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ABSTRACT 

Worldwide, natural grasslands are threatened by the expansion of unwanted woody plant species. 

Woody plant encroachment (WPE) has become the second most important process that leads to 

grassland loss in the Great Plains Biome, affecting the food industry, the economy, and the 

environment. For grassland management practices to be effective, accurate monitoring of 

grassland health is important. Remote sensing (RS) can achieve this by offering large-scale 

coverage, near-real time monitoring, cost-efficiency, consistency, and enhanced visualization. 

From the literature, I found that there is no universal remotely sensed WPE monitoring framework 

available. Therefore, the objectives of this dissertation are i) to explore RS approaches for 

appropriate assessment of shrub encroachment in grasslands, ii) to examine the patterns and trends 

of shrub encroachment, and iii) to investigate the integration of RS approaches into grassland 

management for shrub encroachment control and grassland health. Study areas include native 

prairie regions in the Moist Mixed and Cypress Upland grassland ecoregions of Saskatchewan 

(SK). Field data (vegetation cover, plant area index, soil moisture, vegetation reflectance, and 

biomass) was used to identify the optimal season and spectral regions to estimate shrub cover in 

grasslands and spectrally discriminate common shrub species of SK. Aerial imagery was used to 

map regional shrub cover and generalized least square models (GLM) were used to identify topo-

edaphic and anthropogenic factors that relate to existing shrub cover. Our data showed that spring 

was the best season to distinguish shrubs from grass while each season had a different spectral 

region more correlated to shrub cover. Summer was the best season to spectrally discriminate 

western snowberry from wolfwillow. With an object-based approach to classify shrub cover from 

aerial images, we obtained an overall accuracy between 91%-95%. Overall, we found that shrub 

cover is spectrally not detectable when its cover is between 10%-25% of an image pixel. Our GLM 

model results showed that road closeness, medium-high grazing, and haying absence were 

significantly positively related with shrub cover. Furthermore, loam, flat, upland areas further 

away from waterbodies and wetlands favor higher shrub cover. This research can be the stepping 

stone for achieving long-term resilience and sustainability of native grassland species and their 

habitats by better understanding the interaction of local factors on WPE expansion. 

Keywords: woody plant encroachment; shrub; grassland health; spectral separability; object-

based classification; remote sensing; driving factors; generalized least square model. 
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1. Chapter 1 INTRODUCTION  

 Preface 

This chapter introduces the research topic and its importance. It also presents various debates 

around the definition of Woody Plant Encroachment (WPE). It further describes the research gap, 

hypothesis and objectives of this dissertation and provides the dissertation structure. Section 1.3 

was published as an opinion paper in:  

Soubry, I., & Guo, X. (2022). Invasive and Native Woody Plant Encroachment: Definitions and 

Debates. Journal of Plant Science and Phytopathology, 84-86. 

https://doi.org/10.29328/journal.jpsp.1001078 

Date of publication: 28 July 2022 

Publisher: HSPI Inc. The Open Access Publisher 

This opinion paper was conceptualized and written by myself while my supervisor (Dr. Xulin Guo) 

reviewed and edited the piece. This is an open access article distributed under the Creative 

Commons Attribution License, which permits unrestricted use, distribution, and reproduction in 

any medium, provided the original work is properly cited. 

Section 1.4 was published under the heading ñChallenges associated with quantifying 

spatiotemporal variability in WPEò as part of a review paper in: 

Soubry, I., & Guo, X. (2022). Quantifying Woody Plant Encroachment in Grasslands: A Review 

on Remote Sensing Approaches. Canadian Journal of Remote Sensing, 1ï42. 

https://doi.org/10.1080/07038992.2022.2039060 

Date of publication: 22 March 2022 

Publisher: Taylor & Francis Ltd, https://www.tandfonline.com 

This research was conceptualized by my supervisor (Dr. Xulin Guo) and Mr. Merek Wigness while 

I conceived and wrote the manuscript. As authors, we have permission from the publisher to reprint 

this work in the current dissertation as long as it is not published commercially (see Appendix F).  

 Importance of WPE in grasslands 

Grasslands are disappearing rapidly and they are degrading globally (Bardgett et al., 2021). 

Worldwide, natural grasslands are threatened by the expansion of unwanted herbaceous and woody 

plant species. This also holds for Canada; a Saskatchewan rancher who wrote to us said: ñWhen 

my grandfather came over 100 years ago, there was not a tree that could stop a plow. This piece 

of land today is 70% covered in trees and bushesò. Woody plant encroachment (WPE) has become 

the second most significant cause of grassland loss in the Great Plains Biome after land conversion 

to cropping (Working Lands for Wildlife, 2022). WPE affects the food industry, the economy, and 

the environment (Figure 2-1, Chapter 2). It is estimated that WPE areas support only about 25% 

of cattle capacity compared to that of open grasslands, significantly reducing available forage 

supply (Moss et al., 2008). The U.S. Great Plains have lost production value between US$4.1-5.6 

billion over the past 30 years due to WPE (Morford et al., 2022). Grassland conversion to crops is 

https://www.tandfonline.com/
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obvious, but WPE is quiet and can become difficult to reverse even with timely management 

actions. Despite the risk that ranchers face: ñwe are the species at riskò, there is no clear 

understanding of how much grassland is affected by WPE in the Canadian Prairies. The advantages 

of using remote sensing data to achieve this goal are many: large-scale coverage, near-real time 

monitoring, cost-efficiency, consistency, and visualization attributes. 

 Invasive and Native Woody Plant Encroachment: Definitions and Debates 

The term ñinvasiveò, for plants, can have a different meaning depending on the context. From a 

conservationist point of view, plant invasion is strictly referred to as the expansion of non-native 

species (Moutou & Pastoret, 2010). However, from a landowner or land managerôs point of view, 

the term ñinvasionò is often used for the expansion of native woody species into non-preferred (for 

the landowner and manager) pieces of land. A recent review that looked at the definition of 

invasive species included both native and non-native species in its final definition (Kim et al., 

2016). As it seems, there is confusion in the use of this terminology. 

 The expansion of woody species is a worldwide issue, and can include both native and non-

native species (Archer et al., 2017; Soubry & Guo, 2022b). When referring to this phenomenon, 

the term ñinvasiveò has been used inconsistently, and other terms used have different meanings 

depending on the study. For example, scientists have used the term ñwoody plant invasionò to 

examine the expansion of native woody species (Bond & Midgley, 2000; Mirik et al., 2013), and 

ecologists tend to use the term ñwoody plant encroachmentò, which can include native (Auken, 

2009) or both native and non-native species (S. R. Archer et al., 2017).  

 In our view, the term ñinvasiveò cannot be used for the expansion of native species, since 

they technically do not ñinvadeò an area, but merely increase their cover from already existing 

stands through various pathways. For such circumstances, we prefer the use of the general term 

ñencroachmentò. We further support the views of Moutou and Pastoret (2010) and Chaneton et al. 

(2012), in using the term ñinvasiveò only for non-native species that have an expansive character 

in the ecosystem of study, since not all non-native species have encroaching capabilities, and some 

might be invasive in one area, and not in another (US Forest Service, 2018). For instance, the 

genetic potential of a woody plant might have a higher chance to be reached under different, more 

optimal environments (including climate, soil, and nutrients) than in its home range, leading to 

more vigorous growth (S. R. Archer et al., 2017). Therefore, we believe that ñwoody plant 

encroachmentò (WPE) should be used as a more general term, including both the encroachment of 

native and non-native species, as supported by Archer et al. (2017). 

 There exist various definitions of WPE in the literature (Table 1-11). Archer et al. (2017) 

and Heisler et al. (2003) consider both native and non-native woody species in their definition, 

whereas Van Auken (2000) considers only native. Besides the term ñwoody plant encroachmentò, 

the terms ñwoody plant invasionò, ñwoody thicketizationò, ñwoody plant expansionò, ñinvasion of 

woody weedò, ñxerificationò, and ñinvasion of shrubsò are also used (Table 1-12). As mentioned 

before, the term ñwoody plant encroachmentò seems to be the best way of describing the expansion 

of woody plants, since it can include both native and non-native woody species. On the other hand, 

the term ñwoody plant invasionò or any other term that includes ñinvasionò is more confusing, 

since it is being used in the literature for both native and non-native species with an invasive 

character, even though it is most appropriate to be used for the latter case. Examples in the 

literature that use the term ñwoody plant invasionò for native species are many (Ansley et al., 2019; 

Burkinshaw & Bork, 2009; Leis et al., 2017; Mirik & Ansley, 2012; L. Qiao et al., 2015), while 

those addressing non-native species are more (Diao, 2017; Gavier-Pizarro et al., 2012; Hantson et 
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al., 2012; Kattenborn et al., 2019; Kurokawa et al., 2010; Mazía et al., 2019; Niphadkar et al., 

2017; Tiscornia et al., 2019; West et al., 2016). Moving further, ñwoody thicketizationò is a term 

that is related to the densification of shrubs and low-stature trees, which tend to fill the gaps 

between them, in areas with rainfall higher than 400 mm (Leite et al., 2020). Although less 

common, there are example studies that use this type of terminology (S. Archer et al., 1995, 2001; 

S. R. Archer et al., 2017; Eldridge et al., 2011; Xiong & Han, 2006). ñWoody plant expansionò is 

a general term that is a good alternative to use for ñwoody plant encroachmentò. Lastly, 

ñxerificationò has been connected to the expansion of woody plants in arid environments (e.g., 

desert shrublands). There, water and nutrients concentrate below the woody canopy, degrading the 

spaces between them, and causing higher runoff and erosion; a phenomenon referred to as ñislands 

of fertilityò (Ravi & DôOdorico, 2008). Example studies that use the term ñxerificationò are those 

of Archer et al. (2001) and Schreiner-McGraw (2020). Apart from the aforementioned terms, 

according to the review of Eldridge et al. (2011), other terms that are being used for WPE include 

ñwoody thickeningò, ñregrowthò, and ñbush encroachmentò (Table 1-12). ñWoody thickeningò is 

used interchangeably with ñwoody thicketizationò, ñregrowthò is more commonly used by 

rangeland managers, while ñbush encroachmentò is a term that is more popularly used in studies 

conducted in the African continent. All in all, it seems that ñwoody plant encroachmentò is the 

overarching term, which can be separated into ñthicketizationò or ñxerificationò, depending on the 

precipitation gradient of a region (Schreiner-McGraw et al., 2020).  

Table 1-1 Definitions used for woody plant encroachment 

Term Definition Source 

Woody plant 

encroachment 

ñThe proliferation of trees and shrubs that 

can be non-native species that were 

introduced purposely or accidentally or 

native species that have either increased in 

abundance within their historic ranges or 

expanded their geographic rangeò 

(Archer et al., 2017) 

Woody encroachment ñA process that includes recruitment of new 

species (increase in richness) and the 

expansion of existing shrubs.ò 

(Heisler et al., 2003) 

Brush, shrub, or woody 

plant encroachment 

ñThe increase in density, cover, and biomass 

of indigenous woody or shrubby plants in 

various grasslandsò 

(Van Auken, 2000) 

Table 1-2 Alternative terms used for woody plant encroachment 

Term Usual meaning Example studies 

Woody plant invasion 

expansion of native and/or non-

native woody species with an 

invasive character 

(Bond & Midgley, 2000; 

Chaneton et al., 2012; Liao & 

Boutton, 2008) 

Invasion of shrubs (Knapp et al. 2008, Brown et al. 

1999, Wang et al. 2019, 

Andersen et al. 2019) 

Invasion of woody weed (Ayers et al. 2001) 

Woody thicketization (Archer et al., 2001; Eldridge et 

al., 2011; Xiong & Han, 2006) 
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Term Usual meaning Example studies 

Woody thickening infilling of shrubs and low stature 

trees in areas with rainfall > 400 

mm 

(Bond & Midgley, 2012; 

Eldridge et al., 2013; Manea & 

Leishman, 2019) 

Xerification expansion of woody plants in arid 

environments where the grass is 

replaced by bare soil (< 400 mm 

precipitation) 

(Archer et al., 2001; Schreiner-

McGraw et al., 2020) 

Woody plant expansion used instead of ñwoody plant 

encroachmentò 

(Archer et al., 2001; Delgado, 

2017) 

Woody, bush, or shrub 

regrowth 

used by rangeland managers to 

refer to the expansion of woody 

species 

(Ansley et al., 2019; Bond & 

Midgley, 2000; Fitzgerald & 

Bailey, 1984; Watson et al., 

2019) 

Bush encroachment used instead of ñshrub 

encroachmentò in Africa 

(Gil-Romera et al., 2011; 

Moleele et al., 2002; Oldeland 

et al., 2010; Skowno et al., 

2017) 

 Research Gaps 

Several challenges and gaps related to the ecological and remote sensing aspects of WPE remain 

in the literature. 

1.4.1. Ecological Challenges 

Several ecological challenges related to monitoring WPE still exist. Firstly, ecological studies that 

involve WPE are mostly short-term and are conducted in small areas. Thus, a regional long-term 

understanding of woody cover is absent. Because WPE is a slow, decadal process, filling this gap 

in the literature is an ongoing challenge (Archer et al. 2001) that can only be resolved nonlinearly 

because differences in soil and disturbance factors (e.g., grazing, fire, and brush management) 

generate different feedbacks across a region. Therefore, one cannot simply map WPE by 

extrapolating results from small-extent studies. 

Secondly, there is no clear consensus on the attributes of WPE drivers. Indeed, there is a 

debate as to whether WPE drivers should be measured at local or global scales. For instance, 

conversion to agriculture can be small- or large-scale (Wilsey, 2018). Additionally, researchers are 

unsure whether WPE drivers are endogenous or exogenous (DôOdorico et al. 2006; Wilcox et al. 

2018), have one or multiple feedback loops (DôOdorico et al., 2012), or are direct or indirect 

(Wilcox et al. 2018). Furthermore, specific driver relationships remain unclear, such as the 

relationship between WPE and CO2 increases (Archer et al. 2017, Manea and Leishman 2019), the 

relationship between WPE and grazing (Ma et al. 2019), and how precipitation variability affects 

WPE (Maphanga et al., 2022). 

Lastly, as ecologists work to understand short-term WPE mechanisms, other gaps in the 

literature related to longer temporal scales remain. It is still unclear whether a WPE area is a carbon 

sink or source, as it varies depending on location. Soil organic carbon responses in WPE areas 

differ by the type and traits of the woody plant (Abreu et al. 2017; Lyon 2011). It also remains 

difficult  to define the absolute carrying capacity of woody species in a region with varying mean 
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annual precipitation, and it is still unclear if specific woody plant traits are connected to WPE 

(Archer et al. 2017). 

1.4.2. Remote Sensing Challenges 

Using Remote Sensing (RS), there are several different sensors and techniques to monitor WPE. 

Each of these techniques have advantages and disadvantages. It is difficult to detect early 

encroachment stages with moderate spatial resolution hyperspectral, and multispectral satellite 

data. Moreover, the use of multi-source RS data fusion methods for WPE detection remains 

limited. The main difficulties with RS data fusion are the discrepancies among sensors (i.e., 

radiometric differences and geometric misalignment). In addition, differences in orbital and sensor 

characteristics, and in sun-viewing geometry due to varying overpass times cannot be eliminated 

(Kuenzer et al., 2015). Lastly, it is often challenging to differentiate woody vegetation in 

grasslands due to rock, soil, litter, or other herbaceous vegetation (Maphanga et al., 2022).  

Overall, there is no universal RS WPE monitoring framework due to the differences in 

woody plant characteristics, RS data availability across regions, and WPE cover. In addition, there 

is a lack of consensus in the RS community on how to estimate grassland productivity from a 

rancherôs perspective. From the RS perspective, vegetation index values (e.g., NDVI) in grasslands 

are connected to productivity (Borowik et al., 2013; F. Zhao et al., 2014). However, this is not the 

ñtrueò productivity for the livestock industry because a percentage of this value relates to 

unpalatable shrub (Pickup, 1996). Lastly, although non-parametric classifiers have been used in 

recent WPE detection studies due to the many advantages they offer, comparative analyses of these 

type of classifiers for woody plant mapping are limited. 

 Research Hypothesis and Objectives 

The first hypothesis of this dissertation is that shrub encroachment can be accurately detected using 

a combination of spectral, structural, and textural features. The second hypothesis is that the 

connection of shrub presence and absence to local factors (such as topographic and anthropogenic) 

can inform grassland management. Hence, the overall purpose of this research is to understand the 

patterns of shrub encroachment in grasslands through mapping and modeling with RS techniques. 

The objectives are: 

1. to explore RS approaches for appropriate assessment of shrub encroachment in grasslands, 

2. to examine the anthropogenic and topo-edaphic factors of shrub encroachment, and 

3. to investigate the integration of RS approaches into grassland management for shrub 

encroachment control and grassland health. 

 Dissertation Structure 

This dissertation is organized in chapters that represent manuscript format and is organized in eight 

chapters (Figure 1-1). Chapter 1 introduces the basic concepts and rationale of this research and 

Chapter 2 offers a comprehensive literature review. Objective 1 is fulfilled in Chapter 3, which 

explores appropriate spectral and seasonal approaches for shrub cover estimation; and Chapter 4, 

which examines the seasonal spectral separation between two common shrub encroaching species 

in Southern Saskatchewan, Canada. Chapters 5 and 6 build upon Objective 1ῐ and use high-spatial 

resolution fall aerial imagery with red and green bands (that offer good shrub separation for that 
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season based on Objective 1) ῐ by adding texture-based variables to fulfill Objective 2 and examine 

i) the detection of shrub cover using an object-based approach, and ii) the connection of mapped 

shrub cover with topo-edaphic and anthropogenic factors. Chapter 7 addresses Objective 3 and 

examines the concept of the integration of RS and GIS into grassland ecosystem health 

assessments, along with shrub cover, which is one indicator of grassland health. This is done 

through a systematic literature analysis that examines global studies that have been conducted in 

non-tropical grassland biomes. Chapter 8 is the last section of the dissertation, and summarizes the 

main conclusions of this research, discusses the contributions and limitations, and makes future 

research suggestions that can take the current research forward. 

 

Figure 1-1 Flowchart of dissertation structure. 

 Addendum 

The first paragraph of the opinion piece, published in Soubry & Guo (2022a), was deleted when it 

was included in Section 1.3 of this dissertation. Section 1.4, which was published in Soubry & 

Guo (2022b), was renamed from óChallenges associated with quantifying spatio-temporal 

variability in WPEô to óResearch Gapô and was updated to include more recent literature on the 

topic. 
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2. Chapter 2 LITERATURE REVIEW ï QUANTIFYING WOODY PLANT 

ENCROACHMENT IN GRASSLANDS WITH REMOTE SENSING 

APPROACHES 

 Preface 

This chapter discusses the drivers and impacts of woody plant encroachment (WPE) in grasslands 

and reviews the theory, technologies, and methods, related to the quantification of WPE in 

grasslands with remote sensing. Sections 2.2 to 2.7 were published as a review paper in: 

Soubry, I., & Guo, X. (2022). Quantifying Woody Plant Encroachment in Grasslands: A Review 

on Remote Sensing Approaches. Canadian Journal of Remote Sensing, 1ï42. 

https://doi.org/10.1080/07038992.2022.2039060 

Date of publication: 22 March 2022 

Publisher: Taylor & Francis Ltd, https://www.tandfonline.com 

This research was conceptualized by my supervisor (Dr. Xulin Guo) and Mr. Merek Wigness while 

I conceived and wrote the manuscript. As authors, we have permission from the publisher to reprint 

this work in the current dissertation as long as it is not published commercially (see Appendix F).  

 Abstract 

Grasslands are an important global ecosystem, providing essential ecological and economic 

ecosystem services. Over the last couple decades, as a result of climate change and human 

activities, nearly 50% of global grasslands have degraded. Woody plant encroachment (WPE), one 

of the outcomes of climate change and human-related activities, negatively affects grasslandsô 

ecology, as well as their ability to produce food for livestock, habitats for grassland wildlife, and 

economic returns for rangeland managers. Long-term monitoring of grassland status can facilitate 

grassland restoration. Additionally, the study of factors that influence grassland dynamics (e.g., 

grazing, fire, land use, or climate) can help in the restoration of grasslands. Remote sensing (RS) 

has been used to map the spatiotemporal distribution of WPE by using a wide variety of sensors 

and methods, necessitating a review on the effectiveness of RS data for WPE monitoring. Based 

on the importance of RS data and the rate at which grassland ecosystems are changing, this paper 

provides a literature review on a theoretical basis for quantifying WPE using RS and on existing 

RS approaches for WPE monitoring. 

 Introduction  

Grasslands offer abundant ecosystem services (Schellberg and Verbruggen 2014), such as food 

security provision (OôMara, 2012), water flow facilitation and regulation (Bengtsson et al., 2019), 

carbon sequestration and storage (He et al. 2013), erosion control (Zhao et al., 2020), climate 

mitigation (Schellberg and Verbruggen 2014), and habitat diversity provision (Guo et al., 2004). 

Grasslands face multiple threats, including land use changes (mainly conversion to cropland), 

species invasions, and biodiversity loss (Hendrickson et al., 2019). Specifically, the Northern 

Mixed Grasslands cover approximately 270,000 km2 and are considered the most degraded 

grassland ecoregion globally (Shay et al., 2019). As large parts of the grassland ecosystem are 

already lost, sustaining grassland health is important for preserving the grassland ecosystem 

https://www.tandfonline.com/
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services (Bengtsson et al., 2019). One factor that affects grasslandsô health is woody plant 

encroachment (WPE). WPE refers to the increase in density, cover, and biomass of non-native or 

native trees and shrubs that expand beyond their historic or geographic range (Archer et al. 2017; 

Van Auken 2000). WPE in grasslands can lead to changes in biodiversity that can cause a decline 

in grassland habitats for a variety of plant and animal species (Parr et al., 2012), negatively 

affecting the food industry, the economy, and the environment (Figure 2-1). WPE also reduces 

the rangeland area that is available for cattle grazing, resulting in difficulties in maintaining forage 

quantity and quality for livestock (Archer et al. 2017). This can lead to substantial global economic 

losses; in fact, from 2001 to 2011, these losses have amounted to US $6.8 billion (Kwon et al., 

2016). 

 

Figure 2-1 Important grassland ecosystem services and the degrading effects of WPE (woody plant 

encroachment) on grassland functions (Section óDrivers and impacts of WPEô) with effects on the 

environment, food industry, and economy. 

 It has been estimated that about 220 million ha of grasslands in the United States (65%1) 

have been or are currently affected by WPE (Houghton et al., 1999). A recent global WPE cover 

estimate is that WPE exceeds 5 million square kilometers (Deng et al., 2021). WPE is an ongoing 

concern, increasing annually by 0.1% to 2.3% in North America (Barger et al., 2011), and by 0.3% 

per year globally (Deng et al., 2021). Despite WPEôs global reach, the factors that hinder or 

 

1 Calculated based on the total land cover of shrubland, grassland, and hay/pasture in the United States in 2001. Source: Multi -

Resolution Land Characteristics Consortium (2001). 
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facilitate woody plant growth on grasslands and the effects of WPE on the grassland ecosystem 

are not well understood. Globally, the use of remote sensing (RS) technologies can help 

researchers to quantify the distribution of WPE (Deng et al., 2021), and gain a better understanding 

of the drivers that cause WPE. 

 RS has been used to monitor WPE in various regions of the world, such as South Africa 

(Skowno et al., 2017), Denmark (Madsen et al., 2020), New Zealand (Dash et al., 2019), and Inner 

Mongolia (Dong et al., 2019). Indeed, WPE has been monitored at different spatial scales (ranging 

from 0.1 m to 1 km), and across a variety of timeframes (Browning et al. 2014; Wang et al. 2018), 

with photogrammetric (Sanjuán et al., 2018), multispectral (Brandt et al., 2016), hyperspectral 

(Meerdink, 2018), multi-angular (Selkowitz, 2010), RAdio Detection And Ranging (RADAR) 

(Mitchard et al., 2011), and Light Detection And Ranging (LiDAR) sensors (McGlinchy et al., 

2014). The accurate delineation of WPE boundaries, identification of WPE, and tracking of WPE 

changes from RS imagery can facilitate eradication and control practices (Hamada et al., 2007) 

and increase awareness on the state of grassland ecosystem health (Adams et al., 2016). However, 

there are no standard techniques for monitoring WPE with RS, nor is there a consensus on the 

most accurate methods. 

 To fill the aforementioned gaps in the literature, we provide a general review of the 

literature on WPE drivers and their impacts on the grassland ecosystem, with a focus on North 

America. We further conduct an in-depth review of the RS methods used to quantify WPE. 

Specifically, we provide the theoretical basis and examine the sensors, spectral indices, and 

classification algorithms to determine the extent of WPE and its change over time. Lastly, we 

review ecological and RS challenges in monitoring WPE and make recommendations for future 

directions. 

 Materials and Methods 

We used Google Scholar to review the literature due to its capacity for in-text searching and its 

connection to the 485 databases of the university library network (e.g., Web of Science, Academic 

Search Complete, Scopus, and ScienceDirect). Keywords were used that combined aspects of RS 

and WPE in grasslands (Table 1-1). These were grouped into the following themes: environmental 

drivers influencing the growth and persistence of WPE, the effects of WPE on grasslands, and the 

use of RS for quantifying the extent of WPE. Lastly, citations of the identified references were 

tracked. 

Table 2-1 Search terms used in literature review on quantification of woody plant encroachment (WPE) 

with remote sensing 

Theme Search terms 

remote sensing 

remote sensing 

imaging 

map 

monitor 

woody plants 

woody (plant* OR species) 

shrub 

bush 



 

10 

 

Theme Search terms 

brush 

tree 

encroachment 

encroach* 

prolifer* 

expans* 

process 

process* 

pattern* 

trend* 

mechanism* 

drivers 
caus* 

drive* 

grassland 

grassland* 

rangeland* 

prairie* 

 Drivers and Impacts of WPE 

2.5.1. Environmental and Human Drivers of WPE in Grasslands 

There has been much debate on WPE drivers across a variety of spatial scales (Figure 2-2), 

resulting in a range of research activities that examine local to global influences on woody plant 

growth (Wilsey, 2018). Climatic influences exist at the synoptic level and include increases in air 

temperature and changes in rainfall intensity (Archer et al., 2017; Cook et al., 2015; Polley et al., 

2013). Human drivers, such as land abandonment (Gartzia et al., 2014) or fire regime changes2 

(Twidwell et al., 2013), can also have a global impact when they occur at large scales, while topo 

edaphic conditions can influence the local variability of WPE (Pracilio et al., 2006). Lastly, woody 

plant life history significantly impacts woody plant succession (Ding & Eldridge, 2023). For 

instance, closeness to existing woody plants affects future WPE (Gartzia et al., 2014). Overall, 

factors that drive woody vegetation dynamics may differ by landscape context and scale. 

Therefore, spatial heterogeneity should be considered when interpreting WPE drivers (Levick and 

Rogers 2011). 

 

2 Can also be a climatic factor when fire occurs naturally without human disturbance (e.g., without fire initiation or control). 
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Figure 2-2 Global and local WPE drivers. 

 As temperatures rise and droughts become more common (Cook et al. 2015; Polley et al. 

2013), the area of grass species coverage tends to decline, providing woody species more 

opportunities to expand after rainfall (Archer et al. 2017). Overall, WPE responds to different 

precipitation anomalies (i.e., drought and increasing mean annual precipitation), which vary 

among regions and affect species differently (García et al. 2020; Sankaran et al. 2005). During 

drought, woody plants can access water from deeper regions in the soil compared to grasses, giving 

them an advantage (Archer et al., 2017). Also, according to Sankaran et al. (2005), woody plant 

establishment increases linearly up until mean annual precipitation reaches 650 mm for the African 

savanna areas, above this threshold, disturbances such as fire and herbivory are necessary for 

woody plants and grasses to coexist; Meyer et al. (2019) also found similar results. 

 Land use and land cover changes, such as agricultural abandonment (Gartzia et al., 2014), 

human population growth (Gavier-Pizarro et al., 2012), changes to grazing regimes (Bogunovic et 

al. 2019; OôConnor 2019; Sanjuán et al. 2018; Wang et al. 2019), and alterations to fire practices 

(Bailey et al. 2010; Roos et al. 2018; Scholtz et al. 2018; Twidwell et al. 2013), have contributed 

to the expansion of woody plants on grasslands. Agricultural abandonment and population growth 

lead to urban development and can contribute to WPE through an increase in propagule pressure 

(Table 2-2) (Gartzia et al. 2014; Gavier-Pizarro et al. 2012). Studies in the southern United States 

found that livestock grazing is a primary WPE driver in grasslands (Auken, 2009) because 

livestock overgrazing removes most of the fine fuels for fire. Further, grassland fragmentation 

(Wilsey, 2018) from human development (e.g. agriculture, resource extraction, and urban and 

infrastructure development) is another WPE driver. Both overgrazing and fragmentation inhibit 

fires from spreading over large natural grassland areas (Kwon et al. 2016; Twidwell et al. 2013). 

These fires kill or reduce small young woody plants, preventing WPE (Wilsey, 2018). 
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Table 2-2 Examples of Land Use/ Land Cover (LULC) factors that are important to WPE (Woody Plant 

Encroachment) 

LULC factor  Details Woody plant species Source 

    

Water 

Distance to water  

Vachellia spp., Prosopis spp. Ng et al. (2017) 

Ulmus Americana L., Juniperus L., 

Quercus muehlenbergii Engelm., Rhus 

glabra L., Cornus drummondii C.A. 

Mey., Aechmea fulgens Brongn. 

Bragg and 

Hulbert (1976) 

Gleditsia triacanthos L., Morus alba, 

Melia azedarach 

Ghersa et al. 

(2002) 

Acacia dealbata, Cupressus 

sempervirens, E. camaldulensis, etc. 

Zalba and 

Villamil (2002) 

Distance to 

irrigated 

agriculture 

Vachellia spp., Prosopis spp. Ng et al. (2017) 

Plants 

Distance to woody 

plants 

B. sempervirens, E. horridum, J. 

communis, R. ferrugineum 

Gartzia, Alados, 

and Pérez-

Cabello (2014) 

Ulmus Americana L., Juniperus L., 

Quercus muehlenbergii Engelm., Rhus 

glabra L., Cornus drummondii C.A. 

Mey., Aechmea fulgens Brongn. 

Bragg and 

Hulbert (1976) 

Forb presence Gleditsia triacanthos L. Mazía, Chaneton, 

and Ghersa 

(2019) 

Anthropogenic 
Depopulation / 

Field abandonment 

B. sempervirens, E. horridum, J. 

communis, R. ferrugineum 

Gartzia, Alados, 

and Pérez-

Cabello (2014) 

Gleditsia triacanthos L., Chaneton et al. 

(2004) 

Gleditsia triacanthos L., Morus alba, 

Melia azedarach 

Ghersa et al. 

(2002) 

P. sylvestris, F. sylvatica, C. vulgaris, E. 

cinerea, V. myrtillus, J. communis 

Sanjuán et al. 

(2018) 

Infrastructure   

Distance to 

population centers 

Vachellia spp., Prosopis spp. Ng et al. (2017) 

Acacia dealbata, Cupressus 

sempervirens, E. camaldulensis, etc. 

Zalba and 

Villamil (2002) 

Distance to roads 

Gleditsia triacanthos L., Morus alba, 

Melia azedarach 

Ghersa et al. 

(2002) 

Acacia dealbata, Cupressus 

sempervirens, E. camaldulensis, etc. 

Zalba and 

Villamil (2002) 

 Topography, hydrology, and soil properties also influence WPE (Table 2-3). Differences 

in woody plant distribution based on topography can be explained by variations in solar radiation 

and precipitation, both of which are sensitive to slope and aspect (Kennedy, 1976). Woody plants 
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are less common on south-facing slopes when conditions are warm and dry (Archer et al. 2017), 

while cooler and moist conditions facilitate woody growth on north-facing slopes. However, this 

may not be the case in more northern grasslands, where conditions on north-facing slopes are too 

shaded for woody growth. This is known as temperature limitation. Moreover, runoff facilitates 

woody growth in lowland grasslands (Archer et al. 2017). Soil depth (Pracilio et al., 2006), texture 

(Archer et al. 2017), and moisture (Harrington, 1991) affect woody growth patterns. WPE tends 

to grow more productively on coarse, deep clay loam soils compared with fine, shallow clay sites. 

However, woody growth can be enhanced in fine soil lowlands that have run-off from uplands 

(Hibbard et al., 2003). Soil texture does not affect woody plant growth of all woody species. For 

instance, the aboveground biomass of western snowberry in the northern mixed-grass prairies is 

not influenced by soil texture (Bai et al., 2009). Lastly, woody plant height is related to soil depth 

and soil pH (Pracilio et al., 2006). Shorter trees are associated with shallower soil profiles and 

often grow on more neutral soils. 

Table 2-3 Examples of topo edaphic indicators connected to WPE (Woody Plant Encroachment) 

Topo-

edaphic 

factor 

Details Woody plant species Source 

Slope 

Steep slope 

Olea europaea L. ssp. cuspidata (Wall. ex G. 

Don) Ciferri 

Cuneo, Jacobson, and 

Leishman (2009) 

P. sylvestris, F. sylvatica, C. vulgaris, E. 

cinerea, V. myrtillus, J. communis 

Sanjuán et al. (2018) 

Mid to low 

slope 

B. sempervirens, E. horridum, J. communis, R. 

ferrugineum 

Gartzia, Alados, and 

Pérez-Cabello (2014) 

Ulmus Americana L., Juniperus L., Quercus 

muehlenbergii Engelm., Rhus glabra L., 

Cornus drummondii C.A. Mey., Aechmea 

fulgens Brongn. 

Bragg and Hulbert 

(1976) 

Aspect 

South to 

southwest 

Olea europaea L. ssp. cuspidata (Wall. ex G. 

Don) Ciferri 

Cuneo, Jacobson, and 

Leishman (2009) 

Northeast 

and 

southwest 

Acacia dealbata, Cupressus sempervirens, E. 

camaldulensis, etc. 

Zalba and Villamil 

(2002) 

Elevation 
Lower 

elevation 

B. sempervirens, E. horridum, J. communis, R. 

ferrugineum 

Gartzia, Alados, and 

Pérez-Cabello (2014) 

Vachellia spp., Prosopis spp. Ng et al. (2017) 

P. sylvestris, F. sylvatica, C. vulgaris, E. 

cinerea, V. myrtillus, J. communis 

Sanjuán et al. (2018) 

Acacia dealbata, Cupressus sempervirens, E. 

camaldulensis, etc. 

Zalba and Villamil 

(2002) 

Soil 

Silty clay 
Olea europaea L. ssp. cuspidata (Wall. ex G. 

Don) Ciferri 

Cuneo, Jacobson, and 

Leishman (2009) 

Silty clay 

loam, deep & 

permeable 

Ulmus Americana L., Juniperus L., Quercus 

muehlenbergii Engelm., Rhus glabra L., 

Cornus drummondii C.A. Mey., Aechmea 

fulgens Brongn. 

Bragg and Hulbert 

(1976) 
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 One of the most dominant factors controlling the encroachment patterns of woody species 

is related to woody plant traits and dispersal patterns, such as propagule pressure, genetic potential, 

and the home range competition of each species (Catford and Jones 2019). Woody plant seeds are 

transported by wind, birds, water, ungulates, livestock, and already established woody plants that 

are nearby. Closeness to existing WPE has a large effect on future and ongoing WPE patterns. For 

instance, distance to woody plants explained 70% of WPE occurrence in mountainous grassland 

areas (Gartzia et al., 2014). Furthermore, the genetic potential of a woody plant might be reached 

more easily in different environments (including climate, soil, and nutrients) than in the home 

range of the woody plant, leading to more vigorous growth (Catford & Jones, 2019; Herron et al., 

2007). Also, woody species can have traits that allow them to compete with grasses. Many woody 

species have both shallow and deep roots, a characteristic that allows them to use shallow soil 

nutrients when available, as well as those that are deeper and below the grass root system. This is 

the concept of a dimorphic root system (Brenchley and Jackson 1921). Importantly, no universal 

WPE attributes exist, as encroaching woody plants can be very different (i.e., nitrogen fixing, 

deciduous, dispersed by livestock, dispersed by birds, or evergreen) (Archer et al., 2017). 

2.5.2. Impacts of WPE on Grassland Function 

The encroachment of woody plants into grasslands can alter the conditions of the environmentôs 

abiotic (e.g., soil, climate, and water supply) and biotic (e.g., animals, plants, and bacteria) states. 

WPE can both negatively and positively affect the native grassland ecosystem by altering grassland 

biodiversity (Gray and Bond 2013), productivity (Knapp et al., 2008), nutrient cycling (Abreu et 

al. 2017; O Donnell and Caylor 2012; Zou et al. 2016;), ecosystem structure (Archer et al. 2017), 

and energy flow (Odorico et al., 2013).    

 While WPE can result in the loss of many valued grassland ecosystem services, it does not 

necessarily degrade ecosystem structure or function (Eldridge et al., 2011). Woody plants may 

contribute to grassland biodiversity and richness as long as they do not reach the critical threshold 

that shifts the ecosystem to a shrubland, with tall or closed canopy vegetation (Archer et al. 2017). 

Moreover, in grasslands, woody plants increase both aboveground and belowground carbon and 

nitrogen (Barget et al. 2011; Lett et al. 2004). Lastly, Leaf Area Index (LAI) has been found to be 

two to three times higher in WPE-affected grasslands compared to open grasslands (Lett et al., 

2004). Due to higher LAI, the woody plant leaves contribute more to precipitation interception, 

energy conversion, and water balance. LAI is the total one-sided area of photosynthetic leaf surface 

over unit of ground (Chen et al., 1991), while the plant area index includes non-photosynthetic 

parts of the canopy (i.e., stems and fruits) (Neumann et al., 1989). High LAI is related to dense 

canopies (Neumann et al., 1989), such as those in tropical forests. Moderate LAI, on the other 

hand, is found in agriculture and natural vegetation biomes. Low LAI is found in tundra and deserts 

(Shen et al., 2014).  

 However, over time, WPE can lead to a decline in plant diversity by creating woody plant 

monocultures that reduce the ground-layer grassland flora (Gray & Bond 2013; Knapp et al. 2008; 

Price and Morgan 2008; Twidwell et al. 2013). Also, grasses with woody neighbours  become less 

productive (Aboveground Net Primary Productivity [ANPP] = 17.3 g m-2 y-1) than those without 

woody plants nearby (ANPP = 37.7 g m-2 y-1) (Pierce et al., 2019). WPE can influence grassland 

ANPP, varying along a precipitation gradient (Knapp et al., 2008). Low precipitation gradient 

grasslands affected by WPE can have a lower ANPP (75g m-2 less) than arid grasslands (Huenneke 

et al., 2002), while mesic tall grass regions affected by WPE can have a higher ANPP (496 ±45 g 

m-2) than those without WPE (167 ±13 g m-2) due to the higher aboveground biomass allocation 
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by woody plants (Lett et al. 2004). However, the effects of higher ANPP due to WPE are not 

permanent and, in the long-term, ANPP will decline in shrub-covered areas due to canopy closure, 

self-shading, and resource limitation (Archer et al. 2017). In addition, increases in carbon and 

nitrogen storage due to WPE tend to be temporary, since woody plants are more sensitive to 

disturbance than grasses (Lett et al., 2004). For example, frequent fires can rapidly oxidize 

aboveground carbon to the atmosphere, while grasses store stable organic matter in the soil. Lastly, 

temperate woody plants senesce, potentially lowering net ecosystem productivity compared to 

grasses (Wu et al., 2013), which have larger belowground nutrient storage through their root 

systems (Jackson et al., 1996). 

  Woody plant propagation is also associated with life history. Various driving factors (see 

Section 2.5.1) can reduce the competition with grasses and facilitate the establishment of woody 

species (Archer et al. 2017). By adding a new vertical structure to grasslands, WPE changes the 

microclimate and soil around woody plants (Archer et al. 2017; Odorico et al. 2013). This allows 

shrubs to survive in extreme environmental conditions ðsuch as a droughtðwhere they would 

otherwise be unable to compete with grasses (Zinnert et al., 2013). In grasslands, an increase in 

the amount and density of shrubs and trees tends to enhance the interception of precipitation by 

foliage and increases evapotranspiration (ET), resulting in decreased infiltration to groundwater 

(Li et al., 2013; Zou et al., 2016). 

There is a connection between ET, precipitation, and albedo (Ge and Zou 2013). In contrast 

to grasses, woody plants use water from greater soil depths, have lower albedo, and increase 

atmospheric air turbulence in the canopy boundary layer (Archer et al., 2017). Thus, woody plants 

enhance stomatal conductance, potential ET (Archer et al. 2017), and atmospheric aridity (Fu and 

Feng 2014). For instance, in a shrub-encroached steppe ecosystem in Inner Mongolia, China, 

Wang et al. (2018) found that differences in ecohydrological connectivity (i.e., deeper root-water 

access from shrubs and differences in canopy height, and canopy resistance) and increases in shrub 

LAI  cause higher transpiration partitioning of shrubs over grasses during the dry season. This leads 

to increased ecosystem water availability due to WPE. The authors conclude that WPE causes 

changes in vegetation structure, and these changes can have an important effect on land-

atmosphere interactions and climate feedbacks in grassland ecosystems. 

These effects vary with site mean seasonal precipitation, shrub traits (i.e., canopy and root 

structure), and soil characteristics (i.e., depth and texture) (Archer, 2010). For example, during dry 

seasons, shrubs access deeper soil water, thus contributing more to ecosystem transpiration than 

grasses (Wang et al. 2018). During wet seasons, however, grasses contribute more to ecosystem 

transpiration than shrubs because they quickly use recharged surface soil water (Wang et al. 2018). 

Also, when the vegetation cover due to WPE is denser, less solar radiation reaches the ground, 

leading to a reduction in soil evaporation (Breshears et al., 1998). On the other hand, increasing 

shrub cover can also decrease the total ecosystem LAI due to a decrease in grass LAI and an 

increase in bare soil. This phenomenon, for its part, increases the solar radiation that reaches the 

ground, leading to an increase in evaporation (Schlesinger et al. 1990; Wang et al. 2018). 

A vegetation shift from grassland to shrubland affects albedo and surface temperature, 

influencing humidity and latent and sensible heat exchange, which in turn affect precipitation 

patterns (Archer, 2010). Higher soil moisture in WPE grassland areas can increase ET and latent 

heat flux, cooling down the soil (due to the loss of latent heat) and leading to greater precipitation 

(Ge & Zou, 2013; Schlesinger et al., 1990). Beltrán-Przekurat et al. (2008) found that the 

differences in energy exchange depend on the type of shrub encroachment. For instance, WPE of 

mesquite cooled the near-surface atmosphere while creosotebush warmed it. When compared to 
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grasses, mesquite has a higher albedo, which decreased the available energy. This energy, for its 

part, dissipated as latent heat due to mesquiteôs higher soil moisture content. The creosotebush 

decreased albedo and increased the roughness length and displacement height, contributing to an 

increase in surface sensible heat and higher temperatures. Similarly, Vivoni et al. (2021) found 

that the intra-annual variability of energy partitioning in WPE areas largely depends on water 

availability because in the summer months, the latent heat had exceeded the sensible heat exchange 

in one of their study areas with higher summer-time moisture. However, this did not occur in their 

other study area. Ge and Zou (2013) noted that in semiarid regions, such as the southern Great 

Plains, ET moisture is limited, and the additions of both bare soil and a decrease in albedo due to 

WPE mostly increase the surface temperature. This occurs because of increases in both sensible 

heat flux and surface roughness. Overall, increases in latent heat flux from high ET rates in 

ecosystems with deciduous components can be significant. When compared to herbaceous plant 

species, deciduous vegetation has higher water use and storage capacity (Cristóbal et al., 2020). 

 Using Remotely Sensed Data for Monitoring and Managing WPE in Grasslands 

2.6.1. Remote Sensing Technologies Used to Monitor WPE 

Grasslands cover a large portion of the Earthôs surface, which makes WPE monitoring difficult. 

Numerous RS systems have been used to examine WPE in grasslands. They can be separated into 

i) photogrammetric, ii) multispectral, iii) hyperspectral, iv) multi-angular, v) RADAR, and vi) 

LiDAR. Spectral characteristics of shrub and grass cover can be detected with multispectral 

(Brandt et al., 2016; West et al., 2016) and hyperspectral systems (Meerdink, 2018), while 

structural attributes are quantified with photogrammetric (Sanjuán et al., 2018), multi-angular 

(Selkowitz, 2010), RADAR (Mitchard et al., 2011), and LiDAR (McGlinchy et al., 2014) systems. 

In the overview that follows, we start with passive RS systems, followed by active RS systems. 

For each category, we move from those used earliest and from the simplest to the more complex 

ones. To provide context on how different RS sensors and methods can be used for WPE mapping, 

we include examples of common low-stature encroaching shrub species of North America in 

different seasons (Figure 2-3). 
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Figure 2-3 Examples of WPE in North America: (a) western snowberry (Symphoricarpos occidentalis) at 

the Kernen Crop Research Station of Saskatoon, Canada (30 April 2021); (b) wolfwillow (Elaeagnus 

commutata) at the Kernen Crop Research Station of Saskatoon, Canada (14 May 2021); (c) western 

snowberry (Symphoricarpos occidentalis) at the Kernen Crop Research Station of Saskatoon, Canada (12 

June 2021); (d) wolfwillow (Elaeagnus commutata) at the Kernen Crop Research Station of Saskatoon, 

Canada (3 July 2020); (e) shrubby cinquefoil (Dasiphora fruticosa) at the West Block of Cypress Hills 

Interprovincial Park, Canada (14 August 2020); (f) big sagebrush (Artemisia tridentate) at Grasslands 

National Park, Canada (19 August 2020). 

2.6.1.1.  Aerial Photography 

The most simple method to monitor WPE is with multitemporal photointerpretation (Myers-Smith 

et al., 2011). Historical aerial photographs offer the advantage of monitoring long-term WPE 

changes prior to satellite image collections (Hudak and Wessman 1998). The high spatial 

resolution (decimetres to metres) allows for the separation of woody canopies. Prior to the early 

1990s, studies used manual photointerpretation techniques (e.g., acetate grid overlay) to estimate 

woody cover (Bragg and Hulbert 1976). Manually counting canopies was time-consuming, and 

many photographs were needed to cover broad areas. This method became even more time-

consuming when researchers also started to examine changes in WPE through time (Hudak and 

Wessman 1998). Since the early 1990s (Baltsavias 1998; Colomer and Colomina 1994; Gruber & 

Leberl 2000), researchers have scanned and used aerial photographs to map changes in WPE (April 

Sahara et al., 2015; González-Roglich et al., 2015; Zalba & Villamil, 2002). Aerial photographs 

between 1850 and 1950 (Center for Photogrammetric Training, 2008) are in grey-scale. Since the 

1950s, however, aerial photographs have been in colour-infrared or true colour (April Sahara et al. 

2015; Berg et al. 2016; Hudak and Wessman 1998; Sanjuán et al. 2018). The addition of such 

spectral information can be used for species classification. For example, Poznanovic et al. (2014) 

used 1 m colour-infrared aerial imagery to classify western juniper (Juniperus occidentalis). This 

classification resulted in an overall accuracy of 95.1% when compared to visually interpreted 

training samples of the image. 
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However, for accurate quantitative measurements of woody expansion over time, multiple 

aerial photographs must be orthorectified and georeferenced, requiring the collection of ground 

control points. This process is time-consuming because it requires the identification of many non-

ambiguous landmarks (e.g., corners of roads), which can be difficult to find in naturally vegetated 

areas (Sahara et al., 2015). In addition, the lack of radiometric similarity between aerial 

photographs of different years due to variations in light, atmospheric conditions and photography 

equipment and development makes it difficult to compare between multitemporal photographs. To 

improve multitemporal analysis and better calibration between photographs, one could use a 

control site with negligible vegetation changes across years (Hudak & Wessman, 2001). 

2.6.1.2. Multispectral 

Multispectral sensors measure the reflectance, absorption, and transmission of discrete, 

discontinuous broad bands from the electromagnetic (EM) spectrum with interactions from land 

surface features (typically between 3 to 15 bands). Several multispectral sensors have been used 

to monitor WPE (Table 2-4). Brandt et al. (2016) used the high temporal frequency of MODIS 

and SPOT Vegetation to measure woody cover in the Sahelian drylands; and the Landsat series of 

satellites have been used over the years to detect various woody species (Table 2-4) because they 

boast long-term availability of medium spatial resolution (30 m) and temporal resolution (16 days). 

For instance, Filippelli et al. (2020) used Landsat seasonal composites to estimate eastern red cedar 

(Juniperus virginiana L.) encroachment between 1984 and 2018. The launch of Sentinel-2 

improved both spatial (10-20 m) and temporal resolution (5 days), allowing for WPE detection at 

earlier growth stages and within smaller stands (Kattenborn et al. 2019; Ng et al. 2017). 

Commercial multispectral sensors, such as World-View, Pleiades, Quickbird, SPOT, and 

IKONOS, provide even higher spatial resolution (between 0.3 and 20 m) and have also been used 

in WPE monitoring (Table 2-4). For instance, Tesfamichael et al. (2018) recommended the use of 

SPOT 6 and 7 data instead of Sentinel-2 and Landsat 8 data for WPE mapping due to the formerôs 

more certain identification of spectral and structural attributes. This improved identification is also 

associated with higher spatiotemporal resolution (1.5 and 6 m every 3 days or less). 

For many years, multispectral imagery has enabled WPE monitoring because multispectral 

imagery frequently covers the entire Earthôs surface, because users have no or low cost in obtaining 

the images, and because multispectral images are easier to process compared to other types of 

imagery, such as hyperspectral images (Paz-Kagan et al., 2019) (Table 2-4). In particular, the 50-

year continuity of Landsat data (since 1972) has provided opportunities for long-term WPE 

monitoring (Marston et al., 2017). However, most multispectral satellite sensors have medium 

spatial resolution and are limited to detecting only advanced encroachment, not early WPE stages. 

Other challenges related to multispectral sensors for WPE monitoring are: i) low spectral 

resolution, which may impede the differentiation of woody and grass species (Soubry and Guo 

2021); ii ) the dependence on cloud-free images, especially when examining phenological changes 

(Kovalskyy and Roy 2015); and iii ) the high cost of high resolution imagery that would be 

necessary for long-term studies (He et al., 2011; Ng et al., 2017).
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Table 2-4 Spaceborne multispectral sensors, series, or programs used for the detection of WPE (Woody Plant Encroachment) 

Sensor type Sensor, Series, 

Program 

Spatial 

resolution* 

Details Max. rate of 

success 

Source 

Non-

Commercial 

MODIS, SPOT 

VEGETATION 

(VGT) 

1 km 

Detecting woody vegetation (trees, shrubs, 

bushes) 

r2=0.73 (MODIS), 

r2=0.70 (VGT) 

Brandt et al. (2016) 

Landsat 30 m 

Detecting Olea europaea L. 

spp. cuspidata (Wall. ex G. Don) Ciferri  

-OA1=85.1% Cuneo, Jacobson, and 

Leishman (2009) 

Detecting Lonicera maackii (Rupr.) Herder r2=0.75 Wilfong, Gorchov, and 

Henry (2009) 

Detecting Juniperus virginiana L. N/A Yue (2009) 

Detecting Acacia spp., Albizia cf. petersiana 

and larger trees 

OA=75.2% 

 

Marston et al. (2017) 

Detecting Prosopis glandulosa Torr. OA=87% Mirik and Ansley (2012) 

Detecting Mimosa pigra N/A Delgado (2017)  

Detecting Ligustrum lucidum Kappa=0.88 Gavier-Pizarro et al. (2012) 

Detecting WPE in mountain grasslands Kappa=0.91 Gartzia, Alados, and Pérez-

Cabello (2014) 

Detecting Frangula alnus and Rhamnus 

cathartica 

OA=88%, 

Kappa=0.73 

Becker, Zmijewski, and Crail 

(2013) 

Detecting Prosopis caldenia r2=0.87 González-Roglich and 

Swenson (2015) 

Detecting Tamarix spp. OA=85% West et al. (2016) 

Detecting Tamarix spp. OA=80% Carter et al. (2009) 

Detecting Artemesia afra, Asparagus 

laricinus, Seriphium plumosum 

OA=79% Tesfamichael et al. (2018) 
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Sensor type Sensor, Series, 

Program 

Spatial 

resolution* 

Details Max. rate of 

success 

Source 

Sentinel-2 10 m 

Detecting Pinus radiata, Ulex europaeus, 

Acacia dealbata  

r2=0.91 Kattenborn et al. (2019) 

Detecting Prosopis and Vachellia spp. OA=96% Ng et al. (2017) 

Detecting Artemesia afra, Asparagus 

laricinus, Seriphium plumosum 

OA=84% Tesfamichael et al. (2018) 

Commercial 

WorldView 0.3-3.7 m 

Detecting Acacia spp., Albizia cf. petersiana 

and larger trees 

OA=90.2% Marston et al. (2017) 

Detecting Artemesia afra, Asparagus 

laricinus, Seriphium plumosum 

OA=97% Tesfamichael et al. (2018) 

Pleiades 0.7-2.8 m 

Detecting Prosopis and Vachellia spp. OA=95% Ng et al. (2017) 

Detecting Artemesia afra, Asparagus 

laricinus, Seriphium plumosum 

OA=69% Tesfamichael et al. (2018) 

Quickbird 2.88 m 

Detecting Acacia spp., Albizia cf. petersiana 

and larger trees. 

OA=91% Marston et al. (2017) 

Detecting Tamarix spp. OA=91% Carter et al. (2009) 

SPOT 

1.5-10 m  
Detecting Artemesia afra, Asparagus 

laricinus, Seriphium plumosum 

OA=68% Tesfamichael et al. (2018)  

10-20 m 

Detecting Grewia and Acacia spp. OA=89%, 

Kappa=81.1 

Munyati et al. (2011) 

Detecting Dichrostachys cinerea africana r2=0.2 Hudak and Wessman (2001) 

IKONOS 1 m Detecting Acacia spp., Albizia cf. petersiana 

and larger trees 

OA=92.5% Marston et al. (2017) 

*Source: ESA: www.earth.esa.int, 2020; 1OA=Overall Accuracy
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2.6.1.3. Hyperspectral 

The use of hyperspectral data is promising due to the large number of narrow contiguous bands 

(1-10 nm, usually between 350 and 2500 nm) that can be used to estimate plant biochemical 

characteristics (e.g., chlorophyll content, water content, and leaf chemistry) (Bradley 2014; 

Schellberg et al. 2008; Skowronek et al. 2017). Notably, these bands cover the absorption or 

reflectance window of a plant characteristic. Plant biochemical characteristics cannot be estimated 

when the multispectral bands do not cover this window or may be less reliable when using broader 

bandwidth. Certain shrub and grass properties (e.g., cellulose, lignin, mesophyll structure, and leaf 

water content) differ (see Section 2.6.2), leading to spectral responses that are discernible in 

narrow hyperspectral bands due to differences in absorption and reflectance. Therefore, a number 

of studies used hyperspectral data to detect WPE (Table 2-5). Examples include the detection of 

chapparal shrubs with AVIRIS (Meerdink, 2018) and the detection of Tamarix spp. with Hyperion 

(Carter et al., 2009), AISA (Narumalani et al., 2009), and HyperSpecTIR (Miao et al., 2011). 

 Even if plants are morphologically similar, they might still be distinguishable by using 

narrow hyperspectral bands. For instance, Tesfamichael et al. (2018) investigated whether it is 

possible to distinguish a narrow-leaved woody invasive shrub from a co-existing native narrow-

leaved shrub species. They used the original hyperspectral bands of a spectroradiometer and 

simulated bands of Landsat 8, Sentinel 2A, SPOT 6, Pleiades 1B, and WorldView-3 with two 

classifiers (i.e., boosted trees and support vector machine-SVM) and reached overall accuracies 

between 83% and 97%. Based on the simulated data, the most important wavelengths for the 

boosted trees classifications fell in the NIR and SWIR region; on the other hand, the contributions 

of all wavelengths were comparable for the SVM classifier. Seasonal hyperspectral data are also 

used to improve woody species detection (Oldeland et al. 2010; Somers and Asner 2013). 

Differences between woody species and grasses in the timing of green-up in early spring and 

senescence during autumn lead to differences in reflectance and absorption characteristics, which 

could facilitate their separation (see Section 2.6.3.1).  

 Hyperspectral data can also be used to estimate other grassland properties, such as 

productivity and overall health. Aboveground biomass at the peak of the growing season has been 

used as a proxy for ANPP (Holechek et al., 2011). Sibanda et al. (2016) used simulated 

hyperspectral satellite data (HyspIRI) to estimate grassland biomass differences in burned, mowed, 

and fertilized areas. The sparse partial least squares regression resulted in an r2 of 0.69 and a Root 

Mean Square Error (RMSE) of 6.65 g/m2, compared to in situ biomass measurements across all 

management practices. Bands across the NIR region of the EM spectrum had the highest predictive 

accuracies. Rahman et al. (2003) used airborne hyperspectral data to calculate indices related to 

chaparral and grassland biomass, plant water content, and photosynthetic activity. Another 

indicator related to grassland health and productivity is chlorophyll content, because it is an 

indicator of NPP (Blackburn, 2007) and stress physiology (Netto et al., 2005), and it is indirectly 

related to nutrient status (Moran et al., 2000). Chlorophyll content can be approximated with 

narrowband hyperspectral indices that have one or more wavelengths in the red-edge region (~690-

750 nm) (Tong and He 2017) (see Section 2.6.3.1).



 

 

 

2
2 

Table 2-5 Examples of hyperspectral sensors, series, or programs used for the detection of WPE (Woody Plant Encroachment) 

Sensor type Sensor, Series, 

Program 

# of 

bands 

Spectral 

range 

(nm) 

Spatial 

resolution 

(m) 

Swath 

width 

(km) 

Example application Max. rate of 

success 

Example source 

Spaceborne EO-1 Hyperion 220 400ï2500 30 7.7 

Monitoring encroaching 

tree species 

Kappa= 0.80 Somers and Asner 

(2013) 

Mapping Tamarix spp. OA1= 88% Carter et al. (2009) 

Airborne   

AVIRIS 224 400ï2450 

18* 12* Detecting chapparal 

shrubs or conifers 

Kappa= 0.86 Meerdink (2018) 

 

 

3 N/A Detecting Juniperus 

virginiana L. and Pinus 

ponderosa C. Lawson 

OA=94% Wylie et al. (2000) 

3.3 N/A Map Prosopis 

glandulosa 

r2=0.84 Martin and Asner 

(2005) 

HyMap 126 450ï2500 5* 2.5* Mapping Acacia spp. Pearsonôs r=0.97 Oldeland et al. 

(2010) 

AISA 

 

 

  

512 

 

390ï1000 

 

1.5*  1.6* 

 

Detecting Tamarix spp., 

Elaeagnus 

angustifolia L. 

OA=74-83% 

(Tamar.), 

OA>90% 

(Elaeag. angust.) 

Narumalani et al. 

(2006, 2009) 

Simulated 

EnMAP from 

AISA 

146 423ï2439 30 0.6 Shrub cover fraction 

estimation 

r2=0.64 Schwieder et al. 

(2014) 

Surface Optics 

Corporation 

(SOC) 700 

120 394ï890 0.5 0.9 Mapping Tamarix spp. OA= 95% Hamada et al. 

(2007) 

N/A 128 457.2ï

921.7 

1.68 1 Mapping Juniperus 

ashei J. Buchholz 

OA= 97% Yang, Everitt, and 

Johnson (2009)  

N/A 102 457.5ï

921.7 

1.56 1 Mapping Tamarix spp. OA= 82% Yang, Everitt, and 

Fletcher (2010) 

HyperSpecTIR 227 450ï2450 1 0.6 Mapping Tamarix spp. OA=92% Miao et al. (2011) 

RPAS OXI-II  41 400ï900 0.1 N/A Mapping invasive 

woody species 

r2>0.80 Kattenborn et al. 

(2019) 

*Spatial resolution and swath width depends on the flying height of each airborne mission. 1OA=Overall Accuracy
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Moreover, hyperspectral data can be used to assess forage quality, which is defined through 

the chemical composition (e.g., protein, lignin, ash, and moisture) and nutrient concentration (e.g., 

digestible energy and net energy for lactation) of grass (Meissner, 1999). Guo et al. (2010) used 

hyperspectral canopy reflectance data from the field and the laboratory to predict forage quality 

variables3. Results from a regression model predicted protein levels from field reflectance with a 

correlation of r2 = 0.63, while the relationship with other forage quality variables was not strong. 

This approach can be useful for livestock managers and for the estimation of rangeland conditions. 

Lastly, since there are differences between the spectral characteristics of grassland vegetation 

components due to growth form (e.g., grasses and shrubs), the grassland degradation status can be 

defined using hyperspectral information related to the differences in chlorophyll, cellulose, and 

water content (Liu et al., 2015).  

However, grassland degradation can take place without reduction in vegetation cover or 

with an increase in NDVI (e.g., due to WPE). Therefore, a single spectral feature is usually not 

enough to capture grassland health. Use of hyperspectral data and prior knowledge related to the 

study area can improve researchersô understanding of grassland degradation. Lyu et al. (2020a) 

used Hyperion images to identify the composition of typical grassland vegetation species and 

proposed a method to assess their degree of degradation at a regional level. Multiple endmember 

spectral mixture analysis (MESMA) and fully constrained least squares pixel unmixing were used, 

in combination with field-obtained spectral curves of grassland vegetation species, under different 

grazing gradients. Spectral characteristics of typical grassland plants were compared between 

grassland degradation gradients, which were established based on degradation monitoring 

standards. The spatial resolution of hyperspectral data is another important consideration when 

differentiating between WPE and grass. Spaceborne, low spatial resolution hyperspectral data can 

be used to detect homogeneous woody stands, while high spectral and spatial airborne data can be 

used to detect heterogeneous species mixtures (He et al. 2011). Therefore, medium resolution 

hyperspectral data (e.g., 30 m Hyperion data, Table 2-5) could detect homogeneous WPE covering 

an image pixel but not early WPE (Carter et al., 2009).  

 Despite the benefits, there are still several drawbacks in the use of hyperspectral data. First, 

most current hyperspectral sensors have a narrow swath width, which does not allow for efficiency 

in large-scale observations (Zhang et al., 2019). Second, since most current hyperspectral sensors 

are airborne, their operational cost is high (Royimani et al. 2019; Schellberg et al. 2008;), and their 

global cover is limited (He et al. 2011). Third, the additional complexity of hyperspectral data calls 

for specialized image processing outside basic RS expertise (Narumalani et al., 2009) and for more 

time and data storage (He et al. 2011). Fourth, the atmospheric correction of hyperspectral imagery 

is difficult due to its high sensitivity to atmospheric constituents. For this purpose, empirical 

corrections, radiative transfer modelling (Katkovsky et al., 2018), and their combinations have 

been used (Gao et al., 2009). With radiative transfer modelling, atmospheric quantities related to 

the absorption and scattering of top of atmosphere radiance due to atmospheric gases and aerosols 

are simulated, allowing for the retrieval of surface reflectance (Gao et al., 2009).  

To address the difficulties associated with existing hyperspectral sensors, several new 

spaceborne hyperspectral sensors have been launched, and more missions are planned for the near 

future. PRISMA4 was launched in March 2019 (eoPortal Directory, 2019b). This sensor measures 

spectral reflectance and absorption characteristics at 30 m spatial resolution images over a 30 km 

 

3 These included protein, lignin, ash, moisture at 135 ºC, neutral detergent fiber, acid detergent fiber, total digestible, digestible 

energy, net energy for lactation, net energy for maintenance, and net energy for gain. 
4 PRecursore IperSpettrale della Missione Applicativa. 
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swath width together with panchromatic images at 5 m spatial resolution, which can be used for 

pan sharpening (eoPortal Directory, 2019b). Since 2016, five more Chinese spaceborne 

hyperspectral sensors have been launched, providing numerous advantages, such as additional 

continuous spectral bands from the visible to the thermal infrared, wide-swath imaging systems, 

and shorter revisit time with the use of constellations (Zhong et al., 2021). 

Hyperspectral data availability over the Earthôs surface will increase in the coming years. 

This will provide new opportunities for better understanding and monitoring of the large-scale 

biophysical and biochemical attributes of grasslands and other ecosystems. Future launches 

include i) EnMAP5, with 30 m spatial resolution images of a 30 km swath every 4 days (eoPortal 

Directory, 2019a); ii) SHALOM6, with 10 m spatial resolution hyperspectral images in 

combination with panchromatic images at 2.5 m every 2 days (Dor et al., 2014); iii)  HyspIRI7, at 

60 m resolution with images every 19 days (Jet Propulsion Laboratory, 2018), and iv) HypXIM 8, 

with 8 m hyperspectral and 2 m panchromatic images and a 3-day revisit time (Michel et al., 2011; 

Rebeyrol et al., 2020). The potential advantages offered through EnMAP for WPE mapping have 

already been estimated using simulated data in Schwieder et al. (2014). In their study, estimates of 

fractional shrub cover were correlated with reference data from the manual interpretation of air- 

and ground-based photographs (mean r2 = 0.64, mean RMSE = 0.12 fractional shrub cover). 

2.6.1.4. Multi-Angular 

Multi -angular remote sensors are multi-spectral or hyperspectral sensors that take advantage of the 

differences in reflected solar radiation from land cover types sensed over a range of view angles. 

The view angles, for their part, are associated with the bidirectional reflectance distribution 

function (Selkowitz, 2010). Different viewing angles result in reflectance differences, caused by 

vegetation type, canopy structure, non-photosynthetic material, background contributions, and/or 

shadowing (Gobron et al., 2002; Verrelst et al., 2008). For instance, surface reflectance anisotropy 

affects the red and NIR reflectance values, causing different directional responses depending on 

the vegetation type (Leblanc et al., 1997). Multi-angular observations therefore provide unique 

information for land cover detection (Chen, Huang, & Xu, 2017a). For example, structural traits 

(i.e., tree height, density, or crown diameter) can be monitored through the multi-angular capacity 

of the Compact High Resolution Imaging Spectroradiometer (CHRIS). Compositional and 

structural traits (i.e., leaf area or canopy openness), on the other hand, can be inferred from the on-

board spectrometer CHRIS (Millan and Sanchez-Azofeifa 2018). Differences between grass and 

shrub cover can be highlighted through their reflectance over multiple angles. Notably, the 

presence of vertically elongated foliage clumps of medium to high density (e.g., tall and dense 

shrubs) generate a bell-shaped reflectance pattern, whereas areas with compact vegetation 

canopies (e.g., uniformly covered grassland) have a bowl-shaped reflectance pattern (Widlowski 

et al., 2004). 

 Multi -directional RS has been used to detect woody vegetation (Table 2-6) with ground 

spectroradiometers at various viewing angles (Franklin et al., 1994; Naupari et al., 2013). For 

instance, Naupari et al. (2013) quantified the NDVI of four rangeland functional groups across 

multiple view angles and found that shrubs had the highest anisotropy in all wavebands due to 

 

5 Environmental Monitoring and Analysis Program. 
6 Spaceborne Hyperspectral Applicative Land and Ocean Mission. 
7 Hyperspectral Infrared Imager. 
8 Hyperspectral X Imagery. 
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their complex structure and shadowing. Multi-angular remote sensors, such as the POLDER-1 

instrument (Chen, Menges, & Leblanc, 2005), the MultiAngle Imaging Spectroradiometer (MISR) 

(Chopping et al., 2008; Selkowitz, 2010), CHRIS (Chopping et al., 2006), and multi-angular 

MODIS (Chen, Huang, & Xu, 2017b), have also been used to map woody plants (Table 2-6). In a 

land cover classification study conducted by Chen et al. (2017b), the classification of shrubs with 

only multispectral data resulted in misclassifications with impervious cover (shrub userôs accuracy 

= 57.27%). The addition of multi-angular, temporal, and topographic features reduced these types 

of misclassifications (shrub userôs accuracy = 74.36%). In another study, MISR (275 m pixel size) 

resulted in an r2 of 0.53 between estimated fractional shrub cover and reference data (Selkowitz, 

2010). Low resolution multispectral data from MODIS included visible, NIR, and middle infrared 

bands, while multi-angular data from MISR had a red band. Combined, these data improved 

fractional shrub cover estimates even more (r2 = 0.60). Also, both datasets have the same nominal 

spatial resolution, cross the equator at nearly instantaneous and coincident timing (10:30 a.m. 

UTC) (NASA, 2021a), and the same data distribution centre provides both datasets as 

complements, thus facilitating their combined use. 

Geometric optical models, which model the RS observation as a linear combination of 

sunlit and shaded components, are used for the above classifications of woody plant cover 

(Chopping et al., 2008). This is because the sunlit components are related to the upper canopy (i.e., 

shrubs) and include leaves, stalks, and branches. The shaded component includes the soil and 

understory (i.e., litter, mixed grasses, and annuals) (Chopping et al., 2006). The separation of these 

two components allows for an estimation of fractional shrub cover. 

 There are several limitations to the current multi-angular sensors that could impact their 

use for WPE mapping. For instance, CHRIS cannot be used for large-scale and long-term 

monitoring because of its experimental nature (Millan and Sanchez-Azofeifa 2018). Also, data 

from the MISR sensor are more difficult to use for frequent global mapping purposes due to their 

high resolution (Chen et al., 2005). MISR allows for a 9-day global coverage capability 

(Widlowski et al., 2004). Further, limitations of multi-angular data for shrub cover mapping in 

regions with steep topography have not been explored yet (Selkowitz, 2010). The use of airborne 

multi-angular sensors could improve spatial resolutionðand thus WPE detection. One example is 

the AirMISR, which has a spatial resolution of 27.5 m (Diner et al., 1998). However, its use has 

similar downsides as airborne RADAR and LiDAR, such as high cost. In addition, the promising 

results of WPE detection with multi-angular sensors could provide a pathway to mount such 

sensors on Remotely Piloted Aircraft Systems (RPAS), which would provide for more frequent, 

high-resolution WPE mapping. Upcoming spaceborne missions, such as EnMAP (due to launch 

in 2022), will add to the multi-angular sensor database. EnMAP will have ± 30° across-track 

pointing capabilities (Danner et al., 2017).
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Table 2-6 Multi -angular sensors used for WPE detection (B=Blue, G=Green, R=Red, NIR=Near infrared) 

Sensor # 

viewing 

angles 

Wavelength 

configuration 

Spatial 

resolution 

Example application Max. rate of 

success 

Source 

Ocean Optics 

USB2000+ 

spectroradiometer; 

GER 1500 

spectroradiometer 

9 350ï1000 nm; 

300ï1050 nm 

0.25ï0.3 m Delineating shrub-steppe 

vegetation 

BRF between 

perennial grasses 

and shrub differs 

Naupari, 

Vierling, 

and Eitel 

(2013) 

MISR Level 1B2 ±75° B, G, NIR (nadir); 

R (off-nadir) 

275 m (nadir 

bands + R off-

nadir) 

Fractional shrub canopy 

mapping 

r2=0.53 Selkowitz 

(2010) 

MISR  ±75° R 275 m (R nadir 

and off-nadir 

bands) 

Monitoring woody shrub 

cover in desert grasslands 

r2=0.19 Chopping et 

al. (2008) 

CHRIS/Proba 5 18 bands from 

442ï1019 nm 

17 m Monitoring woody shrub 

cover in desert grasslands 

r2=0.25 Chopping et 

al. (2006) 

Exotech radiometer 10 R, NIR (SPOT 

band pass) 

0.13ï1.5 m Determination of 

radiative transfer in shrub 

savanna sites 

/ Franklin et 

al.(1994) 

POLDER-1 ±43°, 

±51°, 

±57° 

R, NIR 6x7 km2 at nadir Mapping of foliage 

clumping index 

(including shrubs) 

/ Chen et al. 

(2005) 

Multi -angular 

MODIS surface 

reflectance 

Nadir, 

±10° to 

±50° 

Visible, NIR, 

SWIR 

500 m (enhanced 

to 30 m) 
Land cover classification 

(including shrub) 

22.1% 

improvement in 

shrub userôs 

accuracy when 

adding angular, 

topographical and 

temporal features 

Chen et al. 

(2017b) 
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2.6.1.5. RADAR 

RADAR RS systems are used for vegetation mapping due to the strong connection between 

RADAR backscatter and the composition and geometry of vegetation (Warner et al., 2009). 

RADAR is an active RS technology that relies on the emissivity in the emitted microwave part of 

the EM spectrum, and both vegetation structure and moisture content alter its backscatter 

(Lillesand et al., 2004). Vegetation structure affects surface roughness; higher surface roughness 

due to dense vegetation cover leads to higher surface scattering, volume scattering from within the 

vegetation layer, and surface and volume scattering from the ground. Smooth surfaces have lower 

surface roughness and less backscattered energy (Henderson and Lewis 1998). How a RADAR 

system perceives roughness depends on the wavelength and incidence angle. If height variations 

are less than the RADAR wavelength, the surface appears smooth, whereas a surface is considered 

rough when variations in height approximately equal the length of the wavelength (Jensen, 2008). 

Textural differences between land cover types (e.g., forests, pastures, and shrublands) are usually 

apparent (Herold et al., 2004). The thickness of the vegetation layer affects penetration depth and 

signal backscatter. Penetration can occur at various depths below the canopy, facilitating the 

identification of plant structure, leaf orientation, canopy, and soil water content. Additionally, 

penetration could even identify differences in vegetation type and biomass (Jones and Vaughan 

2010). Longer wavelengths (10-30 cm) can more efficiently detect branches and tree stems (Jones 

and Vaughan 2010). For example, Mitchard et al. (2011) used JERS-1 and ALOS PALSAR 

RADAR backscatter data over 10 years and developed strong linkages to aboveground biomass, 

which, as a result of WPE establishment, increased along the forest-savanna boundary.  

RADAR has many benefits for land cover classification (Jensen, 2000). Longer RADAR 

wavelengths penetrate through clouds and are not impacted by weather, time of day, or geographic 

location. Moreover, RADAR systems control their illumination angle, and shallow look angles 

result in different perspectives from multispectral and hyperspectral systems. These different 

perspectives then provide additional structural information. Structural differences also become 

apparent through object backscatter when applying various energy filter polarizations (i.e., HH, 

HV, VV, and VH, where H-horizontal and V-vertical). RADAR systems can also operate over 

multiple wavelengths, allowing for different penetration depths over the same area and 

highlighting different land cover each time. An example of such a system was the SIR-C/X-SAR 

system, which gathered data along three wavelength bands: C-band, L-band, and X-band (eoPortal 

Directory, 2021). Lastly, overlapping images can be used for stereoscopic viewing, and 

interferometry can be applied when using two RADAR antennas. Both of these methods provide 

three-dimensional information, which can facilitate land cover mapping. 

 Nevertheless, the current spaceborne RADAR sensors might not be suitable for WPE 

mapping. For instance, recent studies show that Sentinel-1 data may not give optimal results for 

vegetation detection due to their short wavelength. Importantly, short wavelengths cannot 

penetrate dense vegetation, thus resulting in low estimates of biomass (Rajah et al., 2019). Similar 

conclusions were drawn when using RADARSAT-2 data to detect the early establishment of WPE 

(Ghulam et al., 2011). PALSAR data, on the other hand, allow for more detailed mapping of woody 

structures because of their longer wavelength (23.5 cm). 

Future RADAR missions could partially overcome the abovementioned limitation. The 

Copernicus ROSE-L mission will include L-band SAR, which has longer wavelengths (23.5-

25cm) than Sentinel-1 (5.6 cm) and will address important measurement gaps from space that 

could improve land cover and biomass estimation (Davidson et al., 2019). Some of these gaps are 

related to monitoring landslides, subsidence, earthquakes, and volcanic eruptions in vegetated 
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areas; observing possible changes in global forest carbon stocks; and providing high resolution 

soil moisture information. NASA plans to launch the NISAR mission in 2022, which will use both 

L-band and S-band wavelengths at a 3 to 10 m resolution and provide images of the same location 

every 6 days. This mission will allow for numerous applications, including forest mapping (NASA, 

2021c), and could possibly include grassland monitoring. Lastly, in 2023, the European Space 

Agency (ESA) will launch the BIOMASS mission, including a spaceborne P-band full polarimetric 

interferometric SAR, which is expected to improve height and biomass estimates (Quegan et al., 

2019).  

On its own, RADAR technology has not been widely used for WPE detection (Mitchard et 

al. 2009; 2011). Instead RADAR technology has been used in combination with multispectral data 

(Skowno et al., 2017) (see Section 2.6.4.5). However, future missions could become useful for 

WPE mapping due to their longer wavelengths and higher spatial resolutions. 

2.6.1.6. LiDAR 

LiDAR is an active sensor that emits laser pulses towards the ground and records the timing 

associated with the reflected laser energy (Jensen, 2000). The distance between the sensor and the 

ground object is calculated based on that travel time, and with the use of the GPS and Inertial 

Measurement Unit that is mounted on the LiDAR-scanning platform, the travel time is then 

converted into geographic coordinates of the object (Tian, Qu, & Qi, 2021). LiDAR returns are 

discrete, waveform, or photon-counting based on their horizontal and vertical sampling 

frequencies (Tian et al. 2021; Wulder et al. 2012). Discrete return LiDAR systems are most 

frequently used in forest applications. Based on the land cover, each pulse can generate one or 

multiple returns, which can be classified into single ground, single vegetation, first vegetation, or 

last ground, among others (Tian et al., 2021). LiDAR systems can be spaceborne (Wang et al. 

2018),  airborne (Hantson et al., 2012; Hellesen & Matikainen, 2013; McGlinchy et al., 2014), 

terrestrial (Disney, 2019), mobile (Tao et al., 2015a), or mounted on RPAS (Sankey et al., 2018). 

One spaceborne example is the Global Ecosystem Dynamics Investigation, which was deployed 

in 2018 to facilitate forest biomass monitoring (NASA, 2021b). Intensity is also a component of 

the laser return signal and is related to the surface properties from which the laser pulse is reflected 

(Schreier et al., 1985). Intensity is the strength of the backscattered laser echo for each measured 

point at a given laser wavelength (Eitel et al. 2016; Kashani et al. 2015). The intensity value can 

be used to interpret vegetation features (Schreier et al., 1985), such as a branch or a group of leaves. 

These are then used to separate between vegetation classes, such as spruce and pine species 

(Donoghue et al., 2007). 

 It is possible to determine canopy height and structural vegetation characteristics by 

examining multiple LiDAR returns that are generated by branches and leaves (Salas, 2021). 

LiDAR data can be used to derive digital surface models, canopy height models, and sub-canopy 

topography models (Lim et al., 2003). This is done by filtering land cover points or waveform 

peaks based on elevation (Chen et al., 2006; Tao et al., 2015b). Based on height and roughness, 

LiDAR data may be able to distinguish between lower-stature woody vegetation that encroaches 

into grasslands from grasses and other herbaceous species. Indeed, woody species are usually taller 

than grasses (Ku et al., 2012). The use of a LiDAR-based approach for WPE monitoring is 

especially useful when the spectral characteristics of woody vegetation are difficult to separate 

from their background vegetation (e.g., grasses). 

A number of studies have explored LiDAR capabilities in WPE mapping (Table 2-7). 

When shrubs are distinct and have dense morphology, airborne LiDAR data can be used to map 
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their presence with high accuracy. For instance, Rango et al. (2000) estimated mesquite shrub 

cover from thresholding a DEM, which was derived from airborne LiDAR data. Comparisons with 

ground surveys and videos resulted in an r2 between 0.93 and 0.98. In another study, the 

thresholding of surface roughness maps derived from vegetation heights9 determined sagebrush 

steppe presence. The validation of these findings with sagebrush presence and absence from field-

obtained locations resulted in an overall accuracy rate of 86% (Streutker and Glenn 2006). 

Furthermore, airborne LiDAR was used to create a maximum vegetation height map that was 

generated from height-filtered vegetation returns (Sankey and Glenn 2011). Juniper cover 

estimates derived from the vegetation height thresholding of that map were correlated to field-

measured juniper cover (r2 = 0.74, p-value < 0.001).  

Terrestrial laser scanning (TLS) can overcome some of the limitations of airborne LiDAR 

when shrubs have low crown density (i.e., open morphology) because TLS has very high point 

density (over 500 points per m2) (Vierling et al., 2013). For instance, TLS can determine canopy 

height, and area of cacti, deciduous and evergreen shrubs with a strong relationship to field 

measurements (r2 between 0.8 and 0.99) (Sankey et al., 2015). Also, the use of a 0.25 m canopy 

height model produced from TLS resulted in a higher shrub detection rate (77.8%) compared to 

simulated airborne LiDAR (63.9%) with a point density of 16 points per m2 (Vierling et al., 2013). 

However, TLS cannot replace airborne LiDAR to study low-stature woody vegetation at landscape 

or regional scales. Also, as TLS suffers from occlusion, only small areas with multiple scans can 

be examined in flat areas (Beland et al., 2019; Luck et al., 2020; Muumbe et al., 2021). This issue 

is not much of a problem for sloped surfaces when using scan positions at higher ground (Olsoy 

et al., 2014). 

Many studies have explored the estimation of woody biomass with LiDAR systems. 

Airborne waveform LiDAR was used to separate woody and herbaceous vegetation in a savanna 

ecosystem (McGlinchy et al., 2014). Compared to field-based biomass measurements, the 

waveform features explained woody biomass 76% of the time. Similarly, a terrestrial LiDAR 

system was used to estimate woody plant biomass in rangelands of the southwestern United States 

(Ku et al., 2012). The use of percentile height statistics explained 81% of the variance associated 

with woody aboveground biomass. Lastly, an RPAS LiDAR scanner was used to detect shrub 

encroachment in semi-natural grasslands with height thresholding, resulting in an overall accuracy 

rate of 83.2% when comparing to field-derived shrub cover. LiDAR-derived volume metrics were 

able to explain field-measured shrub biomass 77% of the time (Madsen et al., 2020).  

The results of the abovementioned studies are encouraging; however, there remain 

drawbacks associated with the use of LiDAR for shrub estimation. When shrub vegetation in 

grasslands is sparse with irregular morphology, airborne LiDAR might have lower success in 

detecting this vegetation when the survey is parameterized to larger point sample spacing (Vierling 

et al. 2013b; Waser et al. 2008). This is not typical, however, in such cases, shrub height, crown 

area, and cover are either lower than field measurements or undetected (Streutker and Glenn 2006). 

Also, LiDAR might miss canopy tops (Salas, 2021), when the laser pulse penetrates into the sparse 

 

9 Captured from first return airborne LiDAR pulse data. 
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Table 2-7 LiDAR sensors used for WPE detection (PD=point density, PR=pulse rate, SA=swath (scan) angle, PA=producerôs accuracy, UA= 

userôs accuracy, OA=overall accuracy) 

Lidar 

type 

Lidar 

platform  

Sensor Laser scanning 

configuration  

Example application Estimation 

accuracy 

Source 

Discrete Airborne PLI-MAP PD=0.18 pts/m2 Mapping invasive woody species 

in coastal dunes 

r2=0.43 Hantson, 

Kooistra, and 

Slim (2012) 

Discrete Airborne Optech 

ALTM 2025 

PD=0.9 pts/m2, PR= 

25 kHz 

Measurement of sagebrush steppe 

heights 

OA= 86% Streutker and 

Glenn (2006) 

Discrete Airborne Optech PD= 0.24 to 1.35 

pts/m2, PR=25 kHz, 

SA= Â ± 15°  

Mapping shrubland OA= 0% Bork and Su 

(2007) 

Discrete Airborne Leica ALS50 

Phase II 

PD= 5.6 pts/m2 Mapping juniper tree cover r2=0.74 Sankey and 

Glenn (2011) 

Discrete Airborne Optech 

ALTM 1225 

PR= 25 kHz Understanding spatiotemporal 

dynamics of woody vegetation  

/ Levick and 

Rogers (2011) 

Discrete Airborne TopEye S/N 

700 

PD= 13 pts/m2 Mapping shrub and tree cover in 

grasslands 

OA= 93.7 %2 Hellesen and 

Matikainen 

(2013) 

Waveform Airborne CAO-Alpha PD=0.15 pts/m2 Estimating woody and herbaceous 

biomass 

r2=0.76 McGlinchy et 

al. (2014) 

Discrete Airborne Optech ALTM PD= 2 pts/m2 PR= 300 

kHz, SA= Â ± 45° 

Monitoring eastern redcedar 

encroachment 

/ Filippeli et al. 

(2020) 

Discrete Airborne Leica ALS50 

Phase II 

PD= 5.6 pts/m2,  SA= 

Â ± 15° 

Estimation of juniper aboveground 

biomass across different WPE 

phases / juniper tree height/ juniper 

cover/ juniper density 

r2=0.77/ 

r2=0.84/ 

r2=0.82/ r2=0.79 

(T. Sankey et 

al., 2013) 

Discrete Airborne Optech ALTM 

3100 C 

PD= 7.7 to 11 pts/m2, 

PR=100 or 125 or 166 

kHz, SA= Â ± 14° or 

Â ± 10° 

Detection of small tree height 

(<1m) in the alpine tree line 

Mean difference 

with field 

estimates=-0.55 

to -0.38, 

(Næsset, 2009) 
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Lidar 

type 

Lidar 

platform  

Sensor Laser scanning 

configuration  

Example application Estimation 

accuracy 

Source 

standard 

deviation=0.16 

to 0.24 

Waveform Airborne Riegl LMS-

Q680 

PD= 12.8 echos/m2, 

PR= 400 kHz 

Mapping shrubs in grasslands PA=83%, 

UA=96.7 % 

(Zlinszky et al., 

2014) 

Waveform Terrestrial Riegl VZ-1000 / Estimating sagebrush biomass r2=0.9 (total 

biomass), 

r2=0.86 (green 

biomass) 

(Olsoy et al., 

2014) 

Waveform Terrestrial OpTech ILRIS 

3D LiDAR 

Spot spacing=15 mm, 

range=100 m 

Monitoring cacti, deciduous and 

evergreen shrub height and area 

r2=0.8 (height), 

r2=0.99 (area) 

(Sankey et al., 

2013) 

Waveform RPAS Surveyor, 

YellowScan 

PD= >1000 pts/m2, 

SA= Â ± 55°, 

range=100 m 

Monitoring shrub encroachment in 

seminatural grasslands 

OA=83.2% 

(cover), 

Radj
2=0.77 

(biomass) 

(Madsen et al., 

2020) 

upper canopy and is not returned from the top of the canopy (Glenn et al. 2011; Sankey and Bond 2011; Streutker and Glenn 2006). 

Thus, there might be a general underestimation of heights. However, differences between discrete return LiDAR canopy height and 

actual canopy height can still be modelled (Magnussen and Boudewyn 1998). Also, LiDARôs precision in detecting shrub presence is 

much higher, at the scale of centimeters to decimeters compared to moderate resolution optical imagery. Sometimes, shrubs may not be 

detected because of their low height. 

Consequently, the digital terrain models that are derived from the LiDAR could include returns from the low shrubs, modelling 

the ground surface higher than what it actually is (Bork & Su 2007; Streutker and Glenn 2006;). Bork and Su (2007) reduced this error 

by including information from vegetation indices that separate vegetation features from the ground leading to classification accuracy 

improvements of 16 to 20%. 

Compared to tree and forest structures, it might be more difficult to detect individual shrubs due to multiple stems and complex 

branching structures (Ku et al., 2012). The use of local maxima in a canopy height model with variable window sizes could potentially 

overcome this issue. This method resulted in an absolute accuracy of 64.1% when isolating individual trees in a savanna woodland            

(Chen et al., 2006). Lastly, the higher cost in the use of airborne, terrestrial, and RPAS LiDAR systems is a potential limitation. 
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2.6.1.7. RPAS 

Low altitude sensor data from RPAS have also been used to monitor WPE, and their use is 

becoming increasingly popular. Multispectral (Al -Ali et al. 2020; Dash et al. 2019), visible (Dong 

et al. 2019; Wang et al. 2015), hyperspectral (Kattenborn et al., 2019), LiDAR (Madsen et al., 

2020), and even RADAR sensors (Weber et al., 2020) can be mounted on such platforms for WPE 

detection. The use of RPAS as a platform for data collection offers many advantages. First, RPAS 

data typically have high spatial resolution (e.g., 10 cm (Kattenborn et al., 2019),) ðwhich allows 

for the earlier identification of encroachment (Dong et al., 2019). Second, RPAS data allow for 

individual woody canopy delineation. Third, RPAS data facilitate multitemporal WPE monitoring, 

and lastly, RPAS data can be used for species-specific detection (Kattenborn et al., 2019). 

Kattenborn et al. (2019) used RPAS imagery to reference WPE distribution models acquired from 

Sentinel-1 and 2 data. They found that the use of RPAS reference imagery can replace field surveys 

of woody species whenever these species are traceable from an RPAS. Another advantage is the 

ability to fly beneath clouds (Al -Ali et al., 2020). Lastly, in recent years, cloud computing has 

reduced the time for processing and analysing RPAS data (Saura et al. 2019; Salhaoui et al. 2019), 

leading to near real-time results and reduced hardware costs (Saura et al., 2019). 

Digital surface models and digital terrain models (DTMs) produced from structure from 

motion (SfM) technology through RPAS show promise for grassland shrub estimation (Dong et 

al., 2019). In this case, shrubs appear as higher features in the digital surface models and can be 

automatically detected when accounting for topography characteristics from the DTM (e.g., slope). 

Dong et al. (2019) used a DTM produced from RPAS imagery for shrub detection in steppe areas, 

taking advantage of the overlap between images and SfM technology. This resulted in a 78.4% 

overall accuracy rate of shrub cover compared to field-based shrub measurements. Further, using 

phenology to detect WPE is relatively simple with an RPAS, as it only requires conducting flights 

with on-demand timings (Müllerová et al., 2016). 

However, RPAS images cover smaller areas and demand more flights compared to airborne 

systems and satellite imagery (Müllerová et al., 2016). When passive sensors are used on RPAS, 

they suffer from occlusion and shadowing, leading to information loss (see Section 2.6.3.2). There 

are also legal restrictions that apply when operating RPAS, which can increase a projectôs 

complexity (Müllerová et al., 2016). These restrictions, for instance, limit where RPAS can 

operate; notably, RPAS cannot fly near emergency operations, airports and heliports, inside 

controlled airspace, and close to other aircraft (Transport Canada, 2021). 

2.6.2. Theoretical Basis for the Use of Remote Sensing for Quantifying WPE 

To understand and quantify WPEôs spatial and temporal influences, researchers must monitor over 

large regions. RS techniques can be used to identify a range of characteristics that are unique to 

woody plants expanding into grasslands. Woody plant biophysical and biochemical attributes 

differ from other grassland vegetation. These can be estimated from multispectral (Guo et al., 

2000; Lu, 2017) and hyperspectral RS (Asner et al. 2015; Ge et al. 2008). Structural attributes also 

differ and can be defined from a combination of passive and active sensors (e.g., LiDAR and 

RADAR) (Mitchell et al., 2015) and from SfM technology (Dash et al., 2019). 

2.6.2.1. Biophysical and Biochemical Parameters 

One method for detecting WPE in grasslands is based on biophysical differences between the 

leaves of woody versus herbaceous vegetation (e.g., leaf internal structure, thickness, and surface). 
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These can be evaluated based on the reflectance, transmission, and absorption characteristics of 

EM radiation. Reflectance in the NIR region of the EM spectrum is related to leaf structure (i.e., 

mesophyll structure, leaf thickness, and leaf surface) and leaf water content (Kokaly et al., 2009). 

Reflectance occurs at the cell walls and intercellular spaces of air and water in the leaf (Slaton et 

al., 2001). Mesophyll leaf cell structure causes leaf scattering within the visible and NIR 

wavelengths. Reflectance declines in the visible region of the spectrum and increases in the NIR, 

where absorption is minimal (Warner et al., 2009). Reflectance differences associated with 

biophysical characteristics can be observed with passive multispectral and hyperspectral sensors. 

There is a difference between the leaf reflectance of woody species (i.e., dicotyledonous 

leaves) and grass species (i.e., monocotyledonous leaves). In part, these differences are because of 

their dissimilar mesophyll structures. In dicotyledonous leaves, palisade cells in the mesophyll are 

structured towards the upper surface; in monocotyledonous leaves, however, there is a weak 

separation of mesophyll cells that fill the leaf interior with stomata on both sides (Gates et al. 1965; 

Ustin and Jacquemoud 2020). Compared to monocotyledonous leaves, dicotyledonous leaves have 

greater reflectance along the light spectrum which has been related to differences in internal leaf 

structure (Sinclair et al., 1971). The spongy mesophyll structure of monocots enhances light 

absorption relative to chlorophyll content (Terashima and Saeki 1985). Because the upper and 

lower leaf surfaces of woody species have different characteristics, they result in different 

reflectance characteristics (Ustin and Jacquemoud 2020).  

For example, due to lower absorption, researchers observe higher reflectance for the 

underside of plant leaves than the upper surface in visible wavelengths (Gates et al., 1965; 

Woolley, 1971). On the other hand, grass leaves have similar scattering on both sides of the leaf 

(Warner et al., 2009). Lastly, many woody plants tend to have smooth, waxy leaves with shiny 

surfaces to avoid absorbing too much photosynthetically active radiation. This enhances specular 

scattering from the leaves (Ustin and Jacquemoud 2020). In contrast, grasses and herbs tend to 

have lower leaf wax composition (Liu et al. 2006; Liu and Yang 2008; Yang et al. 2011), lowering 

their overall reflectanceðespecially in the NIR region of the EM spectrum (Huggins et al., 2018). 

However, leaf wax composition also changes due to seasonal variation and leaf maturation 

(Khambatta et al., 2021) and is therefore not a strong property to separate woody and herbaceous 

plants. 

 Vegetation senescence causes changes in leaf structure. Leaf senescence initially creates 

less intercellular space and reduces NIR reflectance. In its next stage, there is more air-filled 

intercellular leaf space, which leads to the collapse of the internal leaf structure and increased NIR 

reflectance (Gates et al., 1965; Sinclair et al., 1971; Warner et al., 2009). In autumn, grass 

reflectance can increase across all wavelengths from the visible to the shortwave-infrared (350 nm 

to 2350 nm); however, this phenomenon is not observed in woody plants that have not yet started 

to senesce (Chapter 3, (Soubry and Guo 2021)). 

 Leaf thickness may also influence vegetation spectral characteristics. NIR absorption has 

been found to be lower in thinner leaves, while in thick leaves, NIR absorption increases (Serrano, 

2008). However, overall reflectance is not strongly related to leaf thickness (Woolley, 1971), and 

there are contradictory reports of the association between NIR reflectance and leaf thickness. 

Indeed, some studies show strong correlations between these two parameters (Knapp and Carter 

1998; Ourcival et al. 1999) and others find weak correlations (Gausman et al., 1973; Slaton et al., 

2001). In addition, it has been found that leaf thickness does not differ significantly between woody 

and herbaceous species (Liu et al. 2019). 
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 With regards to biochemical vegetation attributes, the visible portion of the EM spectrum 

is strongly related to leaf pigment concentration, such as chlorophyll a and b (Fitter and Hay 2002). 

Vegetation pigments reflect highly in the green range and absorb in the blue and red wavelengths 

(Warner et al., 2009). The chlorophyll content of woody species is higher than that of grasses (Chla 

5.23 ɛg cm-2 higher, Chlb 7.78 ɛg cm-2 higher) (Liu and Guan 2012; Tong and He 2017). Also, the 

carotenoid content of encroaching species can be higher (e.g., 1.4 to 4.4 times higher) than that of 

grasses and other non-encroaching woody vegetation, allowing them to cope with oxidative stress 

from drought, high irradiation, and heat (Liu and Guan 2012) (however, more studies that utilize 

a large dataset of encroaching and non-encroaching woody species are needed to confirm these 

findings). Hence, higher reflectance in the green (500 to 600 nm) and lower reflectance in the blue 

(around 450 nm) and red (around 670 nm) regions are expected when comparing woody vegetation 

with grasses (Chapter 3, (Soubry and Guo 2021)). Passive multispectral and hyperspectral sensors 

can be used to detect the regions in the visible EM spectrum related to leaf pigments (Hallik et al., 

2017). However, large amounts of litter and standing dead woody or herbaceous material within 

grassland ecosystems reduce overall chlorophyll content, lowering the absorption in the blue and 

red wavelength regions (Li and Guo 2015). This could limit the separation of woody and 

herbaceous vegetation based on vegetation pigments. 

 The reflectance and absorption characteristics of grasses and woody vegetation vary due 

to several influencing factors. Relative leaf water content was found to be higher in grass than in 

shrub species by 8.52% (Liu and Guan 2012). The higher relative leaf water content can be related 

to the differences in the thickness of dicotyledonous and monocotyledonous leavesô water layers 

(Sinclair et al., 1971). Water is mainly absorbed along the mid-infrared spectrum (1300 to 2500 

nm) (Jones and Vaughan 2010). Stronger absorption in this region indicates higher water content 

(Kokaly et al., 2009). Since canopy grassland reflectance is highly affected by non-photosynthetic 

vegetation (He et al. 2020; Xu et al. 2014), canopy reflectance for grasses in the mid-infrared 

spectrum is higher during the growing season than it is for woody vegetation, which has longer 

active growth and water absorption periods (Chapter 3, (Soubry and Guo 2021)). Woody plants 

tend to have higher lignin content than grasses by about 11.4% (Lourenço and Pereira 2018; Lupoi 

and Smith 2012;), and the cellulose in grasses is usually more highly concentrated than in woody 

fibres (Azeez, 2018). Lignin and cellulose also absorb in the mid-infrared spectrum; however, in 

healthy vegetation, they are usually masked by water absorption (Warner et al., 2009). Therefore, 

the cellulose and lignin absorption regions (at 2100 and 2300 nm) are only visible in senescent 

vegetation (Li and Guo 2015).  

During early spring, most grasses have not yet become green, therefore, the spectral 

reflectance is highly related to non-photosynthetic vegetation (i.e., litter and standing dead 

material) that is present from previous growing seasons. Similarly, during autumn, the 

photosynthetic vegetation from the active growing season starts to brown and dry up, which causes 

an increase in non-photosynthetic vegetation. Hence, compared to summer, the cellulose and lignin 

absorption regions are more apparent in the grass canopy reflectance during spring and autumn 

(Chapter 3, (Soubry and Guo 2021)). Both multispectral and hyperspectral passive sensors sense 

in the mid-infrared region and can investigate differences in canopy and leaf water content; 

however, since the cellulose and lignin absorption regions are more spectrally narrow, they are 

only detectable with hyperspectral sensors (Daughtry et al. 2010; Kokaly et al. 2009; Serrano et 

al. 2002). 

 



 

35 

 

 

2.6.2.2. Structural Attributes 

Different leaf angle distributions can influence the spectral response of woody vegetation and 

grasses. Changes in leaf orientation can prompt changes in spectral reflectance, which can be 

observed from passive sensors, while information about leaf angle distribution can be derived from 

active sensors, such as terrestrial LiDAR (Bailey and Mahaffee 2017) or hemispherical 

photography (Liu et al. 2019). Leaf orientation in broad leaf plants (e.g., forbs) tends to be more 

horizontal/planophilic, whereas leaf orientation in grasses tends to be more vertical/erectophilic 

(Ross, 1982). According to Norman et al. (1985), plants that are more planophilic tend to reflect 

more light upward than those that are more erectophilic. Myneni and Williams (1994) found that 

NIR reflectance was higher in planophilic species due to multiple scattering. Overall, greater leaf 

angles reduce the reflectance in the NIR region (Hank et al., 2019); therefore, a small increase in 

shrub and forb composition within a grassland (by 10-25%) can significantly influence spectral 

reflectance patterns (Chapter 3, (Soubry and Guo 2021)). Differences in LAI and reflectance might 

also occur between erectophyle and planophyle shrubs, as Nagler et al. (2004) reported. They 

found that a planophyle shrub had a high Normalized Difference Vegetation Index (NDVI10,11) 

equal to 0.69, and the erectophyle shrub had a high LAI  (3.69) but the lowest NDVI (0.25) amongst 

the other shrubs examined. Leaf orientation can also affect chlorophyll content. The most 

planophyle shrub in the study of Zinnert et al. (2013) had the highest chlorophyll a and carotenoids, 

while the most erectophyle shrub had the lowest. In addition, this study found that chlorophyll b 

was significantly lower in the erectophyle shrub. Lastly, differences in plant density between 

woody vegetation and grasses could affect their spectral reflectance because more light is absorbed 

when leaves are stacked (Woolley, 1971), leading to higher absorption in the blue and red 

wavelengths of the EM spectrum. 

 Overall, LAI differences among canopies are explained by variations in leaf geometry, 

arrangement, and thickness (Fitter and Hay 2002). LAI can be estimated with passive RS from 

empirical relationships with vegetation indices (Li and Guo 2010, 2013) or from radiative transfer 

modelling (González-Sanpedro et al., 2008) because changes in LAI affect reflectance in the red, 

NIR, and SWIR regions (Warner et al., 2009). Active RS, such as airborne waveform and terrestrial 

LiDAR, can also be used to estimate LAI (Tang et al., 2014). On the other hand, there are limited 

studies on the use of RADAR sensors for LAI estimation (Durden et al. 1995; Prévot et al. 1993). 

 Studies that have estimated LAI tended to find higher values (between 0 and 8) for shrub-

dominated areas than for other grassland types (between 0 and 2) (Kahiu and Hanan 2018; Xu et 

al. 2018,2020). Complex shrub structure allows for greater variation in the architecture of 

meristems and leaves, leading to higher LAI (Knapp et al., 2008). In grasslands, the large amount 

of non-photosynthetic vegetation tends to reduce LAI in in situ measurements and to enhance plant 

area index values (Xu et al., 2020). Overall, grassland reflectance is a mixture of soil, litter, and 

grasses, which leads to an increase in the visible portion of the EM spectrum and a decrease in the 

NIR portion (He et al., 2020; Xu et al., 2020).  

 

10 NDVI takes values between -1 and 1. 
11 More information on vegetation indices can be found in Section 1.6.3 
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 Shadows and occlusions affect the reflectance of woody vegetation and grasses. Shadows 

can occur due to topography (e.g., mountain shadow), clouds, urban structures, tall vegetation, or 

a mixture of these (Mostafa 2017; Shahtahmassebi et al. 2013). Occlusions are areas that are not 

visible on the RS image because they cannot be seen from the sensor (Brito 2000; Chandel and 

Vatta 2015) due to overlapping foliage, steep topography (Gutjahr and Raggam 2003; Hao et al. 

2018), or due to the viewing geometry of the image sensor with regards to the surface features 

(Brito, 2000). Occlusion is different for optical and active RS sensors. Tall structures, such as 

buildings and trees, can cause occlusion for high resolution spaceborne, airborne and RPAS 

imagery by preventing the sensor from seeing the areas behind them (Gutjahr and Raggam 2003). 

Active occlusion is significant for LiDAR systems, where objects (e.g., upper foliage) block the 

continuation of the laser pulse and multiple returns (Lefsky et al., 1999), especially for TLS (Dutta 

et al., 2017). Also, the look angle of the RADAR sensor (e.g., off-nadir) may contribute to land 

surface occlusions (Gutjahr and Raggam 2003), where objects in the sensorôs foreground block 

those behind them. Shadows can lead to lower observed radiance (Jones and Vaughan 2010) and 

the partial loss of radiometric information (Mostafa, 2017) in passive multispectral and 

hyperspectral RS. If shadow correction is not applied, this can lead to confusion and 

misclassification of vegetated surface reflectance and erroneous results when applying seasonal 

change detection (Shahtahmassebi et al., 2013). 

 Shadows are mainly observed with more complex vegetation structures, such as shrubs, 

which can be taller and have larger leaf areas than grasses. Absorption and scattering in the visible 

and NIR region largely occur in the photosynthesizing green leaves in shrubs and in senescing 

leaves. However, some EM radiation is also absorbed from non-photosynthetic branches, which 

cast shadows, and some NIR radiation is scattered to the understory or ground (Franklin et al., 

1994). This can confuse the canopy reflectance signature between grasses and shrubs, leading to 

higher values for grasses and lower values for shrubs (Chapter 3, (Soubry and Guo 2021)). 

However, if the shrub cover and density are low, shaded areas are small and contribute only a 

small amount to surface reflectance (Franklin et al., 1994). Thus, these areas can be ignored. 

2.6.3. Using Spectral Indices to Identify WPE 

Spectral vegetation indices are mathematical combinations of single spectral bands that are 

sensitive to the presence and condition of vegetation (Lillesand et al., 2004). Even though specific 

spectral bands can be used for WPE detection, vegetation indices have several advantages (Lass 

et al., 2005). Specifically, they lower the noise influences of the sensor, atmosphere, plant 

geometry, shadows, and soil background (Rajah et al., 2019; Verrelst et al., 2019). Spectral indices 

can be used to derive WPE composition by detecting species (Ng et al. 2017; Oldeland et al. 2010) 

or distinguishing native and non-native species (Wilfong et al., 2009).  

Woody plant features such as lignin, nitrogen, chlorophyll, and water content can be 

detected from their absorption features with hyperspectral indices (Table 2-8). Hyperspectral 

indices that relate to increasing dry matter (e.g., twigs, branches, and dry leaves), such as CARI12, 

NDLI13, and NDNI14, perform more efficiently15 during senescence. However, hyperspectral 

 

12 Chlorophyll Absorption Index. 
13 Normalized Difference Lignin Index. 
14 Normalized Difference Nitrogen Index. 
15 The higher the negative regression coefficients, the more efficient the performance based on the study of Oldeland et al., 2010. 
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indices related to higher greenness, such as CAI16, DGVI17, and LWVI18 perform more 

efficiently19 during active woody plant growth (Oldeland et al., 2010). 

When multispectral data are available, changes in greenness and moisture can inform WPE 

detection. Indices used for greenness take advantage of the absorption in the red band and the high 

reflectance in the NIR region. Moisture and water-related indices use absorption in the SWIR 

region that is related to vegetation water content and the NIR region as a reference of leaf dry 

matter and structure (JRC European Commission, 2011; USGS, 2020). Woody plants can have 

higher greenness than the surrounding grasses (Becker et al. 2013; Gavier-Pizarro et al. 2012) and 

higher soil water content (Köchy and Wilson 2000). In studies that use more than one spectral 

index (Becker et al. 2013; Delgado 2017; Ng et al. 2017; Wilfong et al. 2009; Yue 2009), NDVI, 

TCap20 greenness, GR21, WDVI22, and NDMI23 had higher importance rankings and higher 

classification accuracies than the other vegetation indices that were used for WPE detection (Table 

2-8). However, it should be noted that the spatial resolution of each sensor and the species of 

interest also influence these results.  

Identifying a suitable spectral index is difficult due to the many possible applications, 

methodologies, and results in the literature. However, it is possible to use methods that identify 

indices most related to WPE. For instance, Rajah et al. (2019) used Variable Importance in the 

Projection to detect the ten best24 WPE spectral indices from the 65 originally selected using 

Sentinel-2 summer surface reflectance. These mainly consist of simple ratios of the NIR, red, and 

green bands. When comparing to field obtained land cover, the use of the ten vegetation indices 

with an SVM classifier led to 82% overall accuracy rate for WPE mapping. 

2.6.4. Analytical Methods 

There are several different methods for WPE detection with RS. Moving from the classification of 

whole ecosystems to ecosystem parts and species, WPE detection methods can be separated into 

i) parametric and non-parametric classifiers, depending on the data distribution assumption that is 

being made; ii)  object-based classification; and iii) spectral mixture analysis. Attributes that are 

frequently added to these classifications include surface texture and height. Lastly, fusion-based 

methods that combine different sensing systems are often employed for WPE detection. 

2.6.4.1. Parametric and Non-Parametric Classification 

Non-parametric classifiers have recently gained much scholarly attention. This is because the 

requirement for a normal spectral distribution is frequently violated when using parametric 

classifiers (Lu and Weng 2007). Furthermore, it is difficult  to combine spectral and ancillary data 

with parametric classifiers. Some of the advantages that non-parametric classification algorithms 

offer are their independence from statistics and their applicability in heterogeneous areas (Lu and 

 

16 Cellulose Absorption Index. 
17 Derivative-based Green Vegetation Index. 
18 Leaf Water Vegetation Index. 
19 The higher the positive regression coefficients, the more efficient the performance based on the study of Oldeland et al., 2010. 
20 Tasseled Cap. 
21 Greenness Ratio. 
22 Weighted Difference Vegetation Index. 
23 Normalized Difference Moisture Index. 
24 The authors selected the ten best vegetation indices to enhance classification accuracies with parsimonious representation; the 

optimal result was achieved with rapid computation (Damelin and Miller 2011). 
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Weng 2007; Royimani et al. 2019). This is important for WPE detection because shrub 

encroachment into grasslands can occur within variable-sized patches that typically have a 

heterogeneous mixture of grasses and shrubs.  
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Table 2-8 Spectral indices used in WPE studies (R=Red, G=Green, B=Blue, RE=Red Edge) 

Sensor Type Vegetation index Equation Wavelength 
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Enhanced Vegetation Index 

(EVI) 
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ὔὍὙφϽὙὉὈχȢυϽὄὒὟὉρ
 Chlorophyll 

N/A, 3 ( ) Becker et al. 

(2013), 

Wilfong et 

al. (2009) 

Green Normalized 

Difference Vegetation Index 

(GNDVI) 
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Chlorophyll 

Not important 

Ng et al. 

(2017) 
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Modified Soil Adjusted 

Vegetation Index (MSAVI) 
ςὔὍὙρ ςὔὍὙρ ψὔὍὙὙ

ς
 Chlorophyll 

Not important 

Normalized Difference 

Vegetation Index (NDVI) 

ὔὍὙὙ

ὔὍὙὙ
 Chlorophyll 

1 (+); N/A; N/A; 

1; N/A; N/A; 1 

Wilfong et 

al. (2009), 

Kattenborn et 

al. (2019), 

Gavier-

Pizarro 

(2012), 

Delgado 

(2017), 

Gartzia et al. 

(2014), 

Becker et al. 

(2013), Yue 

(2009) 

Normalized Difference 

Moisture Index (NDMI) 

ὔὍὙὛὡὍὙρ

ὔὍὙὛὡὍὙρ
 Water 

4 (+) Wilfong et 

al. (2009) 

Normalized Difference 

Water Index (NDWI) 

Ὃ ὔὍὙ

Ὃ ὔὍὙ
 

Water 

N/A; 11 (+) Kattenborn et 

al. (2019), 

Ng et al. 

(2017) 

Normalized Difference Red 

Edge Index (NDREI) 

ὔὍὙὙὉ

ὔὍὙὙὉ
 Chlorophyll 

Not important 

Ng et al. 

(2017) 

Normalized Vegetation 

Index 2 (NDVI2) 
, where NIR2 from Sentinel-2 Chlorophyll 

Not important 

Normalized Near Infrared 

(NNIR) 

ὔὍὙ

ὔὍὙὙ Ὃ
 Chlorophyll 

Not important 

Plant Senescence 

Reflectance Index (PSRI) 

Ὑ ὄ

ὙὉ
 Chlorophyll 

Not important 
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Sensor Type Vegetation index Equation Wavelength 

association 

Importance 

ranking 1 

Used by 

Red Edge Vegetation Index 

(REVI) 

ὔὍὙ

ὙὉ
 

Chlorophyll 

N/A; Not 

important 

Kattenborn et 

al. (2019), 

Ng et al. 

(2017) 

Red Ratio (RR) 
ὔὍὙ

Ὑ
Ͻ
Ὃ

Ὑ
Ͻ
ὔὍὙ

ὙὉ
 Chlorophyll 

Not important 

Ng et al. 

(2017) Sentinel Improved 

Vegetation Index (SVI) 
, where RE2 from Sentinel-2 Chlorophyll 

Not important 

Simple Ratio (SR) 

ὔὍὙ

Ὑ
 

Chlorophyll 

2 ( ), Not 

important 

Wilfong et 

al. (2009), 

Ng et al. 

(2017) 

Soil Adjusted Vegetation 

Index (SAVI) 

ρ ὒ, where L=0.5 (between -

0.9 and 1.6) Chlorophyll 

7 (+); N/A Wilfong et 

al. (2009), 

Gartzia et al. 

(2014) 

Tasseled Cap (TCap) 

Greenness (G) 

Wetness (W) 

Brightness (B) 

4#ÁÐ'πȢςψτψϽ" πȢςτσυϽ'
πȢυτσφϽ2 πȢχςτσϽ.)2πȢπψτπϽ
37)2ρπȢρψππϽ 37)2ς, 4#ÁÐ7
πȢρυπωϽ" πȢρωχσϽ' πȢσςχωϽ2
πȢστπφϽ.)2πȢχρρςϽ37)2ρ
πȢτυχςϽ 37)2ς, 4#ÁÐ"πȢσπσχϽ"
πȢςχωσϽ' πȢτχτσϽ2 πȢυυψυϽ.)2
πȢυπψςϽ37)2ρπȢρψφσϽ 37)2ς 

 

Chlorophyll 

Water 

/ 

5 (+) (TCapW), 

10 (+) (TCapG), 

12( ) (TCapB); 

N/A; 1 (TCapG) 

Wilfong et 

al. (2009), 

Gavier-

Pizarro 

(2012), 

Becker et al. 

(2013) 

Visible Atmospherically 

Resistant Index (VARI) 

Ὃ Ὑ

Ὃ Ὑ ὄ
 

Chlorophyll 14 ( ) Wilfong et 

al. (2009) 

Weighted Difference 

Vegetation Index (WDVI) 
ὔὍὙὥϽὙ, where ὥ  Chlorophyll 

3 (+) Ng et al. 

(2017) 

WorldView Improved 

Vegetative Index (WWVI) 
, where NIR2 from Sentinel-2 Chlorophyll 

Not important Ng et al. 

(2017) 
1Where ñ1ò corresponds to the most important index for each study, ñ+ò represents a positive relationship, and ñ ò a negative. 
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 Various parametric and non-parametric classification techniques have been used for 

spectral, phenological, and object-based classifications of WPE grasslands (Tables 2-9 and 2-10). 

Examples include the use of hyperspectral and multispectral imagery to map invasive shrubs with 

the SVM classifier, which led to a Kappa coefficient accuracy of 0.89 when comparing to the 

ground data of shrub presence and absence (Paz-Kagan et al., 2019). Moreover, Becker et al. 

(2013) used Landsat TM and ETM+ data to map invasive shrubs with the parametric tasseled cap 

greenness, yielding a classification accuracy rate of 88% compared to field-based shrub cover. In 

this case, only large shrub stands (50 to 100 m diameter) could be identified. Tables 9 and 10 show 

that parametric classifiers result in lower overall classification accuracy than non-parametric 

classifiers. Comparative studies between parametric and non-parametric classifiers for WPE 

detection are limited. For example, in Zhou et al. (2014), the non-parametric classifier (SVM) 

resulted in a higher overall accuracy (81%) than that of the other two parametric classifiers (73% 

for Maximum likelihood and 62% for Mahalanobis distance). 

Table 2-9 Parametric classifiers used for WPE detection 

Parametric classifiers Species classified Rate of 

success* 

Used by  

Maximum Likelihood 

(MLH)  

Olea europaea L. 

ssp. cuspidata (Wall. ex G. Don) 

Ciferri 

OA1=85% Cuneo et al. 

(2009) 

Mimosa pigra N/A Delgado (2017) 

Pinus jeffreyi Balf., Pseudotsuga 

menziesii, Chamaecyparis 

lawsoniana (A. Murray) Parl., 

Notholithocarpus densifloru 

N/A Sahara et al. 

(2015) 

Frangula alnus, Rhamnus 

cathartica 

N/A Becker et al. 

(2013) 

N/A OA=73% Zhou et al. 

(2014) 

Iterative Self-

Organizing Data 

Analysis Technique 

(ISODATA)  

Acacia spp., Albizia cf. 

petersiana., and larger trees 

OA>75% Marston et al. 

(2017) 

Dichrostachys cinerea, Grewia 

vernicosa, Grewia monticola, 

Grewia flavenscens, Acacia karoo, 

Acacia tortilis, Acacia mellifera 

OA>85% Munyati et al. 

(2011) 

Linear Discriminant 

Analysis (LDA) 

Predominantly chapparal shrubs or 

conifers 

OA>80% Meerdink (2018) 

Parallelepiped method 
Frangula alnus, Rhamnus 

cathartica 

OA=88.33% Becker et al. 

(2013) 

Malahanobis distance 
N/A OA=62% Zhou et al. 

(2014) 

* The type of remote sensing data used plays a major role in the accuracy of the results. 1OA=overall 

accuracy 
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Table 2-10 Non-parametric classifiers used for WPE detection 

Non-parametric 

classifiers 

Species classified Rate of 

success* 

Used by  

Support Vector 

Machine (SVM) 

Artemisia afra, Asparagus 

laricinus, Seriphium plumosum 

OA=84% Tesfamichael et al. 

(2018)  

Ligustrum lucidum OA=84% Gavier-Pizarro et al. 

(2012) 

Acacia salicina, Acacia saligna OA=89% Paz-Kagan et al. 

(2019) 

N/A OA=81% Zhou et al. (2014) 

Rubus cuneifolius Pursh OA=77% Rajah et al. (2018a, 

2019) 

Cistus shrubs r2=0.64 Schwieder et al. 

(2014) 

Random Forest 

(RF) 

Pinus radiata, Acacia dealbata, 

Ulex europaeus  

r2=0.79, r2=0.90, 

r2=0.81 

Kattenborn et al. 

(2019)  

Artemisia afra, Asparagus 

laricinus, Seriphium plumosum 

poor results 

mentioned 

Tesfamichael et al. 

(2018) 

Buxus sempervirens, 

Echinospartum horridum, 

Juniperus communis, 

Rhododnedron ferrugineum 

Kappa=0.91; 

OA>85% 

Gartzia et al. (2014) 

 

Prosopis &  Vachellia spp. OA>79% Ng et al. (2017) 

Cistus shrubs r2=0.60 Schwieder et al. 

(2014) 

Gradient Boosted 

Modelling (GBM)  

Artemisia afra, Asparagus 

laricinus, Seriphium plumosum 

 OA=77% Tesfamichael et al. 

(2018) 

Partial Least 

Squares 

Regression 

(PLSR) 

Cistus shrubs r2=0.51 Schwieder et al. 

(2014) 

* The type of remote sensing data used plays a major role in the accuracy of the results; 1OA=overall 

accuracy 

2.6.4.2. Object-Based Analysis 

When woody species have less distinct spectral characteristics that separate them from grasses, 

object-based classification methods can be used (Müllerová et al., 2016). Usually, very high 

resolution data that capture the shrub stand dimensions (i.e., decimetres to metres) are needed to 

use this approach (Shivakanth and Tanwar 2018). For instance, with 10 m resolution Sentinel-2 

data, individual shrubs and trees are too small to be detected with single pixels, since the minimum 

object size should exceed one pixel. Moreover, segmentation requires several pixels to form an 

ñobjectò (Ng et al., 2017). In very high resolution images (i.e., decimetres to a few metres), woody 

vegetation usually has a circular or elliptical shape, which can be distinguished from herbaceous 

plants and the soil (Cao et al., 2019). Several studies have used object-based classification for WPE 

detection. Mirik and Ansley (2012) used an object-based algorithm that combines variants of 

artificial neural networks, decision trees, Bayesian, K-nearest neighbour, and ensemble learning 

to classify woody and herbaceous cover. When compared with field-identified land cover types, 
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this resulted in an overall accuracy rate of 87% and 97% for images of 30 m and 1 m spatial 

resolution, respectively. Zhou et al. (2014) found higher overall classification accuracy (i.e., 

89.24%) with an object-based approach than with pixel-based classification approaches (i.e., 

SVM-81.15%, Maximum Likelihood-73.33%, and Mahalanobis distance-61.77%) when 

comparing shrub distribution with ground survey data. Lastly, Ng et al. (2017) found an overall 

accuracy rate of 83% when mapping WPE with Pleiades data (with a 2 m spatial resolution), which 

was higher than the 79% overall accuracy rate when using Sentinel-2 data (with a 10 m spatial 

resolution). These accuracies were obtained by comparing field-obtained GPS points of woody 

cover with the classified woody cover from Pleiades and Sentinel-2 imagery. 

2.6.4.3. Spectral Mixture Analysis (SMA) 

WPE grasslands are heterogeneous and contain a mixture of land covers. When the woody cover 

is smaller than the spatial resolution of the RS sensor a mixed pixel of woody plant, grass, bare 

ground, or rock results. SMA identifies within pixel species fractions, which each have a 

characteristic reflectance and can be separated using endmember spectra (Shivakanth and Tanwar 

2018). Endmembers are obtained from pure image pixels or from spectral signatures obtained in 

the field (Lu and Weng 2007). Since SMA classifies at a sub-pixel level, this classifier could detect 

early stages of WPE using moderate and coarse spatial resolution data (Matongera et al., 2017). 

This is because woody plant cover does not necessarily have to cover a whole image pixel 

(advanced WPE) for it to be detected. For instance, field measurements that used a 

spectroradiometer found that woody cover between 10% and 25% was the minimum threshold that 

could be detected in a grassland region (Chapter 3, (Soubry and Guo 2021)). However, these results 

should be confirmed with the use of satellite data. 

Sankey and Glenn (2011) compared three different SMAs to estimate juniper tree cover 

using linear spectral unmixing (LSU), mixture tuned matched filtering, and constrained energy 

minimization. Constrained energy minimization and LSU were poorly correlated to field-obtained 

tree cover (r2 = 0.003, p-value = 0.571 and r2 = 0.004, p-value = 0.550, respectively), whereas 

mixture tuned matched filtering was significantly correlated (r2 = 0.09, p-value = 0.004). The 

addition of LiDAR data significantly improved these results (r2 = 0.74, p-value < 0.001). The low 

accuracy results from SMA were mainly related to the sparse distribution and low density of 

juniper trees (7.3%) in the study area, in combination with the use of Landsat TM images. The 

improvement in the results with LiDAR data was mainly related to the addition of structural 

information that allowed for the separation of vegetation groups that were spectrally very similar.  

One inherent difficulty with LSU is that it assumes that multiple scattering between 

endmembers does not occur. Wang (2015) showed that there is strong, nonlinear multiple 

scattering from shrubs, especially in the NIR region of the EM spectrum. Importantly, this 

scattering increases with their cover and height. Thus, there can be a difference between shrub 

cover results from LSU and nonlinear spectral unmixing. Ma et al. (2015) found that nonlinear 

spectral unmixing can be used in areas that are dominated by tree and shrub species; hence, it is 

suitable for application in areas with high WPE. 

There are a few limitations to the use of SMA. For example, SMA has shortcomings related 

to the number of endmembers it can use, which have to be less than or equal to the number of 

bands in the image (Clevers and Zurita-Milla 2008). Only then is there a unique solution for the 

fractions of each endmember with a meaningful error term. SMA is also unable to account for 

small spectral differences of land cover (Roberts et al., 1993), limiting its use in grassland WPE 
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detection. It is also difficult  to find pure endmember pixels in arid and semiarid grasslands (Cao 

et al., 2019).  

Multiple endmember spectral mixture analysis (MESMA) can overcome some of the above 

limitations, making this technique more appropriate for WPE classification. Somers and Asner 

(2013) used MESMA with hyperspectral imagery to detect invasive tree species. When compared 

with field-obtained tree species locations, MESMA resulted in a Kappa statistic between 0.51 and 

0.69. When they added multi-temporal MESMA to further improve the detection of invasive trees, 

the Kappa coefficient accuracy was between 0.6 and 0.79. MESMA was also used to map honey 

mesquite and redberry juniper with multispectral imagery (Buenemann, 2007). The difference 

between multispectral image estimates and ground reference endmember abundances resulted in a 

standard error between 0.063 and 0.235 endmember fractions. However, this study underestimated 

areas with low WPE vegetation cover due to confusion with soil or non-photosynthetic vegetation. 

2.6.4.4. Additional Classification Attributes (i.e., Texture and Height) 

Other attributes of woody plants in grasslands, such as surface texture or height, separate them 

from the continuous, shorter, and smooth grasses (Kattenborn et al., 2019). These can be included 

in classification techniques to enhance accuracy (Shivakanth and Tanwar 2018). For instance, 

Kattenborn et al. (2019) used Gray Level Co-occurrence Matrix metrics, based on the average 

values of the red, green, and blue bands, to derive texture information for WPE species 

classification. Texture allowed them to account for local differences in the canopy structure, and 

their classification accuracy improved by 5% to 10% compared to the use of a single method (e.g., 

hyperspectral data). 

 Hudak and Wessman (1998) used a textural index to identify differences in woody plant 

density. Woody stem count correlated best with the textural image. However, its significance 

reduced as the image pixel size increased (e.g., r2 = 0.25 and 0.70 for a pixel size of 20 m and 2 m, 

respectively). They concluded that, at 10 m resolution, texture could indicate woody plant density 

(r2 = 0.48). Moreover, Ng et al. (2017) used wavelet transformation to derive textural features of 

shrubs. Other techniques related to texture-based classification can be found in Lu and Weng 

(2007). As mentioned earlier (see Sections 2.6.1.6 and 2.6.1.7), the detailed, three-dimensional 

structure of woody vegetation can be estimated from SfM with the use of RPAS (Dempewolf et 

al., 2017), while LiDAR can be used to accurately determine elevation (i.e., woody height 

characteristics) (Tompalski et al., 2021). 

2.6.4.5. Fusion-Based Methods 

RS data fusion includes the combination of different datasets, resulting in more information than 

would be available through a single data source (Zhang, 2010). Multi-source RS data fusion 

methods for WPE detection have improved mapping results in many vegetation studies. This is 

because the combination of active RS, such as SAR and LiDAR, provides structural information 

(e.g., woody plant height), while the incorporation of passive spectral data (e.g., from Landsat or 

Sentinel-2) adds spectral information associated with the distribution of woody material. When 

these are combined, the additional information from two or more data sources enhances the 

classification accuracy and reduces confusion. 

Kattenborn et al. (2019) combined Sentinel-1 and 2 data to predict woody cover, resulting 

in a good correlation (r2 > 0.79) between the RPAS-based reference data and the Sentinel-based 

predictions (RMSE < 12% woody cover fraction). The fusion of Sentinel-1 data with Sentinel-2 
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improved the estimation of woody cover fractions between 8.3% and 15.2%. Mitchell et al. (2015) 

fused airborne hyperspectral and LiDAR data, and the shrub cover estimations, when referenced 

to field-measured shrub cover, improved with the combination of the two (with an r2 = 0.58). 

Indeed, on its own, LiDARôs shrub cover estimation was not as accurate (r2 = 0.49). Landsat 5 and 

LiDAR data were fused for juniper tree mapping (Sankey and Glenn 2011). Only LiDAR-derived 

juniper cover estimates were correlated to field-measured cover (r2 = 0.74, p-value < 0.001); 

however, the fusion of Landsat 5 and LiDAR juniper cover estimates led to a superior correlation 

with field data (r2 = 0.80, p-value < 0.001). In Bork and Su (2007), LiDAR data could map aspen 

forests and grasslands but not shrublands. The combination of LiDAR and multispectral data led 

to a 16% to 32% greater overall accuracy rate in the classification of these three land covers than 

either of the two datasets alone.  

LiDAR has also been used with aerial imagery to map the spatiotemporal dynamics of 

woody plants (Hantson et al. 2012; Hellesen & Matikainen 2013; Levick & Rogers 2011). In these 

studies, it was found that the combined use of LiDAR with optical data resulted in greater accuracy. 

For instance, when compared to field-derived woody species occurrence, the combined use of 

vegetation heights derived from LiDAR data and a maximum likelihood classification of aerial 

photographs increased the overall classification accuracy of woody species detection from 39% to 

50% (Hantson et al., 2012). Also, when combining LiDAR and colour-infrared orthoimages for 

WPE mapping with an object-based approach, the shrub producerôs accuracy increased from 

81.2% to 93.7%, and the shrub userôs accuracy increased from 52.9% to 89.7% (Hellesen and 

Matikainen 2013). 

Other fusion methods not yet used for WPE mapping should also be mentioned. The 

Harmonized Landsat and Sentinel product, or the virtual constellation of surface reflectance from 

Landsat 8 and Sentinel-2 (Skakun et al., 2018), could lead to more accurate WPE time-series 

mapping due to its higher temporal availability than each of the satellites on their own. The 

Harmonized Landsat and Sentinel product could facilitate the monitoring of within-season 

grassland dynamics, which would allow for WPE detection based on phenology. Examples in the 

use of this product include estimating annual vegetation phenology in grasslands (Zhou et al. 2019) 

and detecting early growth stages in corn and soybeans (Gao et al., 2020). Moreover, the fusion of 

radar data (e.g., RADARSAT-2 and PALSAR) with multispectral data is encouraged for WPE 

mapping, as it facilitates the recovery of data in cloud-prone areas (Kattenborn et al., 2019; Lindsay 

et al., 2019). This type of fusion has been used to improve invasive species mapping (Ghulam et 

al. 2011; Lindsay et al. 2019; Rajah et al. 2018a,  2019) and should be investigated for WPE 

detection.  

Multi -sensor data fusion techniques also have limitations. When compared to field 

reference data, some studies saw decreased prediction accuracy after combining different sensors 

(e.g., an overall accuracy rate of 55% versus an overall accuracy rate of 84%) for invasive species 

mapping (Rajah et al., 2019). Other studies saw no major prediction improvement in WPE 

mapping (Kattenborn et al., 2019). Moreover, even if the temporal resolution of the data is 

improved with data fusion, it may not have sufficient frequency to track within-season vegetation 

dynamicsðparticularly during the early growing season (Zhou et al. 2019). Lastly, increased 

processing and storage demands (Royimani et al., 2019) and discrepancies between the sensors 

did, until recently, limit the long-term utility of multi-sensor data fusion for WPE mapping. 

However, cloud-based processing platforms such as Google Earth Engine or the DIAS initiative 

(European Commision, 2018; Google, 2020), harmonized datasets such as the Harmonized 
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Landsat Sentinel product (Skakun et al., 2018), and multi-source data processing algorithms such 

as FORCE (Frantz, 2019) could potentially overcome these limitations. 

2.6.5. Detecting Environmental Drivers and Grassland Sensitivity to WPE 

2.6.5.1. Using Remotely Sensed WPE Cover to Detect WPE Drivers 

Several of the drivers mentioned in Section 2.5.1 (e.g., soil type, topography, and fire occurrence) 

can be detected when connected to RS-derived woody cover, which covers larger regions than 

localized field-derived woody cover. Decadal RS datasets over national or continental scales have 

been used to identify some of the major environmental WPE drivers, since these datasets can 

identify expansion, growth, and woody plant mortality. 20-year Landsat data of alpine grasslands 

in the Central Pyrenees have been used to estimate WPE drivers (Gartzia et al., 2014). These 

included biophysical factors separated into topographic, abiotic, biotic, and climatic categories. 

They also included anthropogenic factors, such as distances to roads and towns, depopulation, and 

land ownership. Drivers differed by grassland density, and distance to the nearest woody plant 

habitat was the major WPE driver. In another study, edaphic drivers related to the expansion of 

eastern red cedar and Ashe juniper into the Great Plains of the United States were examined with 

the combination of Landsat data and L-band RADAR backscatter between 1984 and 2010 (Wang 

et al. 2018). Soil texture and depth were related to the expansion of these two species, and WPE 

was higher in areas with lower available water storage in the topsoil. 

 Venter et al. (2018) used 30 m Landsat data to examine WPE in the African continent over 

a 30-year time span (1986-2016) and determined that the main drivers of WPE expansion varied 

across spatial and temporal scales. Major drivers included a warming and wetting climate (broadly 

associated with climate change), changes in fire regime, herbivory, and human disturbance. 

Edaphic variables and protected area status were also included but were less important on the 

continental scale. Moreover, Skowno et al. (2017) found that protected areas in South Africa 

experienced woody cover loss, while commercial and traditional rangelands saw increases in 

woody cover. They used Landsat data and L-band RADAR backscatter to estimate the extent of 

woodlands and grasslands between 1990 and 2013. A wetting climate was also found to contribute 

to country-wide WPE increases. Marston et al. (2017) monitored WPE in Kruger National Park, 

South Africa with Landsat images from 2001 to 2014 and suggested two main drivers of WPE: 

herbivory and atmospheric CO2 increases. They found no obvious trend in air temperature, 

precipitation, or fire regime. However, they did not directly associate these potential drivers with 

WPE cover; they instead examined the trend of each variable separately.  

 Overall, data that cover a longer time period (i.e., at least 30 years) may be used to identify 

specific driver mechanisms. Historical aerial photography and airborne LiDAR data were used 

over the same study area to examine WPE drivers between 1942 and 2001 (Levick and Rogers 

2011). Factors related to substrate, hydrology, topography, position, and management were 

examined. Of these, changes in fire regime and climate had a stronger connection to WPE. Lastly, 

Buitenwerf et al. (2012) took advantage of long-term field datasets and aerial photographs between 

1973 and 2007. The authors examined the relationship between increased atmospheric CO2 and 

WPE in areas with constant fire and herbivory management. They found that CO2 and WPE were 

related because the study sites underwent a substantial increase in woody plant density, with the 

density either doubling or tripling. 

2.6.5.2. Monitoring Grassland Sensitivity to WPE with Remote Sensing 



 

48 

 

WPE has a number of implications on grassland ecosystem function (see Section 2.5.2), which 

can be detected using RS data. The surface albedo of woody plants can be detected from typically 

darker hues in satellite RS (Tian et al., 2020). The launch of the Deep Space Climate Observatory 

satellite with the Earth Polychromatic Imaging Camera has opened the way for global surface 

albedo estimations with high temporal resolution (10-20 overpasses/day). Tian et al. (2020) found 

consistency between estimated albedo from this sensor and ground-based observations (max. r2 = 

0.67 for grasslands). Although progress has been made in albedo estimations from Landsat, 

Sentinel-2, and RPAS, the sensors that currently offer albedo estimations are coarse (e.g., 16-day 

500 m MODIS composite or 16-day 5.5 km MERIS composite) (Franch et al., 2019; Roujean et 

al., 2019). An early study of Robinove et al. (1981) investigated the use of a Landsat albedo 

product in an arid region and connected increases and decreases in albedo with land cover changes 

(i.e., flash floods, soil moisture changes, and changes in vegetation). Specifically, increases in 

perennial shrubs and annual plants were connected to decreases in albedo. Differences in LAI 

between open and WPE grasslands can be calculated by predicting LAI from models that connect 

vegetation indices with field-obtained LAI data (Li and Guo 2010; Qiao et al. 2019). The increase 

in LAI due to woody structure leads to changes in albedo (Ge and Zou 2013), which are connected 

to energy exchange, temperature, and ET (see Section 2.5.2).  

The changes generated by WPE in grasslands also lead to changes in terrestrial habitat 

types. Terrestrial habitat types are defined by plant species and their associated microclimate 

(Wilson, 2020). WPE reduces grassland cover and has been connected to a decline in grassland 

biodiversity (see Section 3.2). RS has been used to monitor habitat extent and condition (Nagendra 

et al., 2013; Neumann, 2020). Since RS data can delineate WPE cover and WPE change over time, 

it could also delineate areas of habitat availability for grassland or shrubland species and even 

make recommendations related to habitat quality depending on, for example, the level of WPE 

(Requena-Mullor et al., 2017). For instance, Waser et al. (2008) detected shrub encroachment with 

aerial and LiDAR data based on height changes. To sustain the habitat of the study area, the authors 

suggested selective logging. Furthermore, Pringle et al. (2009) linked multi-decadal (65-year) 

vegetation changes related to WPE to changes in habitat availability for Australiaôs most 

endangered snake. They used aerial photographs between 1941 and 2006 and applied both pixel-

based and object-based approaches.  

One of the more important implications of WPE in grasslands is the reduction in grazing 

habitats for livestock (Archer et al. 2017; Bowes 1998). Seasonal and long-term forage 

productivity can be estimated from RS data with vegetation indices, such as the Enhanced 

Vegetation Index and NDVI, which are correlated with peak biomass (Huang et al., 2019). Peak 

biomass, for its part, is a proxy of ANPP. Roumiguié et al. (2017) used MODIS data and developed 

a forage production index, and Liu et al. (2019) estimated forage production combining RPAS and 

PlanetScope NDVI data (r2 = 0.8 and RMSE = 542 kg/ha compared to field measured biomass). 

However, to define forage productivity in WPE grasslands, woody plant cover should be masked 

from grass cover, and ANPP has to be calculated using estimated grass cover alone. This is 

important because vegetation indices could give false estimates of increased productivity for areas 

that have woody cover that is unpalatable to livestock. Until recently, forage productivity models 

did not account for within-pixel heterogeneity of grassland plant functional types (i.e., grasses, 

forbs, shrubs, or trees) or their variation in phenology (Browning et al., 2019). LSU of image pixels 

from the Landsat archive from 1986 to 2019 generated 16-day rangeland production estimates of 

annual and perennial grasses and forbs, disregarding shrub cover (Jones et al., 2021). This provided 

a rangeland resource that is temporally and spatially relevant to management. 
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 Summary 

When woody plants have a distinct spectral signature from the surrounding land cover types, 

optical RS can detect them. Particular phenological, biochemical, and structural properties of the 

encroaching woody plants influence this signature (Skowronek et al., 2017). When spectral 

differences are subtle between woody plants and other land cover types, there may not be enough 

spectral variance, leading to a mixture of different cover types in each classification category and 

inaccurate results (Royimani et al., 2019). This may also occur when using coarse spatial resolution 

imagery. Nevertheless, if they have distinct morphologies and structures, WPE species might be 

detectable using an object-based approach (Müllerová et al., 2016). In addition, height information 

obtained from digital elevation models or LiDAR datasets can enhance WPE detection, as can the 

use of multi-angular RS data. The combined use of spectral, textural, and structural properties 

enhances WPE detection (Kattenborn et al., 2019). To achieve this, the spectral, spatial, and 

temporal resolution of RS data should match the target plant properties (Kopeĺ et al., 2019). 

Finally, although challenges in understanding the ecology and RS aspects of WPE remain, 

integrating these two fields within modelling approaches could help fill  these gaps in the literature. 

 Addendum 

Section 2.3 was updated to include more recent literature on the topic. Section 2.7, which was 

published in Soubry & Guo (2022b), was renamed from óConclusionsô to óSummaryô.  Two 

sections that belonged to this publication were moved to sections 1.4.1 and 1.4.2 of Chapter 1.
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3. Chapter 3 IDENTIFICATION OF THE  OPTIMAL SEASON AND 

SPECTRAL REGIONS FOR SHRUB COVER ESTIMATION IN 

GRASSLANDS 

 Preface 

This chapter is part of Objective 1 ï To explore remote sensing approaches for appropriate 

assessment of shrub encroachment in grasslands. In this chapter, the optimal season, percentage of 

shrub cover in a pixel, and spectral regions related to the identification of shrub cover in the 

grassland ecosystem were explored. This work was published in the journal of Sensors: 

Soubry, I., & Guo, X. (2021). Identification of the Optimal Season and Spectral Regions for Shrub 

Cover Estimation in Grasslands. Sensors, 21(3098), 1ï26. https://doi.org/https://doi.org/ 

10.3390/s21093098 

Date of publication: 29 April 2021 

Publisher: MDPI 

This research was conceptualized through discussion between Dr. Xulin Guo and myself. We 

collected the data together with Yunpei Lu, Michael Lu, and Matthew Lu, I developed the 

methodology and wrote the original draft. Dr. Xulin Guo helped with revisions, editing and project 

administration. The supplementary materials of this research have been added to Appendix A. 

Sensors is an open access journal, therefore, the authors retain the copyright. 

 Abstract 

Woody plant encroachment (WPE), the expansion of native and non-native trees and shrubs into 

grasslands, is a less studied factor that leads to declines in grassland ecosystem health. With the 

increasing application of remote sensing in grassland monitoring and measuring, it is still difficult 

to detect WPE at its early stages when its spectral signals are not strong enough. Even at late stages, 

encroaching woody species have strong vegetation characteristics that are commonly categorized 

as healthy ecosystems. We focus on how shrub encroachment can be detected through remote 

sensing by looking at the biophysical and spectral properties of the WPE grassland ecosystem, 

investigating the appropriate season and wavelengths that identify shrub cover, testing the spectral 

separability of different shrub cover groups and by revealing the lowest shrub cover that can be 

detected by remote sensing. Biophysical results indicate spring as the best season to distinguish 

shrubs in our study area. The earliest shrub encroachment can be identified most likely only when 

the cover reaches between 10% and 25%. A correlation between wavelength spectra and shrub 

cover indicated four regions that are statistically significant, which differ by season. Furthermore, 

spectral separability of shrubs increases with their cover; however, good separation is only possible 

for pure shrub pixels. From the five separability metrics used, Transformed divergence and 

Jeffries-Matusita distance have better interpretations. The spectral regions for pure shrub pixel 

separation are slightly different from those derived by correlation and can be explained by the 

influences from land cover mixtures along our study transect. 
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 Introduction  

Grasslands occur all over the world, extending from the Asian steppe, the Australian grasslands 

and the European grasslands, to the African savannas, the North American Great Plains and the 

South American Pampas. They offer a multitude of ecosystem services, such as forage for 

livestock, energy (e.g., biofuels, wind), carbon sequestration, water supply, recreational space, 

biodiversity preservation, food (e.g., beef), tourism, and genetic libraries (i.e., germplasms for 

future crops, ornamental plants) (Bengtsson et al., 2019), hence they have high economic value 

(e.g., $1204 million/year to $2056 million/year for temperate grasslands (Kulshreshtha et al., 

2015)). However, nearly half (49.25%) of the global grasslands are degraded (Gang et al., 2014), 

predominantly due to overgrazing, intensive agricultural practices and climate change. One of the 

consequences leading to a global decline in grassland ecosystem health is woody plant 

encroachment (WPE), the expansion of native and non-native trees and shrubs into grasslands 

(Archer et al., 2017; Heisler, Briggs, & Knapp, 2003). It is related to alterations in grassland 

primary productivity, nutrient cycling (Lett et al., 2004), biodiversity (Abreu et al., 2017), structure 

and function (Zinnert et al., 2013), energy flow (Schreiner-McGraw et al., 2020), and rangeland 

management (Kwon et al., 2016). Therefore, it is critical to detect WPE as early as possible to 

facilitate grassland management. 

 Woody plant encroachment is less studied with remote sensing methods because of several 

challenges. First, grasslands might appear in various WPE stages (i.e., early, moderate, or 

advanced), resulting in different woody cover within an image pixel (Goslee et al., 2003). The 

spectral signatures of woody plants may not be detectable at an early encroachment stage. 

Grasslands with WPE are highly heterogeneous and include land cover types that are, in many 

cases, smaller than the spatial resolution of medium-resolution remote sensors (10ï100 m), 

especially during early encroachment. When the pixel size at which one studies WPE is coarser 

than the woody plant stand, a mixed pixel that includes various types of cover (e.g., woody plant, 

grass, bare ground, rock) occurs. Even though this has been recognized as a challenge, to our 

knowledge, no minimum WPE detection threshold has been established for grassland areas. 

 Second, a woody plant has typically healthy vegetation spectral features that are hard to 

separate from healthy productive grass species. Nevertheless, these two lifeforms differ in their 

biochemical and biophysical aspects, such as pigment concentration, water content, leaf surface, 

leaf internal structure, leaf thickness; which define their optical properties. Spectral absorption or 

reflection regions that are related to the biochemical characteristics of woody plants, such as lignin, 

nitrogen, chlorophyll, and water content could be useful towards their detection. For instance, it 

has been shown that chlorophyll and carotenoid content of woody species is higher than for grasses 

(Liu & Guan, 2012; Tong & He, 2017). Since the visible portion of the electromagnetic spectrum 

is highly related to leaf pigment concentration, the reflectance in the green and absorption in the 

blue and red wavelengths might prove important when separating woody vegetation and grasses. 

Multispectral indices related to greenness and moisture are also important for WPE detection, as 

both of these could be higher for woody plants (Becker et al., 2013; Köchy & Wilson, 2000). As 

for leaf structure (i.e., mesophyll structure, leaf thickness, leaf surface), there might be a difference 

in the reflectance of the leaves of woody species (dicotyledonous leaves) and grasses 

(monocotyledonous leaves) due to their different mesophyll structure (Gates et al., 1965; Ustin & 

Jacquemoud, 2020), such as higher reflectance for the dicotyledonous leaves (Sinclair et al., 1971). 

The reflectance in the near infrared (NIR) region is mostly related to leaf structure. However, since 

remote sensors usually acquire data at the canopy and landscape scale, there is a difference in 

spectral response compared to the leaf scale. Factors that affect reflectance at that scale are related 
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to canopy architecture, such as leaf angle distribution, density, biomass, and leaf area index (LAI). 

Leaf orientation in broad leaf plants (e.g., shrubs) is more horizontal/planophilic, whereas grasses 

have more vertical orientation (erectophilic) (Ross, 1982). Plants that are more planophilic tend to 

reflect more light upward than those that are more erectophilic (Norman et al., 1985), and this is 

more evident in the NIR region (Myneni & Williams, 1994). These leaf geometries can also be 

related to differences in LAI (Fitter & Hay, 2002). Therefore, we would like to see if these 

differences are evident in the biophysical and spectral properties of a WPE grassland. 

 Third, depending on the season of the study application, different indices and spectral 

regions seem to be important for shrub detection. For instance, hyperspectral indices related to 

greenness (e.g., Derivative Green Vegetation IndexðDGVI) have better results during active 

woody plant growth, whereas those related to non-photosynthetic vegetation (e.g., Chlorophyll 

Absorption in Reflectance IndexðCARI) perform better during senescence (Oldeland et al., 

2010). Woody plants and grasses might have a different phenology pattern, resulting in different 

spectral responses. Therefore, it is necessary to define the optimal woody plant detection 

timeframe within the growing season. This might not be important when using high-resolution 

spatial sensors, for which structural characteristics are used in combination with object-based 

methods (Ng et al., 2017). However, for medium-resolution sensors, spectral differences due to 

phenology or land cover must be used. One example is the use of spectral separability and seasonal 

data in a composite image for woody plant mapping by Somers and Asner (2013). The results of 

this study showed that the use of multi-temporal image composites enhanced the detection of 

woody species due to their phenology. Hence, one must take into account the season in which 

shrub cover is most apparent and in which its spectral response is separable from the surroundings. 

 Last, when thinking about spectral separability, hyperspectral sensors (both space-borne 

and airborne) have been widely used to detect WPE because of the advantages that their wide band 

range offers (Kopeĺ et al., 2019; Somers & Asner, 2013). Specifically, with the use of 

hyperspectral data it is easier to find appropriate wavelengths to distinguish chemical and physical 

plant properties. Therefore, hyperspectral sensors are preferred when monitoring physiological 

plant traits (Niphadkar & Nagendra, 2016). Hyperspectral benefits enhance even more when using 

time series, giving the opportunity to explore phenological differences between grassy and 

encroaching vegetation (Somers & Asner, 2013). Field-based hyperspectral measurements offer 

the opportunity to fine-tune spaceborne and airborne sensors for larger-scale shrub mapping. This 

involves the selection of appropriate spectral bands and regions for shrub detection with spectral 

separability metrics and statistics (Somers & Asner, 2013) (e.g., InStability Index, Transformed 

Divergence, etc.). Afterwards, one can define remote sensing indices that use these bands and 

apply a broader land cover classification procedure. 

 Based on the above, the overall goal of this study is to derive the season and sensitive 

spectral regions for shrub detection in grasslands. Our main objectives are (1) to understand the 

biophysical and spectral properties of the grassland ecosystem that undergoes WPE, (2) to 

investigate the appropriate seasons and wavelengths to identify shrub cover, (3) to test the spectral 

separability according to shrub cover percentage, and (4) to reveal the lowest shrub cover 

percentage that can be detected by remote sensing. 

 Study Area 

The study area is the University of Saskatchewanôs Kernen Crop Research Farm in which WPE is 

an issue in its prairie stand. This area has a native remnant fescue prairie with common mixed 

prairie species which spans over 1.3 km2 at about 8 km NE of Saskatoon in Saskatchewan (52Á10ǌ 
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N, 106Á33ǌ W, 510 m mean elevation) (Archibold et al., 1996; Mori, 2009) (Figure 3-1). This site 

is in a transitional zone between the moist mixed grassland ecoregion (to the south) and aspen 

parkland (to the north). Mixed prairie graminoids are more common on drier sites, whereas fescue 

prairie graminoids are more apparent on mesic low topography sites (Baines, 1973; Mori, 2009). 

This site was chosen as representative of a grassland ecosystem and because it could be easily 

accessed during the pandemic restriction. 

Common grasses in the area are plains rough fescue (Festuca altaica subsp. hallii) 

(dominant grass), which grows together with slender wheatgrass (Elymus trachycaulus spp. 

Trachycaulus (Link.) Gould ex Shinners) and short bristle needle and thread grass (Hesperostipa 

curtiseta (Hitchc.) Barkworth) (sub-dominants). Frequent forbs are northern bedstraw (Galium 

boreale) and pasture sage (Artemisia frigida). Further, scattered patches of shrubs of various 

densities in the lower dry and saline parts of this site consist of western snowberry 

(Symphoricarpos occidentalis Hook.), wolfwillow (Elaeagnus commutata Bernh. ex Rydb.), and 

wild prairie rose (Rosa arkansana) (Baines, 1973; Slopek & Lamb, 2017). At the lower moist land 

of Kernen Prairie, aspen stands can be found (Pylypec, 1986). This site also has two invasive 

grasses, namely smooth brome (Bromus inermis) around the edges of the site which spreads 

towards the center, and Kentucky bluegrass (Poa pratensis) (Slopek & Lamb, 2017). Variables that 

contribute to the plant community structure are related to landscape structure, such as slope, soil 

moisture, soil water availability, light availability (Baines, 1973), as well as fire and grazing 

regimes. In this study, we focus on two shrub species, western snowberry and wolfwillow that are 

encroaching species in the area. 

The area has small slope variations without large soil temperature differences (Baines, 

1973). It has orthic dark brown chernozems soils of the Bradwell association which are loamy to 

fine sandy loam textured; it also has soils of the Sutherland association, which have a clay to clay-

loamy texture (Acton & Ellis, 1978). These seem to have developed on the fine-textured lacustrine 

deposits of the former glacial Lake Saskatoon (Baines, 1973). The regional climate of this area is 

categorized as semi-arid to dry subhumid according to the Thornthwaite classification (Sanderson, 

1948). Kernen prairie has a mean annual temperature of 3.3 °C, with a mean annual minimum 

temperature of ī18.9 ÁC in January, and a mean maximum of 25.7 ÁC in July. Further, the mean 

annual precipitation is 340.4 mm (Government of Canada, 2020). 

The land cover types surrounding Kernen Prairie are cultivated lands and roads (Mori, 

2009). This area has been grazed or hayed sporadically until 1967 (Pylypec, 1986) and has never 

been ploughed or grazed heavily (Archibold et al., 1996). From 1986 and onward, a number of 

prescribed burns have been completed (to control the invasion of smooth brome, and shrub 

encroachment (Archibold et al., 1996)), and other areas have been protected from fire for more 

than at least 105 years (Mori, 2009). Further, there is a well in the southwest corner of the prairie 

that waters livestock (Mori, 2009). Current management strategies involve light grazing by cattle 

from May to September (since 2006 until present) (Slopek & Lamb, 2017) and infrequent spring 

and fall patch burning (Mori, 2009). 
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Figure 3-1 Location of Kernen Prairie within the provincial boundaries of Saskatchewan (SK), Canada 

(upper figure), on a Sentinel-2 image of 11 July 2020 (lower left figure), together with a detailed map of 

Kernen Prairie and the field transect location (lower right figure). Source of Canadian Provincial 

Boundaries: Statistics Canada (Open-Government License ï Canada) (Statistics Canada, 2020), source of 

Sentinel-2 image: ESA (óCopernicus Service information 2020ô for Copernicus Service Information) 

(ESA, 2021a), source of digital elevation model: Shuttle Radar Topography Mission 1 Arc Second Global 

(National Aeronautics and Space Administration (NASA) and National Geospatial-Intelligence Agency 

(NGA) (USGS, 2021), source of Kernen Prairie land cover layers: Department of Plant Science, 

University of Saskatchewan. 
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 Methods 

The conceptual model of the methods that we followed in this study can be found in Figure 3-2. 

 

Figure 3-2 Conceptual model of methods that includes the input data, processing steps, and output data (WPEðWoody Plant Encroached, HSDð

Honestly Significant Difference, RSðRemote Sensing). 
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3.5.1. Field Design and Data Collection 

3.5.1.1. Field Design 

A 381 m long transect was established in the study site along which 128 quadrats were placed at 

3 m intervals (Figure 3-3). This transect was located along the main elevation variation gradient 

of Kernen Prairie (i.e., from 507 to 512 m, and then to 509 m)), which corresponds to the East-

West direction (Figure 3-1). About 40% of the transect (western side) lies on shallow clayey orthic 

dark brown Sutherland soil, and about 60% (eastern side) on discontinuous silty orthic dark brown 

Elstow soil (Souster, 1979). The quadrats were 1 × 1 m and were placed tangent to the southern 

side of the transect line. This avoided trampling and facilitated reflectance measurements based on 

illumination conditions. Transect design has been used in a multitude of woody encroachment 

studies for field measurements (Heisler et al., 2003; Meyer et al., 2019; Wilfong et al., 2009; Yusuf 

et al., 2015)). It makes sampling efforts faster and easier to establish, and it simultaneously 

captures the small-scale heterogeneity of the area. The dominant spatial scale in grasslands is 

between 0.2 and 1.5 m2, which is consistent with the biotic mechanisms of its species (McNickle 

et al., 2018). Therefore, cover estimates were recorded in 1 × 1 m quadrats to be representative of 

the scale of the plant community structure. 

 

Figure 3-3 Field transect design and plot quadrat measurements (PAIðPlant Area Index, GPSðGlobal 

Positioning System). 
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3.5.1.2. Data Collection 

We collected field data three times in the growing season (spring, summer, and fall). The data 

collected in 1 × 1 m quadrats along the transect included functional vegetation cover, ground 

hyperspectral data, plant area index (PAI), biomass, soil moisture, and landscape structure (Figure 

3-3). In addition, we collected shrub cover and density with the line intercept transect (LIT) method 

in spring. Digital images were collected at nadir view above the center of each quadrat and 3D 

coordinates of each were obtained in UTM13N with the use of a Differential Global Positioning 

System with positional accuracy of less than 1 m. 

 Two different methods were used to determine shrub cover and density. The LIT method 

(Meyer et al., 2019; Wilfong et al., 2009; Yusuf et al., 2015) and visual estimation within the 

transect quadrats. The LIT method is argued to be more efficient, since it covers a larger part of 

the study area and is fast. Shrubs for which their canopy falls on the transect line are recorded with 

their exact position (start and end along the transect); the sum of these lengths provide an estimate 

of the siteôs shrub cover (Hiernaux et al., 2009). Thus, shrub cover from the LIT method is related 

to the total length of shrub cover along the transect, while it corresponds to the visual estimation 

of shrub cover within the quadrats. Shrub density was defined as the number of shrubs that fall 

along the transect for LIT, and as the total number of shrubs per quadrat for the visual estimation. 

Within each quadrat, we measured percentage ground cover for both the top layer (i.e., 

green grass, forb, shrub, standing dead vegetation) and the lower layer (i.e., moss, lichen, bare 

ground, litter, rock) through visual estimation based on the methodology proposed in Michalsky 

and Ellis (1994). This means that ground cover is approximated to the nearest 5% for cover 

between 10%ï90%, and to the nearest 1% for cover less than 5% and over 90%. The acquisition 

of % ground cover in each transect quadrat and season was conducted by the same observer so as 

to reduce potential observer bias. 

 We collected ground hyperspectral data from a spectroradiometer (ASD field-portable 

FieldSpec Pro, Malvern Panalytical Inc., Boulder, CO, USA) between 10:00 and 14:00 to maintain 

a stable ratio between diffuse and incoming solar radiation. The spectroradiometer collects 

between 350 and 2500 nm with a 1 nm band range. Reference measurements with a Spectralon 

panel were taken at least every 15 min. Two different measurements took place during the 

collection of such data. The first one included the collection of surface reflectance in five 0.5 m 

circular diameter areas in each 1 × 1 m plot, which were then averaged to the 1 × 1 m scale (Figure 

3-3). In this case, the spectroradiometer was located at 1 m above ground, in nadir position, with 

a 25° field of view. The spectra collected with this method contain mixtures of all land cover types 

within each quadrat. The second type of measurements included the collection of shrub 

endmembers (i.e., wolfwillow and snowberry) that are encroaching in the study area. In this case, 

the spectroradiometer was placed closer to the shrubs and at least 10 samples for each shrub species 

were made to ensure the plantôs spectral variation was captured (i.e., leaves, branches). This allows 

us to have a spectral signature for ~100% shrub cover of the existing species in the study area. 

 Furthermore, we measured the PAI with the LAI 2000 plant canopy analyzer (LI-COR Inc., 

Lincoln, Nebraska, USA) in every quadrat. We use the term PAI since we are measuring both 

green and non-green vegetation and both understory and overstory elements (Camacho, 2015). 

The smallest view cap (45°) was used to reduce errors of viewing both sparse and dense foliage, 

and to allow for correct below canopy reading averaging (LI -COR, 1992). As for the appropriate 

number of below canopy readings, for grasslands, six below canopy readings have been used (Li 

& Guo, 2013). However, as shrub-encroached grasslands likely have higher heterogeneity, it was 

decided to use nine below-canopy readings to improve the spatial average. For each quadrat, PAI 
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below-canopy readings took place at evenly spaced points (30 cm from the center) (Figure 3-3). 

Borders were avoided to eliminate adjacency effects. In addition, biomass was collected in a 0.5 × 

0.2 m quadrat within each 1 × 1 m quadrat during the summer season. All existing vegetation was 

clipped, sorted into the functional vegetation cover classes (green grass, forb, shrub, dead, moss), 

dried at approximately 50 °C for a minimum of three days, and weighted with a scale of 0.1 g 

precision before and after drying. These samples were collected before the grazing season, and 

thus serve as a proxy of the annual net primary productivity of the site. For the subsequent fall 

measurements, the quadrat was moved south by 20 cm so that it did not include the biomass-

clipped portion of ground. Lastly, we measured soil moisture with a Procheck pc1804 Soil 

Moisture (ICT International, Armidale, Australia) device in each quadrat at the same locations of 

the hyperspectral measurements, except for the centre (Figure 3-3), and we collected horizontal 

and vertical landscape structure (i.e., convex, concave, or linear) for each quadrat along the 

transect. 

3.5.2. Data Processing 

Averaging and noise removal: We averaged the hyperspectral, soil moisture, and PAI data to 

represent the 1 × 1 m quadrat and scaled the dry biomass up to 1 m2. We also removed outliers 

that fell outside of three standard deviations from the mean for the seasonal land cover estimations 

and PAI to eliminate noise from potential seasonal quadrat shifting. For all collected spectral data, 

we removed the water absorption regions between 1350ï1430 nm, 1750ï1980 nm, and 2330ï2500 

nm to reduce the noise. 

 Calculation of shrub cover groups: Dividing the quadrats into 5% shrub cover classes (e.g., 

0.1%ï5%, 5.1%ï10%, 10.1%ï15%, etc.) gives us between 14 and 16 classes for all seasons. Since 

the spectral differences between those classes might not be significant, and because there is a small 

number of quadrats in each class, we decided to separate our data into meaningful clusters of shrub 

cover based on their spectral similarities. We only found western snowberry and prairie rose in the 

128 transect quadrats. Prairie rose appeared in very low percentages (4.8% per quadrat on average 

for all seasons). Therefore, our first cluster includes the quadrats with 0% shrub and our last cluster 

includes the quadrats that correspond to the western snowberry endmembers (~100% shrub cover). 

To determine the major spectral shrub clusters for intermediate shrub cover (i.e., between 1% and 

99%), we used cluster analysis. Cluster analysis divides the data into groups (clusters) that are 

more spectrally similar to each other than the data in other clusters (Jain & Dubes, 1988). In detail, 

we examined one centroid-based clustering method (K-means) and one hierarchical clustering 

method (Wardôs) (Murtagh & Legendre, 2014; Wu, 2012). K-means forms clusters around the 

centroids (Wu, 2012), while Wardôs clustering generates clusters that minimize the within-cluster 

dispersion at each binary split of the produced dendrogram (Murtagh & Legendre, 2014). 

 As input data for cluster analysis, we used the 128 noise removed averaged hyperspectral 

measurements for each quadrat. There are a number of methods and statistics to determine the 

optimal number of clusters based on the data. We used the ñNbclustò R package to calculate 23 

separate indices that generate the optimal number for each clustering method and growing season 

(Charrad et al., 2014). We used 2 and 15 clusters as minimum and maximum number of clusters 

and Euclidean distance for the calculation of the distance matrix each time. Finally, we selected 

the optimal number for each season and clustering method based on the majority rule of those 23 

indices. The clustering results gave us an initial idea about the data groupings from which we 

defined breakpoints that resulted in two alternative clustering schemes, one for each clustering 
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method. We selected the final clustering based on the most balanced number of quadrat 

measurements for each shrub cover cluster. 

3.5.3. Seasonal Variation of Biophysical Measurements 

We hypothesize the season in which shrub cover is most apparent is the season in which its 

biophysical variables have higher values. To reach this conclusion, we examined the seasonal 

trends of each variable. We subtracted each biophysical measurement (i.e., percentage cover, PAI, 

and soil moisture) for each land cover class between seasons (i.e., summerðspring and fallð

summer). When the result of the subtraction is zero, it means that the biophysical variable for that 

quadrat remained stable. If the result is positive, we have an increase, and if negative, we have a 

decrease. We also looked at their seasonal averages by calculating the average biophysical 

measurements of each land cover class per season. 

3.5.4. Correlation Analysis between Wavelengths and Shrub Cover 

We examined which wavelengths have higher correlation with the visually estimated shrub cover 

measurements along the transect. To do this, we calculated the correlation between each 

wavelength and visually estimated shrub cover along the total transect (sample size = 128) per 

season. To determine which correlation method to use, we examined the assumptions of normality 

in the data for the shrub cover estimation. Visually analyzing the density plot and the normal 

quantile-quantile plot indicated data had a non-normal distribution. We further generated the 

scatterplots between each wavelength and shrub cover estimate for all 128 quadrats, which 

confirmed that there is no strong linear relationship. We therefore implemented the Spearmanôs 

rank correlation, which is a non-parametric method that measures the strength and direction of any 

monotonic (instead of linear) relationship between the ranked selected wavelength and visually 

estimated shrub cover (Spearman, 1987). We further identified the critical value of the Spearmanôs 

rank correlation coefficient, r, for a two-tailed probability of a = 0.05 based on Zar (1972). To have 

a better overview of which wavelength regions have a statistically significant correlation with 

shrub cover along the transect, we plotted all correlation coefficients along the wavelength 

spectrum for each season. 

3.5.5. Shrub Cover Spectral Separability Analysis 

3.5.5.1. Calculation of Separability Metrics 

For this step we grouped our hyperspectral data for each season based on the cluster analysis and 

calculated the spectral separability between 0% shrub cover and each of the remaining clusters for 

every existing wavelength. We did this to see if the spectral separability changes with increasing 

shrub cover. Several separability metrics calculate how separable two clusters are. We used five 

different univariate statistical methods that are provided in the ñseparabilityò function of the 

ñspatialEcoò package in R (Evans, 2020). These include the M-Statistic (M) (Kaufman & Remer, 

1994), Bhattacharyya distance (B) (Bhattacharyya, 1946), Jeffries-Matusita (JM) distance 

(Bruzzone et al., 1995), Divergence (Jeffreys, 1946, 1948), and Transformed Divergence (TD) 

(Davis et al., 1978). They can provide the discrimination ability of each individual wavelength 

without taking into consideration their potential correlation (Gunal & Edizkan, 2008). This is 

important, since there might be autocorrelation along the transect. 



 

60 

 

 The M-statistic is calculated by taking the difference of the means of the two clusters we 

are comparing normalized by the sum of their standard deviations. There is separation for M > 1, 

and poor separation for M < 1 (Kaufman & Remer, 1994). The D statistic defines the difference 

between two distributions by looking at the difference in mean values of the log-likelihood ratio 

(Kailath, 1967). The limitation of this statistic is its difficulty in interpretation as there is no upper 

limit, and its value continues to increase as two distributions separate (Bindel et al., 2012). To 

overcome this issue, the TD (Davis et al., 1978) scales the divergence statistic between 0 and 2, 

with 2 offering maximum separability. The B distance measures the divergence between two 

clusters by calculating the cosine of the angle between them (Bhattacharyya, 1946). Kailath (1967) 

found that the B distance is easier to interpret than the D statistic, and that this metric performs 

equally or better than D. However, it has no upper limit (similar to D). Therefore, the JM distance 

was created to transform the B distance to a range between 0 and 2, with 2 suggesting maximum 

separability (Davis et al., 1978; Matusita, 1966). It is said that the JM distance can reduce the high 

separability features while enhancing the lower separability (Gunal & Edizkan, 2008). 

 A normality check was performed to the wavelengths of each cluster by running the 

statistical Shapiro-Wilkôs test (Shapiro & Wilk (1965)) before the separability analysis. The 

Shapiro-Wilkôs test is considered a more powerful method over other statistical tests of normality 

(Mohd Razali & Bee Wah, 2011) and has been used in similar spectral separability studies (Huang 

et al., 2016). However, since its power might be lower with a small sample size (e.g., below 30), 

we decided to use additional visual methods (i.e., quantile-quantile plot, density plot). For all 

seasons, some clusters were normal along the whole wavelength spectrum and others were normal 

for 84%ï99.9% of the wavelengths. Even though some shrub clusters are partially not normal, we 

do not consider this to be an issue for the current spectral separability analysis, as these individual 

wavelengths will be aggregated in later analysis and some might not be considered to contribute 

to the spectral separability. Furthermore, following a non-parametric approach for a small number 

of samples in each cluster could result in larger biases than the slight deviation from normality for 

at most 15% of the dataset. 

3.5.5.2. Thresholding and Selection of Important Wavelength Regions 

To separate between shrub cover and background cover, it is necessary to identify cut-off 

thresholds for each of the separability metrics that were calculated. Overall, it is considered that 

TD provides good separability when it has values above 1.8 (Campbell et al., 2013) or 1.9 (Bindel 

et al., 2012), with 2 providing the optimal separation between clusters. Similarly, features with TD 

values between 1.5 and 1.8 or 1.9 give moderate separation, whereas those with values below 1.5 

give poor separation (Bindel et al., 2012; Campbell et al., 2013). We therefore consider this 

classification schema for our own results (Table 3-1). Given the fact that JM follows the same 

scale (between 0 and 2), we use the same threshold rules for this statistic. When M is >1 we 

consider that there is good separation (Kaufman & Remer, 1994). Although for this statistic it is 

hard to define an intermediate separation level, since there is no upper limit. Similarly, it is hard 

to define thresholds for the B and D statistics, due to the fact that they continue to increase without 

upper bound. Therefore, these statistics can only give a general idea of the important contributing 

wavelength regions towards the separability of the two clusters under examination each time. The 

final wavelength regions for which both the TD and JM have values above or equal to 1.8 were 

considered for having good separation (ensemble approach). A similar ensemble approach was 

used for the moderate separability regions. 
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Table 3-1 Separability threshold values (based on Kaufman and Remer (1994), Campbell (2013), and 

Bindel et al. (2012)). 

Separability Statistic Threshold Value Separability Class 

M-Statistic 
>1 Good 

Ò1 Poor 

Transformed Divergence and Jeffries-

Matusita Distance 

Ó1.8 Good 

1.51ï1.79 Moderate 

Ò1.5 Poor 

3.5.5.3. Broadband Simulation and Shrub Cover Spectral Difference 

Broadband Simulation. We resampled the seasonal quadrat spectra into the broadband Landsat 8, 

Sentinel-2A, and Sentinel-2B bands with the use of their spectral response functions, which were 

retrieved from (NASA, 2021d) and (ESA, 2021b). We performed the broadband simulation within 

the ñhsdarò package in R with the use of the ñspectralResamplingò function (Lehnert et al., 2019). 

Broadband Spectral Difference between Shrub Cover Groups. To determine if there is a significant 

difference between shrub cover groups in each season per simulated broadband, we performed 

multiple one-way ANOVAs. The results were significant for all seasons and broad bands. 

Therefore, we performed a Tukey Honestly Significant Difference (HSD) post-hoc test to 

determine which shrub cover groups were significantly different from each other depending on the 

season and band. Since we have six shrub cover groups for the spring and summer season and five 

for the fall season, we have fifteen adjusted p-values from the Tukey HSD post-hoc test per band 

for spring and summer and ten for the fall season. We report those results in a table with two levels 

of adjusted p-value significance; below 0.1, and below 0.05. 

 Results 

3.6.1. Seasonal Variation of Biophysical and Spectral Measurements 

Land cover: From the average land cover for each season, shrub cover shows higher visibility in 

spring comparing with other land cover components. This indicates that spring is the preferable 

period for shrub monitoring (Table 3-2). Moreover, during the transition to summer, green grass 

increases by about 9% for 63% of the transect quadrats, covering up parts of lower cover, such as 

litter, bare ground and rock (Table A-1, Appendix A). In the transition from summer to fall, as 

the vegetation reaches senescence, we see a decline of about 7% and 1% in green grass and forbs 

respectively (Table 3-2). On the other hand, the standing dead cover increases by about 13% for 

86% of the quadrats, covering up more parts of the lower layers of litter, and bare ground (Table 

A-1, Appendix A). On average, the dominant grass along all quadrats was rough fescue, 

representing 86% of the total grass cover, whereas the remaining parts primarily included 

wheatgrass species. Some quadrats also included smooth brome and Kentucky bluegrass invasives. 
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Table 3-2 Average seasonal variation of biophysical measurements per transect quadrat (%) (MðMean 

value, SDðStandard Deviation, MinðMinimum value, MaxðMaximum value). 

  Spring Summer Fall 
   M SD MinïMax M SD MinïMax M SD MinïMax 

Cover 

(%) 

Green grass 25.5 8.6 5ï65 30.2 7.7 5ï55 23.5 6.3 10ï40 

Shrub 20.0 19.3 0ï75 18.0 17.2 0ï80 17.4 16.5 0ï75 

Forb 14.4 11.0 0ï50 15.0 9.9 0ï40 13.8 8.3 0ï40 

Standing 

dead 
30.5 11.3 0ï60 30.4 9.0 0ï50 41.9 12.8 0ï80 

Litter 8.2 7.2 0ï40 5.9 4.9 0ï25 2.9 5.1 0ï25 

Bare ground 0.7 3.1 0ï25 0.3 2.2 0ï20 0.1 1.3 0ï15 

Rock 0.5 2.6 0ï20 0.2 1.3 0ï10 0.3 1.9 0ï20 

Other 0.1 1.32 0ï15 0.1 0.9 0ï10 0.1 0.6 0ï5 

PAI  1.69 0.50 0.29ï3.15 2.37 0.70 0.37ï4.26 1.96 0.57 0.97ï3.41 

Soil moisture 

(m³/m³) 
0.148 0.035 

0.068ï

0.212 
0.183 0.026 

0.076ï

0.225 
0.189 0.019 

0.144ï

0.248 

Biomass 

(g/m²) 

Green grass 

 

123.8 53.9 11ï314 

 

Forb 21.1 24.0 1ï126 

Shrub 97.5 139.0 1ï888 

Non-

photosynthe-

tic 

vegetation 

422.8 194.1 84ï931 

Moss 3.8 7.3 1ï40 

Total 669.0   

 

Seasonal PAI: There is a 0.81 increase between spring and summer for about 87% of the transect 

quadrats, and a subsequent 0.69 decrease between summer and fall for around 74% of the transect 

quadrats (Table A-2, Appendix A). This fluctuation seems to correspond with the increase in 

green grasses during the summer and their subsequent senescence in the fall. 

Seasonal soil moisture: The average seasonal soil moisture along the transect goes in line with the 

expected precipitation patterns of the region (Holechek et al., 2011), with an increase during the 

summer (around 4% for 88% of the transect) and early fall (around 3% for 54% of the transect) 

(Table A-3, Appendix A). The soil moisture levels are between 15% and 19% (Table 3-2), which 

are towards the lower limit for silty and silty clay soils (Ratliff et al., 1983), upon which the transect 

is located (Souster, 1979). 

Biomass: Non-photosynthetic vegetation takes up most (63.1%) of the average summer biomass, 

after which green grasses (18.5%) and shrubs (14.6%) contribute towards most of the remaining 

biomass. Forbs (3.2%) and mosses (0.6%) contribute the least. 

Spectral: When looking at the average spectral signature for all quadrats along the transect (Figure 

3-4g, 4h, 4i), we can see an increase in chlorophyll absorption from the spring to the summer 

season for the red region of the spectrum (around 650 nm). On the other hand, the NIR remains 

fairly similar between those two seasons. In the fall season, we see a smooth increase in the visible 

portion due to the high amount of non-photosynthetic vegetation, and a lower reflectance along 

the NIR portion. The higher amount of vegetation moisture is responsible for larger absorption in 
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the shortwave infrared (SWIR) region during summer, whereas the spring and fall seasons have a 

similar higher reflectance response in that region due to lower moisture. 

 
Figure 3-4 Spectral signatures that correspond to images (a) to (i) which are representative per season. 

Quadrat K36 with 25%ï45% shrub cover in (a) spring (9 June 2020), (b) summer (3 July 2020), and (c) 
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fall (3 September 2020). Quadrat K96 with 60%ï80% shrub cover in (d) spring (11 June 2020), (e) 

summer (6 July 2020), and (f) fall (4 September 2020). Landscape pictures along the total study transect 

(128 quadrats) in (g) spring (27 May 2020), (h) summer (6 July 2020), and (i) fall (4 September 2020). 

 Moreover, the LIT method reported 28.1% shrub cover along the transect for the spring 

season. Since the LIT method is purely quantitative, we consider it as a more precise estimate for 

shrub cover than the visual estimation inside the quadrats. The LIT method confirms the results 

from the visual shrub quadrat estimations with regards to shrub species contribution. Over the total 

transect area, we can find 1.1 western snowberry shrub, and 0.2 prairie rose per 1 m of transect 

during spring season, indicating the prevalence of western snowberry along the transect. A similar 

conclusion can be made when looking at the respective percentage cover for the shrub species 

along the transect (Table 3-3). Overall, the visual estimation of cover in the quadrats is 

underestimating prairie rose presence by 1.3% and western snowberry cover by 6.6%. Again, we 

trust the LIT values more, since the sample size covers the total transect; with 497 measurements 

(almost double) over 128 for each species in all quadrats. 

Table 3-3 Average cover for shrubs and sub-species with the line intercept transect (LIT) method and the 

visual quadrat estimation for the spring season (W. Snowb.ðWestern snowberry, Prairie R.ðPrairie 

rose, M-Mean, SDðStandard deviation). 

 Average Shrub Cover (%) Shrub Density Per 1 m 
 Total Shrub W. Snowb. Prairie R. Total Shrub W. Snowb. Prairie R. 

Estimation method M SD M SD M SD M M M 

LIT  28.1 - 25.4 - 2.7 - 1.3 1.09 0.23 

Quadrat 20.2 19.2 18.8 19.1 1.4 2.2 - - - 

 Lastly, when looking at the increases and decreases in land cover (Table A-1, Appendix 

A), the categories of ñbare groundò, ñrockò, and ñotherò remain stable for 96.8% of the quadrats 

across seasons. This indicates that the visual land cover estimation method is consistent and 

reliable across seasons and quadrats. 

3.6.2. Relationships between Wavelengths and Shrub Cover 

There is clear variation in the strength of the relationship between shrub cover and spectral signals 

over seasons and wavelength (Figure 3-5). Specifically, the direction of the relationship differs in 

four regions of the spectrum between 350 nm and 2350 nm (those with p-values < 0.05). A negative 

relationship was found in the visible portion (between 350 nm and 700 nm), with more significant 

wavelengths around 420 nm (blue) for spring and summer, and around 495 nm (blue-green edge) 

and 680 nm (red) for fall. A positive relationship was found in the NIR portion (between 730 and 

1120 nm), with more significant wavelengths around 760 nm for all seasons, which is stronger for 

the summer. Further, a negative relationship was found for all wavelengths above 1430 nm (SWIR 

region), with more significant wavelengths around 1430 nm for summer and more so for fall; and 

around 2000 nm for fall. 
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Figure 3-5 Spearmanôs rank correlation coefficients for relationships between spectral reflectance and 

shrub cover measured during the 2020 growing seasons with corresponding Landsat 8 and Sentinel-2 

bandwidths (source: ESA (óCopernicus Service information 2021ô for Copernicus Service Information) 

[75], USGS (National Aeronautics and Space Administration (NASA))[76]. The r-critical value for a two-

tail test with a p-value of 0.05 was 0.17 and the spectral bandwidth is 1 nm. 

 Within the visible region, the negative correlation (between ī0.48 and ī0.47) for all 

seasons in the blue region (around 420 nm) is more significant during spring and fall than for 

summer. This could be related to the stronger chlorophyll absorption during spring. Similar 

patterns are observed for the blue-green (495 nm) and red (680 nm) regions, where the start of 

shrub senescence and decrease in chlorophyll absorption for the grasses leads to stronger negative 

correlations during fall (ī0.51 and ī0.56 respectively). The green peak (around 550 nm) is clearly 

less significant for all seasons and more so in the fall due to the lower chlorophyll content. The 

positive correlation in the NIR region (around 760 nm) is higher in the summer (around 0.39) and 

can be related to the higher reflectance of both shrubs and grasses due to the scattering of their 

internal leaf structure in that season. For the SWIR region, we see strong negative correlations 

(ī0.49 and ī0.56) around one of the main water absorption features (1430 nm) during summer and 

fall respectively, and less stronger ones during spring (ī0.33). This might be related to the increase 

in water holding capacity for shrubs during fall, when their transpiration is lower than summer and 

spring (Lafleur, Hember, Admiral, & Roulet, 2005; Wang et al., 2018), compared to grass species. 

This can also be explained by the average increase in soil moisture from spring to fall along the 

quadrat (see Section 3.6.1). Lastly, in the far SWIR, we see the strongest negative correlation 
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(ī0.57) around 2000 nm for the fall season, which could again be explained by the higher water 

holding capacity of shrubs during fall. 

3.6.3. Shrub Cover Spectral Separation Groups 

We used the k-means and Wardôs clustering to group the transect quadrats in shrub cover 

percentage categories/groups for the spring and summer season, whereas the k-means and Wardôs 

clustering generated the same result for the fall season (Table 3-4). 

Table 3-4 Final shrub percentage categories/groups for each season based on cluster analysis. 

Season Shrub Cover Groups (%) Number of Quadrats per Group 

Spring 0, <10, <35, <50, <75, <100 18, 35, 53, 12, 10, 32 

Summer 0, <10, <25, <40, <80, <100 19, 35, 41, 22, 11, 11 

Fall 0, <20, <40, <75, <100 19, 61, 38, 10, 20 

 The groups generated for each season are slightly different and are based on similarities in 

reflectance within each group. One can see the average spectral reflectance for all groups (except 

the ~100% shrub cover) in Figure 3-6a, b, and c. There is a lower number of shrub cover 

percentage groups for the fall season, indicating that the groups are being separated into broader 

classes than for the spring and summer season. This means that these categories become more 

similar to each other and are harder to differentiate. This is reasonable, because all vegetation cover 

classes tend to have the same spectral response at the end of the growing season due to browning 

and senescence. 

 In spring (Figure 3-6a), the reflectance lowers in the visible spectrum (350ï700 nm) as we 

move from 0% to 75% shrub cover, with only the 50.1%ï75% shrub cover group showing a 

distinct chlorophyll absorption in the red region (around 680 nm). In the NIR (700ï1350 nm) the 

highest shrub cover group (50.1%ï75%) shows the highest reflectance. The shrub cover groups 

between 0% and 35% show similar reflectance, which is higher than the 35.1%ï50% shrub cover 

group. This perhaps is explained by the fact that the 0%ï35% shrub cover groups have, on average, 

higher forb and green grass cover (5.8% and 8% higher respectively). This could lead to higher 

reflectance than the 35.1%ï50% shrub cover groups, which are also affected by non-

photosynthetic parts, such as branches and shadows. The two other parts within the SWIR region 

(1350ï1750 nm and 1950ï2350 nm) show a clear separation between all shrub cover groups; with 

a decline in reflectance as we move from 0% to 75% shrub cover. 

 In the summer (Figure 3-6b) there is a similar behavior as in the spring season for the 

visible spectrum. In the NIR we see a decline in reflectance as we move from 80% to 25% shrub 

cover, as expected. However, 0% shrub cover has a higher reflectance than the 0.1%ï10% shrub 

cover. When we examined the land cover estimations for each group, we saw that the 0.1%ï10% 

shrub cover quadrats have less green grass (2% less) and slightly more standing dead vegetation 

(0.3% more) and litter (0.3% more). These three land cover classes could be responsible for 

lowering the average reflectance of this shrub cover category. It becomes clear that the mixed pixel 

effect can have a major impact on shrub cover estimation. Along the two other parts of the SWIR 

region, we see a separation between shrub cover groups, which decline in reflectance when moving 

from 0% to 80% shrub cover. However, this separation is less clear than in the spring season for 

the intermediate groups (i.e., from 0.1% to 40% shrub cover). 
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Figure 3-6 Average spectral response for shrub cover groups in (a) spring, (b) summer, (c) fall, and (d) 100% shrub cover over the three seasons 

((d) was presented in a separate figure to remove its overshadowing effect).
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 During fall (Figure 3-6c), there is an increase for the lower shrub cover groups (i.e., 0% to 

20% shrub cover) in the visible spectrum due to senescing grass (lower chlorophyll absorption). 

We also see an intermediate stage for the 20.1%ï40% shrub cover group, and a slight chlorophyll 

absorption still taking place around the red region (680 nm) for shrub cover between 40.1% and 

75%. We see a collapse in spectral signatures in the NIR spectrum, at the end of which (1150ï

1350 nm) we see an inversion, with an increase in reflectance from 0% to 75% shrub cover. Since 

the 1150ï1350 nm spectral range is used for estimation of vegetation water content (Ouyang et 

al., 2013), the reflectance for the higher shrub cover groups is lower along this part of the spectrum 

in comparison to the lower shrub cover groups. This is because the vegetation water content is 

much lower for the lower shrub cover groups (which contain mainly dry senescent grass). The 

differences in soil water content also play a major role here. For the SWIR region, there is also a 

decline in reflectance as shrub cover increases, with 0% and 0.1% to 20% shrub cover having 

almost similar reflectance. 

 When looking at the seasonal spectral response for the ~100% shrub cover group (Figure 

3-6d), we see a fairly similar response in the visible spectrum between spring and summer. 

Summer has slightly higher reflectance. However, there is a clearly higher reflectance during fall. 

The increase in the visible spectrum during fall is due to a decrease in chlorophyll concentration. 

Along the NIR region, the reflectance is higher in summer than in spring and has similar absorption 

regions. Whereas, in the fall, reflectance increases between 700 and 950 nm, after which it has a 

similar reflectance as in summer (between 950 and 1150 nm), and the highest reflectance for the 

rest of the NIR spectrum. The higher fall reflectance between 1150 and 1350 nm is due to the 

lower vegetation water content compared to summer and spring. For the SWIR regions, fall has 

the highest reflectance due to the lowest amount of moisture absorption. Summer has the lowest 

reflectance, since it has the highest amount of moisture compared to the other two seasons. 

3.6.4. Performance of Separability Metrics 

In this section, we examine the shrub % cover group after which spectral separability between 

shrubs and the remaining land cover becomes possible for each season. After that, we make a 

comparison between the proposed wavelength regions from each separability metric threshold 

for the chosen shrub groups. Based on the ensemble results, we present the wavelengths regions 

that provide the most sensitivity to shrub cover for each season. 

 Seasonal separability between shrub % groups: When looking at the separability metrics 

for each of the groups along the seasons (Figure 3-7, Figure A-1, Appendix A), we can see that 

separability increases as the % of shrub cover in the group increases. We also see that separability 

is generally lower in the fall. TD and JM have fairly similar results, with JM having lower values 

for some wavelength regions in spring and summer, and for almost all higher shrub cover groups 

in fall. Moreover, the M-statistic also shows similar responses to the previous two, however on a 

different scale, where the higher values keep increasing, making the interpretation harder. The 

same holds for B and D (Figure A-1, Appendix A). Based on the set thresholds for TD and JM 

(Table 3-1), none of the shrub groups between 0.1% and 80% cover for all seasons offer moderate 

or good separability, that is, above 1.5 (Figure 3-7). The only shrub group from which it is possible  

to differentiate from 0% shrub cover is the one that includes the endmember quadrats of ~100% 

shrub cover (pink line). In addition, the shrub group that belongs to a cover between 40.1% and 

80% has a good separability for some wavelength regions according to the M-statistic. Fortunately, 

even with mixed pixels, there exist a number of spectral unmixing techniques that could enhance 

WPE mapping with coarser resolution pixels (Cao et al., 2019). With spectral unmixing, each pixel  
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Figure 3-7 Seasonal separability metrics results of Transformed divergence, Jeffries-Matusita distance, and the M-statistic across all wavelengths 

for each defined shrub cover group.
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gets assigned to fractions of its included classes, which are defined by endmembers 

(Shivakanth & Tanwar, 2018). 

 As a next step, we classified the TD, JM, and M metrics for all seasons and groups 

based on the set thresholds. We selected those shrub groups that provide moderate or good 

separability and calculated the percentage of wavelength bands that contribute to each 

separability class (Table A-4, Appendix A). The TD metric suggests higher number of 

wavebands that are important for separating shrub cover compared to the JM metric (24.1% 

more). Whereas, for the M metric, it is not possible to differentiate between moderate or good 

separation. It is clear that the spring season offers a higher number of bands with moderate and 

good separability across all three metrics (64.3% on average) compared to the summer and fall 

season (44.8% and 27.6% respectively). This is again an indication towards the preferable 

selection of the spring season for shrub monitoring. 

 Wavelength regions sensitive to shrub cover: To identify the wavelength regions that 

are sensitive to shrub cover for each season, we apply the ensemble method, where we select 

the TD and JM wavelengths that are classified as good or moderate under both metrics (Table 

3-5, Figure 3-7). This separation holds only for differentiation between 0% and 100% shrub 

cover groups. The selected wavelength bands belong to certain spectral regions. Those that 

were below 10 nm wide were removed. The ensemble method could not be applied for the fall 

season, as the JM metric did not include any wavelengths in the moderate or good category. 

Therefore, we only report the TD results for that season. 

Table 3-5 Shrub sensitive seasonal wavelength bands and spectral regions that offer moderate and 

good separation between 0% and 100% shrub cover (B = Blue, G = Green, R = Red, NIR = Near 

infrared, SWIR = Shortwave infrared). 

Season 

Shrub Sensitive Wavelength Regions 

Moderate Good 

Spectral Bands (nm) Spectral Region Spectral Bands (nm) Spectral Region 

Spring 

380ï466 B 467ï509 B 

604ï617 R 618ï694 R 

723ï883 NIR   

1485ï1518 SWIR-1 1431ï1484 SWIR-1 

2105ï2329 SWIR-2 1981ï2104 SWIR-2 

Summer 
1981ï2061 SWIR-2 718ï979 NIR 

980ï1122 NIR   

Fall 
580ï597 G 525ï579 G 

1183ï1314 NIR 704ï1182 NIR 

 From the five spectral separability metrics, JM and TD allow for better interpretation 

and separation based on threshold establishment due to their upper limit (i.e., 2). In detail, the 

spring spectral regions in the blue (380ï463 nm) and blue-green edge (467ï509 nm) offer 

moderate and good separation of shrubs. This region is influenced by strong chlorophyll 

absorption (Hennessy et al., 2020). The same holds for the red reflectance (604ï617 nmð

Moderate, 618ï694 nmðGood), for which the red reflectance minimum (650ï700 nm) offers 

the highest separation with values of TD and JM close to 2. Shrub species absorb more 

chlorophyll during springtime. Therefore, both blue and red allow for shrub differentiation 
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from other background elements. On the other hand, the green peak (around 550 nm) is similar 

for both shrubs and background elements, and therefore not useful for shrub classification in 

spring. The NIR region seems to offer good separation according to the TD metric but only for 

a small moderate portion (750-850 nm) of the JM metric. However, the spectral signatures 

indicate a clear separation in that region, suggesting that the JM could be underestimating the 

separation potential in this case. Thus, JM tends to underestimate higher separability regions 

in some cases, confirming the findings of Gunal and Edizkan (2008). For the summer season, 

where the NIR values are about 0.05 units higher, JM is able to identify this region as important 

for good shrub separation. For the SWIR region we have separation in the near-SWIR (1431ï

1478 nmðGood) in the spring. This region corresponds to the main water absorption region 

(between 1350ï1450 nm), and to a region with rapid rise in spectra (1485ï1518 nmð

Moderate) that is sensitive to plant moisture (Thenkabail et al., 2014). It is clear that the shrub 

cover holds more moisture than the surrounding land cover, absorbing more in these spectral 

regions during spring. Furthermore, in the far-SWIR region, shrubs separate in a region related 

to water absorption (around 2050 nm) and cellulose absorption (around 2080 nm) (1981ï2084 

nmðGood) (Hank et al., 2019). The shrub spectra have much lower reflectance in this region 

due to their moisture content; whereas the rest of the land cover has higher non-photosynthetic 

content, thus higher reflectance, with an apparent absorption feature around 2080 nm. For the 

rest of the far-SWIR region (2105ï2329 nm), shrub separation is moderate, with similarly 

lower reflectance due to the differences in moisture content and non-photosynthetic vegetation. 

There is a peak around 2250 nm for both categories, which is associated with differences in 

biomass (Thenkabail et al., 2014). 

 In the summer season, other vegetation classes (grass, forbs) have also reached their 

peak in growth, thus separation in the visible bands of blue, green, and red is lower. However, 

the NIR region between 718ï979 nm offers good separation. This is mainly due to the higher 

scattering of photons within the leaf structure of shrubs that lead to a higher reflectance in the 

NIR (Hennessy et al., 2020). The near-SWIR region is no longer offering good separation, due 

to the overlap of the shrub spectral signature with other classes. However, the far-SWIR region 

between 1981ï2061 nm offers moderate separation, which is mainly related to the differences 

in moisture absorption between shrub cover and the remaining land cover categories. 

 During fall, since the background vegetation is in senescence, the green peak within 

525ï579 nm stands out for the shrub cover that is still photosynthetically active (strong 

correlation with chlorophyll content) (Hennessy et al., 2020) and offers good separation. The 

declining slope that follows (580ï597 nm) also offers moderate shrub separation. Since shrubs 

have not senesced yet during early fall, the NIR (704ï1181 nm) and far-NIR (1183ï1314 nm) 

regions remain important for good and moderate shrub separation due to higher biomass, PAI 

and plant density. 

 These results go in line with the indications from the M, B and D metrics. These show 

better separation between 0% and 100% shrub cover in the blue and red spectral regions for 

spring, the NIR for summer, and the green and NIR for the fall (Figure 3-6, Figure A-1, 

Appendix A). 
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3.6.5. Broadband Simulation and Shrub Cover Spectral Difference 

Broadband simulation: The mean values for each Landsat 8 and Sentinel-2A band per shrub 

cover group and season are presented in Table A-5, Appendix A. The results for Sentinel-2B 

are very similar and are available in Table A-6, Appendix A. 

Broadband spectral difference between shrub cover groups: The Tukey HSD post-hoc adjusted 

p-values for each Landsat 8 and Sentinel-2A band per shrub cover group and season are 

presented in Table A-7, Appendix A and those of Sentinel-2B are available in Table A-8, 

Appendix A. Several conclusions can be drawn from these results. First, we can see that it is 

not possible to detect any difference between groups 1 and 2 in any season. This means that it 

is impossible to detect shrub cover lower than 10% for the spring and summer, and lower than 

20% for the fall season. Second, we see that the lowest possible shrub cover that is statistically 

different from other groups is between 10.1% and 25%, and that is during the summer season 

(Shrub group pair 1-3). Specifically, for the 90% confidence level (CI) of that pair, the SWIR 

2 band of Landsat 8 and Sentinel-2 is significant. Similarly, the SWIR 2 band of Sentinel-2 is 

significant at the 90% CI for shrub cover between 10.1% and 35% during spring. Another 

observation that can be made, is that shrub cover groups that fall next to each other are for most 

seasons not separable when they have low shrub cover (e.g., shrub group pairs 1-2, 2-3, 3-4). 

On the other hand, they are more separable when they have higher shrub cover (e.g., shrub 

group pairs 4-5, 5-6). Lastly, when looking at differences between the extreme shrub cover 

groups of 0% and 100% (shrub group pair 1-6 for spring and summer and 1-5 for fall), we see 

that almost all bands show significant differences. However, the green and first red edge 

Sentinel-2 bands are not important during spring, and neither are the blue bands for both 

sensors during summer and fall, indicating that these bands are not suitable for this case. 

 When looking at bands that are overall important for separating between shrub groups, 

we see that both the red and blue bands are the most important for separating between shrub 

cover groups during spring for both sensors. Further, the NIR band behaves poorly for both 

sensors, and so do the red edge and water vapor bands of Sentinel-2. The only case in which 

they are important, is for differences where the extreme shrub cover group is included (i.e., 

shrub cover group 6). Also, the SWIR 1 band has similar importance for the different shrub 

cover groups for both sensors. However, we see a difference in the behavior of the other bands 

between the two sensors for the spring season. Specifically, the SWIR 2 band of Sentinel-2 can 

separate a much larger number of shrub groups than the SWIR 2 band of Landsat 8 (11 vs. 5). 

In addition, the green band of Landsat 8 is able to separate between more shrub cover groups 

than the equivalent Sentinel-2 band (9 vs. 6). These are related to the different spectral response 

functions of the equivalent band in each sensor. The Sentinel-2 SWIR-2 band is slightly 

narrower than the respective Landsat 8 band (180 nm vs. 186.6 nm) (NASA, 2021d), and the 

green Landsat 8 band is much wider than the Sentinel-2 band (57.33 nm vs. 35 nm) (ESA, 

2021b). 

 For the summer season, the SWIR-2 band for both sensors is the most important one at 

separating between shrub cover groups, followed by the green band. Overall, the visible bands 

(blue, green, red) are better at separating between lower levels of shrub cover groups (e.g., 1-
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4), whereas, the NIR bands are better at separating higher shrub cover groups (e.g., 4-6, 5-6), 

and their behavior is similar for both sensors. Further, all red edge bands of Sentinel-2 have the 

same behavior as the NIR bands for both sensors and are only good at separating extreme shrub 

cover groups (e.g., 1-5, 1-6). The only exception is the red edge 1 band, which allows for 

separation between neighboring shrub cover groups (e.g., 4-5). The water vapor band is only 

capable of separating between groups that contain the highest shrub cover (i.e., group 6), and 

the SWIR-1 band behaves similarly poor for both sensors. It only separates between 4 shrub 

group pairs that have larger differences in cover (e.g., 1-5, 1-6). 

 In the fall season, we see that the SWIR-2 and red bands are most important for both 

sensors at separating lower shrub cover groups, however, the red band of Sentinel-2 is slightly 

stronger. It is the only band that can differentiate between the neighboring shrub covers of 

groups 3 and 4. The next most important band is the SWIR-1, which is similar for both sensors 

and offers differentiation between almost the same groups as the SWIR-2 band. The blue band 

is on a weaker side; however, it is still able to separate lower shrub cover classes, in which the 

Landsat sensor has a better performance than the corresponding Sentinel-2 band. Lastly, both 

green and NIR bands for all sensors and all red edge bands together with the water vapor band 

have a similar poor performance and are only able to separate pairs that include 100% shrub 

cover (i.e., group 5). 

 Discussion 

Our results show that shrub cover is highest during the spring season. Homer et al. (2013) also 

found slightly higher shrub cover in the spring season. Several studies take advantage of shrub 

phenology for their identification through remote sensing (Rajah et al., 2018a; Somers & 

Asner, 2013). The spring season is in many cases chosen due to its match with the peak in 

growth for shrubs, when grasses have not reached their peak yet (Ng et al., 2017; Oldeland et 

al., 2010). Our results go in line with this assumption, given the fact that the dominant shrub 

along our transect is Western snowberry, which has leaves that are fully expanded after mid to 

late May (Manske, 2006). On the other hand, rough fescue cool-season grasses reach their peak 

of growth during late spring (late June) (Timenstein, 2000), hence, their cover is higher in the 

summer season (July). Furthermore, the seasonal fluctuations of other ephemeral cover (green 

grass, forbs, standing dead) follow known grassland patterns. Overall, it is known that the 

component of dead material and litter is high even during the growing season (He et al., 2020). 

Specifically, a deep layer of litter and dead vegetation at the soil surface occurs due to the 

resistance of plains rough fescue to decomposition (Dormaar, 1975). During fall, grasses, forbs, 

and shrubs start senescence, which explains the rise in standing dead cover. As new growth 

and dead material accumulates from spring to fall, the lower litter layers from the previous 

years become covered up; the same holds for bare ground and rock. 

 In this manuscript, we examined the relationship of various shrub cover percentages 

with spectral reflectance in three distinct ways. The correlations between transect shrub cover 

and the respective reflectance for the total wavelength spectrum gave an overall sense of the 

significant wavelength areas for each season. For the spectral separability, the only wavelength 

regions that were identified as good, are those that correspond to the separation of extreme 
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groups (i.e., group 1 and 6, and 1 and 5). Therefore, these results can be compared with the 

respective broadband results for the pairs 1-6 in spring summer, and 1-5 in fall. 

 The correlation figure (Figure 3-5) showed higher correlation for the blue, NIR, and 

SWIR region in the spring, which matches the results of the good spectral separability and the 

broadband simulated significant differences between groups 1 and 6. However, the two latter 

also show that the red band is important. This can be explained, since for the extreme shrub 

cover group (group 6), the chlorophyll absorption in the red band is much stronger (and 

therefore more important), than it is for the lower shrub cover quadrats that are mixed with 

dead material, which are included in the correlation figure. Hence, this effect is not strong 

enough to appear in Figure 3-5. Overall, the blue and red regions are important for shrubs in 

this season due to strong chlorophyll absorption (Hennessy et al., 2020). The position of the 

equivalent blue and red Landsat 8 and Sentinel-2 bands are able to capture this significant 

correlation with shrub cover. 

 In the correlation figure for the summer, we see a weaker significance for the visible 

portion, the highest correlation for the NIR and an equally important correlation for the SWIR 

1 and SWIR 2 regions. Similarly, the visible wavelengths have lower separability between 

group 1 and 6 during summer, however the broadband simulation does include the red and 

green band. Nevertheless, their difference is not as good as the NIR region is for the separability 

and broadband simulation. Furthermore, there is agreement on the importance of SWIR 2 for 

separating between groups 1 and 6. This finding goes in line with another study, where the 

summer broadband SPOT 4 Normalized Difference Moisture Index (NDMI), which uses a 

combination of red and SWIR bands, had significant correlation (p < 0.01) with shrub biomass 

(Zhang & Guo, 2008). 

 For the fall season, the correlation figure indicates important regions in the visible blue 

and red bands, a significant, but weaker than summer correlation for the NIR, and highest 

importance for both SWIR 1 and SWIR 2. However, when focusing on the differences between 

group 1 and 5 using spectral separability metrics and the broadband simulation, we see an 

almost opposite result, with green being the most significant region, followed by NIR, and a 

less important contribution from the SWIR region. In this case, the correlations in Figure 3-4 

were not able to reflect the shrub cover dynamics but are rather related to the significant 

increases in the blue, red, and SWIR bands during the senescence of forbs and grasses in fall. 

 Overall, using the correlation figure one is able to detect the most dominant patterns 

during spring and summer but the correlation does not indicate more subtle differences that are 

revealed by the other two methods. These are the importance of the red band during spring and 

the shrub contributing wavelengths during fall. 

 When looking at the broadband simulation results, it is possible to determine the overall 

importance of the sensorôs bands for separating between all potential shrub cover groups, apart 

from only the extreme ones that the separability method looks at. The bands that appear most 

frequently are the ones most sensitive to shrub cover changes. The visible bands are important 

at detecting differences between lower shrub cover groups. The NIR importance is higher 

during the summer season, but mostly for separating the highest shrub cover group (100%). 

This is because the NIR region is still very similar for intermediate shrub cover categories. 
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Rather the short-wave infrared region, and in particular the far shortwave infrared region 

(SWIR-2) is good for lower shrub cover detection during summer and fall. These results show 

that the spectral absorption regions related to chlorophyll and water content are most useful for 

shrub cover detection. This explains the successful use of spectral indices related to these two 

properties in other shrub detection studies (e.g., NDVI (Normalized Difference Vegetation 

Index), LWVI (Leaf Water Vegetation Index), GR (Green Ratio), NDMI) (Ng et al., 2017; 

Oldeland et al., 2010; Zhang & Guo, 2008). Overall, we can see that depending on the season, 

a different set of bands is more significant at separating shrub cover. 

 Even though the broadband simulation of field-based spectra shows potential for WPE 

detection in grasslands with certain band and season combinations, it is important to consider 

that these simulations do not represent satellite data conditions in their entirety. More 

specifically, satellite data are strongly affected by the atmosphere, and capture the land surface 

at a broader scale, in which topography can play an important role. Shadows and occlusions 

that are formed due to landscape relief lead to differences in vegetation reflectance and need to 

be accounted for. The direct solar beam and the diffuse skylight illumination both affect that 

reflectance (Proy et al., 1989). Each slope and aspect of a terrain has an impact on reflectance 

and should be corrected with a model that can account for those factors over a composite 

sloping terrain (Hao et al., 2018). For, these reasons, the current results should be cross-

validated with satellite-based remote sensing data, such as Landsat 8 and Sentinel-2. We plan 

to implement this with future research that will establish specific narrow-band hyperspectral 

indices and broadband multispectral indices optimally correlated with shrub cover along the 

study transect. To accomplish this, it is important to remove the potential spatial autocorrelation 

that exists between neighboring quadrats. This can be addressed by identifying the major scales 

of spatial variation in shrub cover with the use of wavelet analysis (Si et al., 2003). It will then 

be possible to select a satellite product with the optimal spatial and spectral scale for the 

detection of shrub cover in grasslands. Tests with satellite-imagery within the same and other 

study areas that cover different ecoregions and topographic conditions will be conducted and 

validated with field-derived woody cover. 

 Conclusions 

This research was an investigation for shrub detection with a remote sensing approach and 

sheds more light on the seasonal variations in shrub cover and their respective sensitive spectral 

regions for shrub detection. We establish this with the use of field-based methods. Shrub cover 

appears highest during spring, and LIT proves to be superior for shrub cover estimation. The 

correlation between wavelength spectra and shrub cover shows four regions that are 

statistically significant, which differ by season. The separation of shrub cover measurements 

into groups based on spectral similarity showed that the spectral response of these groups 

becomes more similar during fall. Spectral separability of shrubs increases with cover; 

however, good separation is only possible for pure shrub pixels (~100%). There might be 

confusion between the spectral response of shrub cover and higher forb cover in the NIR region, 

whereas the SWIR region is not affected by such issues. From the five separability metrics 

used, TD and JM distance have better interpretation due to their upper limit. However, JM 
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tends to underestimate the separability potential of some wavelengths during spring and 

summer. Overall, the spring season offered a higher number of bands that allow for moderate 

and good separation using both TD and JM compared to the other two seasons. Furthermore, 

based on the broadband simulated spectral differences, the earliest shrub cover can be separated 

when its cover reaches between 10.1% and 25% during summer and between 10.1% and 35% 

during spring. This is possible with the use of the SWIR-2 band of Landsat 8 and Sentinel-2. 

In addition, the shrub cover groups that fall next to each other are for most seasons not separable 

when they have lower shrub cover, whereas they become more separable for higher shrub 

cover. Common results from the three shrub detection techniques revealed significant 

relationships between shrub cover and the blue (spring), red (spring), NIR (stronger in 

summer), and far SWIR (summer and fall) spectral regions. These are spectral regions related 

to the differences in chlorophyll and water content between shrubs and their background land 

cover elements in grasslands. Cross-validation with satellite imagery is necessary to confirm 

the current results. To conclude, all seasons offer spectral regions that allow for good separation 

between shrub cover and background land cover. However, these regions are different in each 

season.
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4. Chapter 4 SEASONAL SPECTRAL SEPARATION OF WESTERN 

SNOWBERRY AND WOLFWILLOW IN GRASSLANDS WITH 

FIELD SPECTRORADIOMETER AND SIMULATED 

MULTISPECTRAL BANDS  

 Preface 

This chapter is part of Objective 1 ï To explore remote sensing approaches for appropriate 

assessment of shrub encroachment in grasslands. This chapter looks at the seasonal spectral 

separation of two encroaching shrub species that are common in the Canadian prairies, western 

snowberry (Symphoricarpos occidentalis) and wolfwillow (Elaeagnus commutata). This 

research was published in the journal of Environments as a technical note: 

Soubry, I., & Guo, X. (2021). Seasonal Spectral Separation of Western Snowberry and 

Wolfwillow in Grasslands with Field Spectroradiometer and Simulated Multispectral Bands. 

Environments, 8(7), 60. https://doi.org/10.3390/environments8070060 

Date of publication: 22 June 2021 

Publisher: MDPI 

This study was conceptualized through discussion between Dr. Xulin Guo and myself, and the 

data were collected by Dr. Xulin Guo, Mr. Yunpei Lu and myself. I developed the methodology 

and wrote the original manuscript draft while Dr. Xulin Guo conducted supervision, reviewing 

and editing. The supplementary materials of this paper have been added to Appendix B and 

the collected field spectral data are openly available on FigShare at 

https://doi.org/10.6084/m9.figshare.14541597.v1. The Environments journal is open access, 

and as such, the authors retain copyright. 

 Abstract 

Woody plant encroachment (WPE), the expansion of native and non-native trees and shrubs 

into grasslands, has led to degradation worldwide. In the Canadian prairies, western snowberry 

and wolfwillow shrubs are common encroachers, whose cover is currently unknown. As the 

use of remote sensing in grassland monitoring increases, opportunities to detect and map these 

woody species are enhanced. Therefore, the purpose of this study is to identify the optimal 

season for detection of the two shrubs, to determine the sensitive wavelengths and bands that 

allow for their separation, and to investigate differences in separability potential between a 

hyperspectral and broadband multispectral approach. We do this by using spring, summer, and 

fall field-based spectra of both shrubs for the calculation of spectral separability metrics and 

for the simulation of broadband spectra. Our results show that the summer offers higher 

discrimination between the two species, especially when using the red and blue spectral regions 

and to a lesser extent the green region. The fall season fails to provide significant spectral 

separation along the wavelength spectrum. Moreover, there is no significant difference in the 

results from the hyperspectral or broadband approach. Nevertheless, cross-validation with 

satellite imagery is needed to confirm the current results. 
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 Introduction  

Grasslands are among the largest ecosystems in the world, providing important ecologic and 

economic services (Bengtsson et al., 2019); however, they face multiple threats from climate 

change and human activity (e.g., conversion to cropland, biodiversity loss, expansion of 

invasive species), which can lead to their degradation (Gang et al., 2014). Woody plant 

encroachment (WPE) has become an important issue for grasslands in recent years. It is related 

to the expansion of native and non-native trees and shrubs into grasslands (Archer et al., 2017), 

and has been connected to changes in primary productivity, nutrient cycling, energy flow, and 

the structure and function of the ecosystem (Archer et al., 2017); these all lead to issues in 

rangeland management and livestock production. There exist various definitions of woody 

plant encroachment in the literature; except for the term ñwoody plant encroachmentò, the 

terms ñwoody plant invasionò (Bond & Midgley, 2000), ñwoody thicketizationò (Leite et al., 

2020), ñwoody plant expansionò(Bond & Midgley, 2012), ñinvasion of woody weedò (Price & 

Morgan, 2008), ñxerificationò (Archer et al., 2001), and ñinvasion of shrubsò (Liao et al., 2006) 

are also used. This is because WPE is a global phenomenon, and definitions depend on the 

precipitation gradient of the region. In particular, WPE occurs in the grasslands of the south-

central and southwestern United States (mesquite and creosote brush) (Van Auken, 2000), 

North America (juniper) (Leis et al., 2017), South America (honey locust) (Chaneton et al., 

2012), Southern Africa (Acacia and Grewia spp.) (Sankaran et al., 2005), Australia (Eldridge 

et al., 2013), Mongolia (Zhou et al., 2014), Europe (Sanjuán et al., 2018), and the Arctic 

(willow and Alnus spp.) (Myers-Smith et al., 2011). 

 WPE also takes place in the Canadian prairies, where tree encroachment (e.g., aspen, 

willow) has received more attention in the literature (Bailey, Irving & Fitzgerald, 1990; 

Campbell et al., 1994; Fitzgerald & Bailey, 1984; Guedo & Lamb, 2013; Hilton & Bailey, 

1972; Peltzer & Wilson, 2006). For instance, trembling aspen (Populus tremuloides) is the 

dominant tree species encroaching on grasslands and pastures within the aspen parkland 

ecoregion in western Canada (Moss et al., 2008). Other species, such as willow (Salix spp.) 

and Balsam poplar (Populus balsamifera) are also encroachers, but to a lesser extent. Thorny 

buffaloberry is an encroaching species in Alberta (Dahl, 2014). The most common shrub 

encroachers that occur throughout several Canadian prairie ecoregions (i.e., aspen parkland, 

moist mixed grassland, mixed grassland) are western snowberry (Symphoricarpos 

occidentalis) (Bai et al., 2009) and wolfwillow (Elaeagnus commutate). Therefore, these two 

shrub species will be the main focus of this research, since they have been less studied. 

Moreover, the province of Saskatchewan will be our study area, since it includes the three 

previously mentioned ecoregions. An example of an encroaching shrub species in the 

rangelands of southern Saskatchewan is western snowberry, found in the commercial 

rangelands and provincial pastures of the Grand Coteau region and Weyburn. One can also find 

western snowberry and wolf willow in Burstall rangelands, the Northeast Swale of Saskatoon, 

Meewasin Valley, Kernen Prairie, and most of Saskatchewanôs southern provincial parks (pers. 

comm. Mr. Merek Wigness, Dr. Eric Lamb, Dr. Thuan Chu, and pers. observ.). It is understood 

that shrub encroachment is either already an issue or might become an issue in most of southern 
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Saskatchewanôs rangelands. Nevertheless, the cover of these species within the prairies is 

currently unknown. 

 It is clear that maintaining grassland health is crucial, especially when food scarcity is 

estimated to rise, and sustainable management solutions are needed (Schellberg & Verbruggen, 

2014). This fits within the United Nations Sustainable Development Goal 15.3 on ñLand 

degradation neutralityò. Remote sensing can be used with success to fulfill this aim by mapping 

the spatiotemporal distribution of various encroaching species with the use of different methods 

and datasets (Becker et al., 2013; Somers & Asner, 2013): for instance, to detect two Acacia 

species from hyperspectral imagery with the use of differences in their phenology in Namibia 

(Oldeland et al., 2010), to classify Prosopis and Vachellia spp. with an object-based approach 

in Kenya (Ng et al., 2017), to detect redberry juniper and honey mesquite in north central Texas 

with spectral contrast of a three-band aerial image (Mirik et al., 2013), to classify three woody 

invasive species with spectral, textural, and structural features in Chile (Kattenborn et al., 

2019), and to detect six types of woody species with multispectral aerial imagery and LiDAR 

derived heights in the Netherlands (Hantson et al., 2012). Overall, for species-specific 

detection, high spatial resolution is necessary. However, the use of high spectral and temporal 

resolution could compensate for the lack of spatial resolution, and is more preferable for 

regional and landscape scale mapping. Furthermore, when thinking about the phenological 

behavior of each woody species of interest, it might be necessary to define the optimal detection 

timeframe within the growing season for each one. We therefore focus our study on a seasonal 

spectral approach. Hyperspectral data have been used to detect WPE species due to their wide 

band range, which allow for the detection of finer spectral differences. In addition, field-based 

hyperspectral measurements offer the opportunity to fine-tune spaceborne and airborne sensors 

for larger-scale shrub species mapping by selecting appropriate spectral bands and regions with 

spectral separability metrics and statistics (e.g., InStability Index, Transformed Divergence, 

etc.). Afterwards, one can define remote sensing indices that use these bands and apply a 

broader land cover classification. 

 To our knowledge, no study has looked at seasonal hyperspectral and multispectral 

differences between western snowberry and wolfwillow for their potential detection with 

remotely sensed data, which can facilitate WPE management in the Canadian prairies. 

Therefore, the main purpose of this study is to derive the seasonal sensitive spectral regions for 

separation between western snowberry and wolfwillow shrubs in grasslands. Our main 

objectives are (1) to identify the optimal season for detection of the two shrub cover types, (2) 

to determine the sensitive wavelengths and bands that allow for their separation, and (3) to 

investigate differences in separability potential between a hyperspectral and broadband 

multispectral approach. 

 Materials and Methods 

4.4.1. Study Area and Case Study Species 

The study area is the University of Saskatchewanôs Kernen Crop Research Farm (Saskatoon, 

Canada) in which WPE is an issue in its prairie stand. This area has a native remnant fescue 
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prairie with common mixed prairie species which spans over 1.3 km2 at about 8 km NE of 

Saskatoon in Saskatchewan (52Á10ǌ N, 106Á33ǌ W, 510 m mean elevation) (Archibold et al., 

1996; Mori, 2009) (Figure 4-1). More information about the study area can be found in Chapter 

3 (Soubry & Guo, 2021a). This site was chosen as representative of a grassland ecosystem and 

could be easily accessed during the pandemic restriction. The shrubs that are present consist of 

western snowberry (Symphoricarpos occidentalis Hook.) (Romo et al., 1993), wolf-willow 

(Elaeagnus commutata Bernh. Ex Rydb.), and wild prairie rose (Rosa arkansana) (Baines, 

1973; Slopek & Lamb, 2017). In this study, we focus on western snowberry and wolf-willow, 

which are encroaching species in the site (Figure 4-2). 

 

 
Figure 4-1 Location of Kernen Prairie within the provincial boundaries of Saskatchewan (SK), 

Canada (upper figure), and on a Sentinel-2 image of 11 July 2020 (lower figure). Source of Canadian 

Provincial Boundaries: Statistics Canada (Open-Government LicenseðCanada) (Statistics Canada, 

2020), source of Sentinel-2 image: ESA (óCopernicus Service information 2020ǋ for Copernicus 

Service Information) (ESA, 2021a), source of Kernen Prairie boundary layer: Department of Plant 

Science, University of Saskatchewan (Dr. Eric Lamb). 

 Western snowberry (Symphoricarpos occidentalis) or otherwise western wolfberry, 

wolfberry, or buckbrush, occurs throughout most of the southwestern Canadian provinces and 
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northern United States Great Plains (Scott, 2007). It is a deciduous rhizomatous short shrub 

(0.3ï1.5 m) that forms dense colonies that stretch between 1 and 200 m on the landscape 

(Manske, 2006). It is dominant in Saskatchewan along temporarily flooded shrublands of the 

northern Great Plains (Schneider et al., 1997), next to water streams, at the base of steep slopes 

with runoff, and on north or east facing slopes (Lawrence & Romo, 1994). This shrub is 

common in the mixed-grass prairies. Specifically in Saskatchewan, it was found that western 

snowberry had lower density in areas with less water availability in comparison to sites with 

higher water availability (Köchy & Wilson, 2004). This species grows in continental climates 

with extreme temperatures and light to moderate rainfall (Clarke et al., 1947), and it can survive 

moderate drought (Hardy BBT Limited, 1989). Western snowberry grows on most soil types 

(e.g., silt, clay, fine sand, rocky substrates, and rich loams) apart from loose sands (Hall & 

Hansen, 1997). Further, it is common on mild alkaline to slightly acidic soils (Hansen et al., 

2011). Western snowberry does well after disturbance, such as fire (Romo et al., 1993), and 

grazing (Hall & Hansen, 1997). When it encroaches into grasslands, it leads to a decline in 

forage (Bowes & Spurr, 1995), as it shades out grasses (Baines, 1973), and facilitates the 

establishment of trees, such as trembling aspen (Pelton, 1953). For the Northern Great Plains, 

fire cessation has led to the encroachment of western snowberry into the mixed-grass prairie 

(Pelton, 1953). Generally, western snowberry is increasing in cover in many productive range 

sites, or is decreasing on other ecosites (Government of Saskatchewan, 2008). 

 

  
(a) (b) 

Figure 4-2 Shrub species present in study area: (a) western snowberry (source: personal collection, 

Kernen Prairie, Saskatoon, Saskatchewan, CA, 11 June 2020), (b) wolfwillow (source: personal 

collection, Cypress Hills Interprovincial Park, Saskatchewan, CA, 18 August 2020). 

 Wolfwillow (Elaeagnus commutata) or silverberry belongs to the Elaeagnaceae family 

and, native to south Canada, it is a deciduous rhizomatous perennial shrub (1ï4 m tall) 

(Lackschewitz, 1991). It forms thickets or loose colonies, and one of the ecosystems in which 

it occurs is the plains grasslands (Esser, 1994). This species can be found along streams, and 

near springs, while it can grow on different slopes, elevations, aspects, and soil conditions 

(Hardy BBT Limited, 1989). It thrives in loamy soils, but is also found in dry, sandy, and gravel 
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soils (Nesom, 1998). Specifically, in the mixed-grass prairie, it is frequently found together 

with western wheatgrass, needlegrass, and rough fescue (Arnold & Higgins, 1986). In 

Saskatchewan, it is common on native fescue grasslands (Pylypec, 1991).  Wolfwillow had 

minor cover in the 1950s, wheareas it was widely distributed by the 1970ôs (Bailey, 1970). 

Wolfwillow adapts well to areas that are disturbed. This is why it is increasing on rangelands 

that are overgrazed by cattle (Arnold & Higgins, 1986). Wolfwillow has the ability to spread 

fast through rhizomes (A. W. Bailey, 1970), but it seems to not recover fast after burning 

(Pylypec, 1991). It is shade intolerant (Rowe, 1956), justifying its common presence in open 

vegetation. This species is also resistant to drought, wind, and extreme cold temperatures up to 

ī40 ÁC (Nesom, 1998). Wolfwillow might also increase the available forage for cattle by fixing 

nitrogen, making it available to other surrounding species and plants (Hardy BBT Limited, 

1989). Hence, the complete eradication of wolfwillow should be avoided (Corns & Schraa, 

1965). Nevertheless, it seems that areas with wolfwillow are grazed less than half as much as 

neighboring grass areas that do not have this species (Corns & Schraa, 1965). 

4.4.2. Data Collection 

 We collected field hyperspectral data three times in the 2020 growing season (spring, 

summer, and fall). This was done with the use of a spectroradiometer (ASD field-portable 

FieldSpec Pro, Malvern Panalytical Inc., Boulder, CO, USA) between 10:00 and 14:00 during 

clear sky sunny weather conditions to maintain a stable ratio between diffuse and incoming 

solar radiation. The spectroradiometer collects between 350 and 2500 nm with a 1 nm band 

range. Reference measurements with a Spectralon panel were taken at least every 15 min. 

Measurements included the collection of shrub endmembers (i.e., wolfwillow and snowberry) 

that are encroaching in the study area. The spectroradiometer was placed close to the shrubs 

and at least 10 samples for each shrub species were measured to ensure the plantôs spectral 

variation was captured (i.e., leaves, branches). This allows us to have a spectral signature for 

~100% shrub cover of the existing species in the study area. 

4.4.3. Data Processing 

4.4.3.1. Calculation of Separability Metrics 

For all collected spectral data, we removed the water absorption regions between 1350ï1430 

nm, 1750ï1980 nm, and 2330ï2500 nm, which caused noise in the data. Next, we calculated 

the spectral separability between wolfwillow and western snowberry for each season and 

wavelength. Various separability metrics calculate how separable two groups are. We used five 

univariate statistical methods that are provided in the ñseparabilityò function of the 

ñspatialEcoò package in R (Evans, Murphy, & Ram, 2021): namely, the M-Statistic (M) 

(Kaufman & Remer, 1994), Bhattacharyya distance (B) (Bhattacharyya, 1946), Jeffries-

Matusita (JM) distance (Bruzzone et al., 1995), Divergence (D) (Jeffreys, 1948), and 

Transformed Divergence (TD) (Davis et al., 1978). These provide discrimination ability of 

each wavelength without taking into consideration their potential correlation (Gunal & 

Edizkan, 2008). 
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 Before the calculation of these separability metrics, a normality check to the 

wavelengths of each shrub per season was performed. For that purpose, we used the statistical 

ShapiroïWilk test (Shapiro & Wilk, 1965), which is considered more powerful than other 

statistical tests of normality (Mohd Razali & Bee Wah, 2011), and has been used in similar 

studies (Huang et al., 2016). Nevertheless, we also used visual methods (i.e., quantileïquantile 

plot, density plot), since the testôs power might be lower with a small sample size (e.g., below 

30). For all seasons, western snowberry was normal for 87ï95% of the whole wavelength 

spectrum (non-normality along the red-edge region and far-SWIR (Shortwave Infrared) in all 

seasons, and blue region during fall), and for wolfwillow, between 97ï100% (non-normality 

for blue region in spring, and far-SWIR in fall). Even though some wavelengths were partially 

not normal, we did not consider this as an issue for the current spectral separability analysis, 

since these wavelengths will be aggregated during broadband simulation and some might not 

contribute to the spectral separability of the two shrubs. Furthermore, following a non-

parametric separability approach for this small number of samples could result in larger biases 

than the slight deviation from normality for at most 13% of the current dataset. 

4.4.3.2. Thresholding and Selection of Important Wavelength Regions 

To select the final wavelength regions capable of separating western snowberry and 

wolfwillow, we had to identify cut-off thresholds for each of the separability metrics calculated. 

TD can have values between 0 and 2, with 2 providing maximum separability potential between 

groups. TD scales the divergence statistic, which looks at the difference between two 

distributions from their mean values of the log-likelihood ratio (Kailath, 1967). Previous 

research shows that TD provides good separability when it has values above 1.8 (Campbell et 

al., 2013) or 1.9 (Bindel et al., 2012). Similarly, when TD has values between 1.5 and 1.8 or 

1.9, two groups have moderate separation, whereas those with values below 1.5 have poor 

separation (Bindel et al., 2012; Campbell et al., 2013). We therefore consider this classification 

from the literature for our own study (Table 4-1). JM is the scaled version of the B distance, 

which measures the divergence between two groups through the calculation of their cosine 

angle (Bhattacharyya, 1946). Since JM also follows a scale from 0 to 2, we used the same 

threshold rules for this metric. Furthermore, when the M-statistic is >1, it is considered that 

there is good separation (Kaufman & Remer, 1994), so we used this approach, although for 

this statistic it is hard to define an intermediate separation level, because there is no upper limit. 

Similarly, one cannot define thresholds for the B and D statistics, since they continue to 

increase without an upper bound. Therefore, these statistics (B, D) only give a general idea of 

the important contributing wavelength regions towards the separability of the two shrubs. The 

final wavelength regions for which both the TD and JM have values above or equal to 1.8 were 

considered as having good separation. A similar ensemble approach was used for the moderate 

separability regions. 
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Table 4-1 Separability threshold values (based on Kaufman and Remer (1994), Campbell (2013), and 

Bindel et al. (2012)). 

Separability Statistic Threshold Value Separability Class 

M-Statistic 
>1 Good 

Ò1 Poor 

Transformed Divergence & Jeffriesï

Matusita Distance 

Ó1.8 Good 

1.51ï1.79 Moderate 

Ò1.5 Poor 

4.4.3.3. Broadband Spectral Difference between Shrub Species 

We resampled the seasonal shrub spectra into the broadband Landsat 8, Sentinel-2A, and 

Sentinel-2B bands with the use of their spectral response functions. In particular, we performed 

the broadband simulation within the ñhsdarò package in R with the use of the 

ñspectralResamplingò function (Lehnert et al., 2019). To determine if there was a significant 

difference between the two shrub groups in each season per simulated broadband, we 

performed multiple two-sampled t-tests assuming unequal variance per band. We used this test 

since the variances were unequal for some bands (based on results from a two-sided F-test) and 

due to the unequal sample size between the two shrub groups. We report the results of the t-

tests in a table with two levels of adjusted p-value significance: below 0.05, and below 0.01. 

We further performed the same analysis as in Sections 4.4.3.1 and 4.4.3.2 with the broadband 

spectra. Before running these processes, we performed the ShapiroïWilk test (Shapiro & Wilk, 

1965) to check if the assumptions of normality held. The results of the test showed that all 

simulated broadband for both shrubs had a normal distribution. 

 Results 

4.5.1. Seasonal Spectra of Shrub Species 

One can see the average seasonal spectral reflectance for each shrub species in Figure 4-3aïc. 

The spectral signatures for both species are openly available through Figshare 

(https://doi.org/10.6084/m9.figshare.14541597.v1). The reflectance of wolfwillow in the 

visible region (350ï700 nm) is higher than that of western snowberry for all seasons, and so is 

the reflectance in the shortwave infrared (SWIR) region (1450ï2350 nm). Rather noticeable is 

the lack of absorption for wolfwillow in the blue region (350ï500 nm), which could be 

explained by the grey-blue appearance of its leaves (Figure 4-1). Further, the SWIR reflectance 

for western snowberry decreases slightly from spring to summer, and increases again during 

fall, whereas it increases throughout the seasons for wolfwillow. These patterns could be 

related to the seasonal leaf water content of each shrub. For the near infrared (NIR) region, 

western snowberry has higher reflectance than wolfwillow during spring, after which 

wolfwillow takes over for the summer and fall. Based on their different spectral signatures, it 

should be possible to detect each shrub. The separability metrics can indicate how well each of 

the wavelengths contribute to this separation. 

 

https://doi.org/10.6084/m9.figshare.14541597.v1
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4.5.2. Hyperspectral Separability of Shrub Species 

Seasonal separability between western snowberry and wolfwillow: When looking at the 

separability metrics for the two shrub species (Figure 4-4), we can see that separability is 

higher for the visible wavelengths during spring and summer, while it is higher for the far-

SWIR region during fall. When looking at the whole wavelength spectrum, we see that the 

highest separability values correspond to the summer season, while the lowest to the fall 

season. In addition, TD and JM have similar results, with JM having lower values for most 

wavelength regions during spring and fall. Moreover, the M and B metrics show similar 

responses to the previous two; however, on a different scale, while the D metrics show some 

dissimilarity in the visible wavelength responses for spring and summer. The pattern similarity 

between all metrics provides additional reassurance towards trusting the thresholded results of 

the TD, JM, and M metrics. 

 Based on the set thresholds (Table 4-1), the highest number of wavelengths that offer 

good separation are found in the summer (i.e., 17.57% for TD, 14.45% for JM), whereas only 

0.12% of wavelengths offer moderate separation with the TD metric during fall (Table B-1, 

Appendix B). This is an initial indication towards the preferable selection of the summer 

season for the detection of both shrubs. Overall, the TD metric suggests a higher number of 

wavelengths that offer good separability for the two shrubs compared to the JM metric (13.25% 

vs. 0.00% in the spring, and 17.57% vs. 14.45% in the summer), whereas the M metric cannot 

distinguish moderate or good separation. 

Wavelength regions sensitive to shrub species separation: To identify the wavelength regions 

that are important for the detection of each shrub species, we applied an ensemble method, in 

which the TD- and JM-defined wavelengths that are classified as moderate or good under both 

metrics are selected (Table 4-2). The reason for this is that both metrics allow for better 

interpretation and separation based on threshold establishment due to their upper limit (i.e., 2). 

The selected wavelength bands belong to certain spectral regions, and those that were below 

10 nm wide were removed (e.g., some regions in the SWIR in the summer). The ensemble 

method could not be applied for the fall season, as none of the metrics included any 

wavelengths in the moderate or good category. 

 In detail, the spring spectral regions in the blue (409ï525 nm) and red-red edge (590ï

693 nm) offer good separation between the two species. For the summer season, the blue and 

red-red edge regions continue to offer good separation. In addition, the green region (532ï577) 

is able to moderately separate the two species, since the reflectance of wolfwillow around the 

green peak is about 0.05 units higher than it was in spring. Furthermore, a narrow wavelength 

region in the far-SWIR (1981ï1991 nm) offers moderate separation. During fall, both species 

are at the start of senescence, and although we do see some differences in their spectral 

signature and a few peaks in the separability metrics, these values are not high enough to allow 

for moderate or good separation. 
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Figure 4-3 Average spectral signatures for western snowberry and wolfwillow in (a) spring, (b) 

summer, and (c) fall (water absorption regions between 1350ï1430 nm, 1750ï1980 nm, and 2330ï

2500 nm have been removed; the data are available on Figshare 

https://doi.org/10.6084/m9.figshare.14541597.v1). 
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Figure 4-4 Seasonal spectral separability metric results between western snowberry and wolfwillow 

across all hyperspectral wavelengths (Transformed Divergence (TD), JeffriesïMatusita (JM) distance, 

M-Statistic (M), Bhattacharyya distance (B), Divergence (D); water absorption regions between 

1350ï1430 nm, 1750ï1980 nm, and 2330ï2500 nm have been removed). 

 Table 4-2 Seasonal wavelength bands and spectral regions that offer moderate and good 

separation between western snowberry and wolfwillow based on thresholds established in Table 3-1 (B 

= Blue, R = Red, RE = Red-Edge, SWIR = Shortwave infrared). 

Separability between Western Snowberry and Wolfwillow 

Season 

Wavelength Areas 

Moderate Good 

(nm) Category (nm) Category 

Spring 
/ / 409ï525 B 

/ / 590ï693 R/RE 

Summer 
532ï577 G 406ï531 B 

1981ï1991 SWIR 578ï692 R/RE 

Fall / / / / 
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4.5.3. Broadband Simulation and Shrub Species Spectral Band Difference 

Broadband simulation: The mean values for each Landsat 8 and Sentinel-2A band per shrub 

species and season are presented in Table B-2, Appendix B. The results for Sentinel-2B are 

very similar and are available in Table B-3, Appendix B. 

Shrub species spectral differences (two-sample t-tests): The two-sampled t-test p-values for 

each Landsat 8 and Sentinel-2A band per shrub species and season are presented in Table 4-3. 

Since the Sentinel-2B reflectance values are almost the same as those of Sentinel-2A, we did 

not perform t-tests on these. Several conclusions can be drawn from these results. First, we can 

see that the SWIR 1 region is not significantly different between the two species during spring. 

The same holds for the red edge (RE) 3 and RE 4 band of Sentinel-2A during spring, and the 

RE 1 band during fall. Season wise, we can see that all bands are significantly different during 

the summer season, whereas the blue, red and SWIR 1 bands are important for both sensors 

during all three seasons. Although the different p-values give an indication of the strength of 

these differences, the separability metrics offer higher precision towards the level of separation 

that each band can offer. 

Shrub species broadband spectral separability: The spectral separability metrics calculated for 

the Landsat 8 broadband simulation are depicted in Figure 4-5 for each band and season, and 

in Figure 4-6 for Sentinel-2A. It is clear that the bands in the visible spectrum are more 

important during spring and summer, whereas the SWIR-2 band seems to have the highest 

separability during fall. However, these values are much lower during fall compared to the 

other two seasons, for which summer shows the highest values for most metrics and bands. 

These results go in line with the outcomes of Section 4.5.2 and Figure 4-4. Based on the 

thresholds from Table 4-1 and the ensemble approach, we can see that Landsat 8 offers 

moderate separability between the two shrubs with the blue and red band. However, for 

Sentinel-2, only TD shows good separability for those two bands, and not JM (Table 4-4). In 

the summer, the blue and red bands of both sensors offer good separation, and the green band 

moderate, whereas none of the bands offer any level of separation in the fall. These findings 

agree with the previous ones from Section 4.5.2 regarding the selection of the summer season 

for the detection of wolfwillow and western snowberry, and the fact that the TD metric suggests 

higher separability than JM during spring.
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Table 4-3 Two-sampled t-test p-values per Landsat 8 and Sentinel-2A band for each shrub species and season (B-Blue, G-Green, R-Red, RE-Red Edge, W. 

Vap.-Water Vapour, SWIR = Shortwave infrared). Red colored values are significant p-values within the 99% confidence interval (CI) (p-value < 0.01) and 

yellow values are those that are significant within the 95% CI, but not in the 99% CI (p-value between 0.01 and 0.05). 

 Two-Sample t-Test P-values Yel. <0.05 Red <0.01 

Season 
Landsat-8 Sentinel-2A 

B G  R NIR  SWIR 1 SWIR 2 B G R RE 1 RE 2 RE 3 NIR  RE 4 W. Vap. SWIR 1 SWIR 2 

Spring 0.000 0.000 0.000 0.049 0.748 0.001 0.000 0.000 0.000 0.006 0.046 0.051 0.049 0.052 0.027 0.702 0.001 

Summer 0.000 0.000 0.000 0.000 0.005 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.006 0.000 

Fall 0.000 0.035 0.000 0.000 0.001 0.000 0.000 0.047 0.000 0.077 0.001 0.000 0.000 0.000 0.000 0.001 0.000 

 

  

Table 4-4 Seasonal wavelength bands that offer moderate and good separation between western snowberry and wolfwillow with Landsat 8 and Sentinel-2A 

simulated data (B = Blue, R = Red, G = Green). 

Separability between western snowberry and wolfwillow 

Season 

Wavelength bands 

Moderate Good 

Landsat 8 Sentinel-2A Landsat 8 Sentinel-2A 

Spring 
B 

/ / / 
R 

Summer G G 
B B 

R R 

Fall / / / / 
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Figure 4-5 Seasonal spectral separability metric results between western snowberry and wolfwillow 

across selected Landsat 8 bands (Transformed Divergence (TD), JeffriesïMatusita (JM) distance, M-

Statistic (M), Bhattacharyya distance (B), Divergence (D)). 

 



 

 
 

9
1 

 

Figure 4-6 Seasonal spectral separability metric results between western snowberry and wolfwillow across selected Sentinel-2A bands (Transformed 

Divergence (TD), JeffriesïMatusita (JM) distance, M-Statistic (M), Bhattacharyya distance (B), Divergence (D)).
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 Discussion and Conclusions 

Our results from the hyperspectral metrics, broadband metrics and two-sampled t-tests show 

that the summer season is the optimal one for the spectral separation of western snowberry and 

wolfwillow, as it has the highest number of significantly different spectral regions and bands. 

This is reasonable, since the summer is the peak of the growing season with the highest 

photosynthetic activity, during which differences between shrub species could become more 

obvious. For this reason, the summer season has been frequently selected for data acquisition 

when separating shrub species (Hantson et al., 2012; Kattenborn et al., 2019; Ng et al., 2017; 

Tesfamichael et al., 2018). Summer months have also shown better discrimination abilities 

compared to other monthsðeven for separating an evergreen and a deciduous species (Somers 

& Asner, 2013). As for the optimal wavelength regions and bands, both blue and red are 

important, and more so in the summer. These two regions are influenced by stronger 

chlorophyll absorption for western snowberry compared to wolfwillow, based on their spectral 

signature. On the other hand, the green peak (around 550 nm) is similar for both shrubs, and is 

therefore not useful for classification in the spring. Nevertheless, this spectral region is 

moderately important during summer, where the reflectance of wolfwillow is significantly 

higher than that of western snowberry. Lastly, in the far-SWIR, there is moderate separation 

for a narrow hyperspectral region in spring, which is not represented in the broadband 

simulations. Although this spectral region is significantly different in all seasons based on the 

two-sampled t-test, it is not strong enough to reflect its difference in the separability metrics. 

This region is most possibly related to the differences in water and moisture absorption between 

the two species. 

 Overall, when looking at the differences between the hyperspectral and broadband 

results for the separation of the two shrubs, we notice that the results are almost the same, 

except for a narrow region in the far-SWIR, which is not included in the broadband results. 

This leads us to the conclusion that hyperspectral data would not really improve the 

classification results for our specific study purposes, and that use of Landsat 8 or Sentinel-2 

data would suffice. In addition, the increased number of spectral bands that Sentinel-2 

data provide do not offer enhanced detection capabilities, since the NIR region that includes 

the red-edge bands is not one of the sensitive regions for western snowberry and wolfwillow 

classification throughout the seasons. 

 However, we must point out that our current simulated broadband results represent the 

leaf/branch scale and not the canopy scale. The reflectance properties of the two shrubs could 

be different at that scale due to canopy architecture, such as leaf angle distribution, density, 

biomass, and leaf area index, in which shadows and occlusions also play a role. In addition, 

these simulations do not represent satellite data conditions, which are strongly affected by the 

atmosphere, and which capture the land surface at a broader scale, in which topography also 

has a significant role. Furthermore, since Landsat and Sentinel-2 data capture the surface at a 

broader scale (10ï30 m), each image pixel is usually a mixture of different land cover types 

(e.g., woody plants, grass, bare ground, rock). This is especially the case when WPE is at an 

early stage. Overall, grasslands can undergo different WPE stages (i.e., early, moderate, or 

advanced), resulting in different woody cover within an image pixel (Goslee et al., 2003). A 
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field-based study showed that the earliest WPE that could be identified was when it reached 

between 10 and 25% of an image pixel (Soubry & Guo, 2021a). However, more research with 

remotely sensed imagery is needed to verify this result. Nevertheless, even with mixed pixels, 

there exists a number of spectral unmixing techniques that could enhance WPE species specific 

mapping with coarse resolution pixels (Cao et al., 2019). With this technique, each pixel gets 

assigned to a fraction of its land covers, which are defined by endmembers. Two endmember 

classes that could be used for that purpose are the spectral signatures of western snowberry and 

wolfwillow that were used in this study. For the above reasons, the optimal season and bands 

detected in the current study for separation between the two woody shrubs might not coincide 

with their actual detection on the landscape. Therefore, the current results should be cross-

validated with satellite-based remote sensing data, such as Landsat 8 and Sentinel-2. We plan 

to implement this in future research that will establish specific broadband multispectral indices 

optimally correlated with the two shrub species of this study, and with research that will 

investigate potential improvements in their detection with spectral unmixing techniques.
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5. Chapter 5 MAPPING SHRUB COVER IN GRASSLANDS WITH AN 

OBJECT-BASED APPROACH AND INVESTIGATING THE 

CONNECTION TO TOPO -EDAPHIC  FACTORS 

 Preface 

This chapter fulfills research towards the completion of Objective 2 ï To examine the patterns 

and trends of shrub encroachment. It includes the use of an object-based approach to map shrub 

cover and connects shrub distribution with local topo-edaphic factors. This is part of research 

that was conducted under project number LPU-003RE-202122 (óMonitoring of shrub 

component to support for ecosystem management in Saskatchewan Cypress Hills 

Interprovincial Parkô) for the Saskatchewan Ministry of Parks, Culture and Sport. It was 

supervised by Dr. Thuan Chu, with principal investigator Dr. Xulin Guo, and co-principal 

investigator myself. This study was published in the journal Geocarto International: 

Soubry, I., Robinov, L., Chu, T., Guo, X. (2022) Mapping shrub cover in grasslands with an 

object-based approach and investigating the connection to topo-edaphic factors. Geocarto 

International, 27(37), 1-25, https://doi.org/10.1080/10106049.2022.2120549 

Date of publication: 12 September 2022 

Publisher: Taylor and Francis 

Supplementary material to this paper is included in Appendix C. 

The conceptualization of this research came from Dr. Thuan Chu and was further developed 

after discussion between Dr. Guo and myself. GIS data and aerial imagery were provided by 

the Saskatchewan Ministry of Parks, Culture and Sport, and field data were collected by Mr. 

Lampros Nikolaos Maros, Dr. Xulin Guo, Mr. Yunpei Lu and myself. I developed the 

methodology, processed the data, and drafted the initial manuscript. Ms. Larissa Robinov 

helped with editing, structuring, and reviewing of the manuscript. Dr. Xulin Guo and Dr. Thuan 

Chu supervised the research and facilitated final editing. The Geocarto International journal is 

open access, as such; the authors retain copyright of this publication. 

 Abstract 

Shrubs are important for grasslands; however, shrub encroachment has threatened the integrity 

of grasslands worldwide. Understanding shrub extent and local effects on encroachment can 

prioritize management. Studies that map low stature shrubs using an object-based approach in 

large areas of northern grasslands are limited. This study i) locates shrubs with an object-based 

approach using 30 cm color-infrared aerial imagery and Support Vector Machine classification; 

and ii) investigates shrub distribution by topo-edaphic factors in the native fescue grasslands 

of the West Block in Cypress Hills Interprovincial Park, Saskatchewan, Canada. The overall 
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accuracy of detected shrubs was above 92%. Loam flat regions, North-facing slopes, and areas 

with 0% to 25% slope rise are connected to high shrub cover and relate to soil moisture. Shrub 

presence is high closer to watercourse lines and waterbodies, and low closer to wetlands. This 

research can apply to other shrub encroached areas to facilitate shrub management worldwide. 

 Introduction  

Shrubs are woody plants, less than 4 m high, with several stems growing from the ground 

(Myers, 2019; Swanson, 1994). Shrubs are an inherent part of the grassland ecosystem, 

contributing to grassland biodiversity and richness (Archer et al., 2017). However, local 

human-environment interactions and larger-scale factors, such as climate change, could shift 

the grassland ecosystem to a shrubland (Archer, 2010). A quantitative determination of when 

this shift occurs remains difficult (OôConnor, 2019). This transition from grassland to 

shrubland happens through a process called shrub encroachment, which is the increase in 

density, cover, and biomass of non-native or native shrubs that expand beyond their historic or 

geographic range (Archer et al., 2017; Soubry & Guo, 2022b; Van Auken, 2000). Shrubs are 

expanding into grasslands globally, including grasslands in the South-central and South-

western US (Caracciolo et al., 2016; Mirik & Ansley, 2012), the Great Plains (Scholtz et al., 

2018), the South American Pampas (González-Roglich et al., 2015), Southern Africa (Marston 

et al., 2017), Australia (Eldridge et al., 2013), the Mongolian steppes (Dong et al., 2019), and 

European mountainous grasslands (Sanjuán et al., 2018). In our study area, we observe 

encroachment of native shrubs into the fescue grasslands of Cypress Hills in the Northern Great 

Plains region of Canada. 

 When the grassland ecosystem shifts to an alternate shrubland state, there are several 

negative impacts that affect the functions of native grassland ecosystems (Soubry & Guo, 

2022b). Examples of negative impacts include a decline in grassland biodiversity (Gray & 

Bond, 2013; Knapp et al., 2008), increased wildfire risk due to the introduction of highly 

flammable shrubs (Hoff et al., 2018), and reduced grazing capacity from the loss of forage 

quantity and quality (Archer et al., 2017). Therefore, prevention and control of shrub expansion 

is an important goal in grassland management. Knowing the effect of potential fixed landscape 

factors that influence shrub occurrence in grasslands, such as those related to topography 

(Gartzia et al., 2014), are important in reaching this goal since these effects could inform where 

higher shrub cover is expected, and which areas should be of higher concern for shrub 

encroachment (Cuneo et al., 2009). 

 Topography, hydrology, and soil types are local factors that affect shrub encroachment. 

Specifically, landscapes of different slope and aspect receive varying solar radiation and 

precipitation (Kennedy 1976), generating conditions that are more, or less, favourable for shrub 

growth. For example, areas of runoff could drive shrub growth in lowland grasslands (Archer 

et al. 2017), and soil depth (Pracilio et al. 2006), texture (Archer et al. 2017), and moisture 

(Harrington 1991) also affect shrub growth. Therefore, topography, hydrology, and soil type 
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should be considered in each study area, as shrub growth conditions vary according to 

landscape context and scale (Chapter 2, Soubry & Guo 2022b). 

 Moreover, to effectively manage shrub encroachment, one first needs to know the 

extent of shrub cover; which can be achieved through shrub mapping. Remote sensing is a great 

tool for mapping shrub encroachment (Soubry & Guo, 2022b), and it has been used worldwide 

in multiple contexts (Naito & Cairns, 2011). A recent review shows that shrub detection 

approaches include the use of different sensors (i.e., hyperspectral, multispectral, LiDAR, and 

radar) and systems (i.e., spaceborne and airborne) in combination with parametric or non-

parametric classifiers, and object-based or pixel-based classification approaches (Chapter 2, 

Soubry & Guo 2022b). Each of these shrub detection approaches have benefits and drawbacks; 

however, some methods in particular are especially useful for mapping shrubs. 

 For instance, aerial images have high spatial resolution, which facilitates the 

identification of shrub structures on the landscape. In the case where aerial images have 

additional spectral information (e.g., true color or color-infrared bands), shrub identification 

can improve even more. For instance, Poznanovic et al. (2014) used 1 m color-infrared aerial 

imagery to map Juniperus occidentalis through image segmentation with an overall accuracy 

of 92.2% for areas with shrub cover between 0 and 20%. Additionally, non-parametric 

classifiers provide the benefit of being able to combine spectral data with ancillary data, such 

as structural attributes (Lu & Weng, 2007). This benefit is especially useful for shrub mapping 

in grasslands, which have heterogeneous shrub patch sizes. 

 Object-based classification can incorporate non-parametric classifiers and utilize the 

distinct circular shape of shrubs to separate them from surrounding grasses and soil (Cao et al., 

2019). The result of this type of classification is especially successful when using high-

resolution imagery where individual shrubs are visible over more than one pixel (Shivakanth 

& Tanwar, 2018), even if the shrubs are spectrally very similar to surrounding grasses 

(Müllerová et al., 2016). Nevertheless, some type of spectral, radiometric, or textural contrast 

is needed to exploit the shape properties of shrubs for their detection with object-based 

classification. The addition of spatial texture, shape, and size characteristics in an object-based 

approach can lead to higher overall shrub classification accuracy compared to a pixel-based 

classification.  For example, Zhou et al. (2014) used high resolution imagery (i.e., less than 6 

m) to map shrubs with an object-based approach and achieved an overall accuracy of 89.24% 

compared to 81.15%, 73.33%, and 61.77% for the pixel-based approaches of Support Vector 

Machine (SVM), Maximum likelihood, and Malahanobis distance, respectively. 

 The use of textural features in object-based classifications can improve shrub detection 

by keying into the textural differences between shrubs and grassland. For instance, Gray Level 

Co-occurrence Matrix metrics (based on average values of the red, green, and blue bands) were 

used by Kattenborn et al. (2019) to derive texture information for shrub species classification. 

Texture allowed them to account for local differences in the canopy structure, and their 

classification accuracy improved by 5-10% compared to the use of a single method (e.g., 
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hyperspectral data). Hudak and Wessman (1998) used a textural index to identify differences 

in woody plant density. Woody stem count correlated best with their textural image (r=0.84 for 

mean canopy texture from 2-m grain images). Ng et al. (2017) used wavelet transformation to 

derive textural features of shrubs for shrub detection. For the Pléiades dataset that they used, 

the 80th percentile of the Level 1 wavelets of the blue band was the most influential feature for 

shrub detection, and the overall accuracy of their map was 91%. 

 Although several studies have used an object-based approach to classify shrub cover, 

only a few were in northern grassland ecosystems. One example is the study of Hellesen and 

Matikainen (2013), who used color-infrared aerial imagery with 50 cm spatial resolution to 

map shrubs and trees in abandoned grasslands in Denmark with 81.2% overall accuracy. 

However, they did not look at shrubs separately from trees, but rather combined them into one 

class. Object-based studies that detected shrubs in non-northern grassland ecosystems include 

those of Niphadakar et al. (2017), who mapped understory shrubs in a tropical forest with 2 m 

resolution Geo-Eye and Worldview data (overall accuracy between 60 and 63.5%), and the one 

of Hamada et al. (2007), who mapped high stature shrub species along a Mediterranean-type 

riparian habitat (highest overall accuracy of 95%). Moreover, Hantson et al. (2012) detected 

shrubs with 25 cm aerial imagery along coastal dunes in the Netherlands. In coastal dunes, 

shrubs are very distinct from their surroundings and easy to separate (Hantson et al., 2012). 

Similarly, when detecting shrub encroachment in savanna ecosystems, shrubs and low stature 

trees are more distinct than they would be in northern grassland ecosystems, where the dense 

grass cover is spectrally similar to shrubs. For example, in the arid and semi-arid savanna 

ecosystem, Levick and Rogers (2011) mapped shrub cover with 30 cm aerial imagery at 94% 

overall accuracy, and Ng et al. (2017) detected a high stature shrub species (Prosopis) with 2 

m resolution Pleiades data with 83% overall accuracy, respectively. The same high stature 

shrub species were detected in the southern Great Plains with 94% overall accuracy when 

mapped with 1 m spatial resolution aerial imagery (Mirik & Ansley, 2012). The above studies 

did not map low stature shrubs (less than 4 m). 

 Overall, there are few studies that look at the detection of low stature shrubs (less than 

4 m) in the northern grassland ecosystem using an object-based approach. Dong et al. (2019) 

developed an automated shrub identification algorithm that used orthoimages at 2 cm spatial 

resolution obtained from an unmanned aerial vehicle (UAV). Their approach mapped shrubs 

in the Mongolian grasslands with 84.52% overall accuracy. However, the use of UAV imagery 

covers small areas, requires multiple flights, could lead to higher processing demands, and the 

very high spatial resolution could cause issues with GPS positioning from ground truth data 

collection (Müllerová et al., 2016). Therefore, our objectives are to: i) quantify and map the 

distribution of shrub cover with an object-based approach to test the feasibility of low stature 

shrub mapping at a slightly coarser scale of 30 cm aerial imagery that covers a larger area in 

the northern grassland ecosystem; and ii) to investigate the relationship between shrub cover 

and topo-edaphic categories (i.e., stratification of shrub cover by different categories, which 
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include topography, aspect, slope, elevation, soil moisture, distance from watercourse lines, 

wetlands, and waterbodies). 

  Materials and Methods 

5.4.1. Study Area 

The fescue grasslands of Cypress Hills Interprovincial Park (CHIPP) in Canada (49Á 40ô N, 

110Á 15ô W) are a mosaic of topographically heterogeneous forest and grassland that rise above 

the surrounding agriculture and rangelands of Saskatchewan and Alberta, Canada (Figure 5-

1a,b). CHIPPôs grasslands are recognized for their ecological and economic significance and 

are undergoing shrub encroachment by native species (Government of Alberta, 2011; 

Government of Saskatchewan, 2021; Robinov et al., 2021; Widenmaier & L Strong, 2010). 

Therefore, we chose the Saskatchewan West Block portion of the park (138.19 km2) as our 

case study to conduct this research. The main grassland types in the study area are (1) rough 

fescue (Festuca campestris)-dominated grasslands present on the black and dark gray soils of 

the upper slopes and plateaus, covering approximately 40% of the park, and (2) mixed-grass 

prairie (i.e., Hesperostipa spp., Bouteloua gracillis, Koeleria macrantha, Elymus lanceolatus) 

established on the dark brown soils of the drier slopes and lower elevations (Government of 

Alberta, 2011; Padbury & Acton, 1999; Sauchyn, 1990). For the West Block, almost all sites 

are on loamy black soil, whereas 25% of the area in the northeast are classified as dark brown 

soils (Godwin & Thorpe, 1994). Two large streams found in the West Block are Battle Creek, 

which dissects the park and receives input from Reesor Lake, and Nine Mile Creek 

(Government of Alberta, 2011). The main shrub species of concern are shrubby cinquefoil 

(Potentilla fruticosa) (Figure 5-1c), western snowberry (Symphoricarpos occidentalis) (Figure 

5-1d) and wolf willow, also known as silverberry (Elaeagnus commutata) (Figure 5-1e) (field 

observation). All three shrubs are considered native and unpalatable to livestock (Moss et al., 

2008). 

 The annual mean temperature in Cypress Hills is 3.3°C with a maximum of 23.2°C in 

July, and a minimum of -15°C in January (Environment and Climate Change Canada, 2021). 

Annual mean precipitation is approximately 600 mm (Environment and Climate Change 

Canada, 2021), and 42% of all precipitation comes from snowfall. 
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Figure 5-1 a) Cypress Hills Interprovincial Park (CHIPP) boundary of the West Block within the 

provincial boundaries of Saskatchewan (SK), Canada, b) Cypress Hills Interprovincial Park (CHIPP) 

boundary of the West Block overlaid on the 8-bit mosaicked aerial image of 17 October 2018, c) 

shrubby cinquefoil (Potentilla fruticosa), d) western snowberry (Symphoricarpos occidentalis) and e) 

wolf willow, also known as silverberry (Elaeagnus commutata) in the West Block of Cypress Hills 

Interprovincial Park (August 2020, personal collection). Source of Canadian Provincial Boundaries: 

Statistics Canada (Open-Government LicenseðCanada) (Statistics Canada, 2020), source of aerial 

image and CHIPP boundary layer: Ministry of Parks, Culture, and Sports, Government of 

Saskatchewan 
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5.4.2. Data Acquisition 

We obtained six orthorectified aerial images of the study area at 30 cm spatial resolution from 

the Ministry of Parks, Culture and Sports (Government of Saskatchewan, Canada). The images 

were acquired on 17 October 2018 between 15:30 and 18:40 with a Vexcel UltraCamXp 

camera that has four channels (Red, Green, Blue, and Near Infrared). All GIS layers related to 

topo-edaphic variables were provided by the Ministry of Parks, Culture and Sports, 

Saskatchewan, Canada, and the Digital Elevation Model (DEM) was obtained from the 

Saskatchewan Geospatial Imagery Collaborative (SGIC) (Table 5-1). 

Table 5-1 Topo-edaphic variables examined in relation to shrub cover in CHIPPôs West Block. 

Variable Details Data type Source 

Landscape 

Unit  

Combination of Rangeland Ecosite 

& Topography class 

Categorical 

2018 CHIPP 

Forest Inventory Rangeland 

Ecosite 

Defined from topography, soil 

texture, moisture regime, salinity 

Categorical 

Elevation Upland & Lowland (above and 

below average elevation) 

Categorical Saskatchewan 

Geospatial 

Imagery 

Collaborative 

(SGIC) 

Full range (15 m spatial resolution) Continuous 

Aspect 4 compass directions Categorical Derived from 

SGIC Digital 

Elevation Model 

(DEM) 

Slope Classes of 10% slope rise Categorical 

Full range (15 m spatial resolution) Continuous 

Topography Depressional, Flat, Gully, Hilly, 

Steep, and Undulating 

Categorical 2018 CHIPP 

Forest Inventory 

Soil Moisture 

Regime (SMR) 

Based on moisture availability for 

vegetation growth (based on SK 

Forest Vegetation Inventory) 

Categorical 2018 CHIPP 

Forest Inventory 

Distance from 

watercourse 

lines 

Euclidean distance, 15 m spatial 

resolution (Part of the ñLakes, Rivers 

and Glaciers in Canada-CanVec 

Series-Hydrographic Featuresò) 

Continuous Government of 

Canada 

Distance from 

wetlands 

Euclidean distance, 15 m spatial 

resolution (Digitized by Geomatics 

Canada) 

Continuous National 

Topographic Data 

Base 

Distance from 

waterbodies 

Euclidean distance (15 m spatial 

resolution) 

Continuous Ministry of Parks, 

Culture and Sport 

(Saskatchewan, 

Canada) 

5.4.3. Methodology 

Figure 5-2 demonstrates the procedures we followed in this study. We first mosaicked all the 

images together and then clipped the image to the grassland polygons based on the Forest 

Inventory database (2018) provided by the park. To reduce the processing time, the image was 
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divided into four tiles following natural boundaries. All processing was conducted in PCI 

Geomatics Banff (2018). The object-based shrub classification mapping process included 

segmentation, attribute calculation, collection of training and validation data, image 

classification, accuracy assessment, and post-classification editing. Each is detailed below. 

 

Figure 5-2 Flowchart of methods used to map shrub cover in Cypress Hills Interprovincial Parkôs 

(CHIPP) and stratify this cover by topo-edaphic factors. 

Segmentation. We defined the parameters of scale, shape and compactness first (Niphadkar et 

al. 2017). The scale parameter takes values between 0 and 100. Large scale parameters permit 

a high level of heterogeneity (Arasumani et al., 2021). Thus, for a given scale parameter, a 

heterogeneous image will yield smaller objects than a homogeneous image (Niphadkar et al. 

2017). The shape parameter ranges from 0 to 0.9. Lower shape values assign more weight to 

spectral values and higher values indicate more importance of shape over spectral values 

(Arasumani et al., 2021). Compactness (ranging from 0 to 1) identifies the compressed nature 

of the objects, based on weak spectral contrasts, and is used to optimize objects for their 

compact shape (Niphadkar et al., 2017). To determine the segmentation parameters, we started 

with the default ones, as determined in the Object Analyst workflow of PCI Geomatics, which 

were Scale = 25, Shape= 0.5, and Compactness=0.5. After a few repetitions of trial and error, 

and by visually looking at the resulting segmented objects, the parameters that defined the 

small shrubs as single objects in our study area were Scale=5, Shape=0.5, and 

Compactness=0.5. Figure 5-3a shows a close up of the segmentation result in the southeast 

part of our study area with the derived object segments, and Figure 5-3b shows the respective 

aerial image of that location. 
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Figure 5-3 a) Detail of segmentation result in the southeast part of our study area with the derived 

object segments for the ñshrubò and ñno shrubò classes, and b) the respective aerial image of this 

location. 

Attribute calculation. We calculated several attributes for each segmented object and image 

channel that facilitated the subsequent shrub classification (Table 5-2). We first calculated pure 

statistics for the Digital Number (DN) range of each channel. Then, we calculated the 

geometrical attributes of circularity, solidity and compactness, which could be higher for shrub 

segments compared to grass segments. Although the aerial imagery is not calibrated to 

reflectance (DN), we used vegetation indices (VIs) (e.g., Normalized Difference Vegetation 

Index-NDVI, Soil Adjusted Vegetation Index-SAVI, and Transformed Vegetation Index-TVI) 

to differentiate between shrubs and background cover (grass, bare soil, etc.) based on DN ratios 

(Hantson et al., 2012; Hellesen & Matikainen, 2013; Ng et al., 2017; Niphadkar et al., 2017). 

Lastly, we calculated textural features in a 5x5 pixel window size. 

Table 5-2 Attributes calculated for each image object (GRVI= Green-Red Vegetation Index, GI= 

Greenness Index, VDI= Vegetation Dryness Index, RVI= Ratio Vegetation Index, NDVI= 

Normalized Difference Vegetation Index, TDVI= Transformed Difference Vegetation Index, SAVI= 

Soil Adjusted Vegetation Index, MSAVI2= Modified Soil Adjusted Vegetation Index, GEMI= Global 

Environmental Monitoring Index, LAI= Leaf Area Index). 

Attribute Category  Attributes  Channels Used 

Statistical Min; Max; Mean; Standard Deviation R, G, B, NIR 

Geometrical Circularity; Compactness; Solidity / 

Spectral GRVI; GI; VDI; RVI; NDVI; TDVI; SAVI; 

MSAVI2; GEMI; LAI  

R, G, NIR 

Textural* Mean; Standard deviation; Entropy; Angular 

second moment 

R, G, B, NIR 

*(5x5 window size) 
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Training and validation. We collected training and validation samples through visual image 

interpretation of the aerial image. Each sample corresponds to a segmented object, which was 

collected through their selection in Object Analyst. We generated two classes; ñShrubò and 

ñNo Shrubò to collect presence and absence data. A total of 1200 training objects and 800 

validation objects for each class were collected, resulting in a total of 2000 objects for each 

class. Hence, 60% was training data and 40% was validation data. This ratio was selected to 

ensure enough data variance is captured in the validation dataset since the ñShrubò and ñNo 

Shrubò classes are heterogeneous in the grassland ecosystem. Moreover, we preferred a lower 

percentage of training data to avoid overfitting the model that is used during image 

classification. The objects were randomly collected with good distribution, ensuring enough 

heterogeneity per class, so that they are representative. 

Image classification and post-classification editing. We used the non-parametric SVM 

classification algorithm to train the model. This algorithm was implemented in PCI Geomatics 

Banff through the Object Analyst workflow, which is based on the open-source code LIBSVM 

(developed and described in Hsu et al. (2016)). The SVM algorithm tries to find the optimal 

hyperplane that separates two classes by maximizing their margin; this is realized by analysing 

the training samples at the edge of each class, otherwise referred to as support vectors. It applies 

a mathematical kernel function to map the support vectors from the training data into a higher-

dimensional space (hyperplane) to separate the two classes (PCI Geomatics, 2020). There are 

several kernels that can be used, as described in Hsu et al. (2016). The authors recommend the 

use of the radial-basis function (RBF) since it can include non-linear relationships between the 

classes and attributes used, it has less numerical difficulty compared to polynomial kernels, 

and can behave similar to a linear or sigmoid kernel for certain parameters. Therefore, we used 

the RBF kernel. There are two parameters that need to be selected to run the SVM algorithm 

with the RBF kernel, C and ɔ (see Hsu et al. (2016) for more information). We selected these 

parameters using a grid-search with cross-validation (i.e. different pairs of values for C and ɔ 

were used in model runs, and the one with the best cross-validation accuracy for the training 

samples was selected). Once we found the best parameters, we trained the model with the 

training set to generate the final classifier. After the final classifier was applied to the whole 

image, we applied post-classification editing, which dissolved neighboring image segments of 

the same class into one shape, through which individual shrubs remained a single object and 

shrub patches became one main object.  

 Finally, we used an accuracy assessment to get an overview of the classification model 

performance. The accuracy assessment was performed at object level, during which each of the 

object classes in the validation dataset are compared to the equivalent object class in the 

classified image. If the classes are equal (or unequal) to each other, the object is considered 

correctly (or incorrectly) classified. The measures of assessment that we calculated include the 

overall accuracy, the producerôs and userôs accuracy for each class (i.e., shrub and no shrub), 

and the overall kappa statistic. Overall accuracy is the number of total correctly classified 

samples divided by the total number of samples. The producerôs accuracy is estimated for each 
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class, and looks at the number of correctly classified samples divided by the total number of 

validation samples in that class; the misclassified number of samples are considered omission 

errors (the number of known samples that were not included in that class). The userôs accuracy 

is also estimated for each class, and is equal to the total number of correctly classified samples 

of a class divided by the actual number of samples included in that class; the misclassified 

number of samples are considered commission errors (samples that were not included in the 

correct class in the classified image). Lastly, the overall kappa statistic is used to determine if 

the classification is significantly better than chance (it is expressed on a scale of 0 to 1). 

Stratification by topo-edaphic factors. We examined the shrub cover distribution over the 

available topo-edaphic variables of the study area (Table 5-1), which included landscape units, 

rangeland ecosites, topography, elevation, aspect, slope, soil moisture regime, watercourse, 

waterbodies, and wetlands. CHIPPôs landscape units (22 classes in total) (Figure C-1) are a 

combination of four rangeland ecosites (Gravelly, Loam, Overflow, and Thin) (Figure C-2), 

as defined in ñEcoregions and Ecositesò of the Saskatchewan Prairie Conservation Action Plan 

(Thorpe, 2014), and six topography classes (Depressional, Flat, Gully, Hilly, Steep, an 

Undulating) present in the 2018 Forest Inventory Map of the park (Figure C-3). The rangeland 

ecosites are classified based on differences in topography, soil texture, moisture regime, and 

salinity (Thorpe, 2014). For the categorical variables, we calculated the % shrub cover in each 

class of a variable by dividing the total shrub area in each class by the total area of that class. 

For the continuous variables, we calculated the % shrub cover in each 15 x 15 m pixel and then 

plotted multiple simple linear regression models against the continuous value of each 15 x 15 

m pixel. 

Moreover, we examined categorical and continuous variables for elevation. First, we 

separated the grassland region into ñUplandò and ñLowlandò based on the average elevation 

(Figure C-4). Both classes cover about the same area of grasslands in the park 

(Uplands=51.2%, Lowlands=48.8%). Second, we used the continuous elevation range from the 

SGIC Digital Elevation Model (DEM) at 15 m spatial resolution. We calculated shrub cover in 

each 15x15 m pixel of the DEM and juxtaposed this cover with every unique elevation value. 

The aspect values were derived from the DEM and reclassified into four compass directions: 

Flat (-1 and -1 ï 0), North (0 - 67.5 and 292.5 ï 360), East (67.5 - 112.5), South (112.5 - 247.5), 

and West (247.5 - 292.5). Lastly, slope values, expressed in % rise, were also derived from the 

DEM. We examined categorical and continuous variables for slope. We separated % slope rise 

in the grassland regions in classes of 10%, ranging from 0 to 290%, resulting in a total of 29 

classes, and we also used the continuous values of slope % rise (juxtaposed to each 15x15 m 

shrub cover pixel). 

 Lastly, we included four layers related to water and moisture. The first one is the Soil 

Moisture Regime (SMR), which represents the availability of moisture for vegetation growth 

(Saskatchewan Environment-Forest Service 2004) - seven classes ranging from ñDryò to ñVery 

Moistò are available in the study area (Figure C-5). The other three layers are related to the 

hydrographic features of the park, which include the watercourse lines, waterbodies, and 

wetland locations, which are provided in the ñCanVec Seriesò through the government of 
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Canada (Government of Canada, 2019). We examined the variation of shrub cover based on 

their Euclidean distance from each of these hydrographic features in a 15 m resolution raster. 

 Results 

5.5.1. Shrub Cover 

The overall accuracy of the SVM classification for all four image tiles ranged between 92% 

and 95% with a lower 95% confidence interval (CI) between 89.2% and 92.7% and an upper 

95% CI between 94.8% and 97.3%, while the overall Kappa statistic ranged between 0.84 and 

0.9 (Table 5-3). The producerôs and userôs accuracy for the ñshrubò class ranged between 

90.5% and 95%, and between 93.3% and 95%, respectively (Table 5-3). The producerôs and 

userôs accuracy for the ñno shrubò class ranged between 93.5% and 95%, and between 90.8% 

and 95%, respectively (Table 5-3). The total shrub cover in the grasslands of CHIPPôs West 

Block in Saskatchewan is 17.02 km2, which represents 27.3% of the total grassland area in the 

park. The shrub cover map of CHIPPôs West Block is presented in Figure 5-4. The northwest 

area has the highest shrub cover (approx. 34%).



 

 
 

Table 5-3 Ranges of producerôs and userôs accuracy (PA, UA respectively) with 95% lower (L) and upper (U) confidence intervals (CI), and Kappa statistic 

for each class (shrub, no shrub). 

Class PA (%) PA 95% CI-L (%)  PA 95% CI-U (%) UA (%)  UA 95% CI-L (%)  UA 95% CI-U (%) Kappa 

Shrub 90.5-95 86.2-91.7 94.8-98.3 93.3-95 89.5-91.7 97.1-98.3 0.87-

0.90 

No Shrub 93.5-95 89.8-91.7 97.2-98.3 90.8-95 86.6-91.7 95-98.3 0.82-

0.90 

Overall 

Classification 

 

OA (%)  95% CI-L (%)  95% CI-U (%) Overall 

Kappa 

   

92.0-95.0 89.2-92.7 94.8-97.3 0.84-0.90    
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Figure 5-4 a) Shrub cover in Cypress Hills Interprovincial Parkôs (CHIPP) West Block overlaid on the 

mosaicked 8-bit aerial image, b) Closer look of heavy shrub cover on northwest plateau, c) Closer look of 

low shrub cover in hayed area (green boundary) in the east, d) Closer look of moderate to low shrub cover 

in the Battle Creek area (southwest), and e) Closer look of moderate shrub cover near waterbody in the 

northeast of the park. 
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5.5.2. Shrub Cover by Topo-edaphic Factors 

There are certain fixed topo-edaphic factors that contribute to high shrub cover in the park (Figure 

5-5). Loam flat landscapes, flat and depressional topography, upland regions, North-facing slopes, 

areas with 0% to 25% slope rise, and (very) fresh and moderately moist soil moisture regimes were 

all connected to higher shrub cover in the park. Moreover, shrub presence was higher when closer 

to watercourse lines and waterbodies but lower when closer to wetlands. 

 
Figure 5-5 Graphic summary of relationship between shrub cover and topo-edaphic factors in the 

grassland regions of the West Block in Cypress Hills Interprovincial Park (CHIPP). 

Landscape Unit 

The highest shrub cover (39.0%)25 is found in ñThin-Depressionalò areas, followed by ñThin-

Steepò, ñLoam-Flatò, ñThin-Undulatingò, and ñOverflow-Flatò areas (all above 33% shrub cover) 

(Table 5-4). Nevertheless, all five classes, except for ñLoam-Flatò, represent only a small fraction 

(less than 5.2%) of the total grassland cover in CHIPP West Block (Table 5-4). The ñLoam-Flatò 

areas have the highest representation in the park (29.1%) and have high shrub cover (34.8%). 

Moreover, 37.7%26 of the total shrub cover in CHIPPôs West Block falls in Loam-Flat areas. 

Table 5-4 Percent Landscape Unit over total grassland area, percent shrub cover by Landscape Unit, and 

percent shrub cover area over the total shrub cover in CHIPP West Block grasslands by Landscape Unit. 

Landscape Unit % over total 

grassland area 

% Shrub cover % Shrub cover area 

over total shrub cover 

Thin-Depressional 0.04 39.01 0.05 

 

25 This is a measure of the density of shrubs per variable category. 
26 This measures shrub cover presence per variable category over the total shrub cover in the grasslands of CHIPP-West Block. 
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Landscape Unit % over total 

grassland area 

% Shrub cover % Shrub cover area 

over total shrub cover 

Thin-Steep 5.17 35.07 6.75 

Loam-Flat 29.12 34.78 37.70 

Thin-Undulating 1.31 33.46 1.64 

Overflow-Flat 0.95 33.36 1.17 

Loam-Depressional 0.05 29.73 0.05 

Gravelly-Flat 4.96 26.93 4.97 

Thin-Flat 0.20 26.85 0.20 

Gravelly-Hilly  2.69 26.55 2.66 

Overflow-Depressional 0.01 26.13 0.01 

Loam-Steep 4.32 25.44 4.10 

Overflow-Steep 0.33 25.43 0.31 

Thin-Gully 0.03 23.74 0.02 

Overflow-Hilly  1.15 23.64 1.01 

Gravelly-Steep 3.24 22.63 2.73 

Loam-Undulating 5.23 21.91 4.27 

Loam-Hilly  24.82 21.90 20.23 

Loam-Gully 0.09 21.55 0.07 

Gravely-Undulating 1.61 21.21 1.27 

Thin-Hilly  12.75 19.82 9.41 

Overflow-Undulating 1.87 19.63 1.36 

Gravelly-Gully 0.08 5.17 0.01 

Rangeland Ecosite 

The ñLoamò ecosites have the highest shrub cover (28.0%) in the park. Shrub cover is below 25% 

for all other ecosites (Thin: 24.8%, Gravelly: 24.7%, Overflow: 24.1%) (Table 5-5). The ñLoamò 

ecosite covers 63.6% of the grasslands in the park while each of the other ecosites cover less than 

20% of the grasslands (Table 5-5). 

Table 5-5 Percent of each Rangeland Ecosite and Topography class over the total grassland area and 

percent shrub cover per Rangeland Ecosite and Topography class in the grasslands of the West Block of 

CHIPP. 

Rangeland Ecosite % Over total grassland area % Shrub cover 

Loam 63.60 27.99 

Thin 19.49 24.82 

Gravelly 12.61 24.74 

Overflow 4.30 24.10 

Topography 
  

Hilly/Rolling 41.4 21.7 
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Rangeland Ecosite % Over total grassland area % Shrub cover 

Flat 35.2 33.6 

Steep 13.1 28.6 

Undulating 10.0 22.9 

Gully 0.2 15.1 

Depressional 0.1 33.1 

Topography 

The ñHilly/Rollingò (41.4%) and ñFlatò (35.2%) regions cover most of the grassland area in the 

park and the shrub cover is highest in the ñFlatò (33.6%) and ñDepressionalò (33.1%) regions 

(Table 5-5). 

Elevation 

Uplands have about 5% higher shrub cover (29.3%) than lowlands (24.2%). Moreover, there is no 

strong linear relationship between shrub cover and elevation (r2=0.003) (Figure C-6a). 

Nevertheless, this relationship is significant at a 90% confidence interval, with a p-value of 0.06. 

The elevation values follow a normal distribution, with most values in the grassland areas of the 

park centred around 1200 m (Figure C-6b). 

Aspect 

Most of the aspects in CHIPP West Block are South facing (43.7%), followed by North facing 

slopes (34.2%). The highest shrub cover (34.6%) is found on West-looking slopes, followed by 

Flat (33.5%) and North (31.7%) facing slopes (Table 5-6). Nevertheless, 40.2% of the total shrub 

cover falls on North facing slopes in CHIPP West Block, and 37.2% on South facing slopes. 

Table 5-6 Percent of each aspect class and top 5 slope classes over the total grassland area, percent shrub 

cover in each class, and percent shrub cover area over total shrub cover in the West Block in CHIPP. 

Aspect % Over total 

grassland area 

% Shrub cover % Shrub cover area 

over total shrub cover 

South 43.86 22.88 37.20 

North 34.18 31.70 40.17 

West 10.85 34.64 13.93 

East 10.81 20.78 8.32 

Flat 0.31 33.49 0.38 

Top 5 Slope 

(% rise) 

% Over total 

grassland area 

% Shrub cover 

area over total 

shrub cover 

Top 5 

Slope (% 

rise) 

% Shrub 

cover 

0-10 71.54 71.88 250-260 15.61 

10-20 20.36 20.09 270-280 14.76 

20-30 5.92 6.08 0-10 14.68 

30-40 1.71 1.64 40-50 9.09 

40-50 0.33 0.24 30-40 8.70 
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Slope 

Slopes between 0 and 10% rise are the most common in the grassland regions of the park, 

representing about 71.5% (Table 5-6). Shrub cover is highest on steep slopes of 250-260 % rise 

(15.6%), followed by 270-280 % rise (14.8%), and 0-10 % rise (14.7%) (Table 5-6). However, 

250-260% rise and 270-280% rise represent a very small portion in the grassland regions of the 

park (less than 0.0004%). When looking at the continuous values of slope % rise versus shrub 

cover, we found that shrub cover has a polynomial relationship (5th order) with slope % rise 

(Figure C-7). Shrub cover is around 15% at 0% slope rise, increasing up until about 25% slope 

(with 25% shrub cover). After that, shrub cover decreases as slope % rise increases, with a few 

outliers. Overall, shrub cover is highest between 5 and 45 % slope rise. Its linear regression also 

has a significant p-value at the 99% confidence level (r2=0.33, p-value <0.001). 

Soil Moisture Regime 

ñModerately Freshò SMR is the most common category in the grassland regions of the park, 

making up 70.7% of the study area (Table 5-7), with 24.6% shrub cover. Shrub cover is highest 

on ñVery Freshò (39.6%), ñModerately Moistò (38.2%), and ñFreshò SMR (32.1%), and the lowest 

on ñVery Moistò (12.5%) and ñDryò (14.4%) SMR (Table 5-7). The ñVery Freshò and 

ñModerately Moistò cover less than 5% of the grassland regions in the park, whereas the ñFreshò 

SMR covers 22.8%. 

Table 5-7 Percentage of soil moisture regime (SMR) classes over the total grassland area of CHIPP West 

Block, and shrub cover percent per SMR class in the grasslands of CHIPP West Block. 

SMR % Over total 

grassland area 

% Shrub cover 

Moderately Fresh 70.71 24.61 

Fresh 22.83 32.13 

Very Fresh 3.47 39.59 

Dry 1.59 14.35 

Moderately Moist 0.71 38.23 

Moist 0.62 29.80 

Very Moist 0.06 12.51 

Distance from Watercourse Lines 

The linear regression between shrub cover and distance from watercourse lines in the park is 

significant at the 99% confidence level (p-value < 0.001). However, the correlation is low 

(r2=0.15). Shrub cover remains between 24% and 30% as the distance from the watercourse 

increases, with a slight jump at around 200 m (Figure C-8a); however, the number of the shrub 

cover samples drastically declines within the first 500 m from the watercourse lines (Figure C-

8b). 

 



 

112 

 

 

Distance from wetlands 

There are six wetland bodies found in the northeast boundaries of the park. The linear regression 

between shrub cover and their distance from wetlands in the park is significant at the 99% 

confidence level with a moderately positive correlation (r2=0.37, p-value < 0.001) (Figure C-9a). 

Shrub cover increases as the distance from the wetland locations increases, with a bigger jump at 

around 2 km. In addition, most shrub cover samples can be found up to 2.5 km from the wetlands 

(Figure C-9b). 

Distance from waterbodies 

The linear regression between shrub cover and distance from waterbodies in the park is significant 

at the 99% confidence level with a very weak correlation (r2=0.01, p-value < 0.001). Shrub cover 

is between 20% and 30% as the distance from the waterbodies increases, with higher shrub cover 

ranges (above 40%) between 2 km to 2.5 km (Figure C-10a); however, the number of shrub cover 

samples declines as we move away from the waterbodies (Figure C-10b). 

 Discussion 

We successfully mapped shrub cover in the park using an object-based approach with an overall 

accuracy above 92%. This result is promising, especially given the limited number of studies that 

have detected low stature shrubs with this approach in Northern grassland ecosystems. Dong et al. 

(2019) mapped low stature shrub cover in the Mongolian grasslands using higher spatial resolution 

imagery (2 cm) but achieved a lower overall classification accuracy (84.52 % compared to ground-

derived GPS points). While they also used an object-based approach, they only applied one 

spectral attribute feature in the classification to extract the shrub objects (i.e., the Excess Green 

Vegetation Index minus the Excess Red Vegetation Index). The higher accuracy in our study could 

be attributed to the fact that we used a total of 37 features (including statistical, spectral, 

geometrical, and textural attributes for each image channel). A second reason for lower accuracy 

in the study of Dong et al. (2019) could be related to their use of an automated shrub detection 

approach (unsupervised method) compared to our supervised SVM classification. Thirdly, another 

potential cause for lower overall classification accuracy in Dongôs study could be the use of very 

high spatial resolution imagery that causes issues with comparisons of GPS positioning of ground 

truth data (Müllerová et al., 2016). We used 30 cm resolution imagery for our object-based shrub 

classification and used visually estimated validation data. Our overall classification accuracy is 

similar to the one obtained by Levick and Rogers (2011) (i.e., 94 % compared to visual estimates), 

who used aerial imagery of the same spatial resolution as ours and the same validation method to 

map shrub cover in the arid savanna ecosystem.  

Nevertheless, it is important to note that we did not address the potential spatial correlation 

between the training and validation data, which can lead to an optimistic bias in the accuracy 

assessment results of our classification (Karasiak et al., 2021). Even though the object-based data 

splitting approach that we used might have removed the spatial dependence between training and 
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validation objects (Karasiak et al., 2021), future studies should consider implementing a spatial 

data splitting approach to more confidently ensure that this has occurred. 

 As mentioned in the Introduction, Zhou et al. (2014) found that using an object-based 

methodology to detect shrubs was more successful than pixel-based approaches. It was argued that 

one reason for greater classification success is due to the fact that shrub size, shape and texture can 

be used during object-based classification in addition to the spectral features of shrubs. Indeed, the 

use of all four elements play an important role in distinguishing shrubs with an object-based 

classification method. Depending on the study area, shrubs can have a certain diameter size, a 

characteristic circular or elliptical shape (either individually or in patches), display higher 

roughness (texture) compared to smooth grass surface, and have spectral differences with the 

surrounding grasses (depending on their phenological stage) (Chapter 2-3, Soubry & Guo, 2022b). 

 Current shrub cover in the park (approx. 27 %), based on the 2018 aerial imagery, is above 

the healthy grassland standards of the region, where woody cover is naturally present at a lower 

abundance (<15%) (Government of Saskatchewan, 2008). Since the current shrub cover in our 

study area is about twice as abundant as what would be expected for healthy Fescue Prairie 

grasslands, we conjecture that shrubs have been encroaching in the grassland regions of CHIPPôs 

West Block over time. However, confirmation of previous shrub cover extent from historical 

images of the region (30 to 40 years ago) would be necessary to validate this assumption. It is 

worth noting that the aerial images used in this study contained shadows, since they were obtained 

in the late afternoon. For this reason, we might have slightly underestimated shrub cover (areas 

that were missed due to shadows); however, this slight underestimation is counterbalanced with 

areas of slight overestimation due to possible mixture with bare ground patches and senesced 

grasses. 

 The higher shrub cover in depressional, undulating, and overflow landscape units could be 

related to the higher presence of moisture in the soil associated with these topographical categories 

(Harrington, 1991; Wu & Archer, 2005), thus, facilitating shrub growth (Harrington, 1991). When 

looking at the soil moisture regimes (SMR) that had the highest shrub cover in the park, we found 

that the ñVery Freshò SMR occurred on a variety of landscape units, while the ñModerately Moistò 

category was predominantly found on undulating topography. The ñDryò and ñVery Moistò SMRs 

had the lowest shrub cover, which can be justified by the fact that, on one hand, woody plants are 

less common in dry conditions (Archer et al., 2017), but, on the other hand, shrubs grow poorly in 

extremely wet sites due to lack of oxygen (Nuss et al., 2007). This last fact might also explain why 

shrub cover is lower closer to the wetland regions of the park. Moreover, although the distance 

from watercourse lines and waterbodies in the park did not have a strong relationship with % shrub 

cover, shrub cover presence was higher when closer to these two hydrological features; leading us 

to believe that higher plant moisture availability around water sources has some relationship with 

the higher presence of shrubs in the park. 

 In addition, moisture availability may also be favoring specific shrub species over others 

that do not require the same amount of moisture to reproduce. For instance, western snowberry in 

Saskatchewan has been found to have lower density in areas with less water availability in 

comparison to sites with higher water availability (Köchy & Wilson, 2004). Our fieldwork in the 

park from the summer of 2020 showed that western snowberry was more dominant on flat and 

undulating topography, shrubby cinquefoil was equally dominant in various topographies, whereas 
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wolfwillow had a higher dominance on hilly sites. Moreover, we saw a distinct spike in shrub 

cover at around 200 m distance from watercourse lines. Remm (2016) found that shrubby 

cinquefoil did not appear within a 100 m radius from water in their study area. Shrubby cinquefoil 

made up the majority of the shrub cover in our field-obtained samples of 2020 in the West Block 

of CHIPP (around 71%). Therefore, this spike at 200 m could be due to an increase of shrubby 

cinquefoil presence further away from the watercourse lines. A larger sample size for each shrub 

species is necessary to draw specific conclusions about the speciesô behaviour in the park, as the 

previous results correspond to a total sample of 42 distributed sites. 

 We also saw a difference in species distribution along the elevation gradient. For example, 

64% and 75% of the field sites that were dominated by western snowberry and wolfwillow, 

respectively, occurred in the parkôs lowlands. On the other hand, 83% of the sites where shrubby 

cinquefoil was dominant occurred on upland regions in the park. The higher shrub cover observed 

on the upland regions of the park, largely described as ñFlat regionsò, might be related to the fact 

that there is a greater amount of precipitation of about 100 mm on the plateau in comparison to the 

base regions of the park (CHIPP, 2020). However, these higher elevation sites might drain water 

faster than lower elevation sites and receive more wind, making them more sensitive to water 

availability. Both local topographic and hydrological features can influence water availability for 

woody plant growth (Lopez et al., 2019). Additionally, in Cypress Hills, for every 100 m increase 

in elevation, the temperature decreases about 1°C (CHIPP, 2020). The upland ñFlat regionsò, 

which are approximately 200 m higher than the surrounding plains, create a colder and moister 

climate (Hegel et al., 2009). Even though ñDepressionalò and ñFlatò topography have comparable 

shrub cover presence (33.1% and 33.6%, respectively), the ñDepressionalò topography regions 

only cover about 0.1% of the total grassland area, while ñFlat regionsò cover 35.2%; therefore, the 

ñFlat regionsò on the plateau are a higher concern for shrub cover in the park. 

 It was found that most of the shrub cover in the park is located on North-facing slopes, and 

shrub cover was high on both steep (250 % - 280% rise) and mid-to-low (0% - 45% rise) slopes. 

Some studies have connected woody plant encroachment to steep slopes (Cuneo et al., 2009; 

Sanjuán et al., 2018), while others have found this phenomenon more prominent on mid-to-low 

slopes (Bragg & Hulbert, 1976; Gartzia et al., 2014). Indeed, differences in woody plant 

distribution can be sensitive to both aspect and slope (Kennedy, 1976). The cooler and moist 

conditions on North-facing slopes favor woody growth. However, when conditions are too shaded, 

North-facing slopes can limit woody growth due to temperature limitation (Chapter 2, (Soubry & 

Guo, 2022b)). These results seem to differ by woody plant species. The high shrub cover on steep 

slopes might also be connected to the fact that cattle cannot graze on those areas (Moss et al., 

2008). Future research could investigate species-specific shrub cover in the park and their relation 

to slope % rise. 

 The methodology from this research can be applied to other areas that undergo shrub 

encroachment. Moreover, the current results related to the topo-edaphic factors of shrub expansion 

in the park can be used to facilitate shrub management decisions. However, there are other factors 

that can be related to shrub encroachment, such as climatic and anthropogenic factors (Archer et 

al., 2017). To connect shrub encroachment with climatic factors, long term data are needed (at 

least 30 years). This is where the use of historical aerial images can be useful. In this research, 

shrub cover was mapped for 2018. Therefore, results from the analysis correspond to that one point 
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in time. Future research will include historical aerial imagery, to provide insight into where shrub 

expansion occurred. However, we acknowledge that it can be difficult to generate consistent shrub 

cover maps using historical imagery with an object-based approach since there are a number of 

parameters that can vary in image acquisition, such as seasonality, time of day, sensor type, and 

calibration (Warkentin et al., 2020). Lastly, it is important to see if anthropogenic actions in the 

park are more significant drivers of shrub encroachment than fixed topo-edaphic factors, or if it is 

a combination of both. This will also be included in our future investigation. The main 

anthropogenic features that are found in the park include seasonal domestic grazing, road networks 

and hiking trails, campgrounds, and haying practices (Government of Alberta, 2011). 

 Conclusions 

We successfully mapped shrub cover in the park using object-based classification (overall 

accuracy > 92%). Our results indicate that shrub cover is above the healthy grassland standards 

within the park. We further identified topo-edaphic variables that are connected to high shrub cover 

in the park. Our results suggested that shrub cover was at least partially explained by moisture 

availability. Landscape units with topographies and soil types related to higher moisture had higher 

shrub cover; and, shrub presence was higher close to watercourse lines and waterbodies. Moreover, 

uplands and West- and North-facing slopes, which are considered to have more moisture, also had 

higher shrub cover. These findings are in line with the habitat preferences of the particular shrub 

species in the park and with results from the literature. We believe these methods can be used to 

successfully map shrub cover and investigate its connection to topo-edaphic factors in other 

northern grassland regions. Future studies should also incorporate historical shrub mapping in 

combination with climatic and anthropogenic factors to get a holistic understanding of the drivers 

of shrub encroachment in each region. 
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6. Chapter 6 IDENTIFYING ANTHROPOGENIC AND FIXED DRIVERS 

OF SHRUB ENCROACHMENT: A CASE STUDY IN CYPRESS HILLS, 

CANADA  

 Preface 

This chapter presents the work that was done towards fulfilling Objective 2 ï To examine the 

patterns and trends of shrub encroachment. It includes modelling of anthropogenic and fixed 

factors related to shrub cover change. This is part of research that took place under project number 

LPU-003RE-202122 (óMonitoring of shrub component to support for ecosystem management in 

Saskatchewan Cypress Hills Interprovincial Parkô) for the Saskatchewan Ministry of Parks, 

Culture and Sport. It was supervised by Dr. Thuan Chu, with principal investigator Dr. Xulin Guo, 

and co-principal investigator myself. This research is has been submitted for publication as: 

Soubry, I., Robinov, L., Chu, T., Guo, X. (2022) Identifying anthropogenic and fixed drivers of 

shrub encroachment: A case study in Cypress Hills, Canada. GIScience & Remote Sensing 

Date of publication: submitted for revision since November of 2023 

Publisher: Elsevier 

The conceptualization of this research came from Dr. Thuan Chu and was further developed after 

discussion between Dr. Guo and myself. GIS data, aerial imagery, and historical park information 

were provided by the Saskatchewan Ministry of Parks, Culture and Sport, and field data were 

collected by Mr. Lampros Nikolaos Maros, Dr. Xulin Guo, Mr. Yunpei Lu, and myself. I 

developed the methodology, processed the data, and drafted the initial manuscript. Ms. Larissa 

Robinov helped with editing, structuring, and reviewing of the manuscripts. Dr. Xulin Guo and 

Dr. Thuan Chu supervised the research and facilitated final editing. This research was funded by 

the Ministry of Parks, Culture and Sports, and the Government of Saskatchewan. Thuan Chu, 

Senior Landscape Ecologist at the Ministry of Parks, Culture and Sports, Saskatchewan is one of 

the authors and funders of this study. 

Supplementary material to this paper is included in Appendix D. 

 Abstract 

Shrubs are naturally present in grasslands providing important ecosystem services, such as 

contributing to grassland biodiversity and richness, and carbon sequestration. However, when their 

cover surpasses a critical threshold, shrubs can alter the condition of the physical and biophysical 

environment of grasslands (e.g., biodiversity, productivity, structure and function, nutrient cycling, 

energy flow, and management). These changes have a number of negative implications, such as 

loss of grassland species and habitat, risk of high intensity fires, and loss of available forage for 

grazing. Shrub expansion into grasslands is a global issue and there is no solid conclusion for what 

is driving this phenomenon. This study aims to i) investigate anthropogenic factors that are 

connected to high shrub cover; and ii) apply a model that uses topo-edaphic and anthropogenic 

factors to define current drivers of shrub encroachment. It has been observed that shrub cover in 
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the West Block of the Saskatchewan Cypress Hills Interprovincial Park has significantly extended 

into the native fescue grassland. Within the park, anthropogenic factors, such as closeness to roads, 

medium-high grazing intensity, and absence of haying have been connected to higher shrub cover. 

When using topo-edaphic and anthropogenic variables in variations of generalized least squares 

models, it was found that closeness to waterbodies and roads, followed by distance from wetlands 

and watercourses, elevation, hayed areas, and specific soil moisture regimes have a significant 

relationship with shrub cover. Moreover, loam flat grasslands contribute to significantly higher 

shrub cover compared to areas of gravelly flat grassland. On the other hand, south and east aspects 

have significantly lower shrub cover. The topo-edaphic drivers were consistent with the literature 

and relate to the preferences of shrub presence and moisture, which is generated in the micro-

climate from soil type, topography, elevation, and aspect. These are usually stable factors. 

Contrarily, anthropogenic factors vary over time and have a significant influence on shrub cover 

in the park. This research can be the steppingstone for achieving long-term resilience and 

sustainability of native grassland species and their habitats by better understanding the interaction 

of local driving factors on shrub expansion. 

 Introduction  

The Northern Mixed Grasslands ecoregion covers approximately 270,000 km2, unfortunately more 

than 75% of it has been altered (Shay et al., 2019). Land conversion to agriculture is the main 

reason for this alteration (Hoekstra et al., 2005); while woody plant encroachment (WPE) has 

become the second most important process that leads to grassland loss in the Great Plains Biome 

(Working Lands for Wildlife, 2022). WPE is the increase in density, cover, and biomass of non-

native or native trees and shrubs into vegetation types where they were not previously found 

(Archer et al., 2017; Stevens et al., 2017; Van Auken, 2000). WPE changes biodiversity, leading 

to a decline in grassland habitat for plant and animal species (Parr et al., 2012), and has 

consequences for the food industry, the economy, and the environment (Chapter 2, (Soubry & 

Guo, 2022b)). It is estimated that WPE areas can only support a carrying capacity of about 25% 

of open grasslands (Moss et al., 2008), significantly reducing the available forage supply. 

Preserving existing grassland ecosystems is important for sustaining grassland health (Bengtsson 

et al., 2019; Veldman et al., 2015). 

Many of the drivers that facilitate woody plant growth in grasslands are not well 

understood. A variety of global and local environmental and anthropogenic drivers have been 

connected to WPE in grasslands (Chapter 2, (Soubry & Guo, 2022b)). However, there is no global 

consensus on predominant drivers since the leading factors of WPE change according to the 

landscape context and scale (Chapter 2, (Soubry & Guo, 2022b)). Therefore, it is important to 

consider the combined influence of local factors when interpreting WPE for a given region 

(Stevens et al., 2017). Environmental drivers can be broken down into climatic and topo-edaphic 

categories. Climatic drivers include increases in air temperature, changes in rainfall intensity 

(Cook et al., 2015), and changes to atmospheric concentrations of carbon dioxide (Bond & 

Midgley, 2012). Topo-edaphic factors relate to hydrology, soil, and topography (Archer et al., 

2017; Pracilio et al., 2006). Topo-edaphic factors mediate biochemical responses and nutrient 

availability, and they are therefore not necessarily direct drivers. It is common for woody plants to 

have patterned vegetation distributions. Typical examples of patterned vegetation are banded 
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(ñregularly spaced densely vegetated bands interspersed with bare or less densely vegetated 

areasò(Jean-Marc et al., 2001)) or discrete (organized spatial configurations of vegetative spots 

and bare soil gaps (Borgogno et al., 2009)) woody patches. Patterned vegetation has been attributed 

to the microclimatic effects that result from topo-edaphic variation (Tongway et al., 2001). For 

example, in swales and shallow slopes, runoff is more easily captured, and moisture is more 

available. North facing slopes (in the northern hemisphere) receive less sunlight and cooler 

temperatures than south-facing slopes and retain more moisture due to decreased 

evapotranspiration. Therefore, research has found varying woody plant cover across the landscape 

(Coop & Givnish, 2007; Kadmon & Harari-Kremer, 1992) since water and temperature are non-

uniformly distributed. Hence, topo-edaphic factors are important to consider when addressing 

WPE (Wu & Archer, 2005).  

Anthropogenic drivers of WPE usually refer to functional indicators connected to land use 

and vegetation management history. Land use examples include land abandonment (Gartzia et al., 

2014) or protection, while vegetation management examples include changes in grazing regimes 

(OôConnor, 2019) and changes in the frequency and intensity of fire occurrence (Lawley et al., 

2016; Roos et al., 2018). Land abandonment can increase woody plant propagule pressure in an 

area (Gartzia et al., 2014) while livestock overgrazing can remove the fine fire fuels. This means 

that the historical fire patterns that kept grasslands from transitioning to woodlands are interrupted, 

increasing woody plant presence on the landscape (Wilsey, 2018). 

Modelling can be used to combine, and assess, multiple driving factors to better understand 

which of those factors contribute more significantly to, in our case, woody plant presence on the 

landscape. Depending on the study area and scale examined, different factors prevail as being more 

important to WPE dynamics. Correlative models offer a user-friendly approach and are adapted to 

the study region and field data. They can include variables related to topo-edaphic and human 

influences. Correlative WPE modelling uses a variety of predictor variables to look at shrub 

presence in relation to, and between, each driver. Chiou et al. (2013) used climate, topography, 

land cover, and human influences as predictor variables to model the distribution of woody plants. 

Remm & Remm (2016; 2017) used land cover, soil type, elevation, human influences, and woody 

species presence to model the distribution of native shrubs. 

Nevertheless, data access, instead of biological importance, often leads to the selection of 

predictor variables (Sofaer et al., 2019). What each of these variables measure is also not always 

useful for the application under study. In many studies, fieldwork only offers a snapshot of existing 

vegetation cover or is, in some cases, not an option due to resource limitations. The use of remote 

sensing information in vegetation models helps overcome these barriers. This can add immense 

value in WPE research since it is necessary to have an accurate representation of existing woody 

cover in order to understand what drives its presence in local contexts. To accurately map WPE, a 

large set of woody presence and absence data that (ideally) spans over multiple years is needed 

(Bradley & Mustard, 2006). 

Recent research in the West Block of Cypress Hills Interprovincial Park (CHIPP) in 

Saskatchewan, Canada has predicted a slow increase in tree cover over the last 40 years in the park 

(~0.12% per year, or ~26 ha per year) (Robinov et al., 2021). On the other hand, a highly accurate 

map of shrub cover in the park was produced recently from aerial imagery and indicated that the 

average shrub cover is about 27% (1700 ha) in the grassland areas (Chapter 5, (Soubry et al., 
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2022)). This is above the healthy grassland standards (i.e., < 15%), and shows that shrub 

encroachment is an issue in the park (Government of Saskatchewan, 2008). The same study also 

made a connection between shrub cover and topo-edaphic factors in the park, such as topography, 

elevation, aspect, slope, soil texture, soil moisture, and waterbodies. There is a need to account for 

the complex relationship between human-caused disturbances and topo-edaphic factors when 

examining WPE (Gxasheka et al., 2023). Therefore, this study aims to i) investigate the 

anthropogenic factors that are connected to high shrub cover in the park; and ii) apply a model that 

integrates remote sensing data to define the current dominant anthropogenic and topo-edaphic 

shrub encroachment drivers in the park. 

 Study Area and Data 

6.4.1. Study Area 

Cypress Hills Interprovincial Park (49Á 40ô N, 110Á 15ô W) is a topographically heterogeneous 

forest-grassland mosaic ecosystem that is located higher than the surrounding rangelands and 

agricultural lands of Saskatchewan and Alberta in Canada (Figure 6-1). Our study area is the 

Saskatchewan West Block portion of the park, covering 138.19 km2. The annual mean temperature 

in Cypress Hills is 3.3°C with maximum temperatures in July (23.2°C), and minimum 

temperatures in January (-15°C) (Environment and Climate Change Canada, 2021). Annual mean 

precipitation is approximately 600 mm, and 42% of all precipitation comes from snowfall. June 

and July are the months with the greatest rainfall (103 mm and 60 mm, respectively) and the 

growing season starts in late April with average daily temperatures between 12 and 13°C 

(Coupland, 1961). 

This Cypress Upland ecoregion (Padbury & Acton, 1999) contains a mix of boreal and 

montane forest as well as prairie grassland elements (Sauchyn, 1990). Grassland types include (1) 

rough fescue (Festuca campestris Rydb.)-dominated grasslands on Black Chernozemic and Dark 

Gray Luvisolic soils, typically found on the upper slopes and plateaus, making up approximately 

40% of the park, and (2) mixed-grass prairie (i.e., Hesperostipa spp., Bouteloua gracillis (Willd. 

ex Kunth) Lag. ex Griffiths, Koeleria macrantha (Ledeb.) Schult., and Elymus lanceolatus (Scribn. 

& J.G. Sm.) Gould), most common on the drier slopes and lower elevations where Dark Brown 

Chernozemic soils occur (Government of Alberta, 2011; Padbury & Acton, 1999; Sauchyn, 1990). 

Other dominant species are oatgrass (Danthonia spp.), and sedges (Carex spp.). The main shrub 

species in the park are shrubby cinquefoil (Dasiphora  fruticosa (L.) Rydb.), western snowberry 

(Symphoricarpos occidentalis Hook.) and wolf willow, also known as silverberry (Elaeagnus 

commutata Bernh. ex Rydb.) (based on fieldwork in 2020). All three shrub species are native to 

the park and unpalatable to livestock. For the West Block, almost all sites are classified as Loamy 

Black Chernozemic soil with about 25% of the northeast section being a Dark Brown Chernozemic 

soil zone (Godwin & Thorpe, 1994). 

 Cypress Hills was inhabited by the Native Plains people about 8500 years ago up until 

approximately 1880s (Daschuk, 2013). During winter, bison and elk retreated to the forests of the 

Cypress Hills and native people followed them as these provided food and materials to survive 

(Alberta Parks, 2017). Before 1900, domestic cattle and horses grazed year-round on the plateau. 

Structured domestic grazing practices were established in 1910. The Cypress Hills Stockmen 
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Association was established in the West Block around that time and continues to receive grazing 

permits, currently utilizing the park from May 24th to September 15th (personal communication 

with Mrs. Melody Nagel-Hisey - Park Manager). Bison were extirpated from the region by the 

1880s but in 1938 elk were re-introduced, and in 1956 moose were introduced (CHIPP, 2020). 

Fire suppression efforts have limited fire on the landscape with the last major fires in the study 

area occurring in 1885 and 1889 (Alberta Parks, 2017). 

 

Figure 6-1 a) West Block of Cypress Hills Interprovincial Park (CHIPP) within the provincial boundaries 

of Saskatchewan (SK), Canada, b) West Block of CHIPP in SK overlaid on the 8-bit mosaicked aerial 

image of 17 October 2018, c) Soil types in the West Block of CHIPP in SK. Source of Canadian 

Provincial Boundaries: Statistics Canada (Open-Government LicenseðCanada) (Statistics Canada, 

2020), source of aerial image, CHIPP boundary layer and soil types: Ministry of Parks, Culture, and 

Sports, Government of Saskatchewan. 

6.4.2. Data 

Data related to shrub presence, and all GIS (Geographic Information Systems) layers related to 

topo-edaphic and anthropogenic variables, were provided by the Ministry of Parks, Culture and 

Sports, Saskatchewan, Canada (Table 6-1). Data related to grazing were obtained through 

fieldwork at the West Block of CHIPP during the summer of 2020. The shrub cover layer was 

provided at 30 cm spatial resolution and was created from an object-based classification of aerial 

images obtained in 2018 (overall accuracy between 92% and 95% compared to visual estimations 

of shrub presence). A detailed description of these methods can be found in Soubry et al. (2022) 

(Chapter 5). 
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Table 6-1 Data used (more details related to the topo-edaphic variables are included in Soubry et al. 

(2022)) 

Category Variable Details Data type Source 

Topo-edaphic 

 

 

 

Landscape 

Unit 

Combination of Rangeland 

Ecosite & Topography class 

Categorical 

2018 CHIPP 

Forest 

Inventory 
Rangeland 

Ecosite 

Defined from topography, soil 

texture, moisture regime, 

salinity 

Categorical 

Elevation Upland & Lowland (above and 

below average elevation) 

Categorical SK Geospatial 

Imagery 

Collaborative 

(SGIC) 

Full range (15 m resolution) Continuous 

Aspect 4 compass directions Categorical Derived from 

SGIC Digital 

Elevation 

Model (DEM) 

Slope Classes of 10% slope rise Categorical 

Full range Continuous 

Topography Depressional, Flat, Gully, 

Hilly, Steep, and Undulating 

Categorical 2018 CHIPP 

Forest 

Inventory Soil Moisture 

Regime 

(SMR) 

Based on moisture availability 

for vegetation growth (based 

on SK Forest Vegetation 

Inventory) 

Categorical 

Distance 

from 

watercourse 

lines 

Euclidean distance, 15 m 

spatial resolution (Part of the 

ñLakes, Rivers and Glaciers in 

Canada-CanVec Series-

Hydrographic Featuresò) 

Continuous Government 

of Canada 

Distance 

from 

wetlands 

Euclidean distance, 15 m 

spatial resolution (Digitized by 

Geomatics Canada) 

Continuous National 

Topographic 

Data Base 

Distance 

from 

waterbodies 

Euclidean distance (15 m 

spatial resolution) 

Continuous Ministry of 

Parks, Culture 

and Sport 

(Saskatchewa

n, Canada) 

Anthropogenic Grazing 

Total number of grazer and 

browser scat per field transect 

Continuous 2020 

Fieldwork 

conducted by 

Ms. Larissa 

Robinov in 

CHIPP 

Number of grazing/browsing 

scat by species (cattle, deer, 

elk) 

Continuous 

Total number of cattle scat per 

field plot 

Continuous 2020 

Fieldwork 

conducted by 

Mrs. Irini 

Soubry in 

CHIPP 



 

122 

 

Category Variable Details Data type Source 

Park Managersô perception on 

grazing intensity (Low, Low-

Medium, Medium, Medium-

High, High) 

Categorical Spatial layer 

defined by 

Ms. Larissa 

Robinov from 

interview with 

Mrs. Melody 

Nagel-Hisey 

and Mr. Kevin 

Redden (Park 

Managers) 

Distance 

from roads 

Total road network  Continuous Provided by 

Ministry of 

Parks, Culture 

& Sports ï 

reviewed by 

Mrs. Melody 

Nagel-Hisey 

Haying 

impact 

Haying frequency Categorical 

Years since last hay Continuous 

Hayed vs. Non hayed areas Categorical 

 Shrub cover Shrub presence of study area 

in 2018 at 30 cm spatial 

resolution  

Continuous Soubry et al. 

(Soubry et al., 

2022) and 

Ministry of 

Parks, Culture 

& Sports 
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 Methods 

Figure 6-2 gives an overview of the methods used to accomplish each study objective. 

 

Figure 6-2 Methods flowchart (SMR: Soil Moisture Regime, Dist.: Distance, GLS: Generalized Least 

Squares). 

6.5.1. Examining Relationships between Shrub Cover and Anthropogenic Variables 

Anthropogenic variables included distance from the roads, grazing, and haying (Table 6-1). For 

each of these variables' classes, we calculated the shrub cover in the park. Since the shrub cover 

layer only represents grassland areas in the park, all layers were clipped to the parkôs grasslands 

and the rest of the land cover types (e.g., forest, wetlands) were masked out. 

6.5.2. Anthropogenic Variables 

Distance from roads. Shrub cover in relation to their distance from the road network in the park 

was examined as a proxy of human-related impact on shrub encroachment. The road network is a 

combination of the existing linear disturbances in the park, including highways, gravel roads, and 

hiking trails. We calculated the Euclidean distance from the road network and produced a 15 m 

raster that included the distance value from the road in each pixel (Figure D-1). 

Grazing. Several variables were used to assess the impact of grazing on shrub cover in the park's 

grassland areas. These included i) scat observed as proxies for grazing/browsing intensity in 1x50 
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m band transects from fieldwork in 2020 (Robinov et al., 2021), ii) scat as a proxy for cattle grazing 

in 30x30 m transects from fieldwork in 2020, and iii) grazing intensity, as perceived by the Park 

Managers.  

i) Detailed information on the grazer/browser scat field data collection can be found in (Robinov 

et al., 2021). The number of scat/50m2 were transformed to hectare. 

ii) Cattle scat numbers were counted during the summer of 2020 across 41 field plots of 30 x 30 

m (separated by Landscape Unit). Each plot had five quadrats of 1x1 m (Figure D-2).  

iii) Historical grazing data can supplement and verify what was observed in the results from above 

sections i) and ii) which reflect more current (last 1-3 years) cattle presence. Three distinct levels 

of grazing intensity (Low, Medium, and High) were defined (Table 6-2) (Guo & Soubry, 2022; 

Robinov & Gross, 2022), and then further separated into five levels (i.e., Low, Low-Medium, 

Medium, Medium-High, High). Levels were further broken down into five levels due to the nature 

of the available data. To capture historical levels of grazing in the park, local experts who were 

well versed with the history of the parkôs range management (the Park Managers) were consulted 

to map common grazing areas and identify the associated grazing intensity. Grassland zones with 

estimated grazing intensity were then manually digitized (Figure D-3). Qualitative data can be 

less accurate than quantitative measurements and should be interpreted with caution. However, it 

is still worth including qualitative grazing data, given its relevancy to WPE. 

Table 6-2 Definitions of grazing intensity classes in CHIPP (Guo & Soubry, 2022; Robinov & Gross, 

2022) 

Grazing 

Intensity 

Definition 

Low Areas of little-to-no grazing pressure where cows are rarely, if ever, found to 

be grazing 

Medium Areas where cows can be found during the grazing season (<50% of the time) 

but where overgrazing and erosion are not considered a severe problem at 

those sites 

High Areas with overgrazing traits, such as bare and exposed soil, degraded 

grassland communities, and areas where cows can be found for Ó 50% of the 

grazing season. 

Haying. Haying permit areas were digitized based on a map provided by the park manager. 

Additional data related to the haying year and haying permit holders for different areas within the 

park were also provided. Based on this information we were able to extract i) haying frequency27 

and ii) years since last haying practice for each area. We could then look at their relationship with 

shrub cover. Lastly, we examined the overall differences in shrub cover between the hayed and 

non-hayed areas of the park (Figure D-4).  

 

27 How many times an area was hayed in total. For example, when hayed only in 2002 (frequency=1), or if hayed in 2002, 2009, 

and 2015 (frequency=3). 
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6.5.3. Application of GLS Models to Understand Current Dominant Shrub 

Encroachment Drivers 

6.5.3.1. Data pre-processing  

We pre-processed 21 potential shrub encroachment driver variables available for the park with 

GIS software (ArcMap 10.6.1) (Table 5-3) so that the values of each variable corresponded to 

shrub cover in a 15 x15 m grid cell. These dimensions were defined due to the spatial resolution 

of the DEM obtained from SGIC. When a subcategory of the categorical data fell between grid 

cells, we used the value that corresponded to the majority area. We matched the 30 x 30 m grazing 

scat field data with the shrub cover of the grid cell that corresponded to the central coordinate of 

the 30 x 30 m plot. Many variables do not cover the entire park and therefore have missing values. 

Table 6-3 Variables used to model their relationship to 2018 shrub cover in the park. 

# Category Variable Name Type Scale Need pre-

processing 

Missing 

values 

1 

Fixed 

Landscape Unit Categorical N/A Yes No 

2 Rangeland Ecosite Categorical N/A Yes No 

3 Elevation Categorical N/A Yes No 

4 Elevation Continuous 15x15m No No 

5 Aspect Categorical N/A Yes No 

6 Slope Categorical N/A Yes No 

7 Slope Continuous 15x15m No No 

8 Topography Categorical N/A Yes No 

9  Soil Moisture 

Regime 

Categorical N/A Yes No 

10  Distance to wetlands Continuous 15x15m No Yes 

11  Distance to 

waterbodies 

Continuous 15x15m No Yes 

12  Distance to 

watercourse lines 

Continuous 15x15m No No 

13 

Anthropogenic 

Total grazing scat  Continuous 1x50m Yes Yes 

14 Cattle grazing scat  Continuous 1x50m Yes Yes 

15 Deer grazing scat  Continuous 1x50m Yes Yes 

16 Cattle grazing scat Continuous 30x30m Yes Yes 

17 Grazing intensity 

perceived by park 

managers 

Categorical N/A Yes No 

18 Distance to roads Continuous 15x15m No Yes 

19 Haying frequency Categorical N/A Yes Yes 

20 Years since last hay Continuous N/A Yes Yes 

21 Hayed and non-

hayed areas 

Categorical N/A Yes No 
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6.5.3.2. Model Development  

To examine the combined relationship between the variables of Table 6-3 and shrub cover in the 

park, we developed multiple models (Table 6-4). Because available data did not always cover the 

same areas and many variables had missing values, for each of these models, the independent 

variables were selected based on spatial co-occurrence. Therefore, sample size varies from model 

to model. Initially we tried to use a MARS (Multivariate Adaptive Regression Splines) model for 

our purpose due to the many benefits it offers (i.e. non-linear, allows for combination of continuous 

and categorical data, can look at interaction effects between factors, does not require 

standardization of features, etc.) (Friedman, 1991). However, we encountered issues with the 

stability of the model when using different splits of training and testing data even when reducing 

the complexity of the model. Moreover, model validation was computationally too hard. We 

therefore decided to use a simple linear model that is easy to run and interpret. The generalized 

least squares (GLS) regression is a suitable candidate as it is suitable to use when you have a 

continuous response variable (% shrub cover), and both continuous and categorical predictors. It 

is also more flexible than the ordinary least squares (OLS) regression since it allows for 

heteroscedasticity and autocorrelation in the error structure. Before running the GLS models, we 

explored the correlations between the continuous variables to eliminate the possibility of 

multicollinearity. No significant correlations between variables were found. We also standardized 

our variables before running the models so that we could rank the model coefficients by 

importance. Rstudio (RStudio Team, 2021) was used to develop the scripts, employing the ñnlmeò 

package with the gls() function (Pinheiro et al., 2013) to run the models. Once the models were 

raun, we accounted for spatial autocorrelation in the model residuals (see Section 6.5.3.3). 

Table 6-4 Models used to examine the combined relationship between independent topo-edaphic and 

anthropogenic variables and shrub cover in the park (RSA-Residual Spatial Autocorrelation, see Section 

6.5.3.3). 

Model Type Independent variables used Selected 

spatial 

structure 

accounting for 

RSA 

Sample 

size 

1a 

Topo-edaphic 

Elevation, Slope Rise, Topography, 

Range Ecosite, Aspect, Landscape Unit, 

Soil Moisture Regime, Distance from 

watercourse lines, Distance from 

waterbodies 

Rational 

Quadratic 
10,000 

1b Elevation Categorical, Slope Rise 

Categorical, Topography, Range 

Ecosite, Aspect, Landscape Unit, Soil 

Moisture Regime, Distance from 

watercourse lines, Distance from 

waterbodies 

Rational 

Quadratic 
10,000 

1c Elevation, Slope Rise, Topography, 

Range Ecosite, Aspect, Landscape Unit, 

Soil Moisture Regime, Distance from 

Rational 

Quadratic  

9,016 
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Model Type Independent variables used Selected 

spatial 

structure 

accounting for 

RSA 

Sample 

size 

watercourse lines, Distance from 

waterbodies, Distance from wetlands 

1d  Elevation Categorical, Topography, 

Range Ecosite, Aspect, Landscape Unit, 

Soil Moisture Regime, Distance from 

watercourse lines, Distance from 

waterbodies, Distance from wetlands 

Rational 

Quadratic 

9,016 

2a 

Anthropogenic 

Road Distance, Grazing Intensity, 

Haying Frequency, Years Since Last 

Hay 

Exponential 845 

2b Road Distance, Grazing Intensity, 

Hayed 

Linear 1,000 

2c Road distance, Total Grazing Scat 

(1x50 m), Cattle Grazing Scat (1x50 m) 

Gaussian 44 

2d Road Distance, Number of Cattle Scat 

(30x30 m) 

Gaussian 44 

3a1 

Mixed 

Elevation, Slope Rise, Road Distance, 

Topography, Range Ecosite, Aspect, 

Grazing Intensity, Landscape Unit, 

Haying Frequency, Years Since Last 

Hay, Distance from watercourse lines, 

Distance from waterbodies 

Exponential 412 

3a2 Elevation, Slope Rise, Road Distance, 

Range Ecosite, Aspect, Landscape Unit, 

Haying Frequency, Years Since Last 

Hay, Distance from watercourse lines, 

Distance from waterbodies, Distance 

from wetlands 

Gaussian 170 

3b1 Elevation, Slope Rise, Road Distance, 

Topography, Range Ecosite, Aspect, 

Grazing Intensity, Landscape Unit, 

Hayed, Soil Moisture Regime, Distance 

from watercourse lines, Distance from 

waterbodies 

Rational 

Quadratic 
2,684 

3b2 Elevation, Slope Rise, Road Distance, 

Topography, Range Ecosite, Aspect, 

Landscape Unit, Hayed, Soil Moisture 

Regime, Distance from watercourse 

lines, Distance from waterbodies, 

Distance from wetlands 

Rational 

Quadratic 

9,016 

3c Elevation, Slope Rise, Road Distance, 

Topography, Range Ecosite, Aspect, 

Total Grazing Scat (1x50 m), Cattle 

Exponential 32 
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Model Type Independent variables used Selected 

spatial 

structure 

accounting for 

RSA 

Sample 

size 

Grazing Scat (1x50 m), Soil Moisture 

Regime, Distance from watercourse 

lines, Distance from waterbodies 

3d Elevation, Slope Rise, Road Distance, 

Topography, Range Ecosite, Aspect, 

Number of Cattle scat (30x30 m), Soil 

Moisture Regime, Distance from 

watercourse lines 

Gaussian 39 

6.5.3.3. Accounting for Spatial Autocorrelation in Model Residuals  

Spatial autocorrelation is a natural phenomenon in ecological variables that cover large spatial 

scales, which makes data points that are close to each other more similar than those farther away. 

This type of autocorrelation is not an issue. The residual spatial autocorrelation (RSA), which is 

the autocorrelation of the residuals between model predictions and the data, is the problem that 

needs to be corrected. RSA violates the independence assumption of our statistical model and can 

lead to incorrect coefficient estimates (Kühn & Dormann, 2012). We first checked for RSA by 

calculating the Global Moranôs I Index developed by Moran (Moran, 1950). Its value ranges from 

-1 to 1. Values significantly below -1/(N-1) indicate negative spatial autocorrelation and values 

significantly above -1/(N-1) indicate positive spatial autocorrelation (where N equals the sample 

size). We calculated Global Moranôs I Index on the residuals of each model with ArcMap, using 

the ñSpatial Autocorrelation Toolò. All models had RSA and needed to be corrected; so, we added 

spatial terms to the models in the form of a spatial correlation structure of the X and Y coordinates 

of each 15x15 m grid cell using the approach followed by Shaikh et al. (2021) with the gls() 

function in R. We applied five different spatial autocorrelation structures (exponential, Gaussian, 

spherical, linear, and rational quadratic). We selected the best spatial autocorrelation structure 

based on the lowest Akaike Information Criterion (AIC) for each model. AIC, developed by 

Akaike (1973), provides a means of model selection, as it is an estimator of the prediction error. 

Lastly, we checked the variograms of the residuals before and after accounting for RSA, as well 

as the variogram of the normalized residuals to make sure that there is no spatial pattern present 

(e.g., Figure D-5 for Model 3a1). 

 Results 

6.6.1. Shrub Cover by Anthropogenic Variables 

Distance from roads. We found that shrub cover is higher (around 30 %) closer to roads, and shrub 

cover declines as we move away from the roads (10% shrub cover at 4 km away from roads) 

(Graph D-1). Some outliers are present, suggesting there may be other factors that influence shrub 

cover. However, this relationship is strong, with an r2 of 0.42 and a significant p-value at the 99% 
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confidence level. In addition, more than half of the total shrub cover observations (52.7%) are 

found within 500 m of roads, beyond which shrub cover declines (Graph D-2, Figure D-1). 

Grazing. i) total grazing scat (1 x 50 m): Cattle represented most scat counts (67%), followed by 

deer (30%) and elk (3%). A very weak non-significant linear relationship can be found, where 

shrub cover increases as the number of total scat per ha increases (Graph D-3). When separating 

the total number of scat by species, only cattle presence relates to increasing shrub cover (Graph 

D-4a), whereas both deer and elk presence do not seem to have a relationship with shrub cover 

(Graphs D-4b, c). However, the relationship in Graph D-4a is not significant. ii) cattle grazing 

scat (30 x 30 m): No clear relationship between shrub cover and number of cattle scat was found 

(Graph D-5a, b). iii) grazing intensity perceived by the Park Managers: Most grassland areas in 

the park have medium (47.2%) and high (35.7%) grazing intensity (Graph D-6b). The highest 

shrub cover was found in areas of medium-high grazing intensity (45.5%), followed by high 

grazing intensity (37.8%) (Graph D-6a). Only grazing intensity as perceived by the Park 

Managers showed a potential relationship between grazing intensity and shrub cover. 

Haying. Some areas that were hayed only once had higher shrub cover (above 30%) compared to 

the areas that were hayed two or three times (Graph D-7a). The total shrub cover in the hayed 

areas was almost half (14.8%) the shrub cover of non-hayed areas (27.7%). Furthermore, we see a 

slight increase in shrub cover as more years go by since the last haying event (Graph D-7b). 

However, this relationship is statistically non-significant. 

6.6.2. Current Dominant Shrub Encroachment Drivers in CHIPP as Identified by 

GLS Models 

The statistically significant results of each GLS model run are detailed below and presented in 

Table 6-5. 

Topo-edaphic Models (Model 1a, b, c, d): The distance from hydrological features significantly28 

affects shrub cover. Shrub cover is higher closer to waterbodies and lower when closer to wetlands 

and watercourse lines. Moreover, Fresh, Moderately Moist and Very Fresh soil moisture regimes 

result in significantly28 higher shrub cover compared to a Dry soil moisture regime. In addition, 

Loam Flat landscapes are significantly28 more susceptible to shrub cover than Gravelly Flat ones, 

as are areas of higher elevation. Less significant29, but also important to mention, is the fact that 

east and south-facing slopes have less shrub cover compared to flat ones. 

Anthropogenic Models (Model 2a, b, c, and d): Some Haying and Grazing intensity categories 

have a significant relationship with shrub cover. Low-Medium grazing intensity contributes to 

significantly lower shrub cover than High grazing intensity sites. In addition, hayed areas showed 

much lower shrub cover than non-hayed areas. 

Mixed Models (Model 3a1, a2, b1, b2, c and d): For these models, similarly, we see that shrub 

cover is significantly28 higher closer to waterbodies, and lower closer to wetlands and 

 

28 at the 99% confidence level 
29 at the 95% confidence level 
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watercourses; also, higher elevation regions have higher shrub cover than lower ones. In addition, 

Moist, Fresh, Moderately Moist and Very Fresh soil moisture regimes result in significantly28 

higher shrub cover compared to a Dry soil moisture regime. Moreover, we see that shrub cover is 

higher as slope rises, and we see significantly28 higher shrub cover in Loam Flat landscape units 

compared to Gravelly Flat ones. As for the anthropogenic factors, again, hayed areas have 

significantly28 lower shrub cover than areas that are not hayed; while shrub cover is also 

significantly28 higher closer to roads. At the less significant confidence interval29, we see that east, 

south and west-facing slopes have less shrub cover compared to flat ones, and that Loam, Gravelly, 

Thin, and Overflow Steep landscape units are significantly29 more susceptible to shrub cover than 

Gravelly Flat ones, while Gravelly Gully ones are significantly29 less susceptible. 

Overall, Model 3b2, which combines topo-edaphic and anthropogenic variables, produced the best 

model fit30, followed by model 1d, which uses topo-edaphic variables (Table 6-5). Therefore, we 

present the coefficients and p-values for all statistically significant variables of Model 3b2 in Table 

6-5, and for all other models in Tables D1 to D10. 

 

28 at the 99% confidence level 
29 at the 95% confidence level 

30 based on the values of the residual standard errors, AIC, Bayesian Information Criterion (BIC), and prediction error rate 
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Table 6-5 GLS Model results (RSE=Residual Standard Error, AIC=Akaike Information Criterion, BIC=Bayesian Information Criterion, (+) 

=statistically significant positive relationship with shrub cover, (-) =statistically significant negative relationship with shrub cover) 

Type Model Statistically important variables RSE AIC  BIC Coefficient 

of variation 

Topo-edaphic 

  

1a Elevation (+), Steep topography (+) compared to 

Depressional, Gravelly Steep (-) landscape unit 

compared to Gravelly Flat, Loam Steep (-) landscape 

unit compared to Gravelly Flat, Overflow Steep (-) 

landscape unit compared to Gravelly Flat, Fresh (+) soil 

moisture regime compared to Dry, Very Fresh (+) soil 

moisture regime compared to Dry 

0.21 -353.76 -143.84 0.83 

1b Upland elevation (+) compared to Lowland, Fresh (+) 

soil moisture regime compared to Dry 

0.22 36.39 191.36 0.90 

1c 1)1 Waterbody distance (-), 2) Wetland distance (+), 3) 

Watercourse distance (+), 4) Elevation (+), Loam (+) 

rangeland ecosite compared to Gravelly, East (-) aspect 

compared to Flat, South (-) aspect compared to Flat, 

Gravelly Gully (-) landscape unit compared to Gravelly 

Flat, Loam Flat (+) landscape unit compared to Gravelly 

Flat, Loam Steep (+) compared to Gravelly Flat, Fresh 

(+) soil moisture regime compared to Dry, Moist (+) soil 

moisture regime compared to Dry, Moderately Fresh (+) 

soil moisture regime compared to Dry, Moderately 

Moist (+) soil moisture regime compared to Dry, Very 

Fresh (+) soil moisture regime compared to Dry 

0.17 -7537.54 -7217.94 0.55 

1d 1) Wetland distance (+), 2) Waterbody distance (-), 3) 

Watercourse distance (+), Loam (+) rangeland ecosite 

compared to Gravelly, East (-) aspect compared to Flat, 

South (-) aspect compared to Flat, Gravelly Gully (-) 

landscape unit compared to Gravelly Flat, Loam Flat (+) 

landscape unit compared to Gravelly Flat, Loam Steep 

(+) compared to Gravelly Flat, Fresh (+) soil moisture 

regime compared to Dry, Moist (+) soil moisture regime 

compared to Dry, Moderately Fresh (+) soil moisture 

regime compared to Dry, Moderately Moist (+) soil 

0.17 -7546.74 -7234.24 0.55 
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Type Model Statistically important variables RSE AIC  BIC Coefficient 

of variation 

moisture regime compared to Dry, Very Fresh (+) soil 

moisture regime compared to Dry 

Anthropogenic 

2a None 0.15 -1537.71 -1495.12 1.15 

2b Low-Medium grazing (-) compared to High grazing 

intensity, Hayed (-) compared to non-hayed 

0.22 -388.57 -344.45 0.91 

2c None 0.20 10.96 22.79 0.81 

2d None 0.20 3.13 13.41 0.79 

Mixed 

3a1 1) Slope rise (+), 2) Distance from waterbodies (-), 3) 

Years since last hay (-), Loam Flat (-) landscape unit 

compared to Gravelly Flat, Hayed 3 times (-) compared 

to 0 

0.14 -509.62 -426.12 1.08 

3a2 1) Elevation (+), 2) Years since last hay (+), 3) Distance 

from wetlands (-), 4) Distance from roads (-), West (-) 

aspect compared to Flat 

0.09 -392.02 -340.18 0.76 

3b1 1) Elevation (+), 2) Distance from roads (+), 3) Slope 

rise (+), 4) Distance from watercourses (-), Steep (-) 

topography compared to Flat, Thin (-) rangeland ecosite 

compared to Gravelly, West (+) aspect compared to 

Flat, Low Medium (-) grazing intensity compared to 

High, Gravelly Steep (+) landscape unit compared to 

Gravelly Flat, Thin Steep (+) landscape unit compared 

to Gravelly Flat, Hayed (-) compared to non-hayed, 

Fresh (+) soil moisture regime compared to Dry 

0.18 -1616.56 -1381.31 0.78 

3b2 1) Distance from waterbodies (-), 2) Distance from 

wetlands (+), 3) Distance from roads (-), 4) Elevation 

(+), 5) Distance from watercourses (+), Loam (+) 

rangeland ecosite compared to Gravelly, East (-) aspect 

compared to Flat, South (-) aspect compared to Flat, 

Gravelly Gully (-) landscape unit compared to Gravelly 

Flat, Loam Flat (+) landscape unit compared to Gravelly 

Flat, Loam Steep (+) landscape unit compared to 

Gravelly Flat, Overflow Flat (+) landscape unit 

compared to Gravelly Flat, Overflow Steep (+) 

0.17 -7573.67 -7239.88 0.55 
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Type Model Statistically important variables RSE AIC  BIC Coefficient 

of variation 

landscape unit compared to Gravelly Flat, Thin Steep 

(+) landscape unit compared to Gravelly Flat, Hayed (-) 

compared to non-hayed, Fresh (+) soil moisture regime 

compared to Dry, Moist (+) soil moisture regime 

compared to Dry, Moderately Fresh (+) soil moisture 

regime compared to Dry, Moderately Moist (+) soil 

moisture regime compared to Dry, Very Fresh (+) soil 

moisture regime compared to Dry 

3c Slope rise (+) 0.18 53.79 68.47 0.77 

3d Loam (+) rangeland ecosite compared to Gravelly 0.25 71.67 93.58 0.86 
1order of relative importance for continuous variables 
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Table 6-6 Statistically significant topo-edaphic and anthropogenic variables in top performing model 

(3b2) connected to the drivers of shrub encroachment. 

Variable Significance1 Type Coefficient 

value 

Std. 

Error  

p-value 

Hayed (compared to non-hayed) ***  Categorical -0.116 0.019 <0.01 

Distance from waterbodies ***  Continuous -0.085 0.007 <0.01 

Distance from roads ***  Continuous -0.040 0.010 <0.01 

Distance from wetlands ***  Continuous 0.069 0.006 <0.01 

Elevation ***  Continuous 0.036 0.012 <0.01 

Distance from watercourses ***  Continuous 0.030 0.006 <0.01 

Moist soil moisture regime 

(compared to Dry) 

***  Categorical 0.228 0.049 <0.01 

Fresh soil moisture regime 

(compared to Dry) 

***  Categorical 0.179 0.033 <0.01 

Very Fresh soil moisture regime 

(compared to Dry) 

***  Categorical 0.169 0.034 <0.01 

Moderately Moist soil moisture 

regime (compared to Dry) 

***  Categorical 0.131 0.041 <0.01 

Loam Flat landscape unit 

(compared to Gravelly Flat) 

***  Categorical 0.084 0.016 <0.01 

Moderately Fresh soil moisture 

regime (compared to Dry) 

**  Categorical 0.075 0.033 0.023 

Loam Steep landscape unit 

(compared to Gravelly Flat) 

**  Categorical 0.606 0.289 0.036 

South aspect (compared to Flat) **  Categorical -0.071 0.033 0.028 

East aspect (compared to Flat) **  Categorical -0.067 0.033 0.043 

Gravelly Gully landscape unit 

(compared to Gravelly Flat) 

**  Categorical -0.377 0.187 0.043 

Overflow Steep landscape unit 

(compared to Gravelly Flat) 

*  Categorical 0.438 0.246 0.075 

Thin Steep landscape unit 

(compared to Gravelly Flat) 

*  Categorical 0.426 0.245 0.082 

Overflow Flat landscape unit 

(compared to Gravelly Flat) 

*  Categorical 0.102 0.060 0.086 

Loam rangeland ecosite (compared 

to Gravelly) 

*  Categorical 0.028 0.015 0.060 

1 *  for p-value between 0.05-0.1, ** for p-value between 0.01-0.05, *** for p-value <0.01 

 Discussion 

6.7.1. Shrub Cover by Anthropogenic Variables 

Shrub cover was higher close to roads, similar to the results of other WPE studies (Ghersa et 

al., 2002; Zalba & Villamil, 2002). This indicates that control of shrub cover close to roads 

(e.g., 500 m up to 1 km away) is important. Shrubby cinquefoil seeds are primarily dispersed 

by wind, however in inundated sites, shrubby cinquefoil can effectively reproduce vegetatively 

as well (Elkington & Woodell, 1963). Wolf willow usually spreads rapidly through 

underground rhizomes (Chai et al., 2013), and the same holds for western snowberry (Scott, 
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2007). Therefore, dispersal of these three species is not limited to seeds. However, propagules 

trapped in vehicle tires are another known method for unintended vegetation distribution and 

may therefore be contributing to the spread of shrubs throughout the park (Rew et al., 2018). 

The seeds of wolf willow and snowberry are relatively large; nevertheless, seed size does not 

seem to be an eliminating factor for seed dispersal by vehicles (Rew et al., 2018). 

Shrub cover was lower in sites that experienced high intensity grazing by cattle 

compared to sites that experienced medium-high intensity grazing. Cattle can facilitate shrub 

expansion when they preferentially graze on grasses and disperse shrub seeds, and they can 

also hinder it through trampling (Robinov, 2021). The compacted soil and potential trampling 

effects in overgrazed areas might be one explanation for the lower shrub cover in the high 

intensity grazed sites. However, there remains controversy around this topic, with studies 

suggesting that grazing hinders (Bogunovic et al., 2019; Komac et al., 2013; Sanjuán et al., 

2018) or facilitates shrub encroachment (Komac et al., 2013; Wang et al., 2019), and others 

stating a neutral relationship (Ma et al., 2019). We should state that the data related to grazing 

management practices used in this study are qualitative (i.e., based on interviews from people 

with local experience). A larger sample size of quantitative measurements that provide a direct 

connection to grazing presence would be more appropriate. Also, worth mentioning is the fact 

that areas identified as ñHigh grazing intensityò might have more access to water and springs 

and therefore grow grasses that are preferred by cattle. One example is the low elevation 

grassland area close to Adams Lake, which is heavily grazed (personal communication with 

Mrs. Melody Nagel-Hisey ï Park Manager). The presence of water might also contribute to 

higher shrub presence due to higher soil moisture (Harrington, 1991). That is something that 

we see in park areas close to waterbodies as well as for areas of Moist and Fresh soil moisture 

regimes (see topo-edaphic and mixed model results, Section 6.6.2). Future research could use 

such data and exclude locations close to water to derive solid conclusions related to the effects 

of grazing on shrub cover. Nevertheless, grazing on its own is not the sole human driver that 

explains WPE patterns, it is rather a combination of land uses (Komac et al., 2013). 

Lastly, it was found that hayed areas had almost half the amount of shrub cover 

compared to non-hayed areas. Therefore, haying, and repetitive haying seem to effectively 

control shrub cover. It has been found that shrubs that are frequently damaged by haying will 

expand more slowly (Moss et al., 2008). However, one of the risks of haying is that equipment 

may cut too close to the ground, exposing bare ground and facilitating the expansion of 

surrounding invasive species. Moreover, after the mechanical removal of shrubs in an area, it 

is expected that livestock utilization increases in those areas (Moss et al., 2008). Nevertheless, 

for this park specifically, the grasses that will grow on hayed areas might still be less palatable 

to cattle than those that are close to water sources, making it harder to attract cattle to hayed 

areas (personal communication with Mrs. Melody Nagel-Hisey ï Park Manager and Mr. Dale 

Gross ï Park Grassland Ecologist). In addition, areas of high shrub cover are not preferential 

for haying due to their density. In those cases, one would need to mulch, mow, cut down or use 
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prescribed fire. Therefore, other methods of mechanical shrub control, like those mentioned in 

Moss et al. (2008) might be more preferable in terms of maintaining grassland health. 

6.7.2. Current Dominant Shrub Encroachment Drivers in CHIPP as Identified by 

GLS Models 

The combination of topo-edaphic and anthropogenic variables had the best model fit (Model 

3b2), which is reasonable, since many studies pointed out that both types of variables should 

be considered when analyzing shrub encroachment drivers (Gartzia et al., 2014; Gxasheka et 

al., 2023; Soubry & Guo, 2022b). The anthropogenic factors that were statistically significant 

to shrub cover in Model 3b2 were distance to roads and hayed areas. However, Model 3b2 did 

not include any variable related to grazing, which was statistically significant in the model that 

combined only anthropogenic variables (Model 2b). Since the implications of the 

anthropogenic variables on shrub cover were discussed in Section 5.1, we focus on the 

relationship between shrub cover and the statistically significant topo-edaphic variables of 

Model 3b2 in this section. 

Upslope regions of the park have higher shrub cover. This agrees with the findings of 

a review paper that looked at the effects of topography and soil on WPE in mountainous regions 

(Gxasheka et al., 2023). In 42% of their selected papers, WPE was higher in upslope regions. 

This is the highest percentage compared to the other categories of midslope, downslope, and 

no change. Colder temperatures and higher amounts of precipitation in the high elevation 

regions of the park most probably contribute to increased shrub cover (Soubry et al., 2022). 

Overall, the encroachment of woody plants in upslope regions is affected by temperature, 

precipitation, and soil properties (Gxasheka et al., 2023). In our study, east and south aspects 

contribute to significantly less shrub cover compared to flat sites. Indeed, cool, and moist 

aspects favor woody growth better than warm and sunny ones (Kennedy, 1976; Soubry & Guo, 

2022b). 67% of the studies examined in Gxasheka et al. (2023) saw higher WPE on cooler 

slopes of mountain rangelands. In addition, soil texture influences the distribution of WPE, 

since it is related to differences in infiltration rates, nutrient availability, and moisture 

(Browning et al., 2008). It was found that a number of studies associated coarse textured soil 

with WPE, since woody plants can access soil moisture at deeper levels compared to grasses 

in those soils (Gxasheka et al., 2023). Soil texture on upslope soils is coarse (more sand and 

low clay content). Our findings agree with the fact that shrub cover can grow more productively 

on the upslope deep loam soils compared to the gravelly soils that have a thin surface layer 

(Hibbard et al., 2003; Thorpe, 2014). 

Shrub presence was found to be higher closer to waterbodies, and lower close to 

watercourse lines, and wetlands. This is likely related to the moisture gradient that stretches 

from very hydric conditions in wetland centers out to the more mesic buffers surrounding 

wetland edges. The moisture gradient then extends to the drier, better drained soils of upland 

meadows, pastures, and forests. We found higher shrub cover in moderate soil moisture 
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regimes compared to dry ones, and Very Moist soil moisture did not have a relationship with 

shrub cover. This is reasonable since woody plants are less common in very dry conditions 

(Archer et al., 2017) and none of the three shrub species are listed wetland plants according to 

the USDA (United States Department of Agriculture) Plant Databaseôs Wetland Search 

(USDA, 2023). Woody species can better compete with grasses in upland prairies where 

sufficient moisture is present (Archer et al., 2017); however, not all shrubs compete well in 

very wet soils due to variable levels of oxygen availability throughout the year because of 

inundation (Köchy & Wilson, 2004). Shrubby cinquefoil is more frequently found in moist, 

mesic microclimates but can also be found in upland conditions (Remm, 2016). Western 

snowberry and wolf willow are more typically found in drier, upland site conditions. 

If higher shrub cover is found further away from watercourses, wetlands, and 

undulating topography where more moisture has the potential to be trapped, it could be possible 

that the two upland species, wolf willow and western snowberry, are contributing more to WPE 

in the park. However, with 71% of the study area being classified as having a soil moisture 

regime (SMR) of ñmoderately freshò (Soubry et al., 2022), most of the park has conditions 

suitable for shrubby cinquefoil. Soubry et al. (2022) found that areas with óVery Freshô, 

óModerately Moistô and óFreshô SMR had the highest percent shrub cover, 40%, 38% and 32%, 

respectively. Therefore, those results indicate that shrubby cinquefoil may be the more 

concerning shrub encroaching throughout the park. Our field-based data that were collected in 

2020 confirm this fact. For field quadrats that had shrub cover, shrubby cinquefoil had the 

highest average shrub cover (23.3%), followed by that of western snowberry and wolf willow 

(19.9% and 11.3% respectively). On the other hand, western snowberry did occur more 

frequently in the field quadrats (29.3% of total quadrats), compared to shrubby cinquefoil 

(25.3% of total quadrats), whereas wolf willow was less frequent (12.6% of total quadrats). 

Further research would need to be conducted to determine if a particular shrub species has 

greater encroachment potential over others and if that would change the management approach. 

Overall, looking at the covariance of driving factors that influence shrub presence or absence 

can be beneficial to get better insight. 

6.7.3. Management Applications 

Results from this study have been used to identify grassland management priority areas for 

shrub encroachment. This was done by locating the areas in the park with dominant topo-

edaphic and anthropogenic factors that drive shrub cover and then delineating shrub 

management areas based on priority. We chose priority areas in different ecosites to encompass 

how management actions may vary across site conditions (e.g., soil types and moisture 

availability). The parkôs goal is to reduce woody cover while restoring the historical 

disturbance regime of the region and to apply the concept of a shifting mosaic landscape 

(Fuhlendorf et al., 2009; Government of Saskatchewan, 2021; Wilcox et al., 2018). A shifting 

mosaic landscape includes patches of vegetation in different recovery stages from grazing or 



 

138 

 

burning (Archer et al., 2012). Applying this concept can restore the inherent heterogeneity of 

grasslands (Fuhlendorf & Engle, 2001), allowing for greater diversity in native species and 

habitats, and long-term resilience and sustainability of a region (Leadley et al., 2014). The 

shrub management actions we proposed to achieve this had to be in line with the natural 

disturbances of the park and included different repeat treatment scenarios of pyric herbivory, 

mechanical treatments and selective herbicide application applied in management zones with 

rotation (Moss et al., 2008; Robinov & Gross, 2022). Repeated burning and browsing can 

reduce shrub cover and density (OôConnor et al., 2020). Without burning, mechanical removal 

methods, such as haying, mowing or mulching were recommended to reduce shrub density and 

attract cattle grazing (Moss et al., 2008). Specific site characteristics can indicate if mowing, 

haying, mulching, or thinning is preferred. In high density shrub sites, mowing is more 

appropriate than haying, since there is less commercial/nutritional value in animal feed (i.e., 

bales) that is mostly woody stems (Robinov & Gross, 2022). As the dominant shrubs at CHIPP 

resprout and tend to increase in density following a single disturbance, we recommended 

repeated treatments in all management cases (Heisler et al., 2003). Repeated mechanical 

removal in combination with other methods (i.e., fire, grazing, browsing, and/or selective 

herbicide application) shows better results than any single treatment approach (Scholtz et al., 

2018). 

Based on the Resist-Accept-Direct framework for natural resource managers that was 

introduced by Schuurman et al. (2020), areas that were very heavily encroached by shrubs were 

not selected as management priority areas since the time and effort needed to convert those 

back was too large. In this case, change (WPE) is accepted due to insufficient resources or 

inability to change the conditions to historical/acceptable conditions. Here, the resource 

manager has better chances of trying to preserve the intact grasslands instead of wasting 

resources on managing heavily encroached ones. 

After a shrub management plan is in place, monitoring and evaluation of the results 

should be established. Monitoring is important for the assessment of any management practice, 

allowing for informed decision making and improvement over time (Robinov & Gross, 2022). 

The detailed shrub cover map for CHIPP allows for comparative monitoring of shrub 

management over time, especially when combined with aerial or drone imagery at later time 

intervals (e.g., 5 years, 10 years, etc.). The shrub cover map acts as a baseline on which future 

management success can be objectively measured, even if inaction is the management decision. 

Our monitoring and evaluation plan includes metrics to be measured (e.g., % shrub cover, % 

forage, etc.), together with their location, time (before or after treatment) and management 

target. The same woody plant management concept can be easily applied to other areas. 

 Conclusions 

We identified anthropogenic variables connected to high shrub cover in the park. Shrub cover 

is higher closer to the roads, while areas of medium-high to high grazing intensity also have 
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the highest shrub cover. Hayed areas had about half the shrub cover compared to those that 

were not hayed, and repetitive haying reduced shrub cover even more. GLS modelling allowed 

us to assess the combined influence of topo-edaphic and anthropogenic factors on shrub cover 

and revealed the current dominant shrub encroachment drivers in the park. These drivers are a 

combination of distance to hydrological features, road distance, elevation, haying, certain soil 

moisture regimes (i.e., moist, fresh), landscape units (i.e., loam flat, loam steep), and aspects 

(i.e., flat). The above results have been used for the development of a shrub management plan 

that aims to restore ecological heterogeneity in grasslands, allowing for long-term resilience 

and sustainability of native species and their habitats. 

 Addendum 

The section named óFuture Researchô, which has been submitted for publication was moved 

to the equivalent section of this dissertation (Section 8.5) and appropriately merged. 
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7. Chapter 7 TOWARDS INTEGRATING REMOTE SENSING, GIS, 

AND SHRUB COVER INTO GRASSLAND ECOSYSTEM HEALTH  

 Preface 

This chapter fulfills Objective 3 - To investigate the integration of remote sensing approaches 

into grassland management for shrub encroachment control and grassland health. It includes a 

systematic review on field-based and remote-based measures of grassland ecosystem health; it 

identifies the most important ones and provides an overview of the remote sensing and GIS-

based measures. This study includes part of the work that was conducted under project number 

RFP# 2020LPU-PED (óDevelopment of Saskatchewan Parks Ecosystem Health Monitoring 

Index [Year 1 ï Literature Review and Conceptual Framework]ô) for the Saskatchewan 

Ministry of Parks, Culture and Sport. It was supervised by Dr. Thuan Chu, with principal 

investigator Dr. Xulin Guo, co-principal investigator myself, and research assistant Ms. Thuy 

Doan. This work was published in the journal Remote Sensing: 

Soubry, I., Doan, T., Chu, T., & Guo, X. (2021). A Systematic Review on the Integration of 

Remote Sensing and GIS to Forest and Grassland Ecosystem Health Attributes, Indicators, 

and Measures. Remote Sensing, 13(3262), 1ï30. 

Date of publication: 18 August 2021 

Publisher: MDPI 

Dr. Thuan Chu conceptualized this research, Ms. Thuy Doan and I developed the methodology, 

and conducted the formal analysis and investigation. I prepared and wrote the original draft, 

Ms. Thuy Doan, Dr. Thuan Chu, and Dr. Xulin Guo reviewed and edited the work. 

Furthermore, Ms. Thuy Doan and myself worked on the visualizations, Dr. Thuan Chu, Dr. 

Xulin Guo, and myself supervised the work, and I was responsible for the projectôs 

administration. Remote Sensing is an open access journal; therefore, the authors retain 

copyright. The supplementary data of this work are included in Appendix E and the dataset 

which was analyzed and generated during this study is openly available on FigShare 

(https://doi.org/10.6084/m9.figshare.14850525). 

 Addendum 

The published manuscript includes research for both the forest and grassland ecosystem. In this 

chapter, we made adjustments and left out the forest ecosystem where possible, since our focus 

is on grasslands. However, some processing was initially done for both ecosystems, therefore, 

some figures from the original manuscript correspond to both. In such instances, a note was 

added to indicate this. Lastly, the title of the manuscript was changed from ñA systematic 

review on the integration of remote sensing and GIS to forest and grassland ecosystem health 

attributes, indicators, and measuresò to ñTowards integrating remote sensing, GIS, and shrub 

cover into grassland ecosystem healthò. 

 

https://doi.org/10.6084/m9.figshare.14850525
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 Abstract 

It is important to protect grassland ecosystems because they are ecologically rich and provide 

numerous ecosystem services. Upscaling monitoring from local to global scale is imperative in 

reaching this goal. The SDG Agenda does not include indicators that directly quantify 

ecosystem health. Remote sensing and Geographic Information Systems (GIS) can bridge the 

gap for large-scale ecosystem health assessment. We systematically reviewed field-based and 

remote-based measures of ecosystem health for grasslands, identified the most important ones 

and provided an overview on remote sensing and GIS-based measures. We included 16331 

English language studies within terrestrial non-tropical biomes and used a pre-defined 

classification system to extract ecological stressors and attributes, and collected corresponding 

indicators, measures, and proxy values. We found that almost half31 of the examined studies 

used remote sensing to estimate indicators. The major stressor for grasslands was ñgrazingò, 

followed by ñclimate changeò, while ñbiotic interactions, composition, and structureò was the 

most important ecological attribute followed by ñsoil chemistry and structureò. Less than a 

fifth 31 of studies used vegetation indices; NDVI was the most common. There are monitoring 

inconsistencies from the broad range of indicators and measures. Therefore, we recommend a 

standardized field, GIS, and remote sensing-based approach to monitor ecosystem health and 

integrity and facilitate land managers and policy-makers. 

 Introduction  

Grasslands are one of the major global ecosystems, accounting for 40.7% of the worldôs 

terrestrial surface (UN FAO, 2021) and provide a multitude of ecosystem services, such as 

erosion control, climate regulation, nutrient cycling (Ninan & Inoue, 2013), forage provision, 

habitat, and recreation (Lamarque et al., 2011). However, 49.25% of the global grasslands are 

degraded (Gang et al., 2014). Ecosystem health assessments (EHA) facilitate monitoring and 

protection of the ecological conditions of ecosystems. One of the ecosystem health definitions 

is ñthe degree to which the integrity of the soil and the ecological processes of ecosystems are 

sustainedò (National Research Council U.S., 1994). Various entities have proposed and used 

attributes and indicators to conduct EHA (Dale & Beyeler, 2001; Faber-Langendoen et al., 

2006; Fancy et al., 2009; Wurtzebach & Schultz, 2016). A guidance document for the 

conservation of biological and ecological resources, written by Unnasch et al. (2008) is a tool 

for the U.S. National Parks. Hansen and Phillips (2018) developed a Wildland Health Index 

for the Greater Yellowstone Ecosystem, designed to communicate ecological integrity 

measures to decision-makers. Other examples include field guides for rangeland health 

assessment by partnerships (Saskatchewan PCAP Greencover Committee, 2008) or 

governmental entities (Adams et al., 2016). 

 To accurately assess ecosystem health, certain attributes and indicators need to be 

monitored. Key ecological attributes are determined as the most pivotal to the resourceôs 

persistence and are easily integrated into a conceptual or quantitative model (Unnasch et al., 

 

31 Includes both forest and grassland ecosystem studies. 



 

142 

 

2008). The identification of key ecological attributes relies on their connection to existing 

management challenges (i.e., extreme climatic events, disease outbreaks, and others), which 

may have natural and anthropogenic consequences. These are defined as ecological stressors 

or ecosystem threats. Indicators are measurable, and assess the actual status of the key 

ecological attribute and provide signals of environmental problems (Dale & Beyeler, 2001; 

Unnasch et al., 2008). Overall, there is a complex set of biotic and abiotic attributes for 

evaluating the resilience of a terrestrial ecosystem (Willis et al., 2018). Concisely, each 

indicator corresponds to an ecological attribute and is quantified by direct measures or proxies. 

For example, ñSoil pHò and ñconductivityò indicators correspond to the ñsoils chemistry and 

structureò attribute of the grassland ecosystem (Nasen et al., 2011). 

 Remote sensing and Geographic Information System (GIS) applications in ecosystem 

health monitoring are becoming more universal, overshadowing the limitations of traditional 

methods (Ding et al., 2008; Xiao & Ouyang, 2002; Zlinszky et al., 2015) and being able to 

monitor different spatio-temporal scales in a repetitive and objective manner (Lausch et al., 

2016). Hunt et al. (2003) emphasized the possibility of filling the information gaps between 

range managers and remote sensing experts since remote sensing has the ability to detect 

noxious rangeland plant species, and to estimate rangeland productivity and other rangeland 

properties (e.g., topography, surface roughness, landscape and vegetation patterns, bare soil 

coverage). Ding et al. (2008) established a conceptual framework for regional EHA based on 

the use of remote sensing and GIS (MODIS, land cover, elevation, roads, etc.,) and computed 

a weighted ecosystem health index. Zlinszky et al. (2015) introduced the use of remote sensing 

and GIS for habitat quality monitoring, while Li et al. (2014) reviewed the application of 

remote sensing in ecosystem health. Nevertheless, only ecological indicators related to biotic 

interactions, composition, and structure were under consideration while hydrology, 

disturbance, soil chemistry and structure, and fragmentation also need to be assessed to have a 

dimensional ecosystem health assessment. Lausch et al. (2016, 2017, 2018) developed an 

informative review about remote sensing-derived characteristics of forest health. A systematic 

review that summarizes the ecological attributes, indicators, and measures that have been used 

for EHA in the grassland ecosystem as well as a connection to remote sensing and GIS has not 

been conducted to our knowledge. A recent systematic review on ecosystem health examined 

30-year trends of related publications, summarized popular subjects, journals, authors, and 

studies (Yang et al., 2019). However, it did not include an in-depth analysis on specific 

ecosystem attributes and indicators, and it did not focus on remote sensing and GIS tools. This 

review aims (1) to identify the prevalent ecological attributes, indicators, and measures for 

grassland ecosystem health assessment, (2) to analyze the main stressors and threats of this 

ecosystem, and (3) to analyze ecological attributes and indicators derived from remote sensing 

and GIS data for EHA. 

 It is evident that the numerous approaches for EHA lead to difficulties in larger extent 

assessments on the condition of ecosystems. There is lack of consistent monitoring and 

continuous assessment of management actions through standardized ecosystem attributes and 

indicators. Although the current sustainable development goal (SDG) indicators monitor 

sustainability in a consistent way around the world, there is a gap on indicators related to 
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ecosystem health (Dickens et al., 2020). There are some indicators related to the forest 

ecosystem (e.g., indicators 15.1.1 and 15.2.1), which do not directly look at its condition; and 

other major ecosystems, such as grasslands, shrublands, and wetlands are missing. Having a 

common framework for ecological integrity measurements and EHA could benefit 

environmental management boards, and become a shareable communication tool among 

related stakeholders. 

 Materials and Methods 

We reviewed literature from the database of USearch32 (University of Saskatchewanôs library 

database) and its linkages to Google Scholar, due to its in-text searching abilities. We only 

looked at English studies without year or publication type restrictions. The USearch database 

is connected to around 485 other databases (e.g., Web of Science, Academic Search Complete, 

Scopus, ScienceDirect). We used keywords related to the grassland ecosystem, expressions 

that refer to ecosystem health, variations of words related to indices, terms that are connected 

to the assessment of ecosystem health, and words related to remote sensing and GIS. The 

keyword combinations that were used included ((ñecosystemò OR ñecolog*ò OR ñgrasslandò 

OR ñrangelandò OR ñrangeò) AND (ñhealthò OR ñintegrityò OR ñresilienceò OR 

ñsustainabilityò) AND/OR (ñindicator*ò OR ñindexò OR ñassessmentò OR ñconditionò OR 

ñframeworkò OR ñmonitoringò) AND/OR (ñremote sensingò OR ñGISò). We also included 

separate searches that combined ñremote sensingò OR ñGISò with specific ecosystem attributes 

or threats (e.g., ñgrassland vegetation compositionò, ñstructural diversityò, ñerosionò). We 

further examined reference lists from study reports that were used in this systematic review 

and added literature to our list of potential studies. During study selection, we conducted initial 

in-text screening and retained those that fell within one of the terrestrial non-tropical biomes, 

as defined by Olson et al. (2001). These include the: (1) Temperate Grasslands, Savannas, and 

Shrublands, (2) Montane Grasslands and Shrublands, and (3) Tundra. Studies that were eligible 

for data extraction had to include one or a combination of the following; ecological attributes, 

indicators, measures, and stressors or threats. 

7.5.1. Metadata Extraction 

For each extractable study, a metadata record including information related to the variables 

defined in Table 7-1 was kept. The publication type consisted of seven categories: (1) review, 

(2) theoretical article, (3) indicator description, (4) fieldbook/guide, (5) explicit methods, (6) 

direct application (case study), and (7) report. The terrestrial biomes were separated into 

Olsonôs (2001) categorization, and excluded the tropical and subtropical biomes, the 

Mediterranean biome, desert biome, mangroves, and forest-related biomes. The scale of each 

study belonged to: (1) local (city or municipality), (2) regional (more than one municipality 

and up to several States), (3) transnational (more than one country and less than a continent), 

(4) continental/global. The extent of the study area was defined in square kilometers, and the 

 

32 This is the University of Saskatchewanôs branding of a system called ñPrimoò. 
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resolution of spatial data in meters. The latitude and longitude were collected from the study 

in decimal degrees or from the centroid of the study location. If any of the metadata attributes 

were missing, they became ñnot applicable/availableðNAò. 

Table 7-1 Metadata attributes collected for each study of this systematic review. 

 Metadata Attributes 

Journal 

Publication year 

Journal name 

Publication type 

Broader geography 

Terrestrial Biome 

Ecoregion 

Continent 

Country 

Region 

Study area 

 

Study area name 

Scale 

Extent of study area 

Resolution 

Latitude 

Longitude 

7.5.2. Data Extraction 

We extracted data related to a number of variables (Figure 7-1, Table 7-2). For every study, if 

it had information on ecosystem stressors, attributes, and indicators, these were noted down. 

Each indicator can be quantitative or qualitative, and field-based or remote-based. Qualitative 

indicators do not involve detailed quantitative measurements and are usually determined by 

looking at a site (visual assessment). It is suggested that only experts in the field should use 

this technique (Pyke et al., 2002). Quantitative indicators involve specific measurements (e.g., 

counts, percentages, etc.,), and are therefore considered to be more precise (Dyksterhuis, 1949). 

Combinations of both methods are also used (Sheley et al., 2011). 

 We further extracted information on the measurement frequency of the ecological 

indicators, the data source used, and on how different ecosystem health thresholds were 

defined. After the indicators are measured and assessed, they need to be compared to a specific 

threshold, which will define the ecosystem health condition of the indicator (Parks Canada, 

2007). The threshold of ecosystem health is defined as ña boundary between ecological states 

of an ecosystem that, once crossed, is not easily reversible and results in the loss of capacity to 

produce commodities and satisfy valuesò (National Research Council U.S., 1994). This 

threshold can be defined in different ways; using the historic range of variation in the specific 

ecosystem as a reference (Environment and Climate Change Canada, 2019; Wurtzebach & 

Schultz, 2016), using a reference plant community which corresponds to how the ecosystem 

would look like in pristine conditions (Pyke et al., 2002; U.S. Department of the 

Interior  National Science and Technology Center, 2005), or using the opinion of experts 

(Allison et al., 2002; Ismail, 2008). There are some limitations to using historical variation and 

reference plant communities in a changing climate, since the species that are found within each 

might change, however they might still provide essential ecosystem services that preserve its 
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health (Wurtzebach & Schultz, 2016). Lastly, we collected information on the type of the 

remote sensing (RS) sensor, the RS platform or sensor name, vegetation indices (VIs) used in 

related studies, the GIS data, and any other type of additional data that were used. If specific 

measures or proxy values for an indicator were mentioned, these were also extracted. 

 
Figure 7-1 Hierarchical structure of variables examined in this systematic review (GISïGeographic 

Information System). 

Table 7-2 Extracted data variables collected for each study of this systematic review (RSïremote 

sensing, VIïvegetation index, GISïGeographic Information System). 

Extracted Data Attributes Details 

Ecological/Management stressor 

Level 1 

Level 2 

Level 3 

Ecological attribute 

Level 1 

Level 2 

Level 3 

Ecosystem health indicator Quantification of ecological attribute 

Indicator Extraction Method Qualitative or Quantitative 

Threshold determination 

Historic range of variation 

Reference plant community 

Expert opinion 

Measurement frequency Time measure 

Field measurement/Proxy value 

Level 1 

Level 2 

Level 3 
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Extracted Data Attributes Details 

RS type 

 

RS sensor 

RS VI 

GIS data 

Other data 

 To keep consistency in the data collection of ecological attributes and indicators, we 

chose an existing classification system (Unnasch et al., 2008) developed for the U.S. National 

Parks due to the detailed level in ecological attributes. We matched each studiesô information 

with this system. There are five Level-1 attributes, under which there are between two and nine 

Level-2 attribute classes (Table 7-3). A Level-3 was added when more information was 

provided. 

Table 7-3 Terrestrial ecosystem ecological attributes used for data extraction in this review (modified 

from Unnasch et al. (2008)). 

Level 1 Level 2 

Biotic Interactions, 

Composition, Structure 

Keystone species and/or functional groups 

Vegetation stratification and structure within patches 

Rare/sensitive species or species groups 

Infestation and mass grazing 1 

Component communities and seral stages 

Spatial arrangement of key species and communities 

Hydrology 

Channel morphology and sediments 

Plant litter and mineral inputs 

Precipitation (rain, snow, fog) 

Surface water-groundwater exchange 

Water temperature and pH 

Soils Chemistry and 

Structure 

Soil erosion and deposition 

Soil structure and drainage 

Soil chemistry 

Soil moisture 

Soil temperature and pH 

Disturbance 

Fire area/intensity regime 

Precipitation and flooding extremes 

Air temperature extremes and drought 

Human disturbance 2 

Economy / 

Social response / 

Fragmentation  

Connectivity with adjacent systems (terrestrial, aquatic) 

Connectivity among similar and different patch types 

within target system 

Linear development density 
1 Includes insect infestation and browsing activity, 2 Includes domestic grazing. 

 Although Unnaschôs study did not include specific indicators, it included characteristics 

that ecological indicators should have (Table E-1, Appendix E). Based on these, we collected 

measurable indicators from the literature examined. The specific measurements for each of the 

indicators are the field measurements or proxy values, which might also have a Level 2 and 3, 
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depending on the amount of detail provided. Moving further, we identified the ecological 

stressors and management concerns from every study. Unnasch et al. (2008) identify direct 

ecosystem threats based on the International Union for Conservation of Nature (IUCN) and the 

Conservation Measures Partnership (CMP), and separate them into 11 general categories. After 

consultation with the Ministry of Parks, Culture and Sports (Saskatchewan, Canada), these 

were merged into broader ones (Table 7-4). The ecological stressors had three levels; Level 1 

was more general, and Level 2 and 3 included several sub-stressors. 

Table 7-4 Ecosystem stressor classification system in this review (modified from Unnasch et al. 

(2008)). 

Level 1 Stressor Level 2 Stressor 

Developments 

Residential and Commercial Development 

Energy Production and Mining 

Biological Resource Use 

Human Intrusions and Disturbance 

Transportation and Service Corridors 

Disturbance 

Overgrazing 

Natural System Modification1 

Climate Change and Severe Weather 

Invasive and Other Problematic 

Species and Genes 
/ 

1 Includes insect infestation, disease, and natural wildfires. 

 The summary measures used for the collected metadata and data attributes mainly 

included counts and percentages. We also used a world map for the spatial distribution of the 

studies that were reviewed and used collapsible tree diagrams to show the variety in ecological 

attributes, indicators, measures, and stressors for each ecosystem and for both. Duplicate 

entries were removed every time before the calculation of counts or percentages for every 

metadata and data attribute. For ñGIS dataò, we provide a summative table that includes 

common broader themes, and we describe the three main ñOther dataò categories. We used R 

for summary measure analysis and the analysis related toñGIS dataò was conducted manually. 

 Lastly, to assess the feasibility of integrating RS data in EHA for future regional and 

local studies, we developed tables to match each most important ecological indicator of each 

ecological attribute with a RS or GIS measure. We selected recent research studies (past 5ï10 

years) from our established literature list. We matched the indicators with the most prominent 

stressors, which were selected based on the top-down ranking of repeated occurrences. These 

were refined after consulting with the Saskatchewan (Canada) Ministry of Parks, Culture and 

Sports. During the indicator selection process, a sensitivity assessment must be completed 

(Dobbie & Dail, 2013; Soyza et al., 1997). Once we identified the list of ecological indicators, 

we summarized how RS techniques can estimate these for the grassland ecosystem (not all 

indicators can be estimated from RS). 
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7.5.3. Methodological Approach 

The flow diagram of the final study selection is depicted in Figure 7-233. We found 176 

potentially suitable studies. We reached 192 potential studies together with study reference 

searches (see ñPotential_Studies.csvò openly available on Figshare 

https://doi.org/10.6084/m9.figshare.14850525, accessed on 14 August 2021). After accessing 

the full text of each study, we assessed them toward eligibility and excluded 29 studies that did 

either not contain the attributes of interest, fell outside of the predefined terrestrial biomes, or 

where not retrievable. Overall, 148 studies had extractable data (ecological attributes, 

indicators, measures, stressors), whereas 15 remaining studies included valuable theoretical 

information on the topic. The full list of studies together with the metadata and extracted data 

variables are openly available on Fighare https://doi.org/10.6084/m9.figshare.14850525  

(accessed on 14 August 2021). 

 

Figure 7-2 Study selection flow diagram (re-use from Page et al. (2021) with CC BY 4.0, found at 

http://prisma-statement.org/PRISMAStatement/FlowDiagram, accessed on 15 June 2021). 

 Results and Discussion 

7.6.1. Metadata Results34 

 

33 The data in this figure and paragraph correspond to studies for both the forest and grassland ecosystem. 

34 The results in this section correspond to both forest and grassland studies. 

https://doi.org/10.6084/m9.figshare.14850525
http://prisma-statement.org/PRISMAStatement/FlowDiagram
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Our studies span from 1949 to 2021 (Figure 7-3a), and have an increasing trend, with most 

belonging to 2018 (12 studies) and 2016 (11 studies). Most (71 studies) refer to direct 

applications of EHA, followed by theoretical articles (33 studies) and reviews (31 studies) that 

outline the specific methodology for completion of such (Figure 7-3b). There is an increase in 

studies from the year 2000 and after, with the addition of field book guides and indicator 

description studies and reports from 2002 and after (Figure E-1). The large number of studies 

published in 2002 are potentially related to a conference from the Western Forestry 

Contractorsô Association (WFCA) that focused on ñforest health and the silvicultural industryò 

in January 2003, British Columbia, Canada. Most studies form which we extracted data in 2002 

were related to the forest ecosystem in Northern US and Canada. Seventeen studies come from 

books, governmental or provincial reports, and field books and field guides related to 

ecosystem health assessment. All others are journal papers published in 75 different journals. 

The top three most frequent journals include: (i) ñRemote Sensing of Environmentò (14 papers), 

(ii) ñRemote Sensingò (10 papers), and iii) ñForest Ecology and Managementò (6 papers). Local 

studies represent the highest proportion (46.3%, with an increase after 2004, Figure E-2), 

followed by regional studies (26.5%), while transnational studies are rare (5.4%) (Figure 7-

3c). 
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Figure 7-3 Number of extracted publications by (a) year, (b) type, and (c) study scale. 

 The world map shows the location of each study (Figure 7-4). Although we made an 

effort to have broad spatial coverage, most studies fall in the North American Continent 

(50.3%), followed by Asia (19.0%), while only 11.6% of studies were located in Europe. There 

is an increase in studies from 2002 and after in North America, whereas slightly more studies 

appear in Asia after 2008, and in Europe after 2011 (Figure E-3). Most of the terrestrial biomes 

studied are ñTemperate grasslands, savannas, and shrublandsò (33.5%) (Figure 7-5), with 

growing number of studies from 1995 and after (Figure E-4). The lowest number of studies 

were in the ñMontane Grasslands & Shrublandsò (3.4%), and many studies did not explicitly 

define their biome (22.2%). There was one study that worked with multiple biomes. 
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Figure 7-4 Geographical distribution of case study locations by continent. 

 

Figure 7-5 Percentage of case studies by biome. 

7.6.2. Extracted Data Results35 

The studies represented the forest and grassland ecosystem almost equally (36.3% and 37.7% 

respectively) (Figure 7-6b). Grassland studies show an increasing trend through time, starting 

from 2004 and after (Figure E-5). Some studies did not separate between ecosystems and 

included various combinations of the above, including shrubland (e.g., grassland and 

shrubland). Most indicators were quantitative (86.7%) with an increasing trend throughout the 

years, whereas fewer (4%) were qualitative (sporadic representation throughout the years) 

 

35 The results in the paragraph below include forest and grassland studies. 
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(Figure E-6). The nature for 9.3% of indicators was not defined. The threshold determination 

method for the indicators used in each study is not clearly defined in most cases (89.7%). For 

the studies that report this information, historic range of variation prevails (4.1%) (Figure 7-

6c). This method is used from 2005 and onward, while the reference plant community is used 

in both older (e.g., 1949) and newer studies (e.g., 2016). The use of expert opinion is more 

recent (starting from 2014). Furthermore, it is not always clear how often the proposed 

indicators have to be measured for an ecosystem health assessment. Some studies define a 

timespan, while others are vague and use ñflexibleò or ñperiodicalò. In many cases (92.8%), 

this information is not defined (Figure 7-6a). When defined, a 1-year repeat-cycle is the most 

common approach (3.9% from 1997 to present). 

 

Figure 7-6 Number of studies by (a) measurement frequency, (b) ecosystem, and (c) thresholding 

method. 

7.6.2.1. Ecological Management/Stressor 

We counted the Level 1 ecological stressors that existed in all studies (including both 

ecosystem types). The main stressors are related to ñDisturbance regimesò (18.7%), followed 

by ñDevelopmentsò (10.7%), while most studies (59.6%) did not define this (Figure 7-7a). 

ñDisturbance regimesò appear to be a stressor from early on (since 1949) whereas 

ñDevelopmentsò and ñPollutionò occur from 1999 and after, followed by ñInvasive & Other 

Problematic Species & Genesò (from 2004) and ñAgriculture & Aquacultureò (since 2015) 

(Figure E-7). For the grassland studies, these two main stressors remain the same, with 
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ñDisturbance regimesò taking up and 19.2%, and ñDevelopmentsò and 9.2%. However, 

ñInvasive & Other Problematic Species & Genesò occurs more than two times more frequently 

than the other two remaining stressors for the grassland ecosystem (Figure E-8b). The main 

Level 2 stressors for both ecosystems related to ñDisturbanceò are ñClimate changeò (14.3%), 

followed by ñGrazingò (13.5%) and ñFire regimeò (7.5%) (Figure 7-7b). However, ñClimate 

changeò and ñFire regimeò only appear in studies after the year 2000, whereas ñGrazingò is 

considered a stressor in earlier studies (i.e., 1949, 1997) (Figure E-9). Furthermore, ñInsect 

infestationò and ñInvasive species and noxious weedsò have similar importance (6.8%), 

however the last category only appears in studies after 2005 (Figure 7-7b, Figure E-9). For 

the grassland ecosystem, ñGrazingò is the dominant stressor (21.8%) followed by ñClimate 

changeò (15.4%) (Figure E-10b). 

 

Figure 7-7 Counts of (a) Level 1 ecological stressors for all examined studies, and (b) Level 
2 ecological stressors for all studies where Level 1 stressors are defined in grassland and 

forest ecosystem. 
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 We found that for grasslands, ñDevelopmentsò is the Level 1 ecological stressor that 

had the greatest number of Level 2 stressors, with ñDisturbance regimesò ranking second 

(Figure 7-8).



 

 
 

1
5

5 

 

Figure 7-8 Tree diagram of Level 1, 2, and 3 ecological stressors for the grassland ecosystem. 
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 In the regional context of North America, human development, including urban 

expansion, infrastructure, and land-use change, results in habitat fragmentation and losses of 

grassland ecosystems. According to the World Bank statistics (The World Bank, 2021) the total 

population in North America has continuously increased over the past 70 years. Meanwhile, 

the Gross Domestic Product, Gross National Income, and Life Expectance at Birth have also 

increased. Beside the human factor, climate change has been a major ecological stressor. For 

example, this is a key factor that intensifies the consequences of wildfires. In the western 

United States, the number of large fires increased by nearly seven per year or yearly 355 km2 

burned area increment during 1984ï2011 (Dennison et al., 2014). In Canada, annual burned 

area significantly increased. However, fire characteristics (e.g., length of fire season, Forest 

Fire Weather Index) varied spatially because of the combined change in temperature and 

precipitation (Environment and Climate Change Canada, 2019). Another climate-change-

derived problem is severely and frequently prolonged drought. Ecological studies were 

conducted locally in the U.S. grasslands (Hoover et al., 2014) to monitor numerous ecological 

indicators and examine the negative impacts of drought to ecosystem health. 

 Sadly, climate change is a global concern that does not only occur in North America. 

In Asia, a desertification index was one of the two nature pressures which were inputs to the 

Pressure-State-Response model that assessed ecosystem health in an Inner Mongolia grassland 

in China (Xiao & Ouyang, 2002). Meanwhile, grassland resilience is negatively influenced 

from climate change, especially forage production. Noteworthy is the future prediction of 

changing land-use and climate on ecosystem services of mountain grasslands in Austria 

(Schirpke et al., 2017). In addition to the stressors from human development, human activities 

also facilitated plant invasion through international trade and travel (He et al., 2011). Moreover, 

ecological degradation (e.g., soil erosion and soil carbon sink alteration) is a consequence of 

unsuitable grazing systems in the long term. This problem is also challenging in Asian 

grasslands (Qin et al., 2004). 

 Sharing agreements together with annual discussion among related stakeholders (i.e., 

governments, local authorities, researchers, and ranchers) could guide toward better grazing 

strategies that not only maximize grazing outputs but also maintain healthy grasslands. A 

Grassland Management Plan was developed for Saskatchewan Landing Provincial Park for 

2020ï2030 by the Saskatchewan Ministry of Parks, Culture and Sport (Guo et al., 2020). This 

is an example in which impacts of current grazing practices were analyzed before 

recommendations on grazing management strategy and optimum cattle carrying capacity were 

made. 

7.6.2.2. Ecological Attributes and Ecological Indicators 

To get a better overview of the ecological attributes and ecological indicators, we developed a 

tree diagram for grasslands. Due to the numerous ecological indicators, we only analyze 

ecological attributes here. The tree diagrams give an overview of the breath of attributes and 

indicators. However, they are difficult to read due to the large amount of information and do 

not show the actual percentage that each attribute has over the examined studies. This is shown 

in Figure 7-9. ñBiotic Interactions, Composition, Structureò, has the highest number of Level 
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2 attributes and contributes the most in the grassland studies (53.3%, Figure 7-9). This Level 

1 ecological attribute is used in transnational studies (Lausch et al., 2016, 2018), regional 

studies (Foody & Dash, 2007; He et al., 2011; Meneses-Tovar, 2011), and local studies (Guo 

et al., 2005; Lyu et al., 2020; Wu et al., 2019). ñVegetation stratification & structure within 

patchesò has the largest group of ecological indicators, followed by ñKeystone species and/or 

functional groupsò. The second most common Level 1 attribute for the grassland ecosystem is 

ñSoil Chemistry & Structureò (20.7%, Figure 7-9). Overall, the number of indicators for each 

attribute is low, which shows higher consistency in their use among studies. The use of 

indicators related to the ñBiotic Interactions, Composition, Structureò attribute increases from 

2001 and onward, even though it was used in the oldest study (in 1949) (Figure E-11a). The 

following four ecological attributes only start being used more frequently after 2013 (Figure 

E-11bïe)36. 

 

Figure 7-9 Percentages of Level 1 ecological attributes for all examined grassland studies. 

 The three prevalent ecological attributes for both forest and grassland ecosystems are: 

ñBiotic Interactions, Composition, Structureò, ñSoils Chemistry & Structureò, and 

ñDisturbanceò (Figure 7-9). For the grassland ecosystem, ñSoil Chemistry & Structureò comes 

second. This agrees with current knowledge, since soil stability is an important attribute of the 

grassland ecosystem that prevents soil exposure and erosion (Xu & Guo, 2015), maintains the 

potential productivity of rangelands, protects the soil, and supports stable long-term biomass 

production (Saskatchewan PCAP Greencover Committee, 2008). Soil degradation also affects 

 

36 Figure E-11 corresponds to both forest and grassland studies.  
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nutrient cycling, seed germinations, seedling development, and many other ecological 

processes that are crucial parts of a grassland (National Research Council U.S., 1994). 

 The contribution of each ecological attribute in the literature differs by ecosystem, 

which suggests that different weights should be applied to each ecosystem when developing an 

overall health score (Logan et al., 2020; Zhang et al., 2020). This approach is more difficult to 

take when it comes to ecosystem health indicators and measures. We extracted 856 different 

Level 1 indicators, for which only ñaboveground biomassò, ñsoil moistureò and ñspecies 

richnessò were used ten times or more (17, 10, and 10 times respectively). Therefore, the 

indicator selection should be based on specific criteria (Table E-1). Similarly, we extracted 

493 different Level 1 indicator measures, from which ñaboveground biomassò, ñbare ground 

coverò, ñNet Primary Productivityò, and ñsoil moistureò were used nine times or more (13 

times, and the rest 9 respectively)37. 

 We found alignment between the first five most contributing stressors and the main five 

ecological attributes detected from the literature. The order of this alignment is also 

noteworthy. The ñFragmentationò attribute has the fifth place (Figure 7-9), while the related 

ñDevelopmentò and ñAgriculturalò Level 1 stressors have second and fourth place (Figure 7-

7a). This is in line with the notion that ecosystem stressors and ecological attributes are 

connected (Lausch et al., 2018; Lemons, 2018; Trumbore et al., 2015). The development of a 

standardized system that connects stressors for each ecosystem with specific indicators and 

measures would overcome the large inconsistencies that are currently observed for these 

variables. Adoption of such approaches by global monitoring initiatives, such as through the 

SDGs would be beneficial. Ecosystem managers would then be able to follow a straightforward 

approach after identifying the major stressors for their management area, and their 

documentation would aid in tracking global progress. Priority should be given to indicators that 

are used by other regional or national monitoring programs so that it is possible to combine 

data over multiple programs. The current review has tried to amalgamate such studies, which 

are representative of the Canadian ecosystems, and provides the first step toward 

regional/national EHA standardization. After selecting ecological indicators for each 

ecological attribute, one could develop a composite ecosystem health index to assess overall 

status and trends and engage with policy-makers and the public (Parks Canada, 2007). For 

larger scale studies that cover a whole province or nation, an integrated index is in many cases 

the only solution to make the large amount of data more digestible and interpretable by 

stakeholders. 

7.6.2.3. Remote Sensing (RS) and GIS attributes37 

More than half of our selected studies use RS to assess ecosystem health (53.1%). Almost half 

of these use long-term multispectral data (48.8%), such as Landsat (18.1%) and MODIS 

(12.6%) derived images (Figure 7-10a,b); hyperspectral sensors are also common (16.5%), 

followed by UAV and aerial imagery (13.4%), whereas LiDAR (11.0%) and RADAR (10.2%) 

data are less commonly used (Figure 7-10a). In the 1990s only UAV and aerial imagery 

 

37 Results presented are for both forest and grassland studies. 
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together with RADAR sensors were used for EHA studies (Figure E-12d,e), while 

multispectral, hyperspectral, and LiDAR data started being used from the years 2000, 2005, 

and 2009 respectively (Figure E-12aïc). Some studies did not explicitly define the exact 

hyperspectral or aerial sensor they used. In regional studies, multispectral data are widely used, 

meanwhile hyperspectral data, aerial photos, and LiDAR are more frequently used in local 

studies. Hyperspectral data for grasslands is the second most frequently used RS type (22.2%) 

after multispectral data (52.8%) (Table E-2). This is also reflected in the top ten RS sensors 

used, with Landsat and MODIS being the most frequently used. However, these only appear 

from 2001 and after (Figure E-13a,b). 

 Most studies (22 studies)) used a 30 m spatial resolution, which is connected to the 

long-term availability of the Landsat sensor (Figure 7-10c). The second and third most used 

spatial resolutions are 250 m (9 studies) and 1 km (7 studies), which are connected to the 

MODIS sensor. Lastly, the 10 m resolution, connected to Sentinel-2, has equal representation 

as the 1 km category (7 studies). This is likely to increase in the following years, since the 

Sentinel-2 sensor provides one of the highest spatial resolution products that are freely 

available for use from 2015 and onwards (which coincides with the Sentinel studies that span 

from 2016 and after, Figure E-13c). The second most important resolution for grasslands is 

250 m (12%) (Table E-2), while 10 m resolution is the third most frequent. 

 Vegetation indices (VIs), known as the second indicators of EHA (Xu & Guo, 2015) 

can be promising indices that apply the advancement of long-term and consistent data series 

for EHA. From the studies examined, only 13.3% of ecosystem health indicators were assessed 

with a VI. In these studies, there are 70 different remote sensing indices used. This shows a 

wide variety of indices, some of which might be more specific to certain indicators (e.g., burned 

area related BR, NBR). However, most indices are used only once. We therefore grouped the 

modified and original versions of VIs together (e.g., GNDVI and NDVI, GSAVI and SAVI) 

and present the ten most frequently used. The most common RS index is NDVI (Normalized 

Difference Vegetation Index) (31.0%), which outnumbers by far other RS indices, such as 

Tasseled Cap, NBR, and SAVI (each 6.9%), and the Enhanced Vegetation Index (EVI) (5.2%) 

(Figure 7-10d). These five indices are used from the year 2000 and after, with NDVI showing 

an increasing trend, while the other four indices are used sporadically throughout the years 

(Figure E-14). The SAVI and EVI indices are more common for the grassland ecosystem 

(6.9%, and 4% respectively) (Table E-2). We found a significant number of newly developed 

indices, either as modified versions of traditional VIs or recently invented ones to measure the 

specific ecological indicators. However, application of locally specified VIs to other areas is 

not practiced. 

 Around half of the studies used some form of RS or GIS data for specific ecosystem 

health indicators. The largest part of these studies used long-term multispectral data at 30 m 

resolution. Less than a fifth of the extracted indicators were assessed with VIs, the majority of 

which was the NDVI index. The larger representation of the SAVI index in grassland studies 

could be attributed to its suitability to low density vegetation with soil exposure (Huete, 1988). 

This lower vegetation density could be caused by either arid climate (Ren et al., 2018) or higher 

disturbance. Overall prevalence of the NDVI index is expected, since it is commonly used in a 



 

160 

 

variety of study scales (i.e., transnational, regional, local) to represent green vegetation amount, 

and net primary productivity in grasslands (Chen, Chen, & Xu, 2011; Guo et al., 2005). Based 

on a combination of MODIS NDVI time series and agricultural statistics, a MODIS-based 

mowing frequency index was introduced to examine the spatial patterns of grassland 

management intensity across 27 European countries (Estel et al., 2018). Moreover, other 

researchers chose the same remote sensing index to evaluate grassland ecosystem health in 

China (Qin et al., 2004) or to measure gross primary productivity, an ecological indicator of 

the Southern Alberta prairie (Wang et al., 2020). Since the coarse spatial resolution of the 

MODIS sensor is not prefered in local studies, aerial photo/UAV NDVI can be used (Dash et 

al., 2017). NDVI remains promising for future research as lower levels of this index could 

indicate unhealthy vegetation, lower biomass, or increases in bare ground. 
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Figure 7-10 Examined studies by (a) remote sensor (RS) type, (b) top ten RS sensors, (c) spatial 

resolution, and (d) top 10 vegetation indices (VIs) used to assess indicators of ecosystem health 

(studies that did not use RS sensors are excluded here). 

 Apart from using remote sensors and indices, several types of GIS data are also used. 

Most of these can be derived from RS, however, since these are used directly without the use 

of RS, we classified them in a separate category (Table 7-5). GIS data related to roads and 

fences have been used to assess the ñFragmentationò attribute (Heilman et al., 2002; Pattison 

et al., 2016). Other GIS layers, such as those related to grazing units or GPS collars have been 

used for ñInfestation and mass grazingò (Doan, 2019; Franke et al., 2012), while location 

occurrences of species and land use can be used to assess ñKeystone species and/or functional 

typesò (Lauver et al., 2002). Land cover and land use layers have been used under the 

ñDisturbanceò attribute, facilitating, for instance, change detection (Ding et al., 2008). 
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Table 7-5 Common GIS datasets used in ecosystem health studies. 

GIS Datasets Example Studies 

Topographic information in local/national/global 

scales: i.e., Digital Elevation Model, contour map, 

slope. These are remote sensing derived (e.g., from 

RADAR (Radio Detection And Ranging) or 

multispectral sensors) 

Hammi et al. (2010); Ding et al. (2008); 

Anderson and Croft (2009); Lyu et al. (2020); 

Pasolli et al. (2015); Huang et al. (2010); Doan 

(2019); Powers et al. (2013)  

Land use Land cover (LULC) layers 
Ding et al. (2008); Wei and Wang (2014); 

Anderson and Croft (2009); 

National Forest/Wetland Inventories Powers et al. (2013);  

Landscape features (e.g., rivers, roads, barriers, 

fences, boundaries, pipelines, ecoregions) 

Roch and Jaeger (2014); Doan (2019); Heilman 

et al. (2002)  

 There are three ñOther dataò groups that have been used in ecosystem health studies. 

The most common group is meteorological data with regional or local temperature, 

precipitation, humidity, and radiation on different time bases (e.g., monthly, daily). A number 

of socioeconomic indicators are used to assess their effects on ecosystem health. Examples 

include gross domestic product (GDP), population, level of urbanization, and food production. 

When agriculture and aquaculture is one of the stressors to ecosystem health, researchers are 

concerned about the increase of agricultural and aquacultural activities and gather statistics 

from local administrations in this field (e.g., agricultural yield, irrigation areas, fertilizer 

amount). 

7.6.3. Additional Analysis Results 

Tables 7-6, E-3, E-4, and E-5 summarize how specific satellite sensors and their variables can 

be used to monitor ecological indicators under the ñBiotic Interactions, Composition, and 

Structureò, ñSoil Chemistry and Structureò, ñDisturbanceò, ñFragmentationò, and ñHydrologyò 

attributes. RS makes it possible to estimate biophysical variables as well as energy fluxes and 

nutrient cycling (Zhang et al., 2018). In transnational and regional scales, the medium spatial 

resolution and long time series of Landsat imagery are beneficial for ecosystem health studies 

in grasslands. Finer spatial resolution satellite sensors (e.g., Sentinel-2) are more frequently 

used if there is no need for time series data. Costly satellite sensors are recommended for 

regional and local studies. The RS approach lessens the burden of fieldwork, although some is 

needed for training and validation. Consequently, the use of RS becomes a faster and cost-

effective alternative, its methods are strictly quantitative and prevent potential biases from 

qualitative assessments and its overall approach is less destructive to the ecosystem (Xu & 

Guo, 2015). 
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Table 7-6 Satellite sensors and derived indices to estimate ecological indicators of the ñBiotic 

Interactions, Composition, and Structureò attribute in grassland and forest ecosystem. 

Satellite  

Sensors 

Independent  

Variable 

Derived  

Ecosystem 

Health  

Indicator  

Field Measurements 
Modeling 

Method  

Example 

Studies 

Unmanned 

Aerial  

Vehicle 

EGI, Canopy 

height metrics 

Aboveground 

biomass 

Average canopy 

height, dried 

aboveground  

biomass 

Correlation 

analysis 

between canopy 

height model 

and field 

aboveground 

biomass 

Zhang et al. 

(2018)  

Hyperion 

Landsat 8 

OLI 

Radar 

NDVI, RVI, 

DVI, MSAVI, 

TVI  

Vegetation 

composition: 

species,  

functional 

components 

Spectral curves of 

species, height, crown 

width,  

density, coverage, and 

dried aboveground  

biomass 

Multiple 

endmember 

spectral mixture 

analysis 

Lyu et al. 

(2020b)  

Landsat 

Hyperspectral 

data 

NDVI, NBR, 

DFI, 

NDSVI, 

NDWI, PVI Vegetation 

cover 

Ground percentage 

cover of component 

groups, dried above 

ground  

biomass, spectral  

reflectance 

Linear spectral  

mixture analysis 

Xu et al. 

(2014)  

Landsat NDVI, NDWI 

Ground-bare sand 

ratio, vegetation 

coverage 

Spectral mixture 

analysis and 

decision tree 

method 

Li et al. 

(2013)  

Unmanned 

Aerial  

Vehicle 

EGI, Canopy 

height metrics 
Canopy height 

 Average canopy 

height, dried 

aboveground biomass 

Canopy height 

model  

Zhang et al. 

(2018)  

Landsat 

MODIS 
NDVI, NMDI  

Invasive  

species cover 

Abundance of 

invasive plant species, 

top soil  

samples 

Random forest  

algorithm  

Das et al. 

(2019)  

Hyperspectral 

data 
   

He et al. 

(2011)  

Sentinel-1 

Sentinel-2 

Landsat 

NDVI, EVI, 

LSWI 

Leaf Area 

Index 

Leaf area index, 

aboveground biomass 

Multiple linear  

regression, 

support vector 

machine,  

random forest 

Wang et al. 

(2019)  

EGI: Excess Green Index, NBR: Normalized Burn Ratio, NDVI: Normalized Difference 
Vegetation Index, RVI: Ratio Vegetation Index, DVI: Difference Vegetation Index, MSAVI: 
Modified Soil-adjusted Vegetation Index, TVI: Transformed Vegetation Index, DFI: Dead Fuel 
Index, NDSVI: Normalized Difference Senescent Vegetation Index, NDWI: Normalized 
Difference Water Index, PVI: Perpendicular Vegetation Index, TCB: Tasseled Cap brightness, 
TCG: Tasseled Cap greenness, TCW: Tasseled Cap wetness, TCA: Tasseled Cap angle, TCD: 
Tasseled Cap distance, NMDI: Normalized Multi-band Drought Index, LSWI: Land Surface 
Water Index, EVI: Enhanced Vegetation Index, EVI2: Enhanced Vegetation Index 2. 
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 The benefits of RS make its use for EHA an attractive method for key stakeholders, 

such as land managers and policymakers. With this review, we demonstrated the use of RS in 

EHA with the hope to inspire and encourage further research into this direction. Potential 

limitations are the spatial mismatch that can exist between the field-based plot data and the 

scale of the image pixel (Xu & Guo, 2015). Not all indicators can be measured with RS (even 

less with freely available data), since they are limited by their resolution (spatial, spectral, 

temporal). This is especially true for fine-scale assessments (e.g., species-specific cover, soil 

chemistry, thickness of litter layer). These could be assessed from organized field-visits or 

crowdsourcing tools. Unfortunately, there is no detailed field book or guide that discusses 

which RS approaches should be used for which ecosystem indicators. This makes the 

implementation and consistency in the use of RS tools among regions a more complicated task. 

An initial attempt was made in this section. Future research through partnerships should be 

conducted toward these goals and stakeholdersô opinions should be used toward the 

determination of appropriate ecosystem health indicators and measures. This would ensure 

their successful monitoring, and would spur ongoing management adjustments. The role of 

stakeholders is key toward determining the ecosystem stressors based upon which each EHA 

is built. 

7.6.4. Limitations 

 Although our systematic review was conducted with a broad variety of topic-related 

keywords in an extensive database, some relevant literature might not have been acquired. For 

instance, studies on specific  grassland types for ecosystem health assessment without the term 

ñgrasslandò could have been missed. Moreover, a longer timespan for searches (>4 months) 

might have resulted in more studies. Non-native English publications were not used, potentially 

leading to uncertainty in the representativeness of our final literature library, and to a bias in 

geographic location of studies (e.g., fewer studies in northern and southeast Asia) (Figure 7-

4). Future studies could include more detailed keyword searches and studies in other languages. 

By implementing a common classification system for the ecological attributes (Table 7-3) and 

stressors (Table 7-4), there could be uncertainty in the classification. There might be variables 

from studies that do not entirely correspond to one of the established classes or each reviewer 

might interpret and classify a variable differently, potentially creating confusion. Future studies 

should try to quantify such uncertainties and biases to get a more reliable result on the 

contributions of the variables extracted in this review. 

 Conclusions 

 This systematic review shows that the grassland ecosystem is characterized by different 

ecological attributes and a broad variety of indicators and measures, exposing inconsistencies 

in current EHA approaches. Nevertheless, each grassland stressor is well aligned with its main 

ecological attributes. The major stressor for grasslands is ñgrazingò, followed by ñclimate 

changeò. ñBiotic interactions, composition, and structureò is the most important ecological 

attribute followed by ñSoil chemistry and structureò. Moreover, more than half of the examined 

studies used RS or GIS data for the estimation of indicators, a fact that encourages their future 
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use in a more systematic way. Less than a fifth of studies used vegetation indices, from which 

NDVI was the most common. The development of a standardized EHA system and protocols 

for use of Earth observation and GIS data in EHA are major future suggestions. Nevertheless, 

not all indicators can be accurately estimated from RS and GIS data due to resolution 

constraints, and fieldwork remains important for validation purposes.
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8. Chapter 8 DISCUSSION AND CONCLUSIONS 

 Preface 

This chapter summarizes the main findings from this dissertation, the scientific and societal 

contributions, major limitations, and future research suggestions. Section 8.5, was renamed from 

óRecommendations for future directionsô to óFuture Researchô and was published in: 

Soubry, I., & Guo, X. (2022). Quantifying Woody Plant Encroachment in Grasslands: A Review 

on Remote Sensing Approaches. Canadian Journal of Remote Sensing, 1ï42. 

https://doi.org/10.1080/07038992.2022.2039060 

Date of publication: 22 March 2022 

Publisher: Taylor & Francis Ltd, https://www.tandfonline.com 

This research was conceptualized by my supervisor (Dr. Xulin Guo) and Mr. Merek Wigness while 

I conceived and wrote the manuscript. As authors, we have permission from the publisher to reprint 

this work in the current dissertation as long as it is not published commercially (see Appendix F).  

In section 8.5, modifications were made to include future research suggestions that resulted from 

the completion of the dissertation objectives and from ongoing and scheduled future research 

work. 

 Main findings 

The hypotheses that i) shrub encroachment can be accurately detected using a combination of 

spectral, structural, and textural features and that ii) the connection of shrub presence and absence 

to local and global factors can inform grassland management are accepted based on the results of 

this dissertation. The major findings of Chapters 3, 4, 5, 6, and 7 are detailed below: 

¶ From Chapter 3, I found that the spectral absorption regions related to chlorophyll and 

water content are most useful towards shrub cover detection using field-based data. 

Depending on the season, a different set of spectral wavelength regions is more significant 

at separating shrub cover. Significant relationships between shrub cover and the blue 

(spring), red (spring), NIR (stronger in summer), and far SWIR (summer and fall) spectral 

regions were found. Overall, the spring season offered a higher number of bands that allow 

for moderate and good shrub cover separation. Moreover, I found that spectral separability 

of shrubs increases with shrub cover; where the earliest shrub cover can be separated from 

grasses when its cover reaches between 10.1% and 25% during summer and between 

10.1% and 35% during spring. 

¶ From Chapter 4, I found that the summer season is optimal for spectrally separating western 

snowberry from wolfwillow , using the blue and red regions of the spectrum. These two 

regions are influenced by stronger chlorophyll absorption for western snowberry compared 

to wolfwillow. However, these results are related to the leaf/branch scale, and not the 

canopy scale, for which the reflectance properties could be different. 

https://www.tandfonline.com/
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¶ In Chapter 5, an object-based machine learning classification algorithm that used spectral, 

structural, and textural features was used to map shrub cover in CHIPP with an overall 

accuracy that was higher than 92%. This showcases that the addition of shrub size, shape 

and texture into the classification algorithm plays an important role in accurately detecting 

shrubs. Moreover, we found significant connections between variables that are directly or 

indirectly related to soil moisture availability and higher shrub presence on the landscape. 

Both local topographic and hydrological features can influence water availability for 

woody plant growth (Lopez et al., 2019).  

¶ Chapter 6 was built on the results of Chapter 5 and showed that both topo-edaphic and 

anthropogenic variables are significantly related to shrub cover in the park. Shrub cover 

was higher closer to roads, in medium-high intensity grazing sites, non-hayed areas, 

upslope flat deep loamy soil regions, and moderate soil moisture regimes. Results from this 

chapter have been used to identify grassland management priority areas for shrub 

encroachment in the park. These areas were then used for the development of a woody 

plant management plan that aims to restore ecological heterogeneity in grasslands, 

allowing for long-term resilience and sustainability of native species and their habitats 

(Government of Saskatchewan, 2022). 

¶ Chapter 7 analyzed the use of remote sensing and GIS for estimation of grassland 

ecosystem health over a 72-year timespan and looked at the use of shrub cover as a 

grassland health measure. Based on the literature, I found that the major ecological stressor 

for grasslands is ñgrazingò, followed by ñclimate changeò, while only one study mentioned 

ñshrub encroachmentò. I also found that ñbiotic interactions, composition, and structureò 

is the most important ecological attribute followed by ñsoil chemistry and structureò. 

Around half of the examined studies used RS or GIS data for the estimation of ecosystem 

health indicators, a fact that encourages their future use in a more systematic way. 

However, the large number of ecosystem health indicators and measures that are currently 

used generate inconsistencies in ecosystem health assessments. The results of this study 

were used for the development of a park ecosystem health index for the Saskatchewan 

Parks; this index has incorporated shrub cover as an ecosystem health measure (personal 

communication with Dr. Thuan Chu). 

 Contribution  

This dissertation adds to existing scholarly knowledge by: 

¶ Identifying appropriate practices to detect shrub cover using remote sensing which can be 

applied to other areas with the same encroaching woody species, or species with similar 

characteristics. 

o Depending on the season and woody plant species, different spectral, structural, and 

textural attributes can be used for their detection. 

¶ Allowing for more accurate estimation of true grassland productivity for grazers through 

shrub detection.  

o From the RS perspective, vegetation index values (e.g., NDVI) in grasslands are 

connected to productivity. However, NDVI is not the ñtrueò productivity for the 
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livestock industry because it includes unpalatable woody plants. This gap is bridged 

by developing a method to reliably detect woody cover in grasslands, and then 

subtracting that cover from the productivity estimate. 

¶ Creating a better understanding on the factors related to woody plant cover and their ranked 

importance in the Cypress Upland ecoregion of the Great Plains in Canada 

o This can shed more light on habitat preferences and growing conditions of 

encroaching woody species, facilitating their management. 

Furthermore, this dissertationôs contribution to society is related to: 

¶ Short-term impacts:  

o Creating awareness about current and potential future shrub spreading in SK 

rangelands through distribution maps that can be used in shrub adaptive 

management strategies 

o Informing rangeland managers on how different land management practices (e.g. 

grazing treatments, haying) affect (i.e. facilitate or eradicate) woody plant 

development in grasslands  

o Supporting the conservation and restoration of the SK rangelands through the 

previous two points by suggesting the integration of shrub cover into grassland 

ecosystem health assessments 

¶ Long-term impacts:  

o This dissertation can be the stepping stone towards delivering a shrub encroachment 

risk distribution model to rangeland managers which will allow them to take 

specific early control actions that could limit the spread of woody species through 

practical conservation/management solutions 

o Providing food security and preventing economic losses through forage availability 

that will support the meat and milk industry. ñManaging against invasive species 

and woody plant encroachment (WPE) on native grasslands is very important for 

individual producersò (CRSB, 2020), since these can impact the economic viability 

of the sector. 

o Reinforcing the conservation and restoration of the mixed grass prairies which will 

lead to  

Á stable and increasing quantity and quality of the grasslands animal and plant 

habitat 

Á increases and maintenance of animal and plant diversity 

Á preservation of grassland ecosystem services. 

 Limitations  

There are a few major limitations pertaining to this dissertation. First, all methods were tested 

using field data and/or optical aerial imagery. I did not test the scalability of my results to satellite 

data (optical and/or radar). This means that these studies were conducted at several small pilot 

areas and primarily at the field level. Cross-validation with satellite imagery across ecoregions will 

be necessary to confirm my results. When looking at factors contributing to shrub cover, I used 
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the West Block of Cypress Hills Interprovincial Park in Saskatchewan as a study area. This area 

belongs to the Cypress Upland ecoregion and is unique. Scaling my research to other ecoregions 

across the prairie provinces would allow for a more holistic view of the phenomena contributing 

to shrub cover in grasslands. Moreover, there is no long-term fire history for the park as fire is 

suppressed from a management perspective. Therefore, it is not possible to understand the effects 

that fire (either wildfire or prescribed fire practices) has on shrub cover. Fieldwork was conducted 

in commercial rangelands close to Burstall, Saskatchewan during the summer of 2021 (8-11 July) 

to look at this effect in more detail, where 24 sites were set up with paired burned and unburned 

plots. These data are under analysis. 

The potential drivers of shrub encroachment have been separated into climatic, topo-

edaphic, and anthropogenic (Chapter 2, (Soubry & Guo, 2022b)). Synoptic climatic influences on 

WPE, such as changes in precipitation and temperature, were not examined in this dissertation. 

Instead, we focused on the microenvironment generated by topo-edaphic features. Lastly, based 

on the methods that I used, I found that the threshold for shrub cover detection was at around 25% 

shrub cover, which is too high for the end-user in terms of early detection and management.  

 Future Research 

Challenges related to studying, mapping, and modelling WPE by combining ecology and RS 

remain. However, existing or future developments could overcome these. An integrated approach 

that includes ecology, RS, and subsequent modelling is needed to fully understand WPE and 

implement effective management strategies. 

I hypothesize that a synergistic, multi-sensor approach incorporating spectral, structural, 

and textural features can provide a solution for estimating WPE in grasslands. Improved WPE 

mapping has been reported using multi-sensor approaches. Structural and textural characteristics 

from Sentinel-1 and 2 data were combined and were highly correlated (r2> 0.79) with UAV-based 

reference data of woody cover (Kattenborn et al., 2019). Fusion of Landsat 5 and LiDAR juniper 

cover estimates led to higher correlation with field data than the use of LiDAR data (r2=0.80 vs. 

r2=0.74, p<0.001) (Sankey & Glenn, 2011). In my future research I am planning to combine several 

optical and RADAR satellite data sources to improve woody plant detection in grasslands. Active 

RADAR data provide structural information (height, roughness, moisture), while passive optical 

data offer spectral details. Combining these two enhances accuracy and reduces errors. This fusion 

approach is recommended for WPE mapping, especially in cloud-prone areas (Kattenborn et al., 

2019; Lindsay et al., 2019), and has been effective for invasive species mapping (Ghulam et al., 

2011; Rajah et al., 2018, 2019).  

Detecting WPE at its early stages is critical for effective management. During the seedling 

and early establishment phase of woody plant growth, vulnerability is highest, while surviving to 

maturity greatly limits management options (Archer et al., 2017). To prevent WPE, early-stage 

control is essential. Identifying early warning signals in the spatial transition of ecosystems to 

alternative stable states is vital for effective ecosystem management and preservation (Kéfi et al., 

2014). However, detecting early-stage WPE using moderate-resolution remote sensing images 

remains a challenge (Wang et al., 2021). In our field-based observations, we were able to detect 

woody plants when they covered 10 to 25% of an image pixel. I suggest enhancing this capability 

by developing an early-detection model for WPE. This model should incorporate additional field 

data and should be tested at various spatial resolutions, including high-resolution aerial and drone 
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imagery, as well as moderate-resolution satellite imagery, to identify the earliest possible detection 

stage for WPE across different datasets and spatial resolutions. 

A more thorough understanding of the factors driving WPE is a key starting place to 

achieve a global model of WPE in grasslands. An RS-modelling approach could fill the gap in the 

literature and help researchers achieve both a regional and long-term understanding of WPE. To 

best understand how WPE will impact grasslands in the future, RS data can be integrated within 

productivity models. These can then be used to predict WPE and areas that are vulnerable to 

increasing encroachment. In this dissertation, I looked at the connection between 2018 shrub cover 

and a number of topo-edaphic and anthropogenic variables. However, shrub cover is not static and 

progresses over time. Since shrub cover was mapped for one time period (2018), any results from 

the analysis correspond to that point in time. Inclusion of historical aerial imagery could provide 

insight into where shrub expansion occurred. Areas of high shrub cover might not be as high a 

priority for shrub management if they have historically had higher shrub presence, rather than if 

shrub expansion accelerated quickly over the last few decades. Therefore, future research could 

add more historical aerial imagery to map shrub cover and their drivers. In my current research, I 

use a 7-year interval to analyze the changes of shrub cover in the park through aerial imagery and 

connect that to local and climatic drivers (work in progress). The analysis of climate data in 

combination with historical shrub cover could provide insight on the impact of climatic drivers on 

shrub encroachment. Time series that map WPE with satellite imagery can reveal long-term 

patterns and trends that facilitate the quantification of WPE rates (Gavier-Pizarro et al., 2012; 

Munyati et al., 2011). The connection of these trends to driving factors could enhance our 

knowledge and should be further investigated.  

Overall, a universal WPE model is difficult  to achieve because WPE drivers differ among 

bioclimatic zones (Wilcox et al., 2018). Further integrating social sciences could provide even 

greater benefits, as humans have a large influence on WPE processes (Thomas & Twyman, 2004). 

For instance, the hesitancy of a landowner to use fire management due to the risk towards his 

property, the opinions of neighbors on such practices, or the homeownerôs lack of fire management 

skills could influence WPE presence (Wilcox et al., 2018). Overall, studies that try to understand 

how these social effects influence WPE are not as prevalent as those that relate to ecology and RS. 

A literature review on WPE in 2007 found that only 1.2% of studies included a social dimension 

(Buenemann, 2007). 

 With established methods to monitor WPE with RS and knowledge on WPE drivers, 

predictive WPE distribution models could be established to facilitate current and future WPE 

management. These models should be based on different intensities of WPE drivers (e.g., climate 

and land management scenarios). Climate scenarios include temperature, precipitation, and 

greenhouse gas extremes (IPPC, 2000). Land management scenarios should include the effects of 

burning, grazing, or mechanically removing woody plants on grassland ecosystem function 

(Komac et al., 2013). Relevant modelling time horizons should include short-term (1-3 months), 

mid-term (approx. 1 year), and long-term (15-25 years) predictions. Similar modelling approaches 

have been applied to non-native species invasions (Füssel et al., 2012; Mainali et al., 2015) and 

should be extended to WPE. 

Lastly, it is recommended that future research on the relationship between moisture 

availability on the landscape and shrub encroachment take a closer look at the species level 

distribution patterns. Examining the presence of all shrubs, both upland and wetland species, in 

relation to water-related features on the landscape may yield unclear results. Categorizing shrub 
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cover presence by species might give a better justification for the locations in which they choose 

to establish. 

 Conclusions 

In our systematic analysis of RS and GIS integration in grassland ecosystem health research 

(Chapter 7, (Soubry et al., 2021)), we found that around half of the studies we reviewed used RS 

and GIS to estimate ecosystem health, and only one study considered shrub encroachment as a 

threat to the grassland ecosystem. This reinforced to us the importance of mapping WPE using RS 

methods to enhance grassland management. To further our understanding, we conducted a 

comprehensive literature review on the use of RS for WPE detection (Chapter 2, (Soubry & Guo, 

2022b)) and prepared an opinion piece emphasizing the use of precise WPE definitions (Chapter 

1, (Soubry & Guo, 2022a)). These two chapters established the theoretical basis for using RS to 

quantify WPE, the state-of-the-art in RS technologies, and analytical methods used to monitor 

WPE. These chapters also identified current challenges and made recommendations for practical 

solutions. We followed up on the recommendations, initiating innovation to 1) quantify WPE using 

field-based and aerial data, and 2) gain insights on the local drivers of WPE.  

From the field-based data, we found that: 1) the earliest WPE can be identified when its 

summer cover reaches between 10% and 25% of an image pixel, 2) there are more spectral bands 

to identify woody cover in the spring, and 3) the correlation between the light spectra and shrub 

cover indicated four wavelength regions that are statistically significant, which differ by season 

(Chapter 3, (Soubry & Guo, 2021a)). We were also able to isolate the best season to spectrally 

discriminate between two common woody encroachers by generating simulated optical broadband 

data (Chapter 4, (Soubry & Guo, 2021b)). During our review in Chapter 2, we found that there is 

debate about WPE drivers, from which the importance of a multitude of local and global drivers 

has emerged (climate change, fire regime changes, soil and topography differences, etc.). Using a 

combination of optical aerial imagery (30cm spatial resolution), topo-edaphic and anthropogenic 

variables, we identified accurate shrub cover in a SK provincial park using an object-based 

approach (overall accuracy >92%) and connected it to local drivers (Chapter 5 & 6, (Soubry et al., 

2022; Soubry et al. 2023-under review)). These results were embedded in a WPE management 

plan for the park, which was developed by Dr. Dale Gross and Ms. Larissa Robinov (Government 

of Saskatchewan, 2022).  
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APPENDIX A: SUPPLEMENTARY MATERIAL FOR óIDENTIFICATION 

OF THE OPTIMAL SEASON AND SPECTRAL REGIONS FOR SHRUB 

COVER ESTIMATION IN GRASSLANDSô 

 

Figure A-1 Seasonal separability metrics results of Divergence (D) and Bhattacharyya distance (B), 

across all wavelengths for each defined shrub cover group. 

Table A-1 Average seasonal land cover % change of transect quadrats. 

 Spring to summer average change Summer to fall average change 

Stable Increase Decrease Stable Increase Decrease 

Grass cover (%) 0 9 ī7 0 7 ī10 

# quadrats 33 80 15 22 14 90 

% quadrats 26 63 12 17 12 71 

Shrub cover (%) 0 6 ī7 0 6 ī6 

# quadrats 43 33 46 48 34 43 

% quadrats 35 27 38 38 27 34 

Forb cover (%) 0 7 ī8 0 7 ī8 

# quadrats 51 46 29 40 36 51 

% quadrats 40 37 23 31 28 40 

Standing dead cover (%) 0 8 ī9 0 13 ī5 

# quadrats 30 48 47 11 107 7 

% quadrats 24 38 38 9 86 6 

Litter cover (%)  0 5 ī6 0 4 ī6 

# quadrats 27 24 64 45 17 64 

% quadrats 23 21 56 36 13 51 

Bare ground cover (%) 0 N/A ī5 0 N/A ī8 

# quadrats 107 0 8 125 0 3 

% quadrats 93 0 7 98 0 2 
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 Spring to summer average change Summer to fall average change 

Stable Increase Decrease Stable Increase Decrease 

Rock cover (%) 0 N/A ī8 0 7.5 ī5 

# quadrats 123 0 5 125 2 1 

% quadrats 96 0 4 98 2 1 

Other cover (%) 0 N/A ī5 0 5 ī5 

# quadrats 127 0 1 126 1 1 

% quadrats 99 0 1 98 1 1 

Table A-2 Average seasonal Plant Area Index (PAI) change of quadrat cover. 

  

  

Spring to summer Summer to fall 

Stable Increase Decrease Stable Increase Decrease 

PAI average change 0 0.81 ī0.25 0 0.43 ī0.69 

# quadrats 0 108 16 1 32 94 

% quadrats 0 87.10 12.90 0.78 25.20 74.02 

Table A-3 Average seasonal soil moisture change within transect quadrats. 

Soil moisture 

(m³/m³) 

Spring to summer Summer to fall 

Stable Increase Decrease Stable Increase Decrease 

 Average change 0 0.041 ī0.011 0 0.029 ī0.022 

# quadrats 0 113 15 2 69 57 

% quadrats 0 88.28 11.72 1.56 53.91 44.53 

Table A-4 Wavelength classification according to separability thresholds for the seasonal Transformed 

Divergence (TD), Jeffries-Matusita (JM) and M-Statistic (M) metrics. 

Season 
Separability 

metric 

Separation between 

shrub groups 

Separability class along the wavelength spectrum 

(%) 

Poor Moderate Good 

Spring 

TD 0% and ~100 % 32.2 22.9 44.8 

JM 0% and ~100 % 50.4 33.3 16.3 

M 
0% and ~100 % 24.4 75.6 

0% and 50.1ï75% 50.6 49.4 

Summer 

TD 0% and ~100 % 59.0 13.6 27.4 

JM 0% and ~100 % 70.6 13.7 15.7 

M 
0% and ~100 % 36.1 63.9 

0% and 40.1ï80% 53.3 46.7 

Fall 

TD 0% and ~100 % 58.3 9.6 32.0 

JM 0% and ~100 % 100 0.0 0.0 

M 
0% and ~100 % 58.9 41.1 

0% and 40.1ï75% 64.9 35.1 
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Table A-5 Mean simulated reflectance value (%) per Landsat 8 and Sentinel-2A band for each shrub cover group and season (B-Blue, G-Green, 

R-Red, RE-Red Edge, W. Vap.-Water Vapour). 

   Mean simulated reflectance value (%) 
 Shrub 

cover 

group 

Shrub 

cover % 

Landsat-8 Sentinel-2A 

  B G  R NIR SWIR 1 SWIR 2 B G R RE1 RE2 RE3 NIR RE4 W. Vap. SWIR 1 SWIR 2 

Spring 

1 0 5.6 8.3 8.8 23.7 25.3 15.9 5.9 8.4 8.8 12.4 19.6 21.6 22.9 23.7 25.1 25.5 16.0 

2 0.1ï10 5.4 8.1 8.4 23.8 24.4 15.0 5.7 8.2 8.4 12.0 19.7 21.8 23.0 23.9 25.1 24.6 15.2 

3 10.1ï35 5.3 8.1 8.4 24.1 24.0 14.6 5.6 8.2 8.4 12.1 20.1 22.2 23.4 24.2 25.6 24.2 14.7 

4 35.1ï50 4.7 7.5 7.4 23.3 23.1 13.8 5.0 7.6 7.4 11.3 19.5 21.4 22.6 23.3 24.9 23.3 14.0 

5 50.1ï75 3.4 6.4 5.2 26.0 20.9 11.3 3.7 6.6 5.1 10.3 21.9 24.2 25.3 26.1 27.2 21.1 11.5 

6 100 3.0 7.5 3.6 38.8 19.6 9.8 3.3 7.9 3.2 12.3 34.5 37.8 38.3 38.8 38.3 19.9 8.5 

Summer 

1 0 3.9 6.7 6.1 23.7 21.6 12.3 4.2 6.9 6.0 10.2 19.4 21.7 22.9 23.7 25.1 21.9 12.4 

2 0.1ï10 3.6 6.3 5.5 24.0 20.6 11.3 3.8 6.5 5.4 9.8 19.5 21.9 23.2 24.0 25.2 20.8 11.5 

3 10.1ï25 3.7 6.4 5.6 25.1 20.6 11.1 3.9 6.6 5.5 9.9 20.5 23.1 24.3 25.2 25.9 20.8 11.2 

4 25.1ï40 3.4 6.1 5.1 25.6 20.1 10.6 3.7 6.3 5.0 9.5 20.8 23.5 24.8 25.6 26.5 20.4 10.7 

5 40.1ï80 2.7 5.4 3.7 26.7 18.1 8.9 2.9 5.6 3.5 8.5 21.8 24.7 25.9 26.7 27.3 18.3 9.0 

6 100 3.8 7.7 4.5 42.0 19.2 7.2 4.1 8.0 4.2 12.3 35.3 39.8 41.1 42.0 42.1 19.5 7.3 

Fall 

1 0 4.9 7.5 9.2 21.4 25.7 15.4 5.2 7.5 9.4 12.4 16.4 18.3 20.2 21.4 24.2 25.9 15.6 

2 0.1ï20 4.8 7.3 9.0 21.6 25.5 15.1 5.0 7.3 9.2 12.3 16.5 18.4 20.4 21.6 24.5 25.8 15.3 

3 20.1ï40 4.2 6.9 7.8 21.8 22.8 13.2 4.5 6.9 7.8 11.6 16.9 18.8 20.7 21.8 24.4 23.0 13.4 

4 40.1ï75 3.5 6.5 6.2 21.8 21.1 11.6 3.8 6.7 6.1 11.0 17.2 19.0 20.7 21.8 24.2 21.3 11.8 

5 100 5.0 11.4 7.4 38.4 22.6 9.7 5.6 11.8 6.7 18.0 31.8 34.9 37.0 38.4 40.6 22.9 9.8 
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Table A-6 Mean simulated reflectance value per Sentinel-2B band for each shrub cover group and season (B-Blue, G-Green, R-Red, RE-Red 

Edge, W. Vap.-Water Vapour). 

  
Shrub cover 

group 
Shrub cover % 

Sentinel-2B mean simulated reflectance value (%) 

B G R RE1 RE2 RE3 NIR RE4 W. Vap. SWIR 1 SWIR 2 

Spring 

1 0 5.9 8.4 8.8 12.3 19.4 21.6 22.9 23.7 25.1 25.3 16.0 

2 0.1ï10 5.7 8.2 8.4 12.0 19.6 21.7 23.1 23.8 25.1 24.4 15.1 

3 10.1ï35 5.6 8.2 8.4 12.0 19.9 22.1 23.4 24.1 25.6 24.1 14.7 

4 35.1ï50 5.0 7.6 7.4 11.3 19.3 21.3 22.6 23.3 24.9 23.1 14.0 

5 50.1ï75 3.7 6.6 5.0 10.2 21.6 24.1 25.3 26.0 27.2 20.9 11.4 

6 100 3.3 7.9 3.2 12.1 34.0 37.7 38.3 38.8 38.4 19.7 8.4 

Summer 

1 0 4.2 6.9 6.0 10.2 19.2 21.6 22.9 23.7 25.1 21.7 12.4 

2 0.1ï10 3.8 6.5 5.4 9.7 19.3 21.8 23.2 23.9 25.2 20.6 11.4 

3 10.1ï25 3.9 6.6 5.5 9.8 20.2 23.0 24.3 25.1 25.9 20.7 11.1 

4 25.1ï40 3.7 6.3 5.0 9.4 20.5 23.5 24.8 25.6 26.5 20.2 10.7 

5 40.1ï80 2.9 5.6 3.5 8.4 21.5 24.6 25.9 26.7 27.3 18.1 8.9 

6 100 4.1 8.1 4.2 12.1 34.8 39.7 41.1 42.0 42.2 19.3 7.2 

Fall 

1 0 5.2 7.4 9.4 12.4 16.3 18.2 20.2 21.4 24.1 25.8 15.6 

2 0.1ï20 5.0 7.3 9.2 12.3 16.4 18.3 20.4 21.6 24.4 25.6 15.3 

3 20.1ï40 4.5 6.9 7.8 11.6 16.8 18.7 20.7 21.8 24.3 22.8 13.3 

4 40.1ï75 3.8 6.7 6.1 10.9 17.0 18.9 20.7 21.8 24.2 21.1 11.7 

5 100 5.6 11.8 6.7 17.8 31.6 34.7 37.0 38.4 40.6 22.7 9.7 
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Table A-7 Tukey Honestly Significant Difference (HSD) post-hoc adjusted p-values per Landsat 8 and Sentinel-2A band for each shrub cover 

group pair and season (B-Blue, G-Green, R-Red, RE-Red Edge, W. Vap.-Water Vapour). Red colored values are significant p-values within the 

95% confidence interval (adj. p-value<0.05) and yellow values are those that are significant within the 90% confidence interval, but not in the 95% 

confidence interval (adj. p-value between 0.05 and 0.1). 

  Tukey HSD post-hoc adjusted p-values  Yell. < 0.1 Red  < 0.05 

Season 

Shrub 

group 

pairs 

Landsat-8 Sentinel-2A 

B G  R NIR 
SWIR 

1 

SWIR 

2 
B G R RE 1 RE 2 RE 3 NIR RE 4 W. Vap. 

SWIR 

1 

SWIR 

2 

Spring 

1-2 0.780 0.876 0.566 1.000 0.753 0.975 0.779 0.904 0.565 0.900 1.000 1.000 1.000 1.000 1.000 0.760 0.482 

1-3 0.533 0.828 0.524 0.999 0.312 0.831 0.534 0.874 0.547 0.947 0.994 0.995 0.997 0.999 0.994 0.319 0.054 

1-4 0.001 0.050 0.001 1.000 0.096 0.753 0.001 0.087 0.001 0.175 1.000 1.000 1.000 1.000 1.000 0.097 0.020 

1-5 0.000 0.000 0.000 0.615 0.000 0.052 0.000 0.000 0.000 0.000 0.471 0.491 0.567 0.615 0.673 0.000 0.000 

1-6 0.000 0.004 0.000 0.000 0.000 0.000 0.000 0.318 0.000 0.999 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

2-3 0.999 1.000 1.000 0.999 0.971 0.996 0.999 1.000 1.000 1.000 0.996 0.998 0.999 0.999 0.989 0.971 0.832 

2-4 0.010 0.221 0.032 0.998 0.497 0.956 0.011 0.305 0.035 0.517 1.000 0.999 0.999 0.998 1.000 0.493 0.328 

2-5 0.000 0.000 0.000 0.566 0.000 0.117 0.000 0.000 0.000 0.001 0.432 0.463 0.525 0.566 0.601 0.000 0.000 

2-6 0.000 0.027 0.000 0.000 0.000 0.000 0.000 0.816 0.000 0.965 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

3-4 0.014 0.191 0.019 0.982 0.781 0.994 0.015 0.261 0.019 0.350 0.991 0.987 0.984 0.982 0.986 0.777 0.782 

3-5 0.000 0.000 0.000 0.675 0.001 0.190 0.000 0.000 0.000 0.000 0.588 0.597 0.650 0.675 0.804 0.001 0.000 

3-6 0.000 0.013 0.000 0.000 0.000 0.000 0.000 0.762 0.000 0.990 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

4-5 0.000 0.025 0.000 0.523 0.215 0.687 0.000 0.057 0.000 0.273 0.504 0.482 0.512 0.523 0.659 0.223 0.009 

4-6 0.000 1.000 0.000 0.000 0.000 0.043 0.000 0.857 0.000 0.204 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

5-6 0.223 0.004 0.000 0.000 0.642 0.911 0.469 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.686 0.000 

Summer 

1-2 0.106 0.206 0.141 1.000 0.546 0.304 0.108 0.233 0.140 0.573 1.000 1.000 1.000 1.000 1.000 0.554 0.304 

1-3 0.382 0.475 0.336 0.373 0.558 0.069 0.371 0.533 0.372 0.864 0.440 0.307 0.372 0.372 0.858 0.573 0.070 

1-4 0.011 0.025 0.004 0.190 0.276 0.012 0.010 0.039 0.005 0.184 0.307 0.174 0.195 0.189 0.538 0.281 0.012 

1-5 0.000 0.000 0.000 0.042 0.001 0.000 0.000 0.000 0.000 0.000 0.041 0.022 0.036 0.041 0.225 0.001 0.000 

1-6 0.992 0.004 0.000 0.000 0.053 0.000 0.999 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.059 0.000 

2-3 0.953 0.985 0.990 0.357 1.000 0.973 0.960 0.981 0.982 0.986 0.366 0.285 0.359 0.356 0.876 1.000 0.974 

2-4 0.840 0.830 0.551 0.177 0.982 0.528 0.806 0.878 0.602 0.924 0.259 0.162 0.184 0.176 0.525 0.982 0.530 

2-5 0.000 0.002 0.000 0.038 0.020 0.000 0.000 0.005 0.000 0.006 0.030 0.019 0.032 0.038 0.213 0.020 0.000 

2-6 0.666 0.000 0.012 0.000 0.494 0.000 0.522 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.518 0.000 

3-4 0.357 0.447 0.217 0.981 0.970 0.884 0.332 0.501 0.221 0.612 0.995 0.988 0.983 0.981 0.967 0.968 0.882 

3-5 0.000 0.000 0.000 0.531 0.014 0.001 0.000 0.001 0.000 0.001 0.472 0.439 0.494 0.531 0.625 0.014 0.001 

3-6 0.937 0.000 0.002 0.000 0.440 0.000 0.845 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.459 0.000 
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4-5 0.002 0.058 0.000 0.895 0.131 0.042 0.002 0.103 0.000 0.094 0.796 0.813 0.869 0.895 0.954 0.132 0.043 

4-6 0.210 0.000 0.395 0.000 0.865 0.000 0.121 0.000 0.106 0.000 0.000 0.000 0.000 0.000 0.000 0.880 0.000 

5-6 0.000 0.000 0.204 0.000 0.844 0.132 0.000 0.000 0.493 0.000 0.000 0.000 0.000 0.000 0.000 0.831 0.140 

Fall 

1-2 0.987 0.998 0.991 1.000 1.000 0.983 0.989 0.998 0.989 1.000 1.000 1.000 1.000 1.000 0.999 1.000 0.983 

1-3 0.093 0.778 0.017 0.997 0.022 0.002 0.133 0.840 0.006 0.804 0.990 0.987 0.995 0.997 1.000 0.023 0.002 

1-4 0.007 0.710 0.000 0.999 0.006 0.000 0.015 0.814 0.000 0.616 0.983 0.988 0.997 0.999 1.000 0.006 0.000 

1-5 0.999 0.000 0.008 0.000 0.042 0.000 0.819 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.049 0.000 

2-3 0.049 0.772 0.003 1.000 0.001 0.000 0.078 0.847 0.001 0.668 0.986 0.987 0.998 1.000 1.000 0.002 0.000 

2-4 0.005 0.745 0.000 1.000 0.002 0.000 0.012 0.852 0.000 0.547 0.982 0.992 0.999 1.000 1.000 0.002 0.000 

2-5 0.931 0.000 0.002 0.000 0.011 0.000 0.359 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.013 0.000 

3-4 0.374 0.989 0.090 1.000 0.632 0.199 0.478 0.996 0.039 0.959 0.999 1.000 1.000 1.000 1.000 0.633 0.201 

3-5 0.043 0.000 0.946 0.000 1.000 0.000 0.003 0.000 0.149 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 

4-5 0.003 0.000 0.382 0.000 0.774 0.111 0.001 0.000 0.864 0.000 0.000 0.000 0.000 0.000 0.000 0.753 0.117 

 

Table A-8 Tukey Honestly Significant Difference (HSD) post-hoc adjusted p-values per Sentinel-2B band for each shrub cover group pair and 

season (B-Blue, G-Green, R-Red, RE-Red Edge, W. Vap.-Water Vapour). Red colored values are significant p-values within the 95% confidence 

interval (CI) (adj. p-value<0.05) and yellow values are those that are significant within the 90% CI, but not in the 95% CI (adj. p-value between 

0.05 and 0.1). 

  Tukey HSD post-hoc adjusted p-values Yell  < 0.1  Red < 0.05 

Season Shrub group pairs 
Sentinel-2B 

B G R RE1 RE2 RE3 NIR RE4 W. Vap. SWIR 1 SWIR 2 

Spring 

1-2 0.779 0.907 0.565 0.892 1.000 1.000 1.000 1.000 1.000 0.755 0.471 

1-3 0.534 0.878 0.548 0.941 0.994 0.995 0.997 0.999 0.994 0.313 0.051 

1-4 0.001 0.090 0.001 0.158 1.000 1.000 1.000 1.000 1.000 0.096 0.019 

1-5 0.000 0.000 0.000 0.000 0.484 0.485 0.567 0.615 0.666 0.000 0.000 

1-6 0.000 0.400 0.000 0.976 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

2-3 0.999 1.000 1.000 1.000 0.996 0.998 0.999 0.999 0.989 0.971 0.828 

2-4 0.011 0.311 0.036 0.494 1.000 0.999 0.999 0.998 1.000 0.495 0.330 

2-5 0.000 0.000 0.000 0.000 0.442 0.458 0.525 0.565 0.595 0.000 0.000 

2-6 0.000 0.889 0.000 0.999 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

3-4 0.015 0.267 0.019 0.331 0.992 0.987 0.984 0.982 0.986 0.779 0.787 

3-5 0.000 0.000 0.000 0.000 0.601 0.593 0.650 0.675 0.799 0.001 0.000 

3-6 0.000 0.853 0.000 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

4-5 0.000 0.061 0.000 0.236 0.515 0.480 0.512 0.523 0.655 0.216 0.008 
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4-6 0.000 0.805 0.000 0.343 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

5-6 0.469 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.654 0.000 

Summer 

1-2 0.108 0.236 0.140 0.558 1.000 1.000 1.000 1.000 1.000 0.548 0.302 

1-3 0.371 0.541 0.373 0.851 0.466 0.303 0.372 0.372 0.860 0.562 0.068 

1-4 0.010 0.041 0.005 0.167 0.333 0.173 0.195 0.189 0.538 0.275 0.012 

1-5 0.000 0.000 0.000 0.000 0.048 0.022 0.036 0.041 0.220 0.001 0.000 

1-6 0.999 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.053 0.000 

2-3 0.959 0.980 0.981 0.987 0.383 0.281 0.358 0.355 0.882 1.000 0.973 

2-4 0.807 0.884 0.604 0.914 0.278 0.161 0.184 0.176 0.530 0.982 0.526 

2-5 0.000 0.006 0.000 0.005 0.035 0.019 0.032 0.037 0.210 0.019 0.000 

2-6 0.516 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.493 0.000 

3-4 0.333 0.507 0.222 0.596 0.996 0.989 0.983 0.981 0.967 0.969 0.881 

3-5 0.000 0.001 0.000 0.001 0.492 0.435 0.494 0.531 0.615 0.014 0.001 

3-6 0.841 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.439 0.000 

4-5 0.002 0.109 0.000 0.082 0.806 0.808 0.869 0.895 0.951 0.131 0.043 

4-6 0.119 0.000 0.099 0.000 0.000 0.000 0.000 0.000 0.000 0.866 0.000 

5-6 0.000 0.000 0.506 0.000 0.000 0.000 0.000 0.000 0.000 0.843 0.132 

Fall 

1-2 0.989 0.998 0.989 1.000 1.000 1.000 1.000 1.000 0.999 1.000 0.982 

1-3 0.133 0.844 0.006 0.790 0.991 0.986 0.995 0.997 1.000 0.022 0.002 

1-4 0.015 0.822 0.000 0.590 0.984 0.988 0.997 0.999 1.000 0.006 0.000 

1-5 0.820 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.043 0.000 

2-3 0.078 0.852 0.001 0.647 0.988 0.986 0.998 1.000 1.000 0.001 0.000 

2-4 0.012 0.860 0.000 0.519 0.984 0.991 0.999 1.000 1.000 0.002 0.000 

2-5 0.362 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.011 0.000 

3-4 0.478 0.996 0.037 0.954 0.999 1.000 1.000 1.000 1.000 0.631 0.200 

3-5 0.003 0.000 0.130 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 

4-5 0.001 0.000 0.878 0.000 0.000 0.000 0.000 0.000 0.000 0.771 0.099 
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APPENDIX B: SUPPLEMENTARY MATERIAL FOR óSEASONAL 

SPECTRAL SEPARATION OF WESTERN SNOWBERRY AND 

WOLFWILLOW IN GRASSLANDS WITH FIELD 

SPECTRORADIOMETER AND SIMULATED MULTISPECTRAL BANDS  

Table B-1 Wavelength classification according to separability thresholds for the seasonal Transformed 

Divergence (TD), JeffriesïMatusita (JM), and M-statistic (M) metrics. 

Season Separability 

metric 

Separability class (%) 

Poor Moderate Good 

Spring TD 84.83 1.92 13.25 

JM 93.71 6.29 0.00 

M 83.15 16.85 

Summer TD 80.40 2.04 17.57 

JM 80.76 4.80 14.45 

M 39.57 60.43 

Fall TD 99.90 0.12 0.00 

JM 100 0.00 0.00 

M 91.97 8.03 
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Table B-2 Mean simulated reflectance value (%) per Landsat 8 and Sentinel-2A band for each shrub species and season (B-Blue, G-Green, R-Red, 

RE-Red Edge, W. Vap.-Water Vapour, SWIR=Shortwave infrared). 
  

Mean simulated reflectance value (%) 
 

Shrub 

species 

Landsat 8 Sentinel-2A 

Season  B G  R NIR SWIR 

1 

SWIR 

2 

B G R RE 

1 

RE 

2 

RE 

3 

NIR RE 

4 

W. 

Vap. 

SWIR 

1 

SWIR 

2 

Spring W. 

Snow. 

3.0 7.5 3.6 38.8 19.6 8.4 3.3 7.9 3.2 12.3 34.5 37.8 38.3 38.8 38.3 19.9 8.5 

Wolfw. 8.3 11.8 9.7 34.9 19.3 10.8 8.7 12.1 9.4 14.8 30.8 33.9 34.4 34.9 34.0 19.5 10.9 

Summer W. 

Snow. 

3.8 7.7 4.5 42.0 19.2 7.2 4.1 8.0 4.2 12.3 35.3 39.8 41.1 42.0 42.1 19.5 7.3 

Wolfw. 9.3 13.5 11.0 55.4 23.8 12.3 9.7 13.8 10.7 17.5 45.9 53.3 54.5 55.4 54.1 24.0 12.4 

Fall W. 

Snow. 

5.0 11.4 7.4 38.4 22.6 9.7 5.6 11.8 6.7 18.0 31.8 34.9 37.0 38.4 40.6 22.9 9.8 

Wolfw. 9.8 14.9 14.2 53.2 32.7 18.4 10.3 15.2 14.0 22.1 43.4 49.3 51.7 53.2 54.1 33.0 18.5 

 

Table B-3 Mean simulated reflectance value per Sentinel-2B band for each shrub species and season (B-Blue, G-Green, R-Red, RE-Red Edge, W. 

Vap.-Water Vapour, SWIR=Shortwave infrared). 
  

Mean simulated reflectance value (%) 

Season Shrub 

species 

Sentinel-2B 

B G R RE 1 RE 2 RE 3 NIR RE 4 W. Vap. SWIR 1 SWIR 2 

Spring W. Snow. 3.3 7.9 3.2 12.1 34.0 37.7 38.3 38.8 38.4 19.7 8.4 

Wolfw. 8.7 12.1 9.4 14.7 30.4 33.8 34.4 34.9 34.1 19.3 10.8 

Summer W. Snow. 4.1 8.1 4.2 12.1 34.8 39.7 41.1 42.0 42.2 19.3 7.2 

Wolfw. 9.7 13.9 10.7 17.3 45.1 53.2 54.5 55.4 54.2 23.8 12.3 

Fall W. Snow. 5.6 11.8 6.7 17.8 31.6 34.7 37.0 38.4 40.6 22.7 9.7 

Wolfw. 10.3 15.2 14.0 21.9 42.9 49.1 51.7 53.2 54.2 32.8 18.5 
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APPENDIX C: SUPPLEMENTARY MATERIAL FOR óMAPPING SHRUB 

COVER IN GRASSLANDS WITH AN OBJECT -BASED APPROACH AND 

INVESTIGATING THE CONNECTION TO TOPOGRAPHIC FACTORSô 

 
Figure C-1 Landscape units of CHIPP West Block. 

 
Figure C-2 CHIPP West Blockôs grasslands by Range Ecosite classification. 










































































