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Abstract 
 

Recent technological advancements in next generation sequencing techniques, enabling the use 

of thousands of genetic markers across an individual’s genome, and continued improvements to the 

spatial resolution and information content of remote sensing data, present a unique opportunity to 

investigate the finest geographic scale at which genetic structuring within and between populations 

becomes detectable. However, in order to exploit the integration of both high resolution genetic and 

geospatial data, an understanding of the uncertainties associated with both data sets, and the accuracy 

requirements of landscape genetic analyses of geospatial models, is required. In this thesis, I begin by 

highlighting some sources of uncertainty and bias in landscape models derived from high resolution 

LiDAR data which have the potential to impact downstream analyses of the correlation between 

patterns of genetic structuring and landscape heterogeneity. I then investigate the patterns of genetic 

structuring between breeding aggregations of the spring peeper, Pseudacris crucifer.  

 I discovered that while different methodologies to derive land cover from airborne LiDAR data 

may result in similar overall accuracy, the configuration of landscape heterogeneity within the 

landscape, and class-specific recall and precision differed between models. A significant finding is that 

some classification methodologies did not accurately represent the contiguity of a road, which is often 

considered a putative barrier for amphibians. While ddRADseq could not resolve signatures of fine-scale 

genetic differentiation between breeding aggregations of Pseudacris crucifer within distances of <10 km, 

some differentiation between sampling locations separated by 60 km was detected. This grants some 

insight into the scale of genetic structuring of Pseudacris crucifer, and provides some representation of 

hylids in the population genetic literature. Ultimately this thesis highlights the importance for 

communication and collaboration between biologists and geospatial scientists to ensure the optimal 

modeling of heterogeneity with landscapes to address a wider array of applications in ecology and 
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landscape genetics, as well as an accurate representation of uncertainty in geospatial models in 

ecological and landscape genetic analyses. 

 

 

  



iv 
 

Co-Authorship 
 

Chapter 2: LiDAR for land cover classification: Impacts of data organization and unit of analysis 

Authors: Danielle Beaulne, Georgia Fotopoulos and Stephen C. Lougheed 

The article was conceived by Georgia Fotopoulos and myself. Analyses and writing were performed by 

myself. Georgia Fotopoulos provided advice and guidance. Georgia Fotopoulos and Stephen C. Lougheed 

edited the manuscript.   

 

Chapter 3: Fine scale genetic structuring of the spring peeper (Pseudacris crucifer) 

Authors: Danielle Beaulne, Georgia Fotopoulos and Stephen C. Lougheed 

Danielle Beaulne performed sample collection and DNA extraction. Sequencing was performed by a 

third party lab (Genome Quebec). I performed all analyses, with the guidance and advice of Stephen C. 

Lougheed. I wrote the manuscript, which was edited by Stephen C. Lougheed and Georgia Fotopoulos. 

 

  



v 
 

Acknowledgements 
 

 First and foremost, I would like to extend my sincerest thanks to my supervisors, Stephen 

Lougheed and Georgia Fotopoulos. With a background in Geological Engineering, I would have been lost 

in the world of Biology if it were not for Steve’s guidance. His unwavering support and encouragement 

over the past two years has enabled me to prosper into not only a young biologist, but a confident 

researcher and writer. Steve has taught me not only what it means to be a good scientist in the lab and 

in the office, but in the field and in the community as well. My experience in his lab has in no way been 

narrow, and I am deeply grateful of all of the wisdoms and little lessons imparted throughout the past 

two years. Georgia’s mentorship over the past two years has been pivotal in my development as a 

collaborative scientist as well as an independent researcher, and her advice has guided me through a 

transition into two scientific fields completely novel to me. Her eagerness and enthusiasm to support 

me through pursuing my passions and interests, her encouragement to pursue every possible 

opportunity, and her steadfast certainty that I will accomplish my goals has been invaluable.  

 While I only have two supervisors on paper, Alex Braun has been an unofficial addition. Through 

lab meetings, TAships, field work and off-topic conversations I am grateful for all of his support, 

encouragement, and insightful ideas. I would also like to thank Shelley Arnott and Rob Harrap for being 

on my advisory committee and for their sharp questions and comments which have challenged me to 

think deeper about my work.  

 I would like to thank everyone in the Lougheed and Geophysics  and Geodesy Lab for their help, 

guidance, mentorships, support, encouragement and most of all for the friendships that we have made. 

It has made this experience exceptional.  

 Finally, I would like to thank my friends and family for their unconditional love and support 

throughout these past two years. You are the reason why I have succeeded this far.   



vi 
 

Table of Contents 
 

Abstract ........................................................................................................................................................ ii 

Co-Authorship ............................................................................................................................................. iv 

Acknowledgements ...................................................................................................................................... v 

List of Figures ............................................................................................................................................. viii 

List of Tables ................................................................................................................................................ ix 

Symbols and Abbreviations ......................................................................................................................... x 

Chapter 1: General introduction and literature review .............................................................................. 1 

1.1 Landscape genetics ............................................................................................................................. 3 

1.2 Landscape ecology.............................................................................................................................. 4 

1.3 Population genetics ............................................................................................................................ 4 

1.4 Integration and the emergence of landscape genetics ..................................................................... 7 

1.5 Marker choice ..................................................................................................................................... 9 

1.5.1 Next Generation Sequencing ...................................................................................................... 11 

1.6 Geospatial data ................................................................................................................................ 12 

1.6.1 Optical imagery .......................................................................................................................... 16 

1.6.2 Light detection and ranging ....................................................................................................... 17 

1.6.3 Classification of remote sensing data ........................................................................................ 19 

1.7 Study species .................................................................................................................................... 21 

1.8 Study area ......................................................................................................................................... 22 

1.9 Research questions and hypotheses ............................................................................................... 23 

Chapter 2: LiDAR for land cover classification: Impacts of data organization and unit of analysis ........ 28 

2.1 Introduction ...................................................................................................................................... 28 

2.2 Description of data and methodology ............................................................................................. 31 

2.2.1 Study area and data description ................................................................................................ 31 

2.2.2 Classification workflow .............................................................................................................. 32 

2.3 Results .............................................................................................................................................. 39 

2.4 Discussion ......................................................................................................................................... 42 

2.4.1 Data organization ...................................................................................................................... 43 

2.4.2 Unit of analysis ........................................................................................................................... 44 

2.4.3 Image analysis technique ........................................................................................................... 45 

2.4.4 Land cover classes ...................................................................................................................... 46 



vii 
 

2.5 Conclusions ....................................................................................................................................... 49 

Acknowledgements ................................................................................................................................ 51 

Chapter 3: Fine scale genetic structuring of the spring peeper (Pseudacris crucifer) .............................. 61 

Chapter 4: General discussion ................................................................................................................... 75 

Chapter 5: General conclusions and future research ................................................................................ 81 

References .................................................................................................................................................. 83 

 

 

  



viii 
 

List of Figures 
 

Chapter 1 

Figure 1.1. Calling male spring peeper.  ...................................................................................................... 26 

Figure 1.2. Geographic range of the spring peeper. ................................................................................... 27 

 

Chapter 2 

Figure 2.1. Study area at Queen’s University Biological Station in Ontario, Canada. The landscape is 

relatively pristine with minimal anthropogenic alterations.. ..................................................................... 56 

Figure 2.2. Established workflow for the classification of land cover from airborne LiDAR data. ............. 57 

Figure 2.3. Classified land cover models, generated by permuting the organization of the data, the unit 

of analysis and the image analysis technique. ............................................................................................ 58 

Figure 2.4. Comparison of fine-scale classification errors between all six land cover models. .................. 59 

Figure 2.5. Comparison of fine-scale classification errors between all six land cover models. .................. 60 

 

Chapter 3 

Figure 3.1. Map of sampling locations. ....................................................................................................... 72 

Figure 3.2: Percentage explained by each eigenvalue in a PCoA analysis. ................................................. 73 

Figure 3.3. Pairwise relatedness between individuals, calculated using five relatedness metrics. Plotted 

against Euclidean distance between individuals. ....................................................................................... 74 

  



ix 
 

List of Tables 
 

Chapter 2 

Table 2.1. Summary of LiDAR-derived parameters used for direct classification of the point cloud and 

classification of the derived raster surfaces……………………………………………………………………………………………52 

Table 2.2. Summary statistics including overall accuracy, precision, and recall of all land cover models, 

averaged over all land cover classes. .......................................................................................................... 53 

Table 2.3. Precision and recall for individual land cover classes in all land cover models. Land cover 

classes are: fields (FI), coniferous and mixed forests (FOC), deciduous forests (FOD), inundated forests 

(FOI), open water (OW), roads (RD), rock barrens (RO), and wetlands (WE). ............................................ 54 

Table 2.4. Confusion matrix for the TRP model. Trends in this confusion matrix are representative of the 

other five models. Land cover classes are: fields (FI), coniferous forests (FOC), deciduous forests (FOD), 

inundated forests (FOI), open water (OW), roads (RD), rock barrens (RO), and wetlands (WE). .............. 55 

  



x 
 

Symbols and Abbreviations 
 

AFLP - Amplified Fragment Length Polymorphism 

ALS – Airborne Laser Scanning 

bp – (nucleotide) base pair 

DAPC – Discriminant Analysis of Principle Components 

ddRADSeq – double digest Restriction-Site Associated DNA Sequencing 

DEM – Digital Elevation Model 

Dps – Proportion of shared alleles 

EM – Electromagnetic  

FPP – LiDAR land cover model; organized by Flightstrip, direct classification of Point cloud using PBIA 

FRO – LiDAR land cover model; organized by Flightstrip, use of derived Raster surfaces and OBIA 

FRP – LiDAR land cover model; organized by Flightstrip, use of derived Raster surfaces and PBIA 

GNSS – Global Navigation Satellite System 

IMU – Inertial Measurement Unit 

Km – Kilometer  

LiDAR – Light Detection And Ranging  

m – Minimum depth of coverage required to create a stack 

M – Maximum number of nucleotide differences allowed between stacks within individuals  

n – Maximum number of nucleotide differences allowed between stacks between individuals 

NDVI – Normalized Difference Vegetation Index 

NGS – Next-Generation Sequencing 

NIR – Near-infrared 

OA – Overall Accuracy 

OBIA – Object-Based Image Analysis 

PBIA – Pixel-Based Image Analysis 

PCR – Polymerase Chain Reaction 

PCoA – Principal Coordinates Analysis 

r – Relatedness 

https://en.wikipedia.org/wiki/Amplified_fragment_length_polymorphism


xi 
 

RADseq – Restriction-Site Associated DNA Sequencing  

SAR – Synthetic Aperture Radar 

SNP – Single Nucleotide Polymorphism 

TPP – LiDAR land cover model; organized by Tile, direct classification of Point cloud using PBIA 

TRO – LiDAR land cover model; organized by Tile, use of derived Raster surfaces and OBIA 

TRP – LiDAR land cover model; organized by Tile, use of derived Raster surfaces and PBIA 

µsat – microsatellite 

 

  



1 
 

Chapter 1: General introduction and literature review 
 

 Central to the study of evolution and the impacts of natural selection in the world is a clear 

understanding of how organisms are structured into populations, lineages, and ultimately species. By 

integrating genetics with palaeontology, natural history, and Wallace’s and Darwin’s key tenets of 

evolution, Sewall Wright, J.B.S. Haldane, Ronald Fisher, George Gaylord Simpson, and others laid the 

foundation for modern population and landscape genetics that seeks to understand the patterns of 

genetic structure in natural populations. Relating such patterns to environmental heterogeneity and 

natural processes can, in turn, inform basic ecological questions, conservation efforts, and management 

of invasive or endangered species, among myriad other insights (Epps et al. 2007, Estoup et al. 2010, 

Hunter et al. 2012, Mee et al. 2015, Root et al. 2009, reviewed in Bowman et al. 2016).  However, both 

the genetic and spatial scale of investigation is typically limited by the resolution of the genetic markers 

used to quantify population structure, and by the methods used to develop models of environmental 

heterogeneity. With recent technical advances in DNA sequencing, advanced remote sensing 

techniques, and the integration of spatial statistics, there is an emerging opportunity to quantify genetic 

patterns and the effects that the interplay of microevolutionary processes have at finer geographical 

scales than was ever possible before.  

Combining landscape models, derived from high-resolution remote sensing data and new 

genomics methods, may help us to elucidate better the impact of microevolutionary processes across 

hierarchical spatial scales and at previously unattainably-fine geographic scales to understand the 

origins of genetic structure. It is known that different landscape features influence gene flow at different 

spatial scales in some taxa. For instance, in the European tree frog, Hyla arborea, only rivers impeded 

gene flow at distances of less than 2km (Angelone et al. 2011). However, at greater distances, other 

landscape features such as forests and roads emerge as impediments to gene flow, while hedgerows at 
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this scale facilitated it. Thus, the increasing accessibility of detailed landscape data coupled with 

increased availability of genome-wide panels of DNA markers, make possible investigations of 

microevolutionary processes at the scale of kilometers, and help us to understand the mechanisms by 

which genetic diversity originates and is shaped across heterogeneous landscapes.  

Investigating genetic structure at fine geographic scales has implications for studies of species 

that are at risk or undergoing population declines. Such taxa will likely have experienced habitat loss and 

fragmentation, as a consequence of both anthropogenic effects and climate change. These can cause 

contractions of species’ ranges, isolation among previously connected conspecific populations, 

diminution of effective population sizes, and ultimately diminished genetic diversity (Fischer and 

Lindenmayer 2007, Parmesan 2006, Rubidge et al. 2012, Wilson et al. 2005). Consequently, we should 

target these shrinking landscapes to understand better the processes acting on these increasingly 

fragmented and isolated populations. In sum, the ability to resolve fine-scale genetic structuring across 

heterogeneous landscapes, and understand the environmental features affecting this structuring, can be 

used to inform conservation decisions, helping to mitigate human-created barriers to gene flow or re-

establish habitat connectivity.  

As I outline below, due to recent advances in genomic sequencing techniques, we are now 

better able to resolve fine-scale genetic differentiation among individuals and populations, where other 

markers did not permit such evaluations (e.g. Benestan et al. 2015). Likewise, state-of-the-art remote 

sensing technologies have significantly improved the spatial, temporal and thematic resolution of 

geospatial data. However, studies that integrate genomic and remote sensing data have not typically 

availed themselves of the latest advances in each field. This presents an as-yet under-exploited and 

exciting opportunity to investigate the finest geographic scales at which microevolutionary processes 

generate genetic diversity.  
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 A fundamental aspect of working with high-resolution data, however, is introduction of novel 

error types which must be addressed during processing. For example, for genomic data we must limit 

PCR or sequencing errors that can emerge with such massive datasets (where a single Illumina run can 

yield over 200 million individual sequences). Similarly, when working with high-resolution geospatial 

data, it is important to address the impacts of uncertainties introduced into landscape models during 

data acquisition and processing to ensure that the final chosen model is both accurate and robust. In the 

following text I discuss the emergence of the foundations of landscape genetics, the importance of 

marker choice, geospatial data, and my study system. 

1.1 Landscape genetics 

Landscape genetics seeks to unite the previously somewhat disparate domains of landscape 

ecology, population genetics, and spatial statistics. Although the landmark paper for landscape genetics 

was published in the early 2000s (Manel et al. 2003), the earliest studies recognized as being seminal to 

the formation of this new field extend back to the 1990’s (references cited in Holderegger and Wagner 

2006, Storfer et al. 2010). The explicit call for a multidisciplinary approach to integrating landscape and 

genetic data (Balkenhol et al. 2016a, Sork and Waits 2010) encouraged much constructive discourse and 

collaboration among scientists from these complementary fields (Holderegger and Wagner 2006, Manel 

et al. 2003, Storfer et al. 2007). While the definition will likely continue to develop and expand, 

landscape genetics is currently defined as “… research that combines population genetics, landscape 

ecology, and spatial analytical techniques to explicitly quantify the effects of landscape composition, 

configuration, and matrix quality on microevolutionary processes, such as gene flow, drift, and selection, 

using neutral and adaptive genetic data” (Balkenhol et al. 2016b). To better understand the role that 

landscape genetics plays in contemporary biology, I start by introducing the fields of landscape ecology 

and population genetics.  
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1.2 Landscape ecology  

The primary focus of landscape ecology is on spatial biological patterns in landscapes and their 

relationship to ecological processes occurring therein (Turner 1989, Wiens 1992). This field explicitly 

addresses assumptions commonly made in ecology and population genetics, which historically often 

assumed landscapes to be homogenous and stable in space and time (Kareiva and Wennergren 1995). 

At the outset, studies in landscape ecology were largely focused on the impacts of human activity on 

wild species and ecosystems. However, landscape ecology has now expanded to include studies of 

natural processes within pristine natural systems (Turner 2005). Through studying how landscape 

patterns, such as variation on composition and configuration, affect ecological processes and population 

responses including dispersal, distribution, abundance and persistence, landscape ecologists seek to 

understand the reciprocal effects that landscapes and species have on each other (Turner 1989). 

Landscape ecologists, at least historically, did not collect genetic information from individuals and 

populations, as this was within the realm of population genetics. Like all scientific fields, landscape 

ecology is also undergoing rapid advances in data acquisition and processing techniques to 

accommodate ‘big data’ trends (Potter et al. 2016). Advances in computational power have enabled the 

use of higher-resolution data over larger spatial extents, and allowed development of more accurate 

landscape models, thus broadening the list of potential applications of remote-sensing data. While the 

influence of landscape heterogeneity on population structuring is the focus of most research, the impact 

that some species have on creating and/or maintaining landscape heterogeneity is also studied (Jones et 

al. 1997, Turner 2005).  

1.3 Population genetics 

Population genetics seeks to understand the processes that shape differences in the frequencies 

and distribution of alleles and genotypes within and among populations. The interplay among the four 
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microevolutionary forces, genetic drift, selection, mutation, and gene flow (Box 1) can change the 

genetic composition of populations over time, and differences in the direction of this change between 

populations can subsequently create genetic structuring across spatial scales. Mutation, coupled with 

recombination that reshuffles existing variation, is the ultimate source of all genetic diversity, upon 

which genetic drift, gene flow and selection act (Hartl and Clark 2007). Genetic drift will decrease the 

genetic diversity within a population over time, with more pronounced effects in populations with 

smaller effective population size (Hartl and Clark 2007). If populations remain physically isolated from 

each other such that gene flow is reduced or impeded entirely, then genetic drift will cause them to 

diverge. Finally, selection on genotypes within populations that influence fitness may exert diversifying, 

stabilizing, or homogenizing effects on population structure (Hartl and Clark 2007). Stabilizing selection 

will tend to prevent differentiation among populations and preclude divergence in allele frequencies at 

least for those loci related to key adaptive traits and genes physically linked to them. Convergent 

selection may homogenize different populations that were once distinct entities, while diversifying 

selection tends to cause increased differentiation among populations, with each adapting to its local 

environment. Gene flow is the movement of alleles among populations that can counter the diversifying 

effects of genetic drift or selection (Slatkin 1987). Thus, gene flow will tend to make populations more 

genetically uniform, but may also facilitate the spread of novel alleles increasing genetic diversity in 

recipient populations. Ultimately, gene flow will suppress the evolution of genetic structure. 

Population genetics studies then typically seek first to quantify the structure and temporal 

dynamics of allele frequencies within and between populations, and then to understand how the 

aforementioned processes generate patterns of genetic diversity. This can be used to test hypotheses 

about evolutionary history (Austin et al. 2002), habitat fragmentation (Row et al. 2010), and to inform 

conservation practices though identification of isolated populations (Snetsinger 2017, Xuereb et al. 

2012). Much of this work in population genetics not only assumes a homogeneous or simple landscape, 
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but also often treats sampling locales as ‘populations’ that are the units of analysis, tacitly assuming that 

they have some demographic reality (Hartl and Clark 2007). 

Box 1: The four microevolutionary forces (modified from Hartl and Clark 2007) 

Mutation: The source of all genetic diversity, mutations are random alterations in the genetic code 

(DNA or RNA) of individuals. These can be simple point mutations, which are simply substitutions of 

one nucleotide base for another, or deletions, insertions, or larger-scale changes like translocation or 

inversion of entire segments of chromosomes. 

Genetic drift: Fluctuations of allele frequencies within a population over time due to random 

sampling errors of gametes each generation. Genetic drift will tend to decrease genetic diversity, and 

has more pronounced effects in populations with small effective population sizes.  

Gene flow: The movement of alleles from one population to another (can be unidirectional or 

bidirectional). Populations receiving alleles will tend to increase in genetic diversity. Ultimately, gene 

flow is a homogenizing force, which will inhibit genetic differentiation among populations. 

Selection: The increase in frequency of alleles within a population that are beneficial to individuals, or 

decrease of alleles that are detrimental. This can refer to both natural selection, where 

environmental factors impact relative survivorship or reproduction among genotypes, or sexual 

selection, where members of one sex choose from among individuals of the opposite sex, or 

members of the same sex compete for access to individuals of the opposite sex.  
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1.4 Integration and the emergence of landscape genetics 

While landscape ecology focuses on the impacts of landscape heterogeneity on species 

distributions, and community composition and functioning, until recently there was little emphasis on 

how variation in landscape composition and configuration affects the genetic structure of a species or 

populations within heterogeneous landscapes (Turner 2005). Likewise, though population genetics 

originally sought to study the causes and consequences of genetic structuring of species and 

populations, the traditional approach did not relate vegetational, climatological, topographical, or other 

environmental, landscape-level variables to the observed patterns of genetic structuring. Therefore, the 

final step in understanding this landscape-species relationship was to integrate quantification of genetic 

structure of populations within species or among related species with observed landscape patterns in a 

formalized, hypothesis-driven, and statistically-robust way.  

Since Manel et al.’s (2003) foundational paper on landscape genetics, the number of landscape 

genetics papers has burgeoned. For example, a simple search of the ‘Web of Science’ for the term 

“landscape genetic*” between 2003 and 2018 yielded 1,475 papers (search conducted 17 March 2018; 

search field ‘topic’). One of the most significant ways that landscape genetics has influenced the way 

that we quantify population structure focuses on the unit of analysis; rather than assume that collecting 

locale represents a ‘population,’ we can sample individuals within and across regions, and then seek to 

group them based in genotype (Manel et al. 2003, Prunier et al. 2013). This is a more objective way of 

designating populations (Manel et al. 2003, Shirk and Cushman 2014, Schwartz and McKelvey 2009).  

Undoubtedly the most revolutionary contribution of landscape genetics is the explicit correlation of 

genetic structuring to landscape features to test hypotheses of genetic connectivity and dispersal. 

Through such analyses, scientists can now identify landscape features that modulate gene flow, as 

opposed to assuming that the landscape is homogenous (Manel et al. 2003); moreover, landscape 
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features that influence genetic structuring may vary based on the spatial scale of analysis (Angelone et 

al. 2011), and this too can be directly addressed. Roads are a common focus of landscape genetics 

studies, and have been shown to have different effects depending on the ecology of the species being 

studied (Frantz et al. 2012, Waterhouse et al. 2017). Interestingly, species with nominally similar 

ecological attributes may display different patterns of genetic structuring within a landscape, and so it is 

crucial to consider all facets of life history when formulating hypotheses in landscape genetics studies 

(Richardson 2012). It is also important to test a suite of possible hypotheses regarding correlations 

between geospatial and genetic data, as apparent life history attributes of a focal species do not always 

relate to landscape genetic patterns in simple ways. For example, Peterman et al. (2014) discovered that 

the level of gene flow through good habitat was lower than through sub-optimal habitat for the western 

slimy salamander (Plethodon albagula), possibly due to compensatory movement behaviour. Explicit 

correlation between landscape features and genetic structuring has focused attention on how scientists 

model the landscape, as the spatial grain and thematic content of landscape models can impact 

landscape genetics analyses (Cushman and Landguth 2010). Landscape genetics can also be used in a 

predictive fashion, examining how future changes in genetic structure might result from anticipated 

environmental changes from climate change (Wasserman et al. 2012). 

This integration of landscape ecology and population genetics has benefited conservation 

biologists and wildlife managers. For example, landscape genetics has been used to assess population-

level prioritization of species at risk, informed population restoration efforts, and has been used to 

understand and manage invasive species (see Bowman et al. 2016 for a comprehensive review). Some 

specific examples include defining designatable units for American Badgers, Taxidea taxus (Ethier et al. 

2012), caribou, Rangifer tarandus (COSEWIC 2011 and references therein), and lake whitefish, 

Coregonus spp. (Mee et al. 2015). Landscape genetics has also revolutionized the way that movement 



9 
 

corridors are designed (Gubbi et al. 2016), and even provided insights into the most effective strategies 

for vaccinating populations of wildlife (Root et al. 2009).  

Many considerations are necessary before formally investigating a landscape-species relationship 

including: genetic marker choice, the best genetic metrics, sampling design and area to be sampled, 

choice of geospatial data, and statistical technique to be used to correlate the genetic and geospatial 

data. These decisions depend on the study objectives, and the life history and demography of the study 

organism (Hall and Beissinger 2014). I focus here on two of these considerations. The first is the choice 

of genetic marker, with particular attention to the more recent use of single nucleotide polymorphisms 

(SNPs) in landscape genetics studies. The second considers types of geospatial data available for 

landscape genetic studies, with particular attention to Optical Multispectral and Light Detection and 

Ranging (LiDAR) techniques. I include a discussion of sources of error in each of these geospatial 

methods. A comprehensive review of sampling design and statistical techniques is beyond the scope of 

this review (see Hall and Beissinger 2014, Cushman et al. 2016).  

1.5 Marker choice 

The choice of appropriate genetic marker is crucial in landscape genetics studies. Markers differ in 

whether they are selectively neutral or underlie a trait that influences fitness, and in their mutation rate, 

variability in nature, effective population size, and mode of inheritance (biparental or uniparental). All of 

these must be considered when deciding which marker to use in a landscape genetics study (Hall and 

Beissinger 2014, Waits and Storfer 2015). The most common class of genetic marker used thus far in 

landscape genetics is DNA microsatellites, with allozymes, amplified fragment length polymorphisms 

(AFLPs), random amplified polymorphic DNA’s (RAPDs) and mitochondrial DNA or chloroplast DNA 

sequences also having been employed in some studies (Storfer et al. 2010). To date, only a small 

percentage of studies have used SNPs in landscape genetic studies (Storfer et al. 2010). Below I discuss 

https://en.wikipedia.org/wiki/Amplified_fragment_length_polymorphism
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three major considerations for choosing an appropriate genetic marker (adaptive or neutral, uni- or bi-

parentally-inherited, and mutation rate). I also introduce Next Generation Sequencing (NGS), and 

specifically double-digest restriction-site associated sequencing (ddRADSeq) as this is the method that I 

use (Peterson et al. 2012). Data from these NGS methods have demonstrated an impressive ability to 

resolve fine-scale genetic structuring although not on the scale at which I focus (Benestan et al. 2015). 

The hypotheses of a particular study determine whether a neutral or adaptive marker (or both) 

should be deployed. Putatively selectively-neutral DNA markers  (i.e. those unaffected by selection) are 

useful for delineating patterns that are shaped by genetic drift and gene flow, and by extension 

quantifying genetic connectivity, effective population size, or levels of inbreeding (Row et al. 2010). 

Alternatively, adaptive markers can be used to understand patterns of local adaptation. For example, 

alleles of particular genes can vary across an environmental gradient as a response to local selection 

pressures (e.g. De Kort et al. 2014).  

Organellar markers (i.e. a marker contained either in the mitochondrial or chloroplast genome – 

hereafter mtDNA and cpDNA, respectively) are typically inherited through a single sex (uniparental). 

Thus choice of such markers will influence the conclusions that can be drawn from study of their 

variation in terms of patterns of gene flow, genetic drift, or selection. For example, vertebrate mtDNA is 

inherited maternally, and thus genetic patterns in mtDNA markers reflect matrilineal gene flow; because 

mtDNA is haploid as well, effective population size is approximately one-quarter that of biparentally-

inherited, diploid markers (Hartl and Clarke 2007). In contrast, patterns evident in diploid, biparentally-

inherited markers are influenced by gene flow and genetic drift of both sexes. Both uniparental and 

biparental markers can also be combined within the same study to test for sex-biased migration and 

gene flow (e.g. Austin et al. 2003). Because organellar DNA markers have smaller effective population 
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sizes than their nuclear counterparts (Avise 2004), genetic drift should act more quickly on mtDNA and 

cpDNA markers than on comparable nuclear DNA ones.  

The mutation rate of a marker is relevant when considering the spatial and temporal scales of a 

study. For instance, for a fine-scale landscape genomics study we expect low levels of genetic structure, 

and therefore markers with elevated mutation rates and high levels of variability should be used to 

resolve this structure. Nuclear DNA microsatellites (hereafter µsats) typically have high average rates of 

mutation and high variability, which make them ideal for resolving recent structuring among populations 

(Hall and Beissinger 2014, Waits and Storfer 2016). AFLPs also have high variability, but a low to 

moderate mutation rates, which limit their resolution; they are also dominant markers and this 

precludes some applications. SNPs have moderate to high mutation rates and moderate levels of 

variability, but with Next Generation Sequencing (NGS) and our ability to obtain large panels of SNP 

markers (Davey and Blaxter 2010), we can resolve fine-scale genetic structuring among closely-related 

individuals and populations (Benestan et al. 2015, Jahner et al. 2016). Both simulation (Landguth et al. 

2012) and experimental studies (Bradbury et al. 2015, Jeffries et al. 2016) show that this increased 

number of SNP loci can resolve fine genetic structure, while only using a fraction of the number of 

samples required for traditional markers such as µsats. This has the added benefit of reducing sampling 

effort, cost, and impact on the study species, some of which may be threatened or endangered. 

1.5.1 Next Generation Sequencing 

The advent of restriction-site associated sequencing (RADseq) techniques has made genomics 

available for use with non-model and wild organisms, whereas it was previously restricted to model 

species (Baird et al. 2008, Davey and Blaxter 2010). These ‘reduced-representation’ genomics 

techniques use restriction enzymes to digest the genome into fragments to be sequenced, resulting in 

hundreds to thousands of Single Nucleotide Polymorphisms (SNPs) per individual distributed throughout 
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the genome (Davey and Blaxter 2010). The increase in the number of DNA markers available, compared 

to tens of markers using traditional techniques such as µsats, enhances the ability of these markers to 

resolve genetic structuring between closely-related populations (Benestan et al. 2015, Jeffries et al. 

2016).  

Population genomics has been widely used to resolve previously undetectable genetic structuring 

(Benestan et al. 2015, Luikart et al. 2003, Wagner et al. 2013). However, the integration of genomics and 

landscape genetics is emerging as a new sub-discipline of landscape genomics (Joost et al. 2007), with a 

greater focus on quantifying adaptive differentiation across environmental gradients than on identifying 

neutral genetic structuring across landscapes (Joost et al. 2007, Manel et al. 2010, Manthey and Moyle 

2015, Rellstab et al. 2015, Storfer et al. 2016). A handful of studies have investigated the correlation 

between neutral genetic patterns using genomic tools and landscape features, although this has not yet 

been done on anurans (Barley et al. 2015, Jahner et al. 2016). 

1.6 Geospatial data  

Remote sensing data, commonly LiDAR and optical imagery collected from airborne platforms 

and satellites, have been incorporated into studies of the Earth’s biosphere for decades, and have been 

integral in the study of biodiversity, ecology, and conservation (Kasischke et al. 1997, Kerr and 

Ostrovsky 2003, Nagendra et al. 2013, Turner et al. 2003, Wang et al. 2010), and an essential 

component of landscape ecology (Frohn 1998) and landscape genetics (Manel et al. 2003, Storfer et al. 

2007) research. While research has been done on the impacts of spatial resolution, thematic resolution, 

and the extent of landscape models on landscape genetics analyses (Cushman and Landguth 2010), 

there has been little investigation into potential biases introduced by uncertainties associated with data 

acquisition, pre-processing and classification of remote sensing data despite calls by landscape 
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ecologists and geneticists for clarity in these steps (Lechner et al. 2012, Shao and Wu 2008, Storfer et al. 

2007). 

While there has been no extensive review of the types of remote sensing data used specifically 

in landscape genetics, and often a lack of direct reference to the source of the data (Storfer et al. 2010), 

land cover is a variable frequently tested for correlations with patterns of genetic structuring (e.g. 

Cushman et al. 2006, Dileo et al. 2013, Unfried et al. 2013). Topographical models such as digital 

elevation models (DEMs) are also frequently used, and in studies at finer spatial scales are derived from 

LiDAR surveys (Manel et al. 2010). Recently, habitat structural metrics have also been tested in a 

landscape genetics context (Milanesi et al. 2016). The ensuing discussion of the uncertainties that must 

be addressed when using remote sensing data will focus on multispectral and LiDAR techniques, which 

are the data types used throughout my thesis.  

Remote sensing is the acquisition of information about a distant object, without making direct 

physical contact (Cracknell and Hayes 2007). Here I focus primarily on data collected through the use of 

electromagnetic (EM) radiation. Remote sensing techniques can be categorized as being passive or 

active, as well as based on their spatial, spectral, and temporal resolution, scene size, and the type of 

data collected (see Box 2). To make this information usable by landscape ecologists and landscape 

geneticists, these data are then often processed and classified to generate models which represent 

features or processes of the Earth system relevant to understanding genetic structuring of populations 

and species such as land cover, topography and surface temperature. There are three main stages 

during which uncertainty can be introduced into any models derived from remote sensing data: data 

acquisition, data pre-processing, and classification (Prasad et al. 2011). This section will primarily 

address optical imagery collected from satellite platforms and airborne LiDAR remote sensing 

techniques, which are commonly used for biological research. The utility of both of these techniques to 
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developing landscape models of land cover and topography, and the uncertainties associated with this 

process, will be the focus of this section.  

Uncertainties introduced into the data through the data acquisition phase vary among remote 

sensing techniques, but there is one common source of uncertainty among all methods. To accurately 

georeference features/targets, the absolute position of the remote sensing instrument must be known 

with respect to an absolute reference system, typically through the use of global navigation satellite 

systems (GNSS) and reference stations. Remote sensing instruments, including LiDAR and optical 

sensors, are commonly mounted on dynamic platforms such as unmanned aerial systems (UAS), 

satellites, or airborne platforms. In these systems, the orientation of the sensor is monitored through 

the use of GNSS and an inertial measurement unit (IMU). Both of these have uncertainties associated 

with them when positioning the platform, including interpolation errors between GNSS measurements, 

uncertainties in the measurements provided by the IMU, and errors associated with the atomic clock of 

the GNSS and remote sensing units (Habib et al. 2009, King 2009, Toutin 2004). Satellite remote sensing 

systems, including synthetic aperture radar (SAR; Schwerdt et al. 2017), LiDAR (Huising and Pereira 

1998), and optical instruments (Rast et al. 1999), also must be calibrated before use and are subject to 

drift over time (see Muller 2014 and references therein). Uncertainties can also be introduced in the 

pre-processing stage, but these will not be discussed at length in my thesis. Nevertheless, it is 

imperative that users of remote sensing data understand all points at which uncertainty can be 

introduced into the final model.  
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Box 2: Defining key terminology in remote sensing (modified from Cracknell and Hayes 2007) 

Active remote sensing: sensors provide energy in the form of EM radiation, which illuminates the 

surface of interest. This energy is typically of a specific wavelength (e.g. light ranging and detection 

systems typically use wavelengths in the visible to near infrared range). The sensor emits an EM pulse, 

then records the return signal.  

Information content: the type of information collected. For instance, optical imagery collects 

information on the spectral properties of an area of interest. Light detection and ranging (LiDAR) also 

collects information on the spectral properties of an area of interest, as well as the precise position of 

the target area. Synthetic aperture radar (SAR) techniques collect spectral information, as well as 

geometrical information about the surface of the area of interest.  

Passive remote sensing: sensors record naturally available energy, which may be emitted from the 

object being studied or reflected from sources of natural energy such as sunlight. Optical imagery is an 

example of a passive remote sensing technique.  

Scene: the total area captured within an image. Sometimes referred to as the image ‘extent’. 

Spatial resolution: the size of the pixels in the image. For large-scale surveys of landscape features, a 

pixel size of 1 metre x 1 metre is typically considered high resolution. 

Spectral resolution: the number of discrete windows of the EM spectrum, which are imaged. These 

windows are commonly referred to as bands, and each band corresponds to its own sensor. For 

instance, most multispectral remote sensors include sensors that collect information in red, green, and 

blue range of the EM spectrum.  

Temporal resolution: applies to satellite remote sensing; the time it takes to re-visit an area of interest. 
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1.6.1 Optical imagery 

Satellite-based optical remote sensing missions collect information in the visible to short 

wavelength infrared (0.4 – 13 µm) range of the EM spectrum, typically relying on energy generated from 

the sun. Each instrument is equipped with sensors that record energy within a defined window of the 

EM spectrum, referred to as bands. These sensors can have wide or narrower bands. Multispectral 

optical remote sensing typically involves up to 10 relatively wide spectral bands. Some of these bands 

correspond to the red, blue and green regions of the EM spectrum, as well as some bands in ultraviolet, 

near-IR, IR, and short wavelength infrared. The use of multiple sensors with the capacity to record 

incident EM radiation within specific windows of the EM spectrum is useful for collecting information on 

the spectral properties of a landscape. Different materials and features can be recognized by their 

unique spectral properties. For instance, vegetation is moderately reflective at green wavelengths (500-

600nm), highly reflective in the near-infrared (800-1300nm), and absorbent in the red wavelengths 

(600-700nm). This is the spectral signature of vegetation and can be used to distinguish vegetation apart 

from other features in an image of a landscape.  

Uncertainties accrued during data acquisition and pre-processing include those introduced due 

to the uncertainty in the positioning of the satellite (a minor contribution), curvature of the Earth, the 

rotation of the Earth beneath the satellite during data acquisition, distortion of terrain features such as 

mountains and valleys, and particularly the interference of the atmosphere on the EM signal (see Toutin 

2004 and references therein). These uncertainties can be addressed through georeferencing, 

orthorectification, and radiometric correction. Uncertainties which can impact classification for optical 

imagery include the presence of clouds which can obstruct the view from satellite-based sensors, and 

shadows which can obscure the perceived spectral properties of landscape features (Lu and Weng 2009, 
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Zhou et al. 2009). Other uncertainties that can be introduced in the classification stage are discussed in 

more detail in Section 1.6.3.  

1.6.2 Light detection and ranging  

 Airborne LiDAR systems, typically mounted on aircraft, are an active remote sensing technique 

used to derive topographic models of the landscape such as digital elevation models (DEMs), digital 

surface models (DSMs), and canopy height models (Vosselman and Maas 2010), and are increasingly 

being used to derive land cover (Antonarakis et al. 2008, Brennan and Webster 2006, Brzank et al. 2008, 

Höfle et al. 2009, Song et al. 2002). Instead of relying on naturally occurring EM radiation in the 

environment, they emit a directed laser of a specific wavelength (most commonly 532 nm, 1064 nm or 

1550 nm). There are two primary types of LiDAR systems: discrete return and full waveform (Wehr and 

Lohr 1999). I will focus on discrete return systems as it was used for the results in my study and to date 

are more prevalent in landscape genetics applications. A signal is emitted which travels towards an 

object of interest, interacts with it, and is reflected. Two types of information can be extracted from the 

return signal. The first is the spectral properties of the surveyed target at the wavelength of the laser 

used by the LiDAR instrument. LiDAR systems often only use one wavelength, but some systems are 

equipped with instruments which can emit or record information from two or more wavelengths, 

referred to as multispectral LiDAR systems (Matikainen et al. 2017, Morsy et al. 2017). The second type 

of information recorded is the precise position of the surface being surveyed. The position of the surface 

feature is determined using the laser ranging equation. By recording the time of flight (the time elapsed 

between the emission of a laser pulse and recording the return signal), and knowing the speed of light at 

which that pulse was travelling, the distance between the sensor and the feature can be calculated. This 

distance is calculated using the laser ranging equation (Vosselman and Maas 2010):  
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𝑐

𝑛
(1) 

where t is the time elapsed, R is the range from the sensor to the feature, c is the speed of light, and n is 

the refractive index of the medium (for airborne surveys, the refractive index of air is approximately 

1.00025, but depends on temperature, pressure, and the wavelength of light used). If the absolute 

position and orientation of the sensor is also known (through GNSS and IMU), the absolute position of 

the feature can be derived (Wehr and Lohr 1999).  

In discrete return systems, multiple return signals per emitted pulse can be recorded and this is 

useful for resolving the 3-dimensional nature of some landscape features such as forests (Lim et al. 

2003, Wehr and Lohr 1999). For instance, in a forested landscape part of the signal will be initially 

reflected at or near to top of the canopy. This may be the first return signal recorded by the sensor. 

However, some of the signal may penetrate through the canopy and reflect from different depths within 

the canopy, resulting in some intermediate returns. Part of the signal may also reach the forest floor, 

reflect from the ground and be recorded by the sensor as the final signal which has returned from that 

emitted pulse. Although SAR can image some aspects of the geometry of a surface, the ability to resolve 

3-dimensional structure is unique to LiDAR technologies (Gamba and Houshmand 2000, Vierling et al. 

2008).  

Uncertainties can be introduced throughout the process of generating landscape models from 

this 3-dimensional point cloud. The position and orientation of the sensor and the measured range both 

introduce uncertainty in the data acquisition stage. In pre-processing, LiDAR data undergo pre-

classification into ground and non-ground points to streamline the generation of topographic models, 

and filtering to remove outlier data. For instance, points that may be the result of reflecting from planes 

or birds are filtered from the acquired dataset by applying a threshold on the maximum allowable 
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difference in elevation between points. There are uncertainties associated with both of these processes. 

Uncertainties introduced in the classification stage are discussed in depth in Section 1.6.3.  

1.6.3 Classification of remote sensing data 

After pre-processing the data, they are commonly classified into models which are informative 

for biological applications, such as studies of biodiversity, ecology, landscape ecology, landscape 

genetics, or conservation management (Kasischke et al. 1997, Kerr and Ostrovsky 2003, Manel et al. 

2003, Nagendra et al. 2013, Turner et al. 2003, Wang et al. 2010). There are numerous stages to this 

classification process, each of which has associated sources of uncertainty. The three primary stages 

common to the classification of multispectral and LiDAR data are the image analysis technique 

employed, the classifier used, and the method of validation. There are two types of image analysis 

techniques: pixel-based image analysis and object-based image analysis. Pixel-based image analysis 

(PBIA) classifies each pixel individually, and is typically used with moderate to low-resolution imagery. 

Object-based image analysis (OBIA) techniques group neighbouring pixels with similar spectral 

signatures into ‘segments’, which are then input into the classification algorithm. This technique 

performs better when used to classify datasets with high spatial resolution (Blaschke 2010). The use of 

OBIA techniques requires the user to choose a segmenting algorithm, which assembles the pixels into 

groups of pixels called segments, as well as some parameters associated with the segmenting algorithm. 

The choice of image analysis technique and the choice of segmenting algorithm and associated 

parameters in OBIA, are potential sources of uncertainty in the final classified model. Models derived 

from PBIA and OBIA also have characteristic features, apparent in the configuration of landscape 

features in the models, unique to each technique. PBIA will often result in models with a moderate level 

of noise (individual pixel misclassifications), whereas models derived from OBIA are less noisy, and 
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misclassifications more often occur in coherent, continuous regions of the area of interest. This is 

demonstrated in Chapter 2 of my thesis.  

Land cover classification of remotely sensed data is commonly achieved using machine learning 

algorithms such as random forests (Gislason et al. 2006), support vector machines (Huang et al. 2002, 

Mountrakis et al. 2011), decision trees (Friedl and Brodley 1997, Pal and Mather 2003), and maximum 

likelihood (Otukei and Blaschke 2010). Each of these classifiers also has parameters that must be 

specified by the user. The optimal combination of these parameters is unique to each study, and so the 

choice of classifier and associated parameters will result in different models of the landscape. While 

models may have similar accuracies, differences in the configuration of land cover and the distribution 

of uncertainty between models may impact how the landscape is interpreted in studies of landscape 

ecology and landscape genetics. Therefore, a definitive choice of classifier and parameter space may 

introduce some uncertainty to the final landscape model.  

In supervised classification methods, training of the machine learning algorithm is sensitive and 

can introduce errors into the final classified model (Congalton 1991, Millard and Richardson 2015). To 

train a classifier, it is important to identify a sufficient number of training data for each feature being 

classified (Foody and Mathur 2004, Pal and Mathur 2003), and note that these training data represent 

that feature in the area of interest both spectrally and spatially (Congalton 1991, Pal and Mather 2003). 

The impact of choosing appropriate training data has also been demonstrated to have a more 

pronounced effect on high-resolution imagery (Chen and Stow 2002).  

It is crucial when using models derived from remote sensing data to understand all potential 

sources of error throughout the data acquisition, pre-processing and classification stages. Models are 

only approximations of reality; therefore a thorough investigation of the sources and consequences of 

uncertainty in the models is imperative. With increased demand for accurate landscape models, and 
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transparency of uncertainties associated with the models and error documentation (Storfer et al. 2007), 

it is becoming increasingly relevant for geospatial scientists to contribute to the literature and quantify 

uncertainties accrued through the acquisition, pre-processing, and classification stages of data 

acquisition in landscape ecology and genetics.  

1.7 Study species 

The spring peeper, Pseudacris crucifer (Figure 1.1), is a small, spring-breeding anuran in the tree 

frog family Hylidae, ranging in length at sexual maturity from 18 – 36 mm in length (Dodd 2013, and 

references therein). They are distributed throughout Eastern North America, from the James Bay 

Lowlands south to Florida and east Texas, and from the Maritimes west to central Manitoba (Figure 1.2). 

There are six diagnosed mitochondrial lineages of P. crucifer across their range (Austin et al. 2002, 

Austin et al. 2004, Stewart and Lougheed 2013), and at least three well supported nuclear lineages 

(Cairns and Lougheed, unpubl.).  

Pseudacris crucifer is closely associated with both wetlands and forest, although they are more 

commonly found in deciduous or mixed wood, rather than coniferous forests (DeGraaf and Rudis 1990). 

Habitat of sexually mature frogs in non-breeding season is primarily forests within 100-1000m of 

breeding ponds. They spend most of the year in leaf litter and surface debris, and as such are typically 

classified as a forest species and are even considered to be an indicator of forest health (Herrmann et al. 

2005, Knutson et al 2000). The home range of adult P. crucifer, outside of the breeding season, is 

centred on a small structural landscape feature and ranges in size from 2.5 – 23m2 (Delzell 1958).  

The breeding season for P. crucifer extends from late-winter to mid-spring, depending on latitude. 

Breeding occurs in most wetland types, with males commonly calling from emergent vegetation or along 

the periphery of water bodies, with a preference for non-permanent wetlands with hydroperiods 
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exceeding four months (Babbitt et al. 2003). This species exhibits natal philopatry, with individuals 

returning to the same pond where they were hatched to breed; the maximum recorded dispersal 

distance of a juvenile spring peeper of approximately 1.2 km (Delzell 1958). Despite low vagility and high 

philopatry in this species, Smith (2003) were not able to detect metapopulation dynamics at scales of 

less than 10 km through the study of their dispersal behaviour, although this may simply reflect lack of 

attendant statistical power and technical limitations rather than ecological reality.  

Pseudacris crucifer is an excellent study species for the study of fine-scale landscape genetics 

because of its limited vagility and philopatry, which both should promote genetic structuring at fine 

geographic scales (Delzell 1958). As indicated above, over its life cycle, P. crucifer is associated with 

forests and wetlands (Babbitt et al. 2003, Herrmann et al. 2005), with a preference for deciduous forests 

over coniferous forests, which may affect gene flow through different forest types (DeGraaf and Rudis 

1990). Spring peepers are also not typically found in open areas or open water because of the risk of 

predation, and are generally less abundant in water bodies with predatory fish (Babbitt et al. 2003). 

Therefore, we would predict that large bodies of open water and exposed areas will impede local gene 

flow and thereby affect fine-scale genetic structure.  

1.8 Study area 

The Queen’s University Biological Station (QUBS) is situated approximately 40 kilometers north of 

Kingston, Ontario. QUBS land holdings span 34 km2 and are characterized by reasonably pristine, 

heterogeneous landscapes (albeit containing secondary and not primary forests), including deciduous 

and mixed forests, wetlands, lakes, rivers, streams, and some old fields. It encompasses nine small lakes 

entirely with over 20 kms of additional shoreline. Although the entire area was heavily impacted by 

forest clearing, agriculture, and resource extraction in the 19th and early 20th centuries, anthropogenic 

alterations to the landscape now are typically minor and include the addition of paved 2-lane roads, 
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gravel roads, some scattered buildings, hydro lines, and some maintained fields. Some properties are 

adjacent to each other and thus the land base here is contiguous. However, not all of the properties are 

connected with some separated by privately-held lands.  

This site was chosen to better understand microevolutionary processes that shape population 

structure of P. crucifer under natural conditions, particularly dispersal and gene flow. Studies of the 

relationship between amphibians and landscape features commonly investigate the impact of altered 

landscapes (e.g. through fragmentation, degradation, urbanization, roads or traffic density) on genetic 

structuring (e.g. Carr and Fahrig 2001, Delaney et al. 2010, Eigenbrod et al. 2008, Goldberg and Waits 

2010). However, to truly understand individual species’ responses to anthropogenic changes in a 

landscape, we must first develop a baseline understanding of the causes and consequences of genetic 

structuring within natural landscapes (Cabe et al. 2007).  

1.9 Research questions and hypotheses 

 The objective of my thesis is to investigate the microevolutionary forces acting on populations of 

Pseudacris crucifer at a fine geographic (3-10km) and genetic scale. Assuming that genetic structuring 

among these populations is affected by the landscape (isolation by resistance, IBR) at fine scales, the 

resolution and processing of landscape models is likely to have an impact on the accuracy of landscape 

genetic analyses. It is therefore necessary to test various landscape models to quantify the impacts of 

error and uncertainty in these models on the subsequent landscape genetics analyses.  

This research is motivated by three main research questions: 

(Q1) Using individual-based landscape genomic approaches (e.g. comparisons of matrices using 

Mantel’s tests), does the spring peeper demonstrate statistically significant genetic structuring on the 

order of 3 - 10km spatial scales (including individual isolation by distance)?  
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H0: The spring peeper is not geographically structured at this scale.  

H1: The spring peeper demonstrates statistically significant genetic structuring at geographic 

scales of 3 - 10km, reflecting some limitations to dispersal.  

(Q2) If sampled breeding aggregations show statistically significant genetic differentiation at this 

physical scale, what factors best predict it? For example, if sampled breeding aggregations of spring 

peeper are genetically differentiated to some degree, do inter-individual genetic distances correlate 

with isolation by distance? Does landscape information extracted from remotely sensed data add to our 

ability to predict such genetic structuring?  

H0: Breeding aggregations show no clear pattern related to either geographic distance or 

landscape.  

H1: Genetic differentiation between breeding aggregations is best explained by straight-line 

Euclidian distance, and thus exhibits isolation by distance (Wright 1943). 

H2: Genetic differentiation between breeding aggregations is best explained by some features in 

the landscape, which may be conducive or resistant to gene flow, so-called isolation by 

resistance (McRae, 2006).  

(Q3) If I find statistically significant genetic structuring that relates to isolation by resistance, do I find 

that some models derived using different land cover classification workflows better predict genetic 

structuring?  

H0: Different landscape models generate the same results and interpretations in landscape 

genetic analyses.  
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H1: Information extracted from some landscape models better predicts genetic differentiation 

than do other models. 

1.10 Thesis outline 

This thesis is presented in manuscript format. Chapter 2 addresses the need for more rigorous 

testing and quantification of uncertainty and error in landscape models to be used as input for 

landscape genetic analyses. Specifically, the errors associated with the classification of land cover from 

light detection and ranging (LiDAR) are quantified by testing various modeling decisions throughout the 

classification process. Chapter 3 presents a pilot study of fine-scale landscape genomics analysis of 

Pseudacris crucifer using ddRADSeq data, testing whether genetic structure is discernable at this spatial 

scale, and investigating the impact of uncertainty and error on the input landscape models. Chapter 4 is 

a general discussion on the integration of geospatial and genetic data for improved understanding fine-

scale genetic structuring within a natural landscape, with a particular focus on the importance of 

thorough uncertainty analysis of the geospatial data. Chapter 5 presents the conclusions of this work, 

and summarizes the major findings. The appendix outlines the software used in Chapter 2. Information 

regarding the software used in Chapter 3 is included in the chapter directly.  

Chapters 2 and 3 are presented as manuscripts, and their titles are as follows:  

Chapter 2: LiDAR for land cover classification: Impacts of data organization and unit of analysis 

Chapter 3: Fine scale genetic structuring of the spring peeper (Pseudacris crucifer) 
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Figure 1.1. Calling male spring peeper. Photo by S.C. Lougheed. 
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Figure 1.2. Geographic range of the spring peeper. 
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Chapter 2: LiDAR for land cover classification: Impacts of data 

organization and unit of analysis 

 

2.1 Introduction 

The purpose of this paper is to address the uncertainties associated with widely-held practices 

for deriving land cover models from single wavelength, discrete return light detection and ranging 

(LiDAR) data. Accurate and high-resolution models of land cover classification are crucial for a variety of 

disciplines including forestry and vegetation mapping (Hansen et al. 2013, Xie et al. 2008), ecology and 

conservation monitoring (Nagendra et al. 2013; Wang et al. 2010), mapping and monitoring wetlands 

(Klemas, 2013), and monitoring changes in land-cover land-use (Rogan and Chen 2004). Airborne LiDAR 

surveys have been performed since the 1990’s (Baltsavias 1999, Wehr and Lohr 1999). Traditionally used 

to generate accurate digital elevation models (DEM’s), the potential for airborne LiDAR surveys to be 

used to classify land cover was first proposed by Song et al. (2002). Since then, land cover classification 

using LiDAR data has expanded to include a variety of land cover classes and sensor types, including 

multispectral (Morsy and Larocque 2016, Wang et al. 2014, Wichmann et al. 2015) and full-waveform 

instruments (Heinzel and Koch 2011, Neuenschwander et al. 2009, Ni-meister et al. 2018, Reitberger et 

al. 2008). However, discrete return LiDAR instruments were the most commonly used systems, and 

remain prevalent today. If methodologies are established for the accurate classification of land cover 

from LiDAR data, then value can be added to these archived LiDAR data, originally collected for the 

generation of DEM’s, by extracting land cover. Airborne laser scanning (ALS) surveys also show 

significant flexibility in the available resolution of LiDAR data since surveys can be customized based on 

the study requirements. Therefore, it is important to ensure that the methodology followed to derive 

land cover models from LiDAR data retain the highest resolution achievable, and that uncertainties and 

artefacts of common classification practices are well understood.  
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State-of-practice methodologies in classifying LiDAR data work directly with tiled data, using 

raster surfaces and object based image analysis techniques. However, it has been proposed that the 

impact of scan angle on the intensity response of non-Lambertian reflectors may be mitigated by 

organizing the data by flightstrip (Casto et al. 2015), and studies have indicated that direct classification 

of the LiDAR point cloud can lead to high accuracy models of the landscape without loss of resolution 

which commonly occurs when using LiDAR-derived raster surfaces (Brzank et al. 2008, Höfle et al. 2009). 

Object-based image analysis (OBIA) techniques have been established as having higher accuracy than 

point-based image analysis (PBIA) techniques in high-resolution imagery (Blaschke 2010). However, the 

impact of the choice of image analysis technique on the configuration of land cover in the final land 

cover models derived from LiDAR data has not been investigated, and may be applicable to other 

scientific fields such as landscape ecology and landscape genetics where both the accuracy of landscape 

models and the configuration of landscape features are highly relevant in analyses of the relationships 

between species and the environment. 

Current methods to address systematic errors in recorded intensity within a LiDAR survey due to 

range and incident angle typically assume that targets are Lambertian reflectors (Tan and Cheng 2017). 

However, specular reflectors such as open water bodies are common in natural landscapes. Therefore, 

this paper aims to test the hypothesis posited by Crasto et al. (2015) that organizing LiDAR data into 

flightstrips prior to classification may minimize classification errors in non-Lambertian reflectors. The 

intensity response of a specular reflector is dependent on the angle of incidence of the LiDAR signal. In 

calm open water bodies, the intensity response would therefore be correlated with the scan angle of the 

LiDAR instrument. At low scan angles, it would be expected that water would have a high intensity 

signature, whereas at higher scan angles (>3-5 degrees) most of the signal would be deflected away 

from the sensor, and water would exhibit a low intensity signature. While data collected from adjacent 

flightstrips are superimposed when data are organized into tiles, organizing the data by flightstrip will 
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prevent the overlapping of these two disparate intensity signatures of water bodies, from neighbouring 

flightstrips, and may therefore improve the classification accuracy of specular reflectors. 

Initial land cover models derived from 3D LiDAR point clouds rasterized derivative positional and 

intensity data prior to classification (Bakula et al. 2016, Brennan and Webster 2006, Charaniya et al. 

2004, Crasto et al. 2015, Song et al. 2002). This has the advantage of averaging multiple points per pixel, 

and enables the derivation of integrative LiDAR parameters such as point density and variation in 

elevation (Charaniya et al. 2004, Crasto et al. 2015). However, this may result in a loss of information, 

such as the raw intensity per point, and subsequent lowering of the resolution as data from individual 

points are averaged over the area of a pixel. While some studies have investigated the possibility of 

classifying the LiDAR point cloud directly (Brzank et al. 2008, Höfle et al. 2009, Malinowski et al. 2016), 

these studies focus only on distinguishing between land and water. 

It is well established that object-based image analysis (OBIA) out-performs pixel-based image 

analysis (PBIA) in the classification of high resolution images (Blaschke 2010), a trend that has been 

verified when deriving land cover from LiDAR data (El-Ashmawy et al. 2011). However, differences in the 

unit of analysis between the two techniques may lead to significant differences in the distribution and 

configuration of land cover in the final model. In PBIA, the unit of analysis is the pixel whereas in OBIA it 

is a group of pixels. This difference may influence the spatial configuration of land cover within a study 

area. In applications where configuration of land cover is also significant in the analysis of the landscape, 

such as landscape genetics (Manel et al. 2003), these differences may have significant effects in 

downstream analyses.  

The state of practice for determining the veracity of land cover models derived from LiDAR data is 

to provide a measure of accuracy, precision, recall, and/or kappa coefficient. However, other qualitative 

characteristics of landscapes may be of interest when classifying land cover. The configuration of 
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landscape features within a study area is relevant for a variety of scientific fields including ecology, 

landscape ecology and landscape genetics. The field of landscape genetics seeks to correlate observed 

patterns of genetic structuring with landscape features hypothesized to affect the movement or gene 

flow of species (Manel et al. 2003). For this purpose, an accurate representation of the configuration of 

landscape features is crucial. For instance, if it is hypothesized that a species’ movement or gene flow is 

inhibited by a road, then the contiguity of the road is essential for accurately modelling it as an 

uninterrupted feature. Similarly, if wetlands are good habitat and rock barrens are bad habitat for a 

particular species, then the frequent misclassification between these two land cover classes could result 

in an under- or over-estimation of suitable habitat. This may in turn impact studies of the species 

ecology in the study area or conservation management strategies. Therefore, it is important to not only 

accurately model the landscape, but do so in a way that maintains the configuration and contiguity of 

the land cover classes.  

In this paper I compare six methodologies to classify land cover from airborne LiDAR data 

collected using a single wavelength, discrete return system. Three processing decisions that must be 

made during the classification procedure, which have been un-tested or under-tested in literature, were 

investigated: (i) use of data organized as tiles or flightstrips, (ii) use of raster surfaces or point clouds, 

and (iii) use of point- or object-based image analysis techniques.  

2.2 Description of data and methodology 

2.2.1 Study area and data description 

An airborne LiDAR survey was performed from June 10-11, 2015 using a fixed wing aircraft and 

an Optech Gemini Airborne Laser Terrain Mapper, a discrete return system which emits a laser pulse at 

1064nm and is capable of recording up to four return signals. The resultant point cloud had a density of 

1 point/m2, and a precision of ±15.0 cm and ±30.0 cm in open and vegetated areas, respectively. The 
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study was performed over a subset of properties at the Queen’s University Biological Station (QUBS), 

which covers 34km2 in South Frontenac County approximately 40 km northeast of Kingston, Ontario, 

Canada (see Figure 2.1). QUBS and environs are reasonably pristine, heterogeneous landscapes, 

including deciduous and mixed forests, inundated forests, various types of wetlands, lakes, rivers, 

streams, barren rock outcrops, and some fields. Deciduous forests, open water and wetlands dominate 

the landscape. Recent anthropogenic alterations to the landscape are typically minor and include the 

addition of paved 2-lane roads, gravel lanes, some scattered buildings, hydro lines, and some 

maintained fields.  

2.2.2 Classification workflow 

A total of six land cover models were generated, the result of independently testing the impacts 

of three processing decisions on the accuracy and configuration of the land cover models.  Classification 

parameters that are not tested in this study were held constant between models (with few exceptions). 

Figure 2.2 outlines the classification decisions that were tested in this study, and summarizes the 

workflow established to derive each land cover model. The classification decisions tested are: the direct 

classification of a 3-dimensional point cloud (POINT) versus classification of a derived raster image 

(PIXEL), the organization of data into flight-strips (FLIGHTSTRIP) versus tiles (TILE), and the use of pixel- 

(PXL-BASED) versus object-based (OBJ-BASED) image classification techniques.  

The final models generated from these methodologies are compared by analyzing their overall 

accuracy and class-specific recall and precision. However, a numerical value for accuracy may not always 

convey the distribution of uncertainty within models. Therefore, differences in the configuration of 

landscape features between models are also compared.  
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2.2.2.1 Land types 

In all models, eight land cover classes were chosen to be classified. These classes were chosen 

based on their anticipated influence on dispersal of Pseudacris crucifer, informed through knowledge of 

their ecology and expert opinion, with additional land cover classes included to test the limits of the 

potential for LiDAR to discriminate between similar land cover classes.  These land covers are: fields, 

mixed and coniferous forests, deciduous forests, inundated forests, rock barrens, wetlands, open water 

and roads. Preliminary tests to sub-classify wetlands into cattail marshes and other wetlands indicated a 

limited ability to differentiate between these classes, and thus these were merged into one ‘wetland’ 

class. Discrimination between coniferous and deciduous forests using LiDAR-derived data is best 

performed when the LiDAR survey is collected in leaf-off conditions, but was attempted in this study to 

test the potential of LiDAR data to differentiate similar land cover classes in sub-optimal conditions 

(Liang and Matikainen 2007).  

2.2.2.2 Data processing 

Radiometric correction was not performed on the LiDAR data. Studies by Habib et al. (2011) and 

Yan et al. (2012) suggested that performing geometric calibration and radiometric correction can 

improve the accuracy of a land cover model by up to 7% and 12%, respectively. However, the overall 

accuracies of the land cover models in these studies do not exceed 70%, and do not incorporate other 

parameters derived from the LiDAR data, such as textural information. Im et al. (2008) demonstrated 

that >90% accuracy in land cover classification of LiDAR data can be achieved without radiometric 

correction or geometric calibration. It was assumed that since the study area is largely flat, range 

differences between points would have minimal impact on the recorded intensity of the LiDAR pulse, 

rendering radiometric correction unnecessary. Studies in areas with more highly variable topography, 

such as the Alps, benefit more from this type of calibration (Höfle et al. 2009). The incorporation of 



34 
 

textural and point density information derived from the LiDAR data can also improve the accuracy of 

classifying land cover without the need for geometric calibration or radiometric correction. Performing 

radiometric correction on these LiDAR data may improve accuracy, but it would likely affect all six 

models similarly and thus not affect the comparative results of this study.  

Data were available segmented in non-overlapping tiles, up to 1km x 1km in dimension. When 

classifying by tile, no modifications to the data were made. When classifying by flightstrip, data were 

separated into their respective flightstrips. This resulted in overlapping data sets since flightstrip overlap 

was approximately 50%.  

For point-based classification, the LiDAR data were classified directly. For classification of 

rasterized LiDAR data, points were gridded for each parameter of interest. A resolution of 2m was used 

for each raster surface, which optimized the resolution while minimizing the presence of no data cells 

and the requirement to interpolate, which could introduce another source of uncertainty.  

Parameters derived from the LiDAR data were held constant for the direct classification of the 

point cloud and the classification of the rasterized data, with some differences due to the nature of each 

unit of analysis. Eight parameters were used for the classification of both the rasterized data and the 

point cloud (Table 2.1). These were selected based on their ability to distinguish between land cover 

classes, and justifications for each parameter are outlined in Table 2.1. 

Intensity was established as a parameter for the discrimination of different surfaces since Song 

et al. (2002) first tested its viability, and has been extensively used since (Amolins et al. 2008, 

Antonarakis et al. 2008, Brennan and Webster 2006, Charaniya et al. 2004, Chasmer et al. 2014, Chen 

and Gao 2014, Crasto et al. 2015, El-Ashmawy et al. 2011, Höfle et al. 2009, Im et al. 2008, Lang and 

McCarty 2009, Yan et al. 2012). Intensity-derived metrics were also included in this study to measure the 

variability in intensity of different land cover classes (Antonarakis et al. 2008, Crasto et al. 2015, Goodale 
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et al. 2007, Höfle et al. 2009). Point density is also an established LiDAR parameter to distinguish 

between land cover classes, particularly between water and land (Brzank et al. 2008, Crasto et al. 2015, 

Höfle et al. 2009). Textual information derived from LiDAR point clouds are often used to complement 

land cover classification of optical remotely sensed data, but have also been used in the classification of 

LiDAR data into land cover classification models directly (Amolins et al. 2008, Antonarakis et al. 2008, 

Brennan and Webster 2006, Brzank and Heipke 2006, Charaniya et al. 2004, Chen and Gao 2014, Crasto 

et al. 2015, El-Ashmawy et al. 2011, Goodale et al. 2007, Im et al. 2008, Höfle et al. 2009). Metrics that 

can only be derived from the point cloud, including the classification, return number, and the number of 

returns per pulse, cannot effectually be converted to a raster and so have not been used in the 

classification of rasterized LiDAR data. Direct classification of the LiDAR point cloud can incorporate 

these parameters, and have been explored in one study by Amolins et al. (2008), reaching approximately 

75% accuracy. Crasto et al. (2015) also included scan angle in their classification scheme to account for 

the variability of open water in its intensity signature, a property of specular reflectors.  

2.2.2.3 Classification 

Classification of all models was performed using a supervised random forest approach (Breiman 

2001). Random forests perform as well as or better than other machine learning algorithms, including 

support vector machines (Pal 2005), decision trees and naïve Bayes (Malinowski et al. 2016), neural nets, 

logistic regression, bagged trees, boosted trees and boosted stumps (Caruana and Niculescu-Mizil 2006). 

Random forests also have the added benefits of high performance without calibration (Caruana and 

Niculescu-Mizil 2006), speed (Gislason et al. 2006), lower sensitivity to the selection of training data, and 

robustness to the dimensionality of the input dataset (Belgiu and Drăgu 2016). Random forest classifiers 

have also been used extensively for the purpose of land cover classification (Belgiu and Drăgu 2016, Guo 

et al. 2011, Malinowski et al. 2016, Rodriguez-Galiano 2012).  
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Comparisons in the relative performance of pixel- and object-based image analysis techniques 

for land cover classification from airborne LiDAR data have indicated higher performance from object-

based techniques (El-Ashmawy et al. 2011), an expected result when working with high-resolution 

imagery (Blaschke 2010). While Höfle et al. (2009) proposed a method for object-based image analysis 

of discrete-return LiDAR point data for water/land classification, this methodology adopts a region-

growing algorithm, which is difficult to apply when classifying multiple landscape features over a large 

spatial extent. Region growing algorithms are seeded with points which meet a certain threshold; for 

instance, Höfle et al. (2009) used a threshold of >90% intensity density for seeding water regions. In 

models with multiple land cover classes, which overlap in parameter space, this method would likely be 

prone to misclassification. A more adaptable approach to the direct classification of the LiDAR point 

cloud adopts the use of machine learning algorithms in a method similar to pixel-based image analysis of 

raster data, as performed by Malinowski et al. (2016) using full-waveform LiDAR data. Therefore, in this 

study OBIA was only performed on the rasterized LiDAR surfaces, while pixel- and point-based image 

analysis techniques were used for both the rasterized surfaces and the direct classification of the point 

cloud, respectively. Pixel-based image analysis was performed on the rasterized LiDAR surfaces as a 

more comparable analog to direct classification of the point cloud than OBIA.  

When classifying LiDAR data organized into non-overlapping tiles, data from all tiles were 

merged such that the entire study area was classified simultaneously. This enabled the maximum 

geographic distribution of training and testing data, and was assumed to capture the most variation in 

spectral and textural response of each land cover class. When classifying LiDAR data organized into 

overlapping flightstrips, each flightstrip was classified individually. Since not all land cover classes are 

uniformly distributed throughout the study area, this resulted in some flightstrips containing only a 

subset of the eight land cover classes being classified in this study.  Only deciduous forests, open water, 

rock barrens, and wetlands were distributed throughout the study area. Classification by flightstrip also 
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resulted in overlapping land cover models. Since the LiDAR points themselves do not overlap each other, 

no further processing to the classified point dataset had to be made before merging all flightstrips into 

one point-based land cover classification model for the study area. In the raster-based classification, 

overlapping pixels were not always of the same land cover class. In order to reconcile this, class 

probabilities were computed for each pixel and the land cover class that had the higher class probability 

was assigned to the pixel. This resulted in one, non-overlapping, land cover model of the study area.  

2.2.2.4 Validation 

Models were trained and cross-validated using polygons manually-derived from a combination 

of high resolution optical imagery collected over the study area, visual inspection of the LiDAR data, and 

in situ field visits of the study area. The optical imagery includes a QuickBird multispectral image with a 

resolution of acquired on September 4, 2005 and WorldView-2 multispectral images with a resolution of 

2m acquired on August 26, 2016 and April 23, 2017. The availability of mulitspectral images in leaf-on 

and leaf-off conditions permitted the inclusion of the normalized difference vegetation index (NDVI) as 

an additional parameter to inform the selection of training and validation data for wetlands, deciduous 

and mixed/coniferous forests. NDVI was calculated for each WorldView-2 image, using the red and the 

first near-infrared bands (NIR; bands 5 and 7 respectively), following the equation:  

NDVI =
NIR1 −  Red

NIR1 + Red
(2) 

proposed by Nouri et al. (2013) for the WorldView-2 mission specifically. Since the optical imagery, used 

to inform the selection of training and validation data, was not collected concurrently with the LiDAR 

data, there is limited ability to correctly train and validate land cover classes which fluctuate both 

seasonally and between years. This mostly affects the classification of wetlands whose depth, extent 

and hydroperiod can be highly variable. No major land use changes occurred over the study area from 
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2015 to 2017; therefore, there should not be any discrepancies in more stable land cover classes such as 

forests, fields, barren rock, roads or open water.  

The number of training and validation polygons required to inform the classifier and accurately 

test its performance is influenced by the number of parameters used in the classification and the 

organization of the input data into tiles or flightstrips. Typically, the rule of thumb is that the number of 

pixels (n) used to train a classifier and validate the resultant models should be 10p to 30p, where p is 

equal to the number of input parameters to the classifier (Mather 1999, Van Niel et al. 2005). However, 

this notion was tested by Van Niel et al. (2005), who discovered that 2p to 4p is sufficient to adequately 

train a classifier. When classifying data organized in non-overlapping tiles, all tiles can be classified 

simultaneously, requiring only one training and one testing data set for the entire study area. When the 

LiDAR data are organized into flight-strips, training and testing datasets must be developed for each 

flightstrip individually. This increases the total number of training and testing data sets required. Some 

flightstrips may only contain a subset of the eight land cover classes being classified, limiting the 

opportunity to apply the 8-class classifier universally across the study area. Some flightstrips may also 

only have a small area for a land cover classes, limiting the number of training polygons that can be 

derived for certain land cover classes. When a land cover class could not be confidently identified within 

a flightstrip, it was omitted from the classification. This was done to increase the confidence of the 

resulting models, maintain the integrity of the land cover classes which were present, and minimize the 

potential for errors of commission to propagate in the resultant models through uncertain assignment 

of less common land cover classes. Deciduous forests, open water, rock barrens and wetlands were 

identified in all flightstrips. Fields, coniferous forests, inundated forests and roads were less common in 

the study area and were not present in all flight-strips.  

For classification of LiDAR data organized into tiles, 80 training and validation polygons were 

identified for each land cover class. This is equal to 10p, since eight parameters were used as input for 
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the classifier. These training and testing polygons were spatially distributed throughout the study area 

and represent the spectral and textural variation present for each class. For classification of LiDAR data 

organized into flightstrips, an average of 50 polygons were identified as training and validation data. No 

less than 23 polygons were identified for any given land cover class in any of the flightstrips. Therefore, 

n ranged from 20p to 50p, within the requirements for accurately training a classifier (Van Niel et al. 

2005). These polygons were randomly divided into training and validation data, such that the data used 

to validate the land cover models were not used as input to train the classifier, thereby biasing the 

cross-validation accuracy. There is no standardized methodology for partitioning training and testing 

data when classifying land cover from LiDAR data, so two-thirds of the dataset was used to train the 

classifier and the remaining third was retained for validation, following Rodriguez-Galiano et al. (2012) 

who performed a land cover classification study using LANDSAT-5 TM data and a random forest 

classifier.  

2.3 Results 

Data organized by tile resulted in higher overall accuracy (OA) than organizing by flightstrip, as 

summarized in Table 2.. Models which employed OBIA consistently outperformed models which used 

PBIA. Direct classification of the LiDAR point cloud performed comparably to classification of LiDAR-

derived raster surfaces. TRO and FRO models outperformed all other classification methodologies in 

overall accuracy, while the lowest OA was achieved by FRP model. However, the differences in OA 

between the top five performing models may not represent a significant difference.   

Precision ranged from 89 – 94% among all models, with the FRO model achieving the highest 

average precision. Organizing data by flightstrip improved precision, and had either negative or neutral 

effects on recall. Models that used OBIA outperformed models that used pixel-based image analysis in 
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both precision and recall. Direct classification of the point cloud performed intermediately, in terms of 

both precision and recall, to PBIA and OBIA models, which classified LiDAR-derived raster surfaces. 

Fields and deciduous forests were both accurately classified with precision ≥92% and recall 

≥95% in all models (Table 2.3). Open water was also reliably classified with precision ≥87% and recall 

≥79% in all models. Coniferous forests, inundated forests, roads, rock barrens and wetlands were all 

classified with lower confidence. Precision and recall for coniferous forests ranged from 19 – 73% and 4 

– 29%, with the TRO model and FRO model performing the best respectively. The highest performing 

model for classifying inundated forests was FRO for both precision and recall, at 85% and 49%, 

respectively. Similarly, the TRO model achieved both the highest precision and highest accuracy for 

classification of roads, at 96% and 91% respectively. The highest precision for classification of rock 

barrens was achieved by the FRO model, while the FRO and TRO models performed comparably in terms 

of recall, reaching 93% and 94% respectively. The TRP and TPP models performed comparably in terms 

of classification precision for wetlands at 91% and 92% respectively, while the FRO model outperformed 

the other models in terms of precision, at 87%.  

The TRO model consistently achieved high precision for all land cover classes, aside from 

inundated forests, while the FRO model consistently achieved the highest recall for most land cover 

classes and was the highest performing model for the classification of inundated forests.  

Misclassifications between land cover classes typically occurred between spectrally and 

structurally similar land cover classes (Table 2.). Fields were only infrequently misclassified with rock 

barrens and wetlands. Coniferous and inundated forests were frequently misclassified as deciduous 

forests. Deciduous forests were infrequently misclassified as coniferous and inundated forests. Roads 

and rock barrens were frequently misclassified as wetlands. Rock barrens were also misclassified as 
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fields. Wetlands were primarily misclassified as open water, with some misclassifications as fields, roads, 

and rock barrens.  

The above misclassifications are apparent in Figure 2.3. While the models are seemly 

comparable, there are some notable areas of disagreement. It should first be noted that in the models 

with data first organized into flightstrips, only deciduous forests, open water, rock barrens and wetlands 

are present throughout the entire study area. The other land cover classes were not evenly distributed 

across the study area, and so some flightstrips did not contain training data of those classes. It can also 

be noted that the models that employed PBIA generated noisier models than those that used object-

based image analysis. This is particularly evident in less common land cover classes, such as coniferous 

forests and rock barrens. OBIA results in models with uncommon land cover classes clustered as 

segments. 

Three areas were identified in the land cover models, which exemplify some types of 

misclassifications in the models. Area A in Figure 2.3 should contain primarily water, but in the FRP and 

FPP models, a large extent of this open water is misclassified as wetland. Area B contains an inundated 

forest, which is best identified by the TRO and FRO models. Area C is an open body of water, but the 

TRO model misclassified a large portion of this lake as a wetland.  

Figure 2.4 illustrates an enlarged section of the land cover models. This figure more clearly 

exhibits the pixilation in the models, which employed PBIA and, to a lesser extent, the models derived 

from direct classification of the point cloud. In this figure, it can also be seen that models which used 

OBIA were better able to classify inundated forests and the road, which runs along the south-east corner 

on the figures. Wetlands are commonly misclassified as rock barrens in all models. One notable feature 

of the models that employed PBIA is the capability of identifying features at the pixel-scale. In the FRP 

and TRP models, streams can be resolved running through the wetlands in the northeast corner and 
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south-central regions of the study area. These streams are somewhat identifiable in the models derived 

from direct classification of the point cloud, but are not present in the models that employed OBIA. 

Fields, deciduous forest, and open water are robustly classified between all land cover models.  

Misclassifications between rock barrens and wetlands are common in most models. This is 

illustrated in Figure 2.5, where it can be seen that in the models which employed PBIA a significant 

number of rock barrens in the northwest corner were misclassified as wetlands. These errors were 

somewhat reduced in the models that employed OBIA, although the edge of rock barrens were still 

commonly misclassified as wetlands. This figure more clearly highlights the impacts of classifying by 

flightstrip. Since this part of the study area did not contain any training data for coniferous forests, the 

fightstrip-based models did not classify any coniferous forests. It is also clearer in this figure, particularly 

in the classification of coniferous forests in the TRP and TRO models, that PBIA results in models with 

more speckle than those which used object-based image analysis.   

2.4 Discussion 

Overall accuracies (OA) of all of the models presented in this paper ranged from 85 – 92%. While 

the FRP had the lowest OA of 85%, the relative performance of the remaining five models (OA ranging 

from 89 – 92%) is difficult to interpret due to the similarity in their performance. A range of 3% in overall 

accuracy indicates that the methodologies followed by the TRP, TRO, FRO, TPP and FPP models achieve 

similar accuracies, and that individual choices when classifying land cover from airborne LiDAR surveys 

may not significantly impact the accuracy of the final model. However, a combination of classification 

decisions may negatively impact the classification accuracy of land cover models, as in the case of the 

FRP model. The distribution of uncertainty and the configuration of land cover in the study area may 

also differ among land cover models, despite models achieving a similar accuracy. Therefore, it is 
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important to investigate the spatial distribution of uncertainty in the study area, between individual land 

cover classes, and in the configuration of land cover in the study area.  

These overall accuracies are comparable to other studies of land cover classification using 

LiDAR, such as Charaniya et al. (2004, OA = 66 - 84%), Brennan and Webster (2006, OA = 94 - 98%), 

Antonarakis et al. (2008, OA = 93.76 - 97.21%), Im et al. (2008, OA ≥ 90%), El-Ashmawy et al. (2011, OA = 

63.5 - 68%), Habib et al. (2011, OA = 30 - 70%), Singh et al. (2012, OA = 53 – 64%), Zlinszky et al. (2012, 

OA = 82.5%), and Chen and Gao (2014, OA = 93.6%). The accuracies of these models are even 

comparable to classification performed using full-waveform LiDAR data (Niemeyer et al. 2014, OA = 89 - 

94%; Guo et al. 2011, OA = 82 - 96%) and multispectral LiDAR data (Morsy and Larocque 2016, OA = 

92.51 - 96.98%; Wang et al. 2014, OA = 84.29 - 97.4%; Wichmann et al. 2015, Precision = 77 - 94%, Recall 

= 74 – 95%). It should also be noted that, even with the advantage of having more spectral information 

in multispectral LiDAR datasets, and more structural information in full-waveform LiDAR datasets, 

similar land covers were extracted in this study with only a single-wavelength, discrete return dataset 

(Morsy and Laroque 2016, Niemeyer et al. 2014, Wang et al. 2014).  

2.4.1 Data organization 

General trends suggest that organizing the data into tiles, as opposed to flightstrips, improves 

overall accuracy and recall, but decreases precision. While this may not significantly impact the OA of 

land cover models alone, it has the potential to negatively impact OA when used in combination with 

derived raster images and pixel-based image analysis. This was an unexpected result due to the 

presence of specular reflectors in the study area, primarily open water bodies and wetlands, and 

contrary to the hypothesis of Crasto et al. (2015) that partitioning data by flightstrip may correct for the 

variable intensity responses over water which correlates with scan angle. This may be explained by the 

methodology of classification by flightstrip. Since not all of the land cover classes are distributed evenly 
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throughout the study area, some flightstrips only contained a subset of the eight land cover classes 

investigated in this study. This would eliminate the possibility of a land cover class, such as fields, being 

assigned within a flightstrip, which has no training or testing polygons of fields. This would directly 

reduce the number of type I errors for fields, and therefore increase the precision. However, this may 

create the potential for errors of omission if the land cover class is present in that flightstrip, but was not 

identified in the generation of the training and testing dataset. Recall may be negatively affected by 

organizing data into flightstrips since only training data within that flightstrip is used to train the 

classifier. This may reduce how representative the training data is of all of the variation within each land 

cover class, and thus the classifier may misclassify land cover classes that fall outside of the range in 

variation of their true land cover class. When data are organized into tiles, training data from the entire 

study area are used to train the classifier, which could be more representative of all of the variation 

within each land cover type, thereby increasing the likelihood that the classifier can accurately assign 

the correct land cover class, minimizing type II errors. This would in turn increase the recall and overall 

accuracy of models that used data organized into tiles.  

2.4.2 Unit of analysis 

Overall classification accuracy, precision and recall were comparable among models that 

classified the LiDAR point cloud directly and those that classified derived rasterized surfaces. This could 

be because the parameters were used to train both models (with few exceptions). This resulted in the 

limited use of the data contained within the LiDAR point cloud. When rasterizing LiDAR parameters, the 

goal is to maximize the resolution of the images to maximize the resolution of the final land cover 

model. All raster surfaces must also have the same spatial resolution to ensure that all surfaces directly 

overlay one another. Therefore, in point-based analyses, the same parameters were used inasmuch as 

was possible, and the search radii for all parameters that integrate information from multiple 
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neighbouring points were held constant. However, some LiDAR-derived integrative parameters may 

benefit from having a search radius larger or smaller than the spatial resolution of the image. It is also 

possible that different integrative parameters, such as point density or the standard deviation of 

intensity, may have different optimal radii for the moving window analysis. Classification of raster-

derived surfaces do not have this flexibility. The use of moving window analyses when working directly 

with the point cloud enables the flexible and adaptable use of integrative data, while preserving the 

data as points and thus not fixing the resolution. This presents the opportunity to further test the 

optimal LiDAR-derived input parameters to include in the classification, as well as the radius of the 

moving window for each integrative parameter.  

2.4.3 Image analysis technique 

Models that employed OBIA consistently outperformed models that used PBIA in overall 

accuracy, precision and recall. This was expected as the benefits of using OBIA when classifying high-

resolution images have been widely established (Blaschke 2010, El-Ashmawy et al. 2011). Typically, OBIA 

outperforms PBIA when the pixel size of an image is smaller than the feature of interest, such as a patch 

of rock barren or multiple tree canopies in a forest (Blaschke 2010). However, when the pixel size is 

similar in size, or larger than a feature of interest, PBIA can outperform object-based image analysis. An 

example of this can be seen in Figure 2.4. The streams running through the wetlands in the northeastern 

and south-central areas of the image are clearly visible in the models that use pixel-based image 

analysis, partially visible in the models that directly classified the point cloud, and completely obscured 

in the models employing object-based image analysis. Since most of the water bodies in the study area 

were significantly larger than the pixel size, these misclassifications did not significantly impact the 

performance of the object-based models in this study. Therefore, the decision to employ pixel- or 
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object-based image analysis techniques must always consider the size of the pixel relative to the size of 

the features of interest.  

An additional characteristic of PBIA techniques is that, in high-resolution images, they have a 

tendency to generate models with speckling, or granular noise, which can be seen in Figures 2.4 and 2.5. 

Much of this speckling arises from misclassification due to heterogeneity in the specular properties and 

structure of land cover classes, such as forests areas with some apparent gaps between tree canopies. 

Object-based image analysis techniques can compensate for this heterogeneity within land cover classes 

by grouping pixels together into objects (Blaschke 2010). However, this grouping of pixels creates the 

potential for larger contiguous areas of the landscape, as illustrated in Area C of Figure 2.3. Therefore, 

the overall accuracy, precision, recall, speckling, contiguous misclassifications and ability to resolve small 

features in the study area must all be considered when deciding between the use of pixel- or object-

based image analysis techniques. In this study, the models which employed object-based image analysis 

best represented the contiguity of the road, with some errors due to overhanging vegetation across the 

narrow road which was misclassified as forest.   

2.4.4 Land cover classes 

Classification accuracy greatly depends on the land cover being classified. Fields, deciduous 

forest and open water were all classified with high precision and recall in all models. In general, these 

land cover classes are straightforward to classify due to their contrasting signatures in point density, 

intensity and elevation standard deviation. When water was misclassified, it was predicted to be 

wetland. This may be due to their similarities in σ(STD), PT_DEN and intensity response. While water 

typically has a lower intensity and point density than wetlands, when the scan angle is low there is a 

high likelihood that there will be a return pulse for each emitted pulse which may raise the point density 

to be similar to wetlands. As a specular reflector, open water has a low intensity response at high scan 
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angles and a high intensity response at low scan angles. In the transition area between these two types 

of responses, the intensity of open water can fall within the normal range for wetlands.  

Coniferous forests, inundated forests, roads, rock barrens and wetlands were all classified with 

lower precision and recall. This is typical in studies of land cover classification using airborne LiDAR data. 

Classification accuracy ranged from 70 to 99.7% depending on the type of classifier and land cover class 

in a study by Antonarakis et al. (2008). Similarly, Chen and Gao (2014) found that accuracy ranged from 

80 to 100% depending on land cover class. 

Coniferous forests and inundated forests were commonly misclassified as deciduous forest. Less 

frequently, deciduous forests were misclassified as coniferous and inundated forests. This could be 

because their intensity, point density and elevation signatures overlap and cannot be used to 

differentiate between these classes. Deciduous forests may have the largest variability in most of the 

parameters that were derived from the LiDAR data, leading to most of the rarer forest classes to be 

incorrectly classified as deciduous forests. Another factor contributing to the difficulty of differentiating 

forest types may be the presence of intermediate forest types. While there are areas of exclusively 

coniferous trees in the study area, there are other areas of mixed forests. This gradational change could 

decrease the classification accuracy of both land cover classes. Inundated forests are can be recognized 

as having a higher pulse density than other forest types and higher elevation standard deviation, 

possibly a result of decreased health of the trees from prolonged inundation (Kozlowski 2002), and 

lower intensity which may be a result of water beneath the forest canopy. This study was not able to 

confidently differentiate these three land cover classes using intensity, structure and density 

parameters, although other studies have been more successful in classifying coniferous, deciduous, and 

inundated forests. However, these studies typically perform LiDAR surveys in leaf-off conditions 

(Brennan and Webster 2006, Lang and McCarty 2009, Liang et al. 2007, Reitberger et al. 2008), or uses 

full-waveform LiDAR data (Heinzel and Koch 2011, Neuenschwander et al. 2009, Ni-meister et al. 2018, 
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Reitberger et al. 2008). This study investigated some parameters that may help to differentiate these 

land cover classes using discrete-return systems collected in leaf-on conditions. Although classification 

precision and recall were low for both coniferous and deciduous forests, there remains the possibility 

that development of different parameters or the further investigation of direct classification of the 

LiDAR point cloud may improve the classification accuracy of these land cover classes.  

Roads and rock barrens are most frequently misclassified as wetlands, and less frequently as 

fields. Roads are also rarely misclassified as open water. These land cover classes also have similar 

signatures of ELV_STD, intensity and point density. All of these land cover classes are flat and therefore 

have a low elevation standard deviation and point density of roughly 1 point per pulse. Asphalt has a 

low intensity response, which could contribute to the misclassifications as wetlands and water (Song et 

al. 2002). Wetlands have a highly variable intensity and point density signature as a result of 

interspersed vegetation in open water. Water level in wetlands also typically varies dramatically 

throughout the year, particularly in spring and summer. Therefore, in a single wetland there is the 

possibility that there will be open water, open water with emergent vegetation, wet mud and dry mud 

with vegetation. This variability in the expression of wetlands would cause their spectral signature to 

overlap with open water, fields, and rock barrens. A method to improve the classification of wetlands 

may be to perform two LiDAR surveys: one at peak water level and one in dry conditions. This would 

capture the dynamic changes which wetlands undergo throughout the year, and capture the change in 

intensity response between wet and dry conditions. In contrast, roads, rock barrens, fields, and open 

water would not change in their intensity response throughout the year.  

Classification accuracy could also be improved by grouping similar land cover classes. For 

instance, coniferous forests, deciduous forests and inundated forests could be grouped and labeled as 

‘forest’. However, some land cover classes have similar structural and intensity signatures, such as rock 

barrens and wetlands, but serve very divergent roles as habitat in the landscape. Therefore, grouping 
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some land cover classes may lead to subtler misclassifications, which would be more likely to escape 

attention.   

2.5 Conclusions 

Accurate models are essential for a variety of scientific disciplines, from monitoring changes in 

land-cover land-use (Rogan and Chen 2004) to landscape genetics (Manel et al. 2003). Therefore, 

selecting an appropriate classification workflow for a particular application is crucial. Factors such as 

speckling, the risk of contiguous misclassifications, the size of the finest resolvable feature of interest in 

the study area, and the accurate modeling of landscape feature configuration must all be considered 

when choosing the most appropriate model.  

For land-use change applications, accurate land cover models are required to implement 

monitoring strategies for processes such as urban sprawl (e.g. Yuan et al. 2005) and conversion of 

natural vegetation to agriculture (e.g. Brink and Eva 2009, Petit et al. 2001). In landscape genetics, while 

the overall accuracy of landscape models is important, the accurate representation of the configuration 

and connectedness of land cover classes is also a crucial component for analyses that correlate genetic 

structuring with landscape patterns (Manel et al. 2003). While the composition of the landscape can 

influence the presence and magnitude of genetic structuring (e.g. Cegelski et al. 2003), the spatial 

distribution of landscape features may also influence genetic structuring of populations (e.g. O’Brien et 

al. 2006), and specific landscape elements such as roads may act as barriers to dispersal (e.g. Epps et al. 

2007). Understanding how patterns in the landscape influence gene flow can help in understanding the 

action of microevolutionary forces (e.g. Funk et al. 2005), the impact of habitat fragmentation (e.g. 

DiLeo et al. 2010), and can be used to inform conservation management decisions on subjects such as 

the development of migration corridors (Epps et al. 2007). In all of these applications, accurate 

representation of the distribution and configuration of landscape features across a landscape is 
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imperative. Therefore, for landscape models to be informative for studies of landscape genetics, models 

must be assessed for both overall accuracy and their ability to accurately represent patterns of 

distribution and configuration of land cover within a landscape.  This study compared different 

classification workflows for modelling land cover from single wavelength, discrete return LiDAR data, 

with the overarching goal of testing classification procedures which have become established in the 

literature, but have not been extensively studied. Three processing decisions that must be made during 

the classification process were investigated: how to organize the data prior to classification, the unit of 

analysis for classification, and the image analysis technique. It was found that models that employed 

object-based image analysis techniques (as opposed to pixel-based image analysis) outperformed all 

other models. This conforms to existing literature on the use of OBIA for high-resolution LiDAR data (El-

Ashmawy et al. 2011). The use of this technique also most accurately represented the contiguity of the 

road in the landscape, a fine-scale contiguous landscape feature. Fine-scale, contiguous landscape 

features can have significant impacts on the patterns of dispersal of genetic variation of species by 

acting as either a corridor (e.g. unmown ditches in agricultural land, Row et al. 2010, Row 2011) or 

barrier to dispersal (e.g. forest gaps, roads, and hydrolines, Lees and Peres 2009, Marsh et al. 2005, 

Wilson et al. 2007); thus, landscape models employing object-based image analysis techniques may be 

able to resolve these fine-scale landscape features and be used to understand fine-scale patterns of 

dispersal and gene flow across significantly larger spatial extents. The organization of data by tile or by 

flightstrip, a processing decision not previously investigated, did not have a significant impact on the 

overall accuracy or class-specific recall and precision of the land cover models. This finding is likely 

generalizable to other studies, and supports the continued use of the state-of-practice procedure of 

classifying data into tiles. Finally, in this study the novel classification of the LiDAR point cloud directly 

did not perform significantly differently from classification of LiDAR-derived raster surfaces. This is 

surprising, since the original LiDAR data could be used in the analysis and the moving window analysis 
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was able to use the nearest data in all directions surrounding a point, as opposed to using points 

grouped into a pixel as in the analysis of rasterized data. However, the constraints applied to the 

classification of the point cloud to make it consistent with the classification of rasterized surfaces may 

have limited its performance. For instance, the size of the moving window was held constant for all 

parameters to mirror the limitation of spatial resolution when generating raster surfaces. This finding is 

likely dependent on the parameters chosen as input to the classification, and is thus unlikely 

generalizable to other studies.  

This study did not investigate the impact of the choice of classifier, parameters for machine 

learning algorithms, or the selection of training polygons. However, there is a possibility that, by holding 

these variables constant, the highest achievable accuracy for each model was not reached. This may 

hold especially true for the direct classification of the LiDAR point cloud, which demonstrates great 

potential for adaptability and flexibility in its ability to assign different search radii for each LiDAR 

parameter. Direct classification of the LiDAR point cloud also preserves the highest possible resolution of 

the data.  This classification methodology may have the potential to outperform the other raster-based 

classification methodologies under optimized conditions.  
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Table 2.1. Summary of LiDAR-derived parameters used for direct classification of the point cloud and 
classification of the derived raster surfaces. 

Parameter Point Raster Justification 

σ(ELV)   
Measure of flatness. Used to distinguish between flat and textured 
land cover classes (i.e. fields and forests). 

INT   
Intensity of the return pulse. Influenced by the spectral properties 
of materials at the laser wavelength, 1064nm. 

INT_AVG   Average intensity of a pixel. 

PT_DEN   

Count of all points within a defined area. Differentiates between 
forests (multiple points per emitted pulse), fields, roads and barren 
rock (one point per emitted pulse) and water and wetlands (less 
than one point per emitted pulse, caused by point dropout). 

PS_DEN_G   

Pulse density of ground classified points within a defined area. It is 
hypothesized that inundated forests have a higher proportion of 
emitted pulses reaching the ground, due to extended periods of 
flooding impacting tree health and reducing canopy cover 
(Kozlowski 2002). 

σ(INT_ALL)   

Standard deviation of the intensity of all points within a defined 
area. Specular reflectors display a higher level of variation in their 
intensity response than Lambertian reflectors. Textured surfaces 
may also display higher variations in their intensity signature as a 
result of pulses being split into multiple return signals.  

σ(INT_SNG)   

Standard deviation of pulses with only one return pulse within a 
defined area. Excluding pulses with multiple returns corrects for the 
variation in intensity caused by splitting of the signal into multiple 
returns in structured land cover classes such as forests. Used to 
differentiate variation in intensity due to specular reflectors and 
structured land cover classes. 

min(INT)   

Lowest intensity within a defined area. Used to differentiate 
between land covers with similar spectral properties, but with 
different variances in their intensity response. Used to improve the 
discrimination between fields and roads.  

max(INT)   

Highest intensity within a defined area. Used to differentiate 
between land covers with similar spectral properties, but with 
different variances in their intensity response. Used to improve the 
discrimination between fields and roads.  

CLASS   
Classification of a point as ground, non-ground, or unclassified. 
Used to improve the discrimination between flat and textured land 
cover classes. 

R_NUM   

Return number of the point. Ranges between 1 and 4. Used to 
improve discrimination between flat and textured surfaces. If a 
point is not the last return, then that point is likely not a field, road, 
barren rock, wetland or water.  

N_RET   

Number of return points that a given pulse. Ranges between 1 and 
4. Used to improve discrimination between flat and textured 
surfaces. If there is more than one point per pulse, that pulse is 
likely not over a field, road, barren rock, wetland or water.  
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Table 2.2. Summary statistics including overall accuracy, precision, and recall of all land cover models, 

averaged over all land cover classes.  

Classification Methodology Overall Accuracy (%) Avg Precision (%) Avg Recall (%) 

TRP 90 89 90 

TRO 92 91 92 

FRP 85 90 85 

FRO 92 94 92 

TPP 91 89 90 

FPP 89 91 89 
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Table 2.3. Precision and recall for individual land cover classes in all land cover models. Land cover 

classes are: fields (FI), coniferous and mixed forests (FOC), deciduous forests (FOD), inundated forests 

(FOI), open water (OW), roads (RD), rock barrens (RO), and wetlands (WE). 

Classification 
Methodology 

Precision (Recall) % 

FI FOC FOD FOI OW RD RO WE 

 
TRP 94 (96) 54 (10) 92 (99) 59 (13) 88 (98) 79 (70) 50 (44) 91 (75) 

 
TRO 100 (100) 73 (26) 94 (98) 55 (44) 92 (94) 96 (91) 88 (94) 87 (85) 

 
FRP 93 (98) 29 (4) 95 (99) 44 (6) 95 (80) 45 (45) 80 (60) 27 (63) 

 
FRO   99 (100) 65 (29) 97 (99) 85 (49) 98 (88) 61 (88) 98 (93) 47 (87) 

      
TPP 97 (95) 42 (13) 93 (98) 48 (29) 87 (96) 21 (37) 44 (47) 92 (84) 

 
FPP 96 (98) 19 (23) 97 (97) 50 (42) 93 (79) 41 (30) 92 (75) 40 (71) 

Avg Precision 
(Recall) % 96 (98) 47 (18) 95 (98) 57 (30) 92 (89) 57 (60) 75 (69) 64 (78) 
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Table 2.4. Confusion matrix for the TRP model. Trends in this confusion matrix are representative of the 

other five models. Land cover classes are: fields (FI), coniferous forests (FOC), deciduous forests (FOD), 

inundated forests (FOI), open water (OW), roads (RD), rock barrens (RO), and wetlands (WE). 

 Predicted 

Tr
u

th
 

 FI FOC FOD FOI OW RD RO WE 

FI 2038 0 4 0 6 0 49 15 

FOC 6 192 1758 14 3 0 11 8 

FOD 0 131 29998 75 2 0 22 42 

FOI 9 23 816 138 12 0 5 44 

OW 1 1 0 0 13432 6 2 331 

RD 0 0 0 0 12 96 0 30 

RO 79 5 5 0 11 0 162 103 

WE 33 5 36 8 1717 20 70 5671 
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Figure 2.1. Study area at Queen’s University Biological Station in Ontario, Canada. The landscape is 

relatively pristine with minimal anthropogenic alterations. Lakes are illustrated in blue, wetlands in 

green, and both paved and gravel roads are outlined in black. The extent of LiDAR data acquisition is 

shown in red. Flight direction was NE-SW in the study and is indicated by the black arrow.  
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Figure 2.2. Established Workflow for the classification of land cover from airborne LiDAR data.  
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Figure 2.3. Classified land cover models, generated by permuting the organization of the data, the unit 

of analysis and the image analysis technique.  
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Figure 2.4. Comparison of fine-scale classification errors between all six land cover models.  
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Figure 2.5. Comparison of fine-scale classification errors between all six land cover models. 
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Chapter 3: Fine-scale genetic structuring of the spring peeper (Pseudacris 

crucifer) 
 

3.1 Introduction 

 Understanding evolution requires insight into the hierarchical patterns of genetic diversity 

among individuals, populations, intraspecific lineages, and ultimately species, and the processes that 

underlie them. Historically, much of our understanding of intraspecific diversity focused on sampling 

hundreds of individuals from a priori defined populations or sampling sites (e.g. Row et al. 2010). Next-

generation sequencing (NGS) technologies, including Restriction Associated DNA sequencing (RADseq), 

have greatly expanded the tool chest of population geneticists by provided access to genome-wide 

panels of markers (e.g. single nucleotide polymorphisms or SNPs) for model and non-model species 

alike. By eliminating the need to develop species-specific loci when studying non-model species, and by 

reducing the number of individuals needed for accurate and robust population genetic and landscape 

genetic analyses, the applications of population genetics can be expanded to systems with very low 

genetic differentiation, to newly studied species, and to species which may be difficult to sample (Davey 

and Blaxter 2010, Vieira et al. 2016).  

 NGS makers can also potentially resolve finer-scale genetic differentiation than traditional 

genetic markers, such as DNA microsatellites (Jeffries et al. 2016). This increases the potential for NGS to 

detect previously unresolvable genetic structuring among individuals within single landscapes, efforts 

that might be useful for delimiting stocks of economically important species (e.g. Benestan et al. 2015), 

and informing conservation efforts (Funk et al. 2012). NGS data also have proved useful in resolving 

relationships among closely-related taxa for which we historically have been unable to resolve 

evolutionary relationships. For example, RADseq was used to infer genealogical relationships among 

cichlid species that arose during the recent (<15,000 years) radiation in Lake Victoria (Wagner et al. 
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2013). This too demonstrates the power of NGS data to help address questions of evolutionary 

relationships at a fine temporal scales.  

 The interplay of genetic drift and gene flow gives rise to differentiation in neutral genetic 

markers and is roughly related to dispersal abilities (Slatkin 1987), although this can be modulated by 

aspects of a species’ life history (Steele et al. 2009), and how dispersal is affected by landscape 

(Goldberg and Waits 2010). The advent of NGS has resulted in multiple studies focused on resolving 

stock identification in fish (Grewe et al. 2015), with conservation applications (Funk et al. 2012), or on 

studies of evolutionary history across large spatial scales (Wagner et al. 2013, Barley et al. 2015); there 

has been less focus on quantifying genetic patterns at the finest geospatial scales. 

 Amphibians are excellent candidates for studies of genetic structuring because of their typically 

low vagility and high philopatry, leading to pronounced signals of genetic differentiation (e.g. Milá et al. 

2010). The current recognition of amphibians as among the most threatened taxon, and the fact that 

they continue to decline at a rate greater than either mammals or birds, makes understanding the 

causes and consequences of genetic structuring crucial for informing conservation strategies (Stuart et 

al. 2004). The contribution of habitat loss and fragmentation to these declines recommends 

investigation into their impacts on amphibian populations across spatial scales (Cushman 2006). 

Investigating fine geographic scales helps us to understand how diversity arises within single landscapes 

and how fragmentation and barriers to gene flow (e.g. roads) impact connectivity and genetic structure 

(Manel et al. 2003, e.g. Murphy et al. 2010). Relatively few studies have sought to investigate genetic 

structure in amphibians, particularly anurans, at fine geographic scales in predominantly natural habitat 

(for some examples see Cabe et al. 2007, Elmer et al. 2007). Quantifying spatial patterns of genetic 

diversity in natural landscape provides baselines for understanding how fragmentation might impact 

gene flow and result in diminutions of genetic diversity.   
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 The spring peeper, Pseudacris crucifer, is a small temperate treefrog distributed throughout 

Eastern North America. Across their range, there are 6 diagnosed mitochondrial lineages (Austin et al. 

2002, Austin et al. 2004, Stewart and Lougheed 2013), and at least three well supported nuclear lineages 

(Cairns and Lougheed, unpubl.). Since they exhibit natal philopatry, like most amphibians, and have a 

maximum recorded dispersal of approximately 1200m (Delzell 1958), they are an ideal study species for 

the study of genetic structuring at much finer spatial scales as well. However, despite their low vagility 

and high philopatry, Smith (2003) were not able to detect metapopulation dynamics at scales of less 

than 10 km through the study of their dispersal behaviour, although this may simply reflect lack of 

attendant statistical power and technical limitations rather than ecological reality.  

 Our study quantifies fine-scale genetic structuring in a temperate treefrog, the spring peeper 

(Pseudacris crucifer), within a single, natural landscape in eastern Ontario. Using a genome-wide panel 

of markers from double digest RAD sequencing (ddRADSeq; Peterson et al. 2012), we test whether there 

is detectable genetic structure among calling assemblages at a scale of between 3 - 6km due because of 

the known limited vagility and high philopatry of this species.  

3.2 Methods 

3.2.1 Study location 

A total of 22 wetlands were surveyed during the breeding season, from April 17, 2017 to May 

15, 2017 (Figure 3.1). Sampling was concentrated in and around properties of the Queen’s University 

Biological Station (QUBS), in South Frontenac County, as well as one sampling location in Tyendinaga, 

ON to provide a benchmark for testing our ability to resolve differences among populations at fine 

scales. Distances between sampling locations typically ranged from 500m to 6km. The Tyendinaga locale 

was approximately 60km from the primary sampling area. QUBS and environs are characterized by 
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reasonably pristine, heterogeneous landscapes, primarily covered in deciduous and mixed wood forests 

with abundant wetlands that provide ideal habitat for breeding amphibians. 

Sampling was conducted at a range of wetland types including inundated forests, cattail 

marshes, vernal pools, and the edges of lakes. However, the proximity of all sampling locations 

minimizes variation in climate and precipitate between sampling locations.  

3.2.2 Sampling and DNA extraction 

A minimum of 4 and a maximum of 7 individuals were sampled at each sampled breeding 

aggregation, for a total of 112 individuals. Two individuals per site were sacrificed using Tricaine 

methanesulfonate (MS222) and the remainder were toe-clipped to provide tissues for genomic analysis. 

Sacrificed individuals or toe clips were preserved in 95% ethanol and frozen at -20°C until processed. 

Multiple DNA extraction methods were tested, including standard phenol-chloroform DNA extraction 

(Maniatis et al. 1982) and the Qiagen DNeasy tissue protocol (Qiagen Inc., Hilden, Germany). Most 

samples were extracted using a salt extraction method, modified from Aljanabi and Martinez (1997), 

which provided the highest yield and best quality DNA. Samples were tested for contaminants on a 

NanoDrop Spectrophotometer ND-1000 (NanoDrop, ThermoFisher Scientific, Waltham, Massachusetts, 

USA) and for DNA degradation using agarose gel electrophoresis. All DNA samples were then quantified 

using a Denovix QFX Fluorometer (Denovix Inc., Wilmington, Delaware). 

3.2.3 ddRAD Sequencing 

Genomic libraries for 56 individuals only were prepared by a third party lab, the Institut de 

Biologie Intégrative et des Systèmes at l’Université Laval using the restriction enzymes Sbf1 and Msp1. 

These restriction enzymes are used to digest the DNA, splitting the DNA into shorter strands at specific 

areas within the genome, before barcodes are ligated to the samples. These barcodes are unique 

sequences of nucleotide bases, typically 6-12bp in length, that act as identifiers for each sample, before 
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all samples are multiplexed into a single library, so that the sequenced data can be assigned to each 

sampled individual. Without barcodes, sequences from all samples would be ‘pooled’ to study 

population-level metrics. The prepared library was then sent to the Genome Quebec Innovation Center 

at McGill University for sequencing on an Illumina HiSeq2500 platform using single-end, 150bp 

sequencing over 1 lane (Illumina, San Diego, CA, USA). 

3.2.4 Bioinformatics 

We used the program STACKS for de novo analyses on the sequenced reads (Catchen et al. 2013). 

Samples were de-multiplexed and trimmed to 92 bp using the process_radtags program. Trimming 

reduces the number of low-quality reads resulting from increased error rates at the end of sequences. 

Sequences were stacked into putative alleles and from these putative loci were built using ustacks, with 

a minimum stack depth (m) of 10 and a maximum nucleotide discrepancy between stacks (M) of 3. A 

catalogue of all loci and alleles present in the population was constructed using cstacks, of the STACKS 

software suite, using a value of 3 for the maximum distance between catalog loci (n) parameter.  

We used the populations program in STACKS to filter SNPs with deliberately low stringency to 

ensure that low frequency, rare alleles were retained for further analysis. Loci were retained if they 

occurred in a minimum of 50% of the individuals within the population, and SNPs were retained if they 

had a minor allele frequency, the frequency with which the second most common allele occurs in a 

population, of 1% or greater (min_maf = 0.01). Only the first SNP per locus was retained to avoid 

including linked SNPs.  

3.2.5 Population genomic analyses 

Individual-based genetic distance metrics were used in these analyses to avoid assigning 

populations a priori due to the fine geographic scale of this study. A low number of individuals per 
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sampling location precluded the use of population-based metrics of genetic distance like linearized FST 

(Slatkin 1995).  

A suite of relatedness (r) metrics, the proportion of alleles shared by descent, was calculated 

between each pair of individuals using the methods of Queller and Goodnight (1989), Wang (2002), Li et 

al. (1993), Lynch and Ritland (1999) and Ritland (1996) using the related package in R (Pew et al. 2015). 

We also estimated the proportion of shared alleles (Dps) between individuals (Bowcock et al. 1994). Dps 

has been shown to be highly correlated with other measures of relatedness, and can detect fine-scale 

genetic structuring better than methods which analyze fraternity coefficients (Shirk et al. 2017). 

To visualize spatial genetic patterns we used a discriminant analysis of principle components 

(DAPC). DAPC is useful in population genomic analyses for two primary reasons: it does not require the a 

priori assignment of individuals into clusters and will assign clusters based on genetic similarity alone, 

and it maximizes variation among groups diagnosed within the analysis.  DAPC is a modification of 

principal components analysis (PCA) and principal coordinates analysis (PCoA), where instead of trying 

to maximize axes that capture global variation among individuals, DAPC maximizes variation between 

clusters while minimizing variation within clusters. This makes it an ideal tool for working with species 

that tend to be naturally distributed in clusters throughout the landscape, such as wetland-breeding 

temperate frogs like Pseudacris crucifer in the breeding season.  

Mantel tests 

Mantel tests were performed to test for correlation between genetic and geographic distance 

between individuals. Genetic distance metrics incorporated in these analyses include Dps and all five of 

the relatedness metrics. Geographic distance was represented as both Euclidean distance and the 

square root of Euclidean distance, since correlations between genetic and geographic distance are not 

always linear (Bradbury and Bentzen 2007).   
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3.3 Results 

Of the 56 individuals that were sent for library preparation and sequencing, two were removed 

from further analysis due to an insufficient number of reads. The remaining 54 individuals were 

distributed across all 22 sampling locations, with no fewer than 2 individuals per location. After 

processing and filtering sequences in STACKS, a total of 23,719 SNPs were retained for our population 

genomic analyses.  

Our DAPC analysis suggested a single cluster, implying no marked structure among breeding 

assemblages within the study area. Results of principal coordinates analysis also didn’t reveal any 

marked structuring among sampled individuals. The percentage variation explained by each eigenvalue 

was low – the first axis explained approximately 1.4% of the variation, and each subsequent axis 

explained less that 0.4% of variation (Figure 3.2), although such values are not atypical of ordinations of 

genomic data. A Mantel test correlating Dps with Euclidean distance did not discover significant genetic 

differentiation between populations.  

Mantel tests using the five relatedness metrics tested and Euclidean distance did not find any 

statistically significant structuring between the two sampling locations. However, a scatter plot of 

relatedness versus Euclidean distance does suggest differentiation at a larger spatial scale between the 

Tyendinaga study site and all of the study sites (Figure 3.3).  

3.4 Discussion 

 The results of this study were somewhat unexpected given the substantial geographic distance 

between the sampling location in Tyendinaga and the core sampling area. This straight-line physical 

distance of approximately 60 km apart far exceeds known dispersal distances for the spring peeper 

(Delzell 1958) or indeed other temperate hylids (Roble 1979, Semlitsch 2008). Moreover, the matrix 
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between QUBS and Tyendinaga includes a substantial road network (including a 4-lane highway), tracts 

of agricultural land, and urban areas implying that we would predict some clustering of Tyendinaga 

individuals apart from QUBS, but this was not reflected in our results of either Dps or PCoA, and in the 

non-significant Mantel Tests. It is possible that the underrepresentation of the individuals from 

Tyendinaga (n=2), and the relative geographic proximity of Tyendinaga and QUBS, compared to the 

range-wide distribution of P. crucifer, resulted in a reduced capability to assign these individuals to their 

own clusters.  

Our study used individual-based genetic metrics to avoid making assumptions regarding 

population membership. However, amphibians typically exhibit a clustered distribution in the landscape, 

particularly during the breeding season, and so performing cluster analyses on the individuals prior to 

employing population-based genetic approaches to test for genetic structuring may better elucidate 

some genetic structuring in P. crucifer at this geographic scale (e.g. see Austin et al. 2004). The use of 

population-based genetic metrics like linearized FST (Slatkin 1995) or Nei’s D (Nei 1972) would require 

more samples, since the stipulated requirement for the minimum number of individuals per study site 

for population genomics analyses is typically 3 to 5 individuals (Nazareno et al. 2017). This is still 

significantly lower than traditional methods such as DNA microsatellites, in which the rule of thumb is 

that a minimum of 25 -to30 individuals should be sampled (Hale et al. 2012). Based on the results from 

this study, it is likely that this estimate for the minimum number of individuals sampled per population 

when using Next Generation Sequencing should be elevated when specifically investigating fine scale 

genetic differentiation.  

 While NGS technologies provide previously unattainable number of genetic markers, as with any 

technique, there are some sources of error which can bias results. PCR bias and the presence of PCR 

duplicates in the sequenced data can lead to allelic dropouts and spuriously high estimates of coverage 

respectively, inflating confidence in the quality of the data (Mastretta-Yanes 2014). We used a de novo 
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assembly bioinformatics approach since a full genome is not available for Pseudacris crucifer or a close 

relative. This prevents an error analysis into whether the loci constructed through using the STACKS 

pipeline are erroneous or if they represent true loci, and align with a reference genome (Mastretta-

Yanes 2014). A technique to minimize the formation of erroneous stacks is to increase the minimum 

stack depth parameter, requiring more corroboration that a loci is common in the data and less likely 

that two sequences are similar because of random error (Catchen et al. 2013). However, the presence of 

PCR duplicates would increase the coverage at each loci without increasing the number of independent 

sequences for that ‘stack’ since the PCR duplicates represent pseudoreplication. While the impact of this 

error on the interpretation of fine-scale genetic structuring has not been quantified, allelic dropout 

could mask the signal of fine-scale differentiation between populations at rare alleles. 

 The lack of detectable genetic differentiation does not preclude the possibility of genetic 

differentiation among sampled breeding populations. For example, this could be a result of the recent 

colonization of the study area by Pseudacris crucifer since the last glacial maximum (Austin et al. 2002), 

although this seems unlikely as this species has a short generation time and thus has probably been 

regionally present for thousands of generations. We also could have a lack of power as a result of 

sampling protocol and the chosen panel of SNP markers. Multiple studies of amphibians have revealed 

genetic structuring at a scale of only a few 100’s of meters or kilometers. For example, using DNA 

microsatellites Cabe et al. (2007) were able to detect fine-scale genetic structuring between individuals 

sampled 200m apart following an isolation by distance model (IBD) in red-backed salamanders, 

Plethodon cinereus. Zamudio et al. (2007) similarly discovered that Ambystoma maculatum in ponds 

located approximately 4.8km apart were genetically independent, and structuring was detectable at this 

scale using microsatellites. Both Columbia spotted frogs (Rana luteiventris) and long- toed salamanders 

(Ambystoma macrodactylum) exhibit IBD and isolation by resistance (IBR), at geographic distances of 

less than 20km (Goldberg and Waits 2010), and as low as a few kilometers in Columbia spotted frogs 
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(Funk et al. 2005). The European treefrog, Hyla arborea, shows genetic structuring influenced by 

landscape features at distances of less than 2km (Angelone et al. 2011). All of these studies required the 

sampling of hundreds of individuals, with a minimum of 15 individuals per sampling location. Other 

studies seeking to quantify genetic structuring in amphibian populations do not report genetic structure 

at fine scales (e.g. Murphy et al. 2010, Zellmer and Knowles 2009) and thus there is undoubtedly 

variation across species caused by differences in life history and variation in landscapes. Ultimately, it is 

not unreasonable to posit that there is cryptic genetic structuring at the scale tested in this study, but 

that our ddRADseq data from only 54 individuals provided insufficient power to detect it.  

3.5 Conclusion 

The identification of fine-scale genetic differentiation across natural landscape will provide key 

insights into baseline genetic structuring under natural conditions, important when studying the impacts 

of potential barriers to dispersal such as roads, or the continued effect of habitat loss and 

fragmentation. NGS techniques in particular provide an unprecedented opportunity to accomplish this 

in non-model species using smaller sample sizes (important especially for rare species of conservation 

concern), increasing the applicability of population genetics to a wider array of taxa. With the current 

declines in amphibians, the use of high-resolution markers requiring many fewer individuals is crucial for 

developing a more comprehensive understanding of genetic structuring across an array of amphibian 

species varying in life history and spanning levels of endangerment. This use of fewer individuals also 

increases our ability to study population patterns in species that are extreme endemics (and by 

definition then globally rare), those with lower levels of genetic diversity, or species that are difficult to 

sample.  

While our study did find obvious genetic structure in Pseudacris crucifer using individual-based 

genetic metrics at this fine spatial scale, it does provide some suggestions on the minimum 
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requirements for data collection and processing. For example, we recommend that sufficient samples be 

collected per locale (or for us calling assemblage) so that sampling can be applicable to both population- 

and individual-based genetic distance approaches. Future studies should further explore parameters to 

be used in assembly of loci and filtering of SNPs, and the role of allelic drop or PCR duplicates (Andrews 

et al. 2016, Andrews and Luikart 2014) in affecting power to detect patterns.  

Resolving the finest scales at which genetic differentiation can be detected is crucial for 

understanding the scales at which microevolutionary processes act within populations to generate, 

maintain, and structure genetic variation. This is particularly true for amphibians, many of which are 

experiencing precipitous population declines (Stuart et al. 2004), generating increasingly small and more 

isolated populations (Cushman 2006), with potentially decreased levels of genetic diversity. 

Understanding the patterns of and processes that produce genetic differentiation can result in more 

directed, effective conservation management decisions and could aid in mitigating these population 

declines.  
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Figure 3.1. Map of sampling locations, shown in red. The blue outline represents land holdings operated 
by Queen’s University Biological Station (QUBS). Open water and wetlands are indicated by light blue 
and green respectively.  
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Figure 3.2: Percentage explained by each eigenvalue in a PCoA analysis. 

  



74 
 

 

Figure 3.3. Pairwise relatedness between individuals, calculated using five relatedness metrics: Queller 
and Goodnight (1989), Li et al. (1993), Wang (2002), Ritland (1996) and Lynch and Ritland (1999). Plotted 
against Euclidean distance between individuals.  
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Chapter 4: General discussion 
 

Investigations of the hierarchical apportionment of genetic diversity is a crucial concept in 

population genetics, because ultimately the distinction among populations, among intra-specific 

lineages, and between sister species represent the partitioning of genetic variation at various temporal 

and often spatial scales. Landscape genetics has augmented our ability to explore how this variation 

arises in nature and heterogeneities in landscapes influence genetic structure (Manel et al. 2003). In 

landscape genetics, scale of analysis remains an important issue as it has been shown that the effect of 

landscape features on genetic patterns can depend on the spatial scale at which genetic structuring was 

measured. For instance, as I have already indicated, Angelone et al. (2011) found that rivers shape 

genetic structure in European treefrogs, Hyla arborea, at distances under 2 km, but at distances greater 

than 8 km, forests and roads were more relevant. Investigation into the finest scales at which such 

structure arises, and the relation between landscape variables and genetic connectivity, is naturally 

limited by the ability of specific types of genetic markers to resolve differences among individuals and 

populations, and the resolution of the landscape data to accurately represent elements in the landscape 

as they would affect the ecology or dispersal or genetic structure of the focal species. 

The recent advent of Next Generation Sequencing has allowed scientists to investigate patterns 

of genetic structuring at scales significantly finer than was previously possible using more traditional 

markers such as DNA microsatellites, largely because of the ability to survey thousands of loci across the 

genome increasing the statistical power to differentiate among individuals or populations (Davey and 

Blaxter 2010, Peterson et al. 2012; e.g. Jeffries et al. 2016). For instance, RADseq, a Genotyping-by-

Sequencing NGS technique, was used to diagnose previously unresolvable genetic differentiation among 

stock populations of the economically important American lobster (Homarus americanus; Benestan et 

al. 2015). Such application of population genomics tools to understand patterns of neutral genetic 
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variation in marine invertebrates has been of particular focus because of the inadequacy of previous 

approaches to resolve structuring in species which are typically highly dispersive (Reitzel et al. 2013). 

The use of RADseq techniques to understand fine-scale structuring of species at equivalently fine 

geospatial scales, and correlate patterns of genetic patterns to landscape heterogeneity, has primarily 

focused on SNPs from putatively adaptive loci to understand local adaptation. Thus, previously the field 

of landscape genomics was largely guided towards understanding patterns of local adaptation as 

opposed to understanding the processes of gene flow and genetic drift within landscapes (Joost et al. 

2007, but see Barley et al. 2015). Of course, this did not preclude applications NGS techniques to 

questions of genetic connectivity and features that might modulate it within a single landscape, few 

studies have used NGS techniques for this purpose.  

The application of NGS data to understand correlations between patterns of genetic structuring 

and landscape heterogeneity thus has great potential to improve our ability to quantify the finest scales 

at which patterns of genetic differentiation occur, perhaps even less than the 2 km scale of investigation 

employed by Angelone et al. (2011); such an approach also may shed light on the features which 

influence gene flow and genetic drift at even finer scales. This increased power to detect differentiation 

and accurately represent the landscape could also broaden the application of landscape genetics to 

species with very small geographic ranges (e.g. microendemics) and lower dispersal distances than 

previously studied. For instance, Cabe et al. (2007) used microsatellites and landscape data derived from 

in situ field observations to understand genetic structuring of red-backed salamanders (Plethodon 

cinereus) between clusters of individuals as close as 200m. Thus, combination of RADseq and high-

resolution remote sensing data may help us identify even finer genetic structuring – addressing this 

possibility was the focus of my work.  

Investigation into the finest spatial scales of at which genetic structuring occurs in highly 

philopatric species with low dispersal capabilities necessarily requires a proportional increase in the 
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resolution of geospatial data used to derive information about the heterogeneity of the landscape. 

However, similar to working with RADseq data, derivation of landscape variables from high resolution 

remote sensing data requires that we consider some sources of error and bias which do not necessarily 

need to be addressed when working with medium- or low-resolution geospatial data. For instance, 

object-based image analysis can be used to correct for fine-scale heterogeneity within land cover classes 

in high resolution imagery (Blaschke 2010). However, while the spatial and spectral resolution of optical 

imagery continues to improve, and has been shown to produce more accurate land cover models, better 

representing the configuration of landscape heterogeneity and providing higher thematic resolutions 

than low resolution data, it is still not widely used by conservation biologists (Boyle et al. 2014).  

Applying these investigations of error and bias to models of other environmental and climatic 

variables could further contribute to our understanding of how these errors impact our understanding 

of how organisms are structured throughout their landscape. It is often difficult to predict how a species 

may respond to its environment. While the choice of environmental variables to include in landscape 

genetics analyses and their associated resistances to dispersal and gene flow are often informed by 

expert opinion (Spear et al. 2010, Zeller et al. 2012), even when there is some knowledge of a species’ 

ecology and dispersal behaviour, how a species responds to these environmental variables may be 

counterintuitive (Peterman et al. 2014). Therefore, further research into how individuals of a species 

disperse at fine geospatial scales, and rates of migration may help to further aid researchers in 

predicting how they interact with their landscape in ways which may influence genetic structuring. 

For modeling of land cover, airborne LiDAR data present a further opportunity to increase the 

resolution as well as incorporate 3-dimensional structure (Song et al. 2002, Wehr and Lohr 1999). 

Because LiDAR surveys can be customized to fit the resolution requirements of a study, they can be used 

to investigate the finest scales of landscape heterogeneity. Further, because LIDAR is an active remote 

sensing technique, it is also possible to model structural heterogeneity in vegetation land cover classes, 
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which has been shown to influence patterns of genetic structuring in Capercaillie (Tetrao urogallus; 

Milanesi et al. 2016), and has had a wider suite of applications to ecological questions in general (e.g. 

Froidevaux et al. 2016, reviewed in Davies and Asner 2014, Simonson et al. 2014, Vierling et al. 2008). 

However, despite the use of airborne LiDAR data for land cover classification over the past decade (e.g. 

Antonarakis et al. 2008, Brennan and Webster 2006, Höfle et al. 2009, Song et al. 2002), some 

classification decisions have still not been tested for their impact on the accuracy and configuration of 

the landscape models which they generate, including the organization of data prior to classification, the 

classification of raster surfaces or the point cloud directly, or the influence of object versus pixel-based 

image analysis techniques on the configuration of the resulting land cover model. These are potential 

sources of uncertainties and inaccuracies that must be understood when testing for correlations 

between patterns of landscape heterogeneity and genetic structuring throughout the landscape.  

My thesis uncovered differences in the configuration of land cover between models derived 

from airborne LiDAR data, despite similar overall accuracies. This demonstrates the potential for 

misleading results when using only one metric of accuracy assessment, and highlights the importance 

for geospatial scientists to address uncertainties in the representation of landscape configuration when 

modelling land cover. Both accuracy and accurate representation of the configuration of landscape 

heterogeneity is important in landscape genetics and landscape ecology which rely on the contiguity of 

putative barriers or corridors to gene flow, and the distribution of landscape features and minimum 

patch size are some of the parameters relevant to the study of the correlation between genetic and 

geospatial variables (Boyle et al. 2014, Manel et al. 2003).   

Understanding patterns and drivers of fine-scale genetic structuring is especially relevant in the 

light of current massive anthropogenic alterations to the landscape occurring globally. Amphibians are 

being particularly heavily impacted, and are proportionally the most threatened vertebrate terrestrial 

group (Stuart et al. 2004). Habitat loss and degradation are major contributors to the continued decline 
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of amphibians, resulting in smaller and more isolated patches of habitat and concomitantly smaller 

more isolated populations (Cushman 2006). Arguably then, this requires a parallel diminution in the 

geographical scale of analysis of amphibians within these isolated habitat patches to fully understand 

the continued effects of landscape level factors and how they are altering genetic diversity. Recent 

advances in sequencing techniques and improvements in the resolution and information content of 

remote sensing data, as I have discussed and used in my thesis, can provide the tools needed for such 

analyses. However, it is also important to study genetic structure and the factors that shape it within 

pristine or lightly-altered landscapes to serve as a baseline against which studies in fragmented 

landscapes can be compared. This requires the collection of genetic and geospatial data at scales 

comparable to studies in more isolated landscapes, which what I did in my pilot study of Pseudacris 

crucifer.  

The variability in the response of species to landscape features, despite similar ecologies and life 

histories (Goldberg and Waits 2010, Steele et al. 2009), necessitates the study of an array of species to 

develop a comprehensive and taxonomically generalizable understanding of the relationships between 

landscape and genetic structuring. Since species in the family Hylidae have arguably been 

underrepresented in the landscape genetics literature, my study provides some insight into the 

geographic scale at which genetic differentiation can be expected using ddRAD markers.  

The study of fine-scale genetic structuring in Pseudacris crucifer also complements existing 

literature on the range-wide genetic structure of Pseudacris crucifer into mitochondrial (Austin et al. 

2002, 2004) and nuclear (Cairns and Lougheed, unpub.) lineages. Studying patterns of genetic structure 

across a range of spatial scales enables the comparison of drivers of genetic structuring at different 

spatial scales within the same species, from single landscapes shaped by individual dispersal patterns to 

large-scale patterns of differentiation, which may have been shaped by historical fragmentation, 

expansion plus a suite of microevolutionary forces across time and space. Since genetic differentiation 
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works along a spectrum to generate fine-scale differences to ultimately the division of species, it is 

important to understand the drivers of differentiation from local- to regional-, and in the case of the 

spring peeper, nearly continental-scales. This thesis speaks to the smallest geographic scales at which 

genetic differentiation can be anticipated between individual Pseudacris crucifer, which contributes to 

the understanding of the baseline structuring of this species in natural landscapes. This supports the 

investigation of genetic structuring at larger spatial scales, between lineages and across contact zones 

where other external factors, such as local adaptation or hybridization, may be influencing genetic 

structuring.   
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Chapter 5: General conclusions and future research 
 

Understanding the scale and patterns of genetic differentiation, from populations to lineages 

and species, and the processes that shape them, is the central focus of population genetics. With recent 

advances in Next-Generation Sequencing technologies and improvements in the resolution of remote 

sensing data, investigations into the patterns of genetic differentiation can now be pursued at much 

finer genetic and geospatial scales than previously possible. However, this integration of state-of-art 

technologies, data and processing techniques requires interdisciplinary collaboration between experts in 

ecology, genetics, and geospatial science (Balkenhol et al. 2009).  In my thesis, I bring together 

researcher perspectives in these fields with the intention of highlighting to the biological community 

potential sources of bias and uncertainty in landscape models derived from high resolution geospatial 

data, and reciprocally, communicating to the geospatial community the need to quantify both accuracy 

and landscape configuration when generating models of the landscape.  

 I set out to investigate three research questions and test three hierarchical hypotheses 

pertaining to the presence and impacts of drivers of fine-scale genetic structuring of the spring peeper, 

Pseudacris crucifer, across a small portion of its range in a natural landscape in Eastern Ontario. The first 

research question focused on testing for the presence of genetic structuring among sampling locations 

separated by between 3 to 6 kilometers. This distance was estimated based on the maximum recorded 

dispersal distance of Pseudacris crucifer of approximately 1.2 km (Delzell 1958). Although the scale of 

analysis was several times the maximum recorded dispersal event (Delzell 1958), and despite apparently 

high rates of philopatry in anurans, the results from population genomic analyses using 23,719 SNPs 

distributed throughout the genome of 54 individuals failed to reject the null hypothesis that there is no 

detectable genetic structuring at this spatial scale.  
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 Due to the hierarchical nature of my hypotheses, and lack of support for my first hypothesis of 

diagnosable genetic structure at relatively fine spatial scales, I could not reasonably proceed to 

addressing hypotheses 2 and 3. However, the inclusion of one sampling site at a distance of 

approximately 60 km from the primary sampling area showed some evidence of genetic differentiation 

from the sampling sites at the Queen’s University Biological Station using relatedness as a measure of 

genetic distance. However, this relationship appeared to not be statistically significant using the tests 

that I deployed. I can say nothing definitive but this implies at least that the scale of tens of kilometres is 

necessary to see any evidence of differentiation in Pseudacris crucifer using SNPs.  

Despite my failure to reject the null hypothesis, I did undertake an investigation into the 

potential impacts of processing decisions throughout the derivation of land cover from discrete return, 

single wavelength LiDAR systems to highlight some sources of bias and uncertainty in land cover models 

derived from high resolution data. While five models achieved comparable accuracy, the configuration 

of landscape features was divergent among models and indicates that classification decisions may 

influence downstream analyses of the correlation between patterns of genetic structuring and 

landscape features by ecologists or landscape geneticists. Unfortunately, the impact of these differences 

could not be quantified using this study system. However, a similar study could be performed on a 

species with lower vagility and dispersal distance, such as red-backed salamanders (Plethodon cinereus), 

which do occur sympatrically with Pseudacris crucifer in the study area.  

 These findings further highlight the need for investigations into the impact of classification 

uncertainty in high resolution models of the landscape on interpretations of the relationship between 

landscape features and environmental variables and genetic structuring within and between populations 

and species.  
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Appendix 
 

Summary of software used in Chapter 3. 

- LAStools  

o Generate LiDAR-derived raster surfaces for all parameters 

o Split the provided LiDAR tiles by flightstrip to organize data by flightstrip 

o Extract training and testing data for direct classification of the LiDAR point cloud 

- ArcGIS 10.5 

o Generate training and testing polygons for both classification of the point cloud and LiDAR-

derived raster surfaces 

o Extract training and testing data for the raster-based land cover models 

o Visualize data throughout classification process 

- Sckit-learn  

o Train and classify all land cover models 

o Assess the accuracy, precision and recall of all land cover models 

o Generate confusion matrices for all land cover models 

o Extract integrative parameters (such as the standard deviation of elevation) from the LiDAR 

point cloud for point-based classification 

 


