weight biomass (AGB) and soil moisture 

were transformed using a natural log function (ln), while PVC required a square root transformation 

(Tucker and Sellers 1986, Walker et al., 2003, Raynolds et al., 2012). Linear bivariate regression analyses 

were performed with the NDVI values as both dependent and independent variable.  In the calculation of 

spatial models, as in Laidler et al., (2008) and Shippert et al., (1995), NDVI is used as the independent 

variable even though NDVI would be considered a function of the biophysical variable.  

Although a withheld-data validation technique would have been ideal, the relatively small sample 

size of the aggregated data were better suited to a k-fold cross-validation technique (Snee, 1977). The data 

are portioned into k-sized folds with subsequent k iterations of calibration and validation calculated.  At 

each iteration, k-1 folds are used to calibrate the model while the remaining fold is held-out for validation. 

A ten-fold cross-validation of all datasets was performed using Matlab R2012a.  

Many statistics exist to express the error of estimations, each requiring statistical criteria to define 

their validity. Ease of interpretation, clarity of presentation, reliability, and robustness are all 

characteristics of a good error statistic (Tayman et al., 1999). Measures of error can be either scale-
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dependent or independent (Hyndman and Koehler 2006). The advantage of a scale-dependent estimate of 

error, such as the commonly used Root Mean Squared Error (RMSE), is that its scale is the same as the 

data.  RMSEs are representative of the size of an “average” error. Non scale-dependent error estimates 

adjust for the population size by using a percentage error. Since percentage errors are not scale-

dependent, they can be used to compare performance across data sets (Swanson et al., 2011).  As in Chen 

et al. (2009), two relative statistics, the Relative Mean Absolute Error (RMAE) and the Median Absolute 

Percentage Error (MedAPE) were selected as the non-scale-dependent estimates of error. RMAE is 

computed as the Mean Absolute Error (MAE) divided by the corresponding average value of the 

dependent variable and is more sensitive to errors if the dependent variable has a large value. In contrast, 

the value of MedAPE generally gives more weight to percentage errors corresponding to low values for 

the dependent variable (Chen et al., 2009, Swanson et al., 2011). The coefficient of determination (r2) is 

the most common statistic given describing the fit of an empirical model and can be interpreted as the 

proportion of the total variation in the dependent variable explained by the independent variable. 

3.3.5 Test for Coincidence (Analysis of Covariance) 

With regression equations calculated for each study site we then test for the hypothesis of 

coincidence, i.e., that the calculated relationships for NDVI versus the biophysical variable are 

statistically similar. This analysis is referred to as Analysis of Covariance (ANCOVA) (Wildt and Ahtola, 

1978).  If the hypothesis of coincidence is accepted, i.e., the empirical models exhibit equal slopes 

(𝐻!  :  𝛽!!" =   𝛽!!") and equal intercepts (𝐻!  :  𝛽!!" =   𝛽!"#), we can pool the data from each site to 

derive a single model (𝑌 =   𝛽! +   𝛽!𝑋 +   Ε)  to describe the relationship across all sites.  First, the 

hypothesis of equal slopes is tested. The null hypothesis is that the slopes of the regression lines are the 

same. If the slopes differ significantly then coincidence is rejected. If the slopes are the same we then test 

to determine if the intercepts are the same; if they are, then the models are coincident. If the intercepts are 

significantly different but the slopes are equal we have parallelism. In parallel equations the effect of the 
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explanatory variable on the response variable is the same for each site but the ‘base-line’ values are 

different (when X=0). If parallelism is rejected then the explanatory variable and the response variable are 

responding differently at each site. 

3.4 Results 

3.4.1 Biophysical results 

In the two-years of field sampling, 21 independent 1-ha vegetation community sample plots were 

established and 885 vegetation samples were collected and processed.  Overall a total of 44 species/genus 

types were identified.  All SL sample plots (12 plots and 398 samples) and all but one sample plot  (i.e., 

A-CB) at CB (9 Plots and 487 samples) achieved their sampling goal of ± 20% of the mean for 

aboveground dry biomass (p = 0.05); A-CB sampled to within ± 33% (p = 0.05).  Comparing the two sites 

(Figure 3.2), CB had a mean aboveground dry biomass of 1019 g m-2 while SL was 43% lower with a 

mean of 580 g m-2.   Figure 3.2 illustrates that CB, along with having a higher mean also displays a much 

larger variability and is skewed to the right; 50% of the samples falling between the median value of 810 

g m-2 and the upper quartile of 1542 g m-2.  SL has a much narrower range of values (310 g m-2 as 

compared to 986 g m-2 between the upper and lower quartile) and is only slightly skewed to the left.  

Mean plot level gravimetric soil moisture values for CB and SL are presented in figure 3.3. To 

illustrate the range of values and to allow for comparison between sites, the plots are arranged along a 

moisture gradient; i.e., driest to wettest for each of the study areas.  At CB and SL there appears to be 

three main groupings of plots in regard to soil moisture; less than 20% (dry), 20% to 55% (mesic), and 

greater than 55% (wet).  Hereafter, figures depicting percent cover and functional type will be arranged 

according to moisture. Further, and based on nomenclature described by Walker et al. (2005), each plot is 

characterized in terms of soil moisture and bioclimatic zone (Table 2.1).   
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Figure 3.2 Boxplot of aboveground dry biomass samples for CB and SL, showing the lower, 

median, and upper quartiles, minimum and maximum sample values, and outliers. 
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Figure 3.3 Average gravimetric soil moisture for each 1-ha plot at CB and SL, arranged from driest 

to wet for each site. 
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Table 3.1 Research plots (n= vegetation sample size) along a moisture gradient of dry to wet with 

dominant cover and associated vegetation classification (Walker et al. 2005) 

 

Site	   Plot	  

%	  Soil	  

Moisture	   Dominant	  Cover	   Classification	  

CB	  

C-‐CB	  (n	  =40)	  	   13.1	  

Till,	  Bryophytes,	  Papaver	  radicatum,	  Saxifraga	  flagellaris	   P1	  
I-‐CB	  (n=28)	   15.6	  

A-‐CB	  (n=80)	   16.1	  

H-‐CB	  (n=32)	   18.6	  

G-‐CB	  (n=72)	   35.3	  
Till,	  Nostoc	  commune,	  Salix	  arctica	  	  	   G1	  

E-‐CB	  (n=60)	   37.5	  

J-‐CB	  (n=24)	   62.0	  

Bryophytes,	  Eriophorum	  spp.,	  Nostoc	  commune	   W1	  D-‐CB	  (n=20)	   68.5	  

B-‐CB	  (n=12)	   170.0	  

SL	  

X-‐SL	  (n=72)	   10.3	  

Till,	  Dryas	  spp.	  Carex	  spp.	   P2	  
S-‐SL	  (n=55)	   14.2	  

Q-‐SL	  (n=49)	   16.2	  

P-‐SL	  (n=6)	   21.6	  

Y-‐SL	  (n=8)	   36.6	  

Dryas	  spp,	  Salix	  arctica	  ,	  Cassiope	  spp	   G2	  

M-‐SL	  (n=6)	   41.8	  

O-‐SL	  (n=5)	   45.0	  

R-‐SL	  (n=10)	   47.8	  

K-‐SL	  (n=9)	   53.5	  

L-‐SL	  (n=32)	   77.8	  

Sphagnum	  spp,	  Eriophorum	  spp.,	  Dryas	  spp,	  Salix	  arctica	  	  	   W1	  
Z-‐SL	  (n=8)	   90.4	  

N-‐SL	  (n=35)	   131.2	  

T-‐SL	  (n=24)	   154.5	  
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Percent vegetation cover by functional group for CB and SL is presented in Figure 3.4.  The 

dominant functional groups at CB are bryophytes with mean coverage of 45.2%, followed by graminoids 

at 26.8%. Non-vegetated surfaces (i.e., a combination of rock, till, bare soil, etc.) averaged 28.9% cover at 

CB. Each sample plot at CB has some degree of exposed surface, ranging from a high of 77.8% at C-CB 

to a low of 1.4% at J-CB, with the drier sites having a greater amount of non-vegetated area. The driest 

plots at SL exhibited high percentages of non-vegetated surface area (e.g., 78.5 % at X-SL) but these 

declined quickly as soil moisture values increased with many plots having less than 1% of non-vegetated 

surface area and an overall site mean of 17.7%. Shrubs dominate SL (35.6%), particularly Dryas 

octopetala that was found in 82.7% of the SL samples and in each plot. Bryophytes and graminoids 

represent 24.3% and 21.5% of the ground cover respectively at SL.  Shrub cover is limited at CB (2.4%) 

consisting mostly of Salix spp.   Based on Walker et al. (2005), the species composition and PVC of dry 

plots at CB and SL are most closely classified as P1 - Prostrate dwarf-shrub, herb tundra and P2 - 

Prostrate/Hemiprostrate dwarf-shrub tundra respectively. Non-vegetated surfaces are dominant at each 

study area followed by bryophytes and forbs at CB and D. octopetala at SL.  The mesic plots at CB (G1 - 

Rush/grass, forb, cryptogam tundra) had high PVC of Nostoc commune, a nitrogen fixing cyanobacteria 

that forms a black crust on the soil (Liengen and Olsen 1997).  N. commune was present at SL mesic plots 

(G2 - Graminoid, prostrate dwarf-shrub, forb tundra) but represented a much lower PVC; instead these 

plots were dominated by Dryas spp, Salix arctica, and Cassiope spp. The only vegetation class that is 

shared by CB and SL is that of the wetlands variety, i.e., W1 – sedge/grass moss wetland (wet sedge).  It 

can be seen that these sites have similar functional composition of primarily bryophytes and sedges, 

though again there is some shrub cover at SL that is not present at CB. Total aboveground biomass 

generally follows the previously discussed moisture gradient, though it is much better defined at SL.  The 

driest sites P1, P2 with the most non-vegetated surfaces had the lowest average aboveground biomass, 

i.e., 265.9 g m-2 for C-CB and 125.9 g m-2 for X-SL.  CB and SL had similar high biomass values in the 

wet sedge group with 2225.5 g m-2 and 2129.6 g m-2 respectively.   
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Figure 3.4 Percent vegetation cover (PVC) for each plot at CB and SL indicating the percent per 

functional group and the mean aboveground biomass (AGB). Error bars represent the standard 

error. 
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3.4.2 Relationships between NDVI and biophysical variables 

Linear bivariate regressions were performed to examine relationships between satellite data (i.e., 

NDVI) and biophysical variables in this environment in order to determine the potential of satellite data 

for extrapolating these variables over large areas (Figure 3.5).  All reported regressions were significant 

(p<0.01) (Table 3.2). The relationship between NDVI and PVC has the strongest at CB and SL with r2 

values of 0.88 and 0.84 respectively. The error statistics for SL were the lowest with RMAE and 

MedAPE at 13.1% and 12.0% respectively and slightly higher at CB (i.e., 15.6% and 16.5% respectively).  

Though soil moisture is not a causal variable, there is a strong relationship with NDVI at both sites with r2 

values of 0.72 and 0.73 at CB and SL respectively.  The error statistics for both sites are again relatively 

low, albeit slightly higher at CB (~24% for RMAE and MedAPE) versus 17.4% and 13.0% respectively 

at SL. Both sites have similar RMSE values of 0.045 and 0.040 for CB and SL respectively.  The results 

for total dry aboveground biomass for each site vary more than previous relationships observed.  SL 

showed a strong relationship between NDVI and biomass with r2 values of 0.76 and error statistics less 

than 18%.  CB demonstrated a moderate relationship (i.e., r2 = 0.55) and higher error statistics at 30.4% 

and 28.7.8% for RMAE and MedAPE respectively. CB had several plot quadrats with low NDVI values 

but high dry biomass values; thereby reducing the strength of the relationship.  

The ANCOVA results for these three regression equations confirmed that the slopes for each 

regression equation were statistically similar (p > 0.05) (Table 3.2).  However, when the intercepts of the 

equations were examined, it was found that they were significantly different (p < 0.05).  These equations 

are parallel in that NDVI varies equally with each independent variable, be it PVC, percent soil moisture, 

or AGB at each site. The analysis of the intercepts indicates that there are differences in the baseline 

values for each variable at each site. 
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Figure 3.5 Relationships of NDVI to the biophysical variables of AGB, PVC, and soil moisture. 
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Table 3.2 Bivariate linear regression ((𝒀 =   𝜷𝟎 +   𝜷𝟏𝑿 +   𝚬)  results for biophysical variables and 
NDVI. 
 

Biophysical Variable 

(Y) 
Site Slope (𝛽!) 

Intercept 
(𝛽!) 

r2 RMSE RMAE1 MedAPE2 

ANCOVA	  

Slope	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

(P-‐value)	  

Intercept	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

(P-‐value)	  

Percent Vegetation 

Cover 

CB 0.024 -0.073 0.88 0.001 15.6% 16.5% 
0.985	   0.00	  

SL 0.024 -0.040 0.84 0.001 13.1% 12.0% 

  
      

	  	  

	  
Percent Soil Moisture 

CB 0.079 0.229 0.72 0.045 24.4% 24.1% 
0.751	   0.01	  

SL 0.076 0.234 0.73 0.040 17.4% 13.0% 

   
 

 
   

	  	  

	  Aboveground Biomass 
g/m2 

CB 0.078 -0.382 0.55 0.054 30.4% 28.7% 
0.073	   0.00	  

SL 0.104 -0.491 0.76 0.037 17.9% 15.8% 
1RMAE = relative mean absolute error. 
2MedAPE	  =	  median	  absolute	  percentage	  error 

 

3.4.3 Functional Groupings and NDVI 

Species cover data were aggregated into functional groups; i.e., graminoids, bryophytes, forbs, 

shrubs, and lichens.  Additionally, non-vegetated surfaces, such as mineral soil, till and rock, were 

aggregated to create a non-vegetated surface cover group.  The results of the linear bivariate regression of 

the functional groupings are presented in Figure 3.6 and Table 3.3.  The regression results of shrubs as 

well as lichens related to NDVI did not return statistically significant results (p > 0.05) and so are not 

displayed.  The best results were observed for non-vegetated surfaces and NDVI; CB and SL each had r2 ≥ 

0.80 and low error statistics. When an ANCOVA was performed to compare the two sites the results 

demonstrate that the slopes and the intercepts for relationships at both sites were statistically similar (p-

values > 0.05).  Since the relationships at each site are statistically similar, the data from each were 

combined to create one regression, applicable to both sites. The non-vegetated surface regression was 

strong with an r2 of 0.81 (RMSE = 0.035; RMAE and MedAPE scores ~18%).  Forbs were also 

aggregated after ANCOVA results determined that the relationships for each site were statistically 

similar.  However, the regression results were poor (r2 = 0.08). The slope for the combined forb group 
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was negative, indicating that as NDVI values increased the percent cover of forbs decreased.  Graminoids 

and bryophytes showed stronger relationships at CB (r2 = 0.72 and 0.80 respectively) than at SL (r2 = 

0.62 and 0.44, respectively).  For graminoids the ANCOVA results also demonstrated that the slopes were 

statistically similar (p < 0.05) at CB and SL though the intercepts were not; again indicating that the 

response of NDVI to changes in graminoid cover is similar at both locations.  
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Figure 3.6 Relationships between NDVI and PVC of functional groups – non-vegetated surfaces, 

graminoids, bryophytes and forbs. 
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Table 3.3 Bivariate linear regression results (𝒀 =   𝜷𝟎 +   𝜷𝟏𝑿 +   𝚬) for PVC and NDVI (by 

functional group) 

Function Group Site 
Slope 
(𝛽!) 

Intercept 
(𝛽!) 

r2 RMSE RMAE MedAPE 

ANCOVA	  

Slope	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

(P-‐value)	  

Intercept	  	  	  	  	  	  	  	  	  	  	  	  

(P-‐value)	  

Non-‐Vegetated	  Surface	  

CB	   -‐0.023	   0.250	   0.82	   0.034	   19.6%	   20.6%	  

0.566 0.093 SL	   -‐0.022	   0.231	   0.80	   0.035	   15.9%	   16.2%	  

Combined	   -0.022 0.237 0.81 0.035 17.9% 17.8% 

	  
	   	   	   	   	   	   	  

	  	  
	  

Graminoids	  
CB	   0.023 0.039 0.72 0.042 23.5% 20.2% 

0.456 0.001 
SL	   0.021 0.091 0.62 0.047 21.3% 17.7% 

	  
	   	   	   	   	   	   	  

	  	  
	  

Bryopytes	  
CB	   0.027 -0.030 0.80 0.036 21.5% 24.9% 

0.01 N/A 
SL	   0.014 0.122 0.44 0.058 24.5% 18.2% 

	  
	   	   	   	   	   	   	  

	  	  
	  

Forbs	  

CB	   -0.034 0.178 0.11 0.075	   42.6%	   29.5%	  

0.786	   0.786	  SL	   -0.040 0.187	   0.16 0.071	   34.1%	   22.8%	  

Combined	   -0.012 0.168 0.08 0.074 38.8% 27.7% 
1RMAE = relative mean absolute error. 
2MedAPE	  =	  median	  absolute	  percentage	  error 
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3.5 Discussion 

3.5.1 Biophysical site comparison 

Moisture regime appears to be the principal control on vegetation distribution and abundance at 

CB and SL, each of which appear to have a natural moisture gradient, at peak season, that generates three 

distinct moisture categories across the landscape; dry, mesic and wet (Bliss and Matveyeva 1992; Walker 

et al., 2000; Nobrega and Grogan 2008).  Variations along this gradient may not simply be limited to 

vegetation composition and structure but extend to ecosystem function and processes; e.g., carbon flux 

(CO2, CH4) and nitrogen availability/mobilization (Dagg and Lafleur, 2011).  In this study, soil moisture 

was examined during the peak-growing season. However, it should be noted that the manner in which the 

soil moisture regime changes within the vegetation communities throughout the growing season (e.g., 

phenological cycle) may also have important impacts on ecosystem form and function.  Post snowmelt, 

most communities are saturated and begin to dry at various rates through the season. The rate of water 

loss may impact the phenological cycle. 

The examination of a latitudinal gradient can serve as a proxy for predicted changes to the arctic climate, 

particularly since increases in temperature are expected to enhance plant growth (Stieglitz et al., 2000).  

When examining the AGB data for CB and SL, we observe that CB, the more northern and cooler of the 

two sites, has ~30% higher mean AGB than SL, albeit not uniformly distributed.  The CB study area does 

not appear to represent the vegetation communities north of the study area; the northern region is a higher 

plateau where dry vegetation communities dominate. On the CAVM (Walker et al., 2003) CB is within 

bioclimatic subzone B although it is adjacent to the division of subzone C.  CB may in fact be more 

similar to subzone C.  The estimates of ABG that are presented here for both sites are much larger than 

those on the CAVM (50-100 g m-2) (Walker et al., 2003).  The difference in biomass estimates may be 

due to the spatial resolution of the NDVI values. CAVM uses a 1 km AVHRR pixel that results in a 

mixed pixel of all the vegetation types; the high biomass wet sedge sites may be muted at the 1km 

resolution. Additionally, there was high variability in the AGB samples from CB and a larger amount of 
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non-vegetated surfaces. SL had more uniform vegetation cover, lower percentage of non-vegetated 

surfaces and was dominated by prostrate shrub growth, particularly Dryas octopetala.  At both sites, 

micro-scale topographic features (e.g., frost cracks) create moisture gradients that influence the pattern 

and distribution of vegetation (Laidler et al., 2008).  Plots that have a large percentage of non-vegetated 

surfaces (those classified as P1 and P2) exhibit high within-plot variability. Plant growth is restricted to 

frost cracks and depressions where organic matter accumulation increases nutrient availability and, with 

reduced wind speeds, enhances moisture retention (Oberbauer and Dawson, 1992).  With vegetation 

limited to small-scale features, the impact on the spectral signature of these plots will often be dominated 

by the exposed soil.   

Within Arctic ecosystems, the primary nitrogen input originates from biological nitrogen fixation 

by cyanobacteria such as Nostoc commune (Alexander, 1974; Lennihan et al., 1994; Solheim et al., 1996).  

The mesic plots of SL and particularly CB contained the most PVC of Nostoc commune. Though nitrogen 

was not examined within this study, further understanding of the connections between soil moisture, 

nitrogen and vegetation cover at these and other sites and the potential of remote sensing could prove 

interesting.  

Wet sedge (W1) was common to both study areas. These plots contained the highest levels of 

biomass and the highest levels of soil moisture (often saturated soils).  These wet sedge meadows have 

been shown to be comparable in their CO2 uptake, but because of lower overall ecosystem respiration, 

they tend to be sinks for carbon (Nobrega and Grogan, 2008.) However these communities have the 

highest soil moisture levels, often a function of large often-perennial snow banks located upslope from 

these communities (Lamoureux et al., 2008).  Changes to the hydrological regime will directly impact 

these communities perhaps altering their carbon sink status. 
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3.5.2 Biophysical and Functional Relationships with NDVI 

The strong regression relationships observed between biophysical variables, functional groups 

and NDVI, along with low error statistics, suggest that the increased sample size and sampling procedures 

in conjunction with high resolution imagery can produce enhanced estimations of biophysical variables, 

thereby supporting hypothesis #1.  PVC produced high coefficients of determination and low error scores 

(<16.5%) for both CB and SL.   Without percent soil moisture having a direct relationship to NDVI there 

was still a strong coefficient of determination and low error values.  These results support the connection 

between soil moisture and vegetation within this environment. The relationship between AGB at CB was 

the only relationship that did not follow the pattern of PVC and soil moisture having similar modeled 

results for both study areas.  CB had a lower coefficient of determination (i.e., r2 = 0.55) and the largest 

error statistics for AGB.  In a 1:1 comparison of the estimated and actual NDVI values when AGB is used 

to predict NDVI, CB samples that were classed as dry are over predicted while the mesic and wet samples 

are under predicted (Figure 3.7a); such a trend does not exist with the SL samples (Figure 3.7b).  When 

NDVI is used as the independent variable for the derivation of the spatial models, the error results in an 

underestimation of biomass in the dry plots.  This is potentially linked to the higher proportion of exposed 

soil in these plots lowering NDVI values, while there can still be considerable biomass within the micro-

topographic features. In this case a soil-adjusted vegetation index may prove more useful (Laidler and 

Treitz, 2003). 

Overall, the bivariate linear regression relationships between the transformed PVC, soil moisture 

and AGB values and the high spatial resolution NDVI are strong with very low error statistics; thereby 

supporting hypothesis #2.  However, the ANCOVA analysis for these variables did not show strict 

coincidence thereby refuting hypothesis #3. The biophysical variables did show parallelism, in that NDVI 

was responding to changes in the variables equally at CB and SL.  This indicates that if baseline values 

are obtained for a site, changes to NDVI over time can be used to monitor changes for each variable. 

When NDVI is used as the independent variable, the intercept represents the value of the biophysical 
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variable when NDVI = 0. That variable may not necessarily be equal to zero. The differences in intercept 

at each site reflect differences in the amount of aboveground biomass, PVC or soil moisture (when NDVI 

= 0) and the reflectance of exposed soil to the overall NDVI signature.  The intercept values, though 

similar, were statistically different, thus one equation for both sites is not appropriate.  The finding that 

the equations demonstrate parallelism has not been shown in other studies and so combining data from 

various sites should be performed with caution.  

 
 

 
 

Figure 3.7 1:1 comparisons of actual and modelled NDVI values from aboveground dry biomass (g 

m-2): (A) the CB - dry sites are over-predicting NDVI values resulting in underestimates of biomass 

for dry plots and vice versa, (B) SL - there is a stronger correspondence between modelled and 

actual NDVI.   
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PVC and percent soil moisture images modeled from IKONOS NDVI data for CB and SL are 

presented in Figure 3.8 (Shippert et al., 1995; Laidler et al., 2008). Modelling PVC and soil moisture for 

large areas creates visualizations of the overall vegetation structure and pattern. However, it also depicts 

relationships between biophysical variables that would otherwise be difficult to discern. The findings of 

this study support Stow et al.'s (1993) suggestion that high spatial resolution (i.e., < 10m) data should 

strengthen NDVI correlations to biophysical variables. These improved spatially-explicit models can 

improve: i) the identification of initial conditions for patch-scale models by inventorying landscape 

conditions and their relative proportions; ii) the stratification of landscapes into relatively homogeneous 

response units for spatially-distributed modelling of material and energy transport; iii) the extrapolation of 

model simulations by mapping areas that are potentially sensitive to particular disturbances; and iv) the 

assessment of landscape- and regional-scale model simulations by comparative spatial pattern analyses 

(Stow et al., 1993, Laidler et al., 2008).  In addition, with this methodology it may be possible to better 

predict and monitor changes in CO2 flux patterns at landscape scales.  Further, these data (and 

methodology) can be integrated into regional scale studies to better understand the scaling of CO2 flux 

patterns. 

The relationships observed between NDVI and functional groups were mixed.  Overall, 

hypothesis #2 is supported for the most prevalent functional groups: i.e., graminoids and bryophytes, 

whereas hypothesis #3 is refuted for all but non-vegetated surfaces.  Lichens and shrubs did not return 

statistically significant results and so were not reported.  The lack of significance may be linked to the 

limited contribution that these groups made to the NDVI values (i.e., spectral response). Graminoids and 

bryophytes had the strongest relationships at CB where these two functional groups are the most 

abundant, along with non-vegetated surfaces.  SL also had significant relationships with these functional 

groups.  The PVC of graminoids and bryophytes at both sites increases with soil moisture.  Graminoids 

showed parallelism for both sites, while bryophytes did not, indicating that the response of NDVI at CB 



 

 

 

79 

and SL to changes in bryophyte coverage is statistically different.  Forbs had a very weak but negative 

relationship to NDVI at both sites.  Forbs are generally found in dry barren tundra where there is little 

AGB.  Though it exhibited a very weak relationship, ANCOVA did show coincidence for the NDVI and 

forb functions in that a single function could be applied at both study areas. Chen et al. (2009) developed 

field metric methods for assessing AGB for both graminoids and bryophytes; whereas the equations 

presented here have a lower RMAE and MedAPE values, indicating the potential of high spatial 

resolution remote sensing data for modelling these variables. The strongest result was observed for non-

vegetated cover. ANCOVA for this quasi-functional group showed the relationship was similar for both 

sites indicating the models were transportable between the two study areas. Non-vegetated surfaces are 

different from PVC in that with a layered structure, PVC often has values greater than 100% while non-

vegetated surfaces cannot exceed 100%.  Looking at the combined equation for this variable illustrates 

that NDVI responds equally at both sites to changes in vegetated cover. This equation has value in 

monitoring, as changes to NDVI in sites that have exposed soil may indicate increased plant growth and 

overall cover.  Additionally when modelling carbon flux the amount of exposed soil is an important 

component particularly when examining the contribution of soil respiration to ecosystem respiration and 

net ecosystem exchange. 
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Figure 3.8 Spatial models of the CB (upper) and SL (lower) for PVC (left) and soil moisture (right).  

Fine detail can be seen in each high-spatial resolution (4m) image. Dense and multi-layered 

vegetation corresponds with wet drainage areas in each image. 
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3.6 Conclusions 

The Arctic is changing, and with it the composition, structure, function and processes of 

terrestrial arctic ecosystems (ACIA, 2005; Hinzman et al., 2005; Oechel et al., 1993; Serreze et al., 2000). 

Vegetation is both an integrator and indicator of climate and the properties of the ecosystem.  In this 

study, NDVI data, derived from high spatial resolution IKONOS imagery, paired with appropriate and 

statistically-based sampling techniques produced strong empirical models of biophysical variables at 

landscape scales; illustrating the value of remotely-sensed data as a tool for evaluating changes within the 

tundra ecosystem.  At CB and SL, similar but disparate locations along a latitudinal gradient, vegetation 

communities were strongly aligned along a peak-season moisture gradient.  At each site, strong linear 

bivariate regression equations for PVC, AGB and gravimetric soil moisture were produced.  The non-

vegetated cover model was transferable between study areas whereas the remainder exhibited parallelism, 

indicating that NDVI responded to changes in the biophysical variables equally at these two locations 

(i.e., across 5º latitude change).   

These models address two of the prerequisites established by Stow et al. (1998) for predicting 

CO2 flux and storage rates: i) the existence of unique electromagnetic signatures that correspond to 

variations in biophysical variables; and (ii) models that transform remote sensing data into derivative 

values related to biophysical variables. What is needed are carbon flux rates and known storage pools to 

calibrate and validate spatial models.  The results of this study indicate a strong relationship between 

vegetation composition, structure and function, with peak season soil moisture regime.  The soil moisture 

regime is highly variable both spatially and temporally though the melt season. It has been established 

that soil moisture is related to available nitrogen and carbon flux (Nobrega and Grogan, 2008; Dagg and 

Lafleur, 2011). Hence, research into the relationships between biophysical variables, remote sensing and 
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how they change within and between seasons should be further explored along an extended latitudinal 

gradient in order to better understand and predict the impacts of a warming climate at high latitudes.  
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Chapter 4 

High spatial resolution remote sensing models for landscape-scale CO2 

exchange at Canadian high and mid latitude Arctic sites. 

4.1 Abstract 

Climate change is impacting the terrestrial ecosystems of the high and mid Canadian Arctic, with the 

potential to shift these ecosystems from a sink to a source of atmospheric CO2. High spatial resolution 

remote sensing has the potential to model net ecosystem exchange (NEE) and its component fluxes, gross 

ecosystem productivity (GEP) and ecosystem respiration (ER). The most significant challenge with this 

type of imagery is the difficulty in acquiring multiple images to monitor the potential variability of the 

exchange rates through the growing season. In this study, we explore the variability of daytime CO2 

exchange rates in three major ecosystem types along a natural moisture gradient at ecologically distinct 

Canadian high and mid Arctic sites. With no statistically significant variation in CO2 exchange rates 

through the study period, it can be modelled use limited imagery. We develop a common model, which 

operates at both study sites, of each exchange component that is independent of vegetation composition, 

instead using the normalized difference vegetation index (NDVI) as the sole independent variable. We 

compare this spectral model to an ecosystem-based spatial model of total CO2 exchange. The spectral 

model explains between 42% and 95% of the variation within CO2 exchange rates at each site. Further 

improvements to the model will come with additional study sites and further research into the spatial and 

temporal variation of CO2 exchange. The spectral model, though, does indicate a high level of functional 

convergence in ecosystem-level structure and function within Arctic landscapes. 
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4.2 Introduction 

The Arctic performs a crucial moderating effect on global climate. The full extent of high-latitude 

warming on Arctic and global ecosystems is still unknown (ACIA, 2005). Arctic tundra has been a net 

sink for carbon dioxide (CO2) through greater photosynthetic uptake than respiration over the past 

millennia, accounting for a third of the global soil carbon pool (Tarnocai et al., 2009). The rates of CO2 

uptake through photosynthesis (gross ecosystem productivity: GEP) and carbon losses from plant and soil 

respiration (ecosystem respiration: ER) have the potential to change with an altered climate, shifting the 

Arctic net ecosystem CO2 exchange (NEE) from a carbon sink to a carbon source, possibly creating a 

positive feedback mechanism, intensifying global climate change (ACIA, 2005; Shaver et al., 2007; Dagg 

and Lafleur, 2011). The patterns and processes of arctic ecosystems vary in relation to the spatial scale of 

examination. At the regional scale (across climatic zones), climate, topography, parent material, and time 

govern the distribution of ecosystems and their biophysical processes (Jenny, 1994; Chapin et al., 2002). 

At the landscape scale, vegetation communities exhibit extreme patchiness due to the primary control of 

macro and micro topographic impacts on local soil hydrological regime (Bliss and Matveyeva, 1992; 

Walker et al., 2000; Shaver et al., 2007; Nobrega and Grogan, 2008). Vegetation is both an integrator and 

indicator of climate and ecosystem function and process (Braun-Blanquet, 1965). Spatial heterogeneity 

within the landscape can complicate the assessment of landscape-level carbon flux and the prediction of 

how it may be altered in the future (Shaver et al., 2007). GEP and ER have been shown to vary in relation 

to the pattern of vegetation (Nobrega and Grogan, 2008).  This variance is a result of many factors, 

including vegetation type, soil organic matter, soil moisture, nitrogen (N) and/or phosphorous (P) 

availability, macro and micro topography, temperature, and active layer depth (Shaver et al., 2007; Dagg 

and Lafleur, 2011). With a changing arctic climate and large stocks of carbon (C) contained within the 

ecosystem, it is essential to quantify carbon exchange at both the regional and landscape scale (Shaver et 

al., 2007).  
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Spectral vegetation indices, specifically the normalized difference vegetation index (NDVI), have the 

potential to provide valuable information for the assessment and monitoring of vegetation patterns that 

can be utilized to predict patterns of carbon flux (Ostendorf and Reynolds, 1998; Goetz and Prince, 1999; 

McMichael et al., 1999; Boelman et al., 2003; Shaver et al., 2007; Huemmrich et al., 2010). Arctic-based 

field studies have used NDVI (derived from ground-based spectrometers) at the plot level to determine 

the relationships between ecosystem biophysical properties and carbon flux (McMichael et al., 1999; 

Boelman et al., 2003; Shaver et al., 2007; Huemmrich et al., 2010). At the regional scale, the use of 

coarse spatial resolution/high temporal resolution satellite remote sensing, such as AVHRR and MODIS, 

have been sources of NDVI data. (Oechel et al., 2000; Markon and Peterson, 2002; Kimball et al., 2006; 

Sitch et al., 2007). At the landscape scale, biophysical remote sensing with high spatial resolution satellite 

data has been limited within the Arctic (Laidler et al, 2008; Fuchs et al., 2009) and to the best of our 

knowledge, it has not been applied to modelling CO2 flux. In the Canadian Arctic, carbon flux research 

has only been conducted relatively recently and has been spatially limited (Lafleur and Humphreys, 2008; 

Nobrega and Grogan, 2008; Dagg and Lafleur, 2011; Humphreys and Lafleur, 2011). Shaver et al. (2007) 

illustrated that the NEE of low Arctic ecosystems may be predicted with acceptable accuracy, without 

necessarily identifying species or vegetation, and only using spectral vegetation indices. This model of 

NEE demonstrates a strong functional convergence with vegetation type (Field, 1998; Goetz and Prince, 

1999). The component fluxes of NEE are also of concern, particularly changes to ER when monitoring 

the sink-to-source status of an ecosystem. It has been demonstrated that component and net fluxes can 

vary significantly with regard to the soil moisture regime, as well as seasonally (Nobrega and Grogan, 

2008; Dagg and Lafleur, 2011). A major challenge with high spatial resolution imagery can be the 

acquisition of images, particularly in the Arctic. Long satellite revisit intervals, along with a short 

growing season and increased summer cloud cover, can make the acquisition of single images difficult 

and multiple intra-season images a rarity. With these challenges, high spatial resolution imagery may be 

limited to modelling the spatial variability of carbon exchange rates at the landscape scale for only the 
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point in time of image acquisition. Broader applicability to modelling carbon flux with high spatial 

resolution imagery could be achieved if it is demonstrated that intra-seasonal or peak growing-season 

fluxes have minimal temporal variability, allowing a single image to model a larger portion of a season.  

This research examines the temporal and spatial variability of GEP, ER, and NEE across three 

ecosystem types defined by a moisture gradient at two study sites (i.e., mid and high latitude sites across 

5º latitude) in order to determine the applicability of high spatial resolution imagery for modelling 

summer season carbon flux. The following research questions are addressed: (1) Do GEP, ER, and NEE 

show statistically significant variability within a given ecosystem type through the summer season?; (2) Is 

functional convergence demonstrated between ecosystem types, in that statistically significant variation in 

GEP, ER, and NEE is represented through NDVI data?; and, (3) Can NDVI data alone model GEP, ER, 

and NEE at the landscape scale for two independent sites? The following hypotheses are tested to address 

the above questions: 

1. The temporal variation of daytime CO2 exchange rates (GEP, ER, NEE) within dry, mesic, 

and wet ecosystems through the peak summer growing season will not be statistically 

significant. 

2. Daytime CO2 exchange rates (GEP, ER, NEE) illustrate functional convergence in that the 

variability between ecosystem types is strongly correlated with NDVI. 

3. NDVI data can model landscape-scale CO2 exchange rates (GEP, ER, NEE) at two 

independent Mid and High Arctic study sites. 

4.3 Methods 

4.3.1 Study area 

For this study, a Mid and High Arctic site were selected to examine a latitudinal climate gradient. The 

Mid Arctic site on Boothia Peninsula, is located in the Kitikmeot region of Nunavut within the Lord 

Lindsay River watershed, west of Sanagak Lake (SL) (70º 11’N, 93º 44’W) (Figure  4.1b). Sampling for 
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this study was confined to the Lord Lindsay River to the south and a large tributary river to the north. 

Expansive sandy glacial outwash plains and plateaus comprise the sampling area. Dipping limestone 

formations and outcrops of granitic rocks underlie the area. The active layer, within the continuous 

permafrost, extends 0.5-1 m. In 2006 the mean temperature for the study period of July 15 to August 4 

was 9.5 °C and total precipitation was 6.6 mm. The study site is in Bioclimatic Zone C and the vegetation 

classification for the area is P1- prostrate dwarf-shrub, herb tundra (Walker et al., 2005). For a more 

detailed description of the study site, the reader is referred to Laidler et al. (2008). 

 

The High Arctic study site is on the south-central coast of Melville Island (74º55’N, 109º35’W) at the 

Cape Bounty (CB) Arctic Watershed Observatory (Figure 4.1a). Two adjacent watersheds that drain into 

two separate lakes and then south into Viscount Melville Sound dominate the physical landscape. The 

image area for this study extends beyond these watersheds and covers approximately 150 km2. Glacial 

and regressive early Holocene marine sediments are underlain by the Devonian Weatherall and Hecla Bay 

Formations of steeply dipping sedimentary rocks (Hodgson et al., 1984). Continuous permafrost with an 

active layer of 0.5-1 m covers the entire study area. The climate is characterized by long, cold winters and 

a short, cool, melt season from June to August. The mean daily July temperature for CB in 2006 was 6.2 

°C. Rainfall in 2006 was infrequent and of low intensity, with a total rainfall for July 2006 of 4.8 mm. 

Low stratus cloud and fog are common during the summer months, often hindering satellite image 

acquisition. Walker et al. (2005) characterize CB as being within Bioclimatic Zone B with a vegetation 

classification of G2 - graminoid, prostrate dwarf-shrub, forb tundra. Vegetation cover is heterogeneous 

and varies with drainage. 
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Figure 4.1 Study areas: (A) Cape Bounty (CB) Arctic Watershed Observatory, Melville Island, 

Nunavut; and (B) Sanagak Lake (SL), Boothia Peninsula, Nunavut. IKONOS images are displayed 

as colour infrared composites: i.e., Bands 4 (near infrared), 3 (red), and 2 (green).   
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4.3.2 Ecosystem types 

At each study site, three tundra ecosystem types were identified along a summer-season, dry, mesic, 

and wet-soil moisture gradient with replicate plots for each ecosystem type. Ecosystem characterization 

was derived from Atkinson and Treitz (2012), who sampled ecosystem plots to characterize them in terms 

of species composition, percent vegetation cover (PVC), above-ground biomass (AGB), and gravimetric 

soil moisture at peak growing season. To better integrate remote sensing and ecological classifications, 

both biotic and abiotic ground-cover components are characterized in the selection of ecosystem types 

(Lewis, 1998). The Circumpolar Arctic Vegetation Map (CAVM) developed by Walker et al. (2005) is 

used as a summary of the ecosystem classifications for both SL and CB (Table 4.1). The dry ecosystem 

types at CB and SL are most closely related to P1 - prostrate dwarf-shrub, herb tundra; a dry, patchy 

tundra where graminoids and forbs are dominant (Walker et al., 2005). At both sites micro-scale 

topographic features (e.g., frost cracks) create moisture gradients that influence the pattern and 

distribution of vegetation. Plant growth is limited to frost cracks and depressions where wind speeds are 

reduced, thereby decreasing rates of evaporation and facilitating the accumulation of plant detritus which 

increases soil moisture and nutrient availability (Oberbauer and Dawson, 1992). Though they are similar, 

the dry ecosystems at each site are distinct. The primary cover type for both dry ecosystem types is glacial 

till (~60%). The secondary cover types vary; i.e., the secondary cover types are mosses CB (18.5%), and 

Dryas spp (18.4%) for SL, while the total PVC for each type is 25.4% and 30.4%, respectively. CB is 

distinct in that Papaver radicatum (Arctic Poppy) is a major species in the dry ecosystems. Cape Bounty 

dry sites are referred to as dry P. radicatum and till tundra, while SL sites are referred to as Dry Dryas 

spp. and Till tundra.  

The mesic sites at CB and SL, Mesic Nostoc tundra (G1 - Rush/grass, forb, cryptogam tundra) and 

Mesic Dryas spp. tundra (G2 - Graminoid, prostrate dwarf-shrub, forb tundra (Walker et al., 2005)) 

respectively, are similar in terms of total PVC (101.7% and 80.4%). The primary cover at CB, though, is 

Nostoc commune (48.6%), a nitrogen-fixing cyanobacteria that forms a black crust on the soil (Liengen 
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and Olsen, 1997) along with moss species and Salix arctica. Dryas spp. is found in the majority of SL 

sites in varying percentages but rarely at CB. Dryas spp. (46.0%) and Carex spp. (10.6%) were the 

primary and secondary cover types of the SL mesic ecosystem, along with extensive Saxifraga 

oppositifola.  

The wet ecosystem types at CB and SL were extremely similar in species composition and PVC. 

At both CB and SL, wet sedge tundra sites (most closely related to W1 – sedge/grass, moss wetland 

(Walker et al., 2005)) are often located in areas with high levels of soil moisture through the growing 

season, often due to the proximity of large upslope snow banks. The total PVC for these sites was 154%, 

due to the layering of vegetation, with Sphagnum spp. (69.3%) and Eriophorum spp. (47.5%) comprising 

the main cover types. Dryas spp. was present in some SL wet sedge ecosystems.  
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Table 4.1 Moisture gradient based ecosystem classification summary for dry, mesic, and wet 

ecosystems at CB and SL. 

 
	  	   CB	   SL	  

Ecosystem	  

Dry	  P.	  

radicatum	  &	  

Till	  Tundra	  

Mesic	  

Nostoc	  

Tundra	  

Wet	  Sedge	  

Tundra	  

Dry	  Dryas	  

spp.	  &	  Till	  

Tundra	  

Mesic	  Dryas	  

spp.	  Tundra	  

Wet	  Sedge	  

Tundra	  

Soil	  Moisture	  (%)	   17.1	   37.3	   123.9	   17.2	   41.2	   123.3	  

PVC	  (%)	   50.2	   101.7	   154.0	   30.4	   80.4	   144.8	  

Bryophyte	  cover	  (%)	   11.6	   57.7	   88.0	   8.8	   1.3	   59.7	  

Graminoids	  cover	  

(%)	  
0.0	   21.8	   71.4	   0.5	   16.8	   38.1	  

Shurbs	  cover	  (%)	   4.3	   0.0	   2.9	   25.0	   57.9	   32.1	  

Lichen	  cover	  (%)	   11.4	   9.0	   1.6	   1.0	   1.1	   1.4	  

Forbs	  cover	  (%)	   0.7	   4.1	   0.8	   0.3	   1.2	   0.0	  

Biomass	  g	  m-‐2	   348.5	   1477.3	   1561.6	   298.2	   521.7	   825.6	  

Cover	  (%)	   26.9	   89.9	   141.0	   41.0	   87.0	   131.3	  

Primary	  Cover	   Till	  
Nostoc	  

commune	  

Sphagnum	  

spp.	  
Till	   Dryas	  spp.	  

Sphagnum	  

spp.	  

Secondary	  Cover	   Mosses	   Mosses	  
Eriophorum	  

spp.	  
Dryas	  spp.	   Carex	  spp.	  

Eriophorum	  

spp.	  

Indicator	  Species	   P.	  radicatum	  
Nostoc	  

commune	  

Eriophorum	  

spp.	  
n/a	   Dryas	  spp.	  

Eriophorum	  

spp.	  

Bioclimactic	  Class	   P1	   G1	   W1	   P1	   G2	   W1	  
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4.3.3 Environmental measurements 

Soil temperature, soil moisture, air pressure, air temperature, photosynthetically active radiation 

(PAR), total incoming solar radiation, and precipitation were all measured during the sampling period. 

Soil temperature was recorded (Thermor Model PS100) at 5 and 10 cm depths in the soil/organic layer 

simultaneously with each CO2 flux measurement at three random positions adjacent to each chamber 

collar. Gravimetric soil moisture was calculated for each measurement day through the collection of three 

5 cm depth, 5.3 cm diameter soil cores with a volume of 110.3 cm3. Soil moisture samples were weighed 

wet in the field and returned to the lab for oven drying. Air pressure was measured during each CO2 

measurement cycle with a handheld Kestrel™ weather gauge. Unfortunately, PAR was not available at 

each measurement plot. At SL it was recorded at the main meteorological station every two minutes, 

along with air temperature and precipitation. At CB the PAR sensor, along with air temperature and 

precipitation sensors, was also located at the main meteorological station but the PAR sensor 

malfunctioned. As a result, no PAR data were recorded for CB in 2006. An empirical model of PAR was 

developed for CB in 2006 from total incoming solar radiation (Papaioannou et al., 1993; Alados et al., 

1996; Alados et al., 1999). A linear bivariate regression model of incoming total solar radiation and PAR 

was derived using July 2008 CB data. PAR can be approximated from total incoming solar radiation 

when using data from a similar location for a similar seasonal time period (Alados et al., 1996; Alados et 

al., 1999). The final model had a coefficient of determination (r2) of 0.975 (p <0.001). Though plot-level 

PAR would have been preferred, the main met stations for CB and SL were within 1.5 km of all sample 

plots and therefore approximate plot conditions.  

4.3.4 Ecosystem flux measurements 

At CB and SL replicate sites were selected for each ecosystem type except for the dry Dryas spp. 

tundra plot at SL, where only one site was identified. Ecosystem-type plots were selected from previous 

research (Atkinson and Treitz, 2012, 2013) and were large contiguous areas (100 m x 100 m) of distinct 

homogeneous vegetation cover. Although this study uses high spatial resolution imagery (4-metre spatial 
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resolution IKONOS data), 1-ha plots were sampled to allow for the planned ‘up-scaling’ to mid-

resolution imagery (i.e., Landsat ETM+). At CB three smaller (12m x12m) additional plots were added as 

part of a long-term study for a tributary watershed. One permanent PVC plastic collar (PVC sewer pipe, 

Galaxy Plastic, Bolton, Ontario; inner diameter 19.9cm, height ~15cm) was inserted at the centre of each 

plot several days prior to the beginning of sampling. The collars were inserted after cutting rings into the 

soil and vegetation; all attempts were made not to damage vegetation or root systems within the collar. 

Approximately 4cm of the collar remained above the surface and was fitted with a rubber gasket to allow 

for a good seal between the collar and the flux chamber. In dry plots, where there is extensive exposed 

soil, two collars were inserted: one in bare soil, and one within the dominant vegetation.  

CO2 flux measurements at CB began on July 5, 2006, and continued until July 30, 2006. At SL, 

measurements were designed to examine peak-season fluxes and so began July 18, 2006, and continued 

until Aug 3, 2006. Each plot was sampled every two to three days. Sampling began at 8am and was 

repeated every four hours for a twelve-hour cycle, resulting in four measurements per plot per day. At 

least once during the sampling period each plot was sampled for a full 24-hour cycle, adding two 

additional measurements. 

On each sampling day, within each ecosystem plot, a randomly selected site in a different cardinal 

quadrant was selected to test spatial variability. These sites did not use a measurement collar; instead, a 

ring was cut into the soil, allowed to rest, and the chamber gently inserted 2-3 cm to create a seal. 

Flux measurements were collected using the VaisalaTM GMP343 diffusion-based infrared gas 

analyzer (Vaisala, Vantaa, Finland) mounted in a custom-built acrylic cylinder chamber (~35cm height; 

285cm2 area; 8.7l volume) to create a ‘closed’ sampling system. Contained within the chamber is a 

temperature and relative humidity sensor (VaisalaTM HMP75, Vaisala, Vantaa, Finland) (Figure 4.2). The 

data logger compensated in real-time for relative humidity. The chamber was also fitted with a pressure 

equalization vent and small circulation fan. The chamber was allowed to achieve equilibrium with 

ambient CO2 and temperature prior to any measurement. NEE measurements were recorded with the 
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transparent chamber. After the recording period, the chamber was removed, then allowed to return to 

ambient conditions and replaced with a blackout hood placed over the chamber. The ‘dark’ reading 

represented the ecosystem respiration (ER) for the sample. 

 

 

Figure 4.2 CO2 exchange measurement chamber with VaisalaTM GMP343 diffusion based infrared 

gas analyzer, temperature and relative humidity probe and data logger. 

4.3.5 Flux calculations 

The data are logged as the average value every 5 seconds for each sensor (T, RH, and CO2 ppm) for a 5-

minute period. CO2 flux rates are calculated during post-field processing using a custom Matlab script 

(Matlab 2012b, MathWorks, Natick, MA, USA). All CO2 concentrations were converted from a ppm to 

µmol m-2 using the Ideal Gas Law after Shaver et al. (2007): 
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𝑛 =   𝐶 !
ℛ!

!
!
/5  [1] 

 

 where 𝑛 is the converted concentration (µmol m-2), 𝐶 is the concentration of CO2 (ppm), ρ is air pressure 

(hPa), ℛ the ideal gas constant (0.08314 hPa m3 mol-1 k-1), τ is the temperature (k), ν is the volume of the 

chamber after insertion into the collar or ground (m3), and Α is the projected horizontal surface area of the 

chamber (m2). Because of the possibility of sampling artefacts at the beginning and ending of the 

measurement, possibly due to increased chamber temperature, the rate was calculated using an iterative 

multiple regression search algorithm. The algorithm searches for a linear set of readings that create the 

best possible coefficient of determination (r2) for the longest time period (minimum 1min) with the best 

level of significance. The slope of this linear regression is then recorded as the flux rate (µmol m-2 s-1) for 

this measurement. Ambient light measurements were assumed to represent NEE and dark measurements 

ER. GEP was calculated as: 

GEP =NEE - ER    [2] 

 We adopt the sign convention that CO2 gains to the tundra ecosystem are negative, while CO2 fluxes to 

the atmosphere are positive (Dagg and Lafleur, 2011). 

 

4.3.1  Satellite remote sensing data 

  IKONOS multispectral data (4m spatial resolution) were collected for Cape Bounty on July 22, 

2004, and for Sanagak Lake on July 23, 2001. The spectral characteristics of the two images are similar 

with the time of year, time of day, and solar angles being almost identical.   Though these images do not 

correspond with the sampling year, it is assumed that they are representative of the peak-growing season. 

All IKONOS image channels (i.e., blue: 0.45 - 0.52 µm; green: 0.51 - 0.60 µm; red: 0.63 - 0.70 µm; and 

near-infrared: 0.76 - 0.85 µm) were calibrated to top-of-atmosphere reflectance following procedures 
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outlined by Taylor (2005). The images were geo-referenced to UTM coordinates to correspond to the 

1:50,000 Canadian National Topographic Survey (NTS) for each of the study areas and were corrected 

using ground control points (GCPs) collected concurrently with the field data collection. The overall root 

mean square errors (RMSE) for each of the corrected images were less than 3m horizontally. NDVI is 

derived from the difference in reflectivity of the land cover in the near-infrared (NIR) band, where 

vegetation structure reflects strongly, and the red (R) band, where vegetation absorbs strongly as a 

function of chlorophyll concentration. It is calculated as follows: 

NDVI = (NIR-R)/(NIR+R) [3] 

 NDVI images were created for each site, and individual sample location values were extracted. Sample-

site NDVI values were interpreted from the adjacent cells (n=8) using bilinear interpolation, which 

decreases any effects of mis-registration errors that result from matching imagery with sample locations 

(Fuchs et al., 2009). 

4.3.2 Statistical analyses 

  One-way analysis of variance (ANOVA) (SPSS 20, IBM, Armonk, NY, USA) was used to assess 

the variability of environmental and biophysical measures such as soil moisture, soil temperature, PVC, 

AGB and NDVI. One-way ANOVA was also used to examine the 12-hour daytime NEE, GEP, and ER 

fluxes in terms of spatial variability within plots, variability within and between ecosystems, and 

comparison of study sites. All post-hoc comparisons were analyzed using the Tukey Honestly Significant 

Difference (HSD) test to identify significant differences (Nobrega and Grogan, 2008). Dry ecosystem flux 

measurements from soil and vegetation sites were combined as a weighted average based on the PVC of 

the plot. Least-squares stepwise multiple linear regression models were created for each flux component 

within an ecosystem at each site to explore the relationships between CO2 fluxes and environmental 

variables. Significance levels of 0.05 and 0.10 were used for adding and removing variables. Flux 
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measurements were transformed using a natural log transformation (ln) and tested using the Shapiro–Wilk 

test (n<50) to determine if they met the assumption of a normal distribution (SPSS, 2011) 

  Linear bivariate regressions were performed, with the NDVI values as the independent variable 

and the averaged central plot sites for the seasonal flux values as the dependent variable. Even though 

NDVI would be considered a function of the biophysical variable, the reversal of the variables allows for 

the calculation of spatial models (Shippert et al., 1995; Laidler et al., 2008). With regression equations 

calculated for each flux component and for each study site, we tested the hypothesis of coincidence using 

Analysis of Covariance (ANCOVA) (Wildt and Ahtola, 1978). We tested that the calculated relationships 

for NDVI versus the component flux are exactly the same, regardless of site. If the hypothesis of 

coincidence is accepted, i.e., the empirical models exhibit equal slopes (𝐻!  :  𝛽!!" =   𝛽!!") and equal 

intercepts (𝐻!  :  𝛽!!" =   𝛽!"#), we can pool the data from each site to derive a single model (𝑌 =   𝛽! +

  𝛽!𝑋 +   Ε)  to describe the relationship between NDVI and a component flux.  

4.4 Results 

4.4.1 Environmental and biophysical conditions 

One-way ANOVA and Tukey post-hoc tests were performed to examine similarities and differences 

between ecosystem types within and between study sites with regard to soil temperature (5cm and 10cm 

depth), gravimetric soil moisture, AGB, PVC, and NDVI. The 2006 field-season mean values for the 

ecosystem type and study site are presented in table 4.2.  

Soil temperatures (5cm and 10 cm depths) at CB and SL were closely related to the diel mean air 

temperatures and tracked major changes during the sampling periods (Figure 4.3). The bare soil 

temperatures (5 cm and 10 cm depths) at CB and SL were generally the warmest. The 5 cm reading was 

often higher than the diel mean air temperature perhaps due to the bare soil absorption and retention of 

radiation (Figure 4.3a, 4.3b). Increases in vegetation cover reduced the soil temperatures at both depths. 

The 5 cm and 10 cm temperature readings were highly correlated at CB and SL (r2 =0.96 and 0.97, 
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respectively). The results of the one-way ANVOA analysis on soil temperature examining differences 

within ecosystem types at and between sites determined that there were significant differences in both 5 

and 10 cm depths (Table 4.3). Tukey HSD post-hoc tests showed that a statistical difference only existed 

between the dry P. radicatum and till tundra at CB and the wet sedge tundra of SL.  

Table 4.2 Biophysical and environmental summary table of ecosystem plots at CB and SL. 

	  	  

Soil	  Temp	  

C°- 5cm	  

Soil	  Temp	  

C°- 10cm	  

Soil	  Moisture	  

%	  

Biomass	  	  

g	  m-‐2	  

Cover	  	  

%	   NDVI	  

	  	   CB	   SL	   CB	   SL	   CB	   SL	   CB	   SL	   CB	   SL	   CB	   SL	  

Dry	  S	   6.6	   9.3	   5.4	   7.6	   10.0	   8.0	  
348.5	   298.2	   26.9	   41.0	   0.07	   0.06	  

Dry	  V	   4.4	   7.4	   3.5	   6.2	   10.5	   23.0	  

Mesic	   5.8	   8.9	   4.4	   5.5	   19.1	   23.4	   1477.3	   521.7	   89.9	   87.0	   0.17	   0.17	  

Wet	   4.9	   6.7	   3.9	   7.6	   35.0	   43.6	   1561.6	   825.6	   141.0	   131.3	   0.23	   0.22	  

	  
	   	   	   	   	   	   	   	   	   	   	   	  

Mean	   5.4	   8.1	   4.3	   6.7	   18.7	   24.5	   1129.1	   548.5	   85.9	   86.5	   0.16	   0.15	  
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Figure 4.3 a) Diel mean air temperature (smoothed) and 5cm depth soil temperature for CB; b) Diel 

mean air temperature (smoothed) and 5cm depth soil temperature for SL; c) Diel mean air 

temperature and 10cm depth soil temperature (C°)for CB; d) Diel mean air temperature 

(smoothed) and 10cm depth soil temperature for SL. 
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Table 4.3 Tukey HSD post-hoc multiple comparison test results for 5 cm and 10 cm soil 

temperatures. Comparisons showing a statistically significant difference at p ≤ 0.05 have been 

shaded. The upper right block of comparisons represent inter-study site comparisons of ecosystems 

while the areas to the left and below are intra-site comparisons of ecosystems.   

5	  cm	  Soil	  Temp	  

SL	  Dry	  

Soil	  

SL	  Dry	  

Veg	  
SL	  Mesic	   SL	  Wet	  

CB	  Dry	  

Soil	  

CB	  Dry	  

Veg	  
CB	  Mesic	   CB	  Wet	  

SL	  Dry	  Soil	   1.000	   0.912	   1.000	   0.967	   1.000	   0.527	   0.954	   0.638	  

SL	  Dry	  Veg	  
	  

1.000	   1.000	   0.967	   1.000	   0.527	   0.954	   0.638	  

SL	  Mesic	  
	   	  

1.000	   0.781	   1.000	   0.751	   0.997	   0.844	  

SL	  Wet	  
	   	   	  

1.000	   0.813	   0.038	   0.294	   0.066	  

CB	  Dry	  Soil	  
	   	   	   	  

1.000	   0.446	   0.968	   0.589	  

CB	  Dry	  Veg	  
	   	   	   	   	  

1.000	   0.975	   1.000	  

CB	  Mesic	  
	   	   	   	   	   	  

1.000	   0.992	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   	  	   	  	   1.000	  

 

10	  cm	  Soil	  

Temp	  

SL	  Dry	  

Soil	  

SL	  Dry	  

Veg	  
SL	  Mesic	   SL	  Wet	  

CB	  Dry	  

Soil	  

CB	  Dry	  

Veg	  
CB	  Mesic	   CB	  Wet	  

SL	  Dry	  Soil	   1.000	   0.976	   0.773	   1.000	   0.834	   0.078	   0.237	   0.106	  

SL	  Dry	  Veg	  

	  

1.000	   0.999	   0.964	   1.000	   0.566	   0.863	   0.639	  

SL	  Mesic	  

	   	  

1.000	   0.705	   1.000	   0.850	   0.988	   0.896	  

SL	  Wet	  

	   	   	  

1.000	   0.766	   0.043	   0.163	   0.063	  

CB	  Dry	  Soil	  

	   	   	   	  

1.000	   0.541	   0.897	   0.638	  

CB	  Dry	  Veg	  

	   	   	   	   	  

1.000	   0.999	   1.000	  

CB	  Mesic	  

	   	   	   	   	   	  

1.000	   1.000	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   	  	   	  	   1.000	  

 

Unlike soil temperature, gravimetric soil moisture showed variability between ecosystems, 

though there was little variation within the season. CB had a drying trend through the season with ~48% 

loss of soil moisture. SL showed little seasonal change with ~2% change in the wet (-2%) and dry (+2%) 

tundra and a loss of ~26% in the mesic ecosystem. Precipitation events and the average soil moisture for 
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each ecosystem per sampling period are presented in Figure 4. Precipitation events appear to have little 

impact on the gravimetric soil moisture. Each ecosystem type also has distinct soil moisture differences 

through the entire season. Table 4.4 contains the one-way ANOVA post-hoc test results of the seasonal 

gravimetric soil moisture means. There were significant differences in soil moisture between ecosystem 

types at each location. Wet sedge tundra at CB and SL was significantly different than the other 

ecosystems at each site. The CB mesic ecosystem was not significantly different than either the dry 

vegetated or bare soil sample sites. In contrast, the mesic ecosystem differed significantly from the dry 

soil site at SL. Comparing ecosystems at both sites there was no significant difference between similar 

ecosystems (Table 4.4). 
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Figure 4.4 Total precipitation and mean gravimetric soil moisture for each sampling cycle for: a) 

CB and b) SL. 
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Table 4.4  Tukey HSD post-hoc multiple comparison test results for gravimetric soil moisture. 

Comparisons showing a statistically significant difference at p ≤ 0.05 have been shaded. 

Soil	  Moist.	  

SL	  Dry	  

Soil	  

SL	  Dry	  

Veg	  
SL	  Mesic	   SL	  Wet	  

CB	  Dry	  

Soil	  

CB	  Dry	  

Veg	  
CB	  Mesic	  

CB	  

Wet	  

SL	  Dry	  Soil	   1.000	   0.067	   0.005	   0.000	   1.000	   0.999	   0.165	   0.000	  

SL	  Dry	  Veg	  
	  

1.000	   0.067	   0.000	   0.046	   0.089	   0.983	   0.061	  

SL	  Mesic	  
	   	  

1.000	   0.000	   0.000	   0.002	   0.833	   0.001	  

SL	  Wet	  
	   	   	  

1.000	   0.000	   0.000	   0.000	   0.064	  

CB	  Dry	  Soil	  
	   	   	   	  

1.000	   1.000	   0.093	   0.000	  

CB	  Dry	  Veg	  
	   	   	   	   	  

1.000	   0.207	   0.000	  

CB	  Mesic	  
	   	   	   	   	   	  

1.000	   0.000	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   	  	   	  	   1.000	  

 

All three biophysical variables (AGB, PVC and NDVI) had significant variability in their mean 

values for each ecosystem type and site location (Table 4.5). For AGB (Table 4.5a) wet sedge tundra at 

SL was significantly different from the other SL ecosystem types. At CB wet sedge tundra was only 

significantly different from dry P. radicatum and till tundra. Across sites only the wet sedge tundra at CB 

was significantly different from its companion ecosystem at SL. In terms of PVC (Table 4.5b) all paired 

sites at CB and SL were not significantly different. At CB PVC followed the same trend as AGB in that 

the mesic and wet ecosystems were similar. At SL the wet sedge tundra was similar to the mesic but not 

the dry ecosystems. NDVI has been shown to be highly correlated with PVC and AGB (Hope et al., 1993; 

Shippert et al., 1995; Boelman et al., 2003; Walker et al., 2003; Laidler et al., 2008, Atkinson and Treitz 

2012, 2013). The three ecosystem types exhibit similar NDVI signatures when comparing study sites 

(Table 4.5c). Within the SL study the wet sedge tundra, as it was with AGB, is significantly different 

from the mesic and dry ecosystems. At CB the mesic and wet ecosystems had statistically similar NDVI 

signatures.  
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Table 4.5 Tukey HSD post-hoc multiple comparison test results for a) AGB; b) PVC; and c) NDVI. 

Comparisons showing a statistically significant difference at p ≤ 0.05 have been shaded. 

a) 

Biomass	   SL	  Dry	   SL	  Mesic	   SL	  Wet	   CB	  Dry	   CB	  Mesic	   CB	  Wet	  

SL	  Dry	   1.000	   0.258	   0.001	   0.971	   0.410	   0.327	  

SL	  Mesic	  
	  

1.000	   0.048	   0.051	   0.999	   0.999	  

SL	  Wet	  
	   	  

1.000	   0.000	   0.026	   0.013	  

CB	  Dry	  
	   	   	  

1.000	   0.096	   0.050	  

CB	  Mesic	  
	   	   	   	  

1.000	   1.000	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   1.000	  

b) 

Cover	   SL	  Dry	   SL	  Mesic	   SL	  Wet	   CB	  Dry	   CB	  Mesic	   CB	  Wet	  

SL	  Dry	   1.000	   0.040	   0.020	   0.620	   0.500	   0.001	  

SL	  Mesic	  
	  

1.000	   0.174	   0.001	   1.000	   0.046	  

SL	  Wet	  
	   	  

1.000	   0.000	   0.303	   0.994	  

CB	  Dry	  
	   	   	  

1.000	   0.002	   0.000	  

CB	  Mesic	  
	   	   	   	  

1.000	   1.000	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   1.000	  

c) 

NDVI	   SL	  Dry	   SL	  Mesic	   SL	  Wet	   CB	  Dry	   CB	  Mesic	   CB	  Wet	  

SL	  Dry	   1.000	   0.150	   0.000	   1.000	   0.010	   0.000	  

SL	  Mesic	  

	  

1.000	   0.010	   0.150	   0.610	   0.110	  

SL	  Wet	  

	   	  

1.000	   0.000	   0.190	   1.000	  

CB	  Dry	  

	   	   	  

1.000	   0.150	   0.000	  

CB	  Mesic	  

	   	   	   	  

1.000	   0.150	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   1.000	  
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4.4.2 Ecosystem CO2 exchange rates 

4.4.2.1 Spatial variability 

At all ecosystem sample plots, during each measurement cycle over a 12hr measurement period, two 

locations were measured for their component fluxes, a central collared sample and a random non-collared 

sample in a randomly selected cardinal direction. One-way ANOVA and Tukey HSD post-hoc tests were 

used to compare the mean component flux of the random and central samples. If the ANOVA indicated 

that there were significant differences between the samples, a pairwise comparison of Tukey HSD post-

hoc values was performed. If there was no statistically significant difference between all pairs for a given 

sample plot the samples were averaged to create one mean component flux for each measurement day. Of 

the 49 pairwise comparisons for each component flux at CB, there was no statistically significant 

difference between the random and central collared measurements for any given measurement period. For 

CB all component fluxes for both sample locations within an ecosystem plot were averaged to generate 

one 12hr flux per ecosystem per flux component. On the other hand, there was extensive spatial 

variability between the random and central collared sample sites at SL. There were 29 pairwise 

comparisons for each component flux. The majority of the spatial variability at SL was within the ER 

measurements. Only one mesic plot did not show spatial variability with its ER flux. The mesic and wet 

sites both exhibited spatial variability for GEP and NEE measurements, whereas the dry sites did not. Due 

to the spatial variability of exchange rates at SL, only the central collared measurement sites were used 

for flux component analysis.  

4.4.2.2 Ecosystem variability 

With the exception of the dry Dryas spp. and till tundra ecosystem at SL, every other ecosystem had 

at least one replicate. One-way ANOVA and Tukey post-hoc tests were again used to examine within 

ecosystem variability. In a similar method to examining spatial variability, a pairwise comparison of 

sample periods within the same ecosystem type was undertaken. At SL and CB there was no significant 
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difference between ecosystem replicates at measurement sampling periods. At both sites all dry, mesic, 

and wet ecosystem replicate fluxes were averaged together to generate one component flux per ecosystem 

per measurement time.  

Similarly, the flux rates for the ecosystems at CB and SL were compared (Table 4.6). When 

comparing the similar dry, mesic, and wet ecosystems of CB with SL they did not differ statistically for 

either GEP (Table 4.6a), ER (Table 4.6b), or NEE (Table 4.6c). However, there were differences between 

ecosystems and fluxes at both sites. NEE and GEP for wet sedge tundra at CB were significantly different 

from the dry and mesic ecosystems. At SL, the NEE and GEP flux in the wet sedge tundra was only 

significantly different from the dry Dryas spp. and till tundra ecosystem. 
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Table 4.6 Tukey HSD post-hoc multiple comparison test results within and between study sites for: 

a) GEP; b) ER; and c) NEE. 

	   	   	   	  

F-‐value	   P-‐value	  

	  a)	  

	   	   	  

13.20	  (5,28)	   0.000	  

	  GEP	   SL	  Dry	   SL	  Mesic	   SL	  Wet	   CB	  Dry	   CB	  Mesic	   CB	  Wet	  

SL	  Dry	   1.000	   0.002	   0.000	   0.209	   0.000	   0.000	  

SL	  Mesic	  

	  

1.000	   0.961	   0.196	   0.961	   0.093	  

SL	  Wet	  

	   	  

1.000	   0.033	   0.537	   0.435	  

CB	  Dry	  

	   	   	  

1.000	   0.542	   0.000	  

CB	  Mesic	  

	   	   	   	  

1.000	   0.006	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   1.000	  

	   	   	   	  

F-‐value	   P-‐value	  

	  b)	  

	   	   	  

4.852	  (5,28)	   0.003	  

	  ER	   SL	  Dry	   SL	  Mesic	   SL	  Wet	   CB	  Dry	   CB	  Mesic	   CB	  Wet	  

SL	  Dry	   1.000	   0.333	   0.027	   0.998	   0.022	   0.024	  

SL	  Mesic	  

	  

1.000	   0.767	   0.597	   0.794	   0.815	  

SL	  Wet	  

	   	  

1.000	   0.056	   1.000	   1.000	  

CB	  Dry	  

	   	   	  

1.000	   0.045	   0.050	  

CB	  Mesic	  

	   	   	   	  

1.000	   1.000	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   1.000	  

	   	   	   	  

F-‐value	   P-‐value	  

	  c)	  

	   	   	  

9.128	  (5,28)	   0.000	  

	  NEE	   SL	  Dry	   SL	  Mesic	   SL	  Wet	   CB	  Dry	   CB	  Mesic	   CB	  Wet	  

SL	  Dry	   1.000	   0.015	   0.020	   0.103	   0.411	   0.000	  

SL	  Mesic	  

	  

1.000	   1.000	   0.890	   0.344	   0.174	  

SL	  Wet	  

	   	  

1.000	   0.936	   0.422	   0.132	  

CB	  Dry	  

	   	   	  

1.000	   0.917	   0.010	  

CB	  Mesic	  

	   	   	   	  

1.000	   0.000	  

CB	  Wet	   	  	   	  	   	  	   	  	   	  	   1.000	  
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4.4.2.3 Temporal variability 

NEE, GEP, and ER at both sites were compared for variation within an ecosystem during the 

sampling season. One-way ANOVA with Tukey HSD post-hoc testing was used to examine the within 

seasonal variability per ecosystem (Table 4.7). The only ecosystems and flux components to display 

statistically significant variation of their sampling day means were ER at the mesic Dryas spp. tundra and 

wet sedge tundra at SL. In both ecosystems it was the second and third sampling periods that were 

significantly different from the remaining sampling periods. This period corresponds with an ~10-day 

drop in air temperature of ~6°C. All other ecosystems and all other fluxes did not show statistically 

significant variation in their NEE, GEP, or ER averaged 12-hour sample during the measurement periods 

at SL and CB. The flux components of each ecosystem through the sampling season are displayed in 

Figures 4.5 and 4.6 for CB and SL respectively. The study period averages of the component flux rates 

are presented in Table 4.8. 
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Table 4.7 One-way ANOVA test results comparing ecosystems and their CO2 exchange rates 

through the measurement season. A p-value < 0.05 indicates that there is a significant difference 

through the season within an ecosystem flux. 

 

    CB SL 

Ecosystem Flux F-value P-value F-value P-value 

Dry NEE 0.37 (5,34) 0.87 2.11 (3,11) 0.16 

 
GEP 1.06 (5,34) 0.40 1.40 (3,11) 0.29 

 
ER 2.56 (5,34) 0.06 0.88 (3,11) 0.48 

Mesic NEE 2.11 (6,77) 0.06 1.57 (4,53) 0.20 

 
GEP 1.70 (6,77) 0.13 0.91 (4,53) 0.47 

 
ER 1.89 (6,77) 0.09 11.27 (4,53) 0.00* 

Wet NEE 1.86 (6,121) 0.09 0.71 (4,34) 0.59 

 
GEP 1.74 (6,121) 0.12 0.40 (4,34) 0.81 

  ER 0.73 (6,121) 0.06 8.76 (4,34) 0.00* 

* indicates statistical significance (P<0.05) 
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Figure 4.5 Mean daytime CO2 exchange rates for CB: a) dry; b) mesic; and c) wet ecosystems. 

Positive CO2 exchange rates indicate CO2 loss to the atmosphere, whereas negative signed values 

indicate CO2 gain to the ecosystem. 
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Figure 4.6 Mean daytime CO2 exchange rates for SL: a) dry; b) mesic; and c) wet ecosystems are 

also displayed.  Positive CO2 exchange rates indicate CO2 loss to the atmosphere, whereas negative 

signed values indicate CO2 gain to the ecosystem. 

 

Table 4.8 Study period averaged CO2 exchange rate (µmol m-2 s-1) by ecosystem type for CB and 

SL. 

Ecosystem	   NEE	   GEP	   ER	  

	  	   CB	   SL	   CB	   SL	   CB	   SL	  

Dry	   0.03±0.08	   0.66±0.14	   -‐0.58±0.11	   0.02±0.14	   0.74±0.05	   0.64±0.09	  

Mesic	   0.15±0.11	   -‐0.24±0.12	   -‐1.09±0.13	   -‐1.27±0.13	   1.25±0.08	   1.04±0.06	  

Wet	   -‐0.87±0.12	   -‐0.21±0.15	   -‐2.15±0.14	   -‐1.51±0.15	   1.29±0.09	   1.31±0.06	  

4.4.3 Modelling environmental CO2 flux controls 

To examine the controls on NEE, GEP, and ER CO2 exchange rates, stepwise multiple linear 

regression analyses were used to relate the mean 12-hour daytime fluxes at each sample plot to the 

corresponding averaged environmental variable. Only simultaneous measures of air temperature, 5 cm 

and 10 cm depth soil temperatures, daily soil moisture, and PAR were examined. Statistically significant 

regressions were not generated for every ecosystem and flux (Table 4.9). Temperature—either air 

temperature or soil temperature—were the most dominant predictors at the daily plot flux scale. It should 

be noted that some ecosystem flux regressions had a small sample size, such as the dry Dryas spp. and till 

tundra (n = 4). 
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Table 4.9 Multiple linear regression analysis for plot-level daily averaged CO2 exchange rates in 

relation to environmental variables that were measured simultaneously. 

Site	   Flux	   Class	   Predictor	   R2	  adj.	   RMSE	   F	   Sig.	   df	  

CB	  

ER	  
Dry	   Air	  Temp	   0.542	   0.08	   12.814	   0.006	   1,9	  

Mesic	   Soil	  Moisture,	  Air	  Temp	   0.651	   0.06	   9.381	   0.010	   2,7	  

GEP	   Dry	   Air	  Temp	   0.595	   0.10	   15.694	   0.003	   1,9	  

NEE	   Mesic	   PAR	   0.331	   0.12	   5.458	   0.048	   1,8	  

SL	  
ER	  

Dry	   10cm	  Soil	  Temp	   0.996	   0.00	   729.489	   0.001	   1,2	  

Mesic	   Air	  Temp	   0.212	   0.07	   4.767	   0.048	   1,13	  

Wet	   10cm	  Soil	  Temp	   0.676	   0.04	   19.774	   0.002	   1,8	  

NEE	   Mesic	   10cm	  Soil	  Temp	   0.259	   0.09	   5.898	   0.030	   1,13	  

 

4.4.3.1 Ecosystem CO2 exchange seasonal interpolations 

Comparisons between ecosystems and study sites can be improved though a linear interpolation of 

each ecosystem study-period flux rate. ER rates at SL and CB were similar in each of their comparable 

ecosystems (Figure 4.7). The wet sedge tundra ecosystems had the highest GEP, though CB had a much 

higher rate than SL. As a result, wet sedge tundra was the only sink ecosystem at CB. The mesic Nostoc 

spp. tundra at CB, where it was a slight source, had a somewhat lower GEP rate than mesic Dryas spp. 

tundra at SL, where it was a slight sink. At each study site, the dry ecosystems were sources of CO2, even 

with a stronger GEP at CB than at SL. 
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Figure 4.7 Interpolated total daily CO2 exchange rates for dry, mesic and wet ecosystems at CB and 

SL during the study period. 

4.4.3.2 Ecosystem model of CO2 exchange 

CO2 fluxes can be modeled at the landscape scale using a previously developed land-cover 

classification of both study sites (Atkinson and Treitz, 2012). Based on the area of each ecosystem and 

the average study-period GEP, ER, and NEE rates, the total CO2 exchange per day can be calculated 

(Table 4.10). Dry P. radicatum and till tundra exhibit the smallest exchange rates but, with the largest 

area at CB, exchange the most CO2 per day compared to the other ecosystems, though overall it is only a 

small net source. Wet sedge tundra represents only 10% of the study area (8.08 km2) but represents the 

largest sink for CO2, due to its large GEP. It should be noted that at CB there is a Felsenmeer rock 

ecosystem that was not assessed, due to the difficulty of chamber placement, and so these estimates are 

only for the represented ecosystems. Based on the analyses presented here, and for the study period 
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examined, it would appear that CB is a net sink for CO2 (-14.34 Mg CO2 day-1) based on the three 

ecosystems studied. On the other hand, SL is a slight source for CO2 (9.63 Mg CO2 day-1). The area of the 

three ecosystems is relatively similar, with mesic Dryas spp. tundra being the largest. Wet sedge tundra 

has a larger GEP and ER than the mesic Dryas spp. tundra ecosystem, but with a lower ER, comparable 

GEP, and larger area it the largest CO2 sink at SL. Like CB the dry Dryas spp. ecosystem has the largest 

ER, and with limited GEP it is the largest net CO2 source at SL. 
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Table 4.10 Ecosystem modeled landscape scale total CO2 exchange components for the entire study 

areas of CB and SL. Total SE is a weighted average based on the contribution of each ecosystem to 

the total area. 

Site	   Ecosystem	  
Area	  	  

km2	  
Flux	  

Mg	  CO2	  

day-‐1	  
SE	  

CB	  

Dry	   59.02	  

ER	   165.52	   18.94	  

GEP	   -‐129.16	   25.79	  

NEE	   7.11	   11.51	  

Mesic	   12.93	  

ER	   61.26	   5.59	  

GEP	   -‐53.70	   6.56	  

NEE	   7.56	   3.86	  

Wet	   8.08	  

ER	   43.03	   4.00	  

GEP	   -‐71.88	   4.82	  

NEE	   -‐29.02	   3.04	  

Total	  Area	   80.03	   NEE	  CB	   -‐14.34	   4.56	  

	  	   	   	   	   	  

SL	  

Dry	   20.65	  

ER	   50.30	   11.11	  

GEP	   1.90	   10.82	  

NEE	   52.20	   6.96	  

Mesic	   26.27	  

ER	   104.31	   12.17	  

GEP	   -‐127.11	   13.17	  

NEE	   -‐23.49	   6.07	  

Wet	   24.30	  

ER	   120.74	   13.98	  

GEP	   -‐139.82	   13.91	  

NEE	   -‐19.08	   5.70	  

Total	  Area	   71.2	   NEE	  SL	   9.63	   1.24	  
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4.4.3.3 NDVI model of CO2 exchange 

Linear bivariate regressions were performed to examine relationships between satellite data (i.e., 

NDVI) and seasonal daytime NEE, GEP, or ER at CB and SL to determine the potential for spectral-

based modelling of CO2 flux at the landscape scale. Only the central collared sample-sites were averaged 

to seasonal fluxes and used for the regression modelling. With no significant variation for the majority of 

the fluxes and ecosystems (Table 4.7), seasonal mean fluxes were calculated. All regressions were 

significant (P<0.01) (Table 4.11). The ANCOVA results for each of the regression equations indicated 

that none of the slopes were significantly different (P<0.05), which indicates that the equations for NEE, 

GEP, and ER are parallel, and that the fluxes vary with NDVI equally at both study sites. With the finding 

of parallelism, the intercepts of the equations were tested and were found to be statistically similar, 

thereby testing positive for coincidence. Given that the regression equations for both sites are statistically 

similar, the data can be pooled into a single equation for each flux and applied to both sites (Figure 4.8) 

(Table 4.11). 

The regression equations were applied to the NDVI images of both SL and CB, generating flux-

rate images for each component flux (Figure 4.9). The flux-rate images were converted to total CO2 

exchange per pixel, and summary statistics were calculated to allow for comparison with the previous 

ecological model (Table 4.12). Two relative-error statistics, the Relative Mean Absolute Error (RMAE) 

and the Median Absolute Percentage Error (MedAPE) were selected as non-scale-dependent estimates of 

error for the regression equations (Chen et al., 2009). RMAE is computed as the Mean Absolute Error 

(MAE) divided by the corresponding average value of the dependent variable and is more sensitive to 

errors if the dependent variable has a large value. In contrast, the value of MedAPE generally gives more 

weight to percentage errors corresponding to low values for the dependent variable (Chen et al., 2009; 

Swanson et al., 2011). In this model CB is a slight source of CO2 (64.19 Mg CO2 day-1), and SL is a slight 

sink (-36.8 Mg CO2 day-1).  
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Table 4.11 Bivariate linear regression ((𝒀 =   𝜷𝟎 +   𝜷𝟏𝑿 +   𝚬)  results for CO2 exchange components 

GEP, ER, and NEE with NDVI. 

CO2	  Flux	  

(Y)	  
Site	  

Slope	  

(𝛽!)	  

Intercept	  

(𝛽!)	  
r2	   RMSE	  

ANCOVA	  

Slope	  	  	  	  	  	  	  	  	  	  	  

(P-‐value)	  

Intercept	  

(P-‐value)	  

ER	  
CB	   0.83	   1.52	   0.62	   0.06	  

0.936	   0.142	  SL	   1.56	   1.49	   0.95	   0.02	  

	  
Combined	   0.82	   1.50	   0.68	   0.04	  

	   	   	   	   	   	  
	  	  

	  

GEP	  
CB	   -‐3.92	   1.56	   0.67	   0.23	  

0.415	   0.290	  SL	   -‐2.58	   1.46	   0.70	   0.14	  

	  
Combined	   -‐3.32	   1.52	   0.62	   0.20	  

	   	   	   	   	   	  
	  	  

	  

NEE	  

CB	   -‐1.45	   1.58	   0.44	   0.14	  

0.526	   0.975	  SL	   -‐0.85	   1.48	   0.47	   0.08	  

Combined	   -‐1.18	   1.53	   0.42	   0.10	  
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Figure 4.8 Combined bivariate linear regression’s for CO2 exchange rates - ER, GEP, and NEE. 

Regression equations and the coefficients of determination are also shown. 
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Table 4.12 NDVI based CO2 exchange rate model summary values for the entire study areas of CB 

and SL. 

Site	  
Area	  

km2	  
Flux	  

Mg	  CO2	  

Day-‐1	  

Error	  Estimate	  

RMAE	   MedAPE	  

CB	   80.74	  

ER	   244.77	   17.7%	   18.8%	  

GEP	   -‐141.16	   34.3%	   23.8%	  

NEE	   64.19	   250.2%	   49.0%	  

	   	   	   	   	   	  

SL	   74.32	  

ER	   305.77	   9.0%	   10.0%	  

GEP	   -‐338.14	   25.8%	   16.3%	  

NEE	   -‐36.76	   120.4%	   75.1%	  
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Figure 4.9 Spatial NDVI derived models of the CB (upper) and SL (lower) for ER rates (left) and 

GEP rates (right).  Fine detail can be seen in each high-spatial resolution (4m) image. White 

indicates no flux data.  

 

4.5 Discussion 

4.5.1 Variability of ecosystems and sites 

The biophysical processes of CO2 exchange and its variability are connected to surrounding 

environmental conditions (Street et al, 2007; Huemmrich et al., 2010, Dagg and Lafleur, 2011). The 

variability of landscape-scale soil moisture regimes is a controlling factor on the development of arctic 

tundra ecosystems (Bliss and Matveyeva, 1992). At SL soil moisture in each ecosystem was significantly 
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different from the others; but at CB, only the wet sedge tundra ecosystem was different from all other 

ecosystems, while the mesic and dry ecosystems were not statistically different. A compelling result was 

that there were no statistically significant differences between equivalent ecosystems at CB and SL, with 

regard to soil temperature (5 and 10 cm depth), gravimetric soil moisture, and PVC. There was a 

statistically significant difference between wet sedge tundra ecosystems whereby CB had significantly 

higher biomass. This finding, i.e., that there was little variability between sites, is interesting in that the 

species compositions between SL and CB in each of the three ecosystems were quite different. A major 

species compositional difference between the CB and SL sites was the dominance of shrub Dryas spp. at 

SL, where it was found in all ecosystems, whereas shrub cover at CB was limited. Additionally, there was 

greater coverage of bryophytes at CB than at SL, except in the similar wet sedge tundra ecosystem. These 

similarities were confirmed spectrally, in that NDVI values for all ecosystems at CB and SL were 

respectively similar, and no statistical differences were evident (Table 4.2).  

Determining the spatial variability of CO2 exchange rates within and between ecosystems is a 

challenging undertaking. Multiple point samples are needed to fully assess the variability within an 

ecosystem, and the biophysical controls within it. This study attempted to increase the number of samples 

while exploring spatial variability. At CB there was no statistically significant variation between 

measurements collected at the centre of the plot and random flux measurements in close proximity within 

the plot. This was not true for SL, which exhibited extensive spatial variability, particularly for ER flux 

for all ecosystem types. There was some variability in GEP and NEE, but they were much more 

consistent. One underlying concern stems from the fact that collars were not used for the random spatial 

samples. Placing of the chamber directly into the soil may enhance CO2 release due to increased soil 

pressure. This did not appear evident in the flux measurements but may account for some of the 

variability.  

Temporal variation within an ecosystem is also important. At CB and SL there was no statistically 

significant variation in GEP, ER, or NEE rates over the sampling season, with the exception of ER at SL 
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in the mesic and wet ecosystems. The variations in ER rate in these ecosystems appear linked to 

unseasonably cool temperatures during a 10-day period. Temperature decreased along with the ER rate 

for these sites during that period. The stepwise multiple linear regressions of daily plot-level CO2 

exchange rates confirms that 10cm soil temperature is a strong control and predictor of ER in wet sedge 

tundra sites at SL, along with air temperature for mesic sites at SL. When the ER rate was explored 

without the cooler temperature samples, the ER rates were not significantly different from each other. 

These findings confirm Hypothesis 1 for CB: i.e., daytime CO2 exchange rates (GEP, ER, NEE) within 

dry, mesic, and wet ecosystems are consistent through the peak summer growing season. On the other 

hand, the results refute Hypothesis 1 for SL, although the majority of sites and CO2 fluxes exhibited no 

statistically significant differences when seasonal conditions prevail.  

Carbon flux studies for the high Arctic are limited, but Wüthrich et al. (1999) noted that there was no 

variation between samples within an ecosystem during sampling and over the study period, supporting the 

findings here. However, studies in the mid and low Arctic have noted extensive variability within 

ecosystems in GEP, ER and NEE fluxes (Nobrega and Grogan, 2008). This contradiction with respect to 

variability may be a product of latitude and its impact on PAR and temperature. Higher Arctic ecosystems 

are generally cooler, and have a shorter growing season through the summer months compared to mid and 

low Arctic sites. Hence, increases in temperature and PAR may impact the processes connected to CO2 

exchange rates at more southern sites. 

4.5.2 CO2 exchange models 

Two models of CO2 exchange were created: an ecosystem-based model that is dependent on an 

understanding of the spatial distribution of discrete ecosystem types, and a model that is independent of 

ecosystem delineation and based on NDVI. The ecosystem-based model relates to a vast literature on 

ecosystem processes in relation to plant functional groups and how they differ across the Arctic (Hobbie, 

1992; Chapin and Shaver, 1996; Callaghan et al., 2005). This model requires detailed knowledge of 
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ecosystem distributions, which can be a product of remotely-sensed data at a range of spatial resolutions 

(Shaver et al., 2007). The model that is based on the spectral reflectance characteristics of the vegetation, 

though, demonstrates a functional convergence, in that the model is independent of species composition 

or functional type and builds on the relationships between vegetation cover, structure, and spectral 

reflectance characteristics (Shaver et al., 2007). A comparison of the NDVI model and the ecosystem 

model and their predictive ability is difficult in this study due to a limited sample size. As a result, a 

complete independent validation is not possible. We can, though, examine  the measures of error and 

compare them for consistency.  

The NDVI and ecosystem models approximated similar values for ER at both sites, with ~10% 

difference between them (Table 4.13). In both models ER had the lowest error estimates (Table 4.12). ER 

is a combination of autotrophic and heterotrophic respiration, and the ability for a spectrally-based model 

to predict this flux illustrates the integration of various biophysical and environmental components within 

the NDVI value. In a 1:1 comparison of actual and NDVI predicted ER values, most wet sedge tundra 

ecosystems are over-predicted while in general mesic ecosystems are under-predicted (Figure 4.10a). In 

terms of GEP, at CB the NDVI model predicted 57.5% more CO2 uptake, while at SL it predicted 24.2% 

less (Table 4.13). The average percent difference for the two sites was 41%. The error estimates for the 

GEP model varied. The standard error estimates for GEP were low at all ecosystem types and sites except 

for SL’s dry Dryas spp. tundra ecosystem, due in part to the low GEP values for this site (Table 4.10). For 

the NDVI model RMAE and MedAPE estimates were relatively low, except MedAPE for SL was very 

high. In a 1:1 comparison for the GEP regression model, the situation is reversed from ER, where mesic 

ecosystems became under-predicted and wet ecosystems became over-predicted (Figure 4.10b). The 

result of this reversal in the model makes mesic ecosystems into a sink of CO2 and wet ecosystems a 

smaller sink, as is evident in the 1:1 comparison for NEE (Figure 4.10c).  The impact that this has on the 

comparison between the NDVI and ecosystem model helps explain the discrepancies in GEP values in the 

NDVI model at CB and SL.  At CB, mesic ecosystems were a slight source of CO2 with a larger GEP and 
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smaller ER; in the NDVI model they would become relatively carbon neutral. Wet sedge tundra at CB 

was the only sink for CO2; with a smaller GEP this would decrease the total GEP for CB.  At SL the 

mesic ecosystems are a larger sink for CO2 than wet sedge overall, with an increase in GEP for mesic 

systems, and having the largest area (26.27 km2) increases the NDVI GEP prediction. These over and 

under predictions combined reverse CB from a sink to a source and SL from a source to a sink, as is seen 

in the NEE comparison (Table 4.13).  For NEE, the ecosystem model errors were generally minor, 

whereas they were substantially higher for the NDVI model. The reason for the large RMAE and 

MedAPE errors in the NEE NDVI model is because of the reversal of carbon direction, additionally 

MedAPE errors are large due to the small sample size.   
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Figure 4.10 1:1 comparisons of actual calibration values and NDVI modeled values for:  a) ER; 

b)GEP; and c)NEE exchange. 
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Table 4.13 Ecological and NDVI based CO2 exchange rate model comparisons. 

Site Flux 

Model 
Percent 

Difference 
NDVI  
Mg CO2     

Day -1 

Ecological 
Mg CO2   

Day -1 

CB 

ER 244.8 269.8 9.7 

GEP -141.2 -254.7 57.4 

NEE 64.2 -14.3 315.1 

     

SL 

ER 305.8 275.3 10.5 

GEP -338.1 -265.0 24.2 

NEE -36.8 9.6 342.0 

 

To examine Hypothesis 2, which posits that CO2 exchange rates illustrate functional convergence and 

are captured in the NDVI data, we need to examine a number of elements. First, ecosystems along a soil 

moisture gradient at both sites were composed of different species and functional groups, yet they were 

extremely comparable in terms of biophysical variables (i.e., PVC, AGB). Second, they did not 

demonstrate a statistically significant difference between their respective CO2 exchange fluxes. NDVI is 

strongly correlated with biophysical and even environmental variables such as PVC, AGB, leaf area and 

soil moisture (Shippert et al., 1995; Walker et al., 1995; Rees et al., 1998; Stow et al., 2004; La Puma et 

al., 2007; Laidler et al., 2008, Atkinson and Treitz, 2012). The NDVI values for these ecosystems were 

not statistically different from each other. When NDVI was used to develop the regression models, the 

coefficient of determination (r2) illustrated that NDVI explained between 62% and 95% of the variation in 

GEP and ER at SL and CB. All regression equations confirmed coincidence, indicating that that they were 

statistically similar, and could be combined into one equation for both sites; thereby accepting Hypothesis 

2. NEE was the weakest of the regression models at both sites. i.e., NEE was relatively low, as it was 

balanced by opposing GEP and ER values. NDVI did explain 42% of the variation in NEE at both sites. It 

is this combined evidence that confirms Hypothesis 2. 
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Hypothesis 3 states that NDVI alone can model landscape-scale CO2 exchange rates at two 

independent sites. This hypothesis has been confirmed, in that all regression equations were coincidental 

and allowed one equation for each component, regardless of site, and that 42% to 68% of the variations in 

GEP, ER, and NEE rates were explained by NDVI. However, it should be noted that these models have 

not been rigorously validated. They do, however, contribute to our understanding of functional 

convergence models for CO2 fluxes. Functional convergence models have been developed for the low 

Arctic (Shaver et al., 2007). The majority of these models use leaf area index (LAI) values derived from 

NDVI as a primary input into their equations; furthermore, they are multiple regression equations, often 

requiring additional inputs, such as air temperature and PAR (Shaver et al., 2007). LAI is a quantifiable 

and straightforward measure on vascular plants and is preferable, at times, to other, more abstract 

variables (Street et al., 2007). Further, LAI is estimated from NDVI using empirically based models (van 

Wijk and Williams, 2005). However, NDVI values have been shown to vary based on the sensor that is 

employed, and so LAI models are often sensor-specific (Laidler et al., 2008). LAI models additionally 

have had difficulty incorporating non-vascular plant coverage, which can often be an important 

component in Arctic tundra CO2 exchange (Shaver et al., 2007). For this research NDVI was the optimal 

variable, in that it alone captures the spectral difference between NIR reflectance and RED absorption of 

all aboveground biomass. Though the NDVI models developed here do explain a large portion of variance 

in CO2 exchange rates, there is additional variance that is unexplained. The inclusion of additional 

parameters, such as PAR and air temperature, has been shown to improve predictions (Street et al, 2007; 

Huemmrich et al., 2010). The benefit of this bivariate model is that future estimates can be generated 

through the acquisition of a new image only and not require collecting in-situ data, such as PAR and air 

temperature. 
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4.6 Conclusions 

A changing Arctic climate impacts terrestrial ecosystems directly and further complicates our 

understanding of how arctic terrestrial ecosystems behave with respect to carbon and energy exchange 

(i.e., as a net source or sink for carbon). The need to model and monitor CO2 exchange rates throughout 

the Arctic is apparent at a variety of spatial and temporal scales. High spatial resolution remote sensing 

data capture the heterogeneous pattern of the biophysical properties of tundra ecosystems; because of this, 

the potential exists to assist in the modelling of CO2 exchange rates. The ongoing challenge with mid and 

high spatial resolution data is the value that a single image can provide regarding processes that vary 

through time. Here, we have demonstrated that there was no statistically significant variation in GEP, ER, 

or NEE during the three-to-five-week study periods at two independent study sites. These results illustrate 

that an image captured within that timeframe can be used to extrapolate temporally across the peak 

photosynthetic period. Additionally, the fact that GEP and ER can be predicted reasonably well in both 

high and mid Arctic sites with only NDVI shows a strong functional convergence within these 

ecosystems. Caution is noted, though, in that the models presented here could not be independently 

validated. Additionally, this study examines statistical significance, which is not always the same as 

ecological significance. Field data and imagery from additional years and study sites will improve these 

models. Further research is needed to better understand the spatial variability of CO2 exchange rates 

within and between ecosystems. Future research should also include more detailed study of the spatial 

variability of soil moisture, soil pH, NH4
+ and NO3

-, and PAR. Temporal/seasonal variability also requires 

additional research. The majority of studies examine Arctic ecosystems during the limited summer 

season, often due to logistical limitations, with only limited studies examining the shoulder seasons of 

spring and autumn (Nobrega and Grogan, 2008). Greater research into the spatial and temporal variability 

of Arctic ecosystem processes and how they relate to remotely sensed data will improve our ability to 

understand the impacts of climate change and our ability to predict them. 
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Chapter 5 

Discussion 

Numerous studies have shown that the climate of the Arctic is changing, as are terrestrial 

ecosystems (ACIA, 2005; IPPC, 2007; Chylek et al., 2009; Bhatt et al., 2010; NSIDC, 2012). The climate 

and ecosystem changes, though, are not uniform and vary across longitude and latitude (Oechel et al., 

1993; Serreze et al., 2000; Sturm et al., 2001; Hinzman et al., 2005; ACIA, 2005). An additional 

complication is that tundra ecosystems themselves are not uniform (Walker et al., 2003). At a regional 

scale the distribution of ecosystems is controlled by climate, parent material, topography, potential biota, 

and time, while at the landscape scale topography and its impact on soil hydrology is the primary control 

(Bliss and Matveyeva, 1992; Jenny, 1994; Walker, 2000; Chapin et al., 2002; Nobrega and Grogan, 

2008). With changing climate, altered ecosystems/processes, and the potential for a dramatic shift in the 

carbon balance, it is essential to understand the dynamics of CO2 exchange (McGuire et al., 2012). This 

research addressed two underlying themes: (i) the need to understand the spatial and temporal variability 

of biophysical systems and relate appropriate field data to remotely sensed data; and (ii) examine the 

evidence for functional convergence in order to determine the role that remote sensing has in modelling 

biophysical properties, including carbon exchange across ecosystems at disparate study sites. The 

research presented in this thesis does not fully answer all aspects of these themes, but it does contribute 

insight to the discussion. As is the case with scientific research, the research conducted for this thesis, 

generates additional scientific questions and potential avenues for future research. 

 

5.1 Examining spatial and temporal biophysical variability across Arctic landscapes 

Satellite remote sensing data provides spatially-continuous data at various spectral, spatial, and 

temporal resolutions that can be applied to the analysis of biophysical variables in the Arctic tundra 
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(Tieszen et al., 1997; Stow et al., 1998, 2000). The challenge with remote sensing studies is often to 

ensure that the imagery and the available field data match the scale of the study spatially and temporally. 

The majority of remotely sensed biomass and carbon flux studies in the Arctic have used coarse spatial 

resolution data (Shippert et al., 1995; Stow et al., 1998; Walker et al., 1998; Jia et al., 2003; Walker et al., 

2003; Goetz et al., 2005; Jia et al., 2006). The advantage of these studies is their broad spatial and 

temporal extent. However, the reduced precision of these data confounds accurate detection and 

quantification of vegetation change. There is a particular need for finer spatial resolution in mid and high 

Arctic tundra ecosystems, where dramatic vegetation gradients exist over very small spatial scales 

(Boelman et al., 2003). Many coarse resolution studies have detected significant ‘greening’ of the Arctic 

(Jia et al., 2003; Goetz et al., 2005; Jia et al., 2006; Jia et al., 2009; Pouliot et al., 2009; Epstein et al., 

2012). Our understanding of how these changes are manifested on the ground is not always clear, often 

due to difficulties in matching the scale of the imagery, ground data, and spectral properties, specifically 

NDVI (Epstein et al., 2012; Raynolds et al., 2012). Recent studies have addressed this deficiency of 

coarse resolution data with the development of improved field techniques and models (Walker et al., 

2011; Epstein et al., 2012; Raynolds et al., 2012).  These issues, however, have not been addressed at the 

landscape scale. High spatial resolution imagery can provide us with an understanding of the spatial 

variability within a landscape, but it can be difficult to ensure cloud-free, intra-seasonal images. Periodic 

high spatial resolution imagery and concurrent field validation efforts could provide the necessary link 

between field-level data and broader-scale remote sensing platforms.  

This dissertation paves the way for a broader development of methodologies and applications for 

landscape-scale remote sensing. Landscape-scale studies require statistical, remote sensing and ecological 

objectives. In Chapters 2 and 3, we introduced the concept of designing sampling procedures that satisfy 

remote sensing and ecological data analysis techniques. The majority of field data for landscape-scale 

biophysical and carbon exchange modelling is derived from plot-scale measures (Boelman et al., 2003; 

Laidler et al., 2008). Chapter 3 outlined how the variability from spatially distributed random samples 
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within a homogeneous land-cover type was used to determine the appropriate statistical sample size for 

above-ground biomass. This exercise provided a representative sample of the population to ensure our 

confidence in the inference prediction (Burt et al., 2009). Independence of measures and adequate spatial 

distribution is achieved through stratified random spatial sampling. There are challenges to achieving 

these high levels of statistical and spatial measures. Sample sizes at CB and SL ranged between n = 5 and 

n = 80. The variation in sample size related directly to the variability of AGB: homogeneous plots 

required fewer samples, while heterogeneous plots required many more. Sampling can be difficult and 

time consuming in an arctic environment, along with logistical and analytical challenges in the field. 

Obtaining temporally and spatially significant CO2 exchange measurements, as outlined in Chapter 4, was 

challenging. A larger sample size within and between plots would have been desirable to fully capture the 

temporal and spatial variability of the CO2 exchange through the sampling season.  

For remote sensing data to be properly correlated with field sampling at the plot scale, broader 

spatial and temporal sampling within and between ecosystems is needed. Biophysical, biogeochemical, 

and environmental variables, such as soil moisture, nitrogen availability, soil temperature, vegetated 

cover, leaf area, and PAR, can all vary over small spatial extents at the landscape level (Walker et al., 

2006; Post et al., 2009). All of these elements have been shown to have links to both CO2 exchange as 

well as spectral indices, such as NDVI (Shaver et al., 2007; Laidler et al., 2008; Nobrega and Grogan, 

2008; Huemmrich et al., 2010; Dagg and Lafleur, 2011). Many of these measures can be recorded through 

the use of in situ data loggers, reducing the logistical sampling difficulty.  

Sampling CO2 exchange is time-consuming, particularly across space and time. The application 

of the Vaisala GMP343 diffusion-based infrared gas analyzer in a custom-built acrylic cylinder chamber 

proved to be an inexpensive and portable alternative to larger, more expensive gas analyzers (Chapter 4). 

With collars distributed within and between ecosystems, measurements can be achieved quickly. The lack 

of a simultaneous PAR sensor on, or directly adjacent to the chamber, was a disadvantage for this 

research and should be included in future studies.  
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 The majority of arctic biophysical and carbon exchange studies are limited to the peak growing 

season, generating a gap in our understanding of seasonal conditions (Post et al., 2009). Exceptions 

include Nobrega and Grogan (2008), who examined the shoulder periods of spring melt and fall 

senescence along with the summer growth season, and Grogan and Jonasson (2006), who examined CO2 

exchange during the winter in Swedish sub-Arctic tundra. This temporally expanded research is often 

limited due to the logistical challenges of accessing the Arctic during these periods; but, as has been 

shown in these studies, these ecosystems are quite active during non-peak months. Long-term studies are 

just beginning to show important changes with mid and high Arctic ecosystems (Hudson and Henry, 

2009).  

  If field sampling can be improved spatially and temporally, the issue of how to meaningfully 

connect to landscape-scale remotely sensed data still persists. The use of hand-held NDVI devices has 

been increasing for plot-level measurements (Williams et al., 2006; Shaver et al., 2007). The use of field 

spectrometers not only provides a source of NDVI data but can also incorporate hyperspectral data, which 

has been shown to be sensitive to changes in plant physiology, foliar nitrogen, and other biophysical 

variables not often examined with traditional, multi-spectral data (Laidler and Treitz, 2003; Laidler et al., 

2008). NDVI from different sources can be linearly adjusted and compared, though more research is 

required to address this integration (Morisette et al. 2004; Gallo et al. 2005; Laidler et al. 2008). In 

Chapter 3, models of biophysical variables at two different sites responded in parallel to NDVI. This 

response illustrates that, although the modelling relationships may be slightly different, the relationship of 

NDVI to changes in PVC, AGB, and soil moisture are consistent across the latitudinal gradient examined. 

This is a strong indication of a functional convergence, where a single model applies to all patch types 

(Field, 1991; Goetz and Prince, 1999; Shaver et al., 2007).  

The greatest challenge with high spatial resolution imagery remains the ability to acquire imagery 

within a short timeframe and with confounding cloud and fog conditions. In chapter 4 we examined the 

temporal variability of CO2 exchange during a relatively short time frame of the peak-growing season. 
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With low temporal variability the need for multiple images is decreased. If there is statistically significant 

temporal variability, then single images can still provide useful data. Image classifications, as used in 

Chapter 2, can create a spatially explicit ecosystem-based model, as illustrated in Chapter 4. Single 

images can also provide a valuable scaling and validation tool for coarse resolution imagery (Pouliot et 

al., 2009). Overall, given a changing climate and a spatially heterogeneous landscape, methods 

incorporating remote sensing and ecology offer good analytical tools for understanding spatial and 

temporal variations of biophysical variables and CO2 exchange within and across scales.  

5.2 Functional convergence and remote sensing. 

Within plant science there has been a strong historical emphasis on difference and classification, 

with a focus on divergence—rather than convergence—in functioning (Meinzer, 2002). The same can be 

said for remote sensing science, whereby image classification of land cover traditionally identifies where 

spectral similarities are clustered and differences partitioned in spectral space. It has been shown, 

though, that universal constraints among fundamental leaf traits apply, including nitrogen content, life-

span, photosynthetic capacity, and leaf mass per unit area, as well as dark-leaf respiration across multiple 

species and biomes (Reich et al., 1997, 1998, 1999). This functional convergence indicates that simple 

normalization of variables that account for plant size, structure, and tissue biophysical properties should 

illustrate substantial convergence in plant function at multiple scales (Meinzer, 2002).  These principles 

have led to the use of NDVI as a normalizing variable and the development of functional convergent 

models of NEE (Shaver et al., 2007).  

Chapters 3 and 4 illustrate this concept of functional convergence and the use of a normalizing 

variable for plant structure. In Chapter 3, NDVI was related to PVC and AGB fairly strongly at two 

distinct sites that exhibited identical slopes, illustrating that NDVI was responding to changes equally. In 

Chapter 4, CO2 GEP and ER were modeled with some success, and to a lesser degree, NEE, with a simple 

bivariate model of NDVI values. In many of the functionally convergent CO2 exchange models, LAI has 
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been used as an independent variable (Shaver et al., 2007; Street et al., 2007; Loranty et al., 2011). LAI is 

seen as a quantifiable and straightforward measure for vascular plants (Street et al., 2007). Though LAI 

has been used extensively, it is often derived from NDVI using empirically-based models for vascular 

plants, and has had difficulty incorporating non-vascular plant coverage (van Wijk and Williams, 2005; 

Shaver et al., 2007). The connection between GEP and NDVI is relatively straightforward, in that NDVI 

is a ratio of RED reflectance (a portion of PAR) and NIR (a function of healthy leaf structure). The 

relationship between ER and NDVI, though, is not as clear. ER is a combination of both plant and soil 

respiration. NDVI is strongly correlated with PVC, AGB as well as soil moisture.  This relation to soil 

conditions is as a proxy to how vegetation responds to soil moisture in these ecosystems.  With the 

concern that the Arctic will, with climate change, shift from a carbon sink (with greater photosynthetic 

uptake) to a source (with greater ecosystem respiration but primarily soil respiration), the use of NDVI or 

its derivatives as a model for ER may be problematic.  

At the landscape scale, soil moisture regime, driven by micro and macro topography, is the 

principal control on the distribution of vegetation communities (Bliss and Matveyeva 1992; Walker et al., 

2000; Nobrega and Grogan 2008). For example, the wet sedge tundra ecosystems at CB and SL were 

located downslope of large, late-season snowpack that produced saturated soil conditions. In Chapter 2 

the ordination and clustering produced a single wet sedge class for both sites. In Chapter 4 we saw that 

these sites had similar CO2 exchange rates. An interesting result from Chapter 3 was that NDVI could 

model soil moisture with r2 values of 0.72 and 0.73 at CB and SL respectively. This is not a causal 

relationship. This relationship does indicate that soil moisture is a strong driver of vegetation cover and 

biomass in the Arctic, and these abiotic conditions generate vegetation communities within the mid and 

high Arctic. The mapping and monitoring of these specific ecosystem types, as described throughout this 

dissertation, may help in detecting changes to ER. 

Chapter 2 approached the mapping of vegetation communities using a bottom-up approach. 

Communities were defined based on the ordination of plant cover along theoretical environmental 
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gradients that were then matched to known gradients. The definition of a vegetation community’s 

ecosystem type was therefore based on its ecological associations to abiotic factors such as soil moisture. 

Hence, the resulting image classification is not solely based on spectral differences. This approach to 

defining the patch integrates both the biotic and abiotic drivers. Knowledge of these factors, and the 

impact that changes to them may have, can provide a deeper understanding of ER and changes it may 

experience. For example, the organic soil in wet sedge ecosystems has been shown to have four times as 

much carbon as dry and mesic sites (Nobrega and Grogan, 2008). Soil moisture and changes to it have 

additional biogeochemical impacts, such as availability of nitrogen, a limiting nutrient in many Arctic 

ecosystems (Binkley et al., 1994). Drying of the soil has shown an increase in soil respiration and N 

mineralization (Walker et al., 2006). Even though functional convergence has allowed for the modelling 

of NEE (Shaver et al., 2007) and the use of NDVI to model GEP, ER, and NEE (Chapter 4), specific 

ecosystem-based studies are still needed to understand and quantify the long-term changes that are 

occurring within Arctic ecosystems. 

 

5.3 Future Directions 

As with any scientific research, more questions are often generated than are answered. Outlined 

here are some potential future avenues of research. 

 

5.3.1 Spatial and Temporal Variability 

As discussed above there is a need to broaden our spatial and temporal understanding of the 

biophysical and environmental controls on CO2 exchange. Spatially, at the landscape scale, there is a need 

to examine ecosystem variability. At a broader spatial scale, it is necessary to increase the latitudinal 

gradient of study, particularly within the Canadian Arctic. Further, temporal studies need to expand 
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beyond the peak growth season to include the shoulder seasons, as well as to design long-term studies of 

environmental change across northern latitudes. 

It would be desirable to examine the spatial variability of biotic and abiotic factors within 

individual ecosystems.  Though in Chapter 2 we outlined methods for spatial sampling, they were 

primarily designed for PVC and AGB. Similar methods need to be applied to abiotic factors such as soil 

moisture and nitrogen availability.  In Chapter 3, soil moisture data were collected with every third 

biomass sample, while in Chapter 4 it was collected once a day. Technologies exist to better sample and 

monitor soil moisture changes spatially and temporally. Seasonal and long-term soil moisture probes 

could be used within a given ecosystem to monitor changes. At CB in particular, soil moisture is 

especially high during and directly after snowmelt. All ecosystems are saturated for a period of time, and 

it is how quickly these ecosystems dry or retain moisture that defines the ecosystem during the summer 

growth period. As discussed earlier, the wet sedge tundra ecosystems examined here are adjacent to large, 

late-season snowpack, which provides saturating levels of water for most or all of the season. Remote 

sensing evidence at CB indicates that several of these snowpack's are perennial in nature and did not fully 

melt until recently. These changes to snowpack and their impact on the wet sedge ecosystems should be 

of particular interest in future research. The spatial variability of CO2 exchange should also be examined 

in future studies. The use of multiple collars within an ecosystem would enhance our understanding of the 

spatial and temporal variability of this exchange process. This research could be linked with the above 

spatial variability studies to examine the broader impact of soil moisture on ecosystem exchange.  

The number of research sites examining these questions should also be expanded to account for a 

range of environmental conditions across the Canadian Arctic. Currently in the Canadian low Arctic there 

is one long-term research station at Daring Lake, NWT (Nobrega and Grogan, 2008; Dagg and Lafleur, 

2011). This particular region of the Canadian Arctic is a hotbed of current and future mining operations, 

with the discovery of diamonds and the potential for all-weather access roads and ports to open up base-

metal operations. This single research station is not representative of the different ecosystem conditions 
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that exist throughout northern Canada.  SL is the only mid Arctic research site that has investigated the 

utility of remote sensing for modelling CO2 exchange, albeit for a short temporal snapshot. CB was 

established in 2003 as a long-term Arctic watershed observatory on the southern edge of the high Arctic. 

Alexandra fiord on Ellesmere Island, NU, is a high Arctic research station that has investigated long-term 

vegetation change (Hudson and Henry, 2009). Spatially, the forum for research integrating remote 

sensing, biophysical variables and carbon exchange is limited in the Canadian Arctic. 

5.3.2 Up-Scaling CO2 Exchange 

 Synoptic scale estimates for CO2 exchange require remotely sensed data with regional and global 

coverage (Atkinson et al., 1997). Landscape-scale studies that use high-spatial resolution imagery can 

provide a link to broader scale remote sensing data. There is now an extensive archive of imagery; over 

thirty years’ worth for sensors like AVHRR and Landsat, much of which is available at no cost. Coarse 

and mid-spatial resolution imagery provides excellent temporal resolution (daily global coverage for 

AVHRR at high latitudes). The advantage of high-resolution imagery is that it can provide a precise 

depiction of the spatial variability of a landscape. When land cover shows high spatial variability, as with 

Arctic environments, imagery rarely records pure pixels of a given cover type, a prerequisite for many 

classification and modelling exercises that are interested in the ecosystem patch. With coarse resolution 

imagery, each pixel is a mixture of cover classes and is referred to as sub-pixel mixing. A number of 

techniques have been developed that quantify the fraction of land-cover types within large pixels in 

regional-scale data by extrapolating knowledge from higher-resolution sensors in a process known as 

‘"spectral un-mixing" (Hurtte et al., 2003).  

 Given the evidence of functional convergence with respect to CO2 exchange, it is crucial to 

understand how NDVI as a proxy for biophysical and environmental conditions can scale from plot to 

landscape to region. The use of hand-held NDVI devices and spectrometers has been increasing for plot-

level measurements (Williams et al., 2006; Shaver et al., 2007). NDVI from different sources can be 
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adjusted and compared, though more research is required to validate these up-scaling methods (Morisette 

et al., 2004; Gallo et al., 2005; Laidler et al., 2008). As discussed above, the spatial and temporal 

variability of NDVI should also be further researched. The use of hyperspectral data from ground-based 

sensors should be expanded. Hyperspectral data has been extensively used in boreal mixed wood forests 

to examine their various biophysical components (e.g., chlorophyll concentration, foliar nitrogen), and 

could be applied to an arctic setting (Thomas et al., 2011). Overall, the landscape-scale application of 

high spatial resolution data provides a strong foundation to scale up to broader spatial and temporal 

ranges. 
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Chapter 6 

Conclusion 

  The research presented in this dissertation investigates the overall hypothesis that biotic and 

abiotic factors, which integrate to form the landscape pattern of terrestrial Arctic ecosystems, create 

similar patterns of intra-summer-season CO2 exchange (NEE, GEP, and ER) and that at the landscape 

scale, these fluxes can be related to, and predicted with, high spatial resolution spectral indices. Through 

examining the three research questions and the significant findings of each, conclusions on the overall 

research hypothesis can be drawn. 

 

Research Question 1:  

How can landscape ecosystems be classified into statistically derived, ecologically meaningful, and 

spectrally distinct classes that will best serve to understand the controls and patterns of CO2 exchange? 

Significant Findings: 

1. An ecosystem-driven classification scheme was derived from ecological 

ordination/clustering of biophysical variables, as opposed to a priori classes that have 

little ecological significance. 

2. The classification scheme identified distinct and common ecological classes at two 

distinct study sites. 

3. The classification scheme promotes understanding of the spatial relationship between 

environmental variables, and vegetation patterns provide insight into the structure 

and function of Arctic vegetation communities. 
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Research Question 2:  

Can biophysical variables, such as peak-season aboveground biomass, fraction of vegetation cover, and 

soil moisture, be accurately modeled with high-resolution spectral vegetation indices? 

Significant Findings: 

1. Robust biophysical sampling procedures were developed for high spatial resolution 

image data. 

2. Strong linear bivariate regression equations for PVC, AGB, and gravimetric soil 

moisture were derived at two independent study sites (i.e., CB and SL). 

3. These equations were site-specific but did illustrate parallelism, in that NDVI varied 

at the same rate for all variables. 

4. The results of this study indicate a strong relationship between vegetation 

composition, structure, and function, and also that NDVI is a good normalizing 

variable for the development of functional convergent models. 

 

Research Question 3: Do GEP, ER, and NEE show statistically significant variability within and 

between ecosystem types through the peak summer season, and is functional convergence demonstrated 

such that NDVI data alone can model CO2 exchange rates at the landscape scale for two independent 

sites?  

Significant Findings: 

1. At the high Arctic site of Cape Bounty, and for the majority of ecosystems at 

Sanagak Lake, there was no statistically significant variation in GEP, ER, or NEE 

through the sampling period. This result allows for fewer high spatial resolution 

images to model the CO2 seasonal exchange. 
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2. NDVI was a good predictor of GEP, ER, and NEE at both mid and high Arctic sites, 

indicating that it is a good variable for functional convergence models of CO2 

exchange. 

3. The regression equations for both sites were coincidental (with statistically similar 

slopes and intercepts), allowing one model to predict each flux for each site.  

4. Both ecosystem and functional convergence models predicted similar ER values, 

with only an approximate 10% difference. 

 

This research has demonstrated that biotic and abiotic variables within the ecosystem do integrate 

to generate distinct ecosystem patterns at the landscape scale. Functional convergence is evident in these 

ecosystems in that NDVI is a good variable for biophysical and CO2 exchange models and confirms the 

overall hypothesis of this dissertation. This research has implications for the future study of Arctic 

ecosystems, their monitoring, and modelling of CO2 exchange at a variety of spatial and temporal scales. 

The future work is to expand our spatial and temporal understanding of terrestrial Arctic ecosystem 

processes in a rapidly changing environment. 

 

 


