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ABSTRACT 

In northeastern Alberta, Canada, the Peace Athabasca Delta (PAD) is a Ramsar and 

UNESCO World Heritage-designated wetland complex vital for biodiversity and well-being 

of the Indigenous communities residing there. In this study, remote sensing techniques were 

used to understand the changes that have occurred within the PAD over the past four decades. 

Initially, lidar data was used to quantify vegetation height changes and better understand 

NDVI (Normalised Difference Vegetation Index) trends across lidar survey sample areas. 

These findings were then utilized to interpret Landsat-derived vegetation and surface water 

trends across the entire PAD. Between 1984 and 2022, NDVI trend analysis indicated 

greening along ecotones surrounding perched basins (shrubification), accompanied by 

noticeable drying patterns in the surface water trends. Further, a significant drying event 

spanning 1999 to 2003, appears to have been initiated by the strong 1998 El Ni¶o event. The 

overall average greening rates pre and post 1999-2003 were 2.1 m/yr. and 3.1 m/yr., 

respectively. The severe drying during that short interval appears to have altered the rate and 

patter of vegetation processes across the delta post-2003. The more recent period of 2018 to 

2022 was also notable for the observed high levels of inundation. If the PADôs open water and 

vegetation cover trends continue, surface moisture is generally expected to decrease, with 

commensurate increases in shrub cover. Meanwhile, certain areas like the southern region 

around Mamawi Lake, could become wetter due to localised changes in surface drainage. 

While flooding events are expected to continue to be a regular feature of this landscape, the 

extent to which the PAD can return to its historically large areas of persistent inundation 

remains uncertain. 
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Chapter 1: Boreal Wetland Remote Sensing  

1.1 Introduction 

The global environment is undergoing unprecedented changes, with climate change and 

human activities exerting profound impacts on ecosystems worldwide (Leemans et al., 2009). One 

such region is the Peace Athabasca Delta (PAD), located in northern Alberta, Canada. The PAD is 

designated a wetland of international importance by the Ramsar and UNESCO World Heritage 

conventions, underscoring its ecological significance, unique role in providing habitat for diverse 

species, and contribution to the well-being of human communities (Ramsar Convention, 2016).  

Numerous studies note the critical interplay between vegetation dynamics, climate change, 

and human-induced modifications to ecosystems (Field et al., 2014; Foley et al., 2005; Sala et al., 

2000). The Intergovernmental Panel on Climate Change (IPCC) reports highlight the escalating 

threats posed by climate change, emphasizing the need for a comprehensive study into the impacts 

on biodiversity and ecosystems (Masson-Delmotte et al., 2021). In the context of the PAD, 

studying the connections between climate trends and ecosystem response is necessary as a first 

step in understanding its long-term fate. 

Human activities, ranging from resource extraction to land use change, further amplify the 

challenge faced by dynamic ecosystems (Foley et al., 2005). In the PAD, a region acutely affected 

by upstream industrial developments (Kelly et al., 2010; Schindler & Donahue, 2006; Timoney, 

2013), the study of vegetation trends becomes a linchpin in the broader effort to reconcile human 

needs with environmental sustainability. This research explores vegetation trends in the PAD using 

the advanced technologies of airborne lidar and the Landsat mission optical image archive to 
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contribute to both scientific understanding and policy decisions for preserving the unique 

ecological balance of the area. 

1.1.1 Environmental Characteristics of the Peace Athabasca Delta (PAD) 

The PAD covers a complex expanse of boreal forest, wetlands, and lakes (Prowse et al., 2006a; 

Schindler & Donahue, 2006; Timoney, 2013). The circumpolar Boreal biome, or taiga, is one of 

the most extensive and significant global biogeoclimatic regions. Encompassing a substantial 

expanse in North America and Eurasia, it features coniferous forests, woodlands, wetlands, and 

lakes (Brandt, 2009). Wetlands are areas where water is a defining factor, influencing soil 

saturation, vegetation and ecological processes (Mitsch & Gosselink, 2015), while lakes refer to 

open water bodies with a defined basin or depression. Lakes are generally larger bodies of water 

than wetlands, and they contain water year round (Warner & Rubec, 1997). The PAD is not merely 

a geographical entity but a dynamic and interconnected system of ecological processes that sustain 

an array of flora and fauna covering approximately 6,000 square kilometers (Timoney, 2013). 

The environmental attributes of the PAD are intricately molded by the dynamic interplay of 

its hydrological patterns and diverse vegetation (Timoney, 2009). The delta experiences seasonal 

variations in water levels, influenced by factors such as snowmelt, precipitation, and upstream 

activities. These fluctuations create a mosaic of habitats, including marshes, shallow lakes, and 

riparian zones, fostering rich biodiversity and providing crucial breeding grounds for numerous 

species (Timoney, 2013).  

1.1.2 Unique Challenges and Vulnerabilities  

The PAD is not immune to the profound changes sweeping across the global environment. As 

global air temperatures rise and climate patterns shift, the PAD faces unprecedented challenges 

that threaten its delicate balance. One of the primary concerns is the alteration of hydrological 
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regimes, a consequence of climate change that directly impacts water levels and flow patterns 

within the delta (Prowse et al., 2006a). 

The region is further impacted by upstream human activities, notably the expansive industrial 

extraction activities in Albertaôs oil sands region (Timoney, 2009). The hydro-ecological balance 

of the PAD faces disruption due to changes in water quality, habitat fragmentation, and the 

introduction of pollutants linked to various human activities, including petroleum, forestry, and 

agricultural activities (Timoney, 2009). These alterations not only jeopardize the ecological 

equilibrium of the delta but also pose challenges to its overall biotic health and resilience as a 

complex interconnected system. Furthermore, river regulation and management practices play a 

crucial role in influencing the PAD's hydrological variations in space and time (Beltaos & Peters, 

2023; Peters & Prowse, 2001; Timoney, 2021), thus potentially compounding or interacting with 

the threats posed by anthropogenic land use activities. 

Climatic changes in the Boreal zone have resulted in changes to forest and wetland 

ecosystems, including transition to shrubs; tree mortality, etc. The transition from open/moss 

wetlands to shrubs can increase ecosystem productivity (Sim et al., 2019), however, this can also 

accelerate the transition to drier ecosystems (Lemay et al., 2018). These ecotonal changes 

underscore the complex interplay between climate variations and ecosystem responses, 

emphasizing the need for a nuanced understanding to inform effective conservation and 

management strategies. Ecotonal change refers to shifts or alterations in the transition zones 

between distinct ecological communities (Hupy & Yansa, 2009). Drivers of ecotonal change 

include shifts in climate patterns, habitat fragmentation, land-use changes, and alterations in 

ecological disturbance regimes. Climate change, in particular, can influence the geographic 

distribution of ecotones as air temperature and precipitation patterns shift (Evans & Brown, 2017; 
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Hupy & Yansa, 2009). Human activities such as urbanization, deforestation, and agricultural 

expansion can disrupt natural ecotones, leading to ecological shifts and changes in biodiversity 

(Goldblum & Rigg, 2010).  

The ecotonal changes observed in Boreal ecosystems as a response to climatic shifts or human 

activities can exhibit varying patterns - either as permanent alterations or cyclical transformations 

(Valk, 2005). Some ecotonal changes may result in persistent shifts in vegetation and ecosystem 

composition, establishing a new equilibrium under the influence of evolving climatic conditions. 

In contrast, other changes may follow cyclical patterns, responding to periodic fluctuations in 

environmental factors (Valk, 2005). Understanding the dynamics of these changes, whether long-

lasting or cyclical, is essential for predicting long-term ecological impacts and implementing 

adaptive conservation strategies.  

The combined impact of climate change and human activities presents a complex set of 

challenges for the PAD, concurrently affecting the Indigenous community residing in Fort 

Chipewyan, who are intricately connected to the deltaôs flora and fauna, and for spiritual and 

cultural practices. The resulting changes impact the accessibility of local food sources, which are 

critical to the sustenance of Indigenous communities, and carry substantial social and economic 

repercussions for the entire region where communities exist and ecosystems provide important 

services (Chapin et al., 2004).  

1.2 Literature Review 

1.2.1 Boreal Wetlands 

According to Mitsch and Gosselink (2015), the official definition of wetlands in Canada is: 

ñLand that is saturated with water long enough to promote wetland or aquatic processes as 

indicated by poorly drained soils, hydrophytic vegetation and various kinds of biological activity 
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which are adapted to a wet environment.ò Canada possesses approximately 1.29 million square 

kilometers of wetlands, encompassing 13% of the country's land area, which is nearly a quarter of 

the global wetland reserves that remain today (Warner & Rubec, 1997). The vegetation within 

these wetlands includes various species of sedges, sphagnum mosses, and specialized wetland trees 

like black spruce and tamarack, providing essential habitats for numerous wildlife species (Smith 

et al., 2007).  

Wetlands exhibit significant productivity and contribute to a wide array of ecosystem benefits. 

On a local level, wetlands offer provisions, including food and fiber, as well as serve as a natural 

filter for contaminants, sediment reservoirs, and a buffer against flooding. They also provide 

essential wildlife habitats, recreational spaces, and aesthetic value. At a larger scale, landscapes 

abundant with wetlands contribute to the regulation of regional climates and play a crucial role in 

providing habitat for migratory species, both within continents and across continents (Gallant, 

2015). Additionally, Boreal wetlands play a pivotal role in the carbon cycle, functioning as 

significant carbon sinks within the Boreal landscape (Canadell et al., 2004). 

The exploitation of resources like oil, gas, peat, minerals, hydropower, and trees has brought 

a variety of landscape changes in Boreal wetlands (Schindler & Donahue, 2006). Also, one of the 

highest warming rates is reported in this zone, heavily influencing Boreal wetlands (Bonsal & 

Kochtubajda, 2009). Climate change has exerted significant pressure on the hydrological and 

geomorphological aspects of Boreal ecosystems, leading to notable alterations. Wetlands are 

particularly sensitive as they exist between aquatic and terrestrial ecosystems and are therefore 

dependent on vertical and horizontal variations in groundwater table and surface water extent. In 

Boreal wetlands, and the PAD in particular, the formation, expansion, and melting of river ice are 

crucial phases in the hydrological cycle that can cause flooding (Beltaos et al., 2006). Flooding 
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plays a critical role in sustaining riparian ecosystems adjacent to rivers. It revitalizes early 

successional plant communities, fostering a diverse array of wildlife (Schindler & Smol, 2006). 

Additionally, snow accumulation plays a vital role in the hydro system of these areas (Newton et 

al., 2016). Declining snowpacks and earlier snowmelt in mountainous watersheds are reducing the 

average annual streamflow and causing earlier peak runoff during the year (Pi et al., 2021). 

Concurrently, permafrost thaw and seasonal freeze-thaw processes are altering the significance of 

surface and groundwater flows in these ecosystems (Chasmer & Hopkinson, 2017; Connon et al., 

2014; Pi et al., 2021). 

Boreal wetlands are shaped and sustained by relatively cool climates, where precipitation 

exceeds evapotranspiration most years (Chasmer et al., 2020a). Nonetheless, contemporary 

climate changes have the potential to drive these ecosystems towards heightened terrestrialization 

rates (Chasmer & Hopkinson, 2017). Wetland self-regulation is tightly interconnected with local 

hydro-climatology, particularly factors like precipitation, evapotranspiration, soil water storage, 

and groundwater recharge. Consequently, even slight alterations in water balance can yield 

substantial effects on wetlands, particularly in regions where potential evapotranspiration 

surpasses precipitation or during periods characterized by extended dry climatic cycles relative to 

wet ones (Mwale et al., 2009). All these changes have led to different phenology for plants 

(extended growing season), faster growth, and changes in vegetation forms (e.g. grassy tundra to 

shrublands or bigger and denser shrubs) in Boreal ecosystems, consequently affecting the regional 

climate, hydrology, and carbon cycle (Mekonnen et al., 2018; Myers-Smith & Hik, 2018).  

1.2.2 Previous Studies on Vegetation Trends in the PAD and Boreal Landscapes 

A comprehensive and up-to-date analysis of vegetation trends in the PAD is currently lacking. 

The earliest vegetation study using Landsat images over the PAD dates back to 1979 (Wickware 
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& Howarth, 1981; Wickware, 1979), which was a three-year change detection analysis to evaluate 

the capabilities of Landsat data in mapping the PADôs habitats. Later, Timoney (2006) used vintage 

air photos from 1927 to 2001 (not perfectly overlapped) to evaluate the ranges and types of land 

cover in the PAD and reported no unusual changes in post-Bennett Dam relative to pre-Bennett 

Dam changes. They mentioned that evaluating changes, both trends, and patterns, in this delta are 

scale-dependent. Timoney and Argus (2006) and Timoney (2008a) studied field transects in the 

PAD between 1993 and 2001 to find the temporal response of five common willow species to 

flooding and drying and the factors influencing the area. They reported that willow cover decreased 

as a result of flooding in the mid-to-late 1990s. The development of woody wetland communities, 

wildfires, and a general decline in the spatial coverage of open water and marsh areas are signs of 

a drying trend (Timoney, 2013). Continuing these trends may lead to the drying of isolated basins 

in the PAD and replace hydrophytic vegetation species with land species (such as grasses and 

willows) over time. Recently, Peters et al. (2020) used Sentinel 2B imagery acquired on 19 

September 2019 and lidar in September 2013 to represent vegetation structure over the PAD. After 

employing cluster analysis (K-means), they grouped a few input variables into meaningful clusters 

to describe the vertical and horizontal structure of the ground features.  

On the contrary, there are many research studies demonstrating how vegetation has been 

changing in similar ecosystems across Canada or similar landscapes. For example, S§nchez-

Pinillos et al. (2022) analyzed data from 6876 permanent plots that were spread across most of the 

Canadian Boreal zone to evaluate how recurrent, low-intensity droughts impacted forest mortality. 

Their findings demonstrated that the frequent occurrence of low-intensity dry conditions had a 

more pronounced impact on forest mortality compared to the severity of the driest conditions 

within the plot. Conversely, in mixed forests containing broadleaf species, successive dry 
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conditions had a minimal impact on forest mortality (S§nchez-Pinillos et al., 2022). Mack et al. 

(2021) reported that severe fire-induced shifts in dominant plant species compensated for increased 

combustion of soil carbon over decades in Alaskan Boreal forests, transitioning tree dominance 

from slow-growing black spruce to fast-growing deciduous broadleaf trees. 

Berner and Goetz (2022) also found that greening (increased spectral vegetation index) was 

more prevalent than browning (decreased spectral vegetation index) in the northern Eurasia and 

North America and was predominantly observed in cold sparsely treed regions with high soil 

nitrogen and moderate summer warming. Meanwhile, browning was more common in the warmest 

peripheries of the Boreal forest and major forest types (e.g., evergreen conifer forests), particularly 

in densely treed areas experiencing warmer and drier summers (Berner et al., 2020).  

Given the diverse responses of species to climatic change, certain species are expected to 

increase in abundance while others will likely decrease. Consequently, ecosystems will undergo 

changes in their structural composition. Over time, certain species might be displaced to higher 

latitudes or elevations. Additionally, rare species characterized by small ranges may become 

susceptible to local or even global extinction (Melillo et al., 1990). An increase in shrub cover is 

anticipated to accelerate Arctic warming by reducing land surface albedo and increasing 

evapotranspiration (Fraser et al., 2014a). Taller shrubs effectively trap snow, resulting in increased 

winter ground temperatures, and nutrient mineralization, causing a positive feedback loop that 

encourages more shrub expansion. Herbivore populations may be affected by changes in plant 

composition caused by shrub shading (Fraser et al., 2014a).  

Air temperature plays a key role in shaping species distribution worldwide, as it significantly 

influences the majority of biological processes (Dusenge et al., 2019). In response to rising air 

temperatures, photosynthesis and plant plus microbial respiration typically show an upward trend. 
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However, at elevated air temperatures, respiration often becomes the dominant process (Melillo et 

al., 1990). Consequently, climate change could conceivably trigger a phase of net carbon release 

from the land into the atmosphere. Enhanced soil water availability is expected to promote plant 

growth in arid ecosystems and increase carbon storage in cool and moist environments such as 

lowland tundra. On the other hand, water stress could become a leading factor in tree mortality 

(Melillo et al., 1990). 

1.3 Research Methodology 

1.3.1 The Study Area 

In northeastern Alberta, Canada, the PAD is designated a wetland of international importance 

by the Ramsar and UNESCO World Heritage conventions, underscoring its ecological 

significance, unique role in providing habitat for diverse species, and contribution to the well-

being of human communities (RamsarConvention, 2016). Today 80% of the PAD lies within the 

Wood Buffalo National Park (Figure 1.1). The residents in and around Fort Chipewyan, nestled on 

the northwest shore of Lake Athabasca, have historically relied on the lake and its tributaries for 

travel and sustenance through fishing, hunting, trapping, and gathering medicinal plants. The 

Hylton (2023) interview with local Indigenous community members revealed that they have 

witnessed the impact of warming winters, gradually eroding their ice roads and their solitary 

connection to the outside world. They have grappled with increasingly frequent and intense 

wildfires, with their village of Fort Chipewyan shrouded in smoke for weeks on end. Furthermore, 

they have experienced an unsettling decline in water levels and the deteriorating health of both 

their community and surrounding wildlife (Hylton, 2023). These adversities can be attributed to 

multiple human-induced factors: climate change, alterations to river flow regime due to damming, 

and notably, Fort Chipewyan's vulnerable position downstream of the Alberta oilsands.  
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The PAD is approximately half covered in water and is a dynamic mosaic of lakes, rivers, 

ponds, marshes, peatlands, meadows, and shrubby wetlands, as well as forests and dry grasslands 

in the higher ground (Timoney, 2013). Timoney (2013) approximately classified the delta into four 

zones of vegetation, including ñForestò, ñThicket and Savannahò, ñMarsh and Meadowò and 

ñOpen Waterò (aquatic), along an elevation and moisture gradient, starting with forests at the 

highest elevations and moving down to thickets and savannahs, marshes and meadows, and aquatic 

vegetation at the lowest elevations (Table 1.1).  

 
Figure 1.1. The Peace Athabasca Delta location (water maps from CanVec1 , 2023). 

 

 

 
1 Topographic Data of Canada - CanVec Series - Open Government Portal  

 

https://open.canada.ca/data/en/dataset/8ba2aa2a-7bb9-4448-b4d7-f164409fe056
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Table 1.1. Typical landforms in the delta [(Timoney, 2013), page 79]. 

Vegetation 

Class 

Typical water Regime Landforms Typical Elevation 

(m asl) 

Dominant Soil 

Aquatic Permanently flooded, >50 

cm deep 

Open and restricted basins and 

channels 

<209 Rego Gleysol 

Marsh and 

Meadow 

Standing water Ó 3 years 

in 10, <50 cm deep, water 

table at or above surface 

Wetter restricted basins, 

shores of open-drainage 

basins, abandoned channels, 

lowest levees 

209-210 Variety of 

Gleysols, 

Regosols 

Savannah and 

Thicket 

Standing water < 3 years 

in 10, <50 cm deep, water 

table at or below surface 

Drier perched basins and 

plains, low to intermediate 

levees 

210-212 Variety of 

Gleysols, 

Regosols 

Forest 
Rarely flooded (if so, 

duration < 1 week) 

Terraces, highest levees >212 Cumulic 

Regosol 

 

Situated at the confluence of the Peace and Athabasca River Deltas, along with several smaller 

deltas at the western terminus of Lake Athabasca, the PAD ecosystem constitutes a complex deltaic 

formation (Timoney & Lee, 2016), including open, semi-restricted, and restricted based on their 

level of hydraulic connection with the primary flow system (Peters et al., 2021; Timoney, 2021). 

During periods of moderately high water, semi-restricted basins are intermittently or seasonally 

connected. Restricted basins often only receive river water replenishment during extremely high 

water levels. Such water levels in the PAD cannot be produced by open water (summer) floods; 

instead, ice jams on the Peace, Slave, or Athabasca Rivers and the resulting flooding are required 

to replenish these constrained basins (Timoney, 2013).  

The PAD consistently receives substantial inflows of water and sediment from the Athabasca 

River. On occasion, during ice-jam floods and instances of extreme flow, it also receives water 

from the Peace River. Moreover, the presence of beaver dams, higher-than-usual precipitation, 

wind seiches, and the occurrence of spring and summer floods all contribute to the replenishment 

of water within the floodplain basins (Timoney, 2021).  
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The PAD has complex hydrology due to its low relief and distributary channels (Tºyrª et al., 

2003; Wolfe et al., 2006b), which are affected by climate change, flow regulation (W. A. C. Bennett 

dam on the Peace River), Oilsands developments, and land-use changes (Hall et al., 2012; 

Pietroniro et al., 2006; Prowse et al., 2006b). The northern section of the PAD, which is most 

connected to the Peace River, is the area where the drying of the PAD is the source of most concern. 

The most important anthropogenic development impacting the PAD was the construction of the 

W. A. C. Bennett dam (named after the former Premier of British Columbia (BC), William Andrew 

Cecil) on the Peace River, BC, in 1968. Site C of this project received approval from the 

Government of British Colombia in December 2014, and is planned to be online in 2024, with 

completion by 20251. While the dam impacts downstream hydrology, Timoney (2021) showed that 

even though regulation has not changed the frequency or intensity of spring floods nor the 

recharging of perched basins, it has had a significant impact on the seasonal runoff distribution, 

which has reduced summertime flows on the Peace River. Regulation also has led to higher average 

river flows throughout the late fall and early winter freeze-up period (Lamontagne et al., 2021; 

Timoney, 2021). 

Moreover, the industrial developments upstream of the delta, such as Albertaôs oilsands (Hall 

et al., 2012) and the potential for contamination from polycyclic aromatic hydrocarbons (Kurek et 

al., 2013) create more environmental concerns. Just upstream of the PAD, in tributaries of the 

Lower Athabasca River, oil sands mining (open pit and in situ) is taking place. This causes 

landscape changes and requires the abstraction of small amounts of water from the mainstem for 

bitumen processing (Peters et al., 2021). Additionally, regional meteorological records indicate a 

 
1 Project Overview | Site C (sitecproject.com) 

https://www.sitecproject.com/about-site-c/project-overview
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definite warming trend from the 1900s to the present century, however, there is no discernible 

upward or downward trend in precipitation data (Timoney, 2013).  

1.3.2 Remote Sensing 

Conventional mapping methods involve extensive on-site data collection and can be 

expensive and time-consuming, especially when dealing with remote or inaccessible locations 

(Chasmer et al., 2020b). Traditional mapping methods face challenges in Boreal wetland regions 

due to their remote and inaccessible nature, dense vegetation, seasonal variability, hydrological 

dynamics, scale considerations, and the need for accurate integration of diverse datasets (Chasmer 

et al., 2020b).  

As an alternative, remote sensing technologies provide a means for monitoring of the Earth's 

surface, which enables comprehensive mapping of wetland and forest areas, as well as their 

ecotone transitions in space and time (Chasmer et al., 2020b). It involves the use of sensors, 

typically mounted on satellites, aircraft, or drones, to capture data about the Earth's surface and 

atmosphere. Remote sensing enables the acquisition of various types of information, including 

imagery, temperature, and spectral data (Campbell & Wynne, 2011). 

The sensors onboard these platforms capture electromagnetic radiation, such as visible light, 

infrared, or microwaves, emitted or reflected by the Earth's surface. This data is then processed to 

generate valuable information about the target area. Remote sensing techniques are pivotal for 

Earth observation, with passive and active methods offering distinct advantages and drawbacks. 

Passive sensors can be cost-effective and provide a wide range of imaging options across the 

electromagnetic spectrum but due to the need for an external light or energy source (i.e. the sun in 

the case of passive multispectral sensing), physical obstructions and shadows (e.g. due to 

vegetation canopies or clouds), and imaging at night pose major constraints. Active sensors 
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generate their own source of illumination, so can avoid some of the operational or occlusion-based 

limits of passive sensors, though they can be more complex and costly due to the need to transmit 

powerful signals. The choice depends on specific application needs, considering factors such as 

cost, environmental conditions, and the desired level of spectral or geometric information. The 

integration of active and passive imaging offers a comprehensive approach to Earth observation 

(Campbell & Wynne, 2011). 

Building upon the capabilities of passive remote sensing, specialized programs like NASAôs 

Landsat enhance our ability to glean precise and detailed information about the Earth's surface. 

The multi-platform and -sensor Landsat mission has provided a comprehensive archive of satellite 

imagery since its launch in the early 1970s (USGS, 2021). This long-standing mission contributes 

invaluable data for applications ranging from environmental monitoring to land use planning. 

On the other hand, lidar, which stands for Light Detection and Ranging, an active remote 

sensing system, represents a modern technology that utilizes laser light to measure distances with 

high accuracy. Lidar systems, which can be mounted on drones, aircraft, or satellites, emit laser 

pulses towards the target of interest and capture the reflected signals. This technology provides 

high-resolution three-dimensional structural data, often in point cloud form, and over recent 

decades has revolutionised terrain mapping, forestry assessments, and urban planning (Wehr & 

Lohr, 1999). 

1.3.2.1 Landsat Imagery and Trend Analysis 

The initiation of the United States Geological Survey (USGS) repository of Landsat imagery 

granted unrestricted access to high-quality, ready-to-analyze imagery with exceptional spectral and 

geometric precision (Hermosilla et al., 2018). This database offers a suitable spatial and temporal 
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resolution for the portrayal of natural as well as human-induced alterations in terrestrial landscapes 

(Griffiths et al., 2013; Roy et al., 2016; White et al., 2015). 

The Landsat program, initiated by the United States Geological Survey (USGS) and NASA, 

has been a cornerstone in Earth observation since its inception. It comprises a series of Earth-

observing satellites equipped with advanced sensors, contributing to a wealth of global data that 

spans several decades. Landsat sensors capture data in various spectral bands, including visible, 

near-infrared, and thermal infrared, enabling detailed analysis of land cover, vegetation health, and 

surface temperature. The evolution of sensors, from the Thematic Mapper (TM) to the Enhanced 

Thematic Mapper Plus (ETM+) and the latest Operational Land Imager (OLI) and Thermal 

Infrared Sensor (TIRS) on Landsat 8, has expanded the spectral range and improved the spatial 

and radiometric capabilities. 

Multi-spectral remotely sensed image stacks of images are the most common approaches for 

detecting changes (Fraser et al., 2014b). Vegetation index (VI) trend analysis is one of the most 

common approaches in assessing changes and trends through time. A VI, which is produced from 

the spectral transformation and or ratio of two or more bands of satellite data sensitive to plant 

biomass and vigor, is a measure of the relative density and health condition (greenness) of the 

vegetation. The Normalized Difference Vegetation Index (NDVI), the most commonly used VI, 

can be derived from most multi-spectral sensors (Tucker, 1979). A positive trend in NDVI over 

timed (also frequently referred to as "greening") can denote an increase in vegetation height, leaf 

cover, biomass, or abundance in total vegetation growth, whereas a negative trend in NDVI over 

time (also known as "browning") is typically interpreted as decreased quantities of vegetation or 

growth rate (Kumar et al., 2022; Myers-Smith et al., 2020; Pan et al., 2018). There is much research 

linking NDVI to vegetation productivity in the Boreal ecosystems (Hope et al., 1993; Olthof et al., 
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2008; Raynolds et al., 2012; Riedel et al., 2005). There are many studies that have attributed 

apparent greening and browning to environmental drivers and processes, particularly warming 

trends (Myers-Smith et al., 2020; Wang & Friedl, 2019).  

As wetlands are characterized by their dynamic hydrological processes and significant 

fluctuations in water availability (Valk, 2005), monitoring changes in water bodies is essential for 

understanding their ecological dynamics. Numerous sophisticated remote sensing spectral indices 

are available for mapping and monitoring water and moisture content (see the review in Bijeesh 

and Narasimhamurthy (2020)). The effectiveness of these indices varied depending on the specific 

scene, sensor, and prevailing climatic conditions (Bijeesh & Narasimhamurthy, 2020). The 

Modified Normalized Difference Water Index (MNDWI) is a common spectral index to detect and 

map water and its change (Xu, 2006). However, the spectral indices might be ineffective when 

turbid water pixels are present in the image. In such cases, the classification of a pixel as a non-

water pixel may occur even when it is actually a water pixel (Guo et al., 2017). In these cases, 

more sophisticated techniques to assess water quality may be required (see the review by Chawla 

et al. (2020)). 

NDVI and MNDWI trend analysis relies on high-quality data, which necessitates that the 

primary imagery should be free of noise, saturation, clouds, and shadows. In many Boreal 

environments, obtaining a cloud-free time series of multi-spectral images like Landsat can be 

challenging. However, image compositing has demonstrated its advantages as a technique for 

reducing data volume, especially when dealing with dense coarse and medium spatial image time 

series (Flood, 2013; Robinson et al., 2017). It enables the creation of the highest-quality 

observations with little to no cloud or cloud shadows. There are several approaches for creating a 

composite, including Mean (Robinson et al., 2017), Focal Mean or Median (Gumma et al., 2020; 
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Oliphant et al., 2019; Teluguntla et al., 2018), Medoid (Flood, 2013), Maximum NDVI 

(Ruefenacht, 2016), and Score System for Best Available Pixel (Griffiths et al., 2013; White et al., 

2014). A detailed explanation of each of the mentioned methods can be found in Chapter 2. Qiu et 

al. (2023) indicate that each composite algorithm possesses unique characteristics, and no single 

algorithm can surpass all others in terms of performance across all locations and composite 

periods. Therefore, the most appropriate best available pixel compositing algorithm is likely 

somewhat location- and application-dependent, thus requiring some initial investigative work to 

choose the approach most suited to the study. 

This study utilizes Landsat imagery spanning from 1984 to 2022 to conduct a comprehensive 

trend analysis of vegetation across the PAD. Detailed information on the data, processing methods, 

and outcomes is provided in Chapters 2 and 3. 

1.3.2.2 Lidar and Canopy Changes  

Unlike passive remote sensing, lidar uses an active satellite/airborne/in-situ sensor, to collect 

vegetation, topographic, and sometimes bathymetric information. Lidar measures distances by 

calculating the time between transmitting and receiving laser signals (Hopkinson et al., 2004). 

Using either or both discrete return and full waveform laser scanners (Figure 1.2) (Salas, 2021), 

typical lidar mapping systems emit pulses of energy to determine distances based on the round trip 

travel time between emitted and reflected signal amplitudes (Dong & Chen, 2017; Hopkinson et 

al., 2001; Lefsky et al., 2002; Wehr & Lohr, 1999).  

Discrete return lidar provides a point cloud with discrete position and elevation coordinate 

values, whereas full waveform lidar captures the full signal response, offering a more detailed 

representation of the environment. However, processing full waveform lidar data can be more 
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computationally intensive due to the continuous nature of the waveform, while discrete return lidar 

data is generally simpler to process (Dassot et al., 2011). 

As an active sensor technology, lidar offers the advantage of being able to collect data during 

both daytime and nighttime, as it is not reliant on passive solar illumination. However, as it relies 

on laser light within or close to the visible spectrum, ranging performance can be compromised by 

atmospheric effects such as heavy fog, smoke, or excessive moisture like rain, snow, and clouds 

obstructing the path between the laser system and the object. Lidar's unique ability to send small 

laser pulses through canopy gaps allows it to accurately sample canopy structure and terrain 

surface elevation along the path of the laser pulse (Wehr & Lohr, 1999).  

Common lidar systems emit laser pulses in Near Infrared (NIR) (1064 nm) or Shortwave 

Infrared (SWIR) (1550nm) for topographic mapping (Baltsavias, 1999). For bathymetric mapping, 

blue-green lasers (532 nm) are used due to enhanced water penetration (Wehr & Lohr, 1999). When 

the laser pulse from a multi-return system interacts with a tree canopy, the first return is generally 

assumed to originate from the top of the tree or the point where the emitted laser pulse first 

encounters the tree canopy. The last return may interact with the ground beneath the tree, though 

the ability to map the ground is largely contingent on the density of the vegetated canopy. 

Intermediate returns, such as the second, third, or fourth returns, are likely caused by tree branches 

and understory vegetation positioned between the top of the canopy and the ground (Li et al., 

2021b).  
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Figure 1.2. Discrete vs waveform returns in lidar (adapted from Salas (2021)). Early discrete lidar 

systems struggled with data sampling density, high costs, and a need to choose between first or 

last return logic. Circa 1999-2000, commercial systems introduced multiple returns per emitted 

pulse, providing both canopy and terrain surface information. Discrete return systems can 

potentially slightly bias canopy heights if crown apices are missed or if the upper foliage area 

presents a small target area (Hopkinson, 2007). On the other hand, lidar return signal waveforms 

can provide a more detailed representation of forest canopy structure throughout the full vertical 

profile.  

 

A compilation of these discrete return lidar points is referred to as a lidar point cloud (Figure 

1.3). Lidar point cloud data can also undergo a process of point-level "classification." This involves 

labeling each point based on the type of object it reflected off. For instance, if a pulse reflects off 

a tree branch, it might be categorized as "vegetation." Similarly, if the pulse reflects off the ground, 

it can be classified as "ground." Classifying lidar point clouds involves an additional processing 

step. Utilizing all data or both classes of "ground" and "vegetation," we can generate a Digital 

Surface Model (DSM) of the local upper surface. The "ground" class provides the basis for creating 

a Digital Elevation Model (DEM) of the terrain. By subtracting the DEM from the DSM in a 

vegetated area, we can produce a Canopy Height Model (CHM), which describes the spatial 
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variation in vegetation heights. When multiple lidar datasets are recorded at different points in 

time, these datasets can be utilized for time-series change analysis, enabling the detection of 

changes that have occurred over the observed period. However, when employing two distinct lidar 

technologies from different time periods for change detection, it is advisable to account for 

variations in sample density and sensor variations, which can necessitate adjustments to ensure 

accurate and reliable comparative analyses (Hopkinson et al., 2016). 

 
Figure 1.3. Cross-section displaying lidar point cloud data (above) and the corresponding 

landscape profile (below). Graphic credit: Leah A. Wasser1. 

 

Lidar is gaining popularity for a range of bio-geophysical applications, such as wetland 

ecosystems (Chasmer et al., 2020b; Lang & McCarty, 2009; Luo et al., 2015) or water surface 

mapping (Hopkinson et al., 2011; Huang et al., 2014; Lang et al., 2012). This technology enables 

 
1 https://www.earthdatascience.org/courses/use-data-open-source-python/data-stories/what-is-lidar-data/  

https://www.earthdatascience.org/courses/use-data-open-source-python/data-stories/what-is-lidar-data/
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researchers to assess various parameters such as canopy height, vertical structure, Leaf Area Index 

(LAI), and biomass, which are critical for understanding ecosystem health and dynamics (Chasmer 

et al., 2016; He et al., 2013; Hopkinson & Chasmer, 2009; Wang & Fang, 2020). In this study, we 

utilized lidar survey data from overlapping areas in 2000, 2016, and 2018. Comprehensive details 

of the data collection, processing, and analysis are presented in Chapter 2. 

1.4 Knowledge Gaps and Research Objectives 

Vegetation changes and trends in space and time provide indicators of broader hydro-

ecological health and function within wetland systems. A search of recent literature into the 

vegetation dynamics of the PAD reveals that limited field observation ground truth data has been 

collected and no comprehensive spatially extensive multi-decadal vegetation trend analysis has 

been performed across the whole PAD. Therefore, the over-arching goal of this research is to 

quantify the range, direction, and mechanism of vegetation changes in the PAD using remote 

sensing technology.  

The first purpose of this research is to improve our understanding of 18 years of Landsat-

derived NDVI variations in greening and browning through the utilization of 3 overlapping lidar 

data sampling campaigns (2000 and 2016/2018). In Chapter 2, lidar data are used to explore the 

links between spectral information derived from Landsat to variations in canopy height and cover. 

The objective is to gain a deeper comprehension of the factors influencing the spatial and temporal 

fluctuations in NDVI within Boreal wetland ecosystems and land cover types. Analyzing the 

response of lidar CHM change and correlating it with NDVI trends enables us to derive more 

insightful conclusions from the NDVI trends. We investigate the presence of any pixel-level 

relationships or correlations between the two datasets, as well as any correspondence in spatial 

patterns of change along ecotones between land cover types.   
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Higher positive NDVI values have been long interpreted as healthy vegetation, but it is 

unknown how different types of vegetation cover (willows, bushes, forest, etc.), particularly across 

a wetland with variable soil and vegetation characteristics, are represented in NDVI values. In this 

chapter, one hypothesis tested is that there has been a significant greening trend due to an 

expansion of shrub and tree growth over the PAD between 2000 and 2018. Although a total 

correspondence between NDVI greening/browning trends and bitemporal CHM 

increases/decreases is not expected, establishing where and under what conditions CHM and 

NDVI patterns coincide or differ will provide insights into the driving mechanisms that underlie 

changes in NDVI within complex boreal wetland landscapes.  

Upon acquiring a better understanding of the processes underlying NDVI trends across lidar-

sampled regions of the PAD, the next goal (Chapter 3) is to examine the spatially continuous trends 

in vegetation and surface water across the entire PAD from 1984 to 2022. A thorough trend and 

time series analysis of the NDVI and MNDWI is conducted, and the patterns are stratified into 

discrete time periods and by landcover, to better understand the interactions and any feedbacks 

between vegetation, surface water and external climatological drivers.   

 1.5 Significance of Research and Outcomes  

This study aims to enhance our understanding of environmental changes and drivers within 

the PAD. By scrutinizing key aspects of the region's hydro-ecology, such as vegetation trends and 

hydrological patterns, the research aims to reveal connections between climate, hydrology, and 

landcover response. Through this understanding, the study endeavors to contribute valuable 

insights into the complex dynamics shaping the PAD's ecosystem and potential future trajectory. 

The identification of trends and potential drivers of change can support more informed and targeted 

environmental management strategies. 
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In addition, a better understanding of the vegetation structural influences on NDVI trends 

within different wetland landcover types has value well beyond the PAD. Given landscape change 

is pervasive across many remote regions of the world, and in northern to Arctic environments in 

particular, a better understanding of NDVI (and similar indices) is crucial in interpreting the 

underlying processes and rates of change across these dynamic regions.  

1.6 Thesis Structure 

This introductory chapter established the context, significance, and objectives of the study 

based on a literature review of existing knowledge on Boreal ecosystems, the PAD, previous 

studies on vegetation trends in the Boreal ecosystems and relevant remote sensing topics. The 

major objectives and outcomes of the study are presented in journal paper formats, in chapters 2 

and 3. The concluding chapter, chapter 4, summarizes key contributions, outlines implications for 

environmental sustainability, and suggests avenues for future research.  
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Chapter 2: Comparing Satellite NDVI and Bi-Temporal Airborne Lidar Canopy 

Height to Examine Boreal Wetland Vegetation Changes Within the Peace Athabasca Delta 

Abstract 

In northeastern Alberta, Canada, the Peace Athabasca Delta (PAD) is a wetland complex 

designated by the Ramsar and UNESCO World Heritage conventions as a wetland area of global 

importance. A range of hydro-climatic drivers and land surface ecosystem changes over the PAD 

during the past century have been reported by indigenous communities residing in the delta and 

researchers. To enhance our understanding of the PAD's evolving landscape, we used lidar data to 

better interpret the Landsat-derived NDVI and MNDWI trends from 2000 to 2018. Comparing 

lidar-derived canopy models with NDVIs showed a moderate correlation across some landcovers, 

including shrub swamps (R2 = 0.46). The results from the lidar analysis reveal an overall growth 

of vegetation taller than 1 m, resulting in increased canopy heights across lidar surveyed areas. 

Despite this finding, ecotonal vegetation expansion into wetlands in the survey areas was 

constrained to marsh riparian areas and river banks/levees coordinated with what we observed in 

Landsat-derived NDVI. The 11% of the survey area showed ecotonal expansion which around 5% 

of this area observed over shrub swamps and 1% over hardwood swamps. These changes are 

indicative of patterns of shrubification due to the drying of wetlands in the PAD during the study 

period. We also studied the drying trend on shallow open water using the MNDWI trends. We 

observed the disappearance of some ponds after 2000 and the shrinkage of many more small 

shallow open water surfaces during the study period. Although NDVI trends also showed generally 

the same greening patterns as ecotonal expansion, in most cases, NDVI trends illustrated larger 

areas of greening than was evidenced by ecotonal canopy advance using lidar. However, for the 
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areas sampled, both CHM and NDVI change methods produced similar estimates of vegetated 

ecotone expansion of ~3.1 m/yr. and ~2.4 m/yr., respectively. 

Keywords Lidar, Peace Athabasca Delta, Landsat, Canopy, Trend Analysis, Image Composite 

2.1 Introduction 

Wetlands cover 13% of Canada, 1.29 million km2, representing nearly a quarter of the world's 

total wetlands (Canadian Environmental Sustainability Indicators, 2016). Despite providing vital 

ecosystem services like carbon storage, flood suppression, water quality improvement, and habitat 

support, wetland areas have decreased due to human activities such as agriculture, urban 

development, and resource extraction (Chae et al., 2015; Chasmer et al., 2020a; Davidson, 2014; 

Hu et al., 2017). Boreal wetlands, characterized by cold climates and typically associated with 

boreal forests, are prevalent in northern regions of Canada. Climate changes and intensified land 

use have altered plant phenology, growth rates, and vegetation forms, such as the expansion of 

shrubs in boreal ecosystems (Abib et al., 2019; Kompanizare et al., 2018; Mekonnen et al., 2018; 

Myers Smith & Hik, 2018; Rooney et al., 2012). This shift impacts water and carbon cycles and 

accelerates warming by reducing land surface albedo, increasing evapotranspiration (Chapin et al., 

2005), and trapping snow (Connon et al., 2021), resulting in positive feedbacks that encourage 

further shrub expansion.  

Mapping boreal wetlands is crucial to understand their dynamics. Remote sensing is necessary 

for large-scale mapping, as it offers the precision and efficiency required to capture the complexity 

of these ecosystems, surpassing the limitations of traditional methods in handling extensive spatial 

coverage and dynamic changes. The use of these technologies provides evidence for changes in 

the area and extent of different land cover types (Fraser et al., 2011; Fraser et al., 2014a), as well 

as trend analysis using vegetation indices to evaluate gradual or abrupt changes and trajectories 
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through time (Wulder et al., 2018). There is an extensive body of literature that compares the 

passive optical Normalized Difference Vegetation Index (NDVI) (Tucker, 1979) to biomass and 

vegetation productivity across northern regions (Hope et al., 1993; Olthof et al., 2008; Raynolds 

et al., 2012; Riedel et al., 2005) and globally (Eastman et al., 2013; Ichii et al., 2002; Liu et al., 

2015).  

Olthof et al. (2008) reported increasing Landsat and Advanced Very High-Resolution 

Radiometer (AVHRR)-derived NDVI trends, commonly referred to as ógreeningô because 

vegetation appears to be more productive with increasing positive NDVI trends, in Yukon and 

Quebec, which were attributed to shrubification and vascular plant growth. A similar significant 

greening trend (85% of land surface) over the western Canadian Arctic between 1984 and 2011 in 

the majority of vegetation types (Fraser et al., 2014b). Fraser et al. (2011) also found a consistent 

trend of positive NDVI increase in four national parks in Canada (Wapusk, Ivvavik, Torngat 

Mountains, and Sirmilik), associated with warming air temperature. Here shrub and herbaceous 

vegetation replaced bare/unvegetated land surfaces.  

Ju and Masek (2016) showed notable greening in the tundra of western Alaska, the north coast 

of Canada, Quebec, and Labrador, but reported óbrowningô (negative NDVI trend) in the boreal 

forest of eastern Alaska. A similar NDVI browning trend over floodplains, lowlands, and uplands 

in Alaska between 1986-2009 was reported by Baird et al. (2012), who also concluded that only 

recently burned areas experienced significant positive trends in mean NDVI, whereas wetlands 

showed no discernible trend. McManus et al. (2012) found that different vegetation types did not 

exhibit comparable greening patterns, suggesting that forested areas were less likely to 

demonstrate significant NDVI trends, while graminoid tundra and low shrub contributed most 

significantly to observed greening trends. 
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Determining trends in vegetation NDVI over time requires high quality data with little 

influence from extraneous influences, such as haze, which could appear to be vegetation changes 

when they are not. For some areas, such as the Peace Athabasca Delta (PAD) wetland complex, 

clouds are commonplace, so acquiring a cloud-free multi-year time-series of optical image 

coverage is difficult. However, such challenges can be addressed using image compositing 

techniques that reduce time-series data volumes to create the best available observation with no or 

minimum cloud and cloud shadows for a desired temporal increment (White et al., 2014). To 

implement this, one point can be chosen within a collection of points in n-dimensional space, to 

represent the pixel group. In the case of Landsat images, the points represent different observations 

of a given pixel on different dates, and the n dimensions are the different spectral bands of the 

image. In the compositing approach, a single date is chosen per pixel for the final composite. The 

pixel spectral values for that date represent the season or year of interest (Flood, 2013). There are 

several approaches for creating a composite NDVI, including Mean (Robinson et al., 2017), Focal 

Mean or Median (Gumma et al., 2020; Oliphant et al., 2019; Teluguntla et al., 2018), Medoid 

(Flood, 2013), Maximum (Ruefenacht, 2016), and the Score System for Best Available Pixel 

(Griffiths et al., 2013; White et al., 2014). 

Robinson et al. (2017) used the mean pixel approach to create a time series NDVI for the 

United States. However, Flood (2013) suggested that simple approaches such as the mean of all 

observations are likely not ideal due to outliers from atmospheric effects and bi-directional 

reflectance distribution function adjustments, as well as imperfections in cloud/shadow masking 

procedures. The univariate median represents a potential improvement over the mean due to its 

resistance to outliers (Oliphant et al., 2019; Ruefenacht, 2016). The Medoid approach, which 

selects the point that minimizes the sum of the distances to all other points, has the outlier 
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resistance characteristics of the univariate median and can be applied to multi-variate data such as 

reflective bands of Landsat (Flood, 2013). In the Maximum NDVI method, the maximum NDVI 

for all scenes is determined and then the pixel with all its bands from the corresponding scene is 

included in the final composite (Ruefenacht, 2016). Flood (2013) suggests that using the maximum 

NDVI provides a time-series that favours vegetation conditions with high greenness, and this 

might not be appropriate for all applications; e.g. this approach has the potential to reduce the 

contrast between trees and grasslands. However, several studies have successfully used this 

approach (Erasmi et al., 2021; Huang et al., 2017; Xu, 2021; Yang et al., 2019). Another approach 

uses a score-based system of four scores for each pixel, including sensor score, day-of-year score, 

cloud/cloud shadow or distance to cloud score, and opacity score (Griffiths et al., 2013). The total 

scores for each pixel are summed, and the image composite chooses the pixel with the highest 

score (White et al., 2014). To the best of the authorsô knowledge, the only studies that have thus 

far compared the relative performance of the above-noted approaches are (Ruefenacht, 2016) and 

(Qiu et al., 2023). Qiu et al. (2023) indicate that each composite algorithm possesses unique 

characteristics, and no single algorithm can surpass all others in terms of performance across all 

locations and composite periods. Therefore, the most appropriate best available pixel compositing 

algorithm is likely somewhat location- and application-dependent, thus requiring some initial 

investigative work to choose the approach most suited to the study. 

The earliest vegetation change detection and habitat mapping study using Landsat imagery 

over the PAD was carried out in the 1970s (Wickware & Howarth, 1981; Wickware, 1979). Later, 

Timoney (2006) used vintage air photos from 1927 to 2001 to evaluate the ranges and types of 

land cover in the PAD, reporting no unusual changes that could be associated with the operations 

of the Bennett Dam. Timoney and Argus (2006) and Timoney (2008a) studied field transects in the 
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PAD between 1993 and 2001 to examine the temporal response of five common willow species to 

flooding and drying. They reported that willow cover decreased as a result of flooding in the mid-

to-late 1990s. Recently, Peters et al. (2020) used Sentinel2B imagery acquired on 19 September 

2019 and lidar data acquired in September 2013 to represent vegetation structure over the PAD. 

After employing cluster analysis (K-means), they grouped input variables into meaningful clusters 

to describe the vertical and horizontal structure of the ground features. Timoney (2013) found 

increases in woody wetland communities, wildfires, and decreases in the overall open water and 

marsh areas representing evidence of a drying trend. However, Timoney (2021) emphasized that 

the ecological impacts of all mentioned components have remained poorly documented.   

Given the range of hydro-climatic and anthropogenic factors influencing the PAD region and 

upstream hydrology, there is an over-arching need to quantify the spatial variation and trajectory 

of vegetation changes, to better understand the cumulative effects of these changes. However, due 

to limited field observation data, no comprehensive or spatially continuous vegetation trend 

analyses have been completed over the PAD. This is important because it provides valuable 

insights into the ecological health and resilience of this critical ecosystem.  

The Landsat image archive from 1984 onwards offers an opportunity to assess vegetation 

distributions and trends but a lack of spatial or temporal representation of ground truth data limits 

what is achievable with confidence. Consequently, this study aims to explore the use of bitemporal 

lidar (2000 and 2016/2018) across sample areas within the PAD as an aid to interpreting vascular 

vegetation changes that are evident within the Landsat NDVI record over the same period.  

High positive NDVI values are generally interpreted as healthy vegetation (Martinez & Labib, 

2023; Morawitz et al., 2006). However, it is unknown how or if NDVI values and NDVI trends 

consistently represent changes in biomass or growth conditions across distinct boreal wetland 
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landcovers (e.g. marshes, shrubs, forests). Understanding NDVI and its correlation (or not) with 

vegetation height for wetland land cover classes in the PAD will help in interpreting NDVI and 

NDVI trends across the deltaic wetland environment and other similar northern landscapes.  

Lidar data characterizes three-dimensional terrain and vegetation structure and has become a 

popular tool for forest, wetland, and riparian vegetation studies (Bolton et al., 2018; Chasmer et 

al., 2020b; Hopkinson et al., 2004; Montgomery et al., 2019). In this study, lidar canopy height 

and height/cover change data will assist in interpreting observed NDVI and NDVI trends across 

different PAD landcover classes. Given that NDVI is an index of green leafy foliage cover, and 

canopy height is an index of biomass, an initial expectation is that for some landcovers, there will 

be a positive correlation between Landsat-derived NDVI and the lidar-derived Canopy Height 

Model (CHM). However, as foliage cover and vegetation height are not the same quantity, 

correlations between these variables (or their changes/trends) are expected to vary with vegetation 

structural attributes (Zhou & Yin, 2014). While it is not anticipated that the NDVI greening or 

browning trends will perfectly align with the increasing or decreasing trends in lidar-derived 

products, examining areas where CHM and NDVI patterns converge or diverge will offer valuable 

insights into dynamic vegetation patterns and the driving forces behind them. This comparative 

analysis of changes in both datasets will contribute to the characterization of NDVI in relation to 

bitemporal CHM fluctuations. Hence, the primary aim of this study is to determine how and where 

NDVI corresponds to canopy heights, as well as how alterations in canopy height manifest in 

NDVI trends. The first hypothesis is that there is some relationship between NDVI and CHM that 

varies with landcover classes. The second hypothesis is to observe a significant greening trend 

associated with shrub and taller canopy expansion over the PAD between 2000 and 2018.   
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2.2 Study Area        

In northeastern Alberta, Canada, the PAD is a wetland complex that has been designated by 

the Ramsar and UNESCO World Heritage conventions as a wetland area of global importance due 

to its status as one of the largest freshwater deltas globally, its biological diversity, and the presence 

of a thriving wild bison population. About 80% of the PAD lies within the Wood Buffalo National 

Park. Aside from riverine and groundwater exchanges, the PAD wetland areas gain water largely 

from overbank flooding during spring ice jams and precipitation, while losing water largely 

through evapotranspiration (Timoney, 2013). Examination of hydroclimatic data indicates an 

increase in air temperature over recent decades, while no significant alteration was observed in 

precipitation levels during the latter part of the 20th century (Peters et al., 2006a). The development 

of woody wetland communities and a general decline in the spatial coverage of open water and 

marsh areas, combined with recent wildfires are considered to be indicative of a drying trend 

(Timoney, 2013).  

The location and boundary of the PAD are shown in Figure 2.1a. Of all Alberta's natural 

subregions, the delta has the lowest elevation and lowest relief. It is located within a wide 

topographical lowland that is surrounded by rocky outcrops from the Precambrian Shield. Local 

relief on the deltaic and alluvial plains is approximately 11 m, from 209 m asl on the plain to 220 

m asl on high terraces of the Peace and Athabasca Rivers (Timoney, 2013). Because of the low 

relief and abundance of tall willow spp. shrubs and various species of trees, visibility at ground-

level can be limited. Landforms across the PAD include active deltas, distributary channels, and 

levees, lakes, ponds, and mudflats. There are also non-deltaic landforms, covering <10% of the 

area. These include bedrock outcrops, raised beaches, eolian features, peatlands, and alluvial 

terraces (Timoney, 2013). According to Ducks Unlimited Canada (2020) landcover classification, 
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the majority of the survey areas are comprised of shrub swamps, emergent marshes, and meadow 

marshes (Figure 2.1). 

 
Figure 2.1. a) The Peace Athabasca Delta (PAD) location in Alberta, Canada (inset); b) lidar survey 

areas; c) landcover classes Ducks Unlimited Canada (DUC) (Ducks Unlimited Canada, 2020) over 

survey areas [Survey areas B, C, and D are in the Peace Delta, which is affected by regulation, and 

survey area G is located in the Athabasca delta, which is less affected by flow regulation], d) area 

of DUC landcover classes. 

 

Although part of the western Canadian boreal forest, the delta's unique flora results from 

specific requirements, such as permanent standing water and fertile, silty soils with changing 

hydroperiods, producing a wetland flora typical of the northern prairie grassland region (Timoney, 

2013). The dominant or main flora species in various habitat types within the site include seedling 

stages of Carex spp., Calamagrostis spp., or shrubs in mudflats, sedges in sedge meadows, 
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Calamagrostis canadensis in grass meadows, tall shrubs,  Balsam poplar Populus balsamifera, 

and birch Betula spp. in deciduous forest and white and black spruce Picea glauca and Picea 

mariana coniferous forest (Timoney, 2013).  

The PAD's lakes and wetland basins are classified into three categories: open, semi-restricted, 

and restricted (Peters et al., 2021; Timoney, 2021), with large lakes dominating the open basin 

area. Semi-restricted basins connect seasonally, while restricted ones receive replenishment during 

rare high water events from ice jams (Peters et al., 2006b). Shallow lake water balance is 

influenced by local factors, with potential evapotranspiration rates exceeding precipitation (Peters 

et al., 2006a). This leads to variable wetland areas, responding to periodic flooding and drawdown 

cycles, creating a highly productive ecosystem (Peters et al., 2021). 

2.3 Data 

2.3.1 Landsat Data  

Collection 2 processing of the Landsat archive has resulted in numerous improvements from 

Collection 1, including improved geolocation accuracy, radiometric calibration of Landsat 5 and 

8, and various masking capabilities for clouds and water (Masek et al., 2020). This solved several 

limitations of Landsat Collection 1 data, including the comparability of data between sensors 

(Chen et al., 2021; Mishra et al., 2016; Potapov et al., 2011; Qiu et al., 2018; Roy et al., 2016). 

However, based on USGS (2021), all Landsat sensors are intercalibrated in Landsat Collection 2 

Tier 1. Therefore, in this study, Landsat Collection 2 level 2 (2000 to 2018 summertime) was used, 

which is atmospherically corrected and presented as Surface Reflectance products. 

2.3.2 Lidar Data 

Airborne lidar datasets were acquired in 2000, 2016, and 2018 (Table 2.1). Variations in data 

acquisition parameters and point density outputs across the lidar datasets are due to the advances 
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in technology over the last two decades (Hopkinson et al., 2016). Based on the understanding that 

sensor settings and survey configuration can affect how laser pulses interact with vegetation and 

therefore, the distribution of returns within vegetation canopies (Hopkinson et al., 2008), only 

upper canopy surface changes were compared over time. These are more reliably sampled from 

laser pulse first returns. Lidar canopy height model (CHM) was derived at spatial resolutions lower 

than the lowest point density dataset to accommodate density variations in the data (e.g. Lim et al. 

(2008). All lidar data used in this study were collected during the summer growing season between 

mid June and early August (Table 2.1). Figure 2.1 shows the spatial coverage of lidar survey areas 

from lidar surveys in 2000, 2016, and 2018 (B, C, D, and G). 

Table 2.1. Lidar sensor and survey configurations. 

Date Sensor Pulse 

Repetit

ion 
(kHz) 

Sensor 

Altitude 

(m a.g.l.) 

Scan Rate (Hz) Scan Angle 

(Á) 

Returned Point 

Density (m-2) 

17/06/2000 ALTM 1225 25 ~1000 Variable, depends on scan angle; 

e.g., 28 Hz for Ñ 20Á scan 

10 to Ñ 20Á all returns 0.55  

04/08/2016 Titan 75 ~1000 33 24 all returns 4.13  

24/07/2018 Titan 75 ~1000 32 25 all returns 6.76  

 

2.3.3 Land Cover Data 

Wood Buffalo National Park Enhanced Wetland Classification produced by Ducks Unlimited 

Canada (DUC) (Ducks Unlimited Canada, 2020) was used because it is highly accurate and was 

classified for land covers within ~1 year of the 2016 and 2018 lidar datasets. The land cover map 

was created using Sentinel-2 imagery from August 2017, as well as field data, resulting in a 10m 

resolution map with >79% overall accuracy. In this study, the areas that overlapped with lidar 

sample areas were extracted and used as base landcover information for lidar and Landsat product 

comparisons (Figure 2.1b). 
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2.4 Methods 

The main methodological steps are illustrated in Figure 2.2. Canopy structural information 

was obtained from summertime lidar data. Landsat images from 2000 to 2018 were used for lidar 

canopy height and NDVI comparisons through time.  

 
Figure 2.2. The workflow of the study. L2 (Level 2); Best Available Pixels (BAP) method; NDVI 

(Normalized Difference Vegetation Index); MNDWI (Modified Normalized Difference Index); 

DEM (Digital Elevation Model); DSM (Digital Surface Model); CHM (Canopy Height Model); 

DUC (Ducks Unlimited Canada). See text for details. 

 

2.4.1 Landsat Processing 

2.4.1.1 Preprocessing 

Landsat data preprocessing included: 1) applying fill values and scaling factors (USGS, 

2021); 2) removing saturated pixels (Crego et al., 2022; Hemati et al., 2021); 3) masking cloud 

and cloud shadows (Crego et al., 2022); and 4) coordinate reprojection to the lidar data (NAD83 

zone 12). To avoid the effects of drying and/or flooding of water bodies in the analyses, all shallow 
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open water and rivers/streams were masked in the survey areas (e.g. Ju and Masek (2016). After 

applying a standard water mask (USGS, 2021), we found that this was not effective at identifying 

water across all pixels. Therefore, we used the Modified Normalized Difference Water Index 

(MNDWI) and different thresholds to further filter pixels that were not classified in the original 

water mask. Following multiple tests and careful observations, we determined the optimal 

threshold range for MNDWI of each year (MNDWI greater than -0.1, 0, and 0.1). MNDWI is 

defined below in Equation 2.1 (Xu, 2006).  

MNDWI = (Green - SWIR) / (Green + SWIR) Equation 2.1 

2.4.1.2 Annual Landsat Composites 

To reduce the impacts of cloud cover in Landsat images over lidar survey areas, image 

compositing was applied. However, previous studies did not compare the efficacy of various 

composite approaches. Therefore, we employed several imaging compositing methods to visually 

identify and select the most accurate one. These included: mean, focal mean or median, medoid, 

maximum NDVI, and the Best Available Pixels (BAP) system. In all approaches (except the BAP 

approach), scan line corrector (SLC)-off issues associated with ETM+ data and any between-

sensor differences were mitigated by constraining all images for a given yearôs composite to a 

single sensor; i.e. all available Collection 2 Landsat 7 imagery from 2000 to 2002, Landsat 5 from 

2003 to 2011 and Landsat 8 from 2013 to 2018 (for 2012 there were no data). Only summer 

imagery (mid June to early September) was used to minimize the effect of vegetation phenology 

on NDVI. Finally, the NDVI of each annual summer-time Landsat image was created using red 

and near-infrared bands. The index is grounded in the principle that leaf cell structure reflects NIR 

strongly due to the absence of absorption by plant pigments. Conversely, chlorophyll pigments 

effectively absorb red wavelengths used for photosynthesis (Yoder & Waring, 1994). Thus, plants 
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considered "healthy" with abundant chlorophyll absorb more red and consequently reflect a larger 

proportion of NIR compared to "less healthy" plants (Stamford et al., 2023; Tucker, 1979). NDVI 

is calculated by comparing the reflectance in the near-infrared (NIR) and red electromagnetic 

wavelengths (Tucker, 1979) (Equation 2.2).  

NDVI = (Near InfraRed ï Red) / (Near Infrared + Red) Equation 2.2 

In this study, only land pixels, where NDVI>0.2 were considered to further ensure that water 

pixels were excluded from the analysis. To avoid NDVI saturation effects, pixels with NDVI > 0.9 

were also excluded from the analysis. All Landsat data processing was done in Google Earth 

Engine (Gorelick et al., 2017), except for creating BAP composite images, which were generated 

via the approach from Francini (2021). 

2.4.1.3 NDVI/MNDWI Trend Analysis 

To determine the spatial pattern of vegetation change trend directions and magnitudes, 

Ordinary Least Square (OLS) slope, Theil-Sen (TS) slope (Sen, 1968; Theil, 1950), and monotonic 

Mann-Kendall (MK) (Kendall, 1948; Mann, 1945) trend analyses were used. Mann-Kandall 

significance (MK Z) was used to evaluate the significance of the trends. Positive and negative 

NDVI trends represent greening and browning, respectively. 

It has been demonstrated that linear trend functions or OLS describe trends in NDVI over 

time (Baird et al., 2012; Fraser et al., 2011; Ju & Masek, 2016; McManus et al., 2012; 

Sonnenschein et al., 2011). The slope coefficient for an ordinary least squares regression is linear 

and used to determine the trend of each pixel over time. TS and MK have also been used in trend 

analysis because these do not need variable assumptions (e.g. normal distribution) (Neeti & 

Eastman, 2011). TS slope is calculated from the median of slopes between pixel values and pair-

wise time steps, which equals n(n-1)/2s slopes (Tran et al., 2019). The outcome often matches that 
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of the OLS linear trend but is more appropriately applied to short and/or highly variable time series. 

The TS method can also reject outliers without impacting the slope. The number of erroneous and 

outlier values that can be rejected without impacting the result is about 29% of the sample size 

(Eastman, 2015). The monotonic MK trend is a non-linear trend indicator that measures how 

continuously a trend is increasing or decreasing (Eastman, 2015). The MK is computed by 

counting the number of values that decrease or increase over time at each pixel. Results range from 

-1 and +1, where a value of  -1 shows that the trend consistently decreases and never increases, a 

value of +1 shows the opposite, and a value of 0 shows that there is no consistent trend (Eastman, 

2015). The MK significance indicates the significance of the trend, known as the MK Z score, but 

is used frequently as a trend test for other trends as well (Eastman, 2015). The MK Z indicates 

specific levels of significance (‌), ñas Z = Ñ 2.576 refers to ‌ = 0.01, Z = Ñ 1.960 refers to ‌ = 

0.05, and Z = Ñ 1.645 refers to ‌ = 0.1ò, thus here MK Z between -1.960 and +1.960 (corresponds 

to Ŭ Ó 0.05) are considered as óno trend areasò (Schucknecht et al., 2013). Masked-out pixels due 

to either cloud/cloud shadow or water were not considered in trend calculations. Trends were 

calculated in Terraset software (Clark Labs, USA). 

The TS and MK Z scores were also used on MNDWIs to monitor water trends in the delta. In 

MNDWI trends, positive and negative represent wetting and drying, respectively. A surface water 

map series was created using different thresholds of MNDWIs to evaluate the boundaries of 

shallow open water and rivers/streams and their annual fluctuations (hydroperiod). The trends in 

MNDWI were subsequently compared with the multi-year hydroperiod to verify if the trend 

outputs exhibit similar significant fluctuations as observed in the multi-year hydroperiod maps 



39 

 

2.4.2 Lidar Data Processing  

All lidar point cloud data were re-projected to NAD83. Lidar point heights of the 2000 dataset 

were compared in overlapping areas with 2016 and 2018 datasets to correct for any system or 

GNSS trajectory bias. To ensure all three datasets were vertically co-registered to the most accurate 

data collections of 2018 and 2016, they were compared to identify any systematic offsets, and 

small height adjustments of between 0.3 and 0.7 m were applied to the 2000 dataset in Terrascan 

(Terrasolid, Finland) (Hopkinson et al., 2008). All lidar points were classified into ground and non-

ground in Terrascan. Ground points were interpolated to 5 m digital elevation models (DEM) using 

Triangulation with Linear Interpolation. All data points were used to create a 5 m digital surface 

model (DSM) using a local maximum Z filter in Surfer (Golden Software Inc. USA). Finally, to 

create the 5 m resolution canopy height model (CHM), the DEM was subtracted from the DSM. 

The CHM was then aggregated to 30 m to create an index of both height and canopy cover (CC), 

and to make the data directly comparable with Landsat products. Masked water pixels were also 

removed from CHMs to enable direct CHM and NDVI comparisons. Low CHM heights of <1m 

were ignored in the analysis to remove the influence of seasonal vegetation phenology variations 

across years. To detect changes in canopy heights >1m, year 2000 CHMs for the four lidar areas 

were subtracted from 2016 and 2018 CHMs.  

To investigate if relationships exist between CHM changes and NDVI trends, the CHM 90th 

percentile (PCT90) was calculated using a 9x9 5m pixel moving window on each CHM. This was 

to determine the maximum canopy height change within localized areas represented by the moving 

window and to assess the changes relative to NDVI trends. By focusing on the largest CHM 

changes within moving windows, correlations between these canopy height changes and variations 

in vegetation greenness associated with NDVI can be determined. The utilization of moving 
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windows accounts for spatial variability within pixels. To determine how vegetation height 

changes occur in ecotonal areas characterised by shorter (<5 m) and taller (>5 m) vegetation, 

PCT90 CHM values were first classified into two ecotones using Natural Breaks histograms. A 

categorical change detection analysis was then performed to illustrate the changes occurring within 

each ecotone. This quantifies changes within each ecotone separately, enabling a more detailed 

understanding of changes occurring across canopy height ranges. The average ecotonal change 

rate (m/yr) in lateral direction was measured and calculated manually in ArcGISPro. 

2.4.3 Statistics 

 The 2017 DUCôs landcover map was used to stratify 2016 and 2018 CHM and NDVI 

comparison results using a random sampling approach because it has high resolution and accuracy 

given the development of novel machine learning methods. As major landcover classes have 

different spatial coverage, and to avoid bias, 2000 random points were selected based on the 

proportional area coverage of classes (excluding outliers). Shapiro-Wilk normality test (Royston, 

1992) was done and since the p-values obtained from the normality test are zero, we can infer that 

the data does not adhere to a normal distribution (Appendix A2). Because of the non-normal 

distribution and the apparent nonlinear relationship between the NDVI and CHM variables, we 

employed the Spearman correlation coefficient to determine the strength and direction of their 

monotonic relationship. Given the non-linear relationship between the NDVI and CHM variables, 

we utilized a nonlinear regression analysis to model and assess their connection. The equation 

applied was per Equation 2.3. 

NDVI = b1 + b2 * Log(CHM) Equation 2.3 

In this equation, CHM is treated as an independent variable, and NDVI is the response 

variable. The goal is to estimate the values of b1 and b2 based on the available data. To evaluate 
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the model's ability to represent the observed data, an ANOVA analysis was conducted. The model's 

goodness of fit was evaluated using statistical metrics, including the F-statistic, p-value, and sum 

of squares. For residual analysis, we created a plot of the residuals against the fitted values. Our 

anticipation was that this residual plot would not reveal any noticeable patterns. All mentioned 

statistical assessment steps were repeated, this time focusing on the comparison of NDVI with 

CHM for each land cover class and also to compare NDVI trends with bitemporal CHM changes. 

Moreover, comparisons of the detected changes between the two distinct datasets, NDVI trends, 

and bitemporal CHM changes, NDVI-derived Mann-Kendall significance was employed to 

demonstrate the statistical strength of any discernible trends.  

To compute rates of change in NDVI trends and lidar-derived canopy change, ArcGIS Pro 

was utilized to establish a set of arbitrary transects. These transects are spaced at equal intervals 

of 1.5 km, running parallel to each other. These transects were overlaid onto the observed greening 

and browning regions to calculate average change rates.  

2.5 Results 

2.5.1 Landsat-Derived NDVI vs. Lidar-Derived Canopy Height 

Figure 2.3a shows the 2000, 2016, and 2018 CHMs over the lidar survey areas classified into 

four canopy height classes. Trees associated with CHM >10 m, are located on terraces and higher-

elevated levees. Figure 2.3 also shows the area coverage of each canopy height class within survey 

polygons. From 2000 to 2018, there was a general increase in all categories of canopy height. 

Among tested Landsat composite approaches, Median produced higher quality annual composites 

[Appendix A1]. Figure 3b shows 30m Median derived-NDVIs. Despite the short stature of the 

canopy, NDVI exhibits high values. While there were instances where the NDVI had high values 
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for taller canopies, high NDVI values are also found in areas with shorter canopies, and therefore, 

are somewhat insensitive to canopy height. 

 

 
Figure 2.3. a) Canopy Height Models (CHM) (5m pixel size), b) NDVIs (30 m pixel size). óWhiteô 

areas within each sample region, represent CHM <1m or NDVI <0.2. 

 

Table 2.2. Two-tailed Spearman correlation coefficient between NDVI and CHM of 

2016/18. 
 NDVI 

Spearman's rho  

CHM 

Correlation Coefficient 0.59** 

Sig. (2-tailed) 0.000 

N 1883 
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The results of the Spearman correlation coefficient between NDVI of 2016/18 and CHM of 

2016/18 are presented in Table 2.2 [see Appendix A2 for tests of normality]. The Spearman 

correlation coefficient of 0.59 reveals a significant positive monotonic relationship between the 

variables NDVI and CHM (P-value <0.001). Table 2.3 shows the coefficients of nonlinear 

regression analysis.  

 

Table 2.3. The nonlinear regression coefficients. 

 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

ln(CHM) 0.062 0.002 0.556 28.98 0.000 

(Constant) 0.639 0.004  174.40 0.000 

 

The p-value (<0.001) of the F-test displayed in Table 2.4 indicates that our regression model 

provides a significantly better fit to the dataset compared to a model without any predictor 

variables. R2 = 0.309 shows the regression model fits our observations. 

 

Table 2.4. ANOVA results and model summary of nonlinear regression analysis. 

ANOVAa 

Model 
Sum of 

Squares 
df 

Mean 

Square 
F Sig. 

1 

Regression 4.90 1 4.90 839.98 0.000b 

Residual 10.98 1881 0.006   

Total 15.88 1882    

a. Dependent Variable: NDVI 

b. Predictors: (Constant), log_chm 
 

 

Model Summaryb 

 R  R Square 
Adjusted R 

Square 

Std. Error 

of the 

Estimate 

 0.56a  0.31  0.31 0.076 

a. Predictors: (Constant), log_chm 

b. Dependent Variable: NDVI 
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Figure 2.4. The scatter plots between Median-derived NDVI of 2016/18 and CHM of 2016/18, 

overall and per landcover classes. (ANOVA results of log models are only shown). 
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Figure 2.4 illustrates relationships between 2016/18 CHM and NDVI from random sample 

points for major land covers (p-values < 0.001). Two trendlines, linear and logarithmic are used to 

describe the relationship for coincident CHM/NDVI data points with a modest improvement of R2 

(from 0.19 to 0.31) using a logarithmic trend. In this figure, several land covers (emergent marsh, 

hardwood swamp, meadow marsh, and shrubby rich fen), exhibited R2 <0.15, indicating a 

negligible correspondence between NDVI and canopy height. However, shrub swamp, upland 

conifer, and mixedwood comparisons between height and NDVI resulted in higher R2 values (0.38, 

0.46, and 0.48, respectively), suggesting a moderate level of association between the NDVI and 

canopy height within these land cover classes.  

Figure 2.5 illustrates the distribution of CHMs and NDVIs across different land covers in the 

PAD. Meadow marshes, despite exhibiting a lower range of canopy heights, displayed a similar 

range of NDVI values compared with vegetation with taller canopies. In contrast, the hardwood 

swamp land cover exhibited a broader range of CHM values, however, the NDVI range was 

comparatively narrow, with a median value of 0.84. These observations are different from what is 

observed for upland conifer, deciduous, and mixedwood land cover types. In these upland habitats, 

tree cover ranges from 25% to 100% of the total area, with each type characterized by distinct tree 

species dominance, where either conifer or deciduous species make up over 75% of the tree cover.  
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Figure 2.5. Comparison box plot random point distributions between canopy height and NDVI in 

2016/2018 for major land cover classes found in the PAD. 

 

2.5.2 CHM Bitemporal Changes vs NDVI/MNDWI Trends 

Figure 2.6 shows NDVI and MNDWI trends over the study period for the lidar survey area 

óGô as an example (Figure 2.1), with areas B, C, and D found in Appendix A3. OLS trend analysis 

can be influenced by noise or other sources of variability.  In Figure 2.6a, OLS exhibited browning 

(negative NDVI trends) around some ponds, however, TS did not show similar browning patterns. 

Consequently, OLS was excluded from the remaining analyses in this study. MK demonstrated 

similar greening trends to other methods, indicating trend consistency. Use of the MKz statistic 

reveals that around 39% of pixels exhibit statistically significant greening (positive NDVI trend) 

change. This demonstrates that an increase in NDVI trend over the ~ two decades in the PAD is 

not a result of random variations in vegetation response, rather this represents a quantitative change 

in vegetation trajectory. Overall, all NDVI trends using the various statistical methods displayed 

similar change patterns over time (Figure 2.6 and Appendix A3).  
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Figure 2.6. a) The NDVI and b) MNDWI trends over plot G as a case study example. 

MNDWI TS indicates areas within the PAD that were undergoing drying or surface water 

reduction trends (Figure 2.6 and Appendix A3), while MNDWI MKz identified those areas where 

drying trends were statistically significant (Ŭ=0.1, Ŭ=0.05, Ŭ=0.01). To improve understanding of 

MNDWI trends, annual water body maps are presented alongside the MNDWI trend results 

(Figure 2.6b). MNDWI trend analysis reveals that significant drying trends align with annual 

hydroperiod fluctuations for shallow open water and rivers/streams. Large areas of shallow open 

water (e.g. survey area B, Figure A3 in Appendix A3) in 2000 are non-existent in more recent 

Landsat image collections. Overall, the MNDWI trends reveal substantial drying in study areas 

indicated by a reduction of areas of open water, particularly in the riparian buffers, which often 

experience fluctuating hydroperiods adjacent to ponds. MNDWI trends also exhibit significant 
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shifts in river channels over time. The analysis also reveals notable changes in river meandering 

associated with fluvial geomorphic processes, indicating alterations in their spatial distribution or 

channel morphology (Figure 2.6 and Appendix A3).  

Examples of bitemporal æCHM are illustrated with trends in NDVI TS, NDVI MKz, and 

MNDWI MKz for lidar survey areas (Figure 2.7). Large increases in CHM (>5 m) over almost 

two decades were observed, mostly on upraised levees. Overall, the comparisons between 

bitemporal æCHM and NDVI trends reveal few similarities between the two datasets, where trend 

patterns and variations in æCHM differ significantly from NDVI trends, especially for taller 

canopies. Weak correspondence between CHM changes and NDVI trends is shown in Table 2.5.  
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Figure 2.7. The bitemporal æCHM, MNDWI MKz, NDVI TS, and NDVI MKz. (Legends are 

based on the orders: left to right, up to bottom for areas A and B, up to bottom for area D; and left 

to right for area G). 
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Table 2.5. The Spearmanôs correlation between æCHM and NDVI trends. 

 R Sig. N  

æCHM vs. OLS -0.11 0.000 

1806 

 

æCHM vs. TS -0.13 0.000 

æCHM vs. MK -0.05 0.037 

æCHM vs. MKz -0.06 0.016 

 

2.5.3 Ecotonal Change vs NDVI/MNDWI Trends  

Figure 2.8a shows the proportion of PCT90 æCHM area (km2) of the total proportional area 

represented by the four lidar survey areas over the last almost two decades, while Figure 2.8b 

illustrates the average expansion rate of ecotones (m/yr). Approximately 90% of the study area 

exhibited no significant changes during the study period. Furthermore, the analysis of the three 

Peace Delta sector surveys (survey areas B, C, and D) showed consistently high expansion rates 

between 2.4 and 2.9 m/yr. This indicates substantial and rapid changes and expansions occurring 

within the study area during the specified period. However, in contrast, the Athabasca Delta survey 

area (area G) displayed a lower expansion rate of only 1.5 meters per year. The mean rate of NDVI 

greening in MK z (minus browning) is 3 m/yr. 

 
Figure 2.8. a) The PCT90 æCHM area (km2) of the total proportional area represented by the four 

lidar survey areas and %. b) The average ecotonal expansion rate (m/yr.) in lateral direction. 
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Figure 2.9 provides example changes observed using PCT90 æCHM, æCHM, CHM2000, 

NDVI MKz, MNDWI MKz, water fluctuations, and the aerial RGB image (for context) from 

2016/2018. Despite non-correspondence between the æCHM and the NDVI trends, positive NDVI 

trends correspond with ecotonal expansion patterns observed in PCT90 æCHM. This indicates that 

while vertical changes in CHM may not exhibit a clear relationship with the NDVI trends, there is 

a consistent pattern of positive NDVI trends and ecotonal expansion observed in the PCT90 

æCHM and the NDVI (Figure 2.9).  

In Figure 2.9c, there are areas where NDVI trends are negative, while PCT90 æCHM does 

not exhibit a corresponding decrease in canopy height. Further, MNDWI MK z analysis did not 

reveal moisture-related trends over the shallow open water area. Longer-term hydrological trends 

would provide additional insights into changes occurring in these areas. In Figure 2.9b, positive 

NDVI trends correspond with a similar pattern of expansion in PCT90 æCHM. However, the area 

of positive NDVI trends is highly variable, where positive trends are wider in some areas and 

narrower in others relative to the ecotonal expansion observed in PCT90 æCHM. The MNDWI 

analysis revealed significant drying in upland areas and levees, which are also associated with 

positive NDVI trends and ecotonal expansion. 

In the Athabasca Delta example (Figure 2.9d), narrower expansions than the Peace Delta 

survey areas were observed, with these areas exhibiting more or less the same greening trends in 

NDVI. However, the NDVI greening appeared to cover a larger area than the PCT90 æCHM 

expansion. In the MNDWI trends, a consistent pattern of significant drying can be observed in 

almost all ponds. In the MNDWI analysis, a larger pond was observed and captured in the 2000 

image, but it did not appear in subsequent years, indicating that the pond had disappeared or dried 

out (as noted above).  
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Figure 2.9. The CHM2000, æCHM, PCT90 æCHM, NDVI MKz, MNDWI MKz, water 

fluctuations, and zoomed-in aerial photos of 2016 over a) survey area B, b) survey area C, c) survey 

area D, d) survey area G. 
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Figure 2.10. (Continued) The CHM2000, æCHM, PCT90 æCHM, NDVI MKz, MNDWI MKz, 

water fluctuations, and zoomed-in aerial photos of 2016 over a) survey area B, b) survey area C, 

c) survey area D, d) survey area G. 
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Comparing the PCT90 æCHM with the DUC landcover map (Figure 2.1) pointed out that 

CHM expansion occurs predominantly along the edge of shrub swamps (Figure 2.10). In some 

cases, shrubs also extend into marshes from adjacent swamps. The analysis of NDVI trends 

indicates consistent patterns with the PCT90 æCHM, though extents vary. In most cases, NDVI 

trends demonstrate significant positive trends, particularly along river banks. Positive trends are 

also observed in æCHM. NDVI time series also indicate positive trends in areas where no 

expansion is evident in PCT90 æCHM determined from bi-temporal airborne lidar data. 

Conversely, while some area's canopy height reduction of PCT90 æCHM corresponds with NDVI 

browning, the majority of these instances are observed as positive NDVI trends.  

Table 2.6 presents the descriptive statistics, including the mean, standard deviation (STD), 

and median, to investigate potential differences in the distribution, variability, and central tendency 

of the NDVI trends across the 90PCT æCHM classes. The NDVI trends in all four analyses 

demonstrated higher mean and median values over the expanded areas compared to the no change.  

 

Table 2.6. Mean, Standard Deviation, and Median of NDVI trend slope across the 90PCT 

æCHM ñexpansionò and ñno changeò classes. (NDVI trend slopes are dimensionless). 

Ecotonal changes 
OLS 

Mean STD Median 

<5m to >5m 1.313 7.606 0.006 

No Change 1.243 7.079 0.003 

 TS 

<5m to >5m 0.041 1.540 0.006 

No Change 0.030 1.375 0.003 

 MK 

<5m to >5m 0.340 0.208 0.346 

No Change 0.199 0.225 0.216 

 MK z 

<5m to >5m 1.864 1.139 1.894 

No Change 1.101 1.238 1.136 
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Comparison with DUC land cover classes revealed that approximately 65% of the expansion, 

equivalent to around 5% of the total survey area, occurred in shrub swamps (Figure 2.10). Another 

land cover class, hardwood swamp, accounted for approximately 1% of the total expansion in the 

area. 

 
Figure 2.11. The percentage of expansion and shrinkage occurred in the survey areas. 

 

2.6 Discussion  

2.6.1 Comparing NDVI with CHM  

NDVI showed low to moderate correlations with the lidar-derived CHM. There may be 

several reasons for this. NDVI is sensitive to sensor factors, soil, pixel components, atmosphere, 

moisture, biomass volume, etc. (Huang et al., 2021). The spectral response to these factors is not 

equivalent across Red and NIR bands, thus various environmental and atmospheric influences can 

complicate or alter NDVI. For example, Huang et al. (2021) found that NDVI for a mature 

deciduous forest can be similar to golf course grass.  
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To asses the first hypothesis, that there would be a relationship between NDVI and CHM over 

DUC landcover classes, we found that NDVI and CHM corresponded moderately (R2 between 

0.38 and 0.48, Figure 2.4) in land covers that contained taller vegetation versus other land covers 

found in the PAD. These included shrub swamps, upland conifer, and mixedwood. Taller 

vegetation also typically includes higher foliage cover (Rijkers et al., 2000), which alters the 

amount of green vegetation when viewed planimetrically. Taller, more heterogeneous, dense, and 

clumped canopies may exhibit increased greenness and reflectance as these structural complexity 

characteristics are known to be associated with improved light capture and higher forest 

productivity (LaRue et al., 2018). Conversely, canopies that are more homogeneous or less dense 

may appear darker, a phenomenon linked to their ability to scatter a larger portion of incoming 

light (LaRue et al., 2018). In the specific case of shrub landcovers, correlations may have been 

higher because these are the landcovers that are expanding, with open areas and gaps gradually 

replaced with canopy. 

In this study, shorter vegetation types were not well correlated with Landsat NDVI (Figure 

2.4) which can be due to lower canopy cover combined with more influences from the soil, 

moisture, etc. Landsat NDVI and NDVI time series analyses could provide a more accurate 

representation of vegetation changes in areas characterized by taller vegetation with partially open 

canopies, as these areas are less prone to NDVI saturation issues. 

2.6.2 MNDWI Trends 

In this study, MNDWI was used to map surface water in the study area. The commonly 

adopted approach for monitoring surface water changes over multiple years is to generate surface 

water maps for each year and to compare changes in water extent (multi-year hydroperiod) (Tetteh 

& Schºnert, 2015; Vinayaraj et al., 2018; Ward et al., 2014). Here, surface water maps were created 
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using MNDWI thresholds (Figure 2.6 and Appendix A3). In MNDWI, threshold values distinguish 

water areas with positive values (greater than zero) from vegetation areas with negative values 

(Xu, 2006). To enhance water extraction effectiveness, it is crucial to establish a suitable threshold 

for MNDWI.  

Deoli et al. (2023) used the same analysis with TS and MK Z and found significant drying 

trends in Bhopal, India. Kumar (2021) observed a decrease in water area in Naukuchiatal Lake 

during summer using the MK test and the Water Ratios index (WRI). Classification of water using 

MNDWI in 2000 depicted the presence of several areas of shallow open water (Figure A3 in 

Appendix A3), which were not observed in more recent years. Open water areas observed in 1-2 

early years were not included in the significance of the drying trend because these areas were dry 

for the majority of the time series. A longer time series would enable quantification of typical vs 

abnormal surface water. Therefore, utilizing a longer-term time series of MNDWI is likely a more 

effective approach when evaluating hydrological trends. The visual comparison between the 

drying trends in MNDWI and the vegetation expansion observed around the drying areas suggests 

a potential ecological response to changes in water availability (Figure 2.6 and Appendix A3). As 

water availability decreases, certain vegetation types may exhibit an expansion or encroachment 

into the drying areas. This expansion can be attributed to the competitive advantage of certain 

vegetation species or their ability to adapt to changing hydrological conditions (Timoney, 2009). 

2.6.3 NDVI Trends vs. Bitemporal CHM Changes 

Among tested NDVI trends in this study, the TS trend produced a smoother representation of 

the trends, while the OLS was visually similar to the MKz result in terms of the observed 

significant trends, despite having some data gaps. Also, as can be observed in Figure 2.7, MKz 

exhibits a higher degree of similarity with the patterns revealed by CHM changes.  
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Although some correlation between NDVI trends and CHM changes was expected, it was 

found that there is only a weak correlation for the survey areas examined. The second hypothesis 

that there would be a significant greening trend or expansion of shrubs and trees over the PAD 

between 2000 and 2018 was largely supported. Bitemporal CHM changes did indicate 

shrubification and tree growth in many areas, with no changes over more than half of each survey 

area. While a positive greening trend in NDVI was observed over time, its significance was notable 

in the transition from marshlands to areas with taller canopy heights and increased shrubification. 

Forest cover did not show significant greening. Forests within the Delta are primarily found on 

elevated levees and terraces, experiencing fewer flooding-drawdown cycles compared to other 

vegetation  (Timoney, 2008b). Timoney (2008b) studied rates and directions of vegetation changes 

from 1945 to 2001 in the PAD using historical aerial photography. He reported that the lowest 

changes in vegetation occurred within the Forest landcover class and the greatest changes in 

vegetation occurred in marshes. He also found that the succession between aquatic marsh 

vegetation to willow spp. Shrubs (especially after 2000) and between areas of open water and 

marsh vegetation succession were common.  

2.6.4 NDVI Trend vs. Ecotonal Expansion 

The consistent patterns observed between NDVI and PCT90 æCHM suggest a close 

relationship between vegetation greenness and changes in average canopy height (Figure 2.9). 

Considering the difference in ecotonal expansion between the Peace and Athabasca Delta sectors 

(Athabasca sector is an active delta and Peace sectors are inactive delta), this indicates different 

underlying processes. Indeed, we should not infer average rates of ecotonal expansion across the 

whole PAD, as such processes have locally variable driving mechanisms in addition to regional 

climate influences that impact runoff, flooding and evaporation over the two systems.  
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The discrepancy between the extent of greening observed in the NDVI and the expansion 

indicated by the PCT90 æCHM suggests that the NDVI captures a spatially broader range of 

vegetation response, including shorter stature vegetation, compared to that captured in the CHM-

based analysis. Moreover, larger areas of  NDVI greening may be influenced by the sensitivity of 

the NDVI index to changes in vegetation types, limitations of the NDVI calculation and 

saturations, or differences in spatial resolution between Landsat and lidar-derived products. Other 

studies have reported an overestimation in NDVI greening trends, which could be unrelated to in 

situ vegetation structural properties. Gao et al. (2022) attributed NDVI overestimation/ 

underestimation to the spatial resolution of data (250 m MODIS and 8km GIMMS). Vicente-

Serrano et al. (2020) also found an overestimation of positive NDVI trends (greening) when using 

NDVI to detect vegetation change at 1 km resolution. Therefore, it is important to consider the 

magnitude and extent of the observed greening in the NDVI, taking into account the potential for 

overestimation. The NDVI is derived through a nonlinear transformation, which can lead to the 

overestimation of NDVI values in areas with low vegetation coverage and underestimation in areas 

with high vegetation coverage (Huete et al., 1997). It can be assumed that any systematic 

overestimation in NDVI would persist throughout the entire study period, suggesting that temporal 

variations in NDVI should be minimally impacted (Luo et al., 2022).  

Further analysis and validation using ground truth data or alternative vegetation indices would 

improve confidence in the reliability of NDVI trend observations and would provide a more 

comprehensive understanding of the relationship between vegetation dynamics and canopy height-

cover and NDVI changes in the study area. 
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2.7 Conclusion 

In this study, lidar-derived CHM and æCHM collected over two decades were used to assist 

in understanding NDVI trends for some landcovers. The lidar analysis reveals an overall growth 

and filling-in of vegetation canopy, resulting in increased canopy heights across lidar surveyed 

areas. Ecotonal vegetation expansion into wetlands in the PAD was largely constrained to marsh 

riparian areas and river banks/levees that were mostly found adjacent to shrub swamps. These 

changes are indicative of patterns of shrubification due to drying of wetlands. While in situ soil 

moisture/ground water levels were not examined in this study, remote sensing data were used to 

observe drying patterns based on shallow open water MNDWI trends. The disappearance of some 

ponds after 2000 and the shrinkage of many small shallow open water areas were observed. The 

NDVI TS and MK z results presented greening patterns indicative of ecotonal expansion, though 

in most cases, the NDVI trends illustrated larger areas or faster rates of greening (~3.1 m/yr) than 

was observed in CHM-based ecotonal canopy advance (~2.4 m/yr). While the interpretation of 

NDVI trends should be approached with caution, this is likely due, at least in some part, to the 

NDVI response being more sensitive to early or leading edge changes in ecotones than DCHM-

based approaches. Nonetheless, the spatial correspondence and similarity between the average 

annual rate of NDVI greening in MK z and DCHM-based ecotonal expansion does suggest a high 

proportion of the observed greening is due to shrubification processes. 

NDVI trends showed small but systematic browning over some mature upland forest areas, 

despite not seeing a significant change in canopy height, which could be a sign of tree mortality, 

thinning, and/or changes in foliar spectral properties. In addition to enhancing the understanding 

of NDVI trends and patterns in northern delta systems, the findings of this study also provide 

preliminary insights into the vegetation dynamics of the PAD, highlighting the varying rates of 
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vegetation change and ecotonal expansion over two decades. Understanding these patterns is 

essential for assessing landscape dynamics, identifying areas of significant change, and informing 

further analysis and decision-making processes. Consequently, the results of this study represent a 

starting point for further research into the underlying causes of the observed trends and changes 

across the PAD. Assigning causes and effects to changes in complex deltaic ecosystems is 

challenging, as by their nature, deltas are in a state of constant spatio-temporal flux with multiple 

driving mechanisms, feedbacks, and variable response times, all transposed onto a long term 

changing climate signal.  
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Chapter 3: 40 Years of NDVI Trends Indicate Vegetation Threshold Response to 

Hydroclimatic Drivers Across the Peace Athabasca Delta  

Abstract 

The Peace Athabasca Delta (PAD) in western Canada is one of the world's largest inland 

freshwater deltas, designated a RAMSAR wetland of global importance in 1982, and situated 

within the UNESCO-listed Wood Buffalo National Park. It is vital to the traditional activities of 

the Athabasca-Chipewyan, Mikisew Cree, and M®tis Indigenous communities. In this study, we 

analyzed Landsat trends of NDVI and MNDWI from 1984 to 2022 to determine the change in 

vegetation and surface water over the past four decades. NDVI trend analysis revealed positive 

and negative NDVI trends (greening and browning) primarily concentrated near the peripheries of 

perched basins, each covering around 20% of the entire PAD. The MNDWI trends also showed a 

wetting (20%) and drying pattern (10%) between 1984 and 2022. However, dividing the time series 

into smaller timeframes indicated that between 1984 to 1998, the delta exhibited a noticeable 

wetting trend encompassing Lake Claire, Mamawi Creek, and the lower Embarras River. 

Subsequently, a marked drying phase occurred between 1999 and 2003, significantly altering the 

conditions within the PAD. The drying trends persisted until 2017, followed by a resurgence of 

wet conditions from 2018 to 2022. The primary land cover classes observed across the "spectrally 

greened perched basins" include shrub swamps and marshes suggesting a pattern of 

"shrubification" associated with the drying of wetlands in the PAD (11% greening post 1999-2003 

vs 5% in pre-1999-2003). The overall average greening rates pre and post 1999-2003 were 2.1 

m/yr. and 3.1 m/yr., respectively. Our comparison between temperature and precipitation 

highlighted prolonged warmer and dryer periods between 1998 and 2002 likely due to the intense 

El Ni¶o /Southern Oscillation atmospheric teleconnection pattern of 1998. While flooding events 
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are expected to continue to be a regular feature of this landscape, the extent to which the PAD can 

return to its historically large areas of persistent inundation remains uncertain. 

Keywords Boreal, Landsat Trend Analysis, NDVI, MNDWI, Shrubification, Ramsar, 

Climate Change 

3.1 Introduction  

Over the last century, changes in climate, land use, water utilization, and modifications to in-

stream flow patterns driven by development have collectively influenced the volume and temporal 

distribution of water within North American rivers (Prowse et al., 2006b). Rapid climate change 

and anthropogenic disturbances in western Canada are altering the hydrology of natural 

ecosystems. For example Hood and Bayley (2008) projected diminished groundwater recharge and 

wetland loss in the prairie pothole and western boreal regions, attributing these changes to 

decreased precipitation and elevated temperatures.  

Minor fluctuations in precipitation, evaporation, or transpiration, can result in significant 

changes in surface or groundwater levels (Burkett & Kusler, 2000). These changes can lead to the 

contraction or expansion of wetlands, the transformation of some wetlands into dry land, or the 

transition of one wetland type to another (Burkett & Kusler, 2000). Moreover, elevated 

temperatures during the spring and early summer months may trigger premature snowmelt, 

extended growing season, heightened evaporation rates, and soil desiccation, particularly if total 

precipitation does not increase, leading to more frequent and prolonged droughts (Kilpelªinen et 

al., 2010) and increased fire seasons (Stralberg et al., 2020).  

This can potentially transform conifer-dominated boreal forests into deciduous forests, 

shrublands, or grasslands (Stralberg et al., 2020; Wang et al., 2020). Moreover, elevated 
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temperatures and more frequent drought events are contributing to the desiccation and reduction 

in the size of wetlands and shallow open water (Klein et al., 2005; Stralberg et al., 2020). Boreal 

regions of eastern Canada receive more precipitation and are more resilient to climate change. 

These forests may transition to temperate mixedwood forests within the southern part of the eastern 

boreal biome (Stralberg et al., 2020). Along the southern zone of sporadic to discontinuous 

permafrost, increasing air temperatures have led to widespread thawing, with associated ground 

subsidence, or thermokarst, which is further exacerbated by wildfires (Gibson et al., 2018). 

Thermokarst is driving various ecosystem changes, including the conversion of forests into open 

wetlands, increased drought stress, and declines in lake levels (Stralberg et al., 2020).  

 Vegetation affects aquifers by directly extracting groundwater from saturated layers while 

canopy interception reduces the proportion of rainfall or snowmelt available for aquifer recharge 

(Le Maitre et al., 1999). This suggests that increases in vegetation cover in drying wetlands can 

further enhance drying and deplete aquifers (Hokanson et al., 2020). Due to their distinct climate, 

soil, and stand structure characteristics, Canada's Boreal forests are sensitive to drought compared 

to other forest ecosystems, such that even low-intensity drought events can lead to changes in 

ecosystem character and functions (Liu et al., 2023; Michaelian et al., 2011; Webster et al., 2015). 

Hence, it can be inferred that small shifts in available water resources, such as due to climate 

change, water usage, avulsion events, etc., can significantly affect boreal vegetation and wetlands. 

In western Canada, the Peace Athabasca Delta (PAD) is one of the globe's largest and most 

productive inland freshwater deltas. It includes habitats for thriving communities of various avian 

species, waterfowl, fish, muskrats, beaver, bison, and moose (Timoney, 2013). In recognition of 

its significance, the PAD was accorded the status of a Ramsar wetland of global importance in 

1982. Moreover, 80% of its expanse falls within the boundaries of the Wood Buffalo National 
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Park, which has been designated a UNESCO World Heritage Site since 1983. The region also 

serves as the ancestral land of the Athabasca-Chipewyan, Mikisew Cree, and M®tis Indigenous 

communities, who maintain a deep connection to the PAD ecosystem for their time-honored 

pursuits of hunting, fishing, trapping, and cultural practices (Wang et al., 2023). 

Historically, according to Timoney (2008a), the PAD experienced dry periods, notably from 

1845ï1848 and 1885ï1895, with low water levels, decreased muskrat harvests, and cold 

conditions. Throughout the last century, dry spells occurred in 1944ï1946, 1953ï1955, 1980ï

1985, and 1998ï2006 (Timoney, 2008a). While the PAD experienced dry conditions in the past, 

the current situation is unparalleled in terms of heat and dryness (Timoney, 2008a; Timoney, 2013). 

Additionally, the presence of a large oil sands industry upstream is a new factor. During the drying 

periods since the mid-1970s, local inhabitants have observed significant disruptions to both 

wildlife and vegetation within the delta ecosystem (Wang et al., 2023), including but not limited 

to heightened delta dynamics resulting from river cutoff, uncertain trends in shrub encroachment, 

meadow loss, diminished mudflats, fluctuations in the populations of bison, muskrat, and fish in 

the delta, elevated minimum water levels, and alterations in the frequency of ice-jam floods in the 

Peace River (Timoney, 2002). 

The delta is divided into two major sectors, the Peace and the Athabasca (Figure 3.1). Previous 

research linked the prolonged periods of dryness in the Peace sector to a decrease in ice-jam 

flooding along the lower Peace River (Beltaos, 2023; Wolfe et al., 2006a). According to Beltaos 

(2023), the pattern of drying corresponds with the timing of the Peace River's regulation, initiated 

through the building of the W.A.C. Bennett hydroelectric dam in British Columbia. This process 

encompassed the construction (1968), the filling of the reservoir (1968ï1971), and the ongoing 
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operation that commenced in 1972. The dam is positioned approximately 1200 km upstream from 

the PAD.  

Basins situated within the Athabasca sector are primarily refilled through inundation resulting 

from flooding events along the Athabasca River and its associated distributaries. The Athabasca 

River itself is not subject to regulation (Beltaos, 2023), although upstream land-use changes have 

occurred,  including agricultural expansion, oil and gas extraction, and forest harvesting (Peters et 

al., 2022). Pulp mills line the river, and oil sand mining near Fort McMurray started in the late 

1960s. Oil sands industry withdrawals constitute the bulk of less than 5% of the annual river flow 

allocated for water use (Peters et al., 2022). Moreover, its morphology in the vicinity of the 

AthabascaïEmbarras confluence underwent significant alteration due to human intervention in 

1972 (excavated a cutoff channel across the neck of a sizable 180-degree meander) and a natural 

avulsion in 1982 (Beltaos, 2023). The myriad natural and anthropogenic pressures outlined earlier 

have likely played a significant role in altering the conditions within the PAD. Understanding these 

dynamics requires a comprehensive study of the evolving state of the PAD over time.  

Unlike traditional mapping methods, remote sensing allows for efficient monitoring of large 

and remote areas, capturing dynamic changes in vegetation, hydrology, and other landscape 

features (Lillesand et al., 2015). Additionally, it enables the acquisition of data at different spatial 

and temporal scales, facilitating a more detailed and accurate understanding of the evolving 

conditions in the PAD. To study changes in the PAD, Timoney and Lee (2016) focused on two 

deltas on the Athabasca River and one on Birch River (southwest of Lake Claire, Figure 3.1) to 

evaluate how these deltas expanded through time using aerial photographs, Landsat imagery, and 

a boundary delineation approach. They used the 1950-derived map as the base map to study the 

changes. They reported an increase in the area (0.7 km) of the Athabasca sector from 1992 to 2012. 
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In the case of the Cree Creek Delta, consistent with the historical avulsion pattern, the delta's area 

remained relatively stable from 1951 to the 1980s. Noteworthy expansion in the Cree Creek Delta's 

area wasn't observed until after 1992. Subsequently, between 1992 and 2012, the Cree Creek delta 

significantly expanded in size (Timoney & Lee, 2016). 

Timoney and Lee (2016) also suggested that the similar temporal spatial growth pattern 

observed in Athabasca, Birch, and Cree Creek deltas highlights the expression of a climatic signal 

across both the Athabasca and Birch watersheds. Climate change has been associated with 

alterations in hydrology and vegetation (Strºm et al., 2011). Warmer climates are expected to 

change precipitation patterns, with more rain and less snowfall in high northern latitudes, thus 

altering the hydrology of rivers and streams (Solomon, 2007). As a result of a warmer climate, an 

increase in winter discharge in boreal rivers is anticipated, as more precipitation is likely to fall as 

rain. Earlier snowmelt will further lead to earlier and less intense spring floods (Strºm et al., 2011). 

Additionally, the thawing of permafrost due to warming trends impacts the hydrology of the 

northern boreal zone (Bridgham et al., 1995; Chasmer & Hopkinson, 2017).  

These shifts in hydrology are likely to influence riverine vegetation, given their reliance on 

understanding water flow fluctuations. The arrangement of riparian plant communities is 

determined by variations in the hydrologic niches occupied by different species (Nilsson & 

Svedmark, 2002). Substantial shifts in riparian vegetation may occur even in the absence of 

changes to the mean annual flow, as alterations in both minimum and maximum flows can 

significantly impact riparian plant communities (Auble et al., 1994). Along boreal rivers, the 

arrangement of riparian vegetation follows a vertical zoning pattern based on flood tolerance and 

moisture needs (Nilsson & Svedmark, 2002), and where floods can lead to stress and disturbance 
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of riparian plants (Auble et al., 1994; Johansson & Nilsson, 2002; Vervuren et al., 2003), thus 

compromising key physiological processes (Renºfªlt et al., 2005; Vervuren et al., 2003).  

A growing body of research has used passive optical NDVI (Tucker, 1979) derived from 

satellite imagery to monitor changes in biomass and vegetation productivity in the Arctic and 

northern areas (Elmendorf et al., 2012; Forbes et al., 2010; Fraser et al., 2011; Ju & Masek, 2016; 

Olthof et al., 2008; Raynolds et al., 2012). This index is sensitive to the chlorophyll content and 

canopy structure of plants, making it a useful indicator of photosynthetic activity and overall 

vegetation health (Tucker, 1979). The positive trend in NDVI or other vegetation indices (VIs) 

known as ógreeningô, has been linked with climate warming in high northern latitudes (Berner et 

al., 2020; Myers-Smith et al., 2020). This prolonged greening or positive trend has been associated 

with vegetation encroachment (expansion) and increased vegetation growth due to air temperature 

rise (McManus et al., 2012), as well as correlated with alterations in vegetation cover (Elmendorf 

et al., 2012), biomass and productivity (Berner et al., 2020; Forbes et al., 2010), and extended plant 

growing season (Park et al., 2016). Similar positive trends have been observed in northwestern 

Canada and Alaska by Wang and Friedl (2019). There is also evidence that spectral greening and 

browning (a negative trend in vegetation indices) co-occur in high-latitude regions with the 

presence of water bodies (Li et al., 2021a).  

Utilizing the Landsat image archive and trend analysis, this study addresses the following 

questions: 1) What spatiotemporal changes to wetlands and vegetation occurred within the PAD 

between 1984 and 2022? 2) Which landcovers (woody vegetation or non-woody vegetation) have 

undergone the greatest changes? 3) Is there a discernible abrupt change to the spatial changes 

during the time series that suggests either a disturbance or system threshold in the behaviour of the 

PAD? 4) Whether any abrupt changes have led to altered trend patterns in space or time over the 
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PAD. Our hypotheses are as follows: H1 - there was a substantial increase in vegetation (greening) 

within the region; H2 - any change in climate or hydrology will cause an increase or decrease in 

the NDVI trend observed using remotely sensed data.  

3.2 Study Area 

Situated at the confluence of the Peace and Athabasca River Deltas (Figure 3.1), along with 

several smaller deltas at the western terminus of Lake Athabasca, the PAD constitutes a complex 

deltaic formation (Timoney & Lee, 2016), including open-drainage, restricted-drainage, and 

isolated basins based on their level of hydraulic connection with the primary flow system. Within 

the open-drainage basins, alterations in water levels rapidly propagate to nearby lakes or channels. 

In restricted drainage basins, hydraulic constraints like levees, high-closure channels, or 

subsurface flow systems lead to a time delay in the basin water level response. Localized aquifer 

recharge in isolated basins occurs via overland flooding, while declines in water levels are 

predominantly governed by evapotranspiration (Beltaos, 2023).  

The PAD consistently receives substantial inflows of water and sediment from the Athabasca 

River. On occasion, during ice-jam floods and instances of extreme flow, it also receives water 

from the Peace River. Moreover, the presence of beaver dams, higher-than-usual precipitation, 

wind seiches, and the occurrence of spring and summer floods all contribute to the replenishment 

of water within the floodplain basins (Timoney, 2021). 

The delta encompasses three distinct ecosystem types: open water, uplands, and wetlands. 

Shallow waters less than 2 meters deep are classified as shallow water wetlands rather than aquatic 

systems (Timoney, 2002; Timoney, 2013). Three of the four largest lakes in the delta, Mamawi, 

Richardson, and Baril, have mean depths less than 2 meters (Timoney, 2002). Picea glauca 

(Moench) Voss and Populus balsamifera L. forests exist on alluvial terraces and elevated levees. 
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Precambrian bedrock landforms above the delta plain support diverse tree, shrub, and grass 

communities. The delta proper is further characterized by perched basins, shores, and plains 

(Timoney, 2002) 

 
Figure 3.1. a) Location of the Peace Athabasca Delta (PAD) in Canada, b) The PAD and its main 

sectors, Athabasca Delta, Peace Delta, and Birch Delta. The PAD and its sectors boundaries 

adapted from Timoney (2013). Water areas adapted from CanVec1, 2023.  

 

3.3 Data  

3.3.1 Climatological Data 

To contextualize the study, climate data from climate stations in Fort Chipewyan 

(Climatedata.ca) were utilized. Specifically, mean temperature and total precipitation 

measurements spanning the period from 1980 to 2022 were analyzed to discern any significant 

 
1 Topographic Data of Canada - CanVec Series - Open Government Portal   

https://open.canada.ca/data/en/dataset/8ba2aa2a-7bb9-4448-b4d7-f164409fe056
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changes or abrupt shifts in their respective trends. The analysis was based on the water year 

(October to September), warm season (April to October), and cold season (November to March) 

assuming these are representative of the climate (Chasmer & Hopkinson, 2017).  

3.3.2 Ducks Unlimited Canada (DUC) Landcover 

The Wetland Classification provided by Ducks Unlimited Canada (DUC) in the Wood Buffalo 

National Park was used in this study. The classification conducted using Sentinel-2 imagery from 

August 2017 and field data. The resulting land cover map boasts a resolution of 10 meters and 

demonstrates an overall accuracy exceeding 79% (Ducks Unlimited Canada, 2020). According to 

the map (Figure 3.2), approximately 30% of the PAD is characterized by open water. The next 

most prominent land cover types include shrub swamp, accounting for around 22.5%, followed by 

meadow marshes at approximately 17%, and emergent marshes at around 8%. In total, swamp 

areas encompass 30% of the PAD, while all upland covers collectively constitute approximately 

10%. 
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Figure 3.2. DUCKs Unlimited Canada (DUC) land cover map over the Peace Athabasca Delta 

(Ducks Unlimited Canada, 2020. 

 

3.3.3 Landsat Data  

Atmospherically corrected surface level Reflectance Landsat image data (Collection 2, level 

2) acquired between 1984 to 2022 (U.S. Geological Survey, 2023) were used as the basis for trend 

analyses. According to the documentation (USGS, 2021), all Landsat sensors and therefore data 

processed for Collection 2 undergo inter-calibration to minimize between-sensor differences. To 

mitigate the Scan Line Corrector (SLC)-off problems of Enhanced Thematic Mapper Plus (ETM+) 

data, Landsat 5 Thematic Mapper (TM) images were used between 1984 and 1999 and from 2001 

to 2011. For 2000 there were no quality TM images so ETM+ images were used (this year does 
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not have SLC problems). Landsat 8 Operational Land Imager (OLI) image data were used for 2013 

to 2022. There were no available cloud-free images for the years 1986, 1995, 2002, and 2012. To 

minimize the effect of vegetation phenology, only summer season imagery (mid-June to early 

September) was used to create the annual composites. All composites were reprojected to the 

NAD83 datum.  

3.4 Methods 

Time series analysis has proven valuable in various fields, including environmental 

monitoring, land-use planning, agriculture, disaster management, and ecosystem studies (Asokan 

& Anitha, 2019). However, it is crucial to emphasize the significance of obtaining cloud-free 

images to ensure the accuracy and continuity of the time series data. Given the often extensive 

cloud cover over the PAD, the only viable option was to employ the annual composite technique 

to generate composite images for each year. Based on the assessment of optimal methods in 

Chapter 2, the median method (Gumma et al., 2020) of compositing was found to be the most 

efficient over the PAD, so this was chosen to create annual composites. Before creating annual 

composites, the QA-RADSAT pixel tags were used to identify and remove saturated pixels 

(Hemati et al., 2021). Clouds and cloud shadows were removed using QA-PIXEL tags (Crego et 

al., 2022). Figure 3.3 illustrates the processing framework, and the following sections provide 

further detail. 
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Figure 3.3. The workflow of the study. L2 (Level 2); NDVI (Normalized Difference Vegetation 

Index); MNDWI (Modified Normalized Difference Index). 

 

The NDVI of each annual summer-time Landsat image was created using red and near-

infrared bands [Equation 3.1]. Given the PAD consists of many shallow ponds and lakes (Timoney, 

2002), the analysis of surface water trends involved the exploration of various spectral water 

indices. The goal was to assess their effectiveness in mitigating the impact of sediments and the 

shallow depth of water bodies on the analysis. After using different thresholds of different water 

indices, the Modified Normalized Difference Water Index (MNDWI) was used to analyze trends 

in surface water. This index uses green and short wave infrared (SWIR) bands [Equation 3.2; bands 

2 and 5 in TM/ETM+ and Bands 3 and 6 in OLI] (Xu, 2006). All preprocessing of Landsat data 

was carried out using Google Earth Engine (Gorelick et al., 2017). 

NDVI = (Near Infrared ï Red) / (Near Infrared + Red) Equation 3.1 

MNDWI = (Green - SWIR) / (Green + SWIR) Equation 3.2 
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The Landsat-based detection of trends in disturbance and recovery (LandTrendr) algorithm, a 

robust technique designed to detect changes in pixel values over time (Kennedy et al., 2010), was 

used to assess the NDVI and MNDWI trends. By analyzing patterns in time-series data, it can 

identify and characterize variations in landscapes, offering valuable insights into the dynamics of 

land cover changes. The LandTrendr algorithm involves extracting the temporal trajectory of each 

pixel over time, utilizing the pixel values from a specific spectral band or spectral index. This 

trajectory is subsequently segmented to identify phases of stability, change, and recovery following 

a change event (Kennedy et al., 2010).  

To initiate the LandTrendr algorithm, four primary parameters must be defined. Firstly, the 

"maximum segments" parameter sets a cap on the number of trend segments allowed during the 

fitting process. Secondly, the "de-spiking" parameter controls the extent to which single outliers 

influence the result, with higher values leading to less smoothing but also less effective spike 

elimination. Thirdly, a "recovery threshold" is established to set the maximum duration of 

segments that indicate a positive trend. Lastly, LandTrendr necessitates the specification of the "p-

of-F value", determining the goodness-of-fit (Dara et al., 2018; Kennedy et al., 2010). Xiao et al. 

(2020) used LandTrendr for NDVI trend analysis, experimenting with various parameters and 

ultimately concluding that the default settings were optimal. Another parameter that needs to be 

set is the Best Model Proportion. During the model selection process, the tool will calculate the p-

value for each model and identify the model with the most vertices while maintaining the smallest 

(most significant) p-value based on the proportion value. A value of 1 signifies that the model has 

the lowest p-value but may not have a high number of vertices. The default value is 1.25. Contrary 

to the default setting of 1.25 for the Best Model Proportion parameter, some research studies have 

found that using a value of 0.75 yields better output results (De Marzo et al., 2021; Esri-
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LandTrendr, Accessed in 2022; Hislop et al., 2019; Kennedy et al., 2018; Mugiraneza et al., 2020; 

Pasquarella et al., 2022) and some used the default (Xiao et al., 2020). All studies cited above 

opted to use a P-value threshold of 0.05, deviating from the default setting. Several studies opted 

for varying values of the Maximum Number of Segments, including 6 (De Marzo et al., 2021; 

Kennedy et al., 2018), 7 (Hislop et al., 2019), and 8 (Mugiraneza et al., 2020), depending on the 

specific needs of their research. In this study, we assessed different values for these parameters 

and identified the optimal combination through visual comparison between the individual NDVI 

values and the LandTrendr results. Table 3.1 provides an overview of the parameter values utilized 

for LandTrendr parametrization. LandTrendr was implemented within ArcGIS Pro (version 3.0.4). 

Table 3.1. The parameter values used for LandTrendr parametrization. 

Parameter Max no. 

segments 

Overshoot 

threshold 

Spike 

threshold 

Recovery 

threshold 

Min 

observation 

Best 

model 

proportion 

P-value 

threshold 

Value 7 3 0.9 

(default) 

0.25 

(default) 

6 (default) 1.25 

(default) 

0.05 

 

In addition to LandTrendr direct outputs, including magnitude and slope, the 

multidimensional raster output was used to create the greatest gain and loss maps in both NDVI 

and MNDWI time series using the Change Analysis raster tool in ArcGIS Pro. For improved 

observation of changes and accurate calculation of change rates, permanent lakes (Lake Claire, 

Mamawi Lake, and Richardson Lake) were masked out. The boundaries of the three lakes were 

established by combining the 1984 shoreline data with the water class information from the DUC 

land cover map. To assess notable changes in the lake edges, a 200-meter buffer was applied to the 

lake boundaries. This buffer retained the edges of the lakes while excluding permanent waters from 

the analysis. 
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To compute rates of change from NDVI and MNDWI trends, ArcGIS Pro was utilized to 

establish a set of arbitrary transects. These transects are spaced at equal intervals of 2 km, running 

parallel to each other. These transects were overlaid onto areas of observed greening or browning 

for all landcovers to calculate the average rate of change.   

3.5 Results 

The long-term residual of total precipitation and mean temperature between 1980 to 2022 

over water year, warm and cold seasons are shown in Figure 3.4. Overall, regardless of the season, 

total precipitation has decreased over the PAD. During the warm season, mean temperature has 

been increasing. Moreover, a prolonged warming period between 1998 and 2001 can be clearly 

seen in Figure 3.4 a and c.  

 
Figure 3.4. Total precipitation and mean temperature between 1980 to 2022 over: a) full water 

year, b) warm, and c) cold seasons. 
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The NDVI and MNDWI general trend change magnitudes between 1984 and 2022 are shown 

in Figure 3.5. The NDVI trend showed slightly positive NDVI or greening mostly near the edges 

or inside of ponds and lakes. At the same time, the MNDWI trend shows drying trends over some 

ponds and lakes. There are also some cases (e.g. Otter Lake, southeastern Lake Clair, and south of 

Mamawi Lake), where NDVI showed a negative or browning trend, and MNDWI trends showed 

a wetting trend. Both trends indicate that similar areas have witnessed both greening and browning 

from 1984 to 2022, while also exhibiting an overall wetting trend. 

 
Figure 3.5. Magnitude of NDVI and MNDWI time series trend change between 1984-2022 

(permanent lakes, Lake Claire, Mamawi Lake, and Richardson Lake, are masked out). On the left, 

the magnitude of NDVI trends indicates the degree of greening and browning, represented by green 

and brown colors. On the right, the magnitude of MNDWI illustrates the extent of wetting and 

drying trends, denoted by blue and red colors, respectively. 

 

Following the work of Wang et al. (2023) over the PAD, defining seven different periods, 

including 1984-1988; 1988-1993, 1993-1998, 1998-2002, 2002-2008, 2008-2015, and 2015-2021, 
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we defined eight time frames with more equal temporal periods of approximately 4 years each that 

considered the availability of Landsat images, to show NDVI and MNDWI trends over shorter 

time periods. Those are 1984-1988 (no image for 1986), 1989-1993, 1994-1998 (no image for 

1995), 1999-(no image for 2002) 2003, 2004-2008, 2009-(no image for 2012) 2013, 2014-2017, 

2018-2022.  

As seen in Figure 3.6, a significant drying and greening event occurred from 1999-2003. For 

example, the entire Baril Lake dried out during this period. Significant drying occurred all around 

Lake Athabasca and Lake Claire. While in all three periods before 1999-2003, the PAD showed 

similar trends, with a combination of wetting and drying mainly in the central part of the delta. 

After 2003, despite not having that significant trend, the PAD started to become greener and dryer.   
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