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Abstract 

Global air surface temperatures and precipitation have increased over the last several decades 

resulting in a trend of greening across the Circumpolar Arctic. The spatial variability of warming and the 

inherent effects on plant communities has not proven to be uniform or homogeneous on global or local 

scales. We can apply remote sensing vegetation indices such as the Normalized Difference Vegetation 

Index (NDVI) to map and monitor vegetation change (e.g., phenology, greening, percent cover, and 

biomass) over time. It is important to document how Arctic vegetation is changing, as it will have large 

implications related to global carbon and surface energy budgets. 

The research reported here examined vegetation greening across different spatial and temporal 

scales at two disparate Arctic sites: Apex River Watershed (ARW), Baffin Island, and Cape Bounty 

Arctic Watershed Observatory (CBAWO), Melville Island, NU. To characterize the vegetation in the 

ARW, high spatial resolution WorldView-2 data were processed to create a supervised land-cover 

classification and model percent vegetation cover (PVC) (a similar process had been completed in a 

previous study for the CBAWO). Meanwhile, NDVI data spanning the past 30 years were derived from 

intermediate resolution Landsat data at the two Arctic sites. The land-cover classifications at both sites 

were used to examine the Landsat NDVI time series by vegetation class. Climate variables (i.e., 

temperature, precipitation and growing season length (GSL) were examined to explore the potential 

relationships of NDVI to climate warming.  

PVC was successfully modeled using high resolution data in the ARW. PVC and plant 

communities appear to reside along a moisture and altitudinal gradient. The NDVI time series 

demonstrated an overall significant increase in greening at the CBAWO (High Arctic site), specifically in 

the dry and mesic vegetation type. However, similar overall greening was not observed for the ARW 

(Low Arctic site). The overall increase in NDVI at the CBAWO was attributed to a significant increase in 

July temperatures, precipitation and GSL.  
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Chapter 1 

Introduction 

 Research Context 

High latitude terrestrial ecosystems account for a large portion of the earth’s surface and are 

expected to be highly sensitive to global climate change (Pearson et al., 2013). It is well accepted that 

global air surface temperatures have increased over the last several decades with the most rapid 

warming occurring in the Arctic (ACIA, 2004; IPCC, 2013). More specifically, the Canadian High 

Arctic has experienced an increase in air surface temperature of approximately two times the global 

rate. Further, the most recent warming (i.e., 1980 - present) in the Arctic is most pronounced in the 

winter, summer and spring (ACIA, 2004; IPCC, 2013). In the next century, the IPCC (2013) 

estimates that the average warming in the Arctic will increase somewhere in the range of 2-9 °C 

depending on the climate scenario. As a result, precipitation in the form of rainfall is also expected to 

show an increasing trend, as has been observed over the last century, albeit highly variable (i.e., 1% 

per decade but more pronounced in the spring season). On the other hand, snowfall has shown a 

decreasing trend as the winter precipitation can be in the form of rain rather than snow (Wipf & 

Rixen, 2010; Cooper et al., 2011). These climatic changes in the Arctic will have notable impacts on 

tundra ecosystems and will include accelerated permafrost thaw, reduced snow cover, changes in 

hydrologic patterns, and decreased sea ice cover; culminating in varied stresses to northern 

communities (ACIA, 2004).  

Vegetation productivity in tundra ecosystems has already begun to increase, resulting in a trend 

of greening that is coincident with an increase in surface temperatures, causing movement of tundra 

vegetation communities pole-wards at unprecedented rates (ACIA, 2004; Stow et al., 2004; Jia et al., 

2009; IPCC 2013; Pearson et al., 2013). The Circumpolar Arctic plant communities are separated into 
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the High and Low Arctic, which is further sub-divided into subzones along a climatic and moisture 

gradient (Walker et al., 2005). The spatial variability of warming and the inherent effects on plant 

species in the high latitudes has not proven to be uniform or homogenous (Stow et al., 2004; Laidler 

et al., 2008). It has been demonstrated through experimental warming methods (within 1-3 °C) that 

vegetation types will likely respond differently to warming after two growing seasons. For instance, 

the Low Arctic will continue to demonstrate an increase in shrub cover and enhanced productivity, 

but with an associated decrease in richness (i.e., lichen and moss) (Fraser et al., 2014). The High 

Arctic has also seen notable changes in vegetation productivity and plant cover due to increased plant 

height and earlier plant growth due to extended growing seasons (Walker et al., 2006).  Additionally, 

it is anticipated that vascular plants will spread into more barren regions due to a change in moisture 

and nutrient availability (Chapin et al., 1992; ACIA, 2004).  

These changes in vegetation processes and structure being observed in the High and Low 

Arctic have been proven to link directly to climate warming (ACIA, 2004; Bhatt et al., 2013; IPCC, 

2013; Tingley & Huybers, 2013). This increased warming will also drive other climatic variables that 

will have an impact on vegetation change: (i) an increase in precipitation due to the early melt and 

loss of sea ice in the spring (Kattsov & Walsh, 2000; Gamon et al., 2013; Boisvert & Stroeve, 2015); 

(ii) reduction in snow cover in the spring due to early snowmelt (i.e., longer growing season) 

(Hinzman et al., 2005; IPCC, 2013); (iii) a change in soil moisture which is largely controlled by 

snow accumulation and drainage and linked to permafrost thaw (Hinzman et al., 2005; Collingwood 

et al., 2014); and  iv) increased nutrient availability due to amplified leaf litter inputs (Welker et al., 

2004). These factors are expected to cause enhanced greening and productivity, thereby favouring 

taller and more dense vegetation. Therefore, in a changing environment, monitoring of vegetation 

patterns and processes over time is critical, given that many plant communities are expected to 

undergo shifts in phenology, community composition, diversity, and abundance at differing rates in 

response to changing climate patterns. 
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Information derived from remote sensing data has greatly advanced our understanding of the 

earth system, particularly with respect to vegetation processes. Coarse spatial resolution time series 

data have been widely used to observe synoptic vegetative patterns and processes due to their vast 

coverage and high temporal frequency (Stow et al., 2004; Brown et al., 2006; Jia et al., 2009; Epstein 

et al., 2012; Yin et al., 2012). However, to examine local landscape patterns and derive links to 

ecosystem processes (e.g., carbon exchange, net ecosystem productivity (NEP)), fine resolution data 

are required (Epstein et al., 2012; Collingwood et al., 2014). Time series satellite observations have 

already provided evidence to suggest that extended growing seasons and enhanced greening are 

occurring in the Arctic (Epstein et al., 2012; Bhatt et al., 2013; Gamon et al., 2013). Remote sensing 

derivatives, such as the Normalized Difference Vegetation Index (NDVI) and time series analyses, 

allow researchers to detect, map, and monitor ecosystem changes, especially in remote regions of the 

Canadian High Arctic where the effects of climate change will be most notable. NDVI is a remotely-

sensed measure of vegetation greenness related to the structural and physiological properties of the 

leaf, plant productivity, and biomass (Forkel et al., 2013). NDVI is often used to analyze vegetation 

productivity and enables an efficient means for spatial and temporal comparisons using time series 

data (Brown et al., 2006; Yin et al., 2012). These data are now available at a range of spatial 

resolutions allowing researchers to examine vegetation patterns and processes from local to global 

scales. 

 Rationale  

The anticipated rise in air surface temperature in the High Arctic will greatly affect permafrost 

stability, soil moisture, water availability, and nutrient fluxes that could alter the competitive 

advantage of different species, modify ecosystem composition, and influence vegetation cover 

characteristics (Stow et al., 2004). It is important to understand and document how Arctic vegetation 
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is changing as it will have large implications related to global carbon and surface energy budgets 

(Bhatt et al., 2013).  

Tundra environments contain significant stores of carbon: approximately 1672 Pg of organic 

carbon within the northern circumpolar region, of which 88% is estimated to be located in perennially 

frozen soils (Schuur et al., 2008; Tamocai et al., 2009). Recent studies have determined that many 

tundra ecosystems are net sources of carbon to the atmosphere due to increased respiration and 

permafrost thaw (Schuur et al., 2008). As a result, forecasted increases in temperature have the 

potential to release large amounts of carbon to the atmosphere (i.e., a positive feedback) - shifting the 

global carbon budget (Hope et al., 1993). Furthermore, Arctic greening that is projected based on 

general circulation models (GCMs) will enhance warming of the tundra surface through albedo 

reduction (Bhatt et al., 2013). The changes in surface albedo due to the reduction in sea ice, snow 

extent, and increased vegetation cover are expected to cause additional heating of the Arctic (i.e., 

further enhancing positive feedback processes) - thereby shifting the global energy balance (Lindsay 

& Rothrock, 1994; Zhang and Walsh, 2006; IPCC, 2013).  

Coarse resolution (e.g., Advanced Very High Resolution Radiometer (AVHRR)) NDVI time 

series data are widely used for regional to global vegetation monitoring due to their vast coverage of 

the earth surface at high temporal scales (Brown et al., 2006; Fensholt & Proud, 2012; Raynolds et 

al., 2012; Yin et al., 2012; Forkel et al., 2013). AVHRR data have a spatial resolution of 1 km and a 

temporal resolution of two global coverages per day.  Coarse spatial resolution time series of the 

Arctic have demonstrated an increase in NDVI related to biophysical variables including, percent 

vegetation cover (PVC) and above ground biomass (AGB) (Raynolds et al., 2006; Raynolds et al., 

2013). Although allowing for repetitive synoptic coverage, AVHRR data is limited with respect to 

providing detailed information on vegetation structure, function and type – precision directly related 

to the changes occurring on the ground (Stow et al., 2004; Epstein et al., 2012). To address this issue, 
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intermediate resolution satellite data (e.g., Landsat TM/ETM/OLS data) can be used for more detailed 

vegetation analyses with a sufficient historical record to monitor change over time. Intermediate 

resolution data also provide more detailed analyses for change detection, land-cover classification and 

estimation of biophysical variables. Finally, using fine resolution data (e.g., IKONOS, GeoEye, 

WorldView) in conjunction with ground measurements allows researchers to develop and link 

between NDVI and above-ground biophysical variables for Arctic tundra, which can then be scaled-

up to intermediate and regional scales (Stow et al., 2004; Epstein et al., 2012). Analyses over a large 

spatial area using fine resolution satellite data in conjunction with ground studies has demonstrated 

that the homogenous greening trend observed at coarse scales is actually heterogeneous at finer scales 

(Raynolds et al., 2013). 

 Research Question  

 This research investigated questions that will advance our understanding of the vegetation 

changes that have occurred over the past 30 years across two disparate Arctic watersheds located in 

the Cape Bounty Arctic Watershed Observatory (CBAWO), Melville Island, NU and the Apex River 

Watershed (ARW), Baffin Island, NU. 

1. Has there been an increase in NDVI (i.e., vegetation productivity) over the past 30 years at 

the CBAWO and ARW study sites? More specifically, has any greening been observed for 

specific vegetation types at the two Arctic locations? 

NDVI time series over the past 30 years (1984-2015) were derived using intermediate 

spatial resolution data (i.e., Landsat data) at the two Arctic study sites. The NDVI time series 

for both sites was coupled with high resolution land-cover classifications in order to identify 

specific vegetation types and their response to warming (i.e., WorldView-2 acquired in 2015 

for the ARW and IKONOS acquired in 2007 for CBAWO) (after Gregory, 2011)). These 
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NDVI trends for each vegetation type were analysed and compared to determine the various 

changes in NDVI for specific vegetation types at each study site. 

2. Can high spatial resolution data be used to model PVC in high latitude tundra environments? 

The tundra vegetation and community composition were characterized across several 

transects located in the ARW by determining PVC. High spatial resolution remote sensing 

data were used to determine if there was a significant relationship between satellite-derived 

NDVI and ground-based PVC measurements using linear regression analysis. If so, PVC can 

be modeled for the entire watershed and PVC can be linked to the NDVI trends observed over 

time (as mentioned in the previous research question). 

3. Can changes in NDVI be linked to climate warming? 

Temperature and precipitation patterns have strong associations with an increase in 

vegetation productivity and can impact the length of the growing season. Climate variables, 

such as temperature, precipitation, and growing season length are analyzed at both study sites 

to determine if changes in NDVI can be directly linked to trends in these climate variables.  

 Thesis outline 

Chapter 1 has provided a brief context and rationale for this research, including three specific 

questions that have been addressed. Chapter 2 presents a critical assessment of the important 

literature related to this research: i) vegetation types varying over a latitudinal gradient in the Arctic, 

ii) the impact of climate change on tundra environments; and iii) biophysical remote sensing for 

identifying landscape change using different spatial and temporal scales (i.e., ground-based field 

measurements of biophysical variables, vegetation indices, land-cover classification, and time series 

analysis). Chapter 3 includes a detailed description of the two Arctic study areas and the experimental 

design for field sampling, as well as the methods employed for remote sensing data acquisition and 

pre-processing, land-cover classification and image time series analysis. Chapter 4 presents the results 
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derived from field and satellite data analyses (i.e., the observed biophysical and climatic trends 

occurring at the study sites are discussed in the context of a latitudinal gradient). Lastly, Chapter 5 

presents the final conclusions for the research questions and recommends steps for future work. 
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Chapter 2 

Literature Review 

This literature review is a comprehensive examination of the most important literature 

regarding monitoring Arctic tundra environments with remote sensing through different spectral, 

spatial and temporal scales. The chapter discusses: i) the characterization of Arctic vegetation in the 

High and Low Arctic; ii) the impact of climate change on tundra environments; and iii) remote 

sensing of biophysical variables, including in-depth review of vegetation indices, land-cover 

classification, and time series analyses using coarse, intermediate, and high spatial resolution data. 

 Overview of Circumpolar Arctic Vegetation 

As a function of low air and soil temperatures, Arctic environments are considered to be barren 

and unproductive due to extremely short growing seasons (Stow et al., 2004). Yet, these unique and 

complex environments consist of varying vegetation types that exhibit intricate environmental 

connections (Laidler & Treitz, 2003). In general, the Circumpolar Arctic region is divided into High, 

Low and Sub-Arctic, each comprised of a wide variety of floristic components, temperatures, and 

surficial materials (Chapin et al., 1992) (Figure 2.1). For the purpose of this study, field sites in the 

Low and High Arctic have been examined. 
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Figure 2.1: Northern hemisphere subdivided into High, Low, and Sub-Arctic. Dashed lines delineate 

the High and Low Arctic zones (Conservation of Arctic Flora and Fauna (CAFF), 2013). 

 

Vegetation located at lower latitudes is characterized as more productive, diverse, and taller, 

whereas, at higher latitudes, vegetation becomes sparse and surfaces more barren. Diversity amongst 

vegetation types is dependent on many biophysical variables such as soil moisture, nutrients, aspect, 

elevation, etc. Strictly speaking, areas with high soil nutrient and moisture regimes, increased 

exposure to the sun, and in low-lying areas with sufficient drainage, will produce dense, green 

meadows, grasses and forbs. On the other hand, unsheltered, rocky environments that have poor soil 

conditions will produce patchy thin layers of vegetation (Stonehouse, 1989). As a result, vegetation 

types vary across spatial scales giving rise to complex, heterogeneous patterns linked to local 

landscapes and regional environmental variables. 
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The plant distributions within these Arctic environments are driven by two dominant factors: 

physical and chemical properties of soil and the summer climate (Edlund, 1993). In North America, 

the extensive glaciation has limited soil development, thereby limiting vegetation growth on the 

central and east mainland. The presence of the Canadian Arctic Archipelago influences the gradual 

change in vegetation northward because it creates a climatic and biotic boundary (Chapin et al., 

1992). The characterization or naming of plant communities across a 10°C July temperature gradient 

is a fundamental challenge (Table 2.1). The most recent characterization of the Arctic (Walker et al., 

2005) will be used to describe the vegetation types at the High and Low Arctic study sites and will be 

discussed further in this research. 

 

Table 2.1: North American Arctic bioclimatic subzone approaches (CAVM Team, 2003). 

*CAVM 

subzones 

Polunin 

(1951) 

Edlund and Alt 

(1989); Edlund 

(1990) 

Bliss 

(1997) 

Daniels et al. 

(2000) 

Walker et al. 

(2002) 

A 
High 

Arctic 

Herbaceous and 

cryptogam 

High 

Arctic 

Arctic herb Cushion forb 

B 
Middle 

Arctic 

Herb-prostrate 

shrub transition 

Northern 

Arctic dwarf 

shrub 

Prostrate 

dwarf-shrub 

C Prostrate shrub 
Middle Arctic 

dwarf shrub 

Hemi-prostrate 

dwarf shrub 

D Low 

Arctic 
Low erect shrub 

Low 

Arctic 

Southern 

Arctic dwarf 

shrub 

Erect dwarf 

shrub 

E Arctic shrub Low shrub 

*Circumpolar Arctic Vegetation Map (CAVM) 

 

Based on summer temperatures and vegetation type, the High and Low Arctic have been 

classified into five bioclimatic subzones: i) Cushion-forb; ii) prostrate dwarf-shrub; iii) hemiprostrate 

dwarf-shrub; iv) erect dwarf-shrub; and v) low shrub  (Walker et al., 2005) (Figure 2.2 and Table 

2.2). These bioclimatic subzones represent biotic criteria that characterize the Arctic climatic 
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gradient; starting at subzone 1 representing cushion forb in the High Arctic to subzone 5 representing 

low shrub just north of the treeline.  In addition to these bioclimatic zones, parent material and 

elevation were used to generate the Circumpolar Arctic Vegetation Map (CAVM). The vegetation 

types located in the two Arctic study sites are seen in Subzone C and D for the Low Arctic site and 

Subzone B for the High Arctic. 

 

Table 2.2: Climate and vegetation characteristics for the Circumpolar Arctic Vegetation Map 

(CAVM) Subzones (CAVM Team, 2003). 

CAVM 

Subzones 

Mean July 

temperature 

(°C) 

Summer 

warmth index 

(°C) 

Dominant 

plant growth 

Forms 

Number of 

vascular 

plant species 

A 0-3 <6 
Cushion forbs, 

mosses, lichen 
<50 

B 3-5 6-9 
Prostrate 

Dwarf Shrub 
50-100 

C 5-7 9-12 

Hemi-prostrate 

dwarf shrubs, 

sedges 

75-150 

D 7-9 
12-20 

 

Erect dwarf 

shrubs, sedges, 

mosses 

125-150 

E 9-12 20-35 

Low shrubs, 

tussock sedges, 

mosses 

200-500 
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Figure 2.2: Bioclimatic subzones of the Circumpolar Arctic (CAVM Team, 2003). Zones A-E 

represent: A) Cushion forbs; B) prostrate dwarf shrubs; C) dwarf shrubs; D) erect dwarf shrub; and E) 

short shrub.  

 

 The Impact of Climate Change on Arctic Vegetation  

High northern latitudes are undergoing dramatic changes with respect to temperature and 

precipitation related to global climate change (ACIA, 2004). Warming trends have been observed in 

northern regions and Global Circulation Models (GCMs) predict that Arctic regions are likely to 

warm by several degrees over the next century (Huemmrich et al., 2010). This increase in warming 

has had a significant impact on Arctic vegetation. Various studies have indicated that there has been 

an increase in vegetation ‘greening’ in the northern high latitudes since the 1980s; greening that has 

been associated with global climate change. The increase in vegetation productivity (i.e., vegetation 

densification and shrub expansion) is also manifested in the earlier onset of greening and lengthening 
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of the growing season (i.e., phenological changes) (Walker et al., 2006). Globally, vegetation 

greening reduces albedo and will have a large-scale atmospheric response resulting in a positive 

feedback mechanism. Zhang & Walsh (2006) employed a GCM to identify a set of simulations with 

both realistic and various aggressive degrees of greenness at northern high latitudes. The results 

convey a significantly warmer and wetter atmosphere attributed to an intensified vegetative 

transpiration due to increased plant cover, and reduced atmospheric stability leading to enhanced 

convective activity (i.e., increase total summer precipitation) (Zhang & Walsh, 2006). In other 

scenarios, the warming tundra surface favors the negative phase of the Arctic Oscillation – i.e., the 

high sea level pressure over the Arctic will reduce sea-ice and continue this positive feedback (Bhatt 

et al., 2013; Boisvert & Stroeve, 2015). 

The overall trend in greening seen across the Arctic will have regional and local effects on 

vegetation types specific to the High and Low Arctic. For instance, there is a vast amount of literature 

using long-term experimental warming to document shifts in vegetation in Northern Alaska. The 

consensus amongst scientists is that shrub cover, senescent plant material, and canopy height are 

increasing at significant rates, while lichen, mosses, and species diversity are declining (Hinzman et 

al., 2005; Wahren et al., 2005;  Elmendorf et al., 2012; Fraser et al., 2014). In the Low Arctic, mesic 

sites generally demonstrate the greatest species diversity and are most responsive to environmental 

changes since soil moisture is the dominant control at these sites. These mesic sites also demonstrate 

a greater increase in canopy height as a function of density in these tundra communities (Hinzman et 

al., 2005; Walker et al., 2006). Moreover, there was no significant effect of increased temperature on 

fruit production in the dwarf shrub heath sites. This fruit production seemed to be influenced 

significantly by application of nutrients and increased soil moisture (Wookey et al., 1993).  

The response of warming is drastically disparate from the Low to High Arctic. Wookey et al. 

(1993) conducted a study simulating environmental change for High Arctic plants. They observed 

that early seed-set was stimulated when High Arctic dwarf shrubs, located in polar semi-desert 
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regions (dry ecosystem), were subjected to warming. This is important considering the High Arctic is 

dominated by barren regions, where colonization can occur. However, the lower biodiversity and 

reduced soil nutrient availability may limit the growth response observed at High Arctic sites. Hudson 

et al. (2011) and Welker et al. (2004) both conducted long-term experimental warming related to 

plant communities in the High Arctic (i.e., Alexandra Fiord, NU). Welker et al. (2004) found that 

overall shrub cover and biomass increased by 20%, with the mesic sites experiencing the largest 

change (22%) compared to the wet sites (12%) over 9-years of experimental warming. Accordingly, 

Hudson et al. (2011) determined that the most common responses to long-term experimental warming 

were associated with larger leaf size and increased plant height over the 16-year period. Moreover, 

heath and willow sites were most affected by this change and none of the traits were affected at the 

meadow sites. This is also true for the short-term warming responses; heath and willow sites were 

affected but not the meadow sites (Hudson et al., 2011).  

 A warming environment will also affect the CO2 balance between the landscape and the 

atmosphere. Ecosystem CO2 exchange is a result two opposing fluxes: (i) photosynthesis (terrestrial 

uptake or gain of carbon); and (ii) respiration, i.e., from the plants (autotrophic respiration) and 

metabolic processes acting on organic matter in the soil (heterotrophic respiration) (both forms of 

respiration contribute to the terrestrial release of carbon to the atmosphere). Warming in the Arctic 

and increases in available soil moisture will enhance vegetation productivity, thereby increasing the 

carbon captured by primary producers (and serve as a negative feedback to atmospheric CO2). 

However, it is expected that warming will increase permafrost thaw and microbial decomposition of 

organic carbon (i.e., heterotrophic respiration) that will significantly contribute to atmospheric carbon 

concentrations (and serve as a positive feedback to atmospheric CO2). 

It is anticipated that Arctic tundra communities will exhibit different rates of carbon 

exchange in response to warming. In the Low Arctic, wet ecosystems have demonstrated the largest 

net carbon gain compared to dry heath ecosystems (Nobrega & Grogan, 2008; Emmerton et al., 
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2015). Similarly, in the High Arctic, Welker et al. (2004) found that the wet and dry ecosystems 

showed net gains of carbon, whereas the mesic demonstrated a net loss. Experimental warming 

techniques demonstrated that the wet and dry vegetation types increased their carbon uptake by 20% 

and 12% respectively. The mesic tundra increased their carbon uptake by 30% with no change in 

respiration (Welker et al., 2004). This demonstrates that carbon cycling in the Arctic is highly 

ecosystem specific and will vary across the Circumpolar Arctic.  

 Remote Sensing Applications for Monitoring Landscape Change in the Arctic 

Monitoring change in vegetation types across the High and Low Arctic can be challenging due 

to the logistical requirements of fieldwork in remote areas. However, remote sensing techniques are 

able to record changes in the spatial distribution of vegetation structure, phenology and productivity 

across the Arctic where fieldwork proves difficult or impossible. Furthermore, satellite remote 

sensing provides systematic and spatially continuous vegetation data across spatial, spectral, and 

temporal scales (Atkinson & Treitz, 2013). Considering the scales of spatial heterogeneity of Arctic 

vegetation, choosing the appropriate remote sensing data (i.e., spatial, spectral and temporal 

resolutions) needs to be carefully considered, particularly in the context of the phenomenon being 

examined (Table 2.3). 

Table 2.3: An overview of satellite sensors used in Arctic vegetation analysis (Xie et al., 2008). 

Sensors Multispectral spatial resolution Revisit Time Temporal 

Range  

MODIS Coarse spatial resolution (250-1000 m) 1-2 days 2000 to present 

AVHRR Coarse spatial resolution (1000 m) 1-2 days 1980 to present 

Landsat TM, 

ETM+ and OLI 
Intermediate spatial resolution (30 m) 16 days 1982 to present 

SPOT 
Large range of intermediate spatial resolution 

(20 m-2.5 m) 
2-3 days 1998 to present 

IKONOS High resolution data (4 m) 3-5 days 1999 to present 

WorldView High resolution data (1.8 m) 1-2 days 2007 to present 
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 Remote Sensing of Biophysical Variables at High Latitudes 

Advanced Very High Resolution Radiometer (AVHRR) and Moderate Resolution Imaging 

Spectrometer (MODIS) data have become extremely important for monitoring inter- and intra-annual 

productivity and phenology across spatial scales (i.e., regional to global). These coarse spatial 

resolution satellite sensors have frequent temporal coverage and therefore are capable of: (i) 

monitoring biophysical variables (e.g., AGB, PVC) at global scales (Epstein et al., 2012; Fensholt & 

Proud, 2012; Raynolds et al., 2012); (ii) examining long-term global trends using time series analyses 

(Jia et al., 2009; Beck et al., 2011; Bhatt et al., 2013); (iii) examining short-term phenological change 

(Zhou et al., 2001; Jeganathan et al., 2014); and (iv) monitoring global and regional trends in net 

primary production (NPP) and CO2 gas exchange (Vourlitis et al., 2000; Saito et al., 2009). For 

example, Raynolds et al. (2011) quantified the first strong relationship (r2=0.94, p<0.001) between 

ABG (i.e., phytomass) on a global biome scale using an NDVI time series with AVHRR data. With 

this strong correlation, phytomass was estimated for the entire tundra environment. Without detailed 

information from coarse resolution data from a global perspective, global environmental change 

would be difficult to quantify. Additionally, Epstein et al. (2012) applied AVHRR data to determine 

an increase in AGB in the Circumpolar Arctic by using a link to field biomass measurements. 

Regarding vegetation types, tundra subzones C-E in the CAVM (Walker et al., 2005) exhibited the 

greatest increase in biomass. The limitations to using these coarse spatial resolution sensors are their 

lack of capacity for capturing details in an environment that is considered to be extremely 

heterogeneous. To strengthen the relationship between NDVI and biophysical measurements, Epstein 

et al. (2012) suggested that higher resolution sensors, such as Landsat and QuickBird would provide 

detailed information to document the changes occurring over time. 

There is a substantial amount of literature analyzing intermediate spatial resolution satellite 

data, such as Landsat and SPOT for measuring vegetative processes. Landsat data are more 

commonly examined because this sensor has the longest temporal record for intermediate resolution 
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that is freely accessible to the public. This extensive archive of data provides an opportunity to study 

decadal vegetation changes at finer spatial scales. Similar to the coarse spatial resolution sensors, 

studies examining intermediate resolution satellite data report on: (i) vegetation cover/shrub 

expansion (i.e., amount of greening) in the Arctic (Tape et al., 2012; Fraser et al., 2014); (ii) time 

series analyses and change detection for more local landscapes (Brown et al., 2006; Fraser et al., 

2011; Simms & Ward, 2013); and (iii) more detailed estimates of productivity, PVC, biomass and 

leaf area index (LAI) (Beck et al., 2011).  For instance, Emmerton et al. (2016) used NDVI values 

from Landsat ETM+ data to evaluate satellite reflectance measurements against ground NDVI and 

eddy covariance flux tower measurements (EC) to determine if remote sensing data could be used to 

estimate gross primary production (GPP) and NEE in the Lake Hazen watershed. The wetland areas 

demonstrated strong relationships between satellite NDVI and measured GPP and NEE; concluding 

that for instances when NDVI is greater than 0.3, plant growth is sufficient to sustain NEE fluxes and 

improve net carbon estimates. Using Landsat imagery in the Arctic can be difficult because the 

relatively higher spatial resolution of Landsat data and the lack of pointable optics result in lower 

revisit capabilities than coarser resolution satellite data; hence Landsat data more susceptible to less 

than ideal atmospheric conditions. More specifically, the Arctic has a short growing season and tends 

to have a high percentage of cloud cover during the summer months making image acquisition 

difficult (Fraser et al., 2011). 

Despite the many benefits of using coarse and intermediate spatial resolution satellite data, 

these observations do pose challenges for resolving the spatial functionality of heterogeneous tundra 

landscapes (i.e., vegetation types) (Stow et al., 2004). High resolution satellite sensors have the 

benefit of pointable optics, thus the satellite can have a revisited capacity that is higher than coarser 

resolution data. However, high spatial resolution data (e.g., IKONOS, WorldView, GeoEye, 

QuickBird) tend to be expensive and do not have the temporal precision of AVHRR or the cost-
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effectiveness of Landsat data; nonetheless, to account for the high variability in tundra environments 

high spatial resolution data are preferred.  

Similar to traditional sensors (i.e., AVHRR, Landsat, SPOT), studies examining high spatial 

resolution satellite data report on: i) estimating biophysical variables, such as soil moisture, PVC, 

AGB and CO2 fluxes (Stow et al., 2004; Boelman et al., 2011; Greaves et al., 2015); and ii) 

vegetation classification and change detection (Collingwood et al., 2014; Beck et al., 2015). Another 

approach for examining the relationships between biophysical variables and NDVI involves the 

application of high resolution field-based spectroradiometers. For example, Goswami et al. (2015) 

analyzed the relationship between AGB, LAI and NDVI using field-based NDVI measurements for 

six common plant species near Barrow, Alaska. The results demonstrated that NDVI values for the 

six species exhibited a strong relationship with biomass and LAI. However, NDVI showed evidence 

of saturation thresholds for both variables. It is possible that these results denote that greening tundra 

could be linked to small changes in species composition (Goswami et al., 2015). This study, including 

several others (e.g., Boelman et al., 2011; Sweet et al., 2015),  support the use of high resolution 

hand-held NDVI devices for indirectly measuring plant community structure in the field. 

 Spectral Indices 

Using remote sensing to estimate biophysical properties is only possible due to the unique 

spectral characteristics of vegetation. Green vegetation exhibits unique spectral reflectance (and 

absorption and transmittance) characteristics in the visible and reflected infrared region as a function 

of the chemical and structural properties of leaf materials, more specifically, chlorophyll content and 

cell structure (Laidler et al., 2008). Chlorophyll, and other pigments, absorb radiation in the visible 

wavelengths, whereas cell structures of leaves are typically organized in such a manner as to reflect 

strongly in the near infrared (NIR), denoting healthy, productive vegetation (Brown et al., 2006). 

Accordingly, this processes occurs at different rates in each plant species and as a function of plant 
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health, which helps distinguish various plant types and conditions. As a result of the contrasting 

interactions between the visible and the near infrared wavelengths and photosynthetic materials, 

spectral indices utilizing these wavelengths have been developed to map, monitor, and measure 

biophysical properties of vegetation. 

The most common and widely used vegetation index, i.e., the Normalized Difference 

Vegetation Index (NDVI) described by Deering (1978) and Tucker (1979), is used to measure 

vegetation productivity at various spatial resolutions (AVHRR, MODIS, Landsat, WorldView). 

Healthy green vegetation has a strong reflectivity in the near-infrared (NIR) wavelengths (i.e., due to 

cell structure) and high absorption in the red (R) wavelengths (due to chlorophyll absorption) (Jensen, 

2007). As a result, NDVI is derived as follows: 

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

NDVI has shown to have strong correlations to many biophysical variables such as AGB, PVC, LAI, 

fraction of absorbed photosynthetically active radiation (FPAR), and CO2 fluxes (Stow et al., 1998; 

Raynolds et al., 2012; Sweet et al., 2015). 

The main benefit of using vegetation indices to estimate biophysical variables is the capacity 

for extrapolating these relationships (i.e., modeling the biophysical variables) spatially using remote 

sensing data. Sweet et al. (2015) found that NDVI was able to effectively estimate spatial and 

temporal variations in canopy arthropod biomass within specific vegetation communities in the Arctic 

Foothills of Alaska. Furthermore, Laidler et al (2008) reported a significant linear relationship 

between NDVI and PVC using high resolution IKONOS and Landsat 7 data; thereby generating a 

model of PVC across a large study area on Boothia Peninsula, NU. Modeling PVC spatially in this 

manner provides vegetation distribution and cover characteristics that may be difficult to measure in 

the field. Stow et al. (1993) analyzed the spatial variability and co-variability of NDVI in the context 

of estimating regional scale CO2 at various spatial scales, including AVHRR, Landsat and SPOT data. 

The authors demonstrated that NDVI is a good predictor for net ecosystem exchange (NEE) at high 
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spatial resolutions (i.e., a 1-10m) because the landscape features in this area are smaller than the 

ground resolution of coarse resolution remote sensing data (i.e., AVHRR). Hence, in terms of spatial 

scales, WorldView, GeoEye and IKONOS allow for more precise definition of PVC (and other 

biophysical variables) across a landscape. 

 Classifying Plant Communities 

Land-cover classification is one of the most common applications of satellite data (Song et al. 

2001). The information retrieved from a land-cover classification has multiple applications for 

scientific research and resource management. However, classification of satellite data using different 

spatial resolutions requires different processing methods in order to extract land cover and land use 

accurately and precisely (Beaubien et al., 1999). Moreover, image classifications in Arctic tundra 

environments are more difficult due to the heterogeneity of the Arctic. As a result, there have been 

several maps produced on a global scale for the Circumpolar Arctic as well as regional scale efforts 

for specific areas. 

Much effort has gone into developing a standardized vegetation classification for the Arctic. 

The CAVM (Walker et al., 2005), derived largely from AVHRR data, is generally accepted as the 

first map created with sufficient detail to be used in conservation, education, and more importantly, in 

climate change research (Walker et al., 2005) (Figure 2.3). This map was derived from different data 

types: i.e., satellite remote sensing data (i.e., NDVI), topography, hydrology, vegetation, surficial 

geology, soils, percent water cover, bioclimatic subzones, and floristic provinces. To generate the 

CAVM, Walker et al. (2005) relied on literature, expert knowledge, and close visual examination of 

various remote sensing data in order to derive the final mapping units.  Automated processing was 

difficult, given the vegetation types had similar spectral properties and could not be separated 

accurately using spectral data alone. Hence, the accuracy of the map will vary depending on the area 

and amount of information available (i.e., validation data). The information created by linking 
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vegetation characteristics with ancillary data into a single landscape unit allows for rule-based 

classification that can be updated as new information becomes available, either through field work or 

from remote sensing data (Gould et al., 2002). 

 

Figure 2.3: Circumpolar Arctic Vegetation Map (CAVM) using AVHRR satellite data outlining 

vegetation type (CAVM Team, 2003). 

 

Vegetation classifications for remote areas at local and regional scales are typically generated 

using intermediate spatial resolution data, such as Landsat and SPOT (Muller et al., 1999; Stow et al., 

2004; Ju & Masek, 2016 ). For instance, Olthof et al. (2009) created the Circa-2000 Northern Land 

Cover of Canada based on Walker et al.’s (2005) CAVM, using Landsat 7 ETM+ in order to 

characterize vegetation types more precisely than are depicted in the CAVM. This classification also 

used ancillary information to supplement the spectral data. In contrast to the CAVM, limited 

validation data were used for accuracy assessment at three diffident locations (i.e., Iqaluit NU, Lupin 
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and Tuktoyaktuk NWT; overall accuracy 81.5% using 76 validation points). In recent literature, there 

has been an increasing call for higher spatial resolution image classification. Schneider et al. (2009) 

used a Landsat ETM+ image classification of the tundra vegetation located in Lena Delta, Siberia, to 

upscale local methane emissions to high latitude landscapes (image classification exhibited 77.8 

overall accuracy with a Kappa of 0.74). The authors emphasize the importance of high resolution 

satellite-based classifications to provide more precise depiction of vegetation classes in these 

environments. 

The primary concern with maps derived from image classification is the ability to validate the 

accuracy of these maps given the remote nature of the environment being studied. There is inevitable 

lack of detailed information for the vegetation classes across such a large expanse. For instance, Stow 

et al. (1989) state that intermediate spatial resolution data (i.e., SPOT) should be limited to land cover 

estimations, rather than precise mapping of Arctic vegetation types. Even with multiple spectral-

based analysis methods, the validation data from their study revealed a relatively poor classification 

result (i.e., 56% overall accuracy). Stow et al. (1998) suggest that a spatial resolution even higher 

than SPOT would be required to examine precise vegetation types, but given issues of coverage, this 

would be limited to local scales. 

Coarse spatial resolution observations are insufficient for identifying patch-scale mosaics of 

spatially heterogeneous landscapes. Atkinson & Treitz (2012) conducted classifications at two Arctic 

sites (i.e., CBAWO and Boothia Peninsula; 69% and 74% overall accuracy respectively) using 

IKONOS high resolution multispectral data. The results of this study illustrate that using ecological 

variables (soil moisture and indicator species) and remote sensing techniques can produce image 

classifications with defined a priori classes. The authors argue that, although the results do appear to 

be lower than other classification efforts, these classifications examined in the context of 

environmental gradients have greater ecological meaning in Arctic environments. To improve 

classification results, NDVI should be used as an additional variable to provide greater discrimination 
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of vegetation types in order to define more accurate results (Atkinson & Treitz, 2012).  Beck et al. 

(2015) conducted an image classification using high spatial resolution data to detect small scale 

features, while using intermediate spatial resolution data to identify land cover changes in vegetation 

and thermoskarst lakes over time; thereby capturing the spatial and temporal land-cover change in the 

Uminujap region of northern Quebec.  

Stow et al. (2004) also recommend the application of high spatial resolution data for mapping 

heterogeneous environments. However, high resolution data are unlikely to replace Landsat data due 

to the cost and limited extent of coverage per frame (Stow et al., 2004). It is clear that the spatial 

resolution in a land-cover classification is dependent on the scale being analyzed. Alternatively, it is 

anticipated that many future studies will be incorporating high spatial resolution data (i.e., 

classification, change detection, and estimating biophysical variables) to link with and “up-scale” to 

intermediate resolutions (Atkinson & Treitz, 2012). Neigh et al. (2008) investigated using multiple 

resolution satellite data to explain an increase in NDVI using AVHRR data from 1982-2005. They 

inspected anomalies with multi-resolution data (i.e., Landsat, IKONOS, arterial photography and 

ancillary data) to determine the main drivers impacting vegetation (i.e. climate, drought, forest fires 

etc.). Using multiple resolutions can be used efficiently and accurately to extract synoptic and 

detailed information of ecosystem condition (Neigh et al., 2008). 

 

 Time series Analysis using Satellite Remote Sensing Data 

Analyzing individual satellite images to extract vegetation biophysical variables is of value, but 

in a dynamic environment, it is also necessary to monitor the vegetation through time. Furthermore, 

climate change impacts on Arctic environments must be analyzed over the long-term as short-term 

greening and browning trends have been linked to natural climate variations (Bhatt et al., 2013). The 

most typical studies associated with Arctic tundra time series analyses include photosynthetic activity 
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(i.e., greening or browning) and length of growing season (Jia & Epstein 2003; Epstein et al., 2012; 

Gamon et al., 2013) at different spatial resolutions. Similar to other remote sensing applications, 

coarse resolution studies are more common due to the vast coverage offered by these satellites, yet 

intermediate resolution data is becoming more feasible, particularly at high latitudes where orbit 

tracks converge. On the other hand, higher resolution data for time series analysis is not widely used, 

though it can be employed more precisely to examine land-cover change derived from multi-temporal 

studies with lower resolution data. 

There is a vast amount of literature across disciplines that report on the application of satellite 

data for monitoring tundra environments. These include several comprehensive studies that have 

applied AVHRR time series data to demonstrate notable decadal changes in vegetation greenness at 

northern high latitudes (Stow et al., 2003; Brown et al., 2006; Raynolds et al., 2012). Jia et al. (2009) 

used AHVRR data to investigate the inter-annual changes of vegetation greenness on a latitudinal 

gradient in the Arctic from 1982-2003 to demonstrate how dominant plant communities differ in 

spatial and temporal greenness for ecosystems in the Low and High Arctic. There was a general 

increase in greenness over the two decades with the greatest changes in peak NDVI observed in 

bioclimatic Subzones C and D (transitional zone between High and Low Arctic) with the lowest 

change in Subzone E (dominated by low deciduous shrubs) (CAVM; Walker et al., 2005). On a 

shorter temporal scale, tundra vegetation is experiencing a longer growing season with greater peaks 

in greenness observed over the last two decades. Jia et al. (2009) reported that peak greenness 

occurred earlier in the growing season in the High Arctic (i.e., 15 days earlier in the 2nd decade in 

Subzone A and B, and 7 days earlier in Subzone C).  

Similar to AVHRR, the Global Inventory Modeling and Mapping Studies (GIMMS) NDVI 

dataset (GIMMS3g) presents three decades of imagery, bi-monthly to improve performance in high 

latitude environments amongst AVHRR-based NDVI data sets. Guay et al. (2014) compared 

GIMMS3g to higher resolution MODIS and SPOT sensors to examine recent change in greenness at 
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high northern latitudes. The study revealed the GIMMS data set closely resembled the MODIS 

datasets in terms of spatial patterns and NDVI trends; whereas SPOT drastically disagreed with both 

GIMMS and MODIS due to spatial resolution constraints. 

In another comparative study, Ju and Masek (2016) constructed a peak-summer Landsat 

composite of Canada and Alaska from 1984-2012 to compare against the Pinzon and Tucker (2014) 

GIMMS AVHRR NDVI3g dataset. Their analysis revealed 29.4% greening in all of Canada and 

2.9% increase in greening occurring in Alaska. The most intense greening occurred in the tundra of 

western Alaska and along the north coast of Canada with the most extensive greening occurring in 

Quebec and Labrador. Comparing the two spatial resolutions, the Landsat data provided finer 

resolution observations, as well as spatially more complete cover. Analyzing spectral responses of 

vegetation types over various scales, a similar greenness trend occurs in all plant communities 

between the Landsat and GIMMS3g data, yet areas including the Alaska North Slope have been 

reported as significantly greener in GIMMS3g than the Landsat data. Raynolds et al. (2013) conducted 

similar NDVI time series on the Foothills of the Alaska North Slope and found a 5% (statistically 

significant) increase in NDVI over a 22-year period. This small increase in greenness is also shown in 

other studies conducted in northern Canada where a small proportion of the landscape was 

responsible for the overall increase in NDVI (McManus et al., 2012; Fraser et al., 2014).  

Using high spatial resolution data for time series analysis is uncommon due to a short time 

scale; yet, these data can be used to supplement coarse resolution time series. For example, Urban et 

al. (2014) used coarse resolution GIMMS time series data to document greenness occurring in Pan-

Arctic regions over the last 30 years; while using Landsat and high resolution RapidEye (5m 

resolution) to measure woody vegetation cover and vegetation structure over a 40 year time span in 

local areas of Siberia. Moreover, they used different spatial and temporal scales to highlight the 

changes in land-cover due to climate-induced trends in the last few decades. The results from the high 
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spatial resolution classification illustrated an increase in woody vegetation cover towards the north 

indicating a northward shift in treeline (Urban et al., 2014). 

An overall consensus is lacking with respect to the application of coarse or intermediate spatial 

resolution data for time series analysis.  In short, it is dependent on the nature and scale of the change 

being examined. NDVI trends for vegetation types across different spatial scales have shown similar 

increasing NDVI trends, yet NDVI fluctuates in regards to magnitude. This process demonstrates the 

need for validation (Ju and Masek, 2016) which can only occur at local scales. Furthermore, due to 

differences in spectral bandwidths and calibrations, cross-sensor comparisons are difficult to quantify 

(Guay et al., 2014). Lastly, broader efforts are required to evaluate NDVI time series against field 

measurements of vegetation growth, and productivity with high spatial resolution data in order to 

better understand ecosystem responses to environmental change over large areas.  

 Summary 

Monitoring vegetation change in the Arctic is an important process for examining the impact of 

a warming climate. Due to the vast expanse of the largely uninhabited Arctic, remote sensing 

techniques must be employed at various spatial and temporal scales to examine this change. However, 

in terms of estimating and measuring biophysical variables, it remains important to supplement 

satellite measurements with field-based measurements. Moreover, selecting the appropriate scale for 

image classification and time series analysis is still widely discussed amongst researchers. From a 

review of the relevant literature, it is still unclear that there is a single resolution required for 

monitoring vegetation change. For instance, coarse spatial resolution data are important when 

analyzing global vegetation phenomena; shifts in greenness over time or phenological changes 

throughout the growing season. Intermediate resolution data are used for a more regional, detailed 

analysis of vegetation changes, field measurements, time series, and land-cover classifications. 

Lastly, high resolution data provide more precise assessments of biophysical variables and land-cover 
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classification but are unlikely to be used for time series analysis (at least in the immediate future). It 

is clear that the spatial resolution is often dependent on the variables being examined or the processes 

being performed. Therefore, using multi-resolution data (i.e., an analysis using multiple resolution 

sensors, including aerial photography and ancillary data) can provide critical knowledge of the 

vegetation dynamics occurring in the Arctic. For this research, multiple spatial and temporal scales 

including supplementary field data measurements were chosen to map and monitoring the changes 

occurring at a High and Low Arctic study site. 
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Chapter 3 

Methods 

This chapter describes the study sites and outlines the methods conducted for this research. In 

Section 3.1, descriptions of the two study areas including location, geology and climate are outlined. 

Section 3.2 examines the experimental design and field methods conducted in the ARW; specifically 

to determine the field site locations, to collect PVC measurements using the ITEX method and 

calibration/validation data for image classification. Finally, Section 3.3 describes the laboratory 

methods applied in this research: (i) deriving PVC from image data; (ii) processing satellite data to 

derive spectral indices; (iii) conducting image classification; and (iv) performing satellite time series 

analyses. 

 Study Location and Site Descriptions 

This study was conducted at two sites in the Canadian High and Low Arctic: the Cape Bounty 

Arctic Watershed Observatory (CBAWO), Melville Island, NU, and the Apex River Watershed 

(ARW), Baffin Island, NU, respectively. These study sites were selected based on three factors: i) 

previous field data were collected at the CBAWO; ii) the ARW is easily accessible from Iqaluit; and 

iii) these study sites represent a latitudinal gradient and an effective surrogate for a temperature 

gradient. Field data collection was conducted in the ARW during the summer of 2015, whereas 

similar measurements were collected at the CBAWO (Figure 3.1) over the last 13 years by other 

researchers.  
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Figure 3.1: Study locations on Melville Island (CBAWO) and Baffin Island (ARW) Nunavut, 

Canada. 

 

 ARW (near Iqaluit), Baffin Island, NU 

A field campaign was conducted in the ARW (63° 48’ N and 68° 31’ W) from June 10th to 

August 20th 2015 (Figure 3.1). This watershed is roughly 58 km2 and is characterized by undulating 

topography of medium to high relief (i.e., approximately 50-300m above sea level) with the highest 

elevation located in the northern reaches of the watershed. The Apex River discharges into Koojesse 

Inlet near the mouth of Frobisher Bay. The ARW consists of sand and gravel glaciofluvial and 

glaciomarine sediment, which is underlain by Ordovician sedimentary rocks and Precambrian granite-

gneiss bedrock (Jacobs et al., 1997; Natural Resources Canada, 2012).  

The mean monthly air surface temperatures in Iqaluit range from 8.2°C in July to −26.9°C in 
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January with an annual mean of −9.3°C. In addition, the total annual precipitation, predominantly 

falling as snow, averages 412mm (Environment Canada, 2015). The ARW is underlain by a 

continuous permafrost region with a relatively short growing season giving rise to a relatively shallow 

active layer (i.e., 1.5-2.5m) and short snow-free period (Leblanc, 2012). The average growing season 

starts in June and ends in August with peak season occurring in late July.  

The vegetation of the ARW is considered to be a part of Subzone D, yet also contains hemi-

prostrate dwarf shrub, which is more common in Subzone C (Walker et al., 2005). There are five 

broad vegetation types located in the ARW that are similar to the types occurring in Subzone C and 

D: i) dry vegetation type (P1) – prostrate dwarf shrub, herb tundra; ii) mesic vegetation type (P2) - 

prostrate/hemi-prostrate, dwarf shrub tundra; iii) mesic vegetation type (G2) – graminoid, prostrate 

dwarf shrub; iv) mesic vegetation type (G3) – non-tussock sedge, dwarf shrub, moss tundra; and v) 

wet vegetation type (W1) - sedge/grass, moss wetlands (Obradovic & Sklash, 1986; Jacobs et al., 

1997; CAVM Team, 2003; Walker et al., 2005) (Figure 3.2). 

P1 is characterized as dry tundra with patchy vegetation (i.e., prostrate dwarf shrub dominant) 

located on hilltops and in dry areas. This vegetation type occurs mostly in continuous areas of 

Dryas/heath on bedrock or till (mesic till or colluvial deposits) and may contain 10% lichen and moss 

(Olthof et al., 2008; Hines and Moore, 1988). P2 is considered to be moist to dry tundra where 

Cassiope vegetation types are most common in acidic/non-acidic granite-gneiss bedrock. This area 

tends to have the greatest diversity of heath species, including Cassiope tetragona (L.) D.Don (White 

Arctic Heather), Rhododendron tomentosum (Labrador tea), Vaccinium vitis-idaea (mountain 

cranberry). G2 is also considered to be moist to dry tundra with open to continuous plant cover often 

in hummocky terrain (CAVM Team, 2003). This area has a large diversity of plant communities 

including sedge, rushes, and prostrate dwarf-shrubs. G3 is a continuous area of vegetation (i.e., up to 

100% vegetated) with a mixture of graminoid and dwarf shrubs. It is considered moist tundra and is 

dominated by the sedge community with less than 25% dwarf shrubs including a thick carpet of moss 
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and lichen (CAVM Team, 2003). Lastly, W1 has higher moisture content than the tussock graminoid 

with less than 10% dwarf shrubs and exhibits small areas of mosses and forbs. This wet sedge is 

commonly found in low-lying areas, in elevated but moist microsites, and along rivers and lakes 

where marine or lacustrine sediment is found (Jacobs et al., 1997; Walker., 2005).  
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Figure 3.2: Plant communities at the ARW: a) prostate dwarf shrub, herb tundra; b) prostrate/hemi-

prostrate, dwarf shrub tundra; c) graminoid, prostrate dwarf shrub; d) non-tussock sedge, dwarf shrub, 

moss tundra; and e) sedge/grass, moss wetlands. 

 

 CBAWO, Melville Island, NU 

Field data used for this research at the CBAWO (74º, 55’N, 109º, 35’W) were collected in the 

summer of 2008; however, vegetation data have been collected in this area since 2003 (Figure 3.1) 
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(Gregory, 2011). The study site contains two adjacent watersheds spanning 30km2 exhibiting low to 

medium topographic relief (i.e., 5-125m above sea level). The most common surficial material is 

weathered bedrock predominantly where linear bands of the Devonian formation and the sediments of 

the Sverdrup basin are clearly delineated (Edlund, 1993). The site is overlain by glacial till (i.e., 

Winter Harbour Till) and a thick carbonate rich till with crystalline clasts draped over the sedimentary 

bedrock (Edlund, 1993). 

The mean July temperatures derived from temperature data collected at the Main 

Meteorological Station at Cape Bounty from 2003-2015 is 6.2ºC, and the mean July precipitation is 

31mm (Lamoureux et al., 2015). The CBAWO is in a continuous permafrost region with an active 

layer depth of 0.5-1.0m (Atkinson and Treitz, 2013). The melt season extends from June through 

August, which limits the short growing season from late June to early August (Environment Canada, 

2015). 

According to the CAVM, Cape Bounty is located in Bioclimatic Zone 2 with a G2 

classification; i.e, graminoid, prostrate dwarf shrub, forb tundra. There are three main vegetation 

types at Cape Bounty characterized along a summer season soil moisture gradient: Polar Semi-Desert, 

Mesic Tundra, and Wet Sedge Meadows (Gregory, 2011; Atkinson & Treitz, 2012) (Figure 3.3). To 

better integrate an ecological classification similar to the ARW, the CAVM was summarized for the 

area. Polar semi-desert (dry ecosystem) is closely related to P1- prostrate dwarf-shrub, herb tundra 

and is typically located on the well-drained uplands consisting of woody shrubs, forbs, grasses, 

mosses and lichen displayed in the crevices of the patterned ground (Gregory, 2011). The mesic 

tundra vegetation type (intermediate moisture ecosystem) is similar to G1 –   rush/grass, forb, 

cryptogram tundra; and exhibits a greater density of plants, particularly rushes, grasses, mosses and 

dwarf shrubs. Lastly, the wet sedge vegetation type (wet ecosystem) is related to W1- sedge/grass, 

moss wetlands (Walker et al., 2005; Atkinson & Treitz, 2012). Wet sedge meadows reside in low-
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lying areas along rivers or downslope from permanent snow banks and have dense vegetation that 

includes thick sedges and grasses (Gregory, 2011; CAVM Team, 2003). 

 

 

Figure 3.3: Vegetation types in the CBAWO: a) polar-semi desert; b) mesic tundra; and c) wet sedge 

meadows (Gregory, 2011). 

 

 Field Sampling: Experimental Design 

Biophysical variables and field data measured at the ARW included: i) measuring PVC using 

the international tundra experiment (ITEX) point-based method (Molau & Molgaard, 1996); and ii) 

vegetation cover class information for land-cover classification (details will be described in later 

sections). Tundra ecosystems tend to have heterogeneous vegetation cover at various scales; hence, it 

is important that the ground measurements and sampling protocols account for this variability. The 

field measurements were used to supplement the high spatial resolution satellite data (i.e., IKONOS 
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and WorldView-2) for examining the overall change in vegetation productivity over time in the High 

and Low Arctic using intermediate scale remote sensing data (i.e., Landsat) (Figure 3.4). 

 

 

Figure 3.4: Experimental Design Flowchart. Grey boxes signify raw field and satellite data, the white 

boxes are the actions established to achieve the final results in the black boxes. 

 

 Selecting Field Sites 

Upon arrival to the study site, a series of 14 x 100 m paired transects were selected based on an 

unsupervised land-cover classification (i.e., classes distinguished based on spectral thresholds) 

derived from high spatial resolution WorldView-2 multispectral data (i.e., 1.67 m spatial resolution, 

acquired on July 19th 2012; Figure 3.5).  

Since there was no a priori map of the vegetation types present in the ARW, the unsupervised 

classification was used to stratify the study site into spectrally separate land cover (i.e., vegetation) 

classes (for field sampling). An unsupervised approach was used to classify the 2012 WorldView-2 

image using the ISO-data algorithm in the ENVI image analysis software package (v 5.2). The ISO-

data parameters included the separability of up to ten spectral classes. After several iterations, the 
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algorithm classified four spectrally separable land-cover types from rocky barren areas to highly 

vegetated areas based on eight input channels (i.e., seven spectral channels and an NDVI input layer.  

The unsupervised classification and a Digital Elevation Model (DEM) for the ARW were used 

to locate paired transects. Paired transects were sampled to ensure that sufficient data were collected 

to acquire a representative sample of the vegetation types (and PVC) present in the study area (i.e., 

across elevation, moisture and slope gradients); particularly given time was a limiting factor. The 

locations of the paired transects were selected to provide a range of highly vegetated to non-vegetated 

areas and across topographic gradients. Transects were also collected at different orientations in an 

attempt to capture vegetation along different slope an aspect gradients (and to avoid anisotropic 

effects).  

 

Figure 3.5: (a) Preliminary transect locations based on the unsupervised land-cover classification of 

the 2012 WorldView-2 data. (b) Modified transect locations based on field verifications 

superimposed on the 2015 WorldView-2 data. 
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Before collecting and recording field data, the sites were visited on June 24th and 25th to verify 

that the distribution of transects accounted for the range of vegetation types and elevation profiles. 

Transects were marked with orange flags and their GPS coordinates were recorded using a Trimble 

GeoExplorer 2008 series Global Positioning System (GPS) and Garmin GPS systems (GPSmap 

60CSx). Transects were verified and in some cases modified to ensure accessibility and a full range 

of vegetation types (Figure 3.5). These modifications included: i) the number and location of 

transects; ii) the temporal sampling of each transect (due to weather and time restrictions, not all 

transects were sampled on multiple dates); and iii) the number of plots sampled at certain transects 

varied (e.g., transects 4-7 only had 3-4 plots due to time and weather restrictions). 

 PVC and Quadrat Sampling Procedure 

PVC data were collected in vegetation plots (6 m x 6 m) located at 20 m intervals along each 

transect. The plots were divided into four sections and four 0.5 m x 0.5 m quadrats were established 

at the center in each section (Figure 3.6). The systematic sampling (i.e., transect method) was 

established to show zonation of species along environmental gradients. Since the plots measured 

along the transect were not randomly selected, there is potential for bias in the sampling. The 

sampling procedure (i.e., plots, and quadrats) was designed to mimic the footprint of a high resolution 

WorldView-2 pixel (1.67 m), whilst, being able to ‘scale up’ to a 30 m Landsat pixel used in the 

NDVI time series analysis. At each of seven site locations, there were two transects (A and B); the 

“A” transects for all site locations were visited in sequential order during the growing season 

followed by the B transects.  
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Figure 3.6: Left - Transect design at each sample site. Transect angles and number of plots sampled 

at each transect varied. Right - Examples of the 0.5 m x 0.5 m quadrats within each plot to determine 

PVC using the ITEX method. 

 

 The ITEX methodology was adopted to derive PVC for each plant functional group in the 

ARW. This point-based method (i.e., measurements taken with a pin) identified each plant species 

within a 0.5m x 0.5m quadrat that is divided into a grid of 25 intersections (Figure 3.6). Commonly, 

the ITEX approach is carried out with a one-meter square frame creating 100 intersections; however, 

Brathen and Hagberg (2004) suggest that it is more important to allocate efforts by analyzing more 

plots than the time spent at each plot. For example, the authors found that estimating plant biomass 

did not change significantly by altering the plot size (pin samples must be greater than 10 per 0.25 

m2) (Brathen and Hagberg, 2004). Hence, the plot size used for this research was 0.5 m x 0.5 m 

(0.25m2) based on ease of application. 

Within the 0.25m2 quadrat frames, a needle was vertically inserted at each intersection point 

and the plant species touching the needle was documented and the height to the intersection was 

6m 

100m 

0.5m 

0.5m 
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recorded. Each plant species touching the needle was logged based on: i) specific vegetation type 

(e.g. bearberry, crowberry, arctic willow, etc.); ii) more general plant functional types (e.g. moss, 

lichen, sedge); iii) the plant condition (whether it was green or senescent); and iv) plant features (e.g., 

flower, stem, bark etc.). Often, there were multiple vegetation species recorded in different layers at a 

single intersection point and in some cases, rock or bare soil may be the only type recorded 

(Appendix A). After extracting the results of the ITEX method, each quadrat was georeferenced and 

a digital photograph was taken at each site. 

 Calibration and Validation Measurements 

 The PVC plots at each transect location were georeferenced and utilized as calibration and 

validation data for the vegetation classification map. In addition to the quadrat vegetation plots, 

additional samples were collected along routes to other transect locations (Figure 3.7). Approximately 

every 30m, GPS coordinates and vegetation descriptions were recorded with representative digital 

photographs. These sample locations were mapped onto the WorldView-2 image to determine the 

range in NDVI values for each point. It is important that the validation and calibration data 

encompass a large range of samples throughout each class and NDVI and be located in large 

homogenous areas. Therefore, additional field sample sites were chosen to better represent the 

vegetation types present in the study area. It should be noted that adjacent pixels in remote sensing 

data may exhibit spatial autocorrelation given the spectral information may be influenced by the same 

surface or object (Curran & Williamson, 1986). The amount of variance between pixels is dependent 

on object size and the maximum is reached with the resolution is smaller than the object (Hyppanen, 

1996). A sampling distance of 30 m mimics the Landsat TM pixel size, but represents a significant 

distance within the high spatial resolution IKONOS and WorldView data. 
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Figure 3.7: Additional calibration and validation data used to create a supervised image classification 

of the ARW.  These data were collected while travelling from one transect location to another. 

 

 PVC Estimates 

The PVC measurements were entered into a spreadsheet based on species at each plot location. 

PVC measurements were categorized by: (i) the total amount of green vegetation at each intersection; 

and (ii) the top layer of green vegetation at each intersection in order to estimate the green vegetation 

visible to the sensor. The total PVC for each plot was calculated as follows: 

PVC= (x/25)*100%      (2) 
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where x is the number of points of contact with green vegetation recorded in the quadrat. In this case, 

PVC for a single plot is equal to the total number of green vegetation hits because the 36m2 plots have 

4 quadrats with 25 intersections each (a total of 100 intersections); therefore, the PVC for the plot is 

equal to the total number of green vegetation hits (Appendix B). Finally, species are added together 

based on vegetation functional groups (i.e., forbs, graminoids, shrubs, moss, rock/soil). The green 

vegetation hits directly detectable from the sensor (i.e., at the top of the vegetation canopy) were used 

for the linear regression analysis between PVC and NDVI (Appendix C). 

 Statistical Analysis 

To further investigate the relationships between satellite derived NDVI and PVC, the Shapiro 

Wilk test was first applied to test for normality of the residuals of the regression using R (v 3.1.1). 

Data that are normally distributed will demonstrate non-significant (p>0.05) results at a 95% 

confidence interval. The Shapiro Wilk test is the most common statistical method for testing 

normality, however, the test is sensitive to sample size. Hence it is recommended that this test should 

always be accompanied by visual inspection of histograms and analysis of the residual plots.  

 Satellite Image Processing 

 High Resolution Multispectral Imagery: WorldView-2 and IKONOS  

 WorldView-2 is a high resolution multispectral optical satellite sensor used to establish a 

vegetation classification for the ARW (Table 3.1). The satellite data were collected at peak growing 

season on July 21st 2015, and consist of eight spectral bands with a spatial resolution of 1.67 m. The 

digital numbers (DN) were converted to top of atmosphere (TOA) reflectance using TOA radiometric 

correction in the ENVI Image Analysis Software (v. 5.2). NDVI data were generated using the band 

math function. The vegetation classification for the CBAWO, created by Gregory (2011) was derived 

from IKONOS satellite data (4m spatial resolution) collected on July 4th 2008 (Table 3.1). For more 
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details regarding the satellite image processing of the IKONOS data for the CBAWO study site, refer 

to Appendix D. 

Table 3.1: Satellite image data used for vegetation analyses for ARW and CBAWO. The asterisk (*) 

represents dates that could be anomalies within the NDVI time series satellite data. These dates will 

be evaluated further in the Results and Discussion section. 

High Resolution Scenes Path/Row Satellite Year Date 

LT50180151985199PAC00 018/015 WorldView-2 2015 Jul-20 

LT50170151989203PAC00 017/015 IKONOS 2008 Jul-22 

Landsat Scenes - ARW     

LT50180151985199PAC00 018/015 Landsat 5 TM 1984 Jul-18 

LT50170151989203PAC00 017/015 Landsat 5 TM 1989 Jul-22 

LT50180151991216PAC00 018/015 Landsat 5 TM 1991 Aug-04 

LT50170152004213GNC00 017/015 Landsat 5 TM 2004 Jul-31 

LT50170152008208GNC00 017/015 Landsat 5 TM 2008 Jul-26 

LT50180152010188GNC00 018/015 Landsat 5 TM 2011 Jul-10* 

LC80180152015218LGN00 018/015 Landsat 8 OLI 2015 Aug-06 

Landsat Scenes - CBAWO     

LT50560071985193PAC00 056/007 Landsat 5 TM 1985 Jul-12 

LT50550071988195PAC00 055/007 Landsat 5 TM 1988 Jul-13 

LT50550071994195PAC00 055/007 Landsat 5 TM 1994 Jul-14 

LT50550071999225PAC00 055/007 Landsat 5 TM 1999 Aug-14* 

LT50530072006214PAC02 053/007 Landsat 5 TM 2006 Aug-02 

LT50540072009213PAC01 054/007 Landsat 5 TM 2009 Aug-01 

LC80540072015198LGN00 054/007 Landsat 8 OLI 2015 Jul-17 

 

 Intermediate Multispectral Imagery: Landsat TM and OLI Time Series 

For the NDVI time series analysis, cloud-free Landsat TM and OLI sensor data, collected at 

peak growing season (i.e., between July 10 and August 15), were acquired for the CBAWO and ARW 

(Table 3.1). The orthorectified Landsat data were downloaded from the U.S. Geological Survey 

GLOVIS website (USGS, 2015). These Landsat data have a spatial resolution of 30m and four bands 

of imagery were extracted (i.e., blue, red, green, and near infrared (NIR)). 

Before conducting a time series analysis, these data were radiometrically normalized using 

ENVI (v.5.2) to compensate for atmospheric path radiance and errors associated with the use of 
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multiple sensors and images at different dates (Jensen, 2005). The TOA reflectance data for each date 

were normalized using the pseudo-invariant features (PIFs) method. This method involves selecting 

similar PIFs in each image that do not change spectrally over time in order to correct for brightness 

variations that are related to different atmospheric conditions between dates or the use of different 

satellite sensors (e.g., Landsat 5 and 8) (Jensen, 2005). Hence, any spectral changes observed between 

the PIFs in multiple images can be attributed to atmospheric differences.  

First, a cloud-free image was selected as a base image for the time series. Approximately 10-20 

dark and light coloured PIFs (i.e., sandbanks, bedrock, deep water, etc.) were selected in the images 

by using the region-of-interest (ROI) tool. ROI statistics were extracted from each PIF and the 

average reflectance values were recorded. Regression analysis in each band was used to determine the 

relationship between the spectral characteristics of the PIFs from each image in the time series to the 

PIFs of the base image (Jensen, 2005; Appendix E). To test the normalization method, 100 pixels for 

bedrock outcrops were randomly selected in the CBAWO (the CBAWO was chosen for this analysis 

because there are large areas of rock to capture a 30m Landsat pixel size).  

After the images were normalized, each of the four bands were stacked together and NDVI was 

derived using the band math function. The satellite data were masked to include the watershed and 

exclude roads, rivers, and lakes (Natural Resource Canada, 2015). Additionally, areas of cloud and 

cloud shadow were manually masked by analyzing large differences in NDVI between scenes (cloud 

cover in 1984 and 2015 for the ARW and 1985 for CBAWO). Finally, the preprocessed NDVI 

images from each year were stacked together for further analysis. 

 Land-cover Classification 

 Identify Spectral Classes for Land-Cover Classification 

To determine the floristic vegetation classes for the land-cover classification, the spectral 

properties of the vegetation units were examined by analyzing spectral reflectance profiles, spectral 
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scatterplots and separability plots. First, the transect plot coordinates, including calibration and 

validation data were transferred in ENVI (v 5.2) using the point collection tool. These points (i.e., 

single pixels) were saved as an ENVI vector file, then used to create ROI points on the WorldView-2 

stacked imagery. The ROI’s were enlarged to represent an approximate area of 36 m2 to reflect the 

plot size used for field measurements and mean spectral values were extracted from the ROI’s.  

In terms of image classification, analyzing spectral profiles can help determine which bands are 

most important when classifying image data and identifying similar spectral groupings/separations. 

Analyzing the spectral reflectance of the vegetation types is helpful for eliminating sample points that 

could be misclassified (i.e., rock pixels can be misclassified in the dry vegetation type). Spectral 

scatterplots are another tool used to analyze the interaction of the ROI’s in feature space before 

conducting the classification. Spectral profiles and scatter plots are important to visually identify 

groupings after you have selected which data points are in certain classes.  Lastly, the ROI 

separability tool in ENVI, commonly employed with supervised classification, was used to determine 

the spectral separability using the Jeffries-Matusita and Transformed Divergence approaches 

(Appendix F). Statistical measures greater than 1.9 indicate that the ROI’s have good separability; 

1.7 is also considered acceptable, but lower values indicate poor separability. It is suggested that 

classes with ROI values less than 1 be merged into a single ROI (Jensen, 2008).  

 Supervised Land-Cover Classification  

The land-cover classification procedure began by classifying the WorldView-2 imagery 

employing a supervised approach with a Support Vector Machine algorithm (SVM) to distinguish 

five spectral classes based on the CAVM. As a result, the calibration points were separated into five 

vegetation classes and two non-vegetated classes; however, analyzing the spectral data revealed only 

three vegetation and two non-vegetated classes were spectrally separable. The land-cover 

classification was established using 115 calibration points (i.e., single pixels) that were randomly 



 

 

 

 

45 

selected within each class based on significant knowledge at those sites. These calibrations points 

were enlarged to 3m x 3m (i.e., 9 pixels) to generate a larger sample size for calibrating the 

supervised classification (923 sample pixels; 78 dry, 408 mesic, 66 wet, 371 non-vegetated) and 

validating based on 67 points (596 sample pixels; 99 dry, 324 mesic, 46 wet, 127 non-vegetated). The 

validation sample size was chosen based on the binomial probability theory where the expected map 

accuracies of 85% and an error or 10% the sample size for a map would be 51 sample points (Jensen, 

2005). 

Similarly, Gregory (2011) classified a 2008 IKONOS image using a supervised maximum 

likelihood (ML) classification algorithm using twelve sample plots as calibration data (refer to 

Appendix G for further detail). The IKONOS data were classified with three vegetation classes based 

on a moisture gradient (polar semi-desert, mesic tundra, and wet sedge meadows), bare ground, and a 

water class (Figure 3.8). 
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Figure 3.8: Land-cover classification for the CBAWO using IKONOS satellite data (Gregory, 2011). 

 

The ML and SVM algorithms were both used to determine the spectral classes at the two 

Arctic locations. The ML algorithm is widely used for supervised classification (Xie et al., 2008). The 

ML decision rules are based on probability, where the probability of a pixel belonging to a predefined 

set of classes is calculated and the pixel is assigned to the class with the highest probability (Jensen, 

2008). This procedure assumes that the calibration data are normally distributed; therefore, bi-modal 

or other distributions are not ideal. On the other hand, SVM is derived from a statistical learning 

theory that yields good results from complex datasets. This algorithm separates classes based on a 

decision surface (i.e., hyperplane) that maximizes the distance between classes. One of the main 
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advantages of SVM is the penalty parameter, which allows a certain degree of misclassification for 

non-separable calibration sets. It requires a middle ground between calibration errors and forcing 

ridged margins. No pattern classification method is inherently superior to any other but rather is 

dependent on the statistical nature of the input data (Jensen, 2008). The nature of the remotely-sensed 

data and a priori knowledge determines which classification algorithms yield the most useful results.  

 Time Series Analysis 

 First, the average NDVI values for each Landsat time series image (1984-2015 for ARW and 

1985-2015 for CBAWO) were extracted from the entire watershed to determine the overall trend in 

NDVI. Second, approximately 100 NDVI samples were randomly selected from each of the 

vegetation types for the ARW and the CBAWO (Appendix H). There were 107 pixels total in each 

vegetation type for the ARW excluding the 1984 image as there was significant cloud cover in the 

area. Therefore, the 1984 image had 33, 74, and 83 pixels for the dry, mesic, and wet respectively. 

The pixels were randomly selected based on the vegetation types in the WorldView-2 and IKONOS 

vegetation classifications, where there was a large homogenous area to capture a Landsat pixel (30m). 

A cluster sampling scheme was adopted because most of the pixels in the Landsat data were in large 

homogenous areas. Spatial autocorrelation will be a factor with clustered pixels; therefore, Jensen 

(2005) suggests that clusters contain no more than 10 pixels for a sample site. The average NDVI 

values were extracted from the 100 pixels and the results were summarized for each plant community 

by year. Linear regression was performed and significance was tested for the time series of NDVI 

using the R statistical program (v 3.1.1).  

 Temperature, Precipitation, and Growing Season Length  

In an attempt to quantify the change in NDVI occurring at the CBAWO and the ARW, climatic 

variables including temperature, precipitation and growing season length (GSL) were analyzed. Mean 

July homogenized temperature and precipitation data were acquired from the Environment and 
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Climate Change Canada (2015) archive from 1946-2015 and 1946-1996 respectively for the ARW. 

Similarly, mean July homogenized temperature and precipitation data from 1948-2015 and 1948-

1996 respectively were acquired for Mould Bay and were coupled with data collected from the 

weather station located in the west watershed of Cape Bounty (2003-2015). Mould Bay weather 

station was used because it is the closest weather station to Cape Bounty (i.e., approximately 300km 

west) with the longest on-going record of climate data available. Homogenized data is commonly 

used for climate change studies as it incorporates several adjustments to the original data sets to 

address shifts in instruments and observing procedure (i.e., combining observations over a long time 

series) (Environment and Climate Change Canada, 2015). Finally, climate normals (i.e., the average 

climate data from 1971-2000) were compared against the monthly data to create climate anomalies. 

Anomalies were measured as the residual variations in climate variables to reduce the systematic 

effect of seasonality over a long-time series (Olthof and Latifovic, 2007). 

The monthly mean daily maximum and minimum temperatures from 1975-2015 for the ARW 

and the CBAWO were acquired from Environment and Climate Change Canada (2015). In addition, 

the CBAWO data were supplemented by the west meteorological station data from 2003-2015 to 

calculate growing season length (Lamoureux, 2015). First the growing degree days (GDD) are 

calculated as the cumulative daily mean temperature above a selected threshold temperature (i.e., in 

the Arctic the threshold temperature for GDD is above 5 °C). The GDD was calculated from the 

equation below for each study site:  

GDD= ((Tmax+Tmin)/2)-Tbase    (2) 

where Tmax and Tmin is the daily maximum and minimum temperatures and Tbase is 5 °C (GDD is 

unitless). The growing season length (GSL) is defined as the number of days for which the average 

temperature exceeded 5 °C. GSL was calculated by summing the number of days on which the 

average temperature exceeded the threshold over the growing season from June – August (Weijers et 

al., 2013). Example calculations are shown in Appendix I.  
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Chapter 4 

Results and Discussion 

 PVC 

In the 52 vegetation plots sampled in the ARW, 24 plant species were identified. The PVC for 

the green vegetation types was measured and aggregated into five functional groups. The dominant 

functional and non-vegetated groups (i.e., based on average PVC per plot) were shrubs (36.7%) 

followed by non-vegetated groups (34.7%) and moss groups (15.0%). The least abundant functional 

groups were lichen (8.1%), and graminoids (5.5%). At lower elevations and where moisture was more 

prevalent (i.e., the southern region of ARW), shrubs, graminoids and mosses were more abundant 

(i.e., transect 1-3). In the low-lying areas and near water bodies, graminoids and sedges dominated 

(i.e., transect 4). Meanwhile, the northern region of the watershed at the highest elevations (i.e., 

transects 5-7) contained the driest plots, and was dominated by rock, soil, and lichens with minimal 

shrubs (Figure 4.1). Overall, the plant functional groups demonstrated heterogeneity and variability 

throughout the watershed (based on transect samples).   
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Figure 4.1: Example PVC measured for the first plot in each transect (grouped by functional 

vegetation types using all the hits from the ITEX method).  

 

PVC decreased as elevation increased (due to strong links between elevation and moisture) 

(Figure 4.2). For example, transect 1A and 1B located in a highly vegetated area demonstrated a 

decrease in shrubs with an increase in drier vegetation types such as heath and lichen as the plots 

moved up slope (approximately 44m). This relationship between elevation and vegetation type could 

be a reflection of soil moisture, depth and substrate. Transects 7A and 7B were located at a much 

higher elevation than transect 1 and yielded a relatively stable trend in vegetation types due to only a 

small (i.e., 4m) increase in elevation. This is not surprising as decreased soil moisture, nutrient levels, 

and increased active layer depths occur from low to high elevation (Gregory, 2011).  
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Figure 4.2: Spatial distribution of PVC (top hits per vegetation functional group) across an elevation 

gradient based on plots in transects 1 and 7 for the ARW. Transect 1 was chosen due to the large 

change in elevation in a high PVC area, whereas transect 1 had a low elevation gradient in a low PVC 

area.  

 

Vaccinium uliginosum alpinum (Bigelow) Hulten (Alpine Blueberry) and Oxytropis 

Maydellinana trautv. (Yellow Oxytrope) were the most prominent species of shrub and forb 

respectively on moist and productive areas of the watershed. In the more barren areas of the 
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watershed, Vaccinium uliginosum alpinum (Bigelow) Hulten, Arctostaphylos alpine (L.) Spreng 

(Alpine Bearberry), and Cassiope tetragona (L.) (White Arctic Heather) are the major shrub species 

and Dryas integrifolia (Mountain Aven) are the dominant forb species. Species richness amongst 

graminoids, mosses, and lichens were not recorded, as this level of taxonomic precision was not 

crucial to this research. 

 Relationship between NDVI and PVC 

 Statistical Analysis: Linear Regression 

Linear regression analysis was performed to examine the relationship between satellite-derived 

NDVI and field-measured PVC to determine the potential for the use of satellite data for modelling 

green vegetation cover over a large area. The data satisfied the parametric assumptions for linear 

regression (e.g., residuals were normally distributed based on the Shapiro Wilk test). The data also 

exhibited relatively equal variance although there appeared to be slight heteroscedasticity caused by 

outliers. Analyzing the normal quantile-quantile plots demonstrated the data points are lightly tailed 

(i.e., differentiate at the end of the 1-1 line at both ends, yet the data falls within Cook’s distance 

(<0.5). These results are indicative of normal data for a small dataset (Appendix J). The results 

indicate a positive and significant relationship between NDVI and PVC (R2=0.63 and p<0.001) with a 

root mean square error (RMSE) of 13.2% (Figure 4.3). 
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Figure 4.3: Linear regression for satellite-derived NDVI and field-measured PVC per plot using 

WorldView-2 data for the ARW. Data points were selected close to the acquisition date of the 

satellite image (± 4 days of July 20th). 

 

Unfortunately, the actual date of satellite acquisition was unknown during the field data 

acquisition. In the end, the WorldView-2 data were collected on July 20th; meanwhile, the PVC 

measurements were collected throughout the growing season. Of the 52 sample plots, 22 plots that 

were sampled close to the WorldView-2 acquisition (i.e., ± 4 days of July 20th) were selected to 

ensure accurate comparison between ground-based PVC and satellite NDVI. More frequent 

vegetation sampling around the date of the satellite data acquisition may have strengthened the 

relationship between NDVI and PVC. To increase the fitted values in the model, more samples 

should have been taken near the WorldView-2 acquisition date (i.e., increase in sample size) 

(Raynolds et al., 2008; Bolker et al., 2009). Regardless, these relationships are extremely useful for 

extrapolating (and visualizing) vegetation patterns across the ARW.  
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At the CBAWO, PVC was determined by a modified Braun-Blanquet point-based method and 

the bivariate linear regression analysis exhibited a strong relationship (R2 = 0.88) between PVC and 

NDVI using IKONOS data (Atkinson & Treitz, 2013).  

 Modeling PVC using High Spatial Resolution Satellite Data 

The modelled relationships between field data and remote sensing data are useful for 

extrapolating the relationship across large areas. Here, the linear model was applied to estimate PVC 

over the ARW using high spatial resolution satellite data (i.e., WorldView-2 data) (Figure 4.4). The 

modelled PVC results illustrate the relationship between PVC, topography and moisture regimes 

throughout the ARW. There is an inherent trend in vegetation cover defined by topography, where 

denser vegetation tends to be located in the south (i.e., at, or just above sea level) and the sparse and 

barren vegetation tends to be predominant in the north. In the southern portion of the watershed, 

dense vegetation (i.e., sedge and forb functional groups) tends to be found along streams, rivers, and 

lakes, and in concavities or microtopographic depressions (Figure 4.4). Analysis based on the 

vegetation distribution in the ARW will be discussed further in the land-cover classifications section.  

 

 



 

 

 

 

55 

 

Figure 4.4: PVC modeled for the ARW using WorldView-2 data: PVC= 165.08(NDVI) + 4.9571 (R2 

= 0.63, RMSE = 13.2%). 
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 The linear model for PVC was applied to the CBAWO using high spatial resolution satellite 

data (i.e., IKONOS data) (Figure 4.5) (Atkinson & Treitz, 2013). Overall, the CBAWO is located at 

the lower extents of two rivers (i.e., high moisture content) and has large areas of relatively dense 

vegetation (i.e., wet sedge) supported by meltwater from snowpacks throughout the growing season. 

In addition the CBAWO exhibits patchy vegetation with large barren areas.  

 

 

Figure 4.5: PVC modeled for the CBAWO using IKONOS data: PVC= -0.073+0.24(NDVI)+E (R2= 

0.88, RMAE (relative mean absolute error)=15.6%)(from Atkinson et al., 2013). 

 

It is difficult to compare PVC models for the ARW and CBAWO as there are many variables 

such as surficial geology and soil depth that control where vegetation resides in these areas. 

Furthermore, it is difficult to compare models given they were created using different point-based 

approaches (i.e., Braun-Blanquet and the ITEX point-frame method) and different satellite data (i.e., 

IKONOS and WorldView-2 data collected during different phenological states); however, it can be 

assumed that both point-based methods would generate similar results. 
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The Braun-Blanquet method is a very common approach for measuring PVC in Arctic 

environments (Poore, 1955; Gould et al., 2003; Laidler et al., 2008; Atkinson & Treitz, 2013). The 

Braun-Blanquet approach applies an ordinal cover-abundance scale based on visual estimates of 

PVC, whereas the ITEX method provides direct measures to estimate PVC. Atkinson et al. (2013) 

randomly sampled 12 one-hectare plots (for a total of 398 samples) to estimate PVC (sampling 

intensity differed by vegetation type). Secondly, the IKONOS data used to model green PVC for the 

CBAWO were acquired on July 22nd 2004, whereas the WorldView-2 data for the ARW were 

collected on July 20th 2015. Although the tasking window for capturing satellite data was from July 

10 to August 10 in each case, the ultimate data acquisitions were assumed to have captured peak 

vegetation greenness. Analyzing the July temperature anomalies from 1946-2015 in the ARW 

illustrates how different the temperature was in the ARW in 2015 compared to the CBAWO in 2004 

(i.e., -4.2 °C, versus -2.1°C respectively; see Figures 4.9 and 4.10). These results may indicate that 

the vegetation types in the ARW were not fully photosynthetically active at the time of image 

acquisition. Nonetheless, this information is important for understanding vegetation cover across 

latitudes in the Arctic. 

 The strong linear relationship between field measurements and NDVI allow further analysis 

estimating PVC over a large area. These results are not surprising. In many studies, NDVI has a 

strong correlation to biophysical variables and has been successfully modeled over Arctic landscapes 

across spatial and temporal resolutions (Hope et al., 1993; Laidler et al., 2008; Chen et al., 2009; 

Gamon et al., 2013; Collingwood et al., 2014; Goswami et al., 2015; Hartley et al., 2015). Epstein et 

al. (2012) found a strong relationship between GIMMS3g NDVI and aboveground biomass in order 

to model biomass over a larger area for the period 1982-2010. On a more regional scale, biomass and 

NDVI exhibited a strong relationship based on a study conducted by Hope et al. (1993) for tussock 

vegetation types using SPOT imagery. Hartley et al. (2015) demonstrated the importance of using air 

photos, high resolution IKONOS and EC to scale up methane fluxes over large regions. Few studies 
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have furthered this research by combining plot-level trends in vegetation composition and cover with 

remote sensing measurements of NDVI to understand their linkage over time. From 1984-2009, 

Pattison et al. (2015) found minimal changes in plant composition and cover at the plot level, which 

was directly demonstrated in the modeled Landsat NDVI trends. On the other hand, coarse scale 

AVHRR data over the same time period showed increasing values not demonstrated at the plot level 

or in finer resolution data. These results confirm the importance of field measurements regardless of 

the remote sensing scale of observation. 

Modeling PVC over the entire watershed using remote sensing data provides an interesting 

outlook on the spatial distribution of vegetation that would otherwise be difficult or impossible to 

acquire with point-based PVC measurements alone. In addition, mapping PVC using high spatial 

resolution satellite data shows increasing potential for detailed tundra mapping with ease and 

consistency based on minimal samples. 

 Land-Cover Classification using High Spatial Resolution Data 

Despite efforts to distinguish five vegetation classes in the ARW, the data were aggregated and 

classified into three vegetation and two non-vegetated (NV) classes based on CPVM: i) dry tundra – 

P1 prostrate dwarf shrub/herb tundra; ii) mesic tundra – PG hemiprostrate/graminoid prostrate dwarf 

shrub (P2, G2, G3 combined); iii) wet tundra – W1 sedge/grass moss wetlands; iv) rock; and v) sand. 

Based on 596 sample pixels (99 dry, 324 mesic, 46 wet, 127 non-vegetated), the overall accuracy was 

73.2% with a Kappa statistic of 0.53 (majority filtering applied) (Figure 4.6; Appendix K). The 

classification image for the ARW illustrates that the mesic class was the most abundant vegetation 

type in the image at 51.6%; dry at 27.6 %; wet 8.6%; and non-vegetated surfaces at 12.3%.  
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Figure 4.6: Land-cover classification of the ARW using WorldView-2 data. 
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Prior to completing the land-cover classification, the greatest challenge was spectrally 

separating the P2, G2, and G3 classes. These classes had similar spectral signatures making it difficult 

to distinguish them even though they are mapped as separate communities in the much coarser 

resolution Circumpolar Arctic Vegetation Map (Walker et al, 2005). The low classification accuracy 

(due to low spectral separability) between these three vegetation types may be attributed to the 

following: i) these vegetation types are heterogeneous and exhibit high spectral variance in high 

spatial resolution satellite data, thereby giving rise to overlapping spectral signatures between classes; 

ii) the calibration and validation data may not have been located in a sufficiently large homogenous 

area, giving rise to additional variability from adjacent/mixed vegetation types; and iii) the summer of 

2015 had a very short growing season with very low temperatures and abundant precipitation, thereby 

delaying peak vegetation greenness and minimizing the spectral separability between classes. After 

establishing the land-cover classification, the class with the lowest accuracy was W1 and the class 

with the highest accuracy was PG (Table 4.1). 

 

Table 4.1: Land-cover classification confusion matrix for the ARW (see Appendix K).  

Class Wet Mesic Dry Non-vegetated Total 

Wet 11 22 0 0 33 

Mesic 35 294 74 11 414 

Dry 0 4 21 6 31 

Non-vegetated 0 4 4 110 118 

Total 46 324 99 127 596 

Overall accuracy = 73%, Kappa Coefficient = 0.53 

 

Conversely, PG and W1 vary in terms of calibration and validation data. Since the PG class is 

an aggregation of three classes, it has three times as many sample points. Moreover, the W1 class 
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exhibits confusion with the PG class. This is interesting as the W1 vegetation type should have the 

highest NDVI compared to the PG class, thereby the two classes should easily be separated. This 

error could be attributed to two factors: i) the PG class contains two graminoid classes that could be 

interpreted as a component of the W1 class; and ii) due to the climatic anomaly in 2015, the sedge in 

W1 did not fully green-up until the beginning of August; therefore being confused with the dry 

graminoids seen in the PG class.  

The results for the PVC and vegetation classification demonstrate that the vegetation in the 

ARW is diverse and varies across the watershed, particularly along a north to south gradient. The 

spatial heterogeneity of vegetation types is not random and can be attributed to several factors that 

structure these vegetation types: i) soil moisture; ii) nutrient availability; iii) soil pH; iv) snow cover; 

and v) grazing intensities (Young et al., 1999; Gough et al., 2000). This diverse and heterogeneous 

vegetation types observed (as portrayed by the variable spectral response) are a function of local 

topography, variations in soil moisture, nutrient flux, and snow cover.  

Topography is the primary control over seasonal soil moisture and is the reason wet vegetation 

inhabits low lying areas near permanent snow packs, deep depressions, and areas in close proximity 

to lakes and rivers. On the other hand, dry vegetation inhabits well-drained areas such as the tops of 

hills, shallow soils and exposed areas. Hence, vegetation types, and their spectral response, are 

largely related to soil moisture (Ostendorf & Reynolds, 1998; Necsoiu et al., 2013; Collingwood et 

al., 2014). Additionally, the spatial distribution of surface soil water becomes more complex with 

microtopography. In contrast, for these typically dry climates, surface soil water is usually more 

closely linked to fog and dew and/or ice melting within the active layer rather than a direct result of 

precipitation (Engstrom et al., 2006). Depressions in the surface are beginning to increase as a result 

of a thickening active layer and surface subsidence (Beck et al., 2015). In wind-swept exposed tundra 

sites, snow can be significantly redistributed and transported to denser, taller vegetation in 

topographic depressions. This provides the plants with nutrients and moisture for a productive 
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growing season in the summer months (Essery & Pomeroy, 2004). In the Brooks Range of Alaska, 

Gough et al. (2002) found that species richness in vascular species could be explained by one abiotic 

variable - soil pH. Heterogeneity in the height of the canopy was also linked to species density, 

richness and diversity. This variation in vegetation height may affect snow cover and duration, 

affecting the moisture regime, and thereby making it suitable for a greater number of species or 

individuals to grow. Overall, microclimate analyses established by Sohlberg and Bliss (1984) showed 

that plants prefer areas where soil temperatures, moisture, and nitrate levels were higher, and where 

wind speeds were lower. 

These factors control where certain plant types reside, giving rise to heterogeneous vegetation 

types across spatial scales. High spatial resolution data have proven useful for identifying precise 

spatial variations in vegetation signatures and have improved our ability to scale synoptic predictions 

(Thomas et al., 2002; Stow et al., 2004). However, without the application of appropriate field 

sampling protocols to capture this variability (i.e., sample size and point distributions) 

mapping/modeling with high spatial resolution data is difficult. Additionally, relying solely on 

spectral signatures and species identification for classifying vegetation types using high spatial 

resolution data may not be sufficiently accurate. There are various studies that recommend bridging 

the gap between the exclusive use of remote sensing data as surrogate data for characterizing the 

spatial distribution of ecological classes, while accounting for environmental variables (Thomas et al., 

2002; Atkinson & Treitz, 2012). In addition, object-based  and neural network classification methods 

are becoming more common (Chen et al., 2010; Lantz et al., 2010; Collingwood et al., 2014) and 

have the capacity for incorporating additional contextual layers to the classification (e.g., elevation, 

slope, object textures, soil moisture) to further refine the classification of vegetation types (Lantz et 

al., 2010). 
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 Time Series Analysis 

The results of the regression for the NDVI time series analysis for the ARW from 1984-2015 

indicate an overall increasing trend for the watershed, yet this trend is not statistically significant 

(adjusted (ADJ) R2= 0.20; p=0.17) (Figure 4.7). This trend is driven largely by a slightly increasing 

trend for the mesic vegetation type (ADJ R2 =0.17, p=0.193; 0.38 %yr-1), albeit not significant. 

Therefore, there is no distinct change in NDVI at the ARW site. Analyzing the NDVI patterns for 

each vegetation type illustrates similar increasing trends from 1984-2015 with steep decreases around 

2008 with a sharp increase from 2011-2015. It is important to note that the 2011 NDVI data for the 

ARW were acquired early in the growing season (i.e., July 10th) and appear somewhat anomalous for 

the wet vegetation type. If the 2011 data were removed from this analysis, the modeled fit would not 

improve the trend.  
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Figure 4.7: NDVI time series by vegetation type in the ARW (1984-2015). The ARW represented in 

black contains all the usable pixels located in the watershed. 

 

At the CBAWO, the results indicate a significant positive trend in NDVI from 1985-2015 for 

the entire watershed (ADJ R2=0.54; p=0.04) (Figure 4.8). There are significant positive trends in 

NDVI from 1985-2015 for the mesic and dry vegetation types with increases of 1.3% yr-1 and 0.82% 

yr-1 respectively (ADJ R2=0.49, p=0.048, 0.046 respectively) and a non-significant trend for wet 

exhibiting an increase of 0.19% yr-1 (ADJ R2= -0.10; p=0.55) (Figure 4.8). NDVI patterns for each 

vegetation type show similar increasing trends from 1984-2015 with sharp decreases from 1988-

1999. It is important to note that 1999 data were acquired late in the growing season (i.e., August 

14th); however, this late season data point does not seem to affect the NDVI value in the trend 

analysis. 

 To ensure that the increasing trends in NDVI are not caused by atmospheric changes in the 

satellite data, the normalization technique was assessed. For instance, no trends or distinct patterns in 

the trends emerge for the non-vegetated surfaces from 1985-2015 for the CBAWO (Figure 4.8). 

These results confirm that the normalization technique was suited to removing atmospheric effects; 

i.e., the change over time can be attributed to changes in NDVI.  
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Figure 4.8: NDVI time series by vegetation type in the CBAWO from 1985-2015. The CBAWO 

represented in black contains all the usable pixels located in the watershed. The rock trend was 

examined to determine the consistency of the normalization technique.  

 

In general, the mesic and dry sites for the ARW have higher NDVI values compared to the 

CBAWO, whereas the wet vegetation types are similar (Figures 4.9). This is not surprising given the 

overall warmer climate (and more productive vegetation) in the Low Arctic (Ju & Masek, 2016). The 

mesic vegetation types demonstrate very different NDVI values from each other. This can likely be 

attributed to the mesic class at the ARW exhibiting more erect, woody shrubs (i.e., Salix spp) than at 

the CBAWO (Hope et al., 1993). Also, for the dry vegetation types, both trends vary in terms of 

NDVI values, which is expected since the CBAWO contains more non-vegetated surfaces with more 

sporadic vegetation cover. 
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Figure 4.9: Comparing NDVI trends by vegetation type for the ARW from 1984-2015 and CBAWO 

from 1985-2015 (Top - wet; Middle - mesic; Bottom - dry). 

 

 Climatic variables 

Climate variables are expected to vary over a latitudinal gradient. The transition from the Low 

Arctic to the High Arctic is associated with a mean July temperature difference of approximately 10 

degrees Celsius (°C) (Walker et al., 2005). Although the degree of warming will vary across this 
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gradient, it has been documented that satellite observations have recorded increased productivity 

(Fraser et al., 2014) (i.e., increased shrub cover) that has coincided with a rise in air surface 

temperature (Bhatt et al., 2013). The results from the NDVI time series for the ARW and the 

CBAWO indicate an enhanced greening at both study sites, particularly for the mesic and dry tundra 

for the CBAWO and the mesic in the ARW; which supports the notion of Arctic ‘greening’. Due to 

the complexity of tundra vegetation, the changes in vegetation productivity and PVC have been 

attributed to many different hydrological, topographic and climactic factors. In this study, 

temperature, precipitation and growing season length (GSL) are examined in an attempt to quantify 

the change in NDVI observed at these study sites.  

 Temperature and Precipitation 

The mean July temperature and precipitation anomalies from 1946-2015 for the ARW 

demonstrate variability in both trends over the last 60 years (Figure 4.10). Even removing the 2015 

data point (anomaly in the trend) there remains no significant trend in temperature. The homogenized 

mean July temperature from 1948-2015 for Mould Bay indicates a significant increasing trend over 

the last 60 years (R2 = 0.047, p=0.05) and an increasing trend for the CBAWO (R2=0.017, p=0.29) 

over the period 2003-2015 (Figure 4.11). Similarly, the July homogenized precipitation trend shows 

variability in the Mould Bay dataset (R2 =0.04, p=0.1) and a significantly increasing trend for the 

CBAWO (R2 = 0.45, p=0.006) (Figure 4.11).  
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Figure 4.10: Homogenized mean July temperature and precipitation anomalies from the Iqaluit 

weather stations (1948-2015 and 1948-1996 respectively; base normal period 1971-2000) 

(Environment and Climate Change Canada, 2015). 

 

 

Figure 4.11: Top - Homogenized July mean temperature anomalies from Mould Bay and the 

CBAWO (1948-2013, base period 1971-2000; and 2003-2015 respectively). Bottom - Homogenized 

mean July precipitation anomalies from Mould Bay and the CBAWO (1948-1996, base period 1971-

1996; and 2003-2015 respectively) (Environment and Climate Change Canada, 2015; Lamoureux, 

2015)    
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 Growing Season Length (GSL) 

In some areas of the Arctic, where temperature and precipitation tend to be increasing, growing 

seasons tend to lengthen, leading to enhanced greening (Gamon et al., 2013; Bieniek et al., 2015). 

Research has found that the growing season is beginning earlier and ending later in the year (Tucker 

et al., 2001). It is important to evaluate the relationship between the length of the growing season and 

temperature as it has been found to have a direct impact on vegetation greening (Cooper et al., 2011). 

The results for GSL in the ARW shows a significantly decreasing trend from 1975-2015 (R2=0.088, 

p=0.04) (Figure 4.11). In 2015, there was a large anomaly in the dataset, with only 26 GDD and the 

average throughout the time series is approximately 63 days. It is important to note that if this point is 

removed, the results demonstrate no significant trend. On the other hand, the CBAWO results (i.e., 

Mould Bay) indicate a significantly positive trend from 1975-2015 (R2=0.091, p=0.05) with an 

average of 16 GDD annually (Figure 4.11). 

 

 

Figure 4.12: GSL from 1975-2015 calculated from the mean daily annual temperature data. 

(Environment Canada, 2015; Lamoureux, 2015) 
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The large difference in GSL between the ARW and the CBAWO is due to a large temperature 

gradient across the latitudes from the Low to the High Arctic. However, the CBAWO is experiencing 

the most significant change in GSL length, which is a direct result of the increased summer 

temperature trends of the past 40 years (i.e., the mean July temperatures for Mould Bay and CBAWO 

have increased at a higher rate than at the ARW). Meanwhile, the precipitation trends at the CBAWO 

over the last 13 years have increased significantly, but remain variable for the ARW (Figure 4.10 and 

4.11).  

At the CBAWO, there appear to be links between NDVI, July temperatures and GSL, which 

have been documented in the literature. For instance, the summer warmth index (SWI) has been 

linked to NDVI using coarse resolution satellite data of the Circumpolar Arctic (Jia et al., 2009; Bhatt 

et al., 2013). Raynolds et al. (2008) found that a 5 °C increase in the SWI corresponded to a 0.07 

increase in NDVI (i.e., corresponding to increases in growing season temperatures) for a High Arctic 

site. These studies support the results reported here indicating that increases in July temperatures and 

GSL will lead to increasing NDVI for certain vegetation types in the CBAWO. Fraser et al. (2011) 

used finer resolution data to show a strong relationship between temperature and NDVI in the eastern 

Low Arctic (i.e., Ronagat, Sirmilik and Wapusk). The summer and winter temperatures with steeper 

trends were associated with stronger greening trends (Fraser et al., 2011). The research conducted by 

Fraser et al. (2011) contradicts the results shown in this research in the low Arctic, although 

temperature trends tend to be site specific.  

The contrasting climatic trends observed at both sites are driving higher increases in NDVI at 

the CBAWO compared to the ARW. ACIA (2004) and IPCC (2013) agree that the mean annual and 

winter temperatures along the west coast of the Arctic are generally higher than latitudes inland or on 

the east coast due to Arctic, Pacific, and North Atlantic Oscillations. For example, the North Atlantic 

Oscillation showed a trend favoring the positive phase over the last four decades resulting in colder, 
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drier winters in north-eastern Canada and will continue on this trend during the 21st century (IPCC, 

2013). In some studies, winter temperatures and snow melt timing have been found to correlate with 

vegetation growth the following summer (Myers-Smith et al., 2011). The winter 

(December/January/February - DJF) temperature and snowfall anomalies for the two study sites 

reveal significantly increasing trends at the CBAWO and variable temperatures with a significantly 

decreasing trend in snowfall for the ARW (Appendix L). The results reported here suggest that 

compared to the ARW (a Low Arctic site), there was proportionately more greening at the CBAWO 

(a High Arctic site) which can be attributed, in part, to higher summer and winter temperatures 

(winter and summer), an increased growing season and increased precipitation.  

 Satellite and Ground Observations of ‘Greening’ at Global and Local Scales 

NDVI satellite observations have proven to be a good indication of vegetation greenness, 

cover, and expansion (Goswami et al., 2015). It is important to consider that the application of 

different spatial resolutions of NDVI observations from long-term satellite records is research 

dependent. While coarse resolution data are useful for global scale implications of vegetation change, 

these data provide minimal information of how these changes are translated to vegetation change at 

local and landscape scales (i.e., changes to phenology, biodiversity and abundance) (Epstein et al., 

2011). For instance, changes in NDVI at coarse spatial resolutions tend to overestimate vegetation 

production (Guay et al., 2014). Using intermediate Landsat data or high resolution data can provide 

indirect evidence of vegetation change. Furthermore, validating with high spatial resolution data and 

ground-based observations will enhance our knowledge of local scale changes to vegetation type and 

structure.  

In general, the Landsat time series analysis reveals an overall increase in NDVI at the CBAWO 

(specifically in the dry and mesic vegetation type). Meanwhile, no significant change in NDVI was 

observed for the ARW; a phenomenon that has been supported by other researchers (Chen et al., 
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2009; Olthof et al.,  2015). On a global scale, shrub cover and abundance have increased in the Arctic 

based on satellite observations coupled with ground-based measurements in the eastern Arctic (i.e., 

expansion of birch and willow shrubs) and in the High Arctic (i.e., increase in dwarf and evergreen 

shrub species) (Myer-Smith et al., 2011). Jia et al. (2009) found a higher increase in peak NDVI in 

the High Arctic (0.49-0.79% yr−1) compared to the Low Arctic (0.46-0.69% yr−1) from 1982-2006. It 

is anticipated that the transition zone between the Low Arctic and High Arctic will respond more 

significantly to warming, i.e., expansion of shrubs northward and/or up slopes (Jia et al., 2009). 

Similarly, Pattison et al. (2015) found no change in NDVI in tundra types using a Landsat time series 

from 1992-2009 in Alaska. Conversely, and similar to the results found in this study, Epstein et al. 

(2011) found a 19.8% increase in above-ground biomass from 1982-2010 for the Circumpolar Arctic 

based on vegetation subzones with the area of most notable change documented in the Low Arctic. 

Lastly, Raynolds et al. (2013) used fine resolution data and ground studies to understand the changes 

occurring in specific vegetation types and locations that are causing the overall change in NDVI. The 

increase in NDVI was most prominent among the non-tussock sedge tundra, and prostrate-dwarf 

shrub dominant areas in the Low Arctic.  

Observations of vegetation growth and expansion have been noted in the literature for the Low 

and High Arctic and could account for the change in NDVI at these latitudes. For instance, long-term 

(i.e., 9-year) experimental warming studies in the High Arctic (i.e., Ellsmere Island, Alexandra Fiord) 

indicate that the dry and mesic tundra sites have experienced a larger increase in shrub cover and 

biomass than the wet tundra sites. For the dry sites, the deciduous shrub, Salix arctica is increasing in 

size and abundance and as a result contributing more organic material to the soil, thereby enhancing 

soil nutrients (Welker et al., 2004). The dry regions are also experiencing early seed set and 

phenological changes due to warming and early/longer growing seasons (Wookey et al., 1993). At 

High Arctic mesic sites, it is unlikely that increased leaf litter is the mechanism driving the change in 

productivity because the most abundant species are evergreen shrubs, such as Cassiope and Dryas 
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and they tend to retain their leaves for many years; therefore, leaf litter cannot explain the increase in 

shrub cover at these sites (Welker et al., 2004). Other studies suggest the heath vegetation has 

developed larger leaves and longer shoots due to warming (16 year experimental warming) (Hudson 

& Henry, 2010). Although the wet tundra vegetation class does not demonstrate an increase in 

productivity over time, there has been a documented increase in above-ground biomass on Ellesmere 

Island (a High Arctic site). The increase in above-ground biomass is correlated to the annual mean 

and summer temperatures from the 1980’s (Hill & Henry, 2011). The increase in productivity in the 

wet vegetation types is explained by an increase in decomposition and mineralization rates, caused by 

warmer soils (Hill & Henry, 2011).  This shows that it is possible for other High Arctic wet 

vegetation sites to experience a significant change in productivity in the future. 

Although there was no significant change in vegetation types located in the ARW, it has been 

documented that other Low Arctic sites are experiencing vegetation growth. Experimental warming 

techniques in the Low Arctic have demonstrated an increase in height and cover of shrubs and 

graminoids with a decrease in lichen and moss (Fraser et al., 2014; Walker & Wahren, 2006). This 

response was rapid (i.e., occurring in two growing season in response to warming) and suggests that 

shrubs will start to outcompete lichens (Fraser et al., 2014). Overall, warming increased height and 

cover of deciduous shrubs and graminoids, decreased cover of mosses and lichens, and decreased 

species diversity and evenness. These findings indicate that warming is very likely to result in a 

decline in biodiversity across a wide variety of vegetation types, at least in the short term (Hollister et 

al., 2005). 

 Summary 

PVC and satellite derived NDVI for the ARW demonstrated a strong significant relationship; 

therefore, PVC can be modeled for the entire watershed. The PVC estimates illustrate that vegetation 

cover is defined by topography and moisture regimes. The supervised land-cover classification using 
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high spatial resolution data derived five spectral classes (three vegetated, and two non-vegetated): i) 

dry tundra - prostrate dwarf shrub/herb tundra; ii) mesic tundra - hemiprostrate/graminoid prostrate 

dwarf shrub; iii) wet tundra - sedge/grass moss wetlands; and iv) non-vegetated surfaces (i.e., rock 

and sand). High spatial resolution data produced a fine scale land-cover classification and PVC 

measurements across a heterogeneous landscape. 

The NDVI time series analysis for the CBAWO (1985-2015) indicated a significant increasing 

trend in the mesic and dry vegetation types using intermediate resolution Landsat data, whereas no 

significant change was documented in the ARW.  These results are supported by overall greening 

observed across spatial scales; i.e. over the Circumpolar Arctic (Epstein et al., 2012) and on a more 

regional scale using Landsat data (Raynolds et al., 2013). Temperature, precipitation and GSL were 

analyzed in an attempt to identify the primary environmental variables driving the increase in NDVI. 

The mean July temperature and precipitation anomalies from 1946-2015 for the ARW demonstrate 

variability in both trends, whereas the temperature and precipitation trends are increasing 

significantly at Mould Bay (the closest weather station to the CBAWO) from 1948-2013 and at the 

CBAWO from 2003-2015 respectively. Similarly, there is a significantly increasing trend in GSL 

from 1975-2015 for Mould Bay and a significantly decreasing trend for ARW. It is apparent that 

there is a link between changes in NDVI and mean July temperature, precipitation and GSL, 

especially at the CBAWO (i.e., High Arctic). The contrasting climatic trends observed at both sites 

are driving higher increases in NDVI at the CBAWO compared to the ARW. These climatic trends, 

driven by climate oscillations (i.e., Arctic, Pacific, and North Atlantic Oscillations), create warmer 

annual temperatures on the west coast of the Arctic compared to the east.  
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Chapter 5 

Conclusion 

This chapter is focused on summarizing the conclusions associated with each of the three research 

questions: 

1. Has there been an increase in NDVI (i.e., vegetation productivity) over the past 30 years at 

the CBAWO and ARW study sites? More specifically, will any greening be observed for 

specific vegetation types at the two Arctic locations? 

Overall, the NDVI time series over the past 30 years confirms an increasing greening 

trend that is more prominent at the CBAWO (i.e., High Arctic site) than the ARW (i.e., Low 

Arctic site). To determine the NDVI change in specific vegetation types, a land-cover 

classification was established in the ARW (a similar classification already existed for the 

CBAWO (Gregory, 2011)). The supervised land-cover classification resulted in three 

vegetation and two non-vegetated classes (overall accuracy = 74%, Kappa coefficient 0.53): 

i) dry tundra - prostrate dwarf shrub/herb tundra ; ii) mesic tundra - hemiprostrate/graminoid 

prostrate dwarf shrub; iii) wet tundra - sedge/grass/moss wetlands; and iv) non-vegetated 

surfaces (i.e., rock and sand).  The results for the NDVI time series based on vegetation type 

confirmed a significant increasing trend in the mesic and dry tundra from 1985-2015 for the 

CBAWO, and no significant trends in vegetation from 1984-2015 in the ARW. 

2. Can high resolution data be used to model PVC in high latitude tundra environments? 

The southern region of the watershed, located at lower elevations (i.e., moisture rich), 

exhibited a high abundance of forbs, graminoids and heath; whereas the northern extent of the 

watershed at the highest elevations (i.e., drier areas) was dominated by rock, soil, and lichens 

with minimal forbs. The linear regression results for satellite derived NDVI and ground-based 
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PVC yielded strong correlations; therefore this model could be used to estimate PVC using 

high resolution WorldView-2 data. The modelled PVC results illustrate the relationship 

between PVC, topography and possibly moisture regimes throughout the ARW and provided 

an interesting outlook on the spatial distribution of green vegetation that would be difficult to 

acquire with point-based measurements alone. 

3. Can changes in NDVI be linked to climate warming? 

The homogenized mean July temperature anomalies for Mould Bay (and by extension 

the CBAWO) confirmed a significant increasing trend from 1948-2013. Based on data from 

Iqaluit (i.e., ARW), there was no mean July temperature trend for the ARW from 1946-2015. 

Homogenized mean July precipitation anomalies confirm mixed results for Mould Bay from 

1946-1996 and ARW from 1948-2015, while increasing trends are found at the CBAWO 

from 2003-2015. GSL from June – August yielded a significant increasing trend for Mould 

Bay from 1975-2015 and a significant decreasing trend for the ARW from 1975-2015. These 

results suggest that climate variables, more specifically temperature and GSL, are the main 

drivers for the NDVI changes in the CBAWO and not in the ARW. 

 In summary, these results enhance the existing knowledge of increased greening (i.e., by 

vegetation type) due to increasing temperatures at northern latitudes. Moreover, this research revealed 

that the spatial resolution for vegetation processes is research specific. Nonetheless, high resolution 

data provided detailed vegetation structure and was able to distinguish between vegetation types in a 

heterogeneous area. Intermediate Landsat data provided sufficient cloud-free images to have a 

substantial time series that allowed for precise modelling of NDVI by vegetation type, analyses not 

possible using coarse resolution data. 
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 Recommendations for future work 

1. Measuring PVC using high resolution data provided successful results in modeling PVC for 

both watersheds. Future work will look to explore the concept of ‘scaling up’ the high 

resolution PVC measurements to the Landsat NDVI time series in both the ARW and 

CBAWO. The NDVI values for Landsat and WorldView-2 data will be compared and if the 

results show fairly similar results, then it is possible to scale up the PVC to the time series 

analysis. Since other biophysical variables, such as biomass, and CO2 have also been found to 

have a strong relationship to NDVI, it may also be possible to scale these field measurements 

up to examine their change over time through time series analysis of intermediate resolution 

data. 

2. Although this research is the first of its kind in the ARW, vegetation research has been 

conducted at the CBAWO for approximately 12 years; over this period, high resolution data 

have been acquired. A high resolution time series analysis at the CBAWO would allow for a 

more precise analysis of the NDVI changes at this site and how these changes compare to the 

Landsat time series changes.  

3. The changes in NDVI at the CBAWO were linked to climate variables (i.e., temperature, 

precipitation and GSL); however this was not the case for the ARW. Analyzing other driving 

factors at the transect sites such as soil moisture content, active layer depth, and soil carbon 

and nitrogen may provide insight on the driving variables impacting vegetation productivity 

differently at each site. 

4. Long-term warming studies (8-years) have been established at the CBAWO in the G1 

vegetation type analyzing species richness and PVC change over time (research in prep). It 

would be beneficial to expand this experimental warming to the other vegetation types (i.e., 

wet and dry). This will allow researchers to document and monitor the physiological changes 
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in vegetation subjected to increased warming (i.e., lateral growth, canopy height, species 

richness, PVC, etc.) 
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Appendix A 

Example ITEX data entry from the field 

 

Site Date Elevation MapX MapY 

Transect1A 

Plot1  

Quadrat 1 

24/07/2015 75.15 527241.88 7067664 

     

XID YID Species 
Functional 

Group 
Height 

1 1 Green_Bearberry Willow Shrub 14.5 

1 1 Dead_Moss Moss 20 

1 2 Green_Bearberry Willow Shrub 12 

1 2 Dead_Bearberry Willow Shrub 14 

1 3 Green_Bearberry Willow Shrub 10 

1 3 Green_Bearberry Willow Shrub 13 

1 3 Dead_Moss Moss 14.5 

1 4 Green_Bearberry Willow Shrub 12.5 

1 4 Dead_Bearberry Willow Shrub 14 

1 5 Dead_Sedge Graminoid 8 

1 5 Dead_Bearberry Willow Shrub 11 

2 1 Green_Yellow Oxytrope Forb/Herb 10.5 

2 1 Green_Bearberry Willow Shrub 12.5 

2 1 Rock Rock/Soil 14.5 

2 2 
Green_Smooth Norther-

Rockcress 
Forb/Herb 14.5 

2 2 Green_Moss Moss 15 

2 3 Dead_Sedge Graminoid 14 

2 3 Dead_Moss Moss 16 

2 4 Green_Bearberry Willow Shrub 10 

2 4 Dead_Bearberry Willow Shrub 12 

2 5 Dead_Sedge Graminoid 8 

2 5 Green_Bearberry Willow Shrub 8.5 
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XID YID Species 
Functional 

Group 
Height 

3 1 Green_Bearberry Willow Shrub 10 

3 1 Dead_Moss Moss 12 

3 2 Green_Yellow Oxytrope Forb/Herb 10 

3 3 Green_Bearberry Willow Shrub 12 

3 3 Dead_Moss Moss 14 

3 4 Green_Bearberry Willow Shrub 10 

3 4 Dead_Dead Litter Dead Litter 12 

3 5 Green_Bearberry Willow Shrub 6.5 

3 5 Dead_Bearberry Willow Shrub 8 

4 1 Green_Bearberry Willow Shrub 8 

4 1 Rock Rock/Soil 10 

4 2 Green_Bearberry Willow Shrub 6 

4 2 Dead_Sedge Graminoid 6.5 

4 2 Dead_Bearberry Willow Shrub 8.5 

4 3 Green_Bearberry Willow Shrub 8 

4 3 Dead_Bearberry Willow Shrub 12 

4 4 Dead_Sedge Graminoid 6.5 

4 4 Green_Bearberry Willow Shrub 8 

4 4 Dead_Moss Moss 10 

4 5 Green_Sedge Graminoid 6 

4 5 Dead_Bearberry Willow Shrub 10 

5 1 Green_Yellow Oxytrope Forb/Herb 4 

5 1 Green_Mountain Avens Shrub 7 

5 2 Green_Bearberry Willow Shrub 4 

5 2 Green_Bearberry Willow Shrub 6 

5 2 Dead_Bearberry Willow Shrub 8 

5 3 Green_Bearberry Willow Shrub 8 

5 3 Dead_Moss Moss 10 

5 4 Green_Bearberry Willow Shrub 8.5 

5 4 Dead_Moss Moss 10.5 

5 5 Green_Bearberry Willow Shrub 5 

5 5 Dead_Bearberry Willow Shrub 6 
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Appendix B 

PVC for all vegetation hits 

Site ABB AW BB BlueB CB FL HL LT LP LR LW L M MA MC NVW S SNR SW WH YO Litter Rock Soil 

1A Plot1 0 0 38 2 0 0 0 0 0 0 0 1 5 7 0 0 24 6 44 0 5 24 9 16 

1A Plot2 2 0 4 61 2 0 0 4 0 0 0 16 6 0 0 0 0 0 0 10 0 20 17 5 

1A Plot3 39 0 1 38 0 0 0 0 0 0 0 4 0 1 0 0 3 0 0 4 0 29 4 2 

1A Plot4 0 0 31 53 0 0 0 0 0 0 0 1 26 4 0 11 2 1 0 0 1 41 3 5 

1A Plot5 0 0 6 30 0 0 0 0 0 0 0 1 28 9 0 16 9 13 0 0 9 38 7 6 

1B Plot1 0 7 0 6 0 0 0 0 0 0 0 17 32 7 0 7 5 2 0 15 2 8 6 2 

1B Plot2 0 1 0 27 0 0 0 0 0 0 0 9 20 8 0 8 6 5 0 14 6 15 8 4 

1B Plot3 0 4 0 29 0 0 0 0 0 0 0 11 25 5 0 2 5 0 1 7 0 9 14 8 

1B Plot4 0 0 0 15 0 0 0 0 0 2 0 14 35 12 0 6 4 0 0 19 1 10 0 5 

1B Plot5 0 1 0 34 0 0 0 6 0 0 0 4 25 2 0 3 4 1 0 8 0 14 11 2 

2A Plot1 0 0 27 18 0 0 0 0 0 2 0 6 10 0 8 0 3 1 0 2 2 19 5 17 

2A Plot2 0 0 8 36 0 0 0 0 12 0 0 4 10 2 0 0 1 0 0 0 2 12 14 3 

2a Plot 3 0 0 9 9 0 0 0 0 0 1 0 3 17 0 1 0 2 0 0 6 6 4 37 3 

2a Plot4 0 0 9 25 10 0 0 0 0 0 0 0 23 6 0 2 1 1 0 12 5 10 25 15 

2a Plot 5 0 0 17 46 0 2 0 0 0 0 0 1 18 7 0 1 3 0 0 2 3 19 2 6 

2B Plot1 0 0 0 0 0 0 0 1 2 0 0 9 8 4 7 0 0 0 0 15 0 0 23 16 

2B Plot2 0 1 6 28 0 0 0 0 0 0 0 4 34 5 0 0 2 0 0 7 2 13 1 19 

2B Plot3 0 0 0 3 0 0 0 0 0 0 1 12 9 6 0 0 0 0 0 29 0 2 30 11 

2B Plot4 2 0 0 25 0 0 0 0 3 0 0 4 40 8 0 1 1 0 0 20 3 9 5 23 

2B Plot5 1 2 0 2 0 0 0 0 0 0 0 1 11 17 0 4 10 2 0 26 1 14 3 24 

3A Plot1 0 0 7 17 0 0 0 0 1 0 0 2 3 0 0 0 0 0 0 3 0 3 26 14 

3A Plot2 2 6 3 32 7 0 0 0 2 0 0 9 3 0 0 0 1 0 0 1 3 7 13 30 

3A Plot3 0 0 0 13 1 0 0 6 0 0 0 12 1 0 2 0 1 0 0 20 0 0 16 11 

3A Plot4 0 0 7 54 0 0 0 0 3 0 0 9 2 7 0 0 1 0 0 0 5 4 6 37 

3A Plot5 0 0 5 24 0 0 0 0 1 0 0 7 1 0 0 0 1 0 0 1 1 5 23 29 
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Site ABB AW BB BlueB CB FL HL LT LP LR LW L M MA MC NVW S SNR SW WH YO Litter Rock Soil 

3B Plot 1 0 2 0 14 0 0 0 0 1 0 0 16 14 0 0 0 0 0 0 4 1 1 12 25 

3B Plot2 0 0 0 9 0 0 0 2 0 0 0 13 25 1 0 0 0 0 0 5 0 1 30 12 

3B Plot3 0 0 0 3 6 0 0 3 1 0 0 21 24 0 0 0 0 0 4 20 1 7 10 31 

3B Plot4 0 0 0 1 0 0 0 2 1 0 0 17 9 2 0 0 0 0 0 8 0 3 23 25 

3B Plot5 0 1 0 1 0 0 0 0 0 0 1 0 35 2 0 1 3 0 0 22 2 19 6 7 

4A Plot1 0 0 10 6 0 0 0 0 0 0 0 1 53 2 0 2 29 0 0 0 0 29 0 1 

4A Plot3 0 5 10 6 1 0 0 0 0 0 0 0 41 0 0 3 31 0 0 0 0 14 1 28 

4A Plot5 0 6 3 0 0 0 0 0 0 0 0 0 35 0 0 3 42 1 0 0 0 11 1 27 

4B Plot1 0 0 0 1 0 0 0 0 0 0 0 0 11 0 0 2 63 0 0 0 0 3 0 61 

4B Plot4 0 3 0 9 0 0 0 0 0 0 0 2 21 0 0 6 29 3 0 4 0 22 9 27 

5A Plot1 0 0 8 1 0 0 0 0 0 0 0 13 10 0 0 0 0 0 0 11 0 4 40 18 

5A Plot3 0 0 9 24 0 0 0 0 1 0 0 9 0 2 0 0 0 0 0 10 0 14 12 11 

5A Plot5 0 0 8 18 0 0 0 0 1 3 0 8 1 0 0 0 0 0 0 4 0 1 27 20 

5B Plot1 0 0 13 0 0 0 0 0 4 0 0 11 0 0 0 0 0 0 0 0 0 1 45 26 

5B Plot3 3 0 2 5 0 0 0 6 2 0 0 13 16 0 0 0 0 0 0 17 1 5 35 10 

5B Plot5 0 0 4 3 0 0 0 0 1 0 0 18 16 0 4 0 0 0 0 13 0 0 29 12 

6A Plot1 0 0 11 4 0 0 0 0 0 3 0 7 4 0 0 0 0 0 0 0 2 7 50 11 

6A Plot2 0 0 3 8 0 0 0 2 0 0 0 15 16 2 0 0 0 0 0 2 0 1 27 23 

6A Plot3 0 0 3 5 0 0 0 17 0 0 0 16 29 15 0 0 1 0 0 0 1 2 10 13 

6B Plot1 0 0 2 8 0 0 0 4 1 0 0 6 10 0 0 0 2 0 0 0 0 2 28 27 

6B Plot3 0 4 15 18 0 0 1 0 4 0 0 4 19 21 0 0 2 0 0 2 1 1 8 25 

6B Plot5 0 0 8 1 0 0 0 0 3 2 1 14 2 7 0 0 0 0 0 2 1 0 31 22 

7A Plot1 0 0 0 10 0 0 0 1 0 0 0 6 0 0 0 0 0 0 0 7 0 4 53 9 

7A Plot3 0 0 1 0 0 0 0 0 0 0 0 8 0 0 0 0 0 0 0 1 0 0 75 2 

7A Plot4 0 0 0 0 0 0 0 4 0 0 0 16 5 0 0 0 0 0 3 10 0 0 26 3 

7B Plot1 0 0 0 0 0 0 0 1 1 0 0 14 2 0 0 0 1 0 2 16 0 7 31 14 

7B Plot3 0 0 0 0 0 0 0 0 0 0 0 9 0 5 0 0 0 0 0 18 0 1 34 18 

7b Plot 5 0 0 0 0 0 0 0 3 0 0 0 9 4 0 0 0 0 0 0 7 0 3 50 5 
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Appendix C 

PVC for top vegetation hits 

Site ABB AW BB BlueB CB FL HL LT LP LR LW L M MA MC NVW S SNR SW WH YO Litter Rock Soil 

1A Plot1 0 0 29 1 0 0 0 0 0 0 0 0 0 0 0 0 17 4 16 0 4 2 2 1 

1A Plot2 2 0 3 41 2 0 0 4 0 0 0 8 2 0 0 0 0 0 0 6 0 5 12 1 

1A Plot3 28 0 0 30 0 0 0 0 0 0 0 2 0 0 0 0 2 0 0 3 0 7 3 0 

1A Plot4 0 0 20 37 0 0 0 0 0 0 0 0 7 1 0 7 1 1 0 0 1 8 3 1 

1A Plot5 0 0 4 21 0 0 0 0 0 0 0 0 5 5 0 10 5 10 0 0 5 6 5 0 

1B Plot1 0 5 0 3 0 0 0 0 0 0 0 11 3 2 0 6 3 0 0 7 1 2 6 1 

1B Plot2 0 1 0 15 0 0 0 0 0 0 0 3 3 3 0 4 4 1 0 13 2 2 5 0 

1B Plot3 0 4 0 21 0 0 0 0 0 0 0 4 5 2 0 2 1 0 0 4 0 3 10 0 

1B Plot4 0 0 0 12 0 0 0 0 0 1 0 9 9 8 0 3 3 0 0 12 1 4 0 1 

1B Plot5 0 1 0 16 0 0 0 4 0 0 0 2 4 1 0 0 3 1 0 5 0 3 9 0 

2A Plot1 0 0 25 14 0 0 0 0 0 1 0 4 5 0 7 0 2 1 0 2 2 4 4 7 

2A Plot2 0 0 5 28 0 0 0 0 7 0 0 2 4 0 0 0 1 0 0 0 2 2 12 0 

2a Plot 3 0 0 7 8 0 0 0 0 0 1 0 2 5 0 0 0 2 0 0 6 4 1 35 2 

2a Plot4 0 0 8 21 8 0 0 0 0 0 0 0 2 4 0 2 1 1 0 5 4 1 25 1 

2a Plot 5 0 0 12 36 0 1 0 0 0 0 0 0 5 6 0 1 2 0 0 2 2 6 1 0 

2B Plot1 0 0 0 0 0 0 0 1 0 0 0 5 2 4 7 0 0 0 0 15 0 0 22 10 

2B Plot2 0 1 4 25 0 0 0 0 0 0 0 3 7 3 0 0 2 0 0 6 2 7 1 4 

2B Plot3 0 0 0 3 0 0 0 0 0 0 1 4 2 6 0 0 0 0 0 20 0 0 30 5 

2B Plot4 2 0 0 20 0 0 0 0 3 0 0 2 13 6 0 1 1 0 0 14 3 3 3 12 

2B Plot5 1 2 0 2 0 0 0 0 0 0 0 1 4 15 0 4 7 2 0 18 1 3 2 9 

3A Plot1 0 0 6 16 0 0 0 0 1 0 0 2 2 0 0 0 0 0 0 2 0 3 21 9 

3A Plot2 1 3 2 27 4 0 0 0 1 0 0 8 1 0 0 0 1 0 0 0 2 6 12 10 

3A Plot3 0 0 0 10 0 0 0 3 0 0 0 10 0 0 1 0 1 0 0 16 0 0 13 4 

3A Plot4 0 0 7 46 0 0 0 0 2 0 0 3 0 5 0 0 1 0 0 0 3 4 4 12 

3A Plot5 0 0 5 21 0 0 0 0 1 0 0 6 1 0 0 0 0 0 0 1 1 4 20 13 
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Site ABB AW BB BlueB CB FL HL LT LP LR LW L M MA MC NVW S SNR SW WH YO Litter Rock Soil 

3B Plot 1 0 2 0 12 0 0 0 0 1 0 0 9 5 0 0 0 0 0 0 2 1 1 10 21 

3B Plot2 0 0 0 8 0 0 0 1 0 0 0 7 10 1 0 0 0 0 0 1 0 0 30 8 

3B Plot3 0 0 0 3 2 0 0 1 1 0 0 14 14 0 0 0 0 0 3 14 1 3 8 9 

3B Plot4 0 0 0 1 0 0 0 2 0 0 0 13 5 2 0 0 0 0 0 5 0 2 21 14 

3B Plot5 0 1 0 1 0 0 0 0 0 0 0 0 9 2 0 0 2 0 0 8 2 7 4 1 

4A Plot1 0 0 6 4 0 0 0 0 0 0 0 1 5 0 0 1 18 0 0 0 0 0 0 0 

4A Plot3 0 3 4 2 0 0 0 0 0 0 0 0 4 0 0 2 19 0 0 0 0 0 1 25 

4A Plot5 0 1 2 0 0 0 0 0 0 0 0 0 1 0 0 0 26 0 0 0 0 0 1 9 

4B Plot1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 23 0 0 0 0 0 0 0 

4B Plot4 0 0 0 2 0 0 0 0 0 0 0 0 1 0 0 0 8 1 0 0 0 0 8 1 

5A Plot1 0 0 7 1 0 0 0 0 0 0 0 7 2 0 0 0 0 0 0 9 0 1 36 6 

5A Plot3 0 0 7 18 0 0 0 0 1 0 0 7 0 0 0 0 0 0 0 7 0 0 7 10 

5A Plot5 0 0 8 17 0 0 0 0 0 2 0 6 1 0 0 0 0 0 0 3 0 0 26 11 

5B Plot1 0 0 12 0 0 0 0 0 4 0 0 11 0 0 0 0 0 0 0 0 0 1 42 21 

5B Plot3 3 0 2 5 0 0 0 5 2 0 0 7 3 0 0 0 0 0 0 11 1 4 30 8 

5B Plot5 0 0 4 3 0 0 0 0 1 0 0 12 9 0 4 0 0 0 0 10 0 0 29 8 

6A Plot1 0 0 9 3 0 0 0 0 0 1 0 7 3 0 0 0 0 0 0 0 2 3 46 7 

6A Plot2 0 0 2 7 0 0 0 1 0 0 0 12 9 2 0 0 0 0 0 2 0 0 24 17 

6A Plot3 0 0 3 3 0 0 0 12 0 0 0 10 11 14 0 0 1 0 0 0 1 1 7 4 

6B Plot1 0 0 2 8 0 0 0 3 1 0 0 5 5 0 0 0 1 0 0 0 0 0 28 23 

6B Plot3 0 4 15 18 0 0 1 0 4 0 0 3 8 15 0 0 2 0 0 1 0 0 3 11 

6B Plot5 0 0 7 1 0 0 0 0 2 2 1 9 1 5 0 0 0 0 0 2 1 0 28 17 

7A Plot1 0 0 0 10 0 0 0 1 0 0 0 4 0 0 0 0 0 0 0 7 0 0 48 3 

7A Plot3 0 0 1 0 0 0 0 0 0 0 0 8 0 0 0 0 0 0 0 1 0 0 75 1 

7A Plot4 0 0 0 0 0 0 0 4 0 0 0 7 3 0 0 0 0 0 3 10 0 0 25 0 

7B Plot1 0 0 0 0 0 0 0 1 1 0 0 6 2 0 0 0 0 0 2 13 0 6 20 8 

7B Plot3 0 0 0 0 0 0 0 0 0 0 0 6 0 4 0 0 0 0 0 16 0 0 29 15 

7B Plot5 0 0 0 0 0 0 0 2 0 0 0 6 4 0 0 0 0 0 0 6 0 1 48 4 
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Plant Species Legend for PVC data Collection 
ABB Alpine Bearberry 

AW Arctic Willow 

BB Bearberry Willow 

BlueB Blueberry 

CB Crowberry 

FL Flame Lousewort 

HL Hairy Lousewort 

LT Labrador Tea 

LP Lapland Pincushion 

LR Lapland Rosebay 

LW Large-flowered Wintergreen 

L Lichen 

M Moss 

MA Mountain Avens 

MC Mountain Cranberry 

NVW Net-vein Willow 

S Sedge 

SNR Smooth Northern-Rockcress 

SW Snow-bed Willow 

WH White Heather 

YO Yellow Oxytrope 

 



 

 

 

 

96 

Appendix D 

Image processing of IKONOS data 

1. IKONOS image was orthorectified using PCI’s Rational Function Math Model (RFEMM). 

RFEMM requires 1 to 3 ground control points (GCP) and a Digital Elevation Model (DEM) at 

25m spatial resolution. GPS point locations of corner reflectors were collected by Adam 

Collingwood in 2009. 

2. The data was converted to top of atmosphere (TOA) radiance (Lλ) and then to planetary 

reflectance (ρp). 
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Appendix E 

Example linear regression analysis for PIF’s in the ARW and the CBAWO 

 

Figure E.1: Linear regression analysis of the PIF's reflectance values selected in the Landsat time series 

data (1984, 1989, 1991) against the base image (2008) in the ARW. Left panel with the black dots 

represents the red band and the right panel with the grey dots represents the NIR band. 
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Figure E.2: Linear regression analysis of the PIF's reflectance values selected in the Landsat time series 

data (2004, 2011, 2015) against the base image (2008) in the ARW. Left panel with the black dots 

represents the red band and the right panel with the grey dots represents the NIR band. 
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Figure E.3: Linear regression analysis of the PIF's reflectance values selected in the Landsat time series 

data (1985, 1988, 1994) against the base image (2009) in the CBAWO. Left panel with the black dots 

represents the red band and the right panel with the grey dots represents the NIR band. 
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Figure E.4: Linear regression analysis of the PIF's reflectance values selected in the Landsat time series 

data (1999, 2006, 2015) against the base image (2009) in the CBAWO. Left panel with the black dots 

represents the red band and the right panel with the grey dots represents the NIR band. 
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Appendix F 

Spectral separability for the ARW land-cover classification – Jeffries-

Matusita Distance 

Pair Separation (least to most) 

W1 to PG 1.19 

P1 to PG 1.49 

P1 to W1 1.86 

P1 to Rock 1.99 

W1 to Rock 2.00 

Rock to PG 2.00 
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Appendix G 

Confusion matrix for the land-cover classification for the CBAWO 

Reference Pixels 

Class P1 G1 W1 Bare Total 

P1 6400 528 0 448 7376 

G1 512 6704 2946 0 8192 

W1 0 912 2016 0 2928 

Bare 144 0 0 1984 2128 

Total 7056 8144 2992 2432 20624 

Overall Accuracy = 83% 

Kappa Coefficient = 0.79 

Reference Percent 

Class P1 G1 W1 Bare Total 

P1 90.7 6.48 0.00 18.42 35.76 

G1 7.26 82.32 32.62 0.00 39.72 

W1 0.00 11.20 67.38 0.00 14.20 

Bare 2.04 0.00 0.00 81.58 10.32 

Total 100 100 100 100 100 

 

Class Commission (%) Omission (%) Commission (pixels) Omission (pixels) 

P1 13.23 9.30 976 656 

G1 18.16 17.68 1488 1440 

W1 31.15 32.62 912 976 

Bare 6.77 18.42 144 448 

 

Class Producer 

Accuracy (%) 

User 

Accuracy (%) 

P1 90.7 86.8 

G1 82.3 81.8 

W1 67.4 68.9 

Bare 81.6 93.2 



 

 

 

 

103 

Appendix H 

Time series pixel selection by vegetation type 

 

Figure H.1: CBAWO NDVI stacked Landsat data with pixels selected for the NDVI time series analysis. 



 

 

 

 

104 

 

Figure H.2: ARW NDVI stacked Landsat data with pixels selected for the NDVI time series analysis. 



 

 

 

 

105 

Appendix I 

Example calculations for GDD and GSL  

GDD= ((Tmax+Tmin)/2)-Tbase 

= ((2.8°C +0.6°C)/2))-5°C 

= -3.3 GDD 

if GDD<0 then GDD = 0, if GDD>0 then GDD =1 

Sum the GDD for every day in June, July and August to calculate GSL 
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Appendix J 

Statistical plots for the linear regression model 

 

 

Figure J.1: Statistical plots for the linear regression analyses between NDVI and PVC. Top - Residual vs 

Fitted, Bottom - Normal Quantile Quantile plot. 
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Figure J.2: Residual vs Leverage statistical plot for the linear regression analyses between NDVI and 

PVC. 
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Appendix K 

Confusion matrix for the land-cover classification of the ARW 

Reference Pixels 

Class P1 W1 PG Rock Total 

P1 21 0 4 6 31 

W1 0 11 22 0 33 

PG 74 35 294 11 414 

Rock 4 0 4 110 118 

Total 99 46 324 127 596 

Overall Accuracy = (436/596) 73.2% 

Kappa Coefficient = 0.53 

Reference Percent 

Class P1 W1 PG Rock Total 

P1 21.21 0.00 1.23 6.00 5.20 

W1 0.00 23.91 6.79 0.00 5.54 

PG 74.75 76.09 90.74 8.66 69.46 

Rock 4.04 0.00 1.23 86.71 19.80 

Total 100 100 100 100 100 

 

Class Commission (%) Omission (%) Commission (pixels) Omission (pixels) 

P1 32.32 78.79 10/31 78/99 

W1 66.67 76.09 22/33 35/46 

PG 28.99 9.26 120/414 30/324 

Rock 6.78 13.39 8/118 17/127 

 

Class Producer 

Accuracy (%) 

User 

Accuracy (%) 

Producer 

Accuracy (pixel) 

User Accuracy 

(pixel) 

P1 21.21 67.74 21/99 21/31 

W1 23.91 33.33 11/46 11/33 

PG 90.74 71.01 294/324 294/414 

Rock 86.61 93.22 110/127 110/118 
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Appendix L 

Homogenized winter (DJF) temperature and precipitation anomalies 

 

Figure L.1: Homogenized winter temperature for Mould Bay (1949-2015) and ARW (1949-2015). 

 

Figure L.2: Homogenized winter snowfall for Mould Bay (1948-2007) and ARW (1946-2007). 


