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Abstract 

Vegetation changes (i.e., areas of ‘greening’ and ‘browning’) have been observed in areas 

of the circumpolar Arctic due to changing Arctic climate. However, these changes have largely 

been reported based on coarse spatial resolution satellite data collected since the 1980’s. This 

study examines a shorter time series (2004-2018) of high spatial resolution satellite data (i.e., 

IKONOS and Worldview-2,3) to determine if changes in the Normalized Difference Vegetation 

Index (NDVI) can be detected over a shorter time period at the Cape Bounty Arctic Watershed 

Observatory (CBAWO) located on Melville Island, Nunavut, Canada. Image data were first 

corrected to top-of-atmosphere (TOA) reflectance and normalized for the time series analysis 

using the pseudo-invariant feature (PIF) method to minimize differences in sensor calibration, 

illumination, sun angle and atmospheric conditions. Local climate data were used to calculate 

growing degree days (base 5 °C, GDD(5)) and growing season length (GSL). These climate data 

were combined with percent vegetation cover (PVC) measurements to contextualize trends 

observed in the time series. NDVI values of different vegetation types (i.e., wet sedge, mesic 

tundra and polar semi-desert) and within active layer detachments (ALDs) were analyzed. NDVI 

showed similar patterns over time within the different vegetation types and across the ALDs. It 

was determined that there was no significant change in NDVI nor in GDD(5) over time. 

However, there were statistically significant (p < 0.05) relationships between the GDD(5) and 

NDVI for all vegetation types. ‘Upscaled’ 30 m data presented a very similar trend as the 2 m 

data analysis at the landscape and plot (1 ha) level, but was not suited to tracking change within 

the ALDs. Combining field measurements and high spatial resolution remote sensing data helps 

link observed trends in spectral vegetation indices with processes on the ground. It is anticipated 

that as longer time series of high spatial resolution remote sensing data and field measures 
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become available, it will become more feasible to examine (and model) changes in biophysical 

variables associated with warming temperatures. The methods reported here address the 

challenges of integrating high spatial resolution satellite data from different satellite sensors in a 

time series analysis. 
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Chapter 1 

Introduction 

1.1 Research Context 

Evidence suggests that global climate change has already started to manifest in the 

Arctic (IPCC, 2014). Observations show that Arctic air temperatures have increased in all 

seasons from 2001 to 2012 when compared to the 1971 to 2000 climate normals (Overland 

et al., 2013). Arctic ice, snow, water and permafrost conditions have also shown changes 

that vary in magnitude spatially (Vincent et al., 2011). Further, changes in vegetation cover 

and tundra ‘greening’ have been observed using satellite data (e.g., Epstein et al., 2012; 

2018; Bhatt et al., 2013; Vickers et al., 2016; Ju and Masek 2016). The full extent of the 

effects that these changes will have on tundra ecosystems is still uncertain, but researchers 

have suggested that changes in vegetation productivity are probable (Vincent et al., 2011; 

Miller and Smith, 2012). In addition to changing the growing conditions experienced by 

vegetation, there is also the potential for increased permafrost disturbance, which can 

displace vegetation, thus locally impacting vegetation productivity (Kokelj and Jorgenson, 

2013).  

Arctic vegetation is sensitive to changes in temperature, moisture, winter snow 

depth, soil conditions and permafrost thaw depth which can change over a very small 

distance due to variations in topography (Billings and Mooney, 1968). This results in 

heterogeneous vegetation cover at a landscape level and a range of vegetation coverage 

with the most sheltered and wettest areas nearing almost complete coverage (wet sedge), to 

intermittent coverage (mesic tundra) to vegetation only existing along sheltered, moist 



 

 

 

 

2 

cracks in the surface (polar semi-desert). These vegetation types contain different species 

compositions (Walker et al., 2005) and there is evidence that each of these Arctic 

vegetation types may react to change differently (e.g., Hill and Henry 2011; Elmendorf et 

al., 2012; Cahoon et al., 2016; Edwards and Henry 2016; Wang et al., 2016). In addition to 

the variation in vegetation coverage and species composition due to changes in the factors 

mentioned above, the rise of permafrost disturbance due to the thawing of the permafrost 

can also locally impact the spatial coverage and species richness of vegetation (Cannone et 

al., 2010). Thus, there is a need to investigate how different vegetation types and terrain 

conditions, including areas that have experienced disturbance, respond to a warming 

climate.  

To better understand how vegetation may be impacted by climate change, 

researchers need to conduct multi-year studies so that inter-annual variation in climate 

conditions and vegetation productivity can be addressed by identifying long-term trends 

(Shaver et al., 2001). Vegetation attributes can be measured using manual field methods 

and remote sensing data collected at various spatial resolutions. Long-term warming 

experiments have demonstrated changes in vegetation species composition (Shaver et al., 

2001), growth rates (Campioli et al., 2012) and reproductive success (Klady et al., 2011). In 

contrast, several studies have shown that different vegetation types show various levels of 

resistance to warming (Klady et al., 2011; Hudson et al., 2010); hence the need to define 

vegetation response in the Arctic by vegetation types. 

Though the above field studies are invaluable, the remote nature of the Arctic 

complicates research due to the cost of logistics and overall accessibility. In some 

instances, the application of airborne or satellite remote sensing technologies can provide 
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data over large spatial extents and at high temporal frequencies at low cost to the 

researcher. Analysis of coarse resolution satellite data (i.e., > 30 m pixels) has shown that 

regions of the Artic have experienced greening in the last 30 years (e.g. Epstein et al.; 2012; 

2018; Bhatt et al., 2017). However, the rate of greening is not constant throughout the 

Arctic (e.g., Bhatt et al., 2013; Walker et al., 2012; Vickers et al., 2016), nor is the rate 

constant through time (e.g., Epstein et al.; 2012; 2018; Xu et al., 2013; Vickers et al., 2016; 

Bhatt et al., 2017). Recent remote sensing studies have also shown that some areas have 

shifted towards browning (Dutrieux et al., 2012; Bhatt et al., 2013; Epstein et al., 2018). 

Additionally, it has been found that in some areas, the trends observed with coarser satellite 

data do not match those observed at a finer resolution (Raynolds et al., 2013; Ju and Masek, 

2016). Researchers have suggested that, in order to resolve these differences, more studies 

need to be conducted at fine spatial resolutions in order to capture the factors that influence 

vegetation over short distances (i.e., changes in moisture, snow cover, topography, soil and 

permafrost conditions) (Raynolds et al., 2013; Bhatt et al., 2017). Thus, the application of 

high spatial resolution remote sensing data (< 5 m pixels) combined with field 

measurements may be necessary to investigate incremental and spatially heterogeneous 

changes in vegetation. 

1.2 Research Rationale 

Although it is widely accepted that climate change is affecting the Arctic, there 

remains a critical need to better understand how changes in the physical environment are 

impacting vegetation and associated cycles (i.e., carbon and nutrient cycling) today and 

how they may continue to change into the future. To understand complex systems, long-

term studies are necessary to separate direct change (i.e., long-term trends) from inter-

annual variability (Shaver et al., 2001). However, such long-term or even medium-term 
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studies in the Canadian High Arctic are sparse. Remote sensing research conducted at the 

Cape Bounty Arctic Watershed Observatory (CBAWO) since 2003 offers an opportunity to 

examine a time series of high spatial resolution remote sensing data (i.e., IKONOS and 

WorldView data collected between 2003-2018) to determine if small scale change can be 

detected with these data. In addition to these satellite data, the CBAWO also boasts time 

series of site climate data and studies related to permafrost disturbances (e.g., Rudy et al., 

2013; Beamish et al., 2014) and vegetation (e.g., Bosquet 2010, Atkinson and Treitz, 2013; 

Liu and Treitz, 2016; Edwards and Treitz, 2017).  

Due to the availability of past vegetation studies and supporting information about 

the landscape (i.e., climate and permafrost disturbances), it is possible to use high spatial 

resolution remote sensing data to investigate change at this High Arctic site at a local scale. 

More specifically, this project will investigate change in vegetation plots established in 

2003 by Atkinson (Atkinson, 2012; Atkinson and Treitz, 2013).  

1.3 Research Goal and Objectives 

 The aim of this research is to utilise high spatial resolution remote sensing data and 

field measurements to examine vegetation change at the CBAWO at a fine spatial scale (i.e. 

< 5 m). To address this aim, satellite data, field data (percent vegetation cover (PVC), soil 

moisture, field-level NDVI camera measurements) and site climate data will be analysed.   

Specific objectives are: 

1. to quantify changes in PVC and greenness over time (2004-2018) using satellite 

spectral indices (i.e., NDVI) within ALDs and different vegetation types and across 

soil moisture regimes; 
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2. to investigate the relationship between trends in vegetation cover and greenness and 

environmental variables (soil moisture, precipitation and temperature, GDDs) in 

each of the vegetation types during the growing season; and 

3. to discuss the merits and challenges of using high spatial resolution remote sensing 

data from multiple sensors in the High Arctic to track vegetation change. 

It is anticipated that these analyses will provide a better understanding of Arctic vegetation 

change due to changes in physical environmental variables.  

1.4 Thesis Outline 

This chapter (i.e., Chapter 1) presents the context, rationale and objectives of this 

research. Chapter 2 (literature review) examines the application of remote sensing data in 

Arctic vegetation studies, the effects of climate change on Arctic vegetation and the 

significance of vegetation for long-term Arctic monitoring. Chapter 3 describes the entire 

context of the research including the methods, results and discussion (in manuscript form). 

Additional discussion of the research within a broader context is provided in Chapter 4 

along with a discussion of the study’s limitations, the significance of the results, potential 

for future research and final conclusions.   
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Chapter 2 

Literature Review 

2.1 Introduction 

 In order to determine the suitability of remote sensing data for characterizing 

environmental change in the High Arctic, we must first determine the nature of climate 

change at high latitudes as well as the impacts related to vegetation and terrain. Hence, this 

chapter provides a review of: i) Arctic climate change and its drivers; ii) High Arctic 

vegetation and its response to climate change; iii) permafrost disturbances and how they 

impact vegetation; and iv) the remote sensing of vegetation in the High Arctic.  

2.2 Arctic Climate Change 

 The effects of anthropogenic climate change can be seen throughout the Earth 

system. However, the magnitude of changes in the polar regions is projected to be higher 

than in the rest of the world; i.e., the phenomenon referred to as Arctic (or polar) 

amplification (Serreze et al., 2009; Serreze and Francis, 2006; Screen and Simmons, 2010; 

Davy et al., 2018; IPCC, 2014). In addition, the warming of the Arctic has the potential to 

introduce a variety of feedback responses, positive and/or negative (e.g., warming could 

result in changes to the albedo of the ocean surface due to changes in ice cover (Comiso 

and Hall, 2014) and on terrestrial surfaces due to variations in snow and vegetation cover 

(Pearson et al., 2013)). These changes in climate may impact vegetation by enhancing 

productivity and/or altering biodiversity. In addition, warming temperatures could 

potentially result in the Arctic becoming a substantial source (or sink) of carbon due to 

enhanced ecosystem respiration (given the large store of carbon in Arctic soils and 
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permafrost). Therefore, the extent of positive and/or negative feedbacks will have various 

implications for the climate system. The following sections examine climate change in the 

Arctic, its drivers and future predictions, specifically in the context of terrestrial systems.  

2.2.1 Warming of the Arctic 

Warming of the circumpolar Arctic has exceeded that of the rest of the Earth system 

(Hartman et al., 2013; van Wijngaarden 2015). In their most recent analysis of Canada’s 

climate, the Environment and Climate Change Canada stated that the mean annual 

temperature increase for northern Canada (defined as north of 60° latitude) was 2.3 °C 

(versus 1.7°C for the rest of Canada) from the period of 1948-2016 (Zhang et al., 2019). 

There is some spatial variation in warming in the Canadian Arctic. In the more recent 

decades, Wanishsakpong et al. (2016) found that temperatures between 1983 and 2013 

increased from 0.15 °C/decade to 0.19 °C/decade depending on the region of the 

circumpolar Arctic. Moreover, Way et al. (2017) found that the sparsity of stations in the 

Canadian Arctic may have resulted in an underestimation of warming in this region in 

studies that relied on a commonly used automated homogenization algorithm (e.g., the 

Berkley Earth surface temperature analysis). 

Warming is expected to be greatest in the winter months in the Arctic. For the 

weather station closest to the study site on Cape Bounty, Melville Island, NU (i.e., Mould 

Bay, NWT, ~300 km west), Vincent et al. (2012) found that between 1950 and 2010 there 

was an increase in the annual mean daily maximum and minimum temperatures of 1.5 °C 

with a more pronounced increase in winter mean daily maximum and minimum 

temperatures (alpha < 0.05). However, other locations in the Canadian Arctic, had an 
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increase in the annual and winter mean maximum and minimum temperatures of up to 2.5 

°C.  

Changes have also been found in the temperature extremes. Wang et al. (2014) 

found that between 1961 and 2010, weather stations in the Canadian Arctic showed 

stronger and more spatially extensive trends in the change in the one-in-20-year surface air 

temperature extremes than stations south of 60° N. Additionally, Wang et al., (2014) found 

that the one in 20 year daily maximum and minimum temperatures have increased, with 

stronger increases in the minimum temperatures. While both the minimum and the 

maximum temperatures are increasing, the greater increase in the temperature of the 

minimum temperature highlights the greater warming occurring in the winter months 

(Wang et al., 2014; Zhang et al., 2019).  

Future climate predictions for the Canadian territories (i.e. Yukon, Northwest 

Territories and Nunavut) also call for greater warming than the Canadian average. Under 

the ‘best case scenario’ (RCP2.6) model that limits carbon emissions, the Canadian 

territories are expected to have a mean annual surface air temperature increase of 

approximately 1.8 and 2.1 °C between 2031-2050 and 2081-2100, while the increase for 

Canada as a whole is expected to be 1.5 and 1.8 °C respectively (Zhang et al., 2019). Under 

the ‘business as usual’ (RCP8.5) scenario, those numbers increase to 2.7 and 7.8 °C for the 

Canadian territories and 2.3 and 6.3 °C for Canada as a whole (Zhang et al., 2019).  

Changes in the extremes are also predicted. In the most recent predictions from the 

Environment and Climate Change Canada’s report on changes in temperature and 

precipitation (Zhang et al., 2019), on Melville Island (where my research is situated), the 

minimum extreme temperature (i.e. minimum temperature extremes in the winter) is 
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expected to increase up to 4 °C for both the 2031-2050 and 2081-2100 time periods under 

the ‘best case scenario’. This increase jumps to up to 8 °C and 15 °C for the same time 

periods in the ‘worst case scenario’. The annual highest daily maximum temperatures (i.e. 

summer temperatures) are predicted to show less change, with the expected increase of up 

to 2 °C for both the 2031-2050 and 2081-2100 time periods under the ‘best case scenario’. 

This increase is expected to increase to up to 4 °C and 8 °C for the same time periods in the 

‘worst case scenario’.  

The increased warming in the Arctic will have implications. Discussed further in 

section 2.2.3, sea ice extent can influence climate. Two studies (Zhang and Knutson, 2013; 

Kirchmeier-Young et al., 2017) have found that it is extremely unlikely (i.e. less than 5%) 

that the record minimum sea ice extent in 2012 would have occurred if not for 

anthropogenic induced climate change. Further, changes in temperature have been tied to 

changes in the terrestrial ecosystem. Above ground, changes in temperature may influence 

vegetation growth and the ability for the ecosystem to sequester carbon due to changes in 

vegetation growth (e.g., Hill and Henry, 2011; Elmendorf et al., 2012; van der Kolk et al., 

2016). Below ground, changes in temperature can influence permafrost thaw and the 

decomposition of the very large soil organic pool stored in permafrost soils (Tarnocai et al., 

2009; Natali et al., 2011; Hugelius et al., 2014). Additionally, the changing in topographic 

and drainage associated with permafrost thaw could encourage or discourage the growth of 

different vegetation types (van der Kolk et al., 2016). The balance of these forces could 

influence the global carbon budget and result in a change in the amount of greenhouse 

gases delivered to the atmosphere. These concepts are expanded on in section 2.2 and 4 

respectively.    
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2.2.2 Wetting of the Arctic 

There is some uncertainty in the short-term predictions of changes in Arctic 

precipitation (Kirtman et al., 2013). As discussed further in the following section, 

precipitation trends are linked to changes in sea ice, as the open ocean provides greater 

moisture to the atmosphere than an ice covered ocean. Thus, given the amount of open 

water is expected to increase, it is anticipated that the amount of precipitation will also 

increase (Lui et al., 2012; Bintanja and Selton, 2014). However, the warmer temperatures 

that are melting the ice may change the proportion of snow and rain (Kirtman et al., 2013). 

Analysis of the pan-Arctic region between 1979 and 2000 have shown that there has been a 

decrease in the number of days with snow cover (Liston and Hiemstra, 2011). Brown et al. 

(2010) also found a decrease in snow cover duration between 1967 and 2008 and cited a 

strong correlation between sea ice extent and rising temperatures.  

Snow is an important source of moisture for Arctic vegetation (Evans et al., 1989; 

Niittynen and Luoto, 2018); i.e., winter snow conditions can directly affect summer 

vegetation growth. Snow distribution on the landscape is not equal as strong winds move 

snow from high, exposed areas to lower, sheltered areas of the landscape (Yang and Woo, 

1999). This unequal distribution on the landscape contributes to different soil moisture 

regimes through the growing season, with areas downslope from perennial snow banks 

having high soil moisture throughout the growing season and others (i.e., exposed high 

points on the landscape) having little access to water after snow melt (Billings and Bliss, 

1959; Billings and Mooney, 1968).  

Changes in snow fall could have ecological consequences for vegetation 

productivity and soil respiration. Vegetation phenology has been shown to be impacted by 

snow depth and related snow melt timing in the High Arctic (Gillespie et al., 2016; 
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Semenchuck et al., 2016). As it is a good insulator, increased snow fall in late autumn can 

maintain higher soil temperatures as it helps to trap summer heat (Park et al., 2015). 

Warmer winter soil temperatures due to deeper snow levels have been shown to impact soil 

respiration rates, thus impacting the carbon budget of the ecosystem (Elberling 2007; 

Rogers et al., 2011). Increasing snow depth was also found to influence nitrogen content in 

Arctic vegetation, though it differed between vegetation types and moisture conditions 

(Semenchuck et al., 2015). Thus, snow accumulation along with timing of snow fall and 

snow melt influences ecological processes. 

Broadly, Environment and Climate Change Canada’s 2019 report has found no 

changes in the change of precipitation per event across Canada, but have seen an increase in 

the mean annual precipitation (Zhang et al., 2019). Under the best case scenario, the 

Canada’s northern territories are expected to experience an increase of 8.2 and 9.4 percent 

in the annual mean precipitation for the 2031-2050 and 2081-2100 time periods 

respectively. Under the worst case scenario, these numbers increase to 11.3 and 33.3 

percent respectively (Zhang et al., 2019). 

Future predictions for Canada’s northern territories expect an increase in 

precipitation falling as rain, but that a further systematic review is needed (Zhang et al., 

2019). Additionally, some research shows that across the all of North America, there will 

be an increase of ‘rain on snow events’ (Jeong and Sushama, 2017). Though data for the 

Canadian high arctic is lacking due to the sparsity of stations, increases in the frequency of 

rain on snow events have been found on Svalbard (Peeters et al., 2019). The ice layer that is 

often formed on the surface during these events can have negative consequences for the 
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vegetation beneath them the following growing season (e.g., Bjerke, 2011; Milner et al., 

2016).  

2.2.3 Sea Ice and Arctic Climate 

This section presents a brief overview of one of the leading drivers of 

environmental change in the Arctic (i.e., sea ice). Studies suggest that the decline of Arctic 

sea ice is one of the primary causes for the observed Arctic amplification over the last 

decade (Kim et al., 2016; Kumar et al., 2010; Simmonds and Screen, 2010). The length of 

the ice season has decreased in most regions of the Arctic (including the region around 

Cape Bounty) from 1997 to 2013 (Parkinson 2014). Similar to permafrost (discussed in 

section 2.3), sea ice is particularly sensitive to changes in air temperature.  

Though some of the decline in sea ice may be attributed to the phase of multi-

decadal oscillations like the North Atlantic Oscillation (NAO) and the Arctic Oscillation 

(AO) (which can facilitate transport of sea ice out of the Arctic through large scale 

atmospheric circulation patterns (e.g., Rigor et al., 2002; Zhao and Lui, 2007)), changes in 

the surface air and ocean temperatures also play a role (Lindsay and Zhang, 2005). The 

resulting increase in open water results in a greater heat flux into the atmosphere and the 

loss of highly reflective ice cover which results in changes to surface albedo that allow 

more heat to be absorbed (e.g. Lindsay and Zhang, 2005). This can impact global 

circulation patterns like the AO (Budikova, 2006; Nakamura et al., 2015; Yang et al., 2016; 

Penderson et al., 2016); thereby impacting climate in the mid-latitudes (Screen and 

Simmons, 2013; Koenigk et al., 2016) as well as globally (Overland et al., 2011).  

There is also evidence that suggests that changes in ice cover are related to changes 

in terrestrial climate; e.g., air temperatures (Screen and Simmonds, 2010; Park et al., 2013) 
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and snow depth (Park et al., 2013). Further, based on modelling efforts, Ballantyne at al. 

(2013) demonstrated that the reduction of sea ice during the Pliocene (3.02 to 3.26 million 

years ago) resulted in amplified terrestrial Arctic temperatures due to the addition of latent 

heat from the open ocean contributing additional energy and water vapour into the 

atmosphere. 

2.3 High Arctic Vegetation at the CBAWO 

Walker et al. (2005) created a circumpolar Arctic vegetation classification and 

accompanying map that has been widely adopted. Vegetation types at Cape Bounty are 

classified as prostrate dwarf shrub/herb tundra (P1, polar semi-desert), rush/grass, forb, 

cryptogam tundra (G1, mesic tundra) and sedge/grass, moss wetland (W1, wet sedge) 

(Figure 2.1). Each of these vegetation types corresponds to differing moisture regimes. The 

polar semi-desert (P1) tends to be found in dry, exposed areas where little moisture is 

available through the growing season. At the CBAWO, the vegetation cover in this 

community is highly variable and vegetation cover tends to be highest in micro-depressions 

where water tracks flow at certain times during the year. The mesic tundra (G1) exhibits 

higher moisture levels along with denser vegetation cover than the polar semi-desert and 

typically exhibits sedges, forbs and lichens growing over a moss layer. Finally, the wet 

sedge (W1) areas tend to be the wettest and most productive. They have a moss layer 

covered by a thicker carpet of sedges with the occasional forb. These areas are saturated or 

near saturation the entire growing season. Additionally, in areas where there is standing 

water (i.e., in G1 or W1), a cyanobacteria complex (i.e., Nostoc commune) can form.   
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Generally, Arctic vegetation (especially areas of very productive vegetation) has 

been considered a sink for carbon (Oechel et al., 1993; Harazono et al., 2003). The cool 

temperatures and poorly drained soils resulted in more carbon being sequestered in 

vegetation and the soils than were being released by soil respiration (Uchida et al., 2015). 

However, recent changes to the temperature, precipitation and permafrost conditions can 

have differing effects on the various components of the ecosystem that result in contrasting 

responses across the landscape (e.g., Malmer et al., 2005; Hobbie et al., 2017).  

High Arctic researchers have been experimentally warming and modifying snow 

accumulation conditions to different vegetation communities to determine how the 

landscape will respond. For example, one study that manipulated snow and temperature 

over a 20-year period reported that there was a difference in species composition, leaf 

nitrogen, soil moisture, and carbon cycling as a result of changing temperature and snow 

regimes (Lefler et al., 2016). Another long-term sustained environmental warming 

experiment demonstrated that increases in the height of inflorescent (i.e. the flowering 

component of plants), increases in the length of leaves, earlier flowering in some species 

(Barret and Holister, 2016) and changes in the fungi community structure (Semenova et al., 

a) c) b

Figure 2.1: Representative samples from the 2017 field season of: a) polar semi-desert (P1); b) 

mesic tundra (G1); and c) wet sedge (W1) at the Cape Bounty Arctic Watershed Observatory 

(CBAWO). 
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2015) were also possible. However, it has also been shown that experimentally warmed 

vegetation exhibited diminished responses to warming over time (Barret and Hollister, 

2016) suggesting that factors other than temperature are at play in determining the response 

of vegetation to warming. Additionally, it has been shown that different vegetation types 

respond differentially to increased temperatures, highlighting the need to study change in 

each vegetation community (Edwards and Henry, 2016). 

In the next section, a brief overview of the limits on reproduction and vegetative 

expansion will be provided for each of the major functional groups at the CBAWO. 

Additionally, specific examples of how temperature and/or moisture affect each functional 

group will be discussed. 

2.3.1  Soil Crust: Mosses, Cyanobacteria, Lichen, Fungi and Microorganisms 

Lichen, fungi, cyanobacteria, mosses, green algae and heterotrophic bacteria are 

early colonizers of exposed soils (Belnap and Lange, 2001). When some or all of these 

organisms occur together on the soil, it is often referred to as a soil crust (Evans and 

Johansen, 1999; Belnap and Lange 2001). In extreme conditions (like those found in hot or 

cold deserts), soil crusts are important components of the ecosystem (Belnap et al., 2001; 

Williams et al., 2017). Cyanobacteria can secrete polysaccharides that bind the upper 

millimetres of soil together (Mazor et al., 1996; Breen and Lévesque, 2008) thereby 

assisting to stabilize the soil from erosion (Belnap 2003; Garcia-Pichel and Wojciechowski, 

2009). Additionally, the cyanobacteria in these soil crusts can play a role in carbon and 

nitrogen cycling (Fay et al., 1968; Chapin et al., 1991; Lennihan et al., 1994; Jung et al., 

2018).  
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Biological soil crusts have been shown to influence the growth of vascular 

vegetation in early- and mid-successional plant communities in the High Arctic by 

increasing the success of seed germination and plant growth (Breen and Lévesque 2006; 

2008). A proposed mechanism for this is that soil crusts likely increase moisture and 

nutrient levels in soils (Harper and Belnap, 2001; Evans and Johansen 1999; Breen and 

Lévesque 2008; Pointing and Belnap 2012), thereby facilitating more vegetative growth 

and an increase in the number of individuals. Thus, increases in the cover of lichen, fungi, 

cyanobacteria, and eventually mosses in areas that were previously bare would help to 

facilitate Arctic greening by increasing the area where vascular plants could grow (Breen 

and Lévesque, 2006).  

However, climate, soil properties and moisture availability are important in the 

establishment and biodiversity of soil crusts (Elster et al., 1999; Borchardt et al., 2017). In 

their study of early succession after glacial retreat in the High Arctic, Breen and Lévesque 

(2006) found that soil crusts could only develop in areas where there was sufficient soil 

moisture throughout the growing season (generally due to melt water). Thus, expansion of 

soil crusts into exposed, dry and windy areas would be limited. The major components of 

this soil crust are discussed below. 

2.3.1.1 Mosses 

Mosses are important producers in Arctic ecosystems (Shaver and Chapin, 1991; 

Campioli et al., 2009) and are important for carbon cycling (Woodin et al., 2009; Street et 

al., 2013) and nitrogen fixation (Rousk et al., 2017). They are also important for buffering 

soil temperatures (Blok et al., 2011a), maintaining permafrost stability (Yi et al., 2007; 
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Lawrence et al., 2008) and facilitating the creation of microtopography which can increase 

the diversity of microhabitats and niches (Turetsky et al., 2012). 

Mosses are a division of plants within the phylum of Bryophyta. Vegetation in this 

phylum is characterized by having “a life cycle featuring alternating haploid and diploid 

generations with a dominant gametophyte (Vanderpoorten and Goffinet, 2009). More 

generally, this means that unlike other plants, the gametophyte (haploid generation) is 

independent and capable of gathering its own resources while the sporophyte (the diploid 

generation) is attached to the gametophyte (Vanderpoorten and Goffinet, 2009). 

Sometimes, mosses are called “non-vascular” plants because their internal water and 

nutrient transport systems are not as sophisticated as “vascular” plants and are therefore 

more closely associated with, or dependent on moist environments. However, Ligrone et al. 

(2000) argue that this is not a fair characterization as most mosses and some other orders 

within Bryophyta have specialized internal conducting cells.  

Water availability is important for moss productivity (Proctor 2000; Rixen 2005; 

May 2018). Bryophytes do not have root systems, so instead gather water from the surface 

of their shoots, making them dependent on precipitation and runoff (Longton 1988, Proctor 

2000). When mosses dry out, their productivity decreases (Proctor 2000). Additionally, 

water is needed for reproduction (Vanderpoorten and Goffinet, 2009) and influences the 

photosynthetic characteristics of bryophytes (Ueno et al., 2006) as well as their ability to 

absorb nutrients (Ueno et al., 2009). Thus, changes in moisture available to mosses may 

have implications for carbon and nutrient cycling in the Arctic (Woodin et al., 2009).  
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2.3.1.2 Cyanobacteria 

At the CBAWO, the cyanobacteria Nostoc commune is common in the mesic tundra 

and wet sedge vegetation types and is an important component of the soil crust. When in its 

active form, it can either form as a large gelatinous colony (Sand-Jensen, 2014) or it can 

form an epiphytic relationship with moss species (Lennihan et al., 1994; Rousk et al., 2013; 

Warshan et al., 2017).  Nostoc commune can photosynthesize and fix nitrogen (Chapin et 

al., 1991; Lennihan et al., 1993), thereby making the area more suitable for vascular plants 

(Gold and Bliss, 1995). However, as soil moisture decreases, it fixes less nitrogen (Chapin 

et al., 1991). Nostoc commune is capable of surviving as a thin, inactive dry crust when 

there is insufficient moisture (Scherer et al., 1984).  

2.3.1.3 Lichen 

Lichen represent a symbiotic association between green algae or cyanobacteria (that 

are predominately responsible for photosynthesis and also respire) and fungi (that 

predominately respire) (Ahmadjian, 1995). Due to their high tolerance for extreme 

temperatures and moisture regimes (Beckett et al., 2008), lichen are often early colonizers 

in Arctic environments (Hodkinson et al., 2003 Wietzyk et al., 2016). In these early 

successional stages when there are no vascular plants, lichen can be large contributors to 

primary productivity (Yoshitake et al., 2010). Lichen contribute to soil formation via 

leaching minerals for rocks (Chen et al., 2000), retaining soil water and stabilizing particles 

(Büdel et al., 2009) and may also contribute to the processing of soil organic matter 

(Beckett et al., 2013).  

Though lichens are broadly very tolerant of extreme conditions, the changing Arctic 

conditions may negatively affect the species currently established in this environment. 
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Winter warming followed by freezing has been shown to kill freeze-tolerant Arctic lichen if 

they become encapsulated by ice rather than staying snow covered as they do in the 

absence of a winter warming event (Bjerke 2011). Lichen have been shown to be sensitive 

to changes in temperature (Yoskitake et al., 2010) and declines have been associated with 

warming in western regions of the Canadian Arctic (Fraser et al., 2014).  

2.3.1.4 Fungi and Microorganisms 

A full discussion of the diversity of bacteria, microorganisms and fungi in High 

Arctic systems is beyond the scope of this research. However, fungi and soil bacteria are 

also important components of the soil crust as they contribute to litter decomposition and 

nutrient and carbon cycling (Leung et al., 2011; Christiansen et al., 2017). Both microbes 

and fungi often have relationships with mosses and vascular plants that aid in the cycling of 

carbon and nutrients and nitrogen fixation (Deslippe and Egger, 2006; Classen et al., 2015).  

 The impact that changes to the temperature or moisture regimes may have on these 

cycles is complex. Studies of permafrost soils have shown that even geomorphologically 

similar sites have sufficient heterogeneity in soil properties that different factors control 

microbial diversity; thereby making it difficult to make general statements about the 

changes that these soils may undergo under a different climate (Frank-Fahle et al., 2014). 

Additionally, though increases in temperature are generally considered to contribute to 

increased decomposition, field experiments have shown that if warming is also associated 

with drying, there may be a decrease in litter fungal diversity and abundance in Arctic 

mesic and wet tundra areas (Christiansen et al., 2017). Warming has also been shown to 

affect the composition of both fungal and soil microbial communities (Deslippe et al., 

2012).  
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Additionally, increases in snow depth have been shown to change soil fungal 

community composition in Arctic soils (Semenova et al., 2016). Increases in snow cover 

and higher soil temperatures have been linked to greater microbial activity over winter. 

This has the potential to alter the amount of nitrogen available for plants after thaw 

(Buckeridge and Grogan, 2008).   

2.3.2 Vascular Plants: Graminoids, Forbs and Shrubs 

Vascular plants are an important source of food for Arctic herbivores (Gough et al., 

2007; Lameris et al., 2017) and are also important components of the Arctic carbon cycle 

(Hartley et al., 2012). Thus, changes in the abundance, diversity and coverage of vascular 

plants may change ecosystem function and the Arctic’s ability to sequester carbon. Here, a 

brief overview of the controls on vascular plant reproduction and vegetative growth is 

provided. This will be followed by a brief description of the three major groups of vascular 

plants at the CBAWO (i.e., graminoids, forbs and shrubs) with more specific examples of 

the role of these plants in the ecosystem and how these groups respond to warming.  

Generally, vascular plants (i.e., plants with a vertical structure and sophisticated 

water movement systems) in the High Arctic are perennial (i.e., they live for longer than 

two years). This is largely due to short growing seasons and low temperatures which select 

against annual vascular plants (Billings and Mooney 1968). Due to the short growing 

season, vegetation in the Arctic takes a long time to colonize and become established given 

that reproductive success can be limited (Bell and Bliss 1980). To maximize reproductive 

success under these conditions, plants have developed a variety of life history traits (i.e., the 

major features of the plant life cycle including reproduction time and type) (Jónsdóttir, 

2011). Plants use a combination of clonal growth, self-fertilization, and cross-fertilization 
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with some species using more than one of these options depending on the growing 

conditions (Jónsdóttir, 2011). For example, though cross-pollination is preferred as it 

maximizes genetic diversity, having the ability to self-pollinate or reproduce clonally 

allows for plants to reproduce when the conditions do not allow for cross pollination (i.e., 

too cold or windy for insect pollination). Additionally, the degree of clonal growth in Arctic 

species varies between species, with some species only occasionally reproducing in this 

manner while others rely on clonal growth to maintain the population (Jónsdóttir et al., 

1996). 

For sexual reproduction to be successful in colonizing new areas however, seedlings 

must become established where the correct microclimate exists for the entire growing 

season (Bell and Bliss, 1980). In Arctic field germination trials, Bell and Bliss (1980) found 

that the largest killer of new seedlings was summer drying. Similarly, Kaldy et al. (2011) 

found that experimental warming improved sexual reproduction for most vascular plants. 

However, warming had the most success in polar oases where the conditions for plant 

growth were already more favourable due to enhanced moisture and nutrient availability. 

Additionally, other factors like the size of the pollinator populations (which is often 

temperature controlled) for insect pollinated plants may also play a role in the reproductive 

success of Arctic plants (Urbanowicz et al., 2018).  

2.3.2.1 Forbs and Graminoids 

Forbs are vascular, broadleaved, non-woody plants (generally flowers) (Park and 

Allaby, 2017). In contrast, graminoids are grass or grass-like vascular plants and include 

grasses and rushes (Park and Allaby, 2017). The response of these vegetation groups to 

environmental change has been varied. For example, using biomass samples from 1980 and 
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2005 at a wet sedge tundra site, Hill and Henry (2011) observed increases in aboveground 

biomass for some of the dominant forb and graminoid species.  However, Edwards and 

Henry (2016) found that after almost 20 years of experimental warming at the same site, 

experimentally warmed plots had fewer graminoids than the controls.   

Wang et al. (2016) argue that if future warming results in greater nutrient 

availability in deeper soil layers due to permafrost thaw, graminoids may outcompete other 

vascular plants (like shrubs) that have roots higher in the soil profile. In contrast, Cahoon et 

al. (2016) found that graminoids that prefer wetter conditions may be outcompeted by 

shrubs that are better suited to warmer and dryer climates. This balance between 

temperature and moisture was supported by the synthesis review of Arctic experimental 

warming experiments by Elmendorf et al. (2012). The authors found that graminoid 

abundance tended to be positively affected at cooler sites, but either negatively affected or 

not affected at all at warmer sites. However, this response was mediated by moisture and 

sites with sedges (who prefer wetter conditions) having larger positive gains in wet sites 

and grasses having greater positive reactions in dry sites (Elmendorf et al., 2012).  

2.3.2.2 Shrubs 

Shrubs are woody plants that are long lived and are only present in later stages of 

vegetation succession (Nakatsubo et al., 2010). In the High Arctic, shrubs are generally 

limited to prostate dwarf shrubs (i.e., less than 0.1 m tall) that have branches growing 

directly on the ground (Meyers-Smith et al., 2011). At the CBAWO, two species of prostate 

dwarf shrubs are common Salix arctica (Arctic willow) and Dryas integrifolia (mountain 

avens).  
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 Increases in shrub cover have been observed across the Arctic (Hudson and Henry, 

2009; Hill and Henry, 2011; Myers-Smith et al., 2011; Fraser et al., 2014). 

Dendrochronology studies have shown that increases in air temperatures are linked to 

increases in dwarf shrub growth in the High Arctic (Buchwal et al., 2013; Campioli et al., 

2013; Weijers et al., 2016; Buchwal et al., 2018). In addition, warmer air temperatures can 

result in warmer soils, deeper active layers and increased nutrient mineralization rates that 

may enhance shrub growth (Meyers-Smith et al., 2011; Fraser et al., 2014). Different 

species may react to warming differently. For example, Campiloi et al. (2013) found that 

warming increased the relative growth rate of one shrub species (i.e., Cassiope tetragona, 

commonly known as Arctic heather) while it did not for another (Salix arctica).  

Additionally, the timing of the warming is important. Extreme warming events in 

the winter that result in loss of snow cover can result in plants becoming encapsulated in 

ice. This has been observed to damage buds and result in less flowering success the 

following year (Milner et al., 2016). The sensitivity to this varies by shrub species (Preece 

et al., 2012) with it being especially true for species that produce buds at the end of the 

growing season that need to overwinter before reproducing (e.g., Cassiope tetragona) 

(Semenchuck et al., 2013).  

Changes to the abiotic environment can also influence how shrubs reproduce. 

Douhovnikoff et al. (2010) found that when Arctic shrubs are less stressed due to more 

favourable temperature and moisture conditions, they may be more likely to successfully 

reproduce sexually because they have more resources to devote to developing seeds. Other 

factors also affect shrub growth and expansion. For instance, soil moisture (Ackerman et 

al., 2017), soil nutrient concentrations and active layer depths (Tape et al., 2017) have been 
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shown to be important drivers of shrub growth, reproductive success and distribution on the 

landscape.  

Shrubs have also been shown to be modifiers of the environment; i.e., they reduce 

the albedo of the surface, resulting in more heat being absorbed by the ground surface 

(Blok et al., 2011b). They also influence how snow is trapped and melted. Snow can 

become trapped by shrubs, resulting in more snow and greater soil insulation (Myers-Smith 

et al., 2011). However, the lower albedo has also been shown to result in faster melt in 

areas where the dark leaves protrude above the snow surface (Marsh et al., 2010). 

Conversely, shrubs may offer shading and may decrease soil temperatures and active layer 

depths during summer (Blok et al., 2010).   

2.4  Permafrost Degradation and Disturbances 

2.4.1 Permafrost: Definition, Extent and Ecological Role 

Permafrost is defined as ground that is continually below 0°C for two or more 

consecutive years. It has been estimated that there is 22.79 x 106 km2 of land in the 

Northern Hemisphere that is underlain by permafrost (Zhang et al., 2008). The ice content, 

permafrost extent, slope, drainage, substrate materials, and the historical and contemporary 

temperature regimes can create different landscapes that exhibit contrasting microclimates 

giving rise to varied vegetation types (Osterkamp et al., 2009). Permafrost also influences 

water movement and local topographic features (Woo et al., 2008) while changes in 

permafrost have been linked to changes in the extent of surface water in the Arctic (Sui et 

al., 2018).  

The permafrost landscapes of the Arctic are large carbon sinks with estimates of 

stored soil organic carbon ranging from approximately 1100 to 1670 Pg (Tarnocai et al., 
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2009; Hugelius et al., 2014).  As the climate warms and these landscapes begin to thaw, 

this carbon may be released through respiration. This could contribute additional 

greenhouse gases to the atmosphere, contributing to a positive warming feedback. When 

combined with how changes to the permafrost may change local drainage conditions, 

thawing into the carbon rich permafrost layers could result in a large release of carbon to 

ground water as well. The interface between the ground surface, water availability and 

vegetation is important to study as it may help to quantify how much carbon will ultimately 

be released or sequestered by these systems. Current predictions indicate that the Arctic 

will become a net source of carbon to the atmosphere (Abbot et al., 2016).  

In the following sections, the factors relating to permafrost degradation and 

disturbance will be presented along with how these relate to vegetation growth and carbon 

sequestration.  

2.4.2 Permafrost: degradation and disturbance descriptions 

Increased ground temperatures and permafrost degradation have been observed in 

Canada (Chasmer and Hopkinson, 2017; Kokelj et al., 2017) and throughout the 

circumpolar region (e.g., Osterkamp, 2007; Nitze et al., 2018). The warming of the 

permafrost has been attributed to changes in precipitation (Payette et al., 2004), snow cover 

(Osterkamp, 2007, Stieglitz et al., 2003) and air temperature (Pannetier and Frampton, 

2016). Some studies suggest that if temperature trends continue at current rates, some areas 

of permafrost at high latitudes will become unstable (Grosse et al., 2011; Hinzman et al., 

2013; Slater and Lawrence, 2013). This may result in deeper thawing of the permafrost and 

increases in permafrost related disturbances.  
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Permafrost degradation, disturbance or other changes in stability can result in 

changes to many interdependent factors including groundwater flow (Woo et al., 2008; 

Kane et al., 2013), soil organic matter composition (Grewer et al., 2015), sediment 

transport (Lamoureux and Lafrenière, 2009) and microbial activity (Pautler et al., 2010).  

Additionally, microcosm studies have shown that permafrost soils release more nutrients 

immediately after thaw than active layer samples, suggesting that changes in nutrient 

availability could occur with permafrost thaw (Reyes and Lougheed, 2015). The quantity 

and the identity of dissolved nutrients and carbon that are transported away from 

permafrost disturbances is related to the time since the disturbance, with stabilized areas 

generally exporting less carbon and nutrients (Abbot et al., 2016). Thus, tracking the 

initiation and stabilization of permafrost disturbances can help provide important 

information about how nutrients are moving in the ecosystem.  

The type of permafrost degradation that is most likely to occur depends on the ice 

content (i.e., the amount and depth of ice), the slope, the substrate of the surficial material 

and the landscape position (Osterkamp et al., 2009). These factors create different features 

on the landscape with different possible ecological implications. Though there are a variety 

of permafrost disturbance types (i.e., ALDs, retrogressive thaw slumps, thermokarst ponds), 

only active layer detachments (ALDs) will be discussed here as they are common in the 

study area.  

ALDs occur in areas that exhibit a range of slope conditions. It is theorized that as 

the active layer thaws deeper into the permafrost, the available liquid water creates a 

negative pore pressure between the active layer and the permafrost (Lewkowicz, 2007). 

This causes the active layer to slip along the interface and flow down slope. This results in 
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a head scar at the top of the slope that is almost entirely non-vegetated and a zone at the 

base of the disturbance where vegetation may still be partially intact (Figure 2.2). After 

these disturbances, the newly exposed soil becomes the surface of the new active layer. In 

addition, it has been observed at the CBAWO that these disturbances can create depressions 

that fill with snow that persists on the landscape longer than the surrounding areas. This has 

been shown to delay phenology of vegetation within ALDs (Bosquet, 2011).  

 

 

 

 

 

 

 

 

 

There have been few studies that have tracked the revegetation of active layer 

detachments. Generally, revegetation of ALDs has been shown to be a function of time and 

temperature. Cannone et al. (2010) found that it could take upwards of 50 years for 

vegetation communities within ALDs to reach compositions similar to the adjacent 

undisturbed areas. Additionally, the authors found that differences in temperature due to 

elevation and proximity to the coast resulted in different recovery times, with warmer areas 

Figure 2.2: Schematic of active layer detachment (after Lewkowicz 1990) (from Rudy 

et al., 2013). 
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recovering faster. This highlights the need for greater tracking of vegetation regrowth in 

ALDs, as recovery can vary over relatively small spatial scales.   

2.5 Remote Sensing in the Arctic  

Though field studies are important for tracking environmental change, the vast and 

remote nature of the Arctic make the application of satellite remote sensing a practical 

approach for examining (and monitoring) the Arctic at local, landscape and regional scales 

(Figure 2.3). Remote sensing has been used to map Arctic land cover (Walker et al., 2005; 

Olthof et al., 2009), document land-cover change (e.g., Lin et al., 2012; Jorgenson et al., 

2016), examine vegetation phenology (Tamsrof et al., 2007) and quantify permafrost 

disturbance (Nitze et al., 2018). Additionally, it has been used to track changes in 

vegetation over time using time series analysis techniques (Goetz et al., 2005; Bunn and 

Goetz 2006; Verbyla 2008; Beck et al., 2015; Dutrieux et al., 2012; Edwards and Treitz 

2017; Bonney et al., 2018; Epstein et al., 2018). The following sections examine the 

application of remote sensing to track vegetation change, the importance of spatial and 

temporal resolution for quantifying vegetation change, and the results of time series studies 

in the Arctic. This includes a brief discussion of the challenges of using multiple high 

resolution satellite products in the High Arctic.  
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Figure 2.3: A schematic linking applications of remote sensing products and techniques 

(left panel), to scales and topics of research (center panel), and examples of output models 

(right panel) (from Walker et al., 2016). 

2.5.1 Tracking Vegetation Changes through Spectral Vegetation Indices 

To study vegetation change, satellite remote sensing products can be used to track 

vegetation “greening” (and “browning”) through the collection of multiple images of the 

same area. As the name suggests, “greening” is correlated with increases in vegetation 

cover, productivity or health and can be measured using spectral vegetation indices derived 

from remote sensing data. Most spectral vegetation indices include a relationship between 

the reflectance in the red and near infrared (NIR) regions of the electromagnetic spectrum. 

The most common of these indices is the Normalized Difference Vegetation Index (NDVI) 

developed by Tucker (1979):  

𝑁𝐷𝑉𝐼 =  
𝜌𝑁𝐼𝑅− 𝜌𝑅𝐸𝐷

𝜌𝑁𝐼𝑅+ 𝜌𝑅𝐸𝐷
        (Eq. 2.1) 
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where 𝜌𝑁𝐼𝑅 and  𝜌𝑅𝐸𝐷 represent the reflectance in the near infrared and red bands 

respectively. This index ranges from -1 to 1; areas exhibiting high vegetation biomass will 

have values closer to 1. This index takes advantage of the absorption and reflectance 

properties of vegetation. Chlorophyll a and b as well as other pigments are highly 

absorptive of red wavelengths (within the photosynthetically active radiation (PAR) region 

of the electromagnetic spectrum. Meanwhile, near infrared wavelengths are highly reflected 

from healthy leaves. Other features on the landscape such as water, buildings or rock do not 

share the unique reflective properties of vegetation. Thus, by taking the ratio of the addition 

and subtraction of these contrasting spectral properties, it is possible to separate vegetation 

from other features in the landscape.  

 NDVI has been used by Arctic researchers to describe peak nitrogen concentrations 

in Arctic vegetation (Doiron et al., 2013), quantify percent vegetation cover (Riedel et al., 

2005; Shippert et al., 1995; Laidler et al., 2008; Liu and Treitz 2016; 2018; Liu et al., 

2017), measure biophysical variables (Atkinson and Treitz, 2013), examine Arctic 

vegetation phenology (Tamsrof et al., 2007), and classify Arctic vegetation types (Stow et 

al., 1993; Nilsen et al., 1999; Gregory 2011; Edwards and Treitz, 2017). Researchers have 

also created NDVI time-series to track changes in Arctic vegetation over a variety of spatial 

and temporal scales (Stow et al., 2004; Bhatt et al., 2010; Bhatt et al., 2013; Raynolds et al., 

2013; Bonney et al., 2018; Edwards and Treitz 2017). The application of remote sensing for 

tracking vegetation and landscape change is discussed further in the following section. 

2.5.2 Arctic Greening at Different Temporal and Spatial Resolutions 

 The suitability of a remote sensing derivative for addressing a particular query can 

be related to its spectral, spatial and temporal resolutions. Generally, there is a trade-off 
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between the spatial resolution of a satellite data product and the frequency with which to 

collect those data for a specific location (i.e., the satellite products with the shortest return 

times are not always the ones with the finest spatial resolution). Thus, most phenological 

studies that require remote sensing data collected at high temporal frequencies to track 

changes in vegetation growth use data with a coarser spatial resolution. Likewise, studies 

with finer spatial resolution can be used to track phenomenon with smaller spatial coverage 

over the span of months or years, but may not be able to answer questions about change 

within a season. Studies using satellite remote sensing products across a range of spatial 

resolutions offer important insights into changes in Arctic vegetation. This section 

highlights the findings from studies utilizing remote sensing data collected at a variety of 

spatial scales.   

Due to their high temporal resolution (up to twice daily) the multispectral AVHRR 

(Advanced Very High Resolution Radiometer) sensor is commonly used to answer 

questions about ecological phenomenon that cover a large spatial extent and that require 

multiple observations in a short period of time. The first AVHRR sensor was launched in 

1981, making it possible to track changes over a long period of time. The 1.1 km resolution 

AVHRR data are often packaged with other remote sensing data into the GIMMS (Global 

Inventory Modeling and Mapping Studies) product, which is a composite data set with an 8 

km spatial resolution. These data have often been used to track changes or describe 

vegetation over a large spatial extent such as the entire circumpolar region (e.g., Walker et 

al., 2012; Bi et al., 2013; Zhao et al., 2015; Reichle et al., 2018; Epstein et al., 2018). 

In their analysis of the Svalbard area using 30 years of AVHRR maximum NDVI 

data (1986-2015, 1 km resolution), Vickers at al. (2016) detected statistically significant 
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positive greening and warming trends that were also significantly correlated with each 

other. However, the strength of the relationship between warming and greening decreased 

in the latter half of the study period. Bhatt et al. (2013) found similar results in the 

circumpolar tundra using a combination of GIMMS, AVHRR and satellite-derived sea ice 

concentrations. Using MODIS data, Dutrieux et al. (2012) determined that temperature 

increases corresponded to decreasing sea ice cover and vegetation greening in some areas 

of the Siberian Arctic (although areas of browning were also observed). Hence, both Bhatt 

et al. (2013) and Dutrieux et al. (2012) found that warmer summer temperatures coupled 

with decreases in sea ice cover explained some of the variation in greening and browning in 

some areas of the Arctic but not in others. Though this decoupling between warming and 

NDVI may be explained by large-scale atmospheric changes that are causing sections of the 

Eurasian Arctic to be cloudier and/or stormier and thus affecting vegetation growth (Bhatt 

et al., 2013; Dutrieux et al., 2012), it raises the need to investigate these regions at smaller 

spatial scales. For example, changes in the local conditions have also been suggested as 

explanations for browning such as increases in extreme winter warming events that cause 

damage to shrubs (Milner et al., 2016) and lichens (Bjerke et al., 2011) by removing the 

protective snow layer and allowing ice to form on the vegetation or by changes in soil 

moisture (Orsenigo et al., 2014; May et al., 2018). 

Given that changes in snow distribution and soil moisture can change within small 

spatial scales and vegetation cover in the Arctic can be patchy and heterogeneous, studies 

with coarse resolution satellite data may not be able to properly capture the full range of 

vegetation and terrain responses to change (Stow et al., 2004). Thus, there is a need for 
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studies that analyse products with either moderate (Landsat) or high spatial resolution (e.g., 

IKONOS, Worldview, Quickbird) to better examine the variation on the landscape.  

The Landsat series of satellites are generally considered to be moderate resolution 

satellite systems. The first Landsat sensor was launched in 1972 and the entire Landsat 

archive of data is now freely available (NASA, nd). Though the combination of potential 

cloud cover and the revisit time of 16 days makes Landsat data difficult to use for tracking 

change within an Arctic season, the large archive of imagery makes it suitable for tracking 

change on a yearly or multi-year basis. The 30 m pixels are more closely related to 

ecological phenomenon than the coarser resolution products such as AVHRR (Kennedy et 

al., 2014; Nitze and Groose, 2016; Pasquarella et al., 2016). Landsat data have been used in 

the Arctic to track surface water dynamics (Paltan et al., 2015; Sui et al., 2018), aid in 

modeling of methane fluxes (Schneider et al., 2009; Tagesson et al., 2013), and track 

changes in land cover and permafrost disturbance (Nitze and Grosse, 2016). Additionally, 

changes in vegetation have been documented in the Arctic using Landsat data (e.g., 

Raynolds et al., 2013; Frost et al., 2014; Ju and Masek 2016, Raynolds and Walker, 2016; 

Edwards and Treitz, 2017; Bonney et al., 2018). These studies have shown that though 

there have been changes in NDVI, the magnitude, direction and extent of these trends has 

depended on combinations of landscape characteristics related to permafrost, surficial 

geology and/or summer temperatures. Coarser products like AVHRR or MODIS are 

generally unable to resolve differences in these attributes as they can vary over small spatial 

scales.  

This has contributed to differences in the greening trends observed with Landsat and 

coarser resolution products like AVHRR. For example, Raynolds et al. (2013) found that in 
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comparison to the strong and seemingly homogeneous AVHRR greening trend over 

Alaska’s North Slope, the greening trends observed with Landsat in the region were 

spatially heterogeneous and related to factors on the ground that changed over smaller 

spatial scales (i.e., topography, glacial history, elevation, slope and soil conditions). 

Additionally, Ju and Masek (2016) found that though both AVHRR and Landsat data 

showed greening in Canada and Alaska between 1984 and 2012, the magnitude, 

heterogeneity and extent differed between the two data sets. This prompted the authors to 

call for more studies that encompassed local environmental factors in order to determine 

the underlying reasons for the observed greening and browning trends. This highlights the 

need for more field data as well as the use of higher spatial resolution imagery.  

Several studies have used Landsat in conjunction with high spatial resolution 

imagery in order to determine the nature of the observed trends. For example, Raynolds and 

Walker (2016) observed increases in NDVI in some areas of the Alaska North Slope and 

browning in other areas. Due to the availability of field data and high resolution aerial 

photographs, they were able to relate the observed negative NDVI trends with 

corresponding increases in Landsat derived wetness trends with a degradation of ice wedge 

polygons at the field site.  

Similarly, Lara et al. (2018) used Landsat images, field photographs, aerial imagery 

and high resolution (2.5 m) SPOT-5 (Système pour l'observation de la Terre) data to create 

and validate a map outlining 15 different geomorphic types on the north coast of Alaska. 

When the authors investigated how NDVI had changed within each of these geomorphic 

types, they found that the response to changes in temperature and precipitation was 

different in direction and magnitude for different geomorphic units. Additionally, when 
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future climate scenarios were modelled, it was found that there were also regional trends 

(i.e., at a scale larger than the mapped geomorphic units) in greening and browning. 

Similarly, Zhang et al. (2013) used a combination of Landsat and SPOT HRVIR (High 

Resolution Visible Infrared, 10 m) imagery to create a detailed land cover map and then 

predict the impacts of changing climate. They found that that the use of higher resolution 

SPOT data provided more detail and captured more variation across the study area, 

improving the accuracy of the modeled permafrost condition in the less dominant land 

cover classes when compared to ‘up-scaled’ versions of the model. The authors stressed the 

importance of including high spatial resolution data in the heterogeneous Arctic landscape, 

as changes in less dominant cover types can still be important to ecological processes. 

 Though expensive, high spatial resolution data are able to capture the very 

heterogeneous nature of the Arctic landscape. They have been used as the primary remote 

data source to quantify High Arctic vegetation using NDVI or similar vegetation indices 

(e.g., Laidler et al., 2008; Liu and Treitz, 2016). It has also been used to track changes in 

land cover at local scales (Lin et al., 2012), map the extent of ALDs (Rudy et al., 2013), 

model Arctic vegetation leaf area index (LAI) and soil attributes (Mikola et al., 2018) and 

model methane emissions in a variety of tundra vegetation communities (Davidson et al., 

2017). In all of these studies, the authors highlight how high spatial resolution data 

captured the range of variation and responses on the landscape. As many vegetation patches 

and permafrost features may be smaller than the pixels of coarser resolution products, using 

high spatial resolution imagery is important for isolating the responses of these features on 

the landscape.  
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2.6 Summary  

 The Arctic climate is changing and there is a need to understand how different 

components of the Arctic landscape respond to change. Changes in temperature and 

precipitation regimes are expected and there remains uncertainty over how different 

components of the ecosystem will respond, including vegetation productivity and net 

ecosystem exchange (NEE). If vegetation becomes more productive, there is potential that 

it can offset the expected release of carbon from thawing permafrost soils.  

Though greening trends (associated with greater productivity due to increased 

temperatures) have been documented for most of the Arctic from the 1980s to the present, 

more recent data demonstrates some browning trends. However, studies that have used 

moderate and high spatial resolution remote sensing data products have shown that the 

magnitude and direction of greening and browning trends is spatially heterogeneous. 

Studies have shown that these trends can be related to factors that can change over short 

distances (i.e., 10s of metres) (e.g., permafrost degradation, surficial geology, topography, 

and soil moisture). Hence, there remains significant uncertainty over how different 

vegetation types are responding to change. As the factors that influence vegetation growth 

(and by extension nutrient and carbon cycling) can vary over small spatial scales, the use of 

plot data in combination with high spatial resolution remote sensing data is important for 

monitoring change. 
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Chapter 3 

A high spatial resolution satellite remote sensing time-series analysis of 

Cape Bounty, Melville Island Nunavut (2004-2018) 

 

3.1 Introduction 

The world’s Arctic regions have experienced more warming than the rest of the 

world and models predict that this greater rate of warming will continue (IPCC, 2014). 

Changes in precipitation (Rawlins et al., 2010; Screen and Simmonds, 2012; Collins M, et 

al., 2013), sea ice cover (Stroeve et al., 2012) and air temperatures (Overland et al., 2013) 

have been observed at high latitudes over the past century. By studying how changes in 

climate have affected vegetation patterns and processes, we will acquire a greater 

understanding of potential future changes (and resulting feedback mechanisms). Field 

experiments that have simulated warming conditions (i.e., with sheltered enclosures) and/or 

increased snow cover (i.e., with snow fences) have shown that changes to climate can affect 

vegetation phenology, reproductive tendencies and height (e.g., Barret et al., 2015; Barret 

and Hollister 2016), vegetation cover (e.g., Arruda 2016) as well as species composition 

(Leffler et al., 2016). In cooler Arctic regions, increases in graminoids have been observed, 

whereas increases in shrub cover have been recorded in areas with warmer average air 

temperatures (Elmendorf et al., 2012). Likewise, long-term observational studies in areas of 

warming have shown that species composition has shifted (Edwards and Henry, 2016; 

Kapfer and Grytnes, 2016) with an increase in shrub cover in some areas (e.g., Hudson and 

Henry, 2009; Hill and Henry, 2011; Myers-Smith et al., 2011; Fraser et al., 2014). Given 
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that vegetation is an important component of carbon cycling in Arctic terrestrial 

ecosystems, understanding how it is being impacted by climate change may improve 

understanding of potential changes to the Arctic carbon balance.  

Due to its remoteness and large expanse, remote sensing technologies can be a 

useful tool for tracking vegetation change in the Arctic. When multispectral or 

hyperspectral remote sensing technologies are used, it is possible to apply spectral 

vegetation indices like the Normalized Difference Vegetation Index (NDVI) (Tucker et al., 

1979) to track changes in vegetation ‘greenness’. NDVI has been shown to be a good 

predictor of photosynthetic biomass and vegetation cover (e.g., Riedel et al., 2005; Shippert 

et al., 1995; Liu and Treitz et al., 2016) in Arctic systems. For example, products from the 

Advanced Very High Resolution Radiometer (AVHRR, l.1 km spatial resolution) and the 

Global Inventory Modelling and Mapping Studies (GIMMS, 8 km resolution) have used 

NDVI to track changes in vegetation at a circumpolar or continental scale (e.g., Walker et 

al., 2012; Bhatt et al., 2013; Bhatt et al., 2017; Zhao et al., 2015; Vickers et al., 2016; 

Epstein et al., 2018; Reichle et al., 2018). Studies at this resolution have shown that there 

has been a general greening trend through most of the Arctic since the 1980’s, but there is 

evidence that the strength of this trend has been weakening in recent years (e.g., Bhatt et 

al., 2013; 2017; Vickers et al., 2016; Epstein et al., 2018). Spatial differences in the strength 

of the changes have also been observed at a circumpolar scale (Bhatt et al., 2010; Reichle et 

al., 2018).  

These coarse resolution satellite products are valuable for tracking Arctic vegetation 

change due to their long record (i.e., these data have been available since their launch in the 

1980s) and relatively high temporal frequency (i.e., acquiring image data on a daily basis if 
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the area is cloud free). However, recent comparisons with remote sensing data collected at a 

higher spatial resolution (e.g., Landsat, 30 m resolution) have suggested that there may be a 

discrepancy between trends observed with different sensor products. For example, two 

studies have shown that there have been regional discrepancies between the trends 

measured with AVHRR data (which tended to be rather homogeneous) and those measured 

with Landsat in Alaska (Raynolds et al., 2013) and in Alaska and Canada (Ju and Masek, 

2016). More specifically, Ju and Masek (2016) found that the magnitude, heterogeneity and 

extent of greening differed between the Landsat and AVHRR time series, while Raynolds 

et al. (2013) reported that on Alaska’s North Slope, the greening trends observed with 

Landsat in the region were more spatially heterogeneous than those observed with the 

AVHRR data and that the heterogeneity was driven by environmental factors that varied 

over smaller spatial scales (e.g., topography, glacial history, elevation, permafrost 

conditions, and soil conditions). Additionally, Pattison et al. (2015) reported a discrepancy 

between vegetation trends observed at an Arctic field site and those observed in the satellite 

data. Though the field measurements and Landsat largely agreed, the coarser satellite 

product (AVHRR) showed significant greening trends where none were observed on the 

ground. Pattison et al. (2015) suggest that in some Arctic landscapes, satellite products with 

coarser spatial resolutions may fail to accurately capture trends on the landscape for some 

Arctic ecosystems due to timing of acquisition, the influence of sub-pixel sized 

features/surfaces and the potential interference of shadows and standing water on the 

derivation of NDVI. This suggests that the scale of changes on the landscape may be better 

captured by imagery with a finer spatial resolution (i.e., resulting in decreased spectral 

mixing of surface types in an inherently heterogeneous environment).   
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In addition to tracking changes in undisturbed landscapes, coarser spatial resolution 

imagery may not be suited to tracking changes in disturbed landscapes, specifically when 

disturbances are sub-pixel in scale such as many permafrost disturbances. For example, 

active layer detachments (ALDs) occur when the active layer (the portion of the upper soil 

profile that thaws and refreezes annually) becomes unstable and slides downslope. This 

creates a scar zone with no vegetation and a ‘new’ soil surface (i.e., the exposed soil used to 

be protected by vegetation and soil) at the top of the slope, and a zone with compressed soil 

and vegetation at the bottom of the slope (Lewkowicz, 2007). Though localized, the 

vegetation in the ALDs can be heavily disturbed and may take decades to return to pre-

disturbance conditions (Cannone et al., 2010). In addition to the role vegetation plays in the 

Arctic carbon cycle through carbon sequestration, the removal of vegetation from the 

surface can change the amount of energy received by the soil below through changes in 

snow collection, albedo (Juszak et al., 2014) and shading (Juszak et al., 2016). Even large 

ALDs and retrogressive thaw slumps (RTS) are generally smaller in size than the cell size 

of satellite products like AVHHR (1 km pixels) or MODIS (300 m pixels). As the Arctic is 

vast, using satellite data to track these changes may be beneficial. However, fine spatial 

resolution satellite data are likely necessary to locate and track change due these smaller 

scale features/processes.  

The application of high spatial resolution imagery for time-series analyses in the 

Arctic is not common as these data have only recently become available (i.e., IKONOS-1 

launch 1999; QuickBird, 2001; WorldView-1, 2007; GeoEye-1, 2008). Further, unlike most 

of the coarser resolution products, high spatial resolution imagery must be tasked by the 

researcher (i.e., acquisitions must be requested through a private sector data provider). In 
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addition to the issue of cost, it can be difficult to acquire imagery during the short Arctic 

growing season due to often extensive and persistent cloud cover (Karlsen et al., 2018).  

This study analyses high spatial resolution satellite data that have been acquired for 

the Cape Bounty Arctic Watershed Observatory (CBAWO) since its establishment in 2003. 

Here, IKONOS (4 m) and Worldview-2,3 (2 m) multispectral optical data, climate data and 

vegetation measurements are analysed to determine if vegetation change can be quantified 

on the landscape. IKONOS and Worldview-2,3 data have been acquired for the CBAWO 

for the period 2004 to 2018. This presents an opportunity to examine vegetation condition 

at the CBAWO over a 14-year period. However, it also presents a challenge in terms of 

integrating data from three different sensors into a single time series. As highlighted by 

Guay et al. (2014), there are challenges with using multiple sensors to track change, such as 

differences in spatial and spectral resolutions and contrasting calibrations of spectral data 

which are sensor specific. Though time series with multiple Landsat sensors are common 

(e.g., Fraser et al., 2014; Raynolds et al., 2013; Raynolds 2016; Ju and Masek, 2016; 

Vickers et al., 2016; Edwards and Treitz, 2017; Bonney et al., 2018), and there have been 

multi-sensor studies with different sensors (e.g., Simms and Ward, 2013), time series 

combining IKONOS and Worldview data are lacking.  

An important component of time series analysis with remote sensing is image 

normalization. In addition to correcting for different sensors, there is a need to minimize the 

variable interference of factors like atmospheric condition, illumination, and solar-angle 

between image dates (Schroeder et al., 2006; Janzen et al., 2006; Vincent-Serrano et al., 

2008). There are many studies that have investigated or applied different image 

normalization techniques to Landsat data (e.g., Elvidge et al., 1995; Yang and Lo, 2000; 
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Schroeder et al., 2006; Vincent-Serrano et al., 2008; Vogelmann et al., 2016; Edwards and 

Treitz, 2017). However, fewer examples exist for high spatial resolution imagery (e.g., 

Hong and Zhang, 2008; Garcia-Torres et al., 2014). The pseudoinvariant feature method 

(PIFs) (Schott et al., 1988) is a common relative normalization technique for Landsat time 

series analysis (e.g., Yang and Lo, 2000; Young et al., 2017) that has been successfully 

applied in an Arctic setting (Edwards and Treitz, 2017). It assumes that the reflectance of 

‘pseudoinvariant features’ like deep water, bedrock, or very sparsely vegetated areas is 

constant overtime. Targets meeting these requirements can then be used to normalize all 

images in the analysis to a base image. This has been used to in a Quickbird and IKONOS 

(two high spatial resolution sensors) time series (Hong and Zhang, 2008). However, to our 

knowledge, it has not been used to normalize between IKONOS and WorldView-2,3. 

Thus, the objectives of this study are: 1) to quantify changes in vegetation cover and 

greenness over time (2004-2018) using satellite spectral indices (i.e., NDVI) within ALDs 

and different vegetation types; 2) to investigate the relationship between trends in greenness 

and vegetation cover and environmental variables (soil moisture, precipitation, temperature 

and growing degree days) in each of the vegetation types during the growing season; and 3) 

to discuss the merits and challenges associated with using high spatial resolution optical 

data from multiple sensors in this setting.  

3.2 Data and Methods 

3.2.1 Site Description 

This research was conducted at the CBAWO located on Melville Island, Nunavut 

(74º55′ N, 109º35′ W, Figure 3.1).  The CBAWO was established in 2003 as an 

interdisciplinary research station. Meteorological data have been collected on site since 
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2003 at WestMet (Figure 3.2). The typical growing season starts in early July, peaks in 

mid-late July with the onset of senescence early in August. The average July temperature 

and total precipitation between 2003 and 2018 was 5.4 °C and 22 mm respectively (Figure 

3.3). The study site has three vegetation types arranged along a soil moisture and 

productivity gradient; i.e., wet sedge, mesic heath tundra and polar semi-desert. These 

correspond roughly to W1 (sedge/grass, moss wetland), G1 (rush/grass, forb, cryptogam 

tundra) and P1 (prostrate dwarf-shrub, herb tundra) respectively from the Circumpolar 

Arctic Vegetation Map (CAVM) (Walker et al., 2005). Though precipitation does deliver 

moisture to the landscape, snow melt from semi-permanent snow banks (associated with a 

shallow active layer) is an important source of water during the growing season for wet 

sedge areas. The polar semi-desert areas tend to be on exposed uplands where vegetation 

only grows in moist crevices. 

Figure 3.1: Map of Canada (inset) and the study site in the Canadian High Arctic. 

Basemap created using data from Statistics Canada (2011).  
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Figure 3.2 False colour (NIR, Red, Green) 2016 Worldview-2 composite with analyzed 

active layer detachments, weather stations and vegetation plots. 
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3.2.2 Data 

3.2.2.1 Satellite and Geospatial Data 

The high spatial resolution satellite data used for these analyses are summarized in 

Table 3.1. To be included in the analysis, images had to be within the peak growing season 

(approximately July 10 to August 5) and be relatively free of cloud and haze.  

Table 3.1: High spatial resolution metadata 

Date of Acquisition 

(DD/MM/YYYY) Local Time 

Pixel Size 

(m) 

Bits per 

Pixel Satellite 

Solar Elevation 

Angle 

22/07/2004 14:31 4 11 IKONOS 35.2 

02/08/2008 14:49 4 11 IKONOS 32.6 

11/07/2010 14:39 4 11 IKONOS 37.2 

15/07/2012 16:01 2 16 WV2 35.0 

10/07/2014 18:01 2 16 WV2 36.2 

28/07/2016 15:12 2 16 WV2 33.6 

02/08/2018 16:44 1.6 16 WV3 31.8 

 

 

Figure 3.3: July Climate Data. Average monthly temperatures and total precipitation for the 

CBAWO (2003-2018, in Beel, 2018) and the available average monthly temperature (1948-2017, 

missing 1950, 1997, 2011, and 2014) and precipitation data (1948-1996) for the nearest weather 

station at Mould Bay, NWT (Environment Canada, 2018). 
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3.2.2.2  Weather Data 

Hourly above-ground air temperature and precipitation data have been collected 

annually at the West Met weather station (i.e., 2003-2018) at the CBAWO (Beel et al., 

2018). These measurements were used to calculate the growing degree days (GDD), and 

the growing season length (GSL) as defined by the GDDs. GDD represent the cumulative 

heat above a threshold temperature related to vegetation growth (here, 5°C after Carter 

1998 and Weijers et al. 2013). It is calculated as: 

GDDbase = (
𝑇𝑚𝑎𝑥+𝑇𝑚𝑖𝑛

2
) − 𝑇𝑏𝑎𝑠𝑒 = Average Daily Temperature - 𝑇𝑏𝑎𝑠𝑒       (Eq. 3.1) 

where GDDbase is the GDD at base temperature (5 °C, hereafter GDD(5)). Tmax and Tmin are 

the daily maximum and minimum temperatures and Tbase is the base temperature. It follows 

that GSL is the cumulative number of days with a positive GDD (i.e., where the average 

daily temperature exceeded the base temperature) between June and August (as in Weijers 

et al., 2013). These days need not be contiguous. Appendix A presents alternative analysis 

at GDD(0) and GDD(3) as some Arctic research uses lower base temperatures (e.g., Mulder 

et al., 2017, Mikola et al., 2018) due to the capacity for some metabolic processes to occur 

at cooler temperatures in Arctic vegetation.  

Precipitation data were used to determine the amount of rainfall preceding image 

acquisition. In addition to having the potential to influence vegetation growth, increased 

soil moisture or standing water can dampen surface reflectance (Jensen 2016) and influence 

vegetation spectral indices (Raynolds et al., 2016). Soil moisture measurements for the site 

can be found in Appendix B (Table B.1).  
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3.2.2.3 Field Measurements: Percent Vegetation Cover (PVC) 

Plots established by Atkinson in 2003 and 2004 (Atkinson 2012) were revisited in 

the summer of 2017. These plots were 1 ha in size (100 m x 100 m) and were distributed 

among the different vegetation types (Figure 3.2). To estimate vegetation cover in these 

plots, the modified Braun-Blanquet method (Braun-Blanquet, 1932, 1946, 1964, Table 3.2) 

was applied (Atkinson and Treitz, 2012, Table 3.3). In comparison to the ITEX pin-drop 

quadrat method that captures great detail over a small area, the Braun-Blanquet method 

allows for quick estimation of dominant cover types, thereby capturing PVC variation over 

a larger area. The increased sampling density that can be achieved using the Braun-

Blanquet method has been shown to be better suited to separating groups due to its ability 

to reduce sampling error (Dethier et al., 1993) and increase precision (Mellors 1991). It has 

been widely used in central Europe (De Cáceres et al., 2015), in the North American 

benthic marine community (e.g., Kenworthy et al., 1993; Furman et al., 2018) and has been 

applied successfully in the Arctic (e.g., Walker et al., 2012; Atkinson and Treitz, 2013). 

Though ordinal, the Braun-Blanquet method has been shown to be comparable to pin-drop 

data in statistical analysis (e.g., Ricotta and Feoli, 2013; Damgaard, 2014) and other 

numerical analysis techniques (Hakes, 1994). Variants of the scale have also performed 

well in parametric statistics (Furman et al., 2018). It has also been shown to be a good 

predictor of vegetation variables like leaf area index (LAI) (e.g., Dӧbert et al., 2015).  

In each 1 ha plot, stratified random sampling was used to establish an equal number 

of random observations (i.e. Braun-Blanquet quadrats) per plot quadrant (Table 3.3). Plots 

with more heterogeneous vegetation cover (i.e., increased variability) required a larger 

number of samples. At each randomly selected location, a 0.5 m x 0.5 m quadrat (0.25 m2) 
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was used to estimate PVC of vegetation functional groups (and species where possible) 

using the Braun-Blanquet scale (i.e., Table 3.2). 

Table 3.2 Braun- Blanquet cover scale (Braun-Blaquet, 1932) 

Braun-Blanquet Cover 

Scale 

Percent Vegetation 

Cover Range 

Transformed Value (Tüxen and 

Ellenberg, 1973) 

5 75-100 % 87.5 

4 50-75 % 62.5 

3 25-50 % 37.5 

2 2-25 % 15.0 

1 1-5 % 2.5 

+ <1 % 0.1 

R << 1% - 

0 0 - 

 

Table 3.3 Number of Braun-Blanquet observations per plot 

Cover Type Plot Number of Samples per 

Quadrant (Plot) 2004 

Number of Samples per 

Quadrant (Plot) 2017 

Polar Semi-Desert Alpha (A) 20 (80) 10 (40) 

 Charlie (C) 20 (80) 10 (40) 

Mesic Tundra Gulf (G) 18 (72) 10 (40) 

 Hotel (H) 8 (32) 8 (32) 

 India (I) 7 (28) 8 (32) 

Wet Sedge Bravo (B) 6 (24) 6 (24) 

 Delta (D) 4 (20) 6 (24) 

 Juliet (J) 6 (24) 6 (24) 

3.3 Methods 

3.3.1 Geometric Corrections 

To generate the IKONOS/WorldView NDVI time series, the following procedures 

were applied (summarized in Table 3.4). The 2016 Worldview-2 image was chosen as the 

base image (i.e., image to which other image dates would be compared) because it was 

cloud free, had areas of open ocean for image normalization and had higher spatial 

resolution than the IKONOS images. This image was orthorectified using the ‘RPC 
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Orthorectification’ tool in ENVI 5.4.1 (hereafter, ENVI) using the rational polynomial 

coefficients (RPCs) that accompanied the imagery. To refine the accuracy of the 

orthorectification, a high spatial resolution (1 m) digital elevation model (DEM) was 

incorporated into the analysis. This DEM was created using a WorldView-2 panchromatic 

stereo-pair (0.5 m spatial resolution) collected for the area in 2012 (Collingwood et al., 

2014).  

With the exception of 2004 (due to lack of RPC information), the ‘RPC 

Orthorectification using Reference Image’ tool in ENVI was used to orthorectify the 

remaining images to the 2016 base image. The 2004 image was co-registered to the 2016 

image using the ‘Image Registration Workflow’ tool in ENVI. In both the image 

orthorectification and co-registration processes, a series of tarps and other visible objects 

(i.e., corner reflectors) were georeferenced in the field with a Trimble GeoXT (Trimble 

Inc., Sunnyvale California, USA) and used as seed tie points. In addition to visual 

inspection of the quality of the image alignment, tie points were added or removed from 

each image until the RMSE of the registration was close to, or less than 9 m (i.e., ~ 4.5 

WorldView pixels or ~2.1 IKONOS pixels). Additional details regarding the 

orthorectification and co-registration processes and potential sources of error can be found 

in Appendix C. 
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Table 3.4: Summary of satellite imagery processing methods 

 
PROCESS DATA TOOL IN ENVI 5.4.1 

G
eo

m
et

ri
c 

C
o
r
re

ct
io

n
s 

Cropping Image to 

Extent of Digital 

Elevation Model 

(DEM) 

- IKONOS: 2004, 2008, 2010 

- Worldview-2: 2012, 2014, 2016 

- Worldview-3: 2018 

- 2012 1-m Resolution DEM 

- ROI Tool 

-Subset by ROI 

Orthorectification - 2016 WorldView-2 Imagery and RCPs 

- 2012 1-m Resolution DEM 

- Ground control points (GCPs) (2010) 

- RPC Orthorectification 

Workflow 

Orthorectification of 

Images With Rational 

Polynomial 

Coefficients (RPCs) 

- Orthorectified Worldview-2 2016 (base image) 

- Cropped IKONOS and Worldview2,3 Images with 

RPC information (all but 2004) 

- 2012 DEM 

- GCPs used to aid in seed point creation 

- Orthorectification to 

Reference Image Tool 

Image Registration for 

Image Without RPCs 

(2004) 

- 2004 image 

- GCPs used to aid in seed point creation 

-Image Registration 

Workflow 

R
a
d

io
m

et
ri

c 
C

o
rr

ec
ti

o
n

s Atmospheric 

Correction to Top of 

Atmosphere (TOA) 

- All Orthorectified/Registered IKONOS and 

Worldview Images 

- Metadata for all images 

- Sensor specific atmospheric correction coefficients 

and equations from Digital Globe (2016) 

- Bandmath 

- New File Builder 

Creation of cloud, 

cloud shadow, snow, 

ice and water masks 

- TOA images - ROI Tool 

Pseudo- Invariant 

Feature Normalization 

- TOA images 

- 2008 IKONOS classification of study area 

- User created pseudoinvariance features (PIFs) 

- ROI Tool 

- ROI Statistics 

- New File Builder 

E
x
tr

a
ct

io
n

 o
f 

N
D

V
I 

Calculate NDVI and 

create NDVI Stack 

- Normalized TOA images 

- cloud, snow, ice and water masks 

- Bandmath 

‘Upscaling’ to 

Landsat (30 m) 

- NDVI images  - Pixel Aggregate 

Creation of NDVI 

Image Stack 

- NDVI images (2 m and 30 m resolution) - New File Builder 

Extraction of NDVI in 

ALDs and plots 

- Stack of all NDVI images with masks applied 

- ALD extent shapefile 

- Plot boundary shapefile 

- ROI Tool 

- ROI Statistics 

- Buffer Tool in  ArcGIS 

10.6 

Extraction of NDVI 

by cover type 

- 2008 IKONOS classification 

- cloud, snow, ice and water masks 

- Accuracy Assessment 

Tool in ArcGIS 10.6 for 

creation of random pixels 

- ROI Tool 

- ROI Statistics 
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3.3.2 Radiometric Corrections 

The image data were corrected to top of atmosphere (TOA) reflectance using 

equations 3.2 and 3.3 (Kuester, 2016):  

𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑 = 𝐺𝐴𝐼𝑁 ∗ 𝐷𝑖𝑔𝑖𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 ∗ (
𝑎𝑏𝑠𝑐𝑎𝑙𝑓𝑎𝑐𝑡𝑜𝑟

𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ
) + 𝑂𝐹𝐹𝑆𝐸𝑇    (Eq. 3.2) 

where 𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑 is the absolute radiance at the sensor (W m-2 sr-1 µm-1); abscalfactor is a 

calibration factor specific to the band, sensor and year of acquisition (W m-2 sr-1); and 

effectivebandwidth is a band and sensor specific value for each bandwidth (µm). These 

values are provided with the metadata for each image. The GAIN and OFFSET values are 

band and sensor specific absolute radiometric calibration factors and are updated annually 

by the image providers (Kuester, 2017). TOA for each band (ρλPixel,Band) was calculated as:   

𝜌𝜆𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑 =  
𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑∗ 𝑑𝐸𝑆

2 ∗𝜋

𝐸𝑠𝑢𝑛𝜆𝐵𝑎𝑛𝑑∗ cos (𝜃𝑠)
        (Eq. 3.3) 

where 𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑 is the absolute radiance (W m-2 sr-1 µm-1), 𝑑𝐸𝑆
2  is the Earth-Sun distance 

(Astronomical Units), Esun is the band averaged solar exoatmospheric  

irradiance (W m-2 µm-1µ) using the curve developed by Thuiller (2003) and 𝜃𝑠 is the solar 

zenith angle (provided in the metadata of the imagery). These calculations were applied in 

ENVI using the ‘Band Math’ tool. For a more detailed description of the radiometric 

correction, please refer to Appendix D. 

3.3.3 Image Normalization and Masking 

Cloud, cloud shadow, haze, water, ice, and snow masks were constructed for each 

layer using a combination of manual delineation (thin cloud layers, cloud shadow and haze) 

and selecting pixels based on reflectance in the TOA images (water, ice and snow). Masked 

pixels were excluded from further analysis. 
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After correcting all images to TOA reflectance, images were normalized across time 

using the relative normalization technique of pseudoinvariant features (PIFs) (Schott et al., 

1988; Echhardt et al., 1990; Heo and FtizHugh 2000; Hong and Zhang 2008). Working 

under the assumption that reflectance of certain features in the image remains constant over 

time (e.g., deep open water or bedrock outcrops), a linear regression relationship between 

the reflectance of these targets in the base image and the image to be normalized can be 

applied to remove systematic differences between sensors and atmospheric conditions. In 

this study, PIF target selection was largely limited to areas of high reflectance (i.e., bedrock 

outcrops, dry exposed soil) as ice cover prevented the collection of more than 3-5 deep 

water targets for each image. Again, due to spatial resolution, image quality and availability 

of dark pixels (i.e., exposed ice-free water), the 2016 WorldView-2 image was selected as 

the base image for normalization. Regression equations were derived using MS Excel 

(Microsoft, 2015) and applied using the ‘Band Math’ tool in ENVI. The resulting 

regressions are presented in Table 3.5. In the regression equations, the additive component 

(i.e., intercept) accounts for the differences in atmospheric path radiance and a 

multiplicative component (i.e., slope) accounts for sun angle, Earth-Sun distance, 

atmospheric attenuation, phase angle and detector calibration between dates (Jensen 2016). 

For a detailed description of the time series image normalization, please refer to Appendix 

E. 
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Table 3.5: Normalization regressions for red spectral channels (bands 3 and 5 for IKONOS 

and WorldView2,3 respectively) and near infrared (NIR) spectral channels (bands 4 and 7 

for IKONOS and WorldView-2,3 respectively). 

Year Red band (3/5) r2 NIR band (4/7)  r2 

2004 y = 1.01*b3 + 0.0102 r2 = 0.954 y = 1.06*b4 + 0.0206 r2 = 0.968 

2008 y = 1.79*b3 + 0.0072 r2 = 0.795 y = 1.82*b4 + 0.0517 r2 = 0.826 

2010 y = 1.01*b3 + 0.0172 r2 = 0.958 y = 1.07*b4 + 0.0256 r2  = 0.970 

2012 y = 1.61*b5 - 0.0862 r2 = 0.956 y = 1.53*b7 - 0.0618 r2 = 0.963 

2014 y = 1.13*b5 - 0.0507 r2 = 0.920 y = 1.05*b7 - 0.0284 r2 = 0.943 

2018 y = 1.57*b5 + 0.0032 r2 = 0.916 y = 1.57*b7 + 0.0059 r2 = 0.955 

3.3.4 Normalized Difference vegetation Index (NDVI) 

The NDVI (Tucker 1979) was calculated for each image. NDVI is widely used to 

quantify vegetation biophysical variables (e.g., biomass, PVC, LAI) (Walker et al., 2012; 

Bhatt et al., 2013; Vickers et al., 2016):  

                                                            𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝑅𝑒𝑑
       (Eq. 3.4) 

where Red and NIR represent reflectance in the red and near infrared regions of the 

electromagnetic spectrum, respectively. For each image, a mask was created using 

thresholds and user-drawn polygons to remove cloud, haze, snow, ice and water from the 

analysis.  

GPS data collected in the field were used to locate and extract pixels from the image 

data that corresponded to the vegetation plots (boundaries collected in 2017) and ALDs 

(boundaries collected in 2010, see Rudy et al., 2013). For the four largest ALDs in the 

study area, a buffer was made 12 m inside the edge of the field delineated edges. Then, this 

buffer and the 2008 image (the first image acquired after the ALDs occurred in 2007) was 

used with the ALD boundaries to extract pixels within the scar zone (bare soil exposed) and 

the toe zone (where patches of vegetation and soil accumulated at the base of the ALDs) 

from each image to track change of each ALD separately. The largest ALDs were selected 
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because it would provide suitable comparison to ‘upscaled’ data (i.e., to 30 m spatial 

resolution). However, it should be noted that these ALDs were much larger than the 

majority of ALDs in the study area (i.e., the smallest of the four ALDs (ALD05) has twice 

the area of the next largest ALD found in the study area).  

To investigate the change in NDVI in different vegetation types, NDVI values were 

extracted from field plots as well as from stratified random point samples from the three 

major vegetation types (i.e., pixel counts were proportional to vegetation type area). These 

pixel values (i.e., samples) were used to extract NDVI values for: (i) each vegetation type 

over the time series; and (ii) rock/bare ground (to serve as a test of the normalization 

procedures). The extent of the vegetation types for the stratified random sampling was 

based on a classification using multi-temporal IKONOS data (July 4 and August 2 2008) 

that classified the landscape into wet sedge, mesic heath tundra, polar semi-desert and rock 

(Gregory, 2011).  

3.3.5 ‘Upscaling’ to Landsat 

To investigate the effect that high spatial resolution data may have on quantifying 

vegetation change, the NDVI data were ‘upscaled’ to 30 m spatial resolution using the 

‘Resize Data’ tool in ENVI (to simulate Landsat data). The values for these pixels were 

then extracted as described above. In cases where the random point samples generated to 

estimate changes over the landscape were in the same pixel, they were treated as one 

observation. Additionally, some points that were on the edge of the masked areas became 

masked areas when the data were ‘upscaled’, thereby resulting in a lower sample size than 

for the 2 m spatial resolution analysis. 
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3.4 Results 

3.4.1 Climate Analysis 

Figure 3.4 and Table 3.6 illustrate how the climate variables correspond to the dates 

of image acquisition and in context to the entire growing season. The GDD(5) and GSL 

could vary considerably year by year, with 2012 having more than double the number of 

GDD(5) (126.6) than the next largest year (2008 with 63.7 GDD(5)). In addition, despite 

having one of the earlier image acquisition dates (i.e., July 15), 2012 also had the longest 

GSL preceding image acquisition (24 days). This was followed by 2008 (20 days with a 

late image acquisition; i.e., August 2) and 2016 (18 days; image acquisition on July 18). All 

other years had 12 or fewer days where the average base temperature exceeded 5°C prior to 

image acquisition. In the coolest years (2004 and 2014), the image acquisitions occurred 

when less than 50% of the GDD(5) had been accumulated (full season GDD(5) of 4.5 and 

15.0 respectfully). In contrast, for 2008 and 2016, the image data were acquired just before 

(i.e., 2008) and just after (i.e., 2016) the value of GDD(5) for the season ceased 

accumulating. Additionally, there is no linear relationship between time and the amount of 

GDD(5) accumulated to image acquisition or for the full season with (p = 0.94 and p = 0.99 

respectively).  

The total precipitation for the season before image acquisition (here, season start 

was defined as June 1) ranged from 0.4 mm for 2014 (earliest acquisition date, July 10 

2014) to 50 mm in 2018 (tied with August 2, 2008 for latest acquisition date) (Table 3.6). 

This is not surprising, as one would expect that the longer the measurement time period, the 

greater likelihood there would be a rain event. When comparing the amount of precipitation 
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delivered on the day of, and in the two days preceding image acquisition, it can be seen that 

there were large rainfall events preceding the 2008 and 2018 image data acquisition. 

3.4.2 PVC Measurements 

The Braun-Blanquet scale is ordinal (Braun-Blanquet, 1932, 1946, 1965) and 

various transformations have been introduced to convert Braun-Blanquet data to metric 

data (e.g., Tüxen and Ellenberg, 1937; Braun-Blanquet, 1946; van der Maarel 1979, 2005, 

2007). Here, the Tüxen and Ellenberg transformation (1937) was applied (Table 3.2). It has 

been demonstrated that the transformed scale performs well as a continuous variable in 

parametric statistics (van der Maarel, 2007; Ricotta and Feoli, 2013; Rochefort et al., 2013; 

Furman et al., 2018); however due to failing the assumptions of normality in this analysis, 

non-parametric statistics were applied (SPSS 25, IMB 2017).  To examine the change in 

PVC between the 2004 and 2017 field measurements (Figure 3.5), non-parametric 

Wilcoxon signed rank tests were used to compare the change in PVC of functional groups, 

Figure 3.4: Growing degree days base 5 C° (GDD(5)) and satellite acquisition dates by year 

(indicated by vertical lines). 
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total vegetation cover and total non-vegetation cover (Table 3.7). 

At each time step, individual Braun-Blanquet observations were averaged to the 

quadrant level and treated as one observation. Though it is acknowledged that this is not a 

‘true’ repeated measure as the location of each individual quadrat was not identical at each 

observation, placing the quadrats in the same location was not possible. First, though 2004 

UTM locations of each of the quadrat locations were available, the GPS used had an error 

of a few meters. This few meter error combined with not knowing the orientation of the 

quadrats would have made it impossible to locate the exact 0.25 m x 0.25 m location on the 

ground surface. Additionally, biomass was sampled from these plots in 2004 and in some 

areas of the landscape (particularly in the vegetated patches of the polar semi-desert) 

evidence of this harvesting was still apparent in 2017. Thus, even if it were possible to 

return to the identical locations, it would not be a representative sample of what was 

occurring over the landscape. For these reasons, the individual measurements were 

averaged to the quadrant level and the average of the quadrant was treated as a repeated 

measure between 2004 and 2017.  

Statistically significant (α = 0.05) increases in lichen, shrub and graminoid cover 

were observed in the mesic tundra. In the polar semi-desert, statistically significant 

decreases in graminoids were observed. No statistically significantly changes were 

observed in the wet sedge plots. 
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The increase in the cover of lichen, soil crusts and cyanobacteria was statistically 

significant (Z = -2.981, p= 0.003) for the mesic tundra. As can be seen in Figure 3.5, this 

was most pronounced in plots India and Hotel. From the Braun-Blanquet and field 

observations, this increase can largely be attributed to increases in the coverage of 

cyanobacteria (e.g., Nostoc commune) on top of the moss layer. In some quadrats in the 

2017 observations, the cyanobacteria had dried, leaving a crusty, dark cover over the moss. 

In both Hotel and India, none of the Braun-Blanquet observations contained shrubs in 2004. 

However, in 2017, there were two observations in Hotel and one observation in India of 

Salix arctica (Arctic willow). This small yet statistically significant (Z  = -2.371, p = 0.018) 

increase could be interpreted as an increase in shrub coverage in these mesic plots. 

Figure 3.5: Percent vegetation cover measurements for 2004 and 2017. Bars are paired by plot.  
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However, due to the sparse Salix artica observed in these plots, there is also the possibility 

it was present in 2004, but was omitted by random sampling. As portrayed in Figure 3.5, 

there was a small increase in graminoid cover in all mesic plots. This increase was 

considered statistically significant (Z = -2.118, p= 0.034). The total non-vegetated areas did 

not change significantly for any vegetation type.  

3.4.3 NDVI Time Series Analysis: Vegetation Types 

The NDVI time series for randomly selected pixels (Appendix F) in the post 

normalization images are illustrated in Figure 3.6. As can be seen in Figure 3.6a, the rock 

pixels (that are assumed to be unchanging over time) have a near-horizontal trend line. This 

demonstrates that the normalization procedure was successful in removing bias due to 

sensor and atmospheric differences between images. Further discussion of the performance 

of the normalization can be found in Appendix E.  

There are no significant trends in the normalized data for any of the vegetation 

types. As expected, the average NDVI was highest in the wetter vegetation communities, 

with wet sedge having the highest NDVI values in any given year, followed by mesic 

tundra and polar semi-desert. The values for both spatial resolutions (i.e., 2 m and 30 m 

‘upscaled’ data) were very similar. ‘Upscaled’ time series can be found in Appendix G 

(Figure G.1). The trends for the vegetation plots (Figure 3.6b) were similar to the trends 

observed in the corresponding vegetation types in Figure 3.6a, suggesting that the field data 
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are representative of the vegetation types; thereby justifying ‘upscaling’ field observations 

to broader landscape scales. 

Figure 3.6: NDVI over time for randomly selected pixels by cover type at 2 m and 30 m 

‘upscaled’ resolution and b) by vegetation plot at 2 m resolution. Colour groupings are 

consistent, with wet sedge in green, mesic in purple, polar semi-desert in red and rock/bare 

ground in brown. Trendlines (panel a) and error bars are for the 2 m analysis. 

a) 

b) 
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Table 3.6: Summary of climate analysis 

*GDD(5) is Growing Degree Days at base temperature of 5°C and GSL is Growing Season Length 

Table 3.7: Z Statistics and p values for the Wilcoxon Signed-Rank Test. Bold indicates significance at α = 0.05, superscript b based on 

positive ranks, superscript c based on negative ranks, superscript d the sum of the negative ranks is equal to the sum of the positive 

rank. 

Date of 

Acquisition 

(mm/dd/yyyy) 

GDD(5)* 

to date of 

acquisition 

Total 

GDD 

% GDD(5) 

by date of 

acquisition 

GSL to date 

of 

acquisition 

Total 

GSL 

%GSL to 

date of 

acquisition 

Precipitation 

(mm) to date 

of acquisition 

Total 

Precipitation 

(mm) (Jun 1-

Aug 31) 

Sum of 

Precipitation (mm) 

in the 2 days prior 

to and day of 

acquisition 

07/22/2004 1.9 4.52 42.5 2 3 66.7 21.6 54.8 2.4 

08/02/2008 63.7 66.4 96.0 20 23 87.0 38.8 63.2 19.4 

07/11/2010 53.6 81.7 65.6 12 20 60.0 7.0 32.2 0.2 

07/15/2012 126.6 164.6 76.9 35 41 85.4 14.2 22.8 0.2 

07/10/2014 5.7 15.0 38.0 7 12 58.3 0.4 15.2 0.0 

07/28/2016 49.6 49.6 100.0 22 22 100.0 41.6 51.6 0.4 

08/02/2018 19.9 21.2 93.9 7 12 58.3 50.0 54.0 14.6 

Vegetation Type Test Statistic 

and p 

Forb Lichen, Soil Crust & 

Cyanobacteria 

Bryrophyte Shrub Graminoid Total Non-Vegetated 

Wet Sedge (n= 

12) 

Z -0.222b -1.069b -0.628c -0.421b -1.767b -0.800c 

p (2-tailed) 0.824 0.285 0.530 0.674 0.077 0.424 

Mesic Tundra 

(n=12) 

Z -0.314b -2.981b -0.314b -2.371b -2.118b -1.804c 

p (2-tailed) 0.754 0.003 0.754 0.018 0.034 0.071 

Polar Semi-Desert 

(n=8) 

Z -1.260b -1.400c -.676c -1.214c -2.028c -.420b 

p (2-tailed) 0.208 0.161 0.499 0.225 0.043 0.674 
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3.4.4 NDVI Time Series Analysis: ALDs 

The NDVI time series for the toe, scar and entire ALD are presented in Figure 3.7 for Big 

Slide and Ptarmigan (Figure 3.2 and Table 3.8) the 2 m and 30 m spatial resolutions (ALD05 and 

ALD27 can be found in Appendix H). These ALDs occurred in the summer of 2007, so we 

would expect to see a change in NDVI between 2004 and 2008. At the 2 m resolution, the 

expected decrease in NDVI (due to the removal of vegetation) can be seen in all of the scar zones 

except for ALD27. For the toe where vegetation from upslope is deposited, the NDVI values 

increased in 2008 (after deposition of upslope material) relative to 2004 (before disturbance). 

Similar to the findings of Rudy al. (2013), the NDVI characteristics of the toe (i.e. area with 

some areas of intact vegetation) are similar to that of the surrounding undisturbed area.  

When the trends are compared at different spatial resolutions, it can be seen that the 

NDVI values for the toe and scar zones are not always distinguishable from each other in the 

‘upscaled’ 30 m data. This is especially true for narrow ALDs (ALD05 and Ptarmigan). In these 

cases, the combination of the orientation of the ALD and coarser spatial resolution resulted in 

very few pixels being entirely contained within the borders of the ALD. The inclusion of a few 

mixed pixels (i.e., pixels that were partially within and outside the ALD) was unavoidable in the 

‘upscaled’ analysis. The ‘upscaled’ analysis did not show a clear distinction between different 

ALD components, but it did show a similar overall trend as the 2 m analysis. 

Table 3.8: ALD size information 

ALD Length (m) Width (m) Area (m2) Morphology 

Big Slide 684 177 60924 Elongate 

ALD27 238 112 20115 Compact 

Ptarmigan 361 75 19588 Elongate 

ALD05 355 58 19281 Elongate 
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Figure 3.7: NDVI change in ALDs a) and b) Ptarmigan at 2 m and 30 m ‘upscaled’ resolution respectively and c) and d) Big Slide at 2 and 30 

m ‘upscaled’ resolution respectively. Error bars represent standard deviation. Graphs are overlaid over the 2012 NDVI image at 2 m resolution 

(left) and 30m resolution (right) 

a) b) 

a) 

c) d) 
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3.5 Discussion 

3.5.1 Potential Influence of Timing Image Acquisition on NDVI Trend 

The growing season in the High Arctic is short and at the CBAWO is generally 

considered to be approximately a month long (i.e., early July to early August). A short 

growing season combined with frequent cloud cover, can render it difficult to collect high 

quality satellite image data. This has been noted by Karlsen et al. (2017) who found that 

there was little correlation between MODIS (Moderate Resolution Imaging 

Spectroradiometer; 300 m spatial resolution) maximum NDVI (commonly used to represent 

peak plant productivity) and sampled plant biomass. The authors suggested that this was 

likely because of the sparsity of cloud free images for some of the years in the time series. 

Thus, it is important to demonstrate that the results observed here for high spatial resolution 

remote sensing data are not simply due to the timing of image acquisition (i.e., low NDVI 

values being a result of images acquired too early or too late in the growing season). In 

Figure 3.8a, the average NDVI for each vegetation type is plotted against the date of 

acquisition. If the timing of the image acquisition were interfering in the analysis, we would 

expect to see the NDVI values at the earlier and later points of the season much lower than 

the values for images collected in the middle of the season (i.e., the idealized time of ‘peak’ 

vegetation). With the exception of 2012 (which was a very warm year with an extended 

GSL; see Figure 3.4 and Table 3.6), all years occupy similar ranges of NDVI values. The 

lack of a trend suggests that the images were collected at comparable points in the growing 

season (i.e., close to peak vegetation productivity) and can be treated as similar to 

maximum NDVI.  
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Additionally, analysis from the field NDVI images (Appendix I) shows that though 

there was some variation in NDVI through the growing season, this variation was not large. 

Previous weekly observations of field NDVI at the CBAWO (Arruda, 2016) in the mesic 

tundra in 2015 showed  that once green up had occurred (roughly between July 14 and July 

22, 2015) the average NDVI remained fairly constant until senescence occurred (after 

August 4th, 2015). Additionally, Arruda (2016) showed that the peak observed NDVI 

values (observed between July 26th and August 4th) were only marginally higher than the 

remaining measurements between July 22 and August 4th. The combined results from this 

2015 and the NDVI camera results in Appendix I suggest that spatially averaged NDVI 

does not vary significantly within the window of satellite acquisition dates.  

Additionally, as was shown by Tamstorf et al., (2007) in their seasonal analysis of 

NDVI in Greenland, different vegetation types have different dates of maximum NDVI 

within the same season, with the earliest communities (the driest, Dryas heath) reaching 

maximum NDVI approximately 10 days prior to wetter vegetation communities. Tamstorf 

et al., (2007) also demonstrated that for each vegetation community, the day of peak NDVI 

varied within a 5 day span over the 5 year study period.  

The above results suggest that first, there is no single moment where all vegetation 

types across the landscape are at ‘peak’ vegetation, and second that this ‘peak’ vegetation 

moment can also vary between years. When these factors are considered with the seasonal 

NDVI plots presented in Figure 3.9 and in Arruda (2016), this suggests that there is little 

variation in the NDVI values once green up occurs. Secondly, this suggests that even if the 

difference between the peak NDVI and remainder of the growing season was large, the 

variation in the date of this peak is likely small.  
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3.5.2 Environmental Variables, PVC and Greenness 

As expected, the NDVI values and PVC measurements of each vegetation type were 

related to moisture availability, with the highest NDVI values belonging to the wet sedge, 

followed by the mesic tundra (intermediate soil moisture) and polar semi-desert (Figures 

3.5 and 3.6). Water availability is important for both vascular plants (i.e. shrubs, 

graminoids and forbs) (Bell and Bliss 1980; Kaldy et al., 2011) as well as bryophytes 

(Proctor 2000; Rixen 2005; May 2018). However, as can be observed in Figure 3.8b, there 

does not appear to be a clear linear relationship between the amount of precipitation 

received before the image acquisition and the NDVI value. This suggest that in this area, 

water from other sources (i.e., snow melt, water stored within the active layer) is more 

important than from precipitation.  

As can be seen in Figures 3.6 and 3.7 (and supplementary Figures in Appendix G 

and H), there was variation in the NDVI values, but no clear linear relationship with time in 

the vegetation plots and ALDs. Further, there is a small statistically significant positive (p 

= 0.033) trend in the average July temperatures from 1948-2017 at the nearest permanent 

weather station (Mould Bay, NWT), but no significant tend at the CBAWO from 2003-

2018 (Figure 3.3). In addition, it is clear that there is a large variability in July temperatures 

(Figure 3.3) and the related summer warmth index (Appendix J, Figure J.1). When 

considered with Figures 3.6, 3.7 and the supplementary figures in Appendix G, H and J, 

this suggests that the changes in temperature have not been sufficient (or persistent for a 

sufficiently long period) to result in a significant change in NDVI. This observation is 

consistent with the field PVC measurements. Significant increases in shrubs and 

graminoids were observed, but these were limited to the mesic tundra (Table 3.7) and were 

small (Figure 3.5).  
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When the average NDVI of the randomly selected pixels in each vegetation class is 

plotted against GDD(5) to image acquisition date, there is a strong linear relationship 

(Figure 3.8c) for the wet sedge (r2 = .081, p=0.006), mesic tundra (r2= 0.72, p= 0.016) and 

polar semi-desert (r2= 0.72, p= 0.011). This indicates that higher temperatures during the 

growing season contributes to enhanced greenness. When the strength of the relationships 

are considered, it is clear that the influence of increased temperature (i.e., steepness of the 

slope of the linear trend line) on the NDVI values was strongest for the wet sedge, with 

progressively shallower slopes for the mesic tundra and polar semi-desert areas. This 

response supports findings from previous warming experiments that warming results in a 

greater ‘greenness’ response in areas where moisture and temperature conditions are 

already favourable for plant growth (i.e., in the wetter areas of the landscape).  

The above is congruent with previous research at the CBAWO. In their 

investigation of vegetation change in the ITEX (International Tundra Experiment) plots in a 

mesic tundra area of the CBAWO, Arruda (2016) found that between 2009 and 2015 total 

vegetation cover increased in areas that had enhanced snow cover (i.e. more potential 

moisture available in the growing season). Additionally, increases in the coverage of the 

shrub Salix artica were found in the control (i.e. no snow or temperature manipulation) 

plots. In our study (2004 to 2017), an increase in shrub coverage was also observed in the 

mesic plots. In addition, Arruda (2016) found that of all seven most commonly occurring 

species, Salix artica increased the most in cover between 2009 and 2015 in the enhanced 

snow x experimentally warmed, the ambient snow x experimentally warmed and the 

enhanced snow x ambient temperature treatments. With research suggesting that moisture 

availability has been shown to increase the potential growth of Arctic shrubs under 
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warming conditions (e.g., Klady et al., 2011; Ackerman et al., 2017), the findings of Arruda 

(2016) and our study suggest that as long as there is the available moisture, continued 

warming may increase shrub growth in the mesic tundra.  

Additionally, the weakening relationship and shallower slope in the drier vegetation 

types (Figure 3.8c) may be explained by two factors. First, there is simply less vegetation 

present per unit area than in the wet sedge areas. Thus, increases in NDVI from increased 

vegetation productivity on existing plants (e.g., increased leaf growth) may be dampened 

by the lack of response from the rock/bare soil in pixel. Second, as the vegetation 

communities are only found in select areas where there is also sufficient water, increases in 

temperature alone may not be sufficient to increase coverage of vegetation if there is not 

enough moisture available. Thus, the vegetation response to warming may be low due to 

other requirements for growth not being satisfied. 

In summary, average July temperatures in the region have been slowly increasing 

over the past decades (Figure 3.3), though annual variability likely masks this trend in the 

shorter term. However, the strong relationship between GDD(5) and NDVI suggest that 

Arctic warming will result in more greening in the longer term. 
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Figure 3.8: Average NDVI for randomly selected pixels (2 m) plotted with 

standard deviation against: a) day of year of image acquisition; b) total 

precipitation to date of acquisition and c) GDD(5) to date of acquisition. 
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3.5.3 Extreme Warming 

The years 2007 and 2012 were exceptionally warm years in the circumpolar region 

and at at the CBAWO. Sea ice extent reached a record minimum in September 2007 

(Stroeve et al., 2008) only to have a new record minimum set in 2012 (National Snow & 

Ice Data Centre; Kirchmeier-Young et al., 2017). At CBAWO, the warming events of 2007 

caused the initiation of numerous ALDs across the study area (Lamoureux and Lafrenière, 

2009). As shown in our study, the scar zones of these disturbed areas are still largely non-

vegetated. Research in other disturbed areas suggests that these scar zones will take several 

decades to reach a similar vegetation cover, and potentially even longer to reach a similar 

biological diversity as the surrounding undisturbed area (Cannone et al., 2010). As shown 

in Table 3.6 and Figure 3.4, the number of GDD(5) accumulated in 2012 was orders of 

magnitude larger than those accumulated in any of other years included in the study.  

In their most recent report on climate change, Environment and Climate Change 

Canada have found that from 1948-2016, northern Canada (here, defined as the northern 

three territories) has experienced an increase of 2.3°C, 1.6°C and 4.3°C in the annual, 

summer and winter mean temperatures respectively (Zhang et al., 2019). In addition to 

changes in mean temperature, changes in the extremes minimum and maximum 

temperatures have been reported (Vincent et al., 2012) and are forecasted to continue to 

increase (Zhang et al., 2019).  

As demonstrated in Figure 3.8c and discussed in section 5.4.2, there is a strong 

relationship between GDD(5) (a function of temperature) and observed NDVI. The warm 

summer of 2012 resulted in higher NDVI values with more greener vegetation. If changes 

in climate result in more years like 2012, there could be impacts on the ecosystem.  
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The lower NDVI values in the following years suggest that it is possible that some 

of the new growth that was initiated in the very warm summer of 2012 did not experience 

green up in the following summers. This suggest that these shoots may have added to the 

amount of senesced (i.e. non-photosynthetic) vegetation present on the landscape. This non-

photosynthetic vegetation is not well captured by NDVI, but has been shown to be modeled 

by other remote sensing techniques including hyperspectral (Li and Guo et al., 2018), 

LiDAR (light detection and ranging) and synthetic aperture radar (SAR) (reviewed in Li 

and Guo 2016) in temperate ecosystems. A vegetation index similar to NDVI, but with the 

NIR and green bands of Worldview-2 sensor has been shown to model the fraction of 

absorbed photosynthetically active radiation in a temperate wetland, which partially 

accounts for the presence of senesced vegetation (Schile et al., 2013). There appears to be a 

data gap for modelling senesced vegetation in High Arctic systems, and the application of 

this or indices that better account for senesced vegetation may be a useful area for future 

analysis of change.  

The increased growth in 2012 that did not green up the following year may have is 

may result in increased litter available. As decay rates are slow in this region (Hobbie 1996) 

there may be effects of highly productive years on the nutrient cycling of the ecosystems in 

following years. Additionally, if the warming results in greater growth in shrub species that 

have a higher attribution of carbon to woody stems, the slower decomposition rates 

associated with these species (Hobbie 1996) may have a minor impact on the long term 

carbon storage of these systems.      
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3.5.4 Landsat Scale (30 m) 

In order to quantify vegetation change at the circumpolar level, many studies have 

used products with a high temporal resolution, but low spatial resolution (i.e. 

AVHRR/GIMMS). These studies have observed greening trends in the Svalbard area 

(Vickers et al., 2016), the Siberian Arctic (Dutrieux et al., 2012) and the entire circumpolar 

region (Bhatt et al., 2013) over the past few decades. These studies have also shown a 

tendency for browning to occur in some regions in the later part of the time series analysis, 

despite the continued rise in Arctic temperatures. Though changes to large scale 

atmospheric patterns resulting in increased cloudiness have been suggested (Dutrieux et al., 

2012; Bhatt et al., 2013), there have also been calls to determine what factors are 

responsible for these changes at the plot level (Pattison et al., 2015).  

There have also been calls to further evaluate NDVI time series against field 

measurements in order to resolve differences between different remote sensing products 

(Guay et al., 2014; Pattison et al., 2015). Comparisons of different NDVI time series for the 

Arctic have shown inconsistencies, highlighting the challenges associated with comparing 

results from sensors with different bandwidths, spatial resolutions and calibration settings 

(Guay et al., 2014). However, as the results from studies using different remote sensing 

products are used to understand changes in biophysical properties of vegetation and 

improve model development, it is important to understand how the results of analyses 

performed with different sensors relates to processes on the ground. Separate from 

combining images from different sensors to construct a single time series (as was done in 

this study), it has been found that in some areas, the NDVI trends observed in the 8 km 

resolution GIMMS dataset do not correspond with observations on the ground or with those 
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observed with Landsat data and ground observations (Raynolds et al., 2013; Pattison et al., 

2015; Ju and Masek et al., 2016). This raises the question of what may be causing the 

discrepancy between analyses performed with different satellite products. 

In this analysis, the size of the study area (approximately 100 km2) would make 

comparisons to the GIMMS dataset impractical, as the entire study area would only be 

covered by a few pixels. However, comparisons to Landsat (30 m spatial resolution) are 

feasible. When the 2 m analysis was coarsened to 30 m, the two trends were very similar at 

the plot and landscape levels. Ideally, to properly compare 2 m and 30 m datasets, Landsat 

data for each of the corresponding years would be compared to the aggregated high spatial 

resolution data (i.e., originating from IKONOS and WorldView). Edwards and Treitz 

(2017) completed a time series analysis of the area using Landsat TM and OLI data from 

1984 to 2015. Unfortunately, none of the images used by Edwards and Treitz (2017) were 

acquired during years when cloud free high spatial resolution data were collected during the 

growing season. Thus, it is not possible to perform a fair annual comparison of these image 

data. Additionally, as the time frames for the time series analysis are different, caution 

should be used when comparing the results. However, it can be seen that the range of the 

average NDVI values for the time series for each vegetation type (i.e., from Edwards and 

Treitz, 2017) are similar to the range found in this analysis (with the exception of 2012). 

This, combined with the high degree of similarity observed between the original 2 m data 

and the ‘upscaled’ 30 m data suggests that for areas 1 ha in size or larger, the trends of the 

‘upscaled’ high spatial resolution data would likely be similar to that of Landsat. This 

suggests 30 m pixels may be adequate for tracking change at the hectare or larger scale for 

tundra ecosystems. 
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Another challenge that arose when attempting to compare time series is that of the 

year of images acquisitions. In the current analysis, 2012 was an especially warm year with 

high NDVI values that had a strong influence on the trend. However, 2012 was not a year 

included in the analysis by Edwards and Treitz (2017). Though the error associated with 

different times of acquisition within the growing season is generally considered to be 

random and can be generally ignored within a given time series (e.g., Ju and Masek, 2016; 

this study Figure 3.8a), it is not clear if the same can be said when comparing different time 

series. When comparing the findings of times series analysis that use coarser spatial 

resolution products to those based on high and moderate spatial resolution data that tend to 

have fewer observations, the inclusion or exclusion of very warm years like 2012 may 

significantly alter the outcome (i.e., result in the time series being significant or not as 

illustrated in Figure 3.8a). Though it can be seen that there is no correlation between the 

date of acquisition and the average NDVI value for all plots, 2012 remains an outlier. Thus, 

the potential lack of data for extreme years may contribute to the discrepancies between 

time series produced with products with different temporal resolutions.  

3.5.5 Active Layer Detachments 

Though the results of the 2 m data and the ‘upscaled’ 30 m data were similar at the 

landscape level, the results differed for the analysis of the ALDs. Of the large ALDs 

analysed in this study, the 30 m analysis was not always able to distinguish between the 

different areas (i.e., toe versus scar) within the ALDs (Figures 3.7 and H.1). As can be seen 

in Figure 3.9, the ALDs are often less than a pixel wide in the ‘upscaled’ analysis. As only 

the largest of the ALDs in the study area were selected for analysis, it is likely that this 

discrepancy would become more apparent as ALDs approach Landsat pixel and sub-pixel 
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scales. It is important to understand how scar zones of ALDs are stabilizing and 

revegetating as it has been shown that these disturbed areas can serve as a source of labile 

organic matter (Grewer et al., 2015) which can have impacts on biogeochemical cycling 

downstream. Additionally, the scar zones have been shown to have different ecosystem 

exchange and respiration rates than the surrounding undisturbed areas (Beamish et al., 

2014). As permafrost disturbances become more widespread through the Arctic, tracking 

them may help inform carbon sequestration and release models.   

Studies that have examined Landsat data to describe land cover and predict changes 

due to a changing climate in the Arctic have found that the application of higher spatial 

resolution imagery (aerial or satellite) improved their analyses (Zhang et al., 2013; Lara et 

al., 2018); i.e., the higher spatial resolution data are able to measure the less dominant land 

cover classes and capture more variation on the landscape. Thus, if features like permafrost 

disturbances that are locally significant but cover small areas are to be included in the 

analysis, the inclusion of high spatial resolution data is important. 
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Figure 3.9 Active layer detachments (ALDs, delineated in red) over the NDVI image for 2012 at a) 2 m resolution and b) 30 m 

‘upscaled’ resolution. 
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3.5.6 Benefits and Challenges of using High Spatial Resolution Imagery from Multiple Sensors  

High spatial resolution remote sensing data are capable of capturing a greater range of 

variability on the landscape (i.e., more precise conditions). In this study, 2 m data were found 

to be capable of delineating the different components of ALDs in a way that the ‘upscaled’ 30 

m data could not. However, using high spatial resolution data in the Arctic has challenges. 

First, the length of the data record is rather short compared to many of the coarser resolution 

products, given these data are tasked for specific coverages rather than collected 

automatically. To have access to 15 years of high spatial resolution remote sensing data for a 

site in the Canadian High Arctic is unique, albeit from three different sensors (i.e., IKONOS 

and WorldView-2,3). Since most high spatial resolution satellites were launched in the late 

1990s and early 2000s, there is a limited depth of historical imagery compared to intermediate 

and coarser spatial resolution products, particularly for large areas at high latitudes. For a 

terrestrial system that changes slowly, the compressed time series limits the capacity for 

examining incremental environmental change. In this study, combining data from three 

different sensors was conducted in order to extend the study period so as to enhance the 

potential for quantifying change. 

Although rapid improvements in remote sensing technology can improve research 

outcomes, having multiple commercial sensors creates challenges for calibrating one sensor to 

another. For example, in this study, IKONOS and Worldview2,3 data were used. There was 

only a 5-year period where IKONOS and Worldview 2 (2009-2015) were both in orbit. The 

short overlap time, the length of the tasking window, the short growing season, the high 

probability of cloud cover, and the high cost of acquiring high spatial resolution imagery 
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rendered it impractical to acquire data from both sensors at this site in a given year. In 

comparison, the sensor design and launch of new sensors in other satellite missions (e.g., 

Landsat series, AVHRR) is conducted with continuity of missions being of paramount 

importance.  

Despite these challenges, data from two different sensors were integrated to generate a 

time series analysis. After correcting to TOA, the PIF method was used to normalize across 

dates in order to minimize the effects of different sensors, atmospheric conditions, 

illumination and sun angles. This method was chosen because it has simple assumptions and it 

has been applied successfully in this setting before to normalized Landsat data (Edwards and 

Treitz, 2017). This method assumes that the reflectance of specific surfaces (i.e., bedrock, 

deep water - PIFs) does not change over time across the study area; hence these surfaces 

should remain constant across all images. All images were then normalized via linear 

regression to a base image using the reflectance from these PIFs.  

As can be seen in Figure 3.6, the normalization procedure generally achieved the 

desired result. The rock/bare ground trendline shows very little change over the study period, 

though there was a slight increase in 2012, for which there are several potential explanations. 

First, rather than reflecting a change on the ground, the normalization was affected by the lack 

of suitable dark PIFs to anchor the trend line. Though dark PIFs were selected in the 2012 

image in the deep ocean, the majority of the ocean available in the image was covered in ice. 

Thus, it is possible that despite the best efforts to only include ice free pixels, there may have 

been small pieces of floating ice that influenced the normalization. However, most of the 

images had similar ice conditions, meaning that the relative impact of this is likely minor 

across the time series. Another possible explanation is that some of the randomly selected 
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pixels (selected based on a land-cover classification created using imagery from 2008 

(Gregory et al., 2011)) were actually very sparsely vegetated. With the higher than usual 

temperatures in 2012, these pixels then showed a higher NDVI than was seen in other years. 

Further discussion of the normalization can be found in Appendix E. 

In order to maximize the utility of high spatial resolution imagery, each scene must be 

properly aligned so that each pixel in the image stack is properly co-registered. To best 

achieve this, the user must have access to a high-quality DEM and accurate and precise 

ground control points (GCPs). With the recent release of the 2-m Arctic DEM for the 

circumpolar region produced by the Polar Geospatial Centre, researchers without access to 

stereo-pair imagery for their study area may still be able to perform accurate geometric 

corrections. However, the collection of GCPs needed for orthorectification and image 

registration processes may still pose a challenge. As there are few permanent anthropogenic 

structures on the Arctic landscape, researchers must either install their own targets or attempt 

to find naturally occurring features that are visible in the imagery and that remain in the same 

position each year. In this setting, the natural features that best approach this requirement are 

the rivers, lakes and ocean coast lines. However, these features are not always stable over 

time. For example, due to the braided nature of many of the rivers, the exact location of the 

main channel may change (on the order of metres) from year to year. Additionally, changes in 

ice cover on lakes sometimes obscures the true edge of the lake shore. In this study, this 

presented a challenge for performing geometric corrections on the earliest image (2004) as the 

installation of the tarps and corner reflectors occurred at a later date. For some studies, this 

may complicate the utility of incorporating historical data into time series analyses. 
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3.6 Conclusion 

 In this study, high spatial resolution data from IKONOS and Worldview-2,3 (2004-

2018) were examined in concert with field measurements to investigate changes in vegetation 

at a Canadian High Arctic site. The PIF normalization method was applied to normalize 

between three different high spatial resolution sensors. Field observations exhibited small, but 

statistically significant increases in shrubs and graminoids in the mesic tundra between 2004 

and 2017. However, no significant change in total vegetation cover was observed in the field. 

Likewise, NDVI did not exhibit a statistically significant change during this period, but there 

was a statistically significant relationship between NDVI and GDD(5) for all vegetation types. 

The results indicate that higher temperatures result in higher NDVI values. High spatial 

resolution data are well suited to tracking changes on the landscape and within ALDs. The 

‘upscaled’ 30 m analysis performed well at the plot and landscape scale, but was not suited to 

tracking changes in vegetation cover in ALDs. Studies that incorporate comparisons between 

different sensors and field data datasets can help in developing a better understanding of how 

remotely-sensed trends relate to processes on the ground. 
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Chapter 4 

Summary, Conclusions and Future Research 

4.1 Summary 

This study addressed three objectives: 

1. To quantify changes in percent vegetation cover (PVC) and greenness over time 

(2004-2018) using satellite spectral indices (i.e., Normalized Difference Vegetation 

Index; NDVI) for different vegetation types across soil moisture regimes and within 

active layer detachments (ALDs). 

The Braun-Blanquet PVC measurements were conducted in 2017 and compared to 

measurements in the same plots in 2004. Slight but statistically significant increases in the 

coverage of shrubs, graminoids, and lichen, soil crust and cyanobacteria were observed in the 

mesic tundra plots. These minor changes were not detected in the time series analysis, as there 

was no statistically significant linear increase in NDVI over time for any of the vegetation 

types. As expected, the wet sedge areas with the highest soil moisture had the highest NDVI 

and the driest community (polar semi-desert) had the lowest NDVI. The vegetated areas 

within the ALDs responded similarly to the vegetation in the surrounding areas (i.e., followed 

a similar pattern over time).  

2. To investigate the relationship between trends in vegetation cover and greenness and 

environmental variables (soil moisture, precipitation and temperature, growing degree 

days) for each of the vegetation types during the growing season. 

Climate data from the site and the nearest weather station (i.e., Mould Bay, North West 

Territories) were used to investigate the relationship between climatic variables and NDVI 

during the study period. There was a range of variability of summer growing conditions, and 

though this variability may have contributed to the lack of a clear NDVI trend over time, there 

was a strong relationship between growing degree days (GDDs) and NDVI. Additionally, 
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each of the vegetation types (i.e. wet sedge, mesic tundra, and polar semi-desert) showed 

similar patterns over time, with the NDVI values being the highest observed in the year with 

the most growing degree days (2012) for all vegetation types. Further, the magnitude and 

strength of the relationship between NDVI and GDDs was highest for the wet sedge. This is 

consistent with other research that shows that areas that already have favorable moisture 

conditions throughout the growing season will be more apt to respond to warmer 

temperatures. Generally, precipitation did not appear to influence the NDVI values. However, 

increased moisture on the landscape that may have contributed to localized ponding or 

darkening of the top layer of soil may have dampened the NDVI signal in years with 

precipitation occurring just before image acquisition.  

3. To discuss the merits and challenges of using high spatial resolution remote sensing 

data from multiple sensors in the High Arctic to track vegetation change.  

 

The finer spatial scale was better suited to tracking change within permafrost 

disturbances (i.e., active layer detachments; ALDs). The high spatial resolution time series 

analysis was able to track changes in the scar zones and the compression zones of ALDs 

separately through time, whereas the ‘upscaled’ 30 m spatial resolution time series was not.  

As the occurrence of permafrost disturbances is likely to increase with climate change and 

given these disturbances can have significant local effects on ecosystem processes, tracking 

the initiation and revegetation of these features through time may help improve our 

understanding of future Arctic terrestrial ecosystems. This study showed that high spatial 

resolution imagery can contribute to this effort.  

    At the plot and landscape level, the 2 m and 30 m analysis showed close agreement. 

Though the agreement between the 2 m and 30 m is not entirely surprising as the 30 m data 
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were created using the 2 m data, the level of similarity between the two datasets suggests that 

for large, homogeneous areas, 30 m resolution data collected by moderate resolution sensors 

are comparable to data collected at higher resolutions.  

Using multiple high spatial resolution sensors requires great attention to normalization 

and geometric and radiometric corrections. In this study, it was demonstrated that the pseudo-

invariant feature (PIF) method (though iterative and labour intensive) was able to normalize 

between differences in acquisition conditions (i.e., sun angle, Earth-Sun distance, atmospheric 

attenuation, phase angle and detector calibration between the dates) as well as different 

sensors. Few examples of normalization between high spatial resolution satellite datasets 

exist. This study provides one approach, though further investigation into the merits of 

different methods may improve future time series. 

4.2 Limitations and Uncertainty 

For this time series analysis, great effort was taken to ensure that all images were 

properly orthorectified and co-registered to minimize any error from geometric misalignment. 

While performing the geometric corrections and matching all images to the base image 

(2016), each image was visually inspected to ensure the best possible alignment throughout 

the scene. Multiple iterations of geometric corrections were applied until the combination of 

GCPs and tie points that minimized the distance between common features were found. 

However, it was not possible to completely eliminate geometric error. The best that could be 

obtained during the orthorectification process was a root mean square error (RMSE) of 

approximately 8.9 m (which corresponds to approximately 2.1 IKONOS pixels and 4.5 

Worldview-2 pixels) (Appendix C). For large homogeneous areas, this likely does not pose an 
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issue. However, it may present a problem for tracking smaller features on the landscape. To 

minimize the potential impact of geometric error on tracking ALDs, a buffer was used to 

minimize the likelihood of including pixels from outside the ALD in the analysis. When 

selecting PIFs, care was taken to choose pixels in homogeneous areas so as to minimize the 

impact any geometric errors.  

In addition to the orthorectification and co-registration that may have introduced some 

error into the analysis, it was necessary to resample the image data to a common resolution for 

analysis. A cell size of 2 m was selected as it minimized the information loss from the later 

images that were at higher spatial resolutions. However, only the images collected with the 

Worldview-2 sensor (2012, 2014, and 2016) were originally at this resolution. The IKONOS 

images (2004, 2008, 2010) had to be resampled to a finer resolution (4 m to 2 m) and the 

Worldview-3 image (2018) had to be resampled to a coarser resolution (1.6 m to 2 m). It 

should be noted that despite the IKONOS pixels being resampled to 2 m, no new information 

is added to the analysis by resampling to a smaller cell size.  

Though necessary to ensure that the results from different sensors were comparable, 

the normalization procedure may have also introduced error into the analysis. It can be seen in 

Figure 3.6 that the trend in the rock/bare ground pixels is near zero. As we would expect that 

the reflectance of the rock/bare ground to be constant over time, the lack of trend after 

normalization suggests that the procedure was successful (Appendix E, Figure E.7). Though 

only the final iteration of the normalization is presented here, it should be noted that multiple 

iterations were attempted. In these attempts, it was found that the resulting normalization 

regression equation can be influenced by the presence (or absence) of dark PIFs. In this High 

Arctic setting, suitable dark PIFs were scare or unavailable in some images (i.e., 2004). 
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Though an effort was made to compensate for this (Appendix E), the high dependence on the 

inclusion or exclusion of dark PIFs limits the application of the PIF method in this setting.  

In the field, every effort was made to ensure that the Braun-Blanquet PVC estimations 

were as comparable as possible to those made in 2004. In the 2017 field season, the PVC 

measurements for at least one plot of each vegetation type was performed with the researcher 

who performed the original PVC estimates in 2004. However, in analyzing the field 

observations, there appears to be a discrepancy between how soil crusts and cyanobacteria 

were estimated, particularly when they occurred on top of/in association with mosses. This 

phenomenon was largely limited to the mesic tundra plots.  

In addition, though the Braun-Blanquet method is well suited to collecting information 

over a large area (which is why it was originally selected in 2004), the coarseness of the 

Braun-Blanquet scale limits its ability to detect small changes in the landscape (Carlsson et 

al., 2005). To mitigate this, variations of the Braun-Blanquet scale have been proposed that 

include more divisions (e.g., van der Maarel 1979, Vittoz and Guisan, 2007; Furman et al., 

2018). It was not possible to incorporate any of these into this study as the original 

measurements were not collected with these scales. However, the inclusion of more divisions 

at the lower cover estimations may have enhanced the ability of this study to detect changes 

on the ground.  

4.3 Future Research 

This study tracked changes in NDVI over a 14-year study period (2004-2018) using 

high spatial resolution imagery. Considering that the launch of the first generations of 

commercial high spatial resolution sensors occurred in the late 1990s to early 2000s, this 
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represents a large archive of high spatial resolution imagery. However, this analysis did not 

detect the same sort of greening that has been observed in the area over a longer period of 

time (e.g., Edwards and Treitz, 2017). The variable ecosystem, short growing season, 

extensive cloud cover and length of the time series may have contributed to the lack of 

observed trend. However, even though this analysis was not able enough to detect a trend over 

time (i.e., 14 years), it was able to track changes on an annual basis.  

As high spatial resolution data continues to be collected (at this site and others), the 

longer archive may improve future time studies of local scale change. Though cloud coverage 

will still be a challenge, improvements in technology and a potential decrease in cost may 

make it easier to obtain high spatial resolution imagery at finer temporal scales. Finer 

temporal resolution may help to minimize the impact that image acquisition time (i.e., time of 

the growing season, or the inclusion/exclusion of extreme years) may have on constructing 

time series. Time series with greater temporal frequency and a longer archive may be better 

suited to separating the annual variability from the changes occurring in the High Arctic. 

The application of fusion techniques to blend high temporal and low or moderate 

spatial resolution imagery with low temporal and high spatial resolution imagery may also 

enhance the ability to track change in the High Arctic. This tool has been used in agricultural 

settings (e.g. Gao et al., 2017) to help project crop yields. These techniques combine more 

frequent coarser resolution data (generally MODIS) and less frequent higher spatial resolution 

data (generally Landsat) to model how the scene would appear at a fixed date in time (e.g. 

Hilker et al., 2009; Zhu et al., 2010). If sufficient Landsat resolution data were able to be 

acquired in years coincident with high spatial resolution data, this would allow for the creation 

of an image for each year that estimates the conditions on a common date. This would help to 
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eliminate the uncertainty of comparing images across the growing season. Though this 

approach was explored for this study, there were insufficient cloud free Landsat images within 

the growing season to apply this technique across all years. However, as data for the site 

continues to be collected at both moderate and high spatial resolutions, there will be greater 

opportunity to explore this option.  

In addition to the application of high spatial resolution satellite imagery to track 

change, the use of drones and handheld digital cameras may help to alleviate some of the 

limitations associated with using satellite data. Similar to high spatial resolution satellite 

imagery, the scale of these measurements is sufficiently precise to capture the variation that 

exists on the landscape. Though the spatial coverage of drones and cameras is more limited, 

they can be deployed in cloudy conditions. The use of NDVI measurements collected with 

modified digital cameras (whether handheld or mounted on a drone) could allow the 

researcher to have more control over the timing of data acquisition. More frequent data 

collection at smaller spatial scales could then be combined with data collected for a greater 

area (i.e., satellite data) to allow more accurate ‘upscaling’ of observations.  

In 2017, the plots used for PVC measurements were also photographed with a 

modified digital camera to sample seasonal phenological change. This camera records 

reflectance in the NIR and the blue regions of the spectrum (similar reflectance to the red 

spectrum) which allows for the calculation of NDVI. The original intention for these data 

were to examine the NDVI measurements on the ground in concert with the 2017 satellite 

image data in order to upscale observations to a landscape level. Unfortunately, 2017 was a 

cloudy summer and no satellite data were acquired. Though the full results of this analysis 

were not included in this study, the results are summarized in Appendix I and are available for 



 

 

88 

 

future research related to seasonal phenology. If NDVI measurements made from the ground 

could be used to create a seasonal growth curve over multiple years, it could help to extend 

the analysis presented in Figure 3.8a and ensure that it is valid to compare images from 

different points in the growing season with each other.   

Finally, future studies that use multiple high spatial resolution sensors should also 

consider the potential impact that the normalization method may have on the trend. 

Comparisons of normalization procedures with high spatial resolution data in a High Arctic 

setting are lacking. Though efforts were made to investigate the quality of the normalization 

by the PIF method, a more thorough analysis of how this method compares to other 

normalization procedures may improve future time series analyses with multiple high spatial 

resolution sensors.  
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Appendix A 

Growing Degree Day Base Temperature Sensitivity 

In the analysis for this paper, a base of 5 °C was used for the growing degree day 

calculations. In addition to being used as a base temperature in Arctic research (e.g., Carter et 

al., 1998; Førland et al., 2004; Weijer et al., 2013; Edwards and Treitz, 2017), 5 °C was 

chosen because it allowed for comparison to a previous time series analysis at CBAWO 

(Edwards and Treitz, 2017). However, more recent research suggests that the adoption of 5 °C 

as the base temperature in High Arctic environments may be the too high to properly capture 

vegetation growth in the cold-adapted vegetation. First, the temperatures at the ground surface 

(where the vegetation are growing) are often warmer than the air temperature measured at 1.5 

m above the ground surface (i.e., the height standard for meteorological air temperature 

measurements) (Graae et al., 2012). Second, High Arctic plants are adapted to colder 

temperatures and the metabolic processes for growth in some species can start at low 

temperatures (Barrett et al., 2015).  

In an analysis of Alaskan tundra vegetation, Barrett et al. (2015) found that different 

base temperatures explained different levels of variation in reproductive and vegetative 

growth depending on species, the trait being measured, and the site location (i.e., wet or dry). 

For example, for cassiope tetragona (mountain heather, an evergreen dwarf shrub species also 

found at CBAWO), base air temperatures ranging from -7 °C to 5 °C were able to explain 

variation in reproductive phenology and leaf length at different levels of confidence. Thus, 

there has been a shift to using lower temperatures as a base for Arctic vegetation with more 
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recent studies using 0 °C as the base temperatures (e.g., Mikola et al., (2018) in the Siberian 

Arctic and Mulder et al. (2017) in the Canadian Subarctic).   

To determine if the analysis was sensitive to the base temperature for this study, 

GDD(0) and GDD(3) were calculated. Then, as in section 3.3.1 and 3.4.1, the timing of image 

acquisition relative to accumulated GDD and the strength of the relationship with GDD at the 

day of image acquisition and NDVI were examined. Figure A.1 illustrates the cumulative 

GDD in relation to the day of image acquisition for each base temperature in each year. As is 

discussed in greater detail later in this section, the lower the base temperature, the smaller the 

difference between the exceptionally warm 2012 and all other years. As expected, the lower 

base temperatures allow for an earlier start and later end in accumulation of growing degree 

days. There are groups of years that have similar patterns of GDD accumulation at all base 

temperatures. For example, 2008, 2010 and 2016 are all similar to each other regardless of 

base temperature. Likewise, 2014 and 2018 have similar GDD accumulation patterns at all 

three base temperatures. This suggests that regardless of the base temperature used, the 

general conclusions when comparing between years would be similar. 

When comparing the three different base temperatures, it can be seen that the linear 

relationship observed between GDD(5) (the base temperature used in this study) and average 

NDVI is still present at the other two base temperatures (Figure A.2). However, both the 

strength of the relationship (r2) and the slope of the trend line decreases as the base 

temperature decreases. This is further explored in Figure A.3 where the relationship between 

NDVI and GDD at each of the three base temperatures is presented for wet sedge. Generally, 

there is a positive linear trend between GDD and average NDVI, regardless of the base 

temperature.  
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Figure A.1: Cumulative growing degree days (GDD) by year through the growing season (Day of 

Year) with image acquisition dates at base temperature a) 0°C, b) 3 °C, and c) 5 °C. 

b) 

a) 

c) 
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a) 

b) 

c) 

Figure A2: Average NDVI by vegetation type with standard deviation 

against cumulative GDD to day of image acquisition for base temperature a) 0 

°C, b) 3 °C and, c) 5 °C.  
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However, the strength of the trend increases as the base temperature rises. This may be 

because raising the base temperature disproportionally minimizes the accumulation of GDD in 

cold and average years while having a smaller relative effect on very warm years (e.g. 2012). 

For all three cases, 2012 remains an outlier and as the base temperature increases, the degree 

to which 2012 is an outlier also increases. The difference between the average GDD value and 

the 2012 value for each base temperature is approximately 1.3, 1.7, 1.9 units of standard 

deviation for GDD(0), GDD(3) and GDD(5) respectively. This again highlights the impact 

that the presence or absence of extreme years can have on trends when the sample sizes are 

relatively small.  

When this information is considered with Figure 3.8a (which shows that there was no 

correlation between the day of image acquisition and average NDVI), the general conclusions 

of the analysis would hold regardless of the choice of base temperature and the resulting 

number of GDD accumulated during the season. However, it can be said that though GDD are 

positively correlated with average NDVI regardless of base temperature, the use of lower base 

temperatures would reduce the strength of the relationship between GDD and average NDVI.

Figure A.3: GDD to day of acquisition for base temperatures of 0 °C, 3°C and 5 °C against average 

NDVI for the wet sedge vegetation type. Error bars denote standard deviation. 



 

 

120 

 

References: 

Barrett, R. T. S., Hollister, R. D., Oberbauer, S. F., & Tweedie, C. E. (2015). Arctic plant 

responses to changing abiotic factors in northern Alaska. American Journal of Botany, 

102(12), 2020–2031.  

Carter, T. (1998). Changes in the thermal growing season in Nordic countries during the past 

century and prospects for the future. Agricultural and Food Science in Finland, 7, 161– 

179. 

 

Førland, E., Skaugen, T., and Benestad, R., (2004). Variations in thermal growing, heating, 

and freezing indices in the Nordic Arctic, 1900–2050. Arctic, Antarctic, and Alpine 

Research, 36, 347–356. 

Graae, B. J., de Frenne, P., Kolb, A., Brunet, J., Chabrerie, O., Verheyen, K., Pepin, N., 

Heinken, T., Zobel, M., Shevtsova, A., Nijs, I., and Milbau, A. (2012). On the use of 

weather data in ecological studies along altitudinal and latitudinal gradients. Oikos, 

121(1), 3–19.  

Mikola, J., Virtanen, T., Linkosalmi, M., Vähä, E., Nyman, J., Postanogova, O., Räsänen, A., 

Kotze, D., Laurila, T., Juutinen, S., Kondratyev, V., and Aurela, M. (2018). Spatial 

variation and linkages of soil and vegetation in the Siberian Arctic tundra - Coupling 

field observations with remote sensing data. Biogeosciences, 15(9), 2781–2801.  

Mulder, C. P. H., Iles, D. T., & Rockwell, R. F. (2017). Increased variance in temperature and 

lag effects alter phenological responses to rapid warming in a subarctic plant community. 

Global Change Biology, 23(2), 801–814. 

Weijers, S., Wagner-Cremer, F., Sass-Klaassen, U., Broekman, R., and Rozema, J. (2013). 

Reconstructing High Arctic growing season intensity from shoot length growth of a 

dwarf shrub. The Holocene, 23(5), 721–731. 



 

 

121 

 

Appendix B 

Soil Moisture Measurements 

Table B.1: 2017 soil moisture measurements (soil type; b – bare soil; v – vegetated soil; bv – both vegetated and bare soil) 

Date Time Plot Quadrat 

% 

Moisture 

1 

Soil 

Type 1 

% 

Moisture 

2 

Soil 

Type 2 

% 

Moisture 

3 

Soil 

Type 3 

% 

Moisture 

4 

Soil 

Type 4 

190 10:20 Charlie SW 14.3 b 17.8 b 17 b     

190 10:20 Charlie NW 7 b 17.9 b 20 b     

190 10:20 Charlie NE 17 b 19.4 b 18.4 b     

190 10:20 Charlie SE 17.2 b 20.4 b 20.6 b     

199 11:36 Charlie SW 7.6 v 8.4   16.8 b 11.6 v 

199 11:36 Charlie NW 12.7 v 15.3 v 17.9 v 16.5 b 

199 11:36 Charlie NE 22 v 24 v 12.6 b 18.8 v 

199 11:36 Charlie SE 12.8 v 18 b 15.5 b 18.9 v 

191 10:40 Alpha SW 16.7 v 12.5 b 26.1 bv     

191 10:40 Alpha NW 17.9 bv 20.2 bv 19 bv     

191 10:40 Alpha NE 15.1 bv 17.8 b 23 b     

191 10:40 Alpha SE 22 b 10.5 b 26.5 b     

200 13:30 Alpha SW 13.9 b         <10 b 

200 13:30 Alpha NW 21.1 b 14 v 1.9 v <10 b 

200 13:30 Alpha NE 26.7 v 26 v 17.3 v <10 b 

200 13:30 Alpha SE 8.1   11.1   11.7   <10 b 

193 10:00 Hotel SW 35.4 b 38.8 v 34 v 37.8 b 

193 10:00 Hotel NW 32.2 b 33.8 v 37.9 v 41.7 v 

193 10:00 Hotel NE 36.9 b 33.7 v 35.1 v 31.1 b 

193 10:00 Hotel SE 29.3 b 31.3 v 38.8 v 37.3 v 



 

 

122 

 

193 11:20 India SW 22.7 b 32.4 v 24.9 v 37.3 v 

193 11:20 India NW 27 b 29.3 v 33 v 26.5 b 

193 11:20 India NE 28.5 b 28.9 v 19.6 v 32.7 v 

193 11:20 India SE 30.1 b 13 v 26.4 v 32.3 v 

194 14:00 Bravo SW 40.5 v 31.3 v 28.1 v 101.3 v 

194 14:00 Bravo NW 73.9 v 88.8 v 34.1 v 100.8 v 

194 14:00 Bravo NE 84.2 v 90.3 v 59.8 v 79.2 v 

194 14:00 Bravo SE 97.6 v 82.3 v 65.7 v 98.7 v 

196 9:40 Delta SW 89.7 v 88.8 v 88.2 v 83.1 v 

196 9:40 Delta NW 98.5 v 95.3 v 84.4 v 88.8 v 

196 9:40 Delta NE 93.7 v 95.8 v 93.2 v 84 v 

196 9:40 Delta SE 79.9 v 75.5 v 95.3 v 91.8 v 

199 11:36 Charlie SW 7.6   8.4   16.8 b 11.6 v 

199 11:36 Charlie NW 12.7 v 15.3 v 17.9 v 16.5 b 

199 11:36 Charlie NE 22 v 24 v 12.6 b 18.8 v 

199 11:36 Charlie SE 12.8 v 18 b 15.5 b 18.9 v 

201 12:15 Gulf SW 36.7 v 36.4   34.4 v 51.7 v 

201 12:15 Gulf NW 46.6 v 53.6 v 49.2 v 44.5 v 

201 12:15 Gulf NE 46.6 v 51.9 v 43.4 v 46.5 v 

201 12:15 Gulf SE 50.7 v 48.7 v 62.1 v 53.5 v 

201 17:08 Bravo SW 45.2 v 62.5 v 39 v 96.1 v 

201 17:08 Bravo NW 98.3 v 55.1 v 91.1 v 35.7 v 

201 17:08 Bravo NE 76.7 v 89.4 v 84.4 v 94.7 v 

201 17:08 Bravo SE 40.5 v 59.9 v 56.2 v 88.1 v 

205 11:25 Juliet SW 87.2 v 96.7 v 64.4 v 51.7 v 

205 11:25 Juliet NW 75 v 87.1 v 90.2 v 59.7 v 

205 11:25 Juliet NE 54.2 v 51.4 v 61.1 v 65.5 v 

205 11:25 Juliet SE 50.4 v 58.1 v 43.9 v 64.8 v 
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205 12:54 Delta SW 67.9 v 94.7 v 90.3 v 81.7 v 

205 12:54 Delta NW 86.2 v 72.8 v 91.4 v 95.4 v 

205 12:54 Delta NE 98.5 v 88.7 v 92.5 v 86 v 

205 12:54 Delta SE 77.5 v 78.4 v 74.4 v 94.2 v 

206 14:54 Hotel SW 34.1 b 45.2 v 43.4 v 50.1 v 

206 14:54 Hotel NW 36.7 b 44.8 v 36 v 54.8 v 

206 14:54 Hotel NE 38.9 b 45.5 v 40.1 v 42.7 v 

206 14:54 Hotel SE 48 v 42.9 v 49.6 v 38 b 

208 9:25 Alpha SW 19.5   20.2   22.8   22.7   

208 9:25 Alpha NW 17.9   20   29.3   21.6   

208 9:25 Alpha NE 24.3   22.8   24.3   27.9   

208 9:25 Alpha SE 21.3   21   24.1   22.6   

209 13:24 Bravo SW 47.8 v 53.4 v 93.7 v 100 v 

209 13:24 Bravo NW 80.7 v 71.2 v 80.2 v 97.4 v 

209 13:24 Bravo NE 74 v 85.5 v 88 v 64.8 v 

209 13:24 Bravo SE 52.2 v 53.3 v 96 v 98 v 

209 14:22 Charlie SW 24.1 b 17.9 b 22.5 v 29.5 b* 

209 14:22 Charlie NW 19.5 b 30 v 22.9 b 22.4 b* 

209 14:22 Charlie NE 25.4 v 22 b 19.4 b 19.2 b* 

209 14:22 Charlie SE 21.3 b 28 v 19.5 b 22.5 b* 

211 10:44 Juliet SW 99.4 v 66.8 v 81 v 50 v 

211 10:44 Juliet NW 66.7 v 83.1 v 100 v 94.2 v 

211 10:44 Juliet NE 54.6 v 58.5 v 77.6 v 94.1 v 

211 10:44 Juliet SE 96 v 47 v 65.3 v 63.4 v 

211 11:26 Hotel SW 39.3 b 45.3 v 24.4 b 39 v 

211 11:26 Hotel NW 26.6 b 35.6 v 27.7 v 52 v 

211 11:26 Hotel NE 42.2 v 31.3 b 33.7 v 41 b 

211 11:26 Hotel SE 47.6 v 43.9 b 45.2 v 38.3 b 
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211 12:47 India SW 20.9 b 34.4 v 28.6 b 44.4 b 

211 12:47 India NW 34.8 b 30.7 v 26.3 b 31.6 b 

211 12:47 India NE 18.9 b 31.9 v 25.1 b 44.3 v 

211 12:47 India SE 29.3 b 32.6 v 40.6 v 36.8 v 

 

Three to four soil measurements were taken outside of the plot at all four corners before vegetation pictures were taken and 

Braun-Blanquet observations were made. Measurements were taken with a 5 cm ThetaProbe (Delta-T Devices, Cambridge, UK). If 

there was a combination of bare soil and vegetated soil, the three measurements were divided up across the bare/vegetated patches 

proportionally to their relative area at that corner.  
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Appendix C 

Geometric Corrections 

C1.0: Introduction 

By definition, a remote sensing time series analysis is an examination of image data 

collected at different times. Often, the goal of a time series analysis is to identify, track and 

interpret changes in the scene of interest throughout a specific timeframe. Differences in the 

elevation of the sun, atmospheric conditions, acquisition dates as well as different sensor 

spatial and spectral resolutions can complicate this process (Jensen, 2016). These concerns 

can be placed into two categories: radiometric (dealing with the reflectance characteristics) 

and geometric (dealing with the errors of position on the ground). There are a range of options 

available for correcting radiometric and geometric inconsistencies. This appendix details the 

rationale for implementing specific methods to address these aspects. Geometric corrections 

were applied first, followed by the radiometric corrections (Appendix D). These were 

followed by normalization procedures (Appendix E). 

C2.0 Geometric Corrections: 

This section details the procedures used to perform orthorectification of a base image 

in ENVI 5.4.1. It then describes how the remaining images were either orthorectified or co-

registered to this image and resampled to a common spatial resolution (i.e., 2 m) for further 

analysis. 

C2.1 Orthorectification 

 In order to ensure that the digital image data are correctly georeferenced to features on 

the ground (WGS 1984, UTM Zone 12N), the 2016 was orthorectified using the ‘RPC 

Orthorectification’ tool in ENVI 5.4.1. The 2016 Worldview-2 image data were chosen 
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because they were cloud free and the Worldview data were collected at a higher spatial 

resolution than the IKONOS data (2 m versus 4 m). To perform the orthorectification, the 

RPCs (rational polynomial coefficients) associated with the imagery were used in conjunction 

with a high resolution DEM of the area. A 1 m resolution DEM was created using a 

WorldView-2 panchromatic stereo-pair (0.5 m spatial resolution) collected for the area in 

2012 (Collingwood et al., 2014). 

The settings used in the orthorectification are summarized in Table C.1. The locations 

of GCPs (tarps and corner reflectors) collected in 2010 by Adam Collingwood with a Trimble 

GeoXT (Trimble Inc., Sunnyvale California, USA) were available for the orthorectification 

process. This GPS has an average error of 1-3 m (Trimble Navigation Limited, 2012). Several 

iterations of orthorectification were tested using all, some or none of the GCPs as adjustment 

or independent GCPs in the orthorectification process. To estimate the accuracy of the 

orthorectification process, the distance in meters between the field locations of the GCPs and 

where they were found in the corrected imagery are provided in Table C.2.  These distances 

were measured using the ‘Ruler’ tool in ENVI 5.4.1. Due to having the lowest distance 

between the positions of the GCPs in the orthorectified image and the actual measured 

positions of the GCPs in the field, the final iteration (i.e., no GCP with DEM) was used. This 

resulted in an orthorectified image where the average distance between GCPs in the imagery 

and their location on the ground was ~ 8.86 m (~4.5 WorldView2 pixels; ~2.1 IKONOS 

pixels). In each of the trials outlined in Table C.2., ‘Adjustment’ GCPs were used in the 

orthorectification process, whereas ‘Independent’ GCPs were not. 
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Table C.1: Orthorectification settings 

Setting Name Setting 

Chosen 

Rationale 

Output Pixel Size 2 m Maintained resolution of highest spatial resolution 

data in series (Worldview-2) 

Interpolation 

Method 

Nearest 

Neighbour 

When biophysical parameters are of interest, 

averaging the values (as in bilinear or cubic 

interpolation methods) could remove important 

information (Jensen 2016, pg. 250-251) 

Apply Ellipse 

Correction 

No As outlined in the ENVI help menu, if the DEM 

was created using stereopair images, then no ellipse 

correction should be applied.  

Grid 10  The default was kept.  

 

Table C.2: Distance between GCPs in uncorrected and orthorectified scenarios.  

 

C2.2 Treatment of Remaining Images 

For the remaining images that had RPC information associated with them (all but 

2004) the ‘RPC Orthorectification to Reference Image’ tool was used to orthorectify the 

 

Uncorrected 

Image 8 GCP + DEM 3 GCP + DEM 

No GCP 

+ DEM 

GCP ID 

Distance to 

GCP (m) 

Distance to 

GCP (m) 

GCP 

Status 

Distance 

to GCP 

(m) 

GCP 

Status 

Distance 

to GCP 

(m) 

cr_ne-top of 

cr 34.2357 28.7731 Adjustment 31.424 Adjustment 9.17 

cr_nw 15.8957 12.2468 Adjustment 38.2308 Adjustment 10.85 

cr extra 2_1 11.3551 22.1218 Adjustment 11.9351 Adjustment 7.94 

Extra5 29.0749 22.2628 Adjustment 45.9731 Independent 7.72 

Extra6 8.6147 29.9148 Adjustment 17.3162 Independent 7.89 

CR_extra4_1 16.2867 18.0784 Adjustment 14.8285 Independent 8.36 

CR_C-topf 

of cr 11.3147 10.5069 Adjustment 8.1674 Independent 8.39 

cr_extra3_1 10.784 20.1032 Adjustment 28.5123 Independent 
10.58 
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image data to the base 2016 image. For the 2004 image without RPC information, the ‘Image 

Registration Workflow’ tool in ENVI 5.4.1 was used as it does not require both images to 

have RPC information. Though ENVI has a tool to build RPCs, it could not be implemented 

as it requires more GCPs than were available due to cloud cover and the timing of the 

installation of tarps and corner reflectors in the field. In both the orthorectification and image 

registration cases, the final image was inspected to ensure that the differences between the 

2016 base image and each of the orthorectified/co-registered images was minimal. In this way, 

even if the average difference between the base image and the other image dates exhibited an 

average of ~8.86 m, the difference between each of the given images was lower. Thus, it 

would be easier to compare between images and minimize error from misalignment of 

features within the image stack.  
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Appendix D 

Radiometric Corrections 

D1.0 Introduction 

This section describes the corrections used to account for changes in reflection values 

that are due to different atmospheric conditions, different sensor configurations, and/or 

different acquisition dates. The process for conversion of digital numbers (DNs) to radiance, 

to top of atmosphere reflectance (TOA) reflectance (discussed in this section) and the use of 

pseudoinvariant features (PIFS) to normalize image data (discussed in Appendix E). These 

processes help to address the influence of the atmosphere, differences in sensor characteristics 

as well as solar angle and illumination effects (i.e., sun-target-sensor geometry).  

D2.0 Atmospheric Correction 

Atmospheric correction removes the effects of selective scattering and absorption of 

different wavelengths of light in the atmosphere; a process that is necessary when biophysical 

variables are being extracted from the data (Haboudane et al., 2002). There is a wide selection 

of available correction methods that require varying levels of time, resources and information 

specific to the atmosphere and sensor (Jensen 2016). In comparison, Top of Atmosphere 

(TOA) reflectance requires little information about the state of the atmosphere at image 

capture and thus has been used in multi-temporal and multi-sensor analysis (Larent et al., 

2011). However, rather than attempting to remove the effects of the atmosphere, it (as the 

name suggests) corrects the image to what the satellite sees from the top of the atmosphere. 

This approach normalizes for solar irradiance and is useful for reducing image-to-image 

differences (Taylor 2005). Due to its simplicity and effectiveness across different sensor 
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platforms, it has been described by Dorigo et al. (2007) as a useful approach when using 

multiple sensors in an analysis.  

To calculate atmospheric reflectance, the DN must first be converted to spectral 

radiance (W/(m2 * sr * µm)). This process is sensor specific. For IKONOS, Worldview-2 and 

Worldview-3, the following equation was applied (Kuester 2016):  

𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑 = 𝐺𝐴𝐼𝑁 ∗ 𝐷𝑖𝑔𝑖𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 ∗ (
𝑎𝑏𝑠𝑐𝑎𝑙𝑓𝑎𝑐𝑡𝑜𝑟

𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ
) + 𝑂𝐹𝐹𝑆𝐸𝑇       (Eq. D.1) 

where 𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑 is the absolute radiance at the sensor (W/(m2 * sr * µm )). The abscalfactor 

(a calibration factor specific to each band, sensor and year of acquisition (W/(m2 * sr))  and 

effectivebandwidth (band and sensor specific value of bandwidth, (µm)) are provided with the 

metadata for each image. The GAIN and OFFSET values were provided by the image provider 

(Kuester, 2017). The GAIN and OFFSET values are improved annually as atmospheric 

modeling techniques improve, and the most current values should be used for all imagery 

regardless of collection date. The radiance values (𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑) are then converted to TOA 

reflectance using the following formula (NASA, ND; Fleming 2001; Kuester 2016):  

𝑇𝑂𝐴 𝑅𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 =  
𝐿λ𝑃𝑖𝑥𝑒𝑙,𝐵𝑎𝑛𝑑𝑑2𝜋

𝐸𝑆𝑈𝑁𝜆𝑐𝑜𝑠𝜃𝑠
       (Eq. D.2) 

The solar zenith angle 𝜃𝑠 is provided in the metadata in degrees (subsequently converted to 

radians). ESUNλ is the band averaged solar exoatmospheric irradiance (W/(m2 * µm)) and 

suggested sources for the curves are provided by the image provider  (Taylor 2005; Updike 

and Comp 2010; Kuester 2016; Thuiler 2003).  The user can calculate the Earth-Sun distance 

(d) based on the Julian date of the data acquisition. The Julian dates for the imagery used in 

this analysis ranged from 2453209.3131944 (July 22, 2004 19:31 GMT) to 2457598.342 (July 

28, 2016, 20:12 GMT). Please refer to Kuester (2016) for the calculation of the Julian date and 

its incorporation into the Earth-Sun distance calculation.  All calculations were performed in 



 

 

132 

 

Excel (Micorsoft, 2016). These were then applied to the imagery using the Band Math 

Function in ENVI 5.4.1.  
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Appendix E 

Image Normalization using the Pseudo Invariant Feature (PIF) Method 

E1.0 Introduction: 

An important component of time series analysis is image normalization. In addition to 

correcting for different sensors, there is a need to minimize the variable interference of factors 

like atmospheric condition, illumination, and solar-angle between image dates (Schroeder et al., 

2006; Janzen et al., 2006; Vincent-Serrano et al., 2008). The Arctic poses challenges for the 

application of some common normalization techniques. For instance, the change in the 

proportion of very bright pixels like ice and snow cover between images makes techniques like 

Simple Regression (Jensen 1983), Histogram Matching, (Chavez and Mackinnon 1994), or No 

Change Set (Elvidge et al., 1995) unsuitable, as they assume that the range in reflectance of the 

entire scene is constant through all images. The PIF method assumes that the reflectance targets 

like deep water, bedrock, or very sparsely vegetated areas is constant over time. PIFs meeting 

these requirements can then be used to normalize all images in the time series to a base image.  

E1.1 Why the PIF method was selected 

There are many studies that have investigated or applied different image normalization 

techniques, particularly to Landsat data (e.g., Elvidge et al., 1995; Yang and Lo, 2000; Schroeder 

et al., 2006; Vincent-Serrano et al., 2008; Vogelmann et al., 2016; Edwards and Treitz, 2017). 

However, fewer examples exist for high spatial resolution imagery (e.g., Hong and Zhang, 2008; 

Garcia-Torres et al., 2014). Hong and Zhang (2008) applied commonly used normalization 

methods to two high spatial resolution sensors (i.e., Quickbird and IKONOS) and performed a 

comparison. In this comparison, the PIF method was deemed to be capable of normalizing high 

resolution imagery. Implementation of the PIF method for our study area is appealing because 
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the lack of dark pixels in some images and the change in the proportion of ice/snow cover 

between images made other common techniques like Simple Regression (Jensen 1983), 

Histogram Matching (Chavez and Mackinnon 1994) and No Change Set (Elvidge et al., (1995)) 

less suitable. The Dark-Bright method is also used with Landsat imagery (Hall et al., 1991). 

However, its reliance on the Tasseled Cap transformation (also known as the Kauth-Thomas 

transformation) to extract dark and bright pixels limits its use for IKONOS and WorldView 

image data. Though transformations exist for the IKONOS imagery (Horne 2003) and the 

Worldview-2 imagery (Yarbourough et al., 2014), neither transformation appears to be widely 

applied when normalizing image data. In addition, as neither of these transformations are 

implemented in ENVI, there is added user input necessary to apply this method. The PIF method 

was also used successfully to normalize a Landsat NDVI time series at the CBAWO (Edwards 

and Treitz, 2017). Although the original PIF method proposed by Schott et al. (1988) used only 

urban surfaces, others have demonstrated that it is possible to perform PIF analysis with 

invariant natural features including sand, water (Caselles and Lopez-Garcia, 1989; Coppin and 

Bauer, 1994) and dark vegetation (e.g., Vincente-Serrane et al., 2008; Garcia-Torres, 2014). It is 

also suitable to be applied to TOA reflectance or DNs (Hope et al., 2007; Vincent-Serrano et al., 

2008). These qualities are important because NDVI requires reflectance as an input rather than a 

brightness value (e.g., Copping and Bauer, 1994) and because there are no ‘urban surfaces’ in the 

study area. Therefore, given the PIF method has been shown to perform adequately in an Arctic 

setting, is based on simple theoretical concepts and assumptions, and is relatively easy to apply, 

it was selected for this analysis.  
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E1.2 PIF Background 

As stated above, differences in the atmospheric conditions, sensors, and sun illumination 

can cause differences between images taken at different times that are independent of the scene. 

To have the ground validation data (i.e., spectroradiometer data for a range of targets on the day 

of the acquisition) and the atmospheric data (e.g., aerosol content, atmospheric moisture content 

and temperature) necessary to accurately account for the atmosphere can range from costly to 

impossible (especially when historic data are used). The PIF method does not require the user to 

have access to these data.  

The above method is based on the assumption that many urban features like asphalt, 

concrete, and rooftops remain constant between different dates. These targets remain largely 

unchanged in their position and reflectance characteristics, meaning that regardless of the sensor 

or the atmospheric conditions, the spectral characteristics of the targets should be constant 

between dates. By looking at how the reflectance of these targets changes in relation to a chosen 

base image, it is possible to normalize all images to appear to have the same atmospheric and 

sensor conditions as the base image. If it can be assumed that the PIFs each represent a 

statistically constant population (i.e., are of features that do not change spectrally over time), 

then the distributions of their reflectivity or brightness in any given band for each image should 

be from the same population and should be linearly related to each other. Thus, a linear 

regression between the base image and the image to be processed can be applied (Jensen 2016).  

E2.0 Application of the Pseudo Invariant Feature (PIFs) Method 

E2.1 PIF Selection 

Though it is possible to automate the PIF selection criteria using thresholds or a rule-

based approach, Hong and Zhang (2008) suggest that caution should be applied to automating 



 

 

136 

 

the selection process with high resolution imagery as the authors found that when using 

automated procedures, small objects or surfaces (e.g. boats, floating debris) could be mixed in 

with some dates and not others. This resulted in PIFS that were not constant between images and 

the normalization performed poorly until those cases were remedied. In the analysis of images at 

the CBAWO, the changes in ice distribution in the ocean in each image meant that PIFs had to 

be carefully selected in each image to insure that pixels were ice free in both the base image and 

the image being normalized. The following should also be considered when either selecting or 

performing quality assurance of targets after filtering using thresholding or rule-based methods 

(Echhardt et al., 1990): 

 PIFS should be at roughly the same elevation as the area of interest in the scene so that 

the atmospheric thickness is constant between PIFS and the area of interest in the scene; 

 PIFS should be non-vegetated or very minimally vegetated as changes in vegetation 

phenology can change the reflective properties of the pixel; 

 to maximize the effect of the normalization procedure in accounting for changes in sun 

angles between dates, the PIFs should be in flat areas; 

 visual inspection of the targets shows that any patterns on the targets (or lack thereof) 

remain constant between images; and 

 PIFs should cover a range of brightness values to improve regression results.  

Hence, PIFs for this study were manually selected with attention to changes in ponding, 

ice, and snow cover. There are no urban features in this area, however there are large areas of 

very sparsely vegetated polar desert and areas of bedrock outcrops that function as bright, 

invariant targets. When selecting PIFs, care was taken to account for potential changes in 

reflectance due to the moisture content of the soil if the image was closely preceded by a rainfall 
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event. For dark targets, deep water was used where there was open deep lake or ocean. In some 

images, the ice over the ocean and the lakes limited the availability of PIFS. Therefore, common 

bright PIFs were used for all images, but each image pair had a different collection of dark PIFs. 

Though the number of PIFs used in each image varies, Jensen (2016) indicated that not all PIFs 

must be common to all images.  

PIFs were drawn using the ‘ROI’ tool in ENVI. Bright PIFs (i.e., areas of exposed 

bedrock, sand or very sparsely vegetated polar desert), were selected using knowledge of the 

landscape from previous field campaigns that included GPS locations, photos and field notes. 

Additional PIFs were selected using pixels classified as “bare/rock” in a land-cover classification 

from 2008 IKONOS data (Gregory, 2011; Edwards and Treitz 2017). Dark PIFs were selected 

from the areas of ice-free ocean in each image. After initial PIF selection, all the PIFS were 

scrutinized to ensure that in case of geometric correction error, the entirety of the PIF would still 

be contained in the homogenous area of interest. Care was also taken to ensure that no ice, cloud, 

haze, cloud shadow or snow was within any PIFs. Figure E.1 displays the location of the PIFs 

and Table E.1 lists the PIFs used for each image. 

Table E1: PIFs used in each image normalization 44.3 

Image Year Deep Water PIF IDs Bare PIF IDs 

2004 D21 – D25  

 

B1, B3-B26 

2008 D26 – D30 

2010 D21 – D25 

2012 D12 – D20 

2014 D7 – D11 

2018 D1 – D6 
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Figure E.1: Map of PIFs used in the normalization with 2008 Land-cover classification (Gregory 

2011). All bright PIFs were selected in areas classified as rock or bare ground. The lack of bright 

PIFs in the southern portion of the study area near the coast is due to the cloud cover that was 

often present in these areas.  
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E2.2 Size of PIFs 

 The average PIF size was approximately 28 pixels. Using multiple pixels in each PIF has 

the capacity to reduce signal-to-noise ratios (Heo and FtizHugh 2000; Hope et al., 2007). In 

addition, as the average error from image rectification was approximately +/- 9 m, it was decided 

that relying on single pixel PIFs may result in an offset in reflectance whereas using a larger PIF 

in a homogeneous area would ensure that the PIFs in the base image and the image being 

normalized would overlap. When using coarse spatial resolution imagery (as is common with 

this normalization method), finding a multi-pixel area that is homogenous and meets all the 

criteria for a good PIF may be difficult. However, when the pixels are on the order of 2 to 4 m, 

this was less of an issue. 

E2.3 Extraction of PIF Statistics and Creation of Regressions 

 Once all the PIFs had been selected, the statistics for all PIFs were extracted in ENVI 

using the ‘Statistics for All ROIs’ tool. The mean reflectance of each PIF was then used in 

creating the regression equations. The PIF regressions are presented in Figures E.2, E.3 and E.4. 

In the regression equations, the additive component (intercept) accounts for the differences in 

atmospheric path radiance and the multiplicative component (slope) accounts for Sun angle, 

Earth-Sun distance, atmospheric attenuation, phase angle and detector calibration between dates 

(Jensen 2016).  

Due to a lack of suitable dark pixels in 2004, modified PIF values for 2010 were used. To 

do this, the average difference in TOA reflectance between the common 24 bright PIFs was 

added to the 2010 dark PIF values to create values for the 2004 dark PIFs. This was done rather 

than just using bright PIFs for two reasons. The first is that for all years, when the dark PIFs 

were removed, the slope of the line changed up to 50%. Thus, if no dark PIFs were used for 
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2004, the slope of the normalization would be very different than all of the other years (defeating 

the purpose of normalization). Additionally, the fit of the lines was drastically improved by 

adding points in the low range. The image data for 2010 was selected to use for modification 

because: (i) it had good dark PIFs, (ii) the 2004 and 2010 image data were collected with the 

same sensor; and (iii) the 2010 image was collected at a very similar time of day to the 2004 

image data (i.e., within 10 minutes), hence they both had similar solar elevation angles. The dark 

PIFs from 2010 were also selected because the regression equations of 2004 and 2010 with no 

dark PIFs were very similar (2004 red regression:  y = 6258x +0.095 (r2 = 0.72), NIR regression 

y = 0.7326x + 0.0905 (r2 = 0.81); 2010 red regression: y = 0.6322x + 0.0978 (r2 = 0.76), NIR 

regression y = 0.7422x + 0.0922 (r2 = 0.82). The similarity between the 2004 and 2010 

regressions without dark PIFs suggests that the factors being normalized (i.e. atmospheric 

conditions, sensor calibrations, time of day, etc.) were similar between the two image dates. To 

determine how sensitive the 2004 regression was to the addition of different dark PIF values, two 

methods were tested. First, the average difference in TOA between the 24 bright PIFs in 2010 

and 2004 was added to the 2010 dark PIF values to create dark PIFs for 2004. The second 

method added the percent difference to the 2010 values. Both methods achieved similar results. 

Hence, the first method was adopted because it was more straightforward.  

E2.4 Application of Regression to Imagery 

 After the regression equations were calculated, the coefficients for each band were 

applied to the imagery using the ‘Band Math’ tool in ENVI. The red, infrared and blue bands 

were then ‘stacked’ in a single dataset for further analysis. 
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E3.0 Test of Image Normalization  

To test that the normalization procedure performed successfully, the reflectance in the red 

and NIR as well as the NDVI values of each of the common bright PIFs before and after 

normalization were extracted. The TOA reflectance of each PIF before and after normalization 

are displayed in Figure E.5. The NDVI of each PIF before and after normalization are displayed 

in Figure E.6. As these PIFs are of targets whose reflectance is assumed to be constant over time, 

the reflectance in the red and NIR as well as the NDVI value of the PIFs should be very similar 

in all images after normalization.  
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a) 

c) 

b) 

d) 

Figure E.2: PIF Regressions for a) 2004 Red , b) 2004 NIR, c) 2008 Red, and d) 2008 NIR. 
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Figure E.3: PIF Regressions for a) 2010 Red , b) 2010 NIR, c) 2012 Red, and d) 2012 NIR. 

a) b) 

d) c) 
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Figure E.4: PIF Regressions for a) 2014 Red, b) 2014 NIR, c) 2018 Red, and d) 2018 NIR. PIFs discussed in section E3.1 are 

highlighted in red. 

a) b) 

d) c) 
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Figure E.5: Comparison of the 25 common bright PIFs across all years. 2018b indicates results of normalization with outlier points removed 

(discussed in C3). Panel a) indicates pre-normalized red, b) shows normalized red, c) shows pre normlaized NIR and d) shows normalized 

NIR. 

a) b) 

d) c) 
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Figure E.6: Comparison of NDVI values of the 25 common bright PIFs: a) before 

normalization, and b) after normalization. Note the outliers in 2018 (discussed in section 

E3). 2018b represents the resulting normalization after outliers were removed.  

a) 

b) 
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E3.1 Performance of the PIF normalization method 

Figure E.7 shows the average NDVI of the TOA reflectance values (i.e. pre-

normalization) for the same random pixels as are displayed in Figure 3.6. There is a larger 

variation in the reflectance of the rock/bare ground pixels compared to the normalized time 

series. Field observations in 2017 confirm that it is valid to assume that the areas classified as 

rock or bare ground in 2008 remain non-vegetated until the end of the study period. Thus, the 

variation in the NDVI of the rock pixels in Figure E.7 is most likely explained by differences 

between sensors, atmospheric conditions and differences in illumination rather than changes in 

vegetation coverage. The reduction in the variation of the rock pixels after normalization 

suggests that the normalization procedure was able to compensate for some of these differences. 

 

Figure E.7: Time series of average NDVI of random pixels by vegetation type for the 2 m 

analysis prior to radiometric normalization. The normalized data are presented in Figure 3.6. 

When compared to Figure 3.6, it can be seen that the NDVI values are higher after normalization.  
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Next, the changes in the PIFs before and after normalization were investigated. 

Figure E.5 shows the pre- and post-normalization red and NIR values while Figure E.6 

depicts the NDVI values of the 25 common bight PIFs. When comparing the values for each 

individual band and NDVI data in these figures, the values of reflectance and NDVI were 

more similar to the base image (2016) in most years after normalization. However, 2018 

behaved differently than the other image dates. Despite the fact that the normalizations 

appeared to work on a band level (Figure E.5), the NDVI values (Figure E.6) of 6 PIFs (PIFs 

15-21; see Figure E.1 for location and Figure E.4 for the corresponding points in the 

regression equations) in the 2018 image data are outliers. These PIFs are all in a similar 

geographic area just west of the centre of the study area. The remainder of the PIFs behaved 

as expected (i.e., were closer to the 2016 values after normalization) and the Worldview-2 

and -3 bands are more similar than those of IKONOS (Figure E.8). Thus, it is unlikely that 

this discrepancy suggests that the PIF method cannot normalize between Worldview-2 and 

Worldview-3. 

 

 

 

 

 

 

Figure E.8: Bandwidths by sensor (Dial et al., 2003; Digital Globe, NDa; Digital Globe NDb). 
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Several explanations relating to PIF selection and data processing were ruled out after 

the methods of Echhard et al. (1990). First, there is no evidence of haze, cloud, cloud 

shadow, snow or any other substantial change that would affect PIF reflectance. Next, the 

elevations of each of the outlying PIFs were examined to determine they were collected at 

similar elevations (Echhardt et al., 1990). Topographic relief is relatively low in the study 

area (with the area of interest ranging from approximately 0 m to 120 m above sea level) and 

the selected PIFs ranged from 5 to 100 m above sea level. The outlying PIFs had elevations 

between approximately 44 m and 100 m, suggesting that differences between the elevation 

of the subjects and the PIFs were not the cause of the discrepancy. Additionally, the PIFs 

were in relatively flat areas, minimizing the likelihood that differences in sun angles played a 

large role. Thus, it is likely not the selection of PIFs that is responsible for the large 

difference in the resulting NDVI values.  

In addition, the fact that the PIFs were only outliers in 2018 and only after NDVI was 

calculated suggests that it something that is specific about these PIFs in this given year rather 

than with the validity of the PIFs. A potential explanation can be found by comparing 2018 

with 2008. With the exception of the outlying normalized NDVI PIFs and sensor (IKONOS 

in 2008, Worldview-3 in 2018), 2008 and 2018 are similar. The images were acquired on the 

same day (August 2) and they received a similar amount of rainfall immediately prior to 

image acquisition (i.e., 19.4 mm (2008) and 14.6 mm (2018) within the two days prior and 

day of image acquisition). The large amount of precipitation immediately before this image 

may have resulted in higher soil moisture and/or ponding in some of the PIFs. It has been 
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demonstrated that surface water can dampen NDVI values (Raynolds and Walker 2016), as 

the value of water on the NDVI scale is near zero. Potentially, the darkening of soils due to 

increased soil moisture and/or ponding on the surface of the non-vegetated areas may be 

responsible for the lower reflectance values seen in Figure E.5 for 2008 and 2018. If it were 

merely soil moisture, we would expect that the same PIFs would have the same lower than 

expected NDVI values (Figure E.6). However, in 2008, the normalized NDVI values for 

those PIFs were closer to the base image (Figure E.5) whereas they were not for 2018.  

This leaves another potential explanation. Potentially, the PIFs were wetter than usual in 

2018. CBAWO received 50 mm of rainfall before the image was acquired in 2018, with 20 

of the 33 days between July 1 and image acquisition reporting precipitation. In comparison, 

2008 reported a total of 38 mm of rain before image acquisition and only 8 of the days of the 

same 33-day period reported precipitation. This suggests that there was not only more 

moisture on the landscape, but there may have also been less drying on the landscape due to 

fewer cloud free sunny days. From the DEM, it also does not appear that these PIFs would 

be in excessive shadow, as they are at the top of a slope in a flat area. Field observations 

from 2017 also do not suggest that anything is particularly different about the area where 

these PIFs are located than the other areas.  

E3.2 Test of 2018 regression without outliers 

 To determine if including the outlier PIFs strongly influenced the 2018 regression, 

they were removed from the regression (2018b) (Figure E.9). When comparing the 

regression equations from 2018 (Figure E.4c and E.4d) and 2018b (Figure E.9a and E.9b), 
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there were marginal differences in the results. For the bright PIFs, the normalization from 

the regression that did not include the outliers resulted in higher red values (average of 

0.00498 higher) and lower NIR values (average of 0.00190 lower) for the remaining 

common bright PIFs. This resulted in the NDVI values of these PIFs being lower in the 

second 2018 normalization, with the average difference between the two normalizations 

being 0.00419. Ultimately, it was decided that though a difference existed between the two 

normalizations, the difference was minor. Additionally, since the PIFs behaved as expected 

in all other years, it was decided that the initial normalization would be applied. If the new 

normalization was applied, the NDVI values for the 2018 image would have been marginally 

lower. As the PIFs behaved as expected in all other years, removing the PIFs from these 

normalizations would be unlikely to result in a large change in the normalization regression 

equation.  

 

Figure E.9: Regression equations for 2018 after outlying PIFs were removed for the a) red band and b) 

NIR band.  

a) b) 
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E4.0 Critique of PIF method 

First, the underlying assumptions of the PIF method are simple, albeit time consuming. 

Choosing the PIFs was an iterative process and a different set of dark PIFs was needed for each 

image. Though the use of a linear equation achieved the desired effect (i.e., to remove the trend 

from pixels assumed to be constant throughout the time series), many of the PIFs would have 

been better fitted with a logarithmic or polynomial equation. Furthermore, while creating the 

normalizations, it was found that the resulting regression equations were heavily dependent on 

the presence or absence of dark PIFs. If the dark PIFs (n=4 or 5 depending on availability of 

dark water) were removed from the analysis, the equations for the remaining bright PIFs (n=25) 

were often very different.  

Additionally, this method normalized each band separately. Though this is a common 

technique and has been used in the Arctic (e.g., Edwards and Treitz, 2017; Bonney et al., 2018), 

some suggest that normalizing each band individually may result in unexpected discrepancies 

(Syariz et al., 2019). As this study used a spectral index (i.e., NDVI - a ratio between the red 

and NIR bands), if the normalization behaved differently for the red and NIR bands, the 

resulting NDVI value may be biased. In a recent paper, Syariz et al., 2019 referred to these 

band by band differences as “spectral inconsistencies” (illustrated in Figure E.10 after Syariz et 

al., 2019). 

Syariz et al. (2019) proposed incorporating two extra constraints to the normalization 

regression equations that attempts to minimize distortion to the spectral signature. Though the 

full spectral signature of the PIF targets were not compared (i.e., for all 4 IKONOS bands and 
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all 8 Worldview-2,3 bands), Figure E.5 illustrates that similar changes were made in both bands 

on an annual basis. In future, further analysis of how each band is altered before and after 

normalization across the entire image (rather than just the PIFs) may improve interpretation of 

the results. Additionally, and though it may be cumbersome to apply when more than two 

images are being used (as in this study), incorporation of the constraints similar to those 

proposed by Syariz et al (2019) may also improve future normalization attempts.  

 

 

 

 

 

 

 

Figure E.10: Reflectance of an arbitrary target over multiple bands where a) image normalization 

results in similar changes in every band and the spectral signature is similar after normalization and b) 

image normalization results in a different spectral signature due to different normalization results in 

each band. Figure after Syariz et al., 2019.  

a) b) 
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Appendix F 

Random Pixels Selected by Vegetation Type 

 

  

Figure F.1: Map of randomly selected pixels by vegetation type. Pixel size 

exaggerated for display purposes. Base image is the 2018 NDVI image. Areas devoid 

of pixels are areas of cloud in at least one image. 
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Appendix G 

‘Upscaled’ 30 m Spatial Resolution Time Series (by Field Plot) 

Figure G.4.1: Time series of 30 m ‘upscaled’ NDVI data by vegetation plot. Green lines 

correspond to wet sedge plots, purple lines to mesic tundra plots and red lines to polar semi-desert 

plots. Results are similar to original 2 m analysis.  
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Appendix H 

NDVI Time Series for All ALDs 

Figure H.1: Active layer detachments (ALD) over 2012 NDVI image at a) 2 m resolution and b) 30 m resolution. This corresponds to 

Figure 3.9 and is provided for reference. 
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Figure H.2: NDVI plots for active layer detachments (ALDs) a) ALD27 (2 m); b) ALD05 (2 m), c) ALD27 (30 m) and d) ALD05 (30 m).  

a) b) 

c) d) 



 

 

 

 

161 

 

  

Figure H.3: Average NDVI plots for active layer detachments (ALDs) a) Big Slide (2 m), b) Ptarmigan (2 m), c) Big Slide (30 m) and d) 

Ptarmigan (30 m). This figure corresponds to Figure 3.7 in the text, and is provided here to ease comparison between all ALDs.  

a) b) 

d) c) 
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Appendix I 

Field NDVI Images 

I1.0 Introduction 

In addition to the Braun-Blanquet percent vegetation cover (PVC) measurements, a 

modified digital SLR camera (Canon EOS Rebel T4i) was used to collect NDVI data. This 

modified NDVI camera has a blue, green and infrared channel. The red and blue channels 

have similar reflectance curves for vegetation allowing the blue channel to be used in place of 

the red in vegetation spectral indices. A 12 x 12 m plot was set up in the center of each of the 

vegetation plots and was marked into quadrants. Photographs of vegetation were collected 

using a 0.25 m x 0.5 m quadrat. Following Liu and Treitz (2016), at least 32 digital 

photographs were collected in each plot for the polar desert plots (i.e., eight in each quadrat), 

24 for the mesic tundra sites (i.e., six in each quadrat) and 16 for the wet sedge plots (i.e., four 

in each quadrat). The location of these quadrats were randomly selected without replacement. 

In addition to the randomly selected quadrats (that changed for each visit), a 1 m x 1 m 

quadrat was marked in the center of the plot. Here, pictures were taken in the same location 

each time the plot was measured. Between each quadrat, a picture of a white calibration target 

was taken to account for changes in solar conditions. Each plot was sampled three times 
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during the growing season (early, mid and late season). Sample RGB and near infrared colour 

composite photographs for each vegetation type are presented in Figure I.1.  

I2.0 Field Image Processing  

In ENVI 5.4.1, the ‘ROI’ tool was used to extract the vegetated areas from inside of 

the quadrat. Then the blue NDVI was calculated for each image using: 

                           𝐵𝑙𝑢𝑒 𝑁𝐷𝑉𝐼 =

𝐷𝑁𝑁𝐼𝑅
𝐷𝑁𝑤ℎ𝑖𝑡𝑒𝑝𝑎𝑛𝑒𝑙

−
𝐷𝑁𝑏𝑙𝑢𝑒

𝐷𝑁𝑤ℎ𝑖𝑡𝑒𝑝𝑎𝑛𝑒𝑙
𝐷𝑁𝑁𝐼𝑅

𝐷𝑁𝑤ℎ𝑖𝑡𝑒𝑝𝑎𝑛𝑒𝑙
+

𝐷𝑁𝑏𝑙𝑢𝑒
𝐷𝑁𝑤ℎ𝑖𝑡𝑒𝑝𝑎𝑛𝑒𝑙

        (Eq. I.1) 

where DNwhitepanel is the reflectance of the calibration pixel, DNblue is the reflectance in the blue 

band and DNNIR is the reflectance in the near infrared band. The average reflectance was then 

Figure I.1: Sample RGB (left) and near infrared colour composite (right) quadrat for each 

vegetation type.   
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calculated for each plot for each of the visits. This was done using a program created by Nan 

Feng Liu.  

I3.0 Summary of Results and Discussion 

The average for each of the plots divided by vegetation type are displayed in Figure 

I.2. For the wet sedge (Figure I.2a) all three plots showed a similar growing season pattern. 

Peak vegetation occurred around July 24 (Day of Year 205) for two of the plots (Juliet and 

Delta) and a few days later for Bravo (July 28).  In the more heterogeneous vegetation types 

(polar semi-desert (Figure I.2b) and mesic tundra (Figure I.2c)), there is less agreement. 

Although more NDVI measurements were collected within each of these plots in an attempt to 

account for the greater variation in vegetation cover, the increased number of measurements 

may have been insufficient to properly characterize the plots. In future studies, a more suitable 

strategy may be to increase the number of photos that are taken in the exact same locations 

throughout the study period rather than relying on random samples to characterize the plot. In 

this way, it could be assumed that any change is solely to do with changes in the productivity 

of the vegetation through the season rather than in the location of the quadrat. As a result, the 

following discussion has been limited to the more homogenous wet sedge vegetation type.  

In the wet sedge plots, the sampling regime was able to track growth over time as well 

as provide some indication of the amount of standing water in the plots. For the wet sedge 

plots (Figure I.2a), the dates with large standard deviations are days where there was standing 

water within some areas of the plot. As water has a low NDVI value, this reduced the average 

NDVI value for the plot and increased the standard deviation. As noted by Raynolds and 



 

 

 

 

165 

 

Walker (2016), it is important to understand the role that surface water in moist Arctic 

terrestrial environments plays on NDVI measurements. Without the field measurements, the 

decrease in NDVI may not have been properly connected to the presence of water. This 

highlights the potential for this method to assist in relating field observations to satellite 

spectral indices.   
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Figure I.2: Average Blue NDVI values with standard error for a) wet sedge, b) mesic tundra, and 

c) polar semi-desert. 

a) 

b) 

a) 

c) 
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Appendix J 

Summer Warmth Index and NDVI 

Figure J.1 shows the Summer Warmth Index (SWI, the monthly mean air temperature 

above 0°C between April and September (Bhatt et al., 2017) for the CBAWO (temperature 

data from WestMet, Beel et al., 2018). SWI is a commonly used index to capture summer 

warming, but was not used in this study as the primary measure because its true definition 

captures the entire season. Due to the desire to use an index that could be calculated on a daily 

basis to allow better comparison with the satellite imagery that was collected through the 

growing season.   

   

Figure J.1:  Summer Warmth Index (SWI) plotted with the average NDVI for wet 

sedge pixels (2 m) by year. SWI is defined as the monthly mean air temperatures 

above 0°C between April and September (Bhatt et al., 2017).  
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