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Biodiversity is a complex concept incorporating genes, species, ecosystems, composition, 

structure and function. The global scientific and political community has recognized the 

importance of biodiversity for human well-being, and has set goals and targets for its 

conservation, sustainable use, and benefit sharing. Monitoring biodiversity will help meet 

conservation goals and targets, yet observations collected in-situ are limited in space and time, 

which may bias interpretations and hinder conservation. Remote sensing can provide 

complementary datasets for monitoring biodiversity that are spatially comprehensive and 

repeatable. However, further research is needed to demonstrate, for various spatial scales and 

regions, how remotely sensed datasets represent different aspects of biodiversity. The overall 

goal of this dissertation is to advance the mapping and monitoring of biodiversity indicators, 

globally and within Canada, through the use of remote sensing. This research produced maps that 

were rich with spatially explicit, spatially continuous data, filling gaps in the availability and 

spatial resolution or scalability of information regarding ecosystem function (primary 

productivity) at global scales, tree species composition at regional scales (Saskatchewan, 

Canada), and ecosystem structure at local scales (coastal British Columbia, Canada). Further, the 

remotely sensed indicator datasets proposed and tested in each of the research chapters are 
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repeatable, ecologically meaningful, translate to specific biodiversity targets globally and within 

Canada, and are calculable at multiple spatial scales. Challenges and opportunities for fully 

implementing these or similar remotely sensed biodiversity indicators and indicator datasets at a 

national level in Canada are discussed, contributing to the advancement of biodiversity 

monitoring science.  
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1. Introduction 

1.1 Introduction to Biodiversity and Biodiversity Conservation 

Biodiversity is defined by the United Nations as the variety of all life on Earth, including 

genetic diversity, species diversity and ecosystem diversity within terrestrial, freshwater and 

marine domains (United Nations 1992). At the same time, biodiversity also has compositional, 

structural and functional elements (Noss 1990). Composition refers to the identity and variety 

(e.g., species presence and abundance), structure refers to the physical or spatial pattern (e.g. 

forest height, canopy cover) and function refers to processes (e.g., primary productivity, nutrient 

cycling and disturbance) (Dale and Beyeler 2001; Franklin et al. 1981; Noss 1990). Ongoing 

research continues to improve knowledge of the importance of biodiversity for human well-

being. As reviewed by Cardinale et al. (2012) and Hooper et al. (2005), the diversity of genes, 

species, and species functional groups influences ecosystem resilience and ecosystem functions 

such as biomass production and nutrient cycling. These ecosystem functions in turn influence the 

provision of ecosystem services such as the provision of clean air and clean water (Millennium 

Ecosystem Assessment 2005).  

Biodiversity has declined dramatically over the past few hundred years (and particularly 

since 1950) as a result of human activities (Chapin et al. 2000; Millennium Ecosystem 

Assessment 2005). The greatest pressures on biodiversity are habitat loss (Sala 2000; Wilcove et 

al. 1998), especially related to agricultural expansion (Hoffmann et al. 2010), invasive alien 

species (Vitousek et al. 1997; Wilcove et al. 1998), and climate change (Bellard et al. 2012, Sala 

et al. 2000). International recognition of the need to protect biodiversity was formalized in the 

Convention on Biological Diversity (CBD), signed by 150 countries in 1992 at the Rio Earth 
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Summit who were committed to achieve a reduction in the loss of biodiversity. As of 2015, there 

were 168 signed party members committed. The CBD was intended to sustain biodiversity 

world-wide and promote sustainable development. Yet nearly 20 years after the Rio Earth 

Summit, the majority of targets initially set out had not yet been met (Butchart et al. 2010). For 

example, the global Red List Index (Butchart et al. 2004, 2005, 2007) indicates that population 

trends for many species at risk continue to deteriorate (e.g., Hoffmann et al. 2010). As well, the 

latest Global Forest Resource Assessment indicates that although global rates of deforestation 

have decreased, forests continue to be lost in many parts of the globe (Keenan et al. 2015). At a 

meeting in Aichi, Japan, 2010, five Strategic Goals and 20 “Aichi” Targets were established as 

part of the Convention on Biological Diversity’s Strategic Plan for Biodiversity for 2011-2020 

(Table 1.1). While global in nature, they are designed to be implemented at national and local 

levels. Canada has signed the Convention on Biological Diversity, is committed to the Strategic 

Plan for Biodiversity 2011-2020, and has translated the global Aichi Biodiversity Targets 

framework to a national strategy and action plan (e.g., Table 1.1). Both global and Canadian 

targets follow the multifaceted and hierarchical nature of biodiversity by addressing each level 

and domain. For instance, Aichi Target 12 and Canadian Target 2 focus on species populations, 

aiming to improve population trends for species at risk, while Aichi Target 5 and Canadian 

Target 6 include a focus on ecosystem (e.g., forest) structure.  
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Table 1.1. Global and Canadian Biodiversity Goals and Targets for 2020 

Aichi Global 

Goal 

Aichi Global Target   Canada Goal2 Canada Target2 

Address the 

underlying 

causes of BD 

loss by 

mainstreaming 

BD across 

government & 

society. 

 

1. People are aware of BD 

values  

  Canada’s lands & waters 

are planned & managed 

using an ecosystem 

approach to support BD 

conservation outcomes 

at local, regional & 

national scales. 

 

1. Protected area coverage is 

≥17% for terrestrial areas & 

inland waters & ≥ 10% 

coastal & marine areas 

2. BD values integrated into 

national planning & 

development 

  2. Mgmt. plans & recovery 

strategies improve trends for 

species at risk & maintain 

status of secure species  

3. Incentives for 

conservation & sustainable 

use of BD applied; those 

harmful to BD eliminated 

  3. Wetland retention, 

restoration & mgmt. 

activities 

4. Sustainable production & 

consumption plans w/in 

gov’t, businesses & 

stakeholders 

  4. Municipal planning 

accounts for BD  

  5. Climate change responses 

better understood & 

adaptation measures are 

underway 

Reduce the 

direct pressures 

on BD & 

promote 

sustainable 

use.  

5. Rates of habitat loss at 

least halved & 

fragmentation & 

degradation is sig. reduced  

  Direct & indirect 

pressures as well as 

cumulative effects on 

BD are reduced, & 

production & 

consumption of 

Canada’s biological 

resources are more 

sustainable. 

 

6. Forests managed 

sustainably 

6. Marine & aquatic 

resource extraction is 

sustainable 

  7. Agricultural landscapes 

provide stable or improved 

habitat/BD capacity 

7. Agriculture, forestry & 

aquaculture are sustainable 

  8. Aquaculture is 

sustainable & science-based 

8. Pollution levels lowered   9. Fisheries sustainable & 

ecosystem-based  

9. Invasive species mgmt. 

plans in place 

  10. Water is less polluted 

10. Pressures on vulnerable 

ecosystems (e.g., coral 

reefs) lowered 

  11. Invasive species mgmt. 

plans in place 

  12. Aboriginal use of 

resources maintained & 

sustainable 

  13. Conservation & 

sustainable use mechanisms 

developed & applied 

To improve the 

status of BD by 

safeguarding 

ecosystems, 

species & 

genetic 

diversity. 

11. Protected area coverage 

is ≥17% for terrestrial areas 

& inland waters & ≥ 10% 

coastal & marine areas 

  Canadians have adequate 

& relevant information 

about BD & ecosystem 

services to support 

conservation planning & 

decision-making. 

 

14. BD knowledge 

enhanced, integrated & 

accessible 

12. Prevented extinction of 

threatened species (trends 

for species at risk are 

improved) 

  15. Traditional knowledge 

promoted & used in mgmt. 

13. Genetic diversity 

maintained 

  16. Complete inventory of 

all the types of protected 

areas 

  17. National measures of 

natural capital in place 
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Enhance the 

benefits to all 

from BD & 

ecosystem 

services.  

14. Ecosystem services 

safeguarded 

  Canadians are informed 

about the value of nature 

& more actively engaged 

in its stewardship. 

 

18. BD curricula developed 

for schools 

15. Ecosystem resilience 

enhanced through 

conservation & restoration 

  19. Increased public 

participation in conservation 

activities 

16. Access & benefit 

sharing of genetic BD 

resources is operational  

   

Enhance 

implementation 

through 

participatory 

planning, 

knowledge 

management & 

capacity 

building. 

17. National BD Strategies 

& Action Plans are in place 

    

18. Traditional knowledge 

& customary use promoted 

& used in mgmt. 

   

19. BD knowledge 

improvement, transfer 

   

20. Greater financial 

resource mobilization 

   

1See website for the Convention on Biological Diversity for more information about Aichi Biodiversity Goals and 

Targets: https://www.cbd.int/sp/targets/  
2See “2020 Biodiversity Goals and Targets for Canada” (available at http://biodivcanada.ca/) for further information 

  

https://www.cbd.int/sp/targets/
http://biodivcanada.ca/
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1.2 Biodiversity data  

In order to assess progress towards global conservation targets, and to facilitate 

environmentally sustainable decision making, biodiversity must be mapped and monitored at 

multiple scales (Braat and de Groot 2012; Ferrier et al. 2004; Pereira and Cooper 2006). 

Currently, biodiversity monitoring is a difficult task as knowledge of the distribution of 

biodiversity is globally inconsistent and incomplete (Guralnick and Hill 2009; Meyer et al. 2015; 

Scholes et al. 2012). Primary data regarding genetic composition is particularly lacking 

(Geijzendorffer et al. 2015; GEO BON 2011) and global biodiversity monitoring has 

traditionally been biased towards habitats and species (Laikre 2010). Projects such as Global 

Genome Initiative (Genome 10K Community of Scientists 2009) are rapidly increasing the 

availability of such data at scales ranging from within-species up to the ecosystem level (Yahara 

et al. 2010).  

At the species level, knowledge of the spatial distribution of species world-wide is also 

limited (Ferrier et al., 2004). Discrete point data such as museum records and survey 

observations, known as primary occurrence data, are available from sources such as the Global 

Biodiversity Information Facility (GBIF) which, by September 2015, held over 576 million 

primary occurrence records for 1.6 million species (www.gbif.org). Nonetheless, a large number 

of species are absent, and records remain sparse for many regions (Meyer et al. 2015; Yesson et 

al. 2007). For example, a recent examination of the mammal data in the GBIF data showed that 

only 174 species had more than 100 records with georeferenced coordinates from the past 20 

years (Boitani et al. 2011). In another study examining more than 2300 species of multiple taxa 

in Madagascar, more than half of the species had fewer than eight observations (Kremen et al. 

2008). Existing occurrence data are biased towards certain, easily detectable organisms, 

http://www.gbif.org/
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specifically terrestrial vertebrates, plants and some insect groups (Newbold 2010) and the 

number of threatened species records are relatively low (Boakes et al. 2010). There is also 

considerable geographic bias in point occurrence datasets (e.g., Yang et al. 2013). For example, 

locations surveyed tend to be accessible areas close to roadways, rivers, urban areas, and 

biological stations (Graham et al. 2004; Rondinini et al. 2006).  

Taxonomic, geographic, and temporal sampling bias may be particularly strong in large 

countries such as Canada (almost 10 million km2 of which much is remote and inaccessible) 

(Boutin et al. 2009). Biodiversity data collection in Canada is currently conducted by different 

jurisdictions, at different spatial and time scales, measuring different parameters and using 

different methodologies, resulting in data gaps and uncertainties (Federal, Territorial and 

Provincial Governments of Canada 2010). A recent (2010) report concluded that biodiversity 

monitoring and research in the country was overall, “fair to poor… with some good data” 

(Federal, Territorial and Provincial Governments of Canada 2010). Biodiversity data availability 

in Canada lags behind other developed nations such as the United States and Western Europe 

(Meyer et al. 2015), particularly in the northern boreal and tundra biomes (Martin et al. 2012), 

but exceeds that of developing nations around the world (Amano and Sutherland 2013). 

Numerous national, international and regional institutes and activities exist to improve the 

organization, exchange, and availability of primary biological data for Canadian flora and fauna, 

including the Canadian Biodiversity Information Facility (www.cbif.gc.ca), and Canadensys 

(www.canadensys.net).  

Primary occurrence data may be used to generate various secondary distribution products. 

For instance, a simple grid can be overlaid on the observation points to generate aerial estimate 

of species information. Grid sizes are generally chosen to be fairly large in order to overcome the 
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spatial uncertainty, spatial bias and low numbers often associated with point occurrence data 

(Franklin 2009; Graham and Hijmans 2006). Thus gridded species distributions are generally 

only available for a small portion of Earth’s species and are limited in their spatial extent (Jetz et 

al. 2012), which limits their usefulness for local and regional scale applications (Franklin 2009; 

Graham and Hijmans 2006). Alternatively, rather than generating gridded datasets, lists may be 

compiled of species for broad geopolitical or ecological region using observations from different 

areas and different times within general regions or biomes (Hortal 2008; Jetz et al. 2012).  

Expert range maps are another type of species distribution data. Point occurrence data are 

used to determine and manually delineate the maximum geographic extent of a species’ 

distribution (Graham and Hijmans 2006). Expert range maps of select species distributions are 

available at global scales from agencies such as the International Union for Conservation of 

Nature (IUCN) (www.iucnredlist.org), BirdLife International (www.birdlife.org), and 

NatureServe (www.natureserve.org). Expert range maps effectively indicate absence of a species 

outside of their boundaries, but greatly overestimate the presence of a species (Jetz et al. 2012). 

This high rate of commission error occurs because the maps are not designed to indicate habitat 

suitability at finer scales, that is, they assume uniform occurrence within the range (La Sorte and 

Hawkins 2007). Thus range maps are generally limited to use at broad scales and for generalist 

species (Hortal 2008; Hurlbert and Jetz 2007; Jetz et al. 2007).  

Species distribution models are another form of secondary distribution data. These 

models aim to either a) spatially interpolate between known occurrences within a species’ 

current range, or b) to extrapolate beyond known occurrences in space or time (Elith and 

Leathwick 2009). Most common are correlative models that relate species occurrence data to 

various environmental variables to predict the spatial distribution of a species. The 

http://www.iucnredlist.org/
http://www.birdlife.org/
http://www.natureserve.org/
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environmental variables are those that are known or hypothesized to affect where a species can 

be found, either through direct resource and physiological needs such as temperature and water, 

or through indirect surrogates of those such as altitude, slope and aspect (Austin 2002, 2007; 

Guisan and Zimmermann 2000). The predictive ability of these models is affected by factors 

such as the quality and quantity of species occurrence data (Moudrý and Šímová 2012; Wisz et 

al. 2008), the selection and type of environmental predictor variables (Austin 2007; Stockwell 

and Peterson 2002), model type (Elith et al. 2006; Tsoar et al. 2007) and species traits (Guisan et 

al. 2007; Kadmon et al. 2003).  

Knowledge of the global distribution of ecosystems is more developed than that of 

species distributions. Various classifications of global, broad-scale biogeographic units were 

created as early as the 18th century (Cox 2001). Early regionalizations had roots in evolutionary 

biology and biogeography (Kreft and Jetz 2010). Beginning in the mid-20th century, finer-scaled 

global regionalizations were sought for purposes of biological conservation and land 

management (Jepson and Whittaker 2002) and were made possible due to greater information 

about global climate and vegetation patterns (Holdridge 1967). A more recent and widely 

referenced system, especially in conservation literature, was developed by the World Wildlife 

Fund (WWF) and recognizes more than 800 terrestrial ecoregions globally (Olson et al. 2001). 

Ecosystem mapping is also routinely carried out at local and regional scales for natural resource 

management and conservation planning purposes (Banner et al. 1996; Crins et al. 2009).  

1.2 Biodiversity indicators 

 

Given the complexity and scope of the term “biodiversity” (Noss 1990), and due to the 

paucity of biodiversity data, biodiversity monitoring must focus on select surrogates, or 
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indicators. Furthermore, biodiversity is complex and multifaceted, and monitoring cannot focus 

on a single measure, scale, or level of organization (Dale and Beyeler 2001; Scholes et al. 2012) 

Dozens of indicators of biodiversity of been proposed in recent years to monitor biodiversity, 

some examples of which are given in Table 1.2. Many authors have recently commented on the 

desirable characteristics of biodiversity indicators. Ideally, indicators should be cost-effective 

and repeatable, informative or calculable at multiple spatial extents and resolutions, responsive to 

perturbations, easy to compute and easy to understand, related to a particular target or 

management question, and proven to relate to one or more elements of biodiversity (Feld et al. 

2010; Jones et al. 2011; Mace and Baillie 2007; Noss 1990). Despite the emerging consensus on 

the importance of indicators and careful indicator selection, the poor spatial and temporal 

coverage of biodiversity data limits the development or applicability of many indicators 

(Walpole et al. 2009). The indicators, like the primary biodiversity data they draw on, are biased 

towards temperate regions and developed countries, and many are from only one or two points in 

time (Jones et al. 2011; Walpole et al. 2009).   



10 
 

Table 1.2. Example biodiversity indicators and indicator data 

Biodiversity 

component  

GENERAL REMOTE SENSING 

Examples Limitations Examples Limitations 

Genetic 

composition 

-Allelic diversity 

(allelic richness of 

selected species) 

-Breed & variety 

diversity (e.g., # of 

breeds of 

domesticated 

livestock species)  

-incomplete 

taxonomic coverage 

-incomplete 

geographic 

sampling 

n/a n/a 

Species 

composition  

-Red List Index 

(Butchart et al. 2004, 

2005, 2007) 

-Living planet index 

(Collen et al. 2009; 

Loh et al. 2005) 

-COSEWIC listings 

-temporal resolution 

 

-incomplete 

taxonomic coverage 

 

-incomplete spatial 

coverage 

-Biodiversity 

Intactness Index 

(Scholes and Biggs 

2005) 

-Biodiversity Habitat 

Index (GEO BON 

2015) 

 

-Species Habitat 

Indices (GEO BON 

2015) 

 

-species distribution 

models 

-spatial resolution & 

coverage (global indicator 

needs to be adapted to 

finer scales, and fine scale 

models need to be applied 

to larger areas)  

 

-temporal coverage / 

consistency limited by 

remotely sensed data 

availability 

 

-species observation data 

limits what species can be 

modelled and model 

accuracy  

Ecosystem 

structure 

-Local in-situ 

ecological studies, 

including long-term 

ecological research 

(LTER) plots  

-FAO Global Forest 

Resources 

Assessment of forest 

cover (e.g., Keenan et 

al. 2015) 

-in-situ studies 

limited by spatial 

coverage, temporal 

resolution and cost 

-Global data not 

spatially explicit 

and not detailed 

enough 

-Canada’s National 

Forest Inventory 

(Gillis et al. 2005) 

 

-A New Map of 

Global Ecological 

Land Units (Sayre et 

al. 2014)  

 

-global land cover 

maps  

 

 

-spatial resolution of 

global datasets 

-spatial, thematic and 

methodological 

consistency, especially of 

global land cover maps  

-spatial coverage of forest 

inventories 
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It is increasingly recognized that remotely sensed data are needed to help address gaps in 

biodiversity data. Remotely sensed data are ideal for biodiversity monitoring because they can 

repeatedly provide systematically collected data over the entire earth. In comparison, cost and 

logistics limit the collection of in-situ observations in space and time, especially in large and 

remote areas or politically insecure areas (Buchanan et al. 2009; Duro et al. 2007). With the 

exception of genetic biodiversity, remote sensing can characterize multiple attributes of 

biodiversity over multiple geographic extents, spatial resolutions, and temporal resolutions (Duro 

et al. 2007; Gillespie et al. 2008; Nagendra 2001; Turner et al. 2003). The type of information 

that can be derived from a remote sensing image is a function of the sensor’s temporal, spectral, 

and spatial resolution (Turner et al. 2003). Specifically, these attributes determine how often a 

given area is re-visited by the sensor, and the type and size of features on the ground that can be 

resolved (Table 1.3). For instance, imagery is generally referred to high, or H-resolution when 

image pixels are smaller than the objects under investigation, and as low, or L-resolution, when 

image pixels are larger than the features of interest (Strahler et al. 1986). Spatial and temporal 

resolution are also also related to the areal extent of a given image (the footprint). Specifically, 

sensors with a high temporal resolution are in orbit very high above the earth and have large 

footprints but low to moderate spatial resolution. For local and landscape scale applications, 

highly detailed information can be derived from small-footprint, high spatial resolution (< 10 m) 

imagery, hyperspectral imagery and active sensors such as lidar (light detection and ranging). 

Nation-wide biodiversity monitoring in Canada incorporates remotely sensed data from 

multispectral, moderate-to-low resolution sensors such as Landsat and AVHRR to assess trends 

in such things as land cover, forest cover, forest fragmentation, disturbance, and primary 

productivity (Ahern et al. 2011; Duro et al. 2007). Globally, a number of indicators capitalize on 
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remotely sensed data, including several new “Essential Biodiversity Variables” (GEO BON 

2015; Pereira et al. 2013) proposed by the Group on Earth Observations – Biodiversity 

Observation Network (GEO BON) (Table 1.2).  
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Table 1.3. Characteristics of common multispectral remotely sensed imagery 

Sensor 

Class 

(spatial 

resolution) 

Spatial 

resolution 
Swath width 

Launch / 

Operating Dates 

Approximate 

revisit time 
Potential uses 

Airborne 

multispectral scanners 
Very High < 1 m   

Deployed on 

demand 
Identification of large individual trees 

and detailed structural information; 

species identification sometimes 

possible 

WorldView-2 Very High 1.8 m 16.4 km 2009 1.1-3.7 days 

GeoEye-1 Very High 1.84 m 15.2 km 2008 2.1-8.3 days 

QuickBird-2 Very High 2.44 m 16.5 km 2001 1-3.5 days 

IKONOS High 4 m 11.3 km 1999 3 days Landscape scale vegetation mapping, 

including forest stand structure (e.g., 

successional stage); species 

identification sometimes possible  

RapidEye High 5 m 77 km 2008 1-5.5 days 

Landsat MSS Medium 60 m 185 km 1972–1992 16-18 days 

Separation of coniferous vs deciduous 

forest stands; landscape disturbance / 

successional stage mapping; species 

identification may be possible 

Landsat TM /ETM+ Medium 30 m 185 km 

1984–2013 (TM) 

1999-2003 

(ETM+) 

8-16 days 

Landsat 8 Medium 30 m 185 km 2013 8-16 days 

Sentinel-2 Medium 10-60 m 290 km 2014 5-10 days 

Advanced Spaceborne 

Thermal Emission 

and Reflection 

Radiometer (ASTER) 

Medium 15-90 m 60 km 1999 16 days 

MODerate resolution 

Imaging 

Spectroradiometer 

(MODIS) Terra and 

Aqua 

Low 
250-1000 

m 
2330 km 

1999 (Terra) 

2002 (Aqua) 
1-2 days 

National to global land cover types, 

biome and biomass mapping; species 

identification not possible 
ENVISAT MERIS Low 300 m 1150 km 2002-2012 3 days 

Advanced Very High 

Resolution 

Radiometer 

(AVHRR) 

Very low ≥ 1 km 2400 km 1981 1 day 
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1.3 Research objectives 

Despite the frequent and increasing use of remote sensing for biodiversity monitoring 

globally and within Canada, there are opportunities for expansion and improvement at both 

levels. Firstly, remote sensing scientists need to communicate more directly with ecologists and 

biologists (Pettorelli et al. 2014; Skidmore et al. 2015) and need to more effectively 

demonstrate the link between remote sensing–based indicators (e.g., land cover) and particular 

aspects of biodiversity (e.g., species distributions or ecosystem function) (Buchanan et al. 2009; 

Han et al. 2014; Walpole et al. 2009). Secondly, work is needed to address gaps and 

uncertainties with respect to spatial resolution and spatial scaling. The spatial resolutions of 

current indicator data do not always match what is needed or desired by users (e.g., Han et al. 

2014), with many indicators developed at the global scale unable to be scaled to sub-global 

scales, or vice-versa (Secades et al. 2014). The cost of higher spatial resolution datasets are 

often prohibitive to monitoring at national and especially international scales. Thus while 

research that develops high spatial resolution indicators needs to continue, case studies 

demonstrating the capabilities and limitations of free and open-source remotely sensed data for 

diverse regions and scales will increase confidence and interest in the remote sensing indicators 

(Skidmore et al. 2015).  

The overall goal of this dissertation is to advance the mapping and monitoring of 

biodiversity indicators, globally and within Canada, through the use of remote sensing. In 

particular, to advance knowledge of the information content of various types of remotely sensed 

data for biodiversity monitoring needs at the species and ecosystem levels. The biodiversity 

monitoring needs addressed by each research chapter are described in the following paragraphs, 

but common to all are i) the need for cost efficiency, ii) the need to increase spatial and 
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temporal resolution, spatial coverage, and scalability of indicator data, and iii) better integration 

of remote sensing with ecology. The majority of data assessed in this dissertation are free and 

open-source remotely sensed datasets, and research included spans local to global scales, while 

also including compositional, structural and functional attributes of biodiversity at both the 

species and ecosystem levels (Figure 1.2).  

 

 

Figure 1.1. Biodiversity incorporates structure, composition, and function for genes (not 

shown), species (inner circle) and ecosystems (outer circle). This dissertation will study species 

composition at global (G) and regional (R) scales (Chapters 2 and 3, respectively), ecosystem 

structure at local (L) scales (Chapter 4), and ecosystem function at global scales (Chapter 5).  

 

Starting at the species level, perhaps one of the easiest to comprehend measures of 

biodiversity is species richness, which is simply the number of different species found in a 

given area. Species richness for a given area may be modelled in several ways, including 

through a spatial overlap and summing of individual expert range maps (Graham and Hijmans 

2006), or alternatively through modeling richness directly as a function of environmental 

variables, which may or may not be sourced from remote sensing (e.g., Ferrier et al. 2004). To 
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monitor species richness over time, indicators such as the Biodiversity Intactness Index 

(Scholes and Biggs 2005) and the Biodiversity Habitat Index (GEO BON 2015) have been 

proposed, both utilizing remotely sensed land use and/or forest cover change datasets to infer 

effects on richness. These indicators are directly relevant to Aichi Target 5. For individual 

countries or researchers to adopt these types of indicators for national-level reporting, 

knowledge of which datasets are available and appropriate at sub-global scales will be 

important (e.g., Geijzendorffer et al. 2015). The goal of Chapter 2 is to determine which 

remotely sensed data products are available and appropriate for modelling species richness for 

each of six global biogeographic realms. The research also provides an explicit list of remotely 

sensed data products along with a discussion of some general considerations for monitoring 

changes to richness that will help address the gap between ecologists and remote sensing 

scientists, and where appropriate, inform the selection of data in subsequent research chapters.  

Continuing at the species level of biodiversity, trends in species populations are 

currently monitored globally with indicators such as the Red List Index (Butchart et al. 2004, 

2005, 2007) and the Living Planet Index (Collen et al. 2009; Loh et al. 2005), with relevance to 

Aichi Target 12 (Table 1.1, Table 1.2). Progress within Canada towards Target 2 is currently 

assessed based on species at risk population trends as supplied by the Committee on the Status 

of Endangered Wildlife in Canada (COSEWIC). Recently “The Species Habitat Indices” (GEO 

BON 2015) were proposed as a way to improve the geographic and temporal coverage of the 

aforementioned indices at the global scale (Table 1.2). These indices model the suitable habitat 

of species using remotely sensed data (e.g., land cover), are validated by species occurrence 

data, and can be assessed on an annual basis. A similar national-level indicator that utilizes 

remotely sensed data has not been developed for Canada. The goal of Chapter 3 is to generate 
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spatially detailed distribution maps for six tree species over an unprecedently large forested 

area of Canada ((>39 million ha). Presented as a study that tests the effect of Best-Available-

Pixel (BAP) Landsat composite imagery on species distribution models, the approach in 

Chapter 3 may be adaptable to standardized biodiversity monitoring in Canada as discussed in 

Chapter 6. Chapter 3 addresses the call for further case studies of remotely sensed biodiversity 

monitoring and questions about scale.  

At the ecosystem structure level, land cover and forest cover change, and forest 

fragmentation are among the indicators that may be used to assess progress towards Aichi 

Targets 5 (Table 1.1). As with species-level mapping, monitoring of ecosystem structure is 

challenged by spatial resolution and data availability. A number of different global land cover 

products have been produced over the past two decades with different sensors, spatial 

resolutions and classification schemes (Herold et al. 2008). Until recently, global products were 

limited to sensors with broad footprints and low spatial resolutions (> 300 m), however, recent 

global datasets have been produced with Landsat data at 30 m spatial resolution (Chen et al. 

2015; Hansen et al. 2013). Within Canada, a land cover time series is available from the Canada 

Centre for Remote Sensing (Ahern et al. 2011), produced with data from the Advanced Very 

High Resolution Radiometer (AVHRR) at 1 km spatial resolution for every 5 years between 

1985 and 2005. More detailed vegetation structural information at finer spatial resolutions are 

available from forest inventories and regional ecosystem mapping efforts. However, these 

systems rely on the manual interpretation of aerial photographs, limiting their cost 

effectiveness, spatial coverage, and repeat frequency. In Chapter 4, a thematically rich, 

relatively detailed (20 m spatial resolution) map is created to characterize the variety of local-

scale ecosystem structural classes in coastal British Columbia using remotely sensed data. The 
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results are compared to an existing mapping framework and methodology to provide explicit 

examples to ecologists of the opportunities present in new remotely sensed data. The potential 

for adapting the mapping methodology demonstrated in Chapter 4 for Canada-wide biodiversity 

monitoring is discussed in Chapter 6.  

Finally, also at the at the ecosystem level, but turning to ecosystem function, Net 

Primary Productivity (NPP) is a fundamental ecosystem function and one of the best 

established of the remote-sensing based biodiversity indicators (e.g., Kerr and Ostrovsky 2003; 

Turner et al. 2003). Global remotely-sensed estimates of NPP or proxies such as the 

Normalized Difference Vegetation Index (NDVI) are free and readily available, with data 

coverage extending back over 30 years in some cases. Monitoring trends in NPP can be used to 

assess progress towards Aichi Targets 5, 14, and 15 (e.g., GEO BON 2015) and Canadian 

biodiversity Targets 6 and 17 (e.g., Coops et al. 2014; Ahern et al. 2011). At the global scale, 

trends in NPP are typically reported for pre-defined ecoregions or land cover types, which may 

limit the ability for the information to be downscaled to finer spatial resolutions and extents, 

and may also limit the ecological meaning of the results if global change is sufficiently large to 

question the resilience of those units over time. In Chapter 5, an alternative method to assessing 

change in land productivity is proposed. The method focuses on spatial pattern within data-

driven regions, rather than using a priori defined land cover types, and generates new spatial 

indicators from remotely sensed data to assess variability in productivity and phenology 

between 2000 and 2012 across the globe. Applicability of this approach to biodiversity 

monitoring in Canada is discussed in Chapter 6.  
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2. Remote sensing opportunities for predicting species richness gradients at 

continental to global scales 

 

Abstract 

The limited quantity and quality of species observation data globally results in species richness 

frequently being modeled as a function of environmental covariates. These covariates can come 

from a variety of sources, including remote sensing. Remote sensing provides spatially explicit, 

systematic, repeatable data over large areas, yet its widespread use for biodiversity monitoring 

has been constrained by factors such as cost, data availability, lack of capacity, and ineffective 

demonstration of the link to components of biodiversity. The goal of this research is to identify 

gaps in the current usage of remote sensing data in broad scale species richness models and to 

highlight opportunities to further leverage the information content of remotely sensed data for 

these models. We reviewed 38 studies that predicted species richness gradients at broad scales 

using one or more remotely sensed datasets. In the models we reviewed, remotely sensed 

estimates of land cover and greenness, especially the Normalized Difference Vegetation Index 

(NDVI) were commonly used predictors. Remotely sensed topographic data were rarely used, 

and remotely sensed measures of climate were never included in models. We highlight free, 

open-source, and analysis-ready remotely sensed data that may be used to predict species 

richness at broad scales, emphasizing which are available and appropriate for each of six global 

biogeographic realms. In highlighting the capabilities of geographic technologies for species 

richness modelling, this study will help bridge the gap between ecologists, managers and 

remote sensing scientists, and facilitate the advancement of biodiversity monitoring.  

2.1 Introduction 

The variability of species richness among global regions, and especially along 

latitudinal gradients, has been studied by ecologists for many years (Pianka 1966; Rohde 1992). 

Research to fully describe and explain broad-scale patterns with respect to both historical 

effects and the contemporary environment is ongoing (Beck et al. 2012). As detailed spatial 

distribution information is limited in quality and quantity for the majority of species on earth 
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(Jetz et al. 2012), researchers often use surrogates (such as ecosystems), or build a model 

relating covariates to generalized range maps or point observation data (Ferrier et al. 2004). 

Environmental covariates typically include some combination of climate, primary productivity, 

and habitat heterogeneity metrics (e.g., Field et al., 2008; Hawkins et al., 2003). These 

variables, in combination with data regarding historical factors such as glaciation, tectonics and 

geographic isolation, as well as biotic interactions, influence processes such as speciation, 

extinction, and dispersal, which in turn, affect which species will co-exist at any given location 

(Belmaker and Jetz 2012; Currie 1991; Qian et al. 2007; White and Hurlbert 2010). Global 

maps of species richness may be used to help set global biodiversity conservation goals (e.g., 

Myers et al 2000). Models of richness that incorporate environmental covariates may be also to 

assess the potential impacts of climate and land use change on predicted richness gradients over 

time, allowing goals to be adaptively managed and prioritized.  

Environmental covariate or proxy datasets for species richness modelling are often 

acquired from multiple sources. Remotely sensed imagery is one source of data. Remote 

sensing provides spatially explicit, systematic, repeatable data over large areas, yet its 

widespread use for biodiversity monitoring in general has been constrained by factors such as 

cost and data availability (Secades et al. 2014; Skidmore et al. 2015), lack of capacity (Han et 

al. 2014; Pettorelli et al. 2014), and ineffective demonstration of the link to components of 

biodiversity (Buchanan et al. 2009; Walpole et al. 2009). The goal of this research is to identify 

gaps in the current usage of remote sensing data in broad scale species richness models and to 

highlight opportunities to further leverage the information content of remotely sensed data for 

these models. To meet this goal, we conduct a literature review to determine the breadth and the 

frequency with which remote sensing data have been utilized in global species diversity 
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monitoring in recent years. Based on this review, we then identify and recommend remote 

sensing data and products that can capture the key environmental predictors of richness models, 

emphasizing those data which are currently underutilized. Our review builds upon recent 

discussions of the application of remote sensing for individual species distribution modeling 

(e.g., Bradley and Fleishman, 2008; Cord et al. 2013; He et al., 2015), and biodiversity 

monitoring in general (e.g., Duro et al. 2007; Nagendra, 2001; Nagendra et al., 2013; Turner et 

al., 2003) by providing specific and current product recommendations. In highlighting the 

capabilities of geographic technologies for species richness modelling, this study will help 

bridge the gap between ecologists, managers and remote sensing scientists, and facilitate the 

advancement of biodiversity monitoring.  

2.2. Background 

The environmental covariates used to predict species richness gradients at broad scales 

may be grouped into one of four categories: ambient energy, water or water energy, productive 

energy, and habitat heterogeneity. Ambient energy in a macroecological context refers to 

temperature-related variables, and can convey information related to climatic stability, 

harshness, and seasonality (Willig et al., 2003). Ambient energy may influence species richness 

gradients because of the physiological tolerance or intolerance to very hot or very cold 

temperatures, or by influencing speciation rates (Clarke and Gaston 2006; Currie et al. 2004; 

Evans et al. 2005; Wiens and Donoghue 2004). For migratory species, the effect of climatic 

seasonality on resource availability may be more influential than direct physiological effects on 

richness (Lennon et al. 2000). Ambient energy variables used in species richness models 

commonly include metrics of temperature and potential evapotranspiration (PET). 
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Ambient energy is thought to be particularly limiting to species richness at high 

latitudes, whereas water availability is more important at southern latitudes (Hawkins et al. 

2003; Whittaker et al. 2006). Even so, water is essential for animals everywhere, with water 

having both a direct physiological role in animal survival and reproduction, as well as an 

indirect role through Net Primary Productivity, that is, through the provision of food resources. 

Broad scale species richness models commonly include metrics such as precipitation Actual 

Evapotranspiration (AET) to represent water and water-energy, respectively. Primary 

productivity is typically included as a separate variable in richness models even though it is 

correlated to AET. NPP is the rate at which energy is converted through photosynthesis or 

chemosynthesis to organic substances per unit time, minus the energy lost for respiration. 

Beginning with studies by Pianka (1966) and Wright (1983), the relationship between NPP and 

species richness continues to find wide-spread support (Mittelbach et al. 2001; Waide et al. 

1999; Whittaker 2010). As reviewed in Currie et al. (2004) and Evans et al. (2005), primary 

productivity has been hypothesized to directly affect the number of individuals that an area can 

support, and thus in turn, species richness at any given location. 

Variables representing habitat heterogeneity at broad scales such as the diversity of 

ecosystem or land cover types, or topographic complexity, are often included as predictors of 

species richness, despite often being considered less important at global scales than climate 

variables (Field et al. 2008; Whittaker et al. 2001). Habitat heterogeneity is thought to relate to 

species richness because species are associated with particular ecological niches, and thus more 

variable habitats are likely to host more species (Currie 1991). Topographic complexity has also 

been hypothesized to affect species richness from a historical perspective because, at least in 

the tropics where climate is generally more stable than in temperate areas, mountain ranges can 
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act as barriers to dispersal, and the geographic isolation can lead to speciation (Janzen 1967). 

The topographic influence on species richness may be particularly important at tropical or 

subtropical latitudes where available energy is high (Kerr and Packer 1997; Qian 2010; Rahbek 

and Graves 2001). Topography is also a particularly important predictor of species richness in 

areas with high levels of endemism (Szabo et al. 2009), and especially where endemism is 

largely congruent with richness, as in sub-Saharan Africa (Jetz et al. 2004). In areas of low 

topographic relief, the relative influence of land cover diversity may be increased (Kerr et al. 

2001).  

2.3. Current uses of remote sensing in species richness modelling 

We reviewed studies that model broad scale (continental to global) geographic gradients 

in species richness as a function of environmental covariates. To enable remote sensing related 

recommendations, all studies reviewed derived at least one environmental covariate from 

remote sensing. We constrained our review to studies using spatial units of analysis of at least 

0.25° latitude x 0.25° longitude (~725 km2 at the equator), a spatial resolution that not only 

allows, but indeed is often recommended (e.g., Hurlbert and White 2005; Rahbek 2004) for 

modelling across very large areas. Our focus was on animal species richness within the 

terrestrial realm, thus studies of plant diversity and aquatic or marine environments were 

excluded. A total of 38 studies were included in the review.  

Based on a review of this literature, we compiled a list of remote sensing products that 

can capture the variables important for modelling species richness. There is emerging 

consensus that species richness-environment relationships vary regionally (Buckley and Jetz 

2007; Davieset al. 2007; Hawkins 2010; Hortal et al. 2008; Kissling et al. 2012; Qian 2010), 

therefore we also provide recommendations at sub-global scales, using a framework of global 
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biogeographic realms. The sensors we highlight have free and open-source data policies, and 

many are associated with pre-processed, ready to use products. Sensors and products suitable 

for global scale mapping are characterized by high temporal resolutions (e.g., daily to 

annually), medium to low spatial resolutions (>10 m), and medium to large image extents 

(>100 km2). Higher spatial resolution imagery are generally only available from commercial 

vendors, and will often have limited spatial extents (many less than 20 km wide), and thus more 

individual images (with different dates and viewing angles) are required to cover large areas. 

Project complexity and cost are thus much higher (Wulder et al. 2008a). Therefore, although 

commercial sources of high spatial resolution remotely sensed data have been shown to be 

valuable when relating information in support of biodiversity studies (e.g., St-Louis et al., 2006; 

Viedma et al., 2012), the applicability of these data to global studies is often limited to 

provision of detailed calibration or validation information (Falkowski et al. 2009; Morisette et 

al. 2003).  

2.4. Opportunities for remote sensing in species richness modelling 

We found a narrow scope of remotely sensed data usage among the 38 studies reviewed 

(Table 2.1). Most studies utilized only two types of remotely sensed information: a vegetation 

index, most often the Normalized Difference Vegetation Index (NDVI) (e.g., Hawkins and 

DeVries, 2009; Qian, 2010; Ruggiero and Kitzberger, 2004), and land cover (e.g., Davies, et al., 

2007; Kerr et al., 2001; Rahbek et al., 2007). All of the studies we reviewed used climate 

datasets (e.g., temperature, precipitation, AET and PET) derived from meteorological stations 

(e.g., WorldClim, Hijmans et al., 2005), rather than from spaceborne sensors. However, a few 

studies used annual variability of NDVI or NDVI within a particular season (e.g., Carnicer and 

Díaz-Delgado, 2008; Hurlbert and Haskell, 2003; Keil et al. 2008) to represent climatic 
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seasonality or variability. Studies overwhelmingly used non-remotely sensed topographic data 

sources such as digitized contour maps, or other unspecified sources. Two studies used 

topography data that were exclusively remotely sensed based, for instance, from the Shuttle 

Radar Topography Mission (SRTM, see Table 2.2) (Carnicer and Díaz-Delgado 2008; Luo et 

al. 2012). In Sections 4.1 through 4.4, we highlight underutilized remotely sensed sources of 

climate, productivity, and habitat heterogeneity data that could be used in broad-scale models of 

species richness (Figure 2.1, Table 2.2).  

 

 

 

Figure 2.1. The relative importance of environmental predictors of species richness varies by 

global geographic realm. Our recommendations of remotely sensed data to capture some of the 

most important variables in each realm are indicated. 
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Table 2.1. Review of studies modelling the geographic distribution of species richness at continental to global scales, using one or 

more sources of remotely sensed data. 

Study Reference Remotely Sensed Predictorsa Other Predictorsa 

(Ballesteros-Mejia et al. 

2013) 
% herb cover and % tree cover PET, AET, ELEVR 

(Buckley and Jetz 2007) 
Number of vegetation land cover 

classes 

Annual AET, PET, mean annual temperature, mean annual diurnal temperature, 

frost-day frequency, annual precipitation, mean precipitation of the driest three 

months, wet-day frequency, relative humidity, mean annual NPP, mean three-

month minimum NPP, number of elevation bands, realm 

(Carnicer and Díaz-

Delgado 2008) 

Land cover type, mean June and 

mean December NDVI, seasonal 

range in NDVI, spatial variation in 

NDVI, interannual NDVI, ELEVR, 

ELEVMN 

AET, PET, NPP, max and min June and Dec temps, daily range of June temps, 

annual rainfall, spatial variation of June and Dec max temps, lat and long, area, 

# of sampling routes 

(Davies, Orme, Storch, 

et al. 2007) 

Land cover diversity, agricultural 

land area, mean annual NDVI  
Mean annual temp, ELEVR, human population density, glacial history, MDE 

(Davies, Orme, 

Webster, et al. 2007) 
Land cover diversity NPP, AET, PET, ELEVR, mean annual temp, mean annual precip 

(Diniz-Filho et al. 2013) Land cover diversity 
PET, AET, mean annual temp, mean annual precip, NPP, ELEVR, CV annual 

temp, PET of the driest month, # of dry months, min temp of the coldest month 

(Diniz-Filho et al. 2004) Land cover diversity 
AET, PET, mean daily temp in the coldest month, annual mean temp, annual 

precip, ELEVR, ELEVR x min temp, genera age 

(Diniz-Filho and Bini 

2005) 
Land cover diversity 

PET, AET, mean annual temp, mean daily temp in coldest month, annual 

rainfall, ELEVR, ELEVR*min temp 
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(Fløjgaard et al. 2011) Land cover evenness, NDVI 

AET, PET, Mean annual temp, min temp, annual precip, water balance, GDD, 

long-term climatic stability, dispersal from ice age refugia, distance from Asia, 

ELEVR, human influence index 

(H-Acevedo and Currie 

2003) 

Mean NDVI (Dec-Feb, May-July and 

annual) 

Mean temp and total precip (Dec-Feb, and May-July), mean annual temp, total 

annual precip, mean temp x mean precip, ELEVR, soil fertility, land cover 

diversity 

(Hawkins and Porter 

2003a) 

Mean annual and mean summer 

NDVI, land cover diversity 

AET, PET, mean daily temp in the coldest month, mean annual temp, annual 

precip, ELEVR, plant species richness, age since glaciation 

(Hawkins and Porter 

2003b) 
Land cover diversity  

Annual AET, annual PET, mean monthly temp, mean January temp, annual 

precip, ELEVR, age since glaciation 

(Hawkins et al. 2005) 
Mean annual NDVI, land cover 

diversity 
Annual AET, annual PET, ELEVR 

(Hawkins et al. 2007) Mean annual NDVI Annual AET, mean annual temperature, elevation range 

(Hawkins and DeVries, 

2009) 
Mean summer and annual NDVI 

Annual AET, mean Jan and July temps and spatial range in mean annual temp, 

time since glaciation, biome type, distance from USA-Mexico border and 

southern Florida 

(Hawkins 2010) Mean annual NDVI  
Maximum annual AET, mean annual temperature, local variability in mean 

annual temperatures, region  

(Hortal et al. 2008) Land cover diversity 

AET, PET, mean, maximum and minimum monthly temperatures, mean annual 

precipitation, winter, spring, summer and autumn precipitation, water balance, 

elevation range, mean slope, aspect variability, habitat (biome) type, global 

realm, area 

(Hurlbert and Haskell 

2003) 
Mean monthly NDVI, seasonal 

variability in NDVI (max-min and 
ELEVR, number of biomes 
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ratio of max-min/max) 

(Huang et al. 2011) NDVI 

AET, PET, mean annual max temp, mean annual min temp, mean sum of temp 

> 0°, mean sum of temp > 10°, mean annual solar radiation, mean annual temp, 

mean annual sunshine, mean annual diurnal temp range, annual frost day 

frequency, mean annual wind speed, mean annual wet day frequency, mean 

annual relative humidity, ELEVR, # of veg classes 

(Jetz and Rahbek 2002) 
Mean monthly NDVI, diversity of 

NDVI classes 

Annual AET, annual PET, mean daily temp, annual monthly temp range, 

annual precip, annual precip range, NPP, mean solar radiation, ELEVM, 

ELEVR 

(Keil et al. 2008) 
Mean annual and mean summer 

NDVI, land cover diversity 

AET, PET, mean annual temp, mean annual precip, ELEVR, plant species 

richness, age since glaciation, water surface area 

(Kerr et al. 2001) Land cover diversity 
Mean, min, max and range each of AET, PET, water deficit, ELEVR, ELEVM, 

ELEVX, ELEVMN, sampling intensity 

(Kerr et al. 2006) 

NPP, land cover heterogeneity, forest 

extent, mean, minimum and 

maximum elevation 

Mean, minimum and maximum temperature and precipitation, MDE 

(Kissling et al. 2012) Land cover diversity 
AET, coefficient of variation of monthly NPP, mean annual temperature, 

annual precipitation, elevation range, biogeographic realm 

(Kreft and Jetz 2007) Land cover diversity  

Annual AET, annual PET, mean annual NPP, mean annual temperature, 

precipitation, relative humidity, wind speed, # of wet and dry days, # of frost 

days, sunshine duration, water balance, growing months, number of 300 m 

elevation belts per unit, soil types, floristic kingdom, biome, latitude, area 

(Luo et al. 2012)  
Mean annual NDVI, ELEVR, slope, 

aspect, land cover diversity 

Mean annual temp, annual precip, temp and precip seasonality, annual temp 

range, vegetation type diversity 
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(McPherson and Jetz 

2007) 

Mean annual temp, mean annual 

precip, annual CV precip, annual CV 

temp, land cover diversity 

NPP, topographic heterogeneity 

(Qian, Wang, et al. 

2007)  
Mean monthly NDVI and EVI 

Mean annual temp, mean temp of coldest and warmest months, temp 

seasonality, mean annual precip and rainfall, monthly min and max precip, 

seasonality in precip, mean summer rainfall, annual AET and PET, monthly 

min and max AET and PET, seasonality in AET and PET, AET/PET, PET-

AET, NPP, ELEVR, ELEVX, ELEVM, area 

(Qian et al. 2009)  Mean annual NDVI 
Annual AET and range in AET, annual PET and range in PET, annual mean, 

min and range of temp, annual and range of precip, ELEVM, ELEVR, area 

(Qian 2010) NDVI AET, mean annual temp, annual precip, ELEVR, area 

(Rahbek and Graves 

2001) 
Ecosystem diversity 

Mean annual temp, mean daily max, min and range in temp, annual precip, 

ELEVR, solar radiation, wind speed, cloud cover, frost frequency, wet-day 

frequency, mean vapor pressure, lat, area 

(Rahbek et al. 2007) Ecosystem diversity 
Mean annual temp, Mean annual precip, NPP, ELEVR, species-energy (area x 

NPP), water-energy (temp x precip x NPP), temp-kinetics, area  

(Ruggiero and 

Kitzberger 2004) 

Annually-Integrated NDVI, 

interannual variability in NDVI, 

spatial variability in NDVI 

Annual AET, annual PET, annual min temp, yearly temp amplitude, ELEVR, 

proportion of continental land 

(Rodríguez et al. 2005) 
Mean annual NDVI, land cover 

diversity 

AET, PET, mean annual temp, annual precip, SD of mean monthly temp and 

precip (Jan –July), NPP, plant biomass, ELEVR 

(Storch et al. 2006) Mean annual NDVI Mean annual AET, mean annual NPP, MDE  

(Szabo et al. 2009) Annual NPP, land cover diversity 
Annual minimum and mean temperature and temperature range, annual 

precipitation, elevation range 
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(Tello and Stevens 

2010) 

Elevation, NPP, and spatial variation 

of both 

Mean annual temperature, annual precipitation, and spatial variation of both, 

monthly SD of temperature and coefficient of variation of precipitation 

(Tognelli and Kelt 

2004) 

Max annual NDVI, ecosystem 

diversity 

Annual AET, Annual PET, Mean daily max, min, and range of temp, mean 

annual temp, annual precip, solar radiation, frost frequency, mean vapor 

pressure, mean wind speed, ELEVR 

AET: Actual Evapotranspiration; CV = coefficient of variation; ELEVM: minimum elevation; ELEVR: elevation range; ELEVX: maximum elevation; EVI: 

Enhanced Vegetation Index; fPAR: fraction of Photosynthetically Active Radiation; GDD: Growing degree days; LAI: Leaf Area Index; lat = latitude; long = 

longitude; MDE: Mid-Domain Effect; NDVI: Normalized Difference Vegetation Index; NPP: Net Primary Productivity; PET: Potential Evapotranspiration; SD 

= standard deviation; Q1 to Q4 = geographic range size quartile  

aTopographic data were included in the “other variables” category unless known to be solely from remote sensing data (e.g., the Shuttle Radar Topography 

Mission, SRTM). 
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Table 2.2. Remotely sensed datasets suitable for predicting broad-scale species richness at continental and global scales 

Predictor Sensor  Data / Product Coverage Sensor Spatial 

Resolution 

Sensor 

Temporal 

Resolution 

Product Update 

Frequency  

Duration 

Temperature MODIS  Land Surface 

Temperature 

Global 1 km, 5 km,  

0.5° 

 

Daily Daily, 8 day, 

monthly 

2000 – present 

VIIRS Land Surface 

Temperature 

Global 750 m  2 days Unknown 2013 - 

AET MODIS Evapo-

transpiration 
Global 1 km Daily 8 day, monthly, 

annual 

2000 – 2010; will be 

updated in future 

Precipitation TRMM Various Tropical & 

Subtropical  

 

0.25°, 0.5°, 5° 3 hours 3 hours, daily, 

monthly 

1997 - present 

 

GPMM  Various  Global < 100 km 3 hours 3 hours, daily 2014 -  

MODIS Snow Cover Global 500 m, 0.05° Daily Daily, 8 day, 

monthly 

2002 - present 

AVHRR EASE-Grid 

Snow Water 

Equivalent 

 

Global 25 km Daily Monthly 1978-2007 

Primary 

productivity 

AVHRR  Global 

Vegetation 

Index  

 

Global 1 km, 8 km, 16 

km 

Daily Weekly, 10 day, 

monthly 

1989 – present 

MERIS  Global 

Vegetation 

Index  

 

Global 300 m, 1.2 km 3 day Monthly 2002 – 2012  

MODIS  EVI, NDVI, 

fPAR, NPP, 

GPP 

 

Global 250 m, 1km, 

0.25° 

Daily 8 day, 16 day, 

monthly 

2000/2002 – present 

VIIRS NDVI Global 750 m 2 days Unknown 2013 – 

 MERIS 

FAPAR – EU 
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Predictor Sensor  Data / Product Coverage Sensor Spatial 

Resolution 

Sensor 

Temporal 

Resolution 

Product Update 

Frequency  

Duration 

Topography SRTM DEM 60°N to 

60°S 

30-90 m N/A V1 – 2003 

V2 – 2005 

V3 – 2006 

V4 – 2008  

 

No ongoing acquisition 

Various GTOPO30 Global 1 km N/A First released in 

1996 

 

No ongoing acquisition 

ASTER  GDEM 83°N to 

83°S 

30 m N/A V1 – 2009 

V2 – 2011 

 

2000 – present 

Primarily SRTM GMTED2010 Global 30, 15 and 7.5 

arc-seconds 

N/A 2010 will be updated in future 

TanDEM-X  Global Digital 

Elevation 

Model 

Global 12 m N/A 2014  

 

2010 – present  

 

 

 

Land Cover / 

Habitat 

structure 

SPOT- VGT Various, 

including 

GLC2000 

 

Global 1 km 1-2 days Daily, 10 day 1998 – present 

AVHRR Various Global 1 km, 8 km, 1° Daily Various 1981 – present 

MODIS  Land Cover Global 

 

500 m  Daily Yearly 2001 – 2010 

 

Vegetation 

continuous 

fields 

 

Global 250 m Daily Yearly 2000 - 2010 

MERIS GlobCover Global 300 m, 1.2 km 3 day 2005/2006, 2009 2002 – 2012 

Landsat 

MSS/TM/ETM+ 

Land cover Global  30 m (TM / 

ETM+),  

79 m (MSS) 

 

16 days (TM / 

ETM+),  

18 days (MSS) 

Various 1972 – present 
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Predictor Sensor  Data / Product Coverage Sensor Spatial 

Resolution 

Sensor 

Temporal 

Resolution 

Product Update 

Frequency  

Duration 

Sentinel-2 Various Global 10 to 60 m 5 days Unknown 2014 – 

GEDI Various  50°N to 

50°S 

25 m  Unknown Likely 2019 – 2024 

GLAS ICESat Various Global ~70 m 91 days Unknown 2003 – 2010 

ALOS PALSAR forest cover 

 

Global 10m, 100 m 46 days Unknown 2006 – 2011 

ASTER: Advanced Spaceborne Thermal Emission and Reflection Radiometer; ALOS: Advanced Land Observing Satellite; AVHRR: Advanced Very High 

Resolution Radiometer; GLAS ICESat: Geoscience Laser Altimeter System, Ice Cloud and land Elevation Satellite; MERIS: MEdium Resolution Imaging 

Spectrometer; MODIS: Moderate Resolution Imaging Spectroradiometer; SPOT: Système Pour l'Observation de la Terre; SRTM: Shuttle Radar Topography 

Mission; TRMM: Tropical Rainfall Monitoring Mission; GPMM: Global Precipitation Monitoring Mission; VIIRS: Visible Infrared Imaging Radiometer Suite; 

TM: Thematic Mapper; ETM+: Enhanced Thematic Mapper; MSS: Multispectral Scanner System; GTOPO30: Global 30 Arc-Second topographic data; 

GLC2000: Global Land Cover product: NPP: Net Primary Productivity; NDVI: Normalized Difference Vegetation Index; EVI: Enhanced Vegetation Index; 

fPAR: fraction of Photosynthetically Active Radiation; GPP: Gross Primary Productivity; DEM: Digital Elevation Model; VIIRS: Visible Infrared Imaging 

Radiometer Suite
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2.4.1 Ambient Energy 

Continental to global scale models of species richness predominately use datasets such 

as WorldClim (Hijmans et al. 2005), which are based on spatial interpolations of in-situ 

measurements. In such regions, such as the Afrotropics, the availability and quality of 

interpolated climate datasets is limited (Hay and Lennon, 1999; Hijmans et al., 2005). A major 

strength of remotely sensed data is the spatially continuous nature of data, meaning no 

interpolation is needed among climate stations. Therefore, in areas of rugged topography or 

sparse in-situ measurements, there are opportunities to use spatially continuous remotely sensed 

measurements of precipitation and temperature that may lead to more accurate climate datasets 

in comparison to interpolated climate surfaces, particularly as the amount of remotely sensed 

information increases over time (Hijmans et al. 2005). However, it is important to note that the 

temporal record of many remotely sensed climatic datasets is limited to the past 15-30 years 

(Table 2; Yang et al., 2013), whereas interpolated climate data based on in-situ measurements 

are typically averaged over a longer time period (e.g., 50 to 60 years).  

Examples of remotely sensed climate data products that may be of value include the 

Moderate Resolution Imaging Spectroradiometer (MODIS) Land Surface Temperature (LST) 

data, which has global coverage (Table 2.2). LST data are correlated to traditional near-surface 

air temperature data measured at weather stations, but LST provides additional, complimentary 

information because it varies by land cover type and thus uniquely measures the coupling of 

ecological and climatological effects (Mildrexler et al. 2011). Temperature variables are highly 

explanatory of species richness at high latitudes (e.g., Davieset al., 2007; Hawkins and DeVries, 

2009; Hawkins, 2010; Hawkins et al., 2003; Qian, 2010), and we recommend the use of LST 

for representing temperature in models within the Nearctic and Palearctic biogeographic realms 

(Figure 2.2). Future remotely sensed climatic products are also expected from the new Visible 
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Infrared Imaging Radiometer Suite (VIIRS), onboard the Sumoi National Polar-orbiting 

Partnership satellite launched in October 2011, which is designed to allow for continuity of 

MODIS-like products such as LST (Justice et al. 2013). 

2.4.2 Water and Water Energy  

Another remotely sensed, spatially continuous climatic product that may be used in 

broad-scale species richness models is the Global Precipitation Measurement (GPM) mission, 

which will provide near real-time precipitation information across the globe (Hou et al. 2013). 

The GPM will use both radar and microwave satellites, and will be capable of measuring light, 

moderate and heavy rainfall, as well as snowfall. The GPM is modelled after the Tropical 

Rainfall Monitoring Mission (TRMM). Since its launch in 1997, TRMM has been capturing 

daily precipitation data for tropical and subtropical regions using a combination of radar, 

visible, infrared and microwave imaging (Kummerow et al. 1998). Finally, 8-day, monthly, and 

annual estimates of global evapotranspiration are available from 2000 to 2013 from MODIS 

(Mu et al. 2011). Given the importance of water availability for determining species richness 

within the Neotropic, Afrotropic, Indo-Malayan and Australasian biogeographic realms 

(Hawkins 2010; Qian 2010; Tognelli and Kelt 2004), we recommend the use of TRMM or 

GPM data, or MODIS AET data for modeling within these realms (Figure 2.2). Models 

covering high latitudes, such as within the Palearctic or Nearctic global biogeographic realm 

may benefit from snow cover data available from MODIS.  

2.4.3 Primary Productivity 

The ability of remote sensing data to capture primary productivity is well-documented 

and considered operational (Zhao et al. 2005). There are several approaches to estimate primary 

productivity, using physical models or vegetation indices. Regarding vegetation index-based 

approaches, NDVI is often applied. The NDVI is the ratio of reflected red energy, which plant 
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pigments such as chlorophyll absorb, and near-infrared energy, which is reflected by plants, 

thus expressing relative vegetation greenness or with a correlative relationship to productivity 

(Berry et al. 2007). Although NDVI is the most commonly used vegetation index (Kerr and 

Ostrovsky 2003), it is sensitive to background and atmospheric conditions and tends to saturate 

in areas such as the tropics with high biomass (Huete et al. 2002). Where possible, we 

recommend the use of the fraction of photosynthetically available radiation (fPAR) absorbed by 

vegetation, or the Enhanced Vegetation Index (EVI) instead of the more commonly used NDVI 

(Table 2.2). The EVI is a ratio-based vegetation index similar to the NDVI; however, the EVI 

incorporates additional terms such as reflectance in the blue band and a canopy background 

adjustment factor (Huete et al. 2011). These additional terms means EVI it less sensitive than 

NDVI to background and atmospheric conditions, and also less likely to saturate in conditions 

of dense vegetation because it is more sensitive to vegetation structure and less to chlorophyll 

(Huete et al., 2002). Vegetation indices like the NDVI and EVI correlate to fPAR, a biophysical 

parameter of vegetation that depends on vegetation type and structure. Several studies have 

shown a relationship between species richness and fPAR (e.g., Coops et al. 2009a; Coops et al. 

2009b). fPAR can be estimated from NDVI, but depending on background soil conditions, the 

relationship is not always linear (Huete et al. 2011). It is also possible to generate fPAR values 

directly via a non-empirical physical modeling approach based upon an understanding of 

available energy and the fraction absorbed by vegetation. The global fPAR product from 

MODIS is modelled using surface reflectance and biome type, the latter defining certain 

vegetation structural characteristics (Myneni et al. 2002). MODIS products such as fPAR are 

composited over 8 or 16 days in order to minimize atmospheric effects. The new Sumoi 

National Polar-orbiting satellite carries sensors that will offer continuity of vegetation and 
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productivity related datasets from MODIS (Justice et al. 2013). Across the Palearctic realm, the 

European Union provides registered users with access to fPAR data up to the year 2012 from 

the MERIS sensor (http://fapar.jrc.ec.europa.eu).  

2.4.4 Habitat Heterogeneity 

While the temporal extent of global remotely sensed climatic products may be 

somewhat limited, many satellites have been collecting land surface reflectance data for 

considerably longer (>40 years; Table 2.2). Moreover, remote sensing data is associated with 

frequent, continuous acquisition. These characteristics, together with the ability to acquire data 

in remote regions, make remote sensing well-suited to measuring habitat heterogeneity. For 

instance, a model that incorporates remotely sensed land cover data could be used to regularly 

monitor potential anthropogenic influences on predicted patterns of species richness. 

A number of different global land cover classifications have been produced over the 

past two decades using remote sensors such as MODIS, Advanced Very High Resolution 

Radiometer (AVHRR), and Système Pour l'Observation de la Terre (SPOT) (Bartholomé and 

Belward 2005; Friedl et al. 2010; Hansen et al. 2000; Loveland et al. 2000). Unfortunately, 

inconsistent data sources, methodologies, and spatial or thematic resolutions make these data 

products difficult to compare (Herold et al. 2008). Further, these global datasets poorly 

distinguish landscapes with a mix of vegetation types and densities, and small and relatively 

rare features such as wetlands and urban areas (Herold et al. 2008). Landsat imagery, with 30 m 

spatial resolution, may be preferred in this regard. The Landsat series of sensors have been in 

continuous operation since 1972, making it the longest running record of any similar earth 

observation satellite (Wulderet al. 2012a). However, until recently, the use of Landsat was 

uncommon for large area mapping, relative to sensors like MODIS, because of the considerable 

http://fapar.jrc.ec.europa.eu/
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effort and cost required for collecting and processing large numbers of individual images 

associated with the higher spatial resolution of Landsat (Townshend et al. 2012). As of 2008, all 

of the USGS’s new and archived Landsat imagery were made freely available to the public 

(Wulderet al. 2012a). This change of policy combined with improved computing power has 

made it now feasible to use Landsat to create global land cover and land cover change products 

(Chen et al. 2015; Gong et al. 2013; Hansen et al. 2013; Townshend et al. 2012). Also, 

advanced algorithms for cloud and haze removal (e.g., Masek et al., 2006; Zhu and Woodcock, 

2012), and for selecting the best available image or pixel from among multiple, spatially 

overlapping images acquired at different dates (e.g., Griffiths et al., 2013; Roy et al., 2010; 

White et al., 2014), enhance the utility of Landsat and other optical data in persistently cloudy 

tropical regions. 

Other remotely sensed data that may be used to characterize habitat heterogeneity 

include RADAR (RAdio Detection And Ranging) data, which emits and receives cloud-

penetrating microwave energy, and LIDAR (LIght Detection And Ranging) data, which emits 

and receives optical energy. As discussed in a recent review by Bergen et al. (2009), LIDAR 

and RADAR systems can capture information regarding the structural complexity of vegetation, 

and recent spaceborne sensors provide broad scale data to inform on vertical vegetation 

characteristics important for global biodiversity conservation. A recent product that could 

potentially be useful for species richness models within the Neotropic realms for example, is a 

RADAR-based, circa 2007, pan-tropical forest cover map produced using PALSAR data from 

the ALOS-1 satellite (Woods Hole Reserach Centre 2012). The map distinguishes dense forest, 

open forest, flooded forests, sparse vegetation, and non-vegetated surfaces, and could be 

updated in future after the upcoming launch of the ALOS-2 satellite.  
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Also of potential interest for species richness modeling is space-borne LIDAR. The 

Geoscience Laser Altimeter System (GLAS), on-board the Ice, Cloud and land Elevation 

Satellite (ICESat) was used by Lefsky (2010) and Simard et al. (2011) to produce global 

gridded maps of vegetation height. Bolton et al. (2013) investigate these global products and 

offer some cautions regarding regional representation and the use of global vegetation height 

products. The ICESat mission ended in 2010, with the last laser data acquisition in October 

2009. ICESat-2 is scheduled for launch in mid-2016, although different sensor technology 

means the potential and limits of the data for biodiversity applications remains to be 

determined. While limited to the orbit of the International Space Station, the recently 

announced Global Ecosystem Dynamics Investigation (GEDI) will provide LIDAR data over 

much of the non-boreal globe beginning in 2019. GEDI is designed to capture 3D vegetation 

structure with a spatial resolution of approximately 25 m. However, with coverage planned for 

50°S to 50°N, the GEDI may not be applicable for global, nor continental-scale species richness 

models in realms such as the Nearctic and Palearctic.  

As further global-scale operational products of LIDAR and RADAR data are developed, 

their utility for broad-scale biodiversity models can be further investigated. For now, data from 

various remote sensors can be integrated to maximize the spatial, spectral and temporal 

resolution for a particular application. For example, LIDAR data may be used as a sampling 

tool within a larger area captured by moderate to low resolution optical or radar imagery, rather 

than aiming for wall-to-wall coverage of the more costly, highly detailed, and spatially limited, 

types of data (Bergen et al. 2009; Wulder et al. 2012b). 

Studies reviewed generally used one of two sources of topographic information for 

modelling species richness: the U.S. Geological Survey’s (USGS) Global 30 Arc Second 
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Elevation Data Set (GTOPO30), or WorldClim (Hijmans et al. 2005), which is based on data 

from the Shuttle Radar Topography Mission (SRTM) and the GTOPO30. The SRTM data are 

offered at a spatial resolution of 30 m in the United States and 90 m for the rest of the world, 

between approximately 60°N and 60°S. In the WorldClim dataset, the SRTM data were 

aggregated to 1 km spatial resolution. The GTOPO30 was produced in 1996 from a variety of 

compiled data sources and covers the entire globe at a spatial resolution of 1 km. Recently, the 

Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010) was produced by the 

USGS and the National Geospatial-Intelligence Agency to replace the GTOPO30. It 

incorporates elevation data from the SRTM that were not available when the GTOPO30 was 

produced in 1996 (Danielson and Gesch 2011). Another free, global topographic dataset is the 

Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Digital 

Elevation Model (GDEM2). The GDEM2 provides global topographic data for almost the 

entire globe (approximately 83°N to 83°S) and at a higher spatial resolution (30 m) than both 

the SRTM and GTOPO30 data. However, in some areas at least, the vertical accuracy of 

ASTER GDEM2 is lower than that SRTM products (Athmania and Achour 2014; Gesch et al. 

2012). As well, there are some artifacts in the ASTER v2 product in and around water bodies, 

and also a fair amount of noise (fine-scale variability) (Tachikawa et al. 2011). The recently-

released (2015) WorldDEM products with data from the TanDEM-X Mission, provide 

elevation data with (soon-to-be) complete global coverage with 12 m spatial resolution; 

however, these data are not available free of charge. 

2.5 Conclusion 

Continental and global scale maps of species richness enable global biodiversity 

conservation goals to be set, assessed, and prioritized. One approach of producing these maps is 
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to model richness as a function of environmental variables including climate, primary 

productivity and habitat heterogeneity. Currently, remote sensing is not a major source of data 

used in these models. For instance, the predominant source of climate and topographic variables 

are interpolated surfaces from in-situ measures and contour maps, respectively. These may be 

of low quality in remote or topographically complex areas. Remote sensing can also provide 

spatially explicit, quantitative and repeatable estimates of land surface temperature, 

precipitation, evapotranspiration, primary productivity, topography and land cover, and these 

are readily available for modelling species richness at broad scales. As well, technological 

advances are allowing land and vegetation cover to be mapped with remotely sensed data at 

ever-increasing spatial resolutions over large spatial extents. The high spatial and temporal 

resolution of many remotely sensed datasets will be valuable for assessing finer-scale spatial 

heterogeneity in species richness gradients, and also for assessing threats to richness hotspots 

from global change and anthropogenic disturbance. Further, while each global region may vary 

in terms of the most important data inputs, and national interests may vary in terms of the 

desired use and representation of the end models, remotely sensed products that are 

systematically collected at global extents and freely available to all, allow for some 

standardization of models from region to region. Ongoing challenges and uncertainties 

associated with the integration of remotely sensed data in species richness models include the 

limited temporal extent of many of the climate related datasets, and often a need for advanced 

image processing skills. We predict the use of remote sensing in broad scale species richness 

models will only increase and become more important as the archive of imagery grows, and as 

non-specialists become more aware of the capabilities of remote sensing for biodiversity 

monitoring through efforts such as this study.  
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3. Mapping dominant tree species over large forested areas using Landsat 

best-available-pixel image composites  
 

Abstract 

Remotely sensed image composites that are pixel-, rather than, scene-based, are increasingly 

feasible over large areas and fine spatial resolutions. For large jurisdictions that utilize remotely 

sensed imagery for ecosystem mapping and monitoring, pixel-based composites enable a wider 

range of applications, at higher quality. The goal of this study was to model spatial distributions 

of six tree species over a large forested area of Saskatchewan, Canada (>39 million ha) at 30 m 

spatial resolution using a multi-year Best-Available-Pixel (BAP) Landsat composite. We tested 

the influence of the BAP composite on the resultant maps by comparing species composition and 

configuration for areas where imagery was from a single sensor, year, and day of year, to areas 

with variable composite characteristics. Model error rates ranged from 9 % to 24 %, Area-Under-

the-Curve values approaching 1, and met ecological expectations. The BAP composite was 

found to have little effect on model outcomes, with composition and configuration values in non-

reference areas being similar for all species but one, which had an unexpected configuration. 

Moreover, sensor, year, and day of year were similar for reference and non-reference blocks for 

all species. Results indicate Landsat BAP image composites are useful for generating large-area 

maps of tree species distributions. 

3.1 Introduction 

Effective forest management requires knowledge of the spatial distribution of tree species 

composition and abundance. Species information is used to assess risks and impacts associated 

with a variety of natural or anthropogenic disturbances, including fires, insect and invasive plant 

infestations, and resource extraction. Species composition and abundance, together with other 

metrics such as species richness, species endemism, and rarity are also important metrics of 

biodiversity that can be used to guide conservation planning (Fleishman et al. 2006) and 

ecosystem service assessment (Kremen 2005). In addition, climate change may alter the 
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distribution of tree species in the future (Coops and Waring 2010; Hamann and Wang 2006; 

Pfeifer-Meister et al. 2013; Thuiller et al. 2005), and knowledge of the current distribution is the 

first step in attempting to understand, monitor, and as possible, manage those changes.  

Despite the importance and various needs for tree species distribution data, the 

availability of these data is limited. Some projects may benefit from the tree observations and 

vegetation plot data compiled and shared via online databases such as the Global Biodiversity 

Information Facility (gbif.org) and the Global Index of Vegetation-Plot Databases (givd.info). 

However, these data remain spatially incomplete and biased towards easily accessible or 

protected areas (García Márquez et al. 2012; Hortal et al. 2007). Expert range maps (e.g., Little 

1971) provide a general indication of where species occur, but overestimate the true distribution 

of a species (Jetz et al. 2007; McPherson and Jetz 2007). Strategic-level forest inventories are 

typically undertaken in areas that have the capacity to support commercial timber production. 

Outside these areas, forest inventory data may be available, generally with less spatial and 

attributional detail, according to the forest monitoring needs in the area. In Canada, for example, 

forest inventories are common in the more intensively managed southern forests (Falkowski et 

al. 2009), while only the sample-based National Forest Inventory aims to systematically 

characterize forest resources outside of managed forest areas (Gillis et al. 2005; Wulder et al. 

2004a).  

The paucity of detailed inventory data makes satellite remote sensing a necessary source 

of information from which species distributions can be mapped or modelled over large areas. 

High spatial resolution imagery can offer opportunities for mapping individual tree structure and 

composition (Wulderet al. 2004b), but the spatial image extents are limited (e.g., 10 by 10 km) 

requiring many images (with variable view angles and illumination conditions) to map a given 
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area, leading to high cost. Imagery with larger extents are often of interest for mapping larger 

areas; however, these data come with pixel sizes that subsume many individual objects and 

landscape features, diminishing the variance between pixels, and limiting the capacity to map 

high levels of categorical detail, such as tree species composition. Issues such as atmospheric 

contamination (i.e., clouds, haze) further limit scene availability and confound mapping efforts. 

Several recent advances address some of these shortcomings and offer increased capacity to use 

remotely sensed data for predictive species mapping over large areas at higher spatial 

resolutions. Specifically, as of 2008, satellite imagery from the Landsat series of sensors, 

extending from 1972 to present, are freely available to the public (Woodcock et al. 2008; 

Wulderet al. 2012). Free and open access to analysis-ready Landsat data has enabled 

considerable innovative capacity (Wulder and Coops 2014). Combined with improved 

computing power that facilitates large-area image compositing approaches (Roy et al. 2010) as 

well as the applications-focused best-available-pixel (BAP) approaches of Griffiths et al. (2013) 

and White et al. (2014), spatially exhaustive coverage of large areas at a spatial resolution of 30 

m in a systematic and transparent fashion is now possible. For instance, compositing approaches 

can be based upon use of the best available observation for each pixel, with "best" being defined 

according to a set of scores for characteristics such as year, day of year (DOY), distance to cloud 

and cloud shadow, and sensor (Griffiths et al. 2013). Regional composites of medium spatial 

resolution imagery can be expected to become increasingly common (Griffiths et al. 2014). 

Detailed, efficient (large-area) maps of species distributions are a likely product of these 

compositing approaches, so long as the models are robust to some composite-imposed spectral 

variability. The goal of this research is to generate spatially detailed (30 m) distribution maps for 

six tree species over a large forested area of Canada using a multi-year Best-Available-Pixel 



63 
 

(BAP) Landsat composite. A specific objective was to evaluated the impact of composite 

characteristics (i.e., DOY, year, and sensor) on model outcomes, which was assessed by the 

spatial pattern (composition and configuration) of the predictions.  

3.2 Methods 

3.2.1 Study area 

The study area is approximately 39 million ha, and comprises the three forested ecozones of 

Saskatchewan, Canada. From North to South, these are the Taiga Shield, the Boreal Shield, and 

the Boreal Plains (Ecological Stratification Working Group 1996) (Figure 3.1). The Boreal 

Plains is adjacent to the Prairie ecozone further south, and consists of rolling uplands and plains 

with a mixture of deciduous and coniferous vegetation species (McLaughlan et al. 2010). The 

Boreal Shield and Taiga Shield are characterized by a harsh climate and poorer soils, a greater 

proportion of coniferous tree species, and a lower diversity of plant species (McLaughlan et al. 

2010; Pastor et al. 1996). A variety of provincial forest inventory data exist in the managed forest 

area of the province (Figure 3.1), with varying spatial scales, levels of attribution, and temporal 

frequencies (Gillis et al. 2005; Saskatchewan Environment - Forest Service 2004; Saskatchewan 

Ministry of Environment 2009).  
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Figure 3.1. Study area. (a) The province of Saskatchewan (highlighted in black), in central 

Canada. (b) The forested ecozones and ecoregions of Saskatchewan. (c) The distribution of 

Canada’s National Forest Inventory 2 km × 2 km photo plots across Saskatchewan, including 

inside and outside of the Managed Forest Area. These inventory data were the source of the 

training data used to model tree species distributions. 
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3.2.2 Tree species distribution data 

Tree species distribution data were acquired from Canada’s National Forest Inventory (NFI). The 

NFI consists of a grid of permanent sample plots distributed across the country, the majority of 

which are 2 km x 2 km “photo plots” (i.e., derived from air photo interpretations), within which 

multiple polygons are delineated indicating species composition and relative abundance. To 

reduce uncertainty at polygon edges, we removed 30 m (one pixel) from the inner edge of each 

polygon to ensure agreement between the inventory data and our predictor data (Verbyla and 

Hammond 1995). To ensure adequate sample size and quality, we did not model species that 

occurred relatively infrequently or that occurred exclusively in polygons of heterogeneous 

composition (≤90% of one species). In addition, polygons that were observed to have burned or 

been harvested since they were inventoried were removed, as were polygons that were very 

small in size (less than one pixel). Thus of the eleven tree species identified in the NFI photo plot 

data, we modelled the six most common (Table 3.1): black spruce (Picea mariana), trembling 

aspen (Populus tremuloides), jack pine (Pinus banksiana), white birch (Betula papyrifera), 

tamarack (Larix laricina), and white spruce (Picea glauca). Species that were present in 

insufficient numbers for modeling were Abies balsamea, Acer negundo, Fraxinus pennsylvanica, 

Pinus contorta, and Populus balsamifera. Our six target species may be found across all three 

forested ecozones in the province (McLaughlan et al. 2010).  
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Table 3.1. Species modelled, area and number of National Forest Inventory Photo Plot (NFI PP) 

polygons dominated by each 

English 

Name 

Latin Name Dominant (present at 

≥90% abundance)a 

Non-Dominant (present 

at ≤10% abundance)a 

  Number of 

polygons 

Area (km2) Number of polygons 

White birch Betula papyrifera 29 0.71 5404 

Tamarack  Larix laricina 459 27.11 4974 

White spruce Picea glauca 49 0.73 5348 

Black spruce Picea mariana 2057 55.81 3376 

Jack pine Pinus banksiana 856 38.63 4577 

Trembling 

aspen 

Populus 

tremuloides 

1983 88.48 3450 

a Count follows exclusion of very small polygons (less than 900 m2) and those that were burned 

or harvested in the time since the polygon was delineated and attributed.  

 

3.2.3 Image composite data 

We used a multi-year BAP surface reflectance composite as the source of spectral information in 

our distribution models. A detailed description of this and other compositing methods is provided 

in White et al. (2014). Briefly, candidate pixel observations were scored according to sensor 

(Landsat TM or ETM+), year, DOY, distance to clouds or cloud shadows, and haze, and the 

pixels with the highest score used to populate the final image composite. Our target was Landsat 

5 TM imagery from August 1, 2010; however, candidate pixels included all observations 

acquired ± 30 days of August 1, 2009, 2010, and 2011, from Landsat 5 TM or 7 ETM+, as 

required to provide complete, cloud-free coverage of the study area. In Table 3.2 we show the 

number of unique images considered and selected for the final BAP composite for Saskatchewan 

as a whole (encompassing our study area as well as the Prairie Ecoregion). After scoring, 5% of 

pixel observations in the final composite of our study area were acquired from 2009 imagery, 

69% from 2010 imagery, and 2% from 2011 imagery. The remaining 24% of pixels had BAP 
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observations for both 2009 and 2011, and a proxy value was generated by taking the average of 

the 2009 and 2011 observations (see White et al., 2014). Pixels with proxy values were excluded 

from the analyses because there were no logical corresponding DOY or sensor values with which 

to assess relationships. In total, 95% of pixel observations were from Landsat 5 TM, and 5% 

from Landsat 7 ETM+. Almost 30% of pixel observations came within 7 days of the target DOY 

(August 1), with the remaining pixels acquired within 30 days of August 1. In the context of this 

study, which was designed to model tree species distributions, it is important to note that the 

majority of pixels (by area) in the composite came from imagery acquired in the 2010 target year 

and, furthermore that tree species distributions tend to change slowly over longer time horizons. 

As such, the multi-year image composite used in this study is appropriate for modelling species 

distributions. 

 

Table 3.2. Number of Landsat images used in Best-Available-Pixel composite for 

Saskatchewan, Canada.  
 

 Candidate* Composite 

Year TM ETM+ Total TM ETM+ Total 

2009 379 328 707 345 188 533 

2010 362 367 729 342 284 626 

2011 406 398 804 333 218 551 

*Candidate images are ± 30 days of August 1 with less than 70% cloud cover. 
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In order to reduce undesirable variability in the spectral reflectance values of the predictor 

variables used in our models (see Loveland and Merchant 1991), we calculated several spectral 

indices from the image composite data, and used these to exclude non-vegetated areas, and to the 

extent possible, non-forested areas from our analyses (Figure 3.2). Specifically, the Normalized 

Difference Vegetation Index (NDVI), and the Tasseled Cap (Crist and Cicone 1984; Kauth and 

Thomas 1976) Greenness (TCG), Brightness (TCB), and Wetness (TCW) indices were used to 

remove water, bare ground, urban areas, and sparsely vegetated areas. As well, the Normalized 

Burn Ratio (NBR) (Key and Benson 2006), was used to identify and remove areas that had 

experienced fire in recent years, with the threshold NBR value chosen for this analysis (0.15) 

validated by data from the Canadian National Fire Database (Natural Resources Canada 2010). 

An unsupervised classification of the Landsat spectral bands for the remaining pixels served to 

remove additional areas subsequently identified as cultivated land.  
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Figure 3.2. Flowchart of the data and methods followed to model species distributions and 

assess the impact of BAP composites of the resultant maps. 
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3.2.4 Topographic data 

Topographic data were acquired from the freely available Canadian Digital Elevation Data 

(http://www.geobase.ca/geobase/en/data/cded/). These elevation data are derived from provincial 

and national topographic data sources, and are provided as a 1:50,000 digital elevation model 

(DEM). The DEM, which has a native spatial resolution of approximately 23 m (0.75 arc 

seconds), was resampled to match the 30 m spatial resolution of our image composite using 

bilinear resampling. From the 30 m DEM we calculated slope (in degrees), the Topographic 

Solar Radiation Index (TRASP; a transformed measure of aspect), and the Topographic Wetness 

Index (TWI) (Table 3.3). 

  

http://www.geobase.ca/geobase/en/data/cded/
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Table 3.3. Predictor variables used in the Random Forests models of individual tree species 

distributions. 

Name Description Rationale 

Brightness 

Tasseled Cap 

components (Crist and 

Cicone 1984; Crist 

1985) 

TC brightness can differentiate between soil and 

vegetated surfaces (Crist et al. 1986) and can help 

differentiate among successional stages / stand age 

(Song et al. 2007).  

 

Greenness 

Greenness in relates to biomass and vegetation vigor 

and is highly correlated to the Normalized Difference 

Vegetation Index (NDVI), which is useful for 

general land cover classification (Defries et al. 1995; 

Running et al. 1994) 

 

Wetness 

TC Wetness correlated to structural complexity (M. 

J. Hansen et al. 2001), perhaps particularly for 

successional stages / stand age (Wulder, Skakun, et 

al. 2004c). 

 

Topographic 

Wetness Index 

(TWI) 

 

Model of potential 

surface moisture, 

based on topographic 

position (Beven and 

Kirkby 1979): 

Ln(specific catchment 

area / tan(slope in 

radians)) 

 

Soil moisture directly affects plant growth.  

Topographic 

Solar Radiation 

Aspect Index 

(TRASP) 

 

Values range from 0 

to 1, with 0 indicating 

cool, NE slopes, and 1 

indicating warm SW 

slopes (Roberts and 

Cooper 1989). 

 

Solar radiation affects soil moisture and heat load, 

and directly affects plant growth.  
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3.2.5 Species distribution modeling 

Species distribution modelling was conducted using Random Forests™ (RF) in R 3.1 (Breiman 

2001). We chose RF, a type of decision tree, because it can accommodate non-normal responses 

and non-linear relationships, and automatically account for interactions among predictors 

(De’ath and Fabricus 2000; Elith et al. 2008; Hawkins 2012). Decision trees involve a sequence 

of binary splits at values of the predictor variables that result in the maximum differentiation of 

values of the response variable (in this case, species dominance or non-dominance at a given 

location). In RF, many (500 to 2000) single trees are developed, each constructed from a 

different bootstrapped sample of the training data and a randomly selected subset of the predictor 

variables (Prasad et al. 2006). The predictions are averaged over all trees to generate an overall 

probability while minimizing the chances of over-fitting to the training data (Franklin 2009; 

Prasad et al. 2006). Ensemble tree methods have been found to perform well relative to most 

other predictive methods across many regions, and species, including plants (Elith et al. 2006; 

Guisanet al. 2007a; Prasad et al. 2006).  

The use of RF for species distribution modeling involved both fitting and prediction 

stages. First, each model was fit using the species observation data from Table 3.1 and the mean 

of each predictor variable. The predictor variables used in the modelling were selected from 

among the multiple, aforementioned topographic and spectral variables after conducting a 

Spearman’s rank correlation analysis and assessing variable utility through boxplots for each 

predictor variable across all species. Specifically, we selected the following three spectral and 

two topographic indices for use as inputs, all with correlations less than ±0.15: the Tasseled Cap 

TCG, TCB, and TCW, the TRASP and the TWI (Table 3.3). We used 500 decision trees, with a 

random subset of two of the explanatory variables chosen for input for each of these individual 

trees. Because of the unbalanced number of observations of dominance and non-dominance) in 
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the training data for a given species (Table 3.1), we used a “down-sampling” approach, 

specifying that each model should use all samples from the least common class (dominance), and 

an equal number of samples from the more common class (non-dominance) (Chen et al. 2004). A 

separate RF model was generated for each species, and thus the number of samples varied across 

models.  

Each output RF model contained probabilities of dominance ranging from 0 to 1, which 

are classified by default into the binary classes dominance or non-dominance, if probabilities are 

≥0.5 or <0.5, respectively. However, often a threshold probability other than 0.5 is preferred 

(Nenzén and Araújo 2011), particularly for rare species (Freeman and Moisen 2008). To choose 

appropriate threshold probabilities for our models, we generated a Receiver Operating 

Characteristic (ROC) plot for each species using the auc.roc.plot() function in the 

PresenceAbsence library in R (v3.1.2). An ROC plot shows how the rate of true positives (y-

axis) versus false positives (x-axis) of a model vary for all threshold probabilities between 0 and 

1. A perfect classification would pass through the upper left corner of the plot (100% true 

positives and 0% false positives). A threshold value that achieves the minimal distance between 

this place of perfect classification and the curve, is an appropriate value to transform continuous 

outputs to binary classifications (Liu et al. 2005).  

Finally, each of the six models were re-run using values of the predictor variables for 

locations (pixels) where species observations were absent, and the predictions of dominance and 

non-dominance output as continuous raster surfaces using the determined thresholds. A 

secondary goal was to create a forest composition map with all species combined. A composite 

species map was generated by evaluating the individual probabilities of dominance resulting 
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from each of the six RF models were compared at each location (pixel) and that species with the 

highest overall probability was selected as the appropriate classification value for that location.  

3.2.6 Model evaluation 

Model performance was assessed using the out-of-bag (OOB) error generated internally by the 

RF method eliminating the need for a separate cross-validation (Breiman 2001). Specifically, the 

ability of the classifier to correctly predict observed values was assessed, where discrete class 

predictions were based on species-specific probability thresholds determined through the ROC 

analysis described above. We also examined the Area Under the Curve (AUC) associated with 

an ROC plot, as calculated by back-predicting on our observed data (essentially but not exactly 

the same data used for training because of the subsampling and consensus approach used in 

RandomForests). The AUC ranges from 0.5 to 1, and indicates the proportion of times that the 

model discriminates between our two outcomes better than random (Jiménez-Valverde 2012), or 

more specifically, the proportion of times a randomly chosen instance of dominance has a value 

larger than that for a randomly chosen instance of non-dominance (Fielding and Bell 1997). Thus 

higher AUC values indicate better models.  

Finally, we compared our resultant tree distribution models with previous studies, general 

knowledge of the species’ ranges, and trends of dominance per ecozone and ecoregion. In 

particular, we calculated the areal extent of each dominant species as predicted in our overall 

forest composition map per ecozone and ecoregion and ranked these in descending order. We 

repeated this calculation using homogenous polygons from NFI photo plot data to assess 

agreement between model outputs and the training data over a broader scale. Similarly, we 

generated regional summaries of species dominance by combining predictions of relative basal 

area for the same species from a recent study by Beaudoin et al. (2014).  
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3.2.7 Assessing the effects of the image composite on spatial patterns of the models 

To assess the impact that compositing had on predicting species distributions, we tested the 

hypothesis that the spatial pattern of predictions was similar for reference sample blocks and 

non-reference sample blocks. Reference blocks had pixel observations derived from a single 

year, a single DOY, and a single sensor, while non-reference blocks had pixel observations from 

multiple years, DOYs, and sensors. Spatial patterns can be quantified by a combination of 

composition and configuration. Whereas composition is aspatial and refers to the variety and 

(relative) abundance of different features (e.g., tree species), configuration refers both to the 

spatial characteristics of individual patches such as size and shape, as well as spatial 

relationships among neighbouring patches or neighbouring cells (Gustafson 1998). While 

composition indicates what is present at any given location, configuration metrics provide a 

context to local conditions, and permits study of how spatial patterns are an expression of 

process (Fahrig 2005; Turner 1989).  

The analysis was undertaken within sample blocks measuring 1020 m x 1020 m, distributed 

over a random 10% of the study area (for a total of 31,840 samples). An extent of 1020 m x 1020 

m was chosen to ensure coverage of the data gaps (of 1 to 14 pixels in size, see Goward et al., 

2010; Storey et al., 2005) resulting from Landsat 7 ETM+ Scan-Line Correction failure, while 

also being a number within which 30 m Landsat pixels could be equally divided. Three image 

composite characteristics were evaluated: acquisition year (2009, 2010, or 2011), sensor (TM or 

ETM+), and the number of days from the target DOY of August 1 (ranging from 0 to 30). 

 For each species, composition was quantified within each 1020 m x 1020 m block as the 

sum of pixels with predicted dominance for that species. All blocks had dominance of at least 

one species. Configuration was measured for each species using join counts within each 1020 m 
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x 1020 m area. A join count test can be used to assess spatial autocorrelation in categorical, 

especially binary, variables, such as dominance/non-dominance (Boots 2006). Using a join 

count, the spatial configuration of a species can be quantified as clustered or dispersed, relative 

to complete spatial randomness (O’Sullivan and Unwin 2010). For binary data, the two 

categories are normally referred to as either “Black” (B) or “White” (W) (here, dominance or 

non-dominance, respectively). For this analysis, we were interested only in the JBB (dominance-

dominance) join-count statistic:  

JBB = 
1

2
(∑ ∑ δijxi

n
j=1
j≠i

xj
n
i=1
i≠j

) 

where i and j are the two sampling units being compared, xi is the value of the sampling unit (1 or 

0), and δij is the adjacency of i and j (1 when they are adjacent, 0 when they are not). The 

expected values of joins are then calculated based on the proportion of each category and number 

of total joins in the study (which depends on how connectivity is defined), and the observed and 

expected values are then compared to assess the null hypothesis of complete spatial randomness 

(Fortin and Dale 2005). We computed a join count for each species, using the Rook’s case 

definition of contiguity (four neighbours). Each species had to be predicted within at least two 30 

m cells within each 1020 m x 1020 m block to be included in the analysis. Missing data within 

each 1020 m x 1020 m block were reclassified as zeroes to allow calculation of the join-counts, 

while remaining statistically conservative.  

To assess whether the use of an image composite affected our modelled species 

distributions, we compared values of composition and configuration between reference (n = 

23,581) and non-reference (n=8259) sample blocks. We calculated the frequency distribution of 

the composition and configuration values for each of the six species from the reference sample 
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blocks, and extracted the 5th and 95th percentiles for each. The number of composition and 

configuration values in the non-reference sample blocks that fell below the 5th or above the 95th 

percentiles was then calculated. Blocks with these unexpected values were then mapped and a 

summary of their sensor type, year and DOY characteristics were extracted.  

3.3 Results 

3.3.1 Species distribution modelling 

The ROC threshold optimization method resulted in a threshold of 0.7 for all species except for 

Picea mariana and Populus tremuloides, for which the optimum threshold was 0.6 (Table 3.4). 

These thresholds were used to map the distribution of each individual tree species (Figure 3.3). 

Combining the individual species maps creates an overall map of forest composition (Figure 

3.4). Pinus banksiana was predicted to dominate over the largest spatial extent (8.9 million 

hectares in total), particularly at mid-to-high latitudes (Figure 3.4). Populus tremuloides was 

predicted to dominate in the southern extreme of the Boreal Plain ecozone, in the Aspen 

Parkland ecoregion, but is also found across the province even in the far north, with predicted 

dominance covering 7.3 million ha in total. Picea mariana was predicted to be the next most 

widespread species, dominating over 6.6 million ha, particularly at mid-latitudes, but being also 

widespread in the north. Larix laricina was predicted to be dominant at low to mid latitudes in 

the Boreal transition ecoregion and in lowland areas and known wet areas such as the 

Saskatchewan River delta, straddling the eastern border of Saskatchewan, covering 3.4 million 

ha in total. Picea glauca and Betula papyrifera were predicted to dominate over a much smaller 

area (approximately 1.3 million ha and 824,000 ha respectively). 
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Table 3.4. Threshold used to translate probabilities of species dominance to a binary dominant 

or non-dominant variable. The threshold selected minimized the distance on a plot of the ROC 

(Receiver Operating Characteristic) curve between the upper left corner of the plot and the curve.  

Species Threshold used to 

create binary mapa 

OOB error rateb 

(for class “dominant”) 

Area Under the 

Curve (AUC)c 

Betula papyrifera 0.7 0.24 0.99 

Larix laricina 0.7 0.12 0.99 

Picea glauca 0.7 0.24 0.99 

Picea mariana 0.6 0.11 1 

Pinus banksiana 0.7 0.14 1 

Populus tremuloides 0.6 0.09 1 
a According to the criteria of minimizing the distance on a plot of the ROC (Receiver Operating 

Characteristic) curve between the upper left corner of the plot and the curve. 
b The Out of Bag (OOB) error indicates the total number of misclassified data points from within 

the out-of-bag sample (Breiman 2001). 
c Values close to 1 indicate good model fit 
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Figure 3.3. Individual models of tree species dominance in Saskatchewan. 
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Figure 3.4. Forest composition map showing tree species with highest predicted probability of 

dominance at each location. 
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3.3.2 Model evaluation 

The ability of our models to correctly classify the dominance or non-dominance of individual 

species varied from species to species (Table 3.4). Overall, OOB error rates were less than 25%, 

indicating reasonable model fit to the training data. Error rates were much lower for species with 

sufficient sample sizes. Specifically, at the selected thresholds, Populus tremuloides (with one of 

the highest sample sizes) had the lowest OOB error at 9%. Betula papyrifera and Picea glauca 

(with the two lowest sample sizes) had the highest OOB error rates at 24% each. AUC values 

were very high for all models (0.99 to 1), indicating good model performance.  

Trends in the relative areal extent of species dominance for the province’s forested 

ecozones and ecoregions predicted in this study are generally comparable to those in the NFI 

photo plot database, as well as to those of species occurrence from Beaudoin et al. (2014) (Table 

3.5). For example, all three studies/datasets indicated that both the Boreal Plain Ecozone, and 

Boreal Transition Ecoregion, are dominated by Populus tremuloides. All three datasets also 

suggest Pinus banksiana is dominant in the Athabasca Plain ecoregion. Some differences are 

also apparent. For instance, the current study predicts Pinus banksiana to be dominant across the 

largest proportion of the Taiga Shield, whereas the other datasets indicate Picea mariana is most 

dominant.  
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Table 3.5. Spatial Extent of Dominant Tree Species in Saskatchewan’s Forested Ecozones and 

Ecoregions. 

  Most Spatially Expansive Species 

Ecozone Ecoregion NFI photo plot data1 Beaudoin et al. 20142  This study 

Taiga 

Shield 
  

Picea mariana  

(70% of ecoregion) 

Picea mariana  

(80% of ecoregion) 

Pinus banksiana 

 (61% of ecoregion)  

 

Tazin Lake 

Upland 

 

Picea mariana Picea mariana Pinus banksiana 

 

Selwyn Lake 

Upland 
Picea mariana Picea mariana Pinus banksiana 

Boreal 

Shield   

Pinus banksiana  

(48% of ecoregion) 

Picea mariana  

(49% of ecoregion) 

Pinus banksiana  

(46% of ecoregion) 

 

Athabasca 

Plain 

 

Pinus banksiana Pinus banksiana Pinus banksiana 

  

Churchill 

River Upland 
Picea mariana Picea mariana Pinus banksiana 

Boreal 

Plain   

Populus tremuloides 

(48% of ecoregion) 

Populus tremuloides 

(48% of ecoregion) 

Populus tremuloides 

(40% of ecoregion) 

  

Mid-Boreal 

Uplands 

 

Populus tremuloides Picea mariana Picea mariana 

 

Boreal 

Transition 

 

Populus tremuloides Populus tremuloides Populus tremuloides 

  

Mid-Boreal 

Lowlands 

 

Larix laricina  Picea mariana Larix laricina  

1 Calculations included only homogenous polygons (those where ≥ 90% of the polygon is 

comprised of a single species).  
2 As in the generation of our forest composition map, each individual species distribution map 

from Beaudoin et al. 2014 was combined and assigned the value of the species with the highest 

predicted relative basal area. Calculations in this table are based on the combined map.  
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3.3.3 Assessing the effects of the image composite on spatial patterns of the models 

The proportion of composition and configuration values within the non-reference sample blocks 

falling outside the expected distribution (5th to 95th percentiles of values of the reference blocks) 

was fairly low. Depending on the species, 3.7% to 9.6% of the blocks had unexpected 

composition values, while 7.1% to 16.5% had unexpected configuration values (Table 3.6). 

Given that we set the critical value of the statistical comparison to 0.10, we would expect around 

10% of blocks to have unexpected composition and configuration. Only the configuration of 

Populus tremuloides had a higher than statistically expected number of unexpected blocks 

(16.5%). The spatial distribution of the sample blocks with unexpected composition and 

configuration values appears random (Figure 3.5). Further, the DOY, year and sensor 

characteristics in these expected and unexpected regions were found to be very similar. For 

instance, all of these non-reference sample blocks, regardless of whether they had expected or 

unexpected values of species composition and configuration, were comprised primarily of 

imagery from 2010, with the difference in proportions of 2010 imagery between expected and 

unexpected blocks ranging from ~2% to 9%, depending on the species. Likewise, all blocks 

contained imagery primarily from Landsat 5; blocks with unexpected values of composition and 

configuration differed in terms of sensor composition by no more than 9% from blocks with 

expected values. Mean DOY differed by no more than two days for blocks with expected and 

unexpected samples of species composition and configuration.  
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Table 3.6. Proportion of composition and configuration values within non-reference sample 

blocks (n=8259)* that are <5th or >95th percentile of values within reference sample blocks 

(n=23,581).  

 

 

Betula 

papyrifera 

Larix 

laricina 

Picea 

glauca 

Picea 

mariana 

Pinus 

banksiana 

Populus 

tremuloides 

True sample size* 6177 7361 5588 7966 7446 7675 

% unexpected 

Composition 

 

3.71 9.96 5.71 9.63 7.13 8.33 

True sample size* 4469 6517 4274 7682 6677 7481 

% unexpected 

Configuration 

 

7.14 9.56 7.25 8.69 8.62 16.53 

*note that the non-reference sample size was less than 8259 for each species because for each 

species in turn, blocks had to contain at least one pixel of presence (dominance) for analysis of 

composition, and at least two pixels of presence (dominance) for analysis of configuration. 
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Figure 3.5. Nonreference sample blocks (1020 m × 1020 m) are those comprising a mixture of 

sensor types, image years, or image DOY. Blocks are highlighted where species composition and 

configuration values were outside the 5th–95th percentile of values. 
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3.4 Discussion 

The use of satellite imagery for vegetation mapping is a desirable supplement to ground or 

photo-based inventories because of the large spatial extents that can be covered by satellite 

imagery, as well as the associated automated, repeated acquisition. Tree species distribution 

mapping based on satellite imagery involves the detection or classification of separate spectral 

reflectance signatures for each species (Bradter et al. 2011); however, tree species classification 

is difficult, as many vegetation species have overlapping spectral reflectance characteristics in 

the wavebands collected by typical multispectral sensors (Immitzer et al. 2012; van Aardt and 

Wynne 2001). Hyperspectral imagery, which collects reflectance in many, narrow wavebands, is 

often needed to map species composition to a high, or even modest, degree of accuracy (e.g., 

Buddenbaum et al., 2005; Ustin and Xiao, 2001). However, this type of imagery is not currently 

cost effective for inventorying large regions because, like high spatial resolution data, 

hyperspectral imagery are associated with small spatial extents, requiring multiple scenes or, 

more likely, airborne collections to represent a given area, thereby increasing data costs and 

processing overhead. In this study we mapped the probable distribution of dominance of six tree 

species across a large region using freely available moderate spatial resolution multispectral 

imagery. Our model error rates (~10-25%) were typical for forest species distribution modeling 

using this type of imagery (e.g., Evans and Cushman, 2009).  

Some error and uncertainty in our distribution models can be attributed to limited sample 

size. Sample size of the species data has been shown to affect the accuracy of predictive models 

in previous research (Stockwell and Peterson 2002; Wisz et al. 2008). Although machine 

learning and ensemble methods like Random Forests can perform relatively well with small to 

moderate sample sizes, especially when absence information is available in addition to presence 
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information (Elith et al. 2006; Guisan2007b), estimates of error in this study were nonetheless 

highest for the species with the lowest sample sizes (Table 3.1). Model accuracies may have also 

been affected by characteristics of the individual species modelled. Specifically, wide-ranging 

species are typically more challenging to model than species with more particular niches 

(Guisanet al. 2007a; McPherson et al. 2004). The six tree species modelled in this study are all 

wide-ranging species, and are generally tolerant of a range of soils and parent materials (Farrar 

1995). That our training data indicated where a species was and was not dominant was therefore 

likely particularly important. Indeed, distribution models are particularly robust when reliable 

absence data are available in addition to presence data (Brotons et al. 2004). 

Another potential source of uncertainty in large area mapping and modelling relates to the 

remotely sensed data itself. In multi-temporal image analysis, differences in atmospheric 

conditions, and variability in phenology, sun angle and view angle of imagery (Song and 

Woodcock 2003) can lead to some uncertainty. Moreover, relationships between species and 

image spectral reflectances will vary seasonally according to species phenology (Maeda et al. 

2014). In this study, we explored the use of a multi-year BAP composite to generate a series of 

distribution models for the six most common tree species in the forested area of Saskatchewan. 

We found that mean acquisition year, DOY, and sensor were similar regardless of the level of 

local complexity found in the composite. In other words, the variability of image characteristics 

across the BAP composite was actually very small, which was achievable due to the vast archive 

of open-source Landsat imagery (White and Wulder 2013), the rules used for compositing, and 

the pre-processing applied that converted the data to surface reflectance (White et al. 2014).  

Composition and configuration of the predicted species are important characteristics to 

consider in species distribution modelling because spatial pattern is an expression of underlying 
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spatial processes (Nelson and Boots 2008). Spatial pattern analysis is used to assess model error 

as it allows patterns in error or uncertainty to be detected and enables departures from random 

noise to be determined (Wulder et al. 2007). The approach used in this study allows mapping and 

detection of statistical departures in patterns of species distributions generated from non-

reference imagery (Nelson and Boots 2005). We found that in all but one instance (Populus 

tremuloides) the composition and configuration of species distributions was not different among 

sample blocks with variable composite characteristics. This species in particular may stand out 

from the rest simply due to its overall prominence across the study area. Nonetheless, as the 

majority of our models were unaffected by the compositing, we are confident that the 

compositing rules used relating to sensor type, target DOY and cloud contamination minimized 

illumination and phenological differences sufficiently across space. Overall, results indicate that 

the relation between predicted species distributions and important environmental processes are 

represented, rather than species spatial pattern being the result of data artifacts in the composite. 

Overall, our individual maps of the probable distribution of tree species dominance across 

Saskatchewan meet expected trends as captured through two other independent data sources. For 

instance, broad-leafed species Populus tremuloides and Betula papyrifera were predicted to be 

dominant over a greater spatial extent in the south, relative to the north. The species predicted to 

be most widespread were Picea mariana, Pinus banksiana, and Populus tremuloides. These 

three species are typically dominant over a large number of ecosites in the province 

(McLaughlan et al. 2010). The primary difference among the three datasets is this study’s 

predicted dominance of Pinus banksiana in the Taiga Shield, versus the dominance of Picea 

mariana in this region in the other datasets. We note that there are very few NFI plots in this 

ecozone, however, and that the differences between our results and those of Beaudoin et al. 



89 
 

(2014) likely stem from the use of different remotely sensed data (MODIS) with a different 

spatial resolution (250 m), and a different modelling approach (kNN).  

3.5 Conclusion 

Regional-scale, spatially comprehensive maps of forest composition have traditionally been 

limited by the mismatch between desired, versus available, spatial extent and spatial resolution 

of data. In this analysis, we have demonstrated the capacity to use 30 m Landsat data to map 

detailed tree species distributions over large areas, by capitalizing on archived, multi-temporal 

imagery composited using the BAP approach (White et al. 2014). The variability introduced by 

the BAP compositing was found to be minimal, and resulted in mostly insignificant differences 

in this large-area mapping application. Future applications will benefit from analyses of the 

effects of BAP compositing in other geographic regions and for features of interest other than 

tree species. The potential of the BAP approach to provide source data for developing species 

distribution maps over large areas will continue to increase with Landsat continuity and the 

launch of complementary satellites such as Sentinel-2 in 2015 (Drusch et al. 2012; Roy et al. 

2014). The constellations of these new satellites have been designed such that, taken together, 

the majority of the Earth will be able to be imaged twice weekly (Wulder and Coops 2014) at a 

30 m spatial resolution. Spatially continuous maps of tree species distributions over large areas 

will be useful for a variety of information needs, including forest management, carbon modeling, 

ecosystem service assessment, and conservation planning. 
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4. Data-driven regionalization of forested and non-forested ecosystems in 

coastal British Columbia with LiDAR and RapidEye imagery 

 

Abstract 

Traditionally, forest inventory and ecosystem mapping at local to regional scales relies on 

manual interpretation of aerial photographs, based on standardized, expert-driven classification 

schemes that provide the information needed for ecosystem management. These current 

approaches constrain the thematic and spatial resolution of mapping and are infrequently 

repeated. The goal of this research was to demonstrate the utility of an unsupervised, quantitative 

technique based on Light Detection And Ranging (LiDAR) data and multi-spectral satellite 

imagery for mapping local-scale ecosystems over a heterogeneous landscape of forested and 

non-forested ecosystems. We derived a range of metrics characterizing local terrain and 

vegetation from LiDAR and RapidEye imagery for Calvert and Hecate Islands, British 

Columbia. These metrics were used in a cluster analysis to classify and quantitatively 

characterize ecological units across the island. A total of 18 clusters were derived. The clusters 

were attributed with quantitative summary statistics from the remotely sensed data inputs and 

contextualized through comparison to ecological units delineated in a traditional expert-driven 

mapping method based on aerial photographs. The clusters describe ecosystems ranging from 

open shrublands to dense, productive forest and include a riparian zone and many wetter and 

wetland ecosystems. The 18 clusters provide complementary, spatially-explicit information for 

characterizing the landscape as a complex mosaic of units defined by topography and vegetation 

structure. This study demonstrates that using various types of high spatial resolution remotely 

sensed data in a quantitative classification for mapping ecosystems at local scales may offer 

valuable information regarding the distribution of wetlands, and vegetation distribution and 

height.  

4.1 Introduction 

An ecosystem, as defined by the Convention on Biological Diversity (CBD) and the 

Millennium Ecosystem Assessment (MA), is a dynamic complex of biotic components, and the 

interaction between these components and their physical environment. Ecosystems can be 

conceptualized at a variety of spatial scales, in a hierarchical manner (Bailey 1987; Franklin 
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2013). Boundaries between ecosystems are, in reality, most often gradual and fuzzy; attributes 

such as species composition overlap along environmental gradients (Whittaker 1967, Kent 

1997). The science of delineating regions (e.g., ecological or biogeographical) in geographical 

space is referred to as regionalization (Loveland and Merchant 2004; Olstad 2012) and is 

important for the understanding and management of the natural world (Mackey et al. 2007; 

McMahon et al. 2004). Envisioned use of regions often determines the appropriate scale for 

mapping and thus which and how many regions can or will be delineated for a given project. 

Global biodiversity monitoring and conservation planning uses region-based maps at the 

broadest scales, with boundaries drawn based on global climate, geology, and evolutionary 

history (e.g., Olson et al. 2001). National- or regional-scale conservation planning, resource 

management, and ecosystem services assessments benefit from maps that delineate spatial units 

on the basis of regional climate, large landforms, land cover class, and/or patterns of primary 

productivity (e.g., Handcock and Csillag 2002; Leathwick et al. 2003; Sayre et al. 2009). At the 

finest scale, differences in vegetation composition and structure, as influenced by micro-scale 

soil moisture and nutrient conditions, define ecological communities at plot to landscape scales, 

supporting more specific local and regional science and management activities (e.g., Banner et 

al. 1996).  

Many jurisdictions rely on the manual interpretation of aerial photographs and field 

observations to delineate ecological regions and forest attributes at local to national scales. 

Interpreters use a set of methodological standards (e.g., Resources Inventory Committee 1998; 

Canadian Forest Service 2001; Resource Information Management Branch 2005) that provide 

the information desired for forest or ecosystem management, but inherently limit the spatial and 

thematic resolutions of the resulting map. For instance, forest stand or ecosystem polygons are 
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delineated and attributed with information regarding composition and structure that is considered 

representative of the entire polygon (Wulder et al. 2006). Alternative methods for mapping that 

incorporate other types of high spatial resolution remotely sensed imagery in a quantitative 

classification may be used to delineate local regions with measurable attributes at improved 

spatial precisions. Further, relative to the manual delineation of ecological regions, a quantitative 

approach may be automated or semi-automated, offering increased consistency, repeatability, 

and cost-efficiency for monitoring over time and across large areas (MacMillan et al. 2007; 

Morgan et al. 2010).  

Remote sensing data can capture various structural, compositional, and functional aspects 

of ecosystems. For instance, structural classes such as conifer versus broadleaf forest, and young 

versus old forest are generally well distinguished with multispectral imagery (e.g., Johansen et 

al. 2007; Valeria et al. 2014). High spatial resolution multispectral imagery can distinguish tree 

species with high accuracy in some cases (e.g., Immitzer et al. 2012), although the task is 

notoriously difficult due to the overlapping and highly variable nature of the spectral signatures 

of many vegetation species (Leckie et al. 2005; Wulderet al. 2004). Vegetation indices, such as 

the Normalized Difference Vegetation Index (NDVI) (Rouse et al. 1974), correlate with patterns 

of net primary productivity (Goward et al. 1985). NDVI facilitates the separation of vegetated 

from non-vegetated areas and the classification of vegetation structural classes (e.g., Running et 

al. 1994; Defries et al. 1995; Gillespie et al. 2006; Johansen et al. 2007) and of wetlands (e.g., 

Dechka et al. 2002; Barron et al. 2014; White et al. 2015).  

Light Detection And Ranging (LiDAR) technology captures highly accurate, direct 

measurements of three-dimensional vegetation structure (Lim et al. 2003; van Leeuwen and 

Nieuwenhuis 2010) and thus can be an effective tool in forest inventory and management 
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(Wulderet al. 2008). In particular, LiDAR provides excellent measurements of forest structural 

properties such as tree height and canopy closure (Coops et al. 2007; Holmgren 2004; Lefsky et 

al. 1999). Structural attributes can affect or be indicative of differences in forest composition 

(Heinzel and Koch 2011; Holmgren and Persson 2004; Kennel et al. 2013) and forest age 

(Lefsky et al. 1999), as well as of functions related to forest hydrology (Roth et al. 2007; Varhola 

and Coops 2013) and carbon sequestration (Asner et al. 2012). Researchers have highlighted the 

importance of LiDAR for mapping wetlands. The high spatial resolution of LiDAR-derived 

DEMs can lead to improved wetland delineation compared to use of aerial photography, 

especially in areas of low topographic variation (Hogg and Holland 2008; Maxa and Bolstad 

2009). However, in a contrasting study from Minnesota, Knight et al. (2013) found that the high 

resolution LiDAR topographic data did not significantly improve results over other sources of 

topographic data.  

Beyond mapping individual components of ecosystems (structure, function, or 

composition), the variety of attributes available from remote sensing can be combined to enhance 

our ability to quantitatively map and describe complex ecological units. Combining various types 

of remotely sensed data in a quantitative (statistical) regionalization, researchers have effectively 

captured environmental domains over large regions (e.g., Handcock and Csillag 2002; Coops et 

al. 2009; Fitterer et al. 2012; Powers et al. 2012). Drawing on the high spatial resolution and 

information content of remotely sensed data, regionalizations are also possible that highlight 

ecosystem patterns, gradients, and ecotones at local scales (Hargrove and Hoffman 2004; Kupfer 

et al. 2012; Long et al. 2010; Olstad 2012). These smaller regions have higher internal 

homogeneity, a desirable property for local-scale management (Bryan 2006) and for serving as 

strata for field-based sampling. However, research using vegetation structural data from LiDAR 
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for local-scale regionalization has been limited. The goal of this research was to demonstrate the 

utility of LiDAR and high spatial resolution multispectral imagery for mapping and 

characterizing the variety of local-scale ecosystems over a complex landscape of forested and 

non-forested ecosystems on the outer coast of British Columbia. Given that different ecosystem 

maps of the same area are possible depending on data and methodology, the objective was to use 

an unsupervised, quantitative regionalization method to determine what types of ecosystem units 

would be captured when using these remotely sensed measures representing vegetation structure 

and topography. Following attribution of the resulting regions with the remotely sensed data, we 

contextualize our findings by comparing the results of the unsupervised classification to those of 

an expert-driven classification. We conclude with a discussion of implications for ecosystem 

management and recommendations for local-scale ecosystem mapping that will be useful in a 

variety of remote regions characterized by heterogeneous landscapes where field data collection 

is logistically challenging.  

4.2 Methods 

 

4.2.1 Study Area 

Calvert and Hecate Islands (total 37,433 ha) are remote islands on the central coast of 

British Columbia, Canada (Figure 4.1). The islands are dominated by fairly subdued topography 

from low to moderate elevations in a biogeoclimatic unit classified as the Coastal Western 

Hemlock zone, Very Wet, Hypermaritime subzone, Central variant (CWHvh2). Elevations in the 

study area reach ~1000 m; these areas are classified as the Mountain Hemlock zone, Wet 

Hypermaritime Subzone (MHwh). Gridded climate data for the region (Wang et al. 2012) 

indicate that average (1990–2012) annual temperature is 7.6°C for the CWHvh2 and 4.8°C for 

the MHwh. Average annual precipitation in these biogeoclimatic units is 3512.2 mm and 5140.7 
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mm, respectively. High precipitation, abundant fog, and low evapotranspiration result in an 

abundance of wet soils, wetland ecosystems, and relatively unproductive coastal forests (Banner 

et al. 2005).  

 

 

Figure 4.1. Study area in coastal British Columbia, Canada 
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4.2.2 Remotely Sensed Data 

The quantitative regionalization used in this study relied on a combination of LiDAR data 

and multispectral satellite imagery with differing native spatial resolutions. All data were 

aggregated to a common spatial resolution of 20 m, a scale widely used in LiDAR-based forest 

inventories, soil mapping, and terrain analysis, and one that is relevant to forest management and 

landscape planning. Airborne LiDAR data were acquired across Calvert and Hecate Islands in 

August 2012. Mounted on a fixed-wing aircraft flying at 1150 m above ground level with a 

maximum scan angle of ±26°, the discrete-return (4 returns/pulse), small-footprint (0.3 mrad) V-

Gen LiDAR system acquired data with an average point density of 2.32 pt/m2 and a standard 

deviation of 1.07 pt/m2. A small number of data voids in the LiDAR coverage were present and 

were excluded from the analysis.  

LiDAR data were separated into ground and non-ground classes using an automated 

classifier (Terrasolid TerraScan) followed by manual refinement (Merrick Advanced Remote 

Sensing - MARS). A Digital Elevation Model (DEM) was extracted from a Triangular Irregular 

Network (TIN) of ground-classified points in LAStools. The DEM was then used to calculate the 

following terrain indices: slope (%), the Topographic Radiation ASPect (TRASP) (Roberts and 

Cooper 1989), the Topographic Position Index (TPI) normalized to the local standard deviation 

in elevation as per De Reu et al. (2013), and the Topographic Wetness Index (TWI) calculated 

using the D-infinity algorithm (Tarboton 1997) (Table 4.1). Elevation, slope, aspect, topographic 

position, and a topographic wetness index are useful inputs in automated ecosystem 

classification and predictive vegetation mapping because these variables directly and indirectly 

influence plant growth and community composition via effects on temperature, precipitation, soil 

moisture, soil nutrients, and wind exposure (Franklin 1995). These types of topographic 

derivatives are commonly used in predictive ecosystem mapping (e.g., MacMillan et al. 2007; 
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Chastain and Struckhoff 2008; Dobrowski et al. 2008; Fraser et al. 2012), and standard 

ecosystem classification in British Columbia at the local scale relies heavily on topographic 

concepts (Banner et al. 1996).  

Based on previous research (e.g., Magnussen and Boudewyn 1998; Næsset 2002; 

Hopkinson and Chasmer 2009), non-ground LiDAR points were converted to i) a canopy height 

model representing maximum canopy height and ii) a variety of area-based canopy statistics 

representing height and density (i.e., vertical and horizontal heterogeneity). Area-based canopy 

statistics utilized in this analysis were available only for areas with vegetation greater than 2 m in 

height (we refer to these as forested areas), and included average height (mean height of points 

above 2 m), coefficient of variation of height (2nd central moment about the mean), and gap 

fraction (proportion of laser points below 2 m).  

Multispectral reflectance data (5 m spatial resolution) were acquired from the RapidEye 

satellite sensor (BlackBridge) in 2011. Using PCI Geomatica, the RapidEye imagery was first 

converted to Top of Atmosphere units to adjust for sun angle and earth-sun distance and further 

corrected for atmospheric noise using the Dark Object Subtraction method (Chavez 1996). We 

calculated the NDVI as an overall proxy for vegetation greenness or productivity. The NDVI 

was resampled to 20 m spatial resolution to match the LiDAR data. Finally, as our focus was on 

terrestrial systems, we used a provincial water body database1 , as well as the NDVI layer (values 

< 0.2) to remove water and un-vegetated pixels.  

  

                                                           
1 The Freshwater Atlas (FWA): http://geobc.gov.bc.ca/base-mapping/atlas/fwa/index.html  

http://geobc.gov.bc.ca/base-mapping/atlas/fwa/index.html
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Table 4.1. Description of remotely sensed variables used in analyses  

Variable Derivation Interpretation 

Elevation  Elevation above sea level in metres, derived 

from DEM.  

Elevations in the study site range from 

0 (sea level) to 1012 m.  

Gap fraction The ratio of total number of laser points < 2 m 

in height to the total number of laser points 

within a grid cell.  

A density-based statistic, higher values 

represent lower canopy cover. 

Height – 

coefficient of 

variation 

2nd central moment about the mean  

 

A high coefficient of variation means 

the vegetation has a strong vertical 

heterogeneity.  

Height – 

maximum 

LiDAR Canopy Height Model = value of 

maximum laser point return per grid cell.  

Height of the tallest tree or shrub in 

the grid cell.  

Height – mean Arithmetic mean height (m) of laser points ≥ 

the minimum height threshold (2 m in this 

study).  

 

Average height of tree canopy. 

Normalized 

Difference 

Vegetation 

Index (NDVI)  

NDVI = (NIR reflectance –red reflectance) / 

(NIR reflectance +red reflectance) (Rouse et 

al. 1974). 

A measure of vegetation greenness, 

widely used as a proxy for 

productivity. Values near zero are 

considered non-vegetated or sparsely 

vegetated. 

Slope  Slope in percent rise, derived from the DEM Slopes in the study area range from 

level (0%) to very steep (~120%)  

Topographic 

Position Index 

(TPI) 

TPI = zo - zavg where zo = elevation of focus 

pixel and zavg = average elevation neighbouring 

pixels (Weiss 2001). Calculated here for a 100 

m neighbourhood and standardized to z-scores 

as per De Reu et al. (2013). 

Positive values (> 0.5 in this study) 

represent ridges and upper slopes, 

whereas negative values (< -0.5 in this 

study) represent lower slopes and 

valley bottoms; values near zero are 

mid-slope or flat (Weiss 2001; Tagil 

and Jenness 2008; De Reu et al. 2013).  

Topographic 

Radiation 

ASPect 

(TRASP) 

TRASP = (1 - cos((3.1416/180)(aspect-30)))/2 

where aspect is in degrees (Roberts and 

Cooper 1989). 

Values near 0 (~ < 0.5) are N, E, NE 

or NW facing (cooler slopes) while 

those near 1 (or ~ > 0.5) are S, W, 

SW, or SE facing (warm slopes). 

Topographic 

Wetness Index 

(TWI) 

TWI = ln(specific catchment area / tan(slope)).  

Calculated using the D-infinity algorithm 

(Tarboton 1997).  

Higher values are considered wetter, 

lower values drier.  
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4.2.3 Existing Ecosystem Data 

The study area was recently mapped using British Columbia’s provincial standard of 

Terrestrial Ecosystem Mapping (TEM) (Green 2014; Resources Inventory Committee 1998). 

TEM uses a well-defined hierarchical classification system referred to as Biogeoclimatic 

Ecosystem Classification (BEC) (Banner et al. 1996; Pojar et al. 1987). At the regional level, 

vegetation, soils, and topography are used to infer climatic zones. Within these regional climate 

zones, subzones are defined by the climax plant association typical of a zonal site (zonal sites are 

those on which vegetation is primarily influence by climate, not edaphic features). Variants may 

be used to refine the classification even further, by distinguishing regional variation in climate 

within the Subzone.  

Within each subzone or variant, a set of ecosystems is defined, which are referred to as 

site series. The site series are classified with reference to established rules that associate each 

with a particular combination of terrain, soil and vegetation characteristics. TEM relies on 

analysts to interpret aerial photographs, topographic maps, and other available geospatial 

information to identify these local site series (each given a unique two letter and two digit code). 

Interpreted TEM polygons may contain up to three site series each, where individual patches of 

these site series are smaller than the minimum mapping unit (typically 0.5–2.0 ha). In these 

complex polygons, the relative proportion of each site series is noted, although the exact location 

is not. The TEM for the study area identified 38 site series, including six non-vegetated site 

series, seven non-forested site series, and 25 forested site series (Green 2014).  

Ground sampling is used to calibrate and assess the TEM. Field surveys were conducted 

in 2013 and 2014 by provincial ecologists and Hakai Institute and affiliated researchers, 

primarily in the northern part of Calvert Island and the southern part of Hecate Island following 
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provincial BEC standards (BC Ministry of Forests and Range and BC Ministry of Environment 

2010). Among other information, these field surveys indicated BEC site series. After removing 

data points for which the site series attribution was at all uncertain, a total of 56 field plots and 

110 visual, helicopter-based survey plots were available as reference data for this analysis. Field 

plots identified 10 ecosystem types, including several sub-types not explicitly captured in the 

TEM (e.g., shallow minerotrophic blanket bogs and deep ombrotrophic blanket bogs). 

4.2.4 Unsupervised regionalization 

Clustering was used to determine the types of local-scale ecosystems that are 

distinguishable on Calvert and Hecate Islands with key metrics derived from LiDAR and 

RapidEye data. Clustering is an unsupervised, multivariate technique, which can be used to 

group observations or sample units that are similar with respect to the variables used to define 

them. These techniques generally seek to minimize within-group variability and maximize 

between-group variability.  

A Spearman’s rank correlation analysis was conducted to assess collinearity among all 

the aforementioned terrain (slope, TRASP, TWI, and TPI) and vegetation variables (NDVI, 

mean height, maximum height, and gap fraction). Correlations were fairly low (< 0.5) between 

the terrain variables and the vegetation variables, as well as among the terrain variables (Table 

4.2). Correlations were moderate to high (> 0.7) among the vegetation variables. From these four 

vegetation variables, we chose to retain one of the LiDAR vegetation variables (mean height) 

and the multispectral vegetation variable (NDVI) as inputs for the clustering.  

Clustering was conducted separately for the forested and non-forested regions of the 

island, since the average height and coefficient of variation of height from LiDAR were only 

available for the forested region (defined here as vegetation > 2 m in height). All data were 
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standardized to z-scores prior to clustering in order to ensure approximately equal weight for all 

variables. A clustering methodology called TwoStep, employing a probability-based distance 

measure, was implemented in SPSS (v22). The TwoStep approach was chosen because it is well 

suited to very large datasets. It begins with an initial partition of the data, followed by a 

hierarchical clustering of these partitions. The number of resulting clusters may be explicitly 

specified by the analyst. To select an appropriate number, we first considered several statistical 

criteria: the Bayesian Information Criterion (BIC). the Calinski–Harabasz (CH) criterion 

(Calinski and Harabasz 1974) and the Average Silhouette Width (ASW) (Table 4.3). Whereas 

the BIC is calculated internally during the TwoStep clustering procedure, we calculated the CH 

and ASW statistics based on k-means partitioning using the pamk() function from the fpc library 

in R (v3.1.2). . In choosing the number of clusters, we also took into consideration the number of 

site series identified in the existing ecosystem map and in field surveys conducted in 2013 and 

2014.  

Once the desired number of clusters was determined, the clusters were mapped in geographic 

space and a majority filter of 4 x 4 pixels was applied to remove speckle in the final product. 

Otherwise, no minimum mapping unit was imposed. Clusters were attributed with summary 

statistics for each data layer input into the cluster analysis (e.g., NDVI, elevation, and slope). 

Additionally, the LiDAR-derived variables of gap fraction and maximum height (excluded from 

the cluster analysis because of high collinearity with each other as well as with NDVI and 

average mean height) were also used to describe the clusters.  
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Table 4.2. Spearman’s rank correlation coefficients 

 
 Elevation 

(m) 

Gap 

fraction 

Height –

coefficient of 

variation 

Height - 
maximum 

(m) 

Height 

– mean 

(m) 

NDVI Slope 

(%) 

TPI TRASP TWI 

Elevation 

(m) 

1.00          

Gap 

fraction 

-0.02 1.00         

Height –

coefficient 

of variation 

-0.06 -0.32 1.00        

Height - 
maximum 

(m) 

-0.03 -0.90 0.38 1.00       

Height – 

mean (m) 

-0.06 -0.92 0.41 0.93 1.00      

NDVI 0.09 -0.76 0.30 0.73 0.75 1.00     

Slope (%) 0.48 -0.44 0.17 0.40 0.39 0.41 1.00    

TPI 0.11 0.07 -0.18 -0.12 -0.15 -0.09 0.03 1.00   

TRASP 0.04 -0.09 0.06 0.10 0.12 0.11 0.08 0.03 1.00  

TWI -0.14 0.20 -0.02 -0.15 -0.13 -0.15 -0.46 -0.59 -0.02 1.00 

NDVI = Normalized Difference Vegetation Index (NDVI), TPI = Topographic Position Index, TRASP = Topographic Radiation 

ASPect, TWI = Topographic Wetness Index 
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4.2.5 Map Comparisons 

We used several approaches to contextualize our unsupervised ecosystem map relative to 

the expert-driven TEM. First, each cluster was attributed with field survey information by 

overlaying the field survey points on the clusters in ArcGIS, extracting the cluster value at each 

point, and summarizing by cluster type. Second, TEM information was attributed to each cluster 

as follows: the majority (modal) cluster value occurring within each TEM polygon was extracted 

and joined to the TEM database. Next, the total area of each TEM site series within each cluster 

type was derived using information on the proportional area of each site series within each TEM 

polygon. We used pie charts to summarize the detailed composition of our clusters in terms of 

TEM units and the composition of TEM units in terms of our clusters.  

Third, we calculated the diversity of different TEM site series comprising each cluster, as 

well as the inverse (diversity of clusters within each TEM site series) to determine 

correspondence between the two mapping methodologies. More diverse clusters or TEM site 

series represent poor agreement between the two maps. We assessed this relationship both 

graphically (via pie-charts) and numerically, via Simpson’s Diversity Index, which is commonly 

used in ecological studies to indicate species diversity in a way that captures both richness (a 

count of species) and evenness (relative abundance of each species). The Simpson’s Diversity 

Index is calculated using the formula  

D = 1 – [sum(n/N)2] 

where n is the number of individuals of a particular species, and N is the total number of 

all individuals for a given location. In our case, rather than species diversity, we calculated the 

index to measure the diversity of site series in each cluster and again to measure the diversity of 

clusters within each site series. The values ranged from 0 to 1, with higher values indicating a 
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poor association between the two mapping methodologies. We note, however, that the index of 

diversity used to compare the maps at this level does not take into account ecological similarity 

among site series and that a cluster containing many similar site series may not be as severely 

mismatched to the TEM as a cluster containing the same number of ecologically dissimilar site 

series. To avoid bias due to the variation in the size and number of each TEM polygon and each 

TEM site series, TEM site series that are rare on the landscape were excluded (those below the 

5th percentile in number of polygons as well as area). Individual TEM polygons below the 5th 

percentile in area, regardless of site series, were also removed. 

Finally, to allow direct comparison of the two maps with a single classification scheme, 

we assigned each TEM site series and each cluster to one of six broad ecosystem classes. We 

used broad ecosystem classes suggested by the local TEM authors as well as the regional 

handbook for ecosystem classification (Green and Klinka 1994). Clusters were assigned to broad 

classes based on interpretation of the calculated terrain metrics, particularly topographic wetness, 

slope and topographic position. The generalized classes maintain distinctions between forested 

and non-forested ecosystems and emphasize differences along a moisture gradient. To compare 

the unsupervised regionalization with the expert-driven TEM, we calculated the spatial extent of 

each of these generalized ecosystem types for both systems.  

4.3 Results  

4.3.1 Unsupervised regionalization  

We identified 12 forested clusters (Clusters 1–12) and six non-forested clusters (Clusters 

13–18) (Figure 2 and 3), drawing on several lines of information to judge an appropriate and 

useful number of clusters in each group. The statistically optimal number of clusters varied from 

two to three for non-forested regions and two to 25 for forested regions (Table 4.3), while the 
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TEM and field plot data suggested upwards of 32 vegetated site series may be present on the 

island. Upon visual inspection of the resulting map, 18 clusters were chosen to provide the 

desired spatially detailed characterization of the landscape without sub-dividing beyond the 

limits of the data or our ability to interpret, describe, and—potentially—sample the landscape 

mosaic in the field.  

Table 4.3. The statistical optimum number of clusters according to three different criteria 

Criterion Method Details 

Optimum cluster 

number  

(Forested model) 

Optimum cluster 

number  

(Non-Forested 

model) 

Average 

Silhouette 

Width (ASW)a 

ASW = [ ∑Si/n] 

The similarity (e.g., distance) of each data 

point i to other points in the same cluster a, 

relative to distance to points in other clusters, 

b averaged for all points. In an optimal 

solution, values are close to 1.0, meaning 

clusters are very homogenous and well 

separated.  

 

25 3 

Calinski–

Harabasz  

(CH)a 

BSS(K-1)/ WSS(n-K), where BSS is between 

group sum of squares, WSS is within group 

sum of squares, K is number of clusters and n 

is number of data points. Optimal number of 

clusters maximizes this index.  

 

2 2 

Bayesian 

Information 

Criterion 

(BIC)b  

BIC identifies the model (cluster solution) 

that would most likely produce the observed 

data, penalizing for complexity (number of 

clusters * number of observations). Optimal 

number of clusters maximizes this index (i.e., 

BIC will be higher for smaller numbers of 

clusters). 

 

2 2 

a ASW and CH were calculated in R based on k-means clustering.  
b BIC was calculated in SPSS based on Two-Step clustering.  
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Figure 4.2. Eighteen clusters representing a range of forested (Clusters 1 to 12) and non-forested 

(Clusters 13 to 18) terrestrial ecosystems on Calvert and Hecate Islands. White areas within the 

land mass are data voids. 
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Figure 4.3. Zoomed in view of 18 clusters on Calvert and Hecate Islands. Clusters 1 to 12 are 

forested, while Clusters 13 to 18 are non-forested.  
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Cluster 1 described a forest of intermediate wetness (mean TWI = 6.07) and moderate 

productivity (mean NDVI = 0.75, mean height = 7.7 m), relative to the study area (Table 4.4, 

Figures 4.4 and 4.5). It occurred in the middle of the range of elevations found in the study area 

(average of 292 m) on steep slopes (average of 44%), and cool aspects (mean TRASP = 0.16). 

Cluster 2 was more productive, and had relatively tall trees (mean NDVI = 0.78, mean maximum 

height = 20.3, mean height = 13 m). It was found at low elevations (average of 86 m). Clusters 3 

and 4 were the most abundant classes across the study area (3903 ha and 3696 ha, or 11.2% and 

10.6% of the study area, respectively). They were characterized as forests of intermediate to high 

wetness (mean TWI = 6.52 and 6.93, respectively) with moderate productivity (mean NDVI = 

0.74). Both occurred at low elevations (average < 82 m). Cluster 3 occurred on warm aspects 

(mean TRASP = 0.83), while Cluster 4 occurred on cool aspects (mean TRASP = 0.16).  

Cluster 5 occurred primarily on ridges (mean TPI = 1.52) at low elevations (average 119 

m) and was predicted to be the driest cluster (mean TWI = 4.4). Productivity was moderate 

(mean NDVI = 0.75) and tree heights averaged 9 m. Clusters 6 and 8 had a similar topographic 

wetness to Clusters 3 and 4, but were considerably less productive (mean NDVI values were 

0.64 and 0.65 for Clusters 6 and 8, respectively). Both had open canopies (gap fractions of 0.69) 

and short trees (average mean and max heights < 6 m). Cluster 6 represented cool aspects, while 

Cluster 8 was associated with warm aspects. Cluster 7 was found at low elevations (mean = 

85m), at fairly level sites (mean slope = 8%), and at lower slope positions (mean TPI = -0.88). It 

was predicted to have very high wetness (mean TWI = 12.89) with moderate productivity (mean 

NDVI = 0.74). Cluster 9 was predicted to be relatively dry, similar to Cluster 5 (mean TWI = 

4.59), with moderate productivity (mean NDVI = 0.71) and short vegetation (mean height 5.73 
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m). Cluster 9 was found at the highest slope positions among our clusters (mean TPI = 1.55), at 

high elevations (506 m on average) on very steep slopes (51% on average).  

Cluster 10 was found in moderately productive forest (mean NDVI = 0.73) with average 

tree heights of 6.5 m. It occurred at middle elevations (average 311 m), on moderate slopes 

(average 33%) of distinctly warm aspect (mean TRASP = 0.86), and was predicted to be found 

on sites with moderate wetness (mean TWI = 5.96). Clusters 11 and 12 were the tallest, densest, 

and most productive forests on the island: maximum tree heights averaged > 21 m, mean gap 

fractions were ≤ 0.16, and NDVI averaged 0.79 and 0.82, respectively. Cluster 11 occurred at 

low elevations (average of 120 m) and moderate slopes (average 33%), while Cluster 12 was 

found at higher elevations (average of 461 m) on very steep slopes (average 65%).  

The remaining six clusters were characterized as non-forested (mean and maximum 

vegetation height less than 2 m). All non-forested clusters had low mean NDVI values (≤ 0.6) 

and very high mean gap fractions (≥ 0.93), relative to the forested clusters. Despite this low 

NDVI and high gap fraction, NDVI boxplots suggest that some non-forested pixels reach forest-

like levels of productivity (Figure 4.5).  

Cluster 13 was relatively scarce (849 ha of the study area) and was found across a wide 

range of elevations (mean 361 m) and at relatively steep slopes (38%). It was predicted to be 

relatively dry, similar to Clusters 5 and 9 (mean TWI = 4.86). Cluster 14 was also relatively 

scarce (696 ha in total) and generally restricted to low elevations (79 m average). It had the 

lowest productivity and lowest canopy cover of any cluster (average NDVI of 0.42 and average 

gap fraction of 0.98). Cluster 15 was a wetter cluster (mean TWI = 7.03) that occurred at high 

elevations (average 413 m) across a wide range of aspects. Cluster 16 was predicted to have very 
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high wetness (mean TWI = 11.95), and it was uncommon across the study site (720 ha). 

Generally it occurred at low elevations (99 m average) and on level sites (mean slope 4%). 

Cluster 17 and 18 were predicted to have moderately high wetness (mean TWI ranged from 6.82 

to 7.20) and were found on very gentle slopes (8% average). Cluster 17 occurred on cool aspects 

(mean TRASP = 0.16), and was extensive across the island (covering 2449 ha), while Cluster 18 

was less abundant (1674 ha) and occurred on warm aspects (mean TRASP = 0.80).  
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Figure 4.4. Distribution of clusters across each LiDAR-derived terrain index. Clusters 1 to 12 

are forested, while Clusters 13 to 18 are non-forested.  
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Figure 4.5. Distribution of clusters across LiDAR and RapidEye vegetation data. Clusters 1 to 

12 are forested, while Clusters 13 to 18 are non-forested. 
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Table 4.4. Mean values of remotely sensed inputs and descriptors of 18 clusters. Clusters 1 through 12 are forested; Clusters 13 

through 18 are non-forested 

Cluster 
Extent 

(ha) 

Elevation 

(m) 

Gap 

fraction 

Height – 

coefficient of 

variation 

Height – 

maximum (m) 

Height – 

mean (m) 
NDVI Slope (%) TPI TRASP TWI 

1 1,936 292 0.39 0.46 12.08 7.72 0.75 44 -0.41 0.16 6.07 

2 1,160 86 0.24 0.52 20.30 13.00 0.78 43 -1.65 0.47 6.29 

3 3,903 81 0.42 0.46 12.80 8.48 0.74 18 -0.20 0.83 6.52 

4 3,696 73 0.41 0.44 12.65 8.41 0.74 15 -0.38 0.16 6.93 

5 2,900 119 0.32 0.42 13.74 9.04 0.75 33 1.52 0.39 4.39 

6 2,908 113 0.69 0.37 5.99 4.73 0.64 12 0.08 0.18 6.67 

7 1,473 85 0.40 0.45 14.29 9.77 0.74 8 -0.88 0.49 12.89 

8 1,921 100 0.69 0.38 5.88 4.76 0.65 11 0.20 0.80 6.32 

9 1,020 506 0.48 0.38 7.97 5.73 0.71 51 1.55 0.41 4.59 

10 2,039 311 0.50 0.45 9.67 6.51 0.73 34 0.07 0.86 5.96 

11 2,206 120 0.16 0.36 23.38 16.61 0.79 33 -0.10 0.69 6.13 

12 1,326 463 0.12 0.33 21.11 15.25 0.82 65 -0.13 0.63 5.54 

13 849 361 0.93  n/a 1.89  n/a 0.59 38 1.10 0.38 4.86 

14 696 79 0.98  n/a 0.83  n/a 0.42 13 0.45 0.32 5.73 

15 1,902 413 0.95  n/a 1.60  n/a 0.57 18 -0.11 0.52 7.03 

16 720 99 0.94  n/a 1.57  n/a 0.57 4 -0.44 0.45 11.95 

17 2,449 105 0.93  n/a 1.93  n/a 0.60 8 -0.02 0.16 7.20 

18 1,674 76 0.93  n/a 1.91  n/a 0.60 8 0.03 0.80 6.82 

NDVI = Normalized Difference Vegetation Index (NDVI), TPI = Topographic Position Index, TRASP = Topographic Radiation 

ASPect, TWI = Topographic Wetness Index 
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4.3.2 Map Comparisons 

The clusters contained information that is unique from that contained in the TEM. Most 

clusters in our established set of 18 were comprised of a variety of TEM site series (Table 4.5, 

Supplementary Figure 4.S1) and each TEM site series contained multiple clusters 

(Supplementary Figure 4.S2). Measured in terms of relative area, Cluster 14 was the most 

homogenous, with two site series (bedrock and blanket bogs) comprising 84% its total area, with 

few site series comprising the remaining area. When measured in terms of the Simpson’s 

diversity index, which was based on counts (i.e., number of TEM site series within each cluster, 

and number of cluster types within each TEM site series), Cluster 16 was the least diverse (most 

homogenous), with a Diversity Index value of 0.53 (Figure 4.6). Less extensive classes (defined 

by either method) were often less diverse, presumably in part because the chance of including 

additional classes is smaller when area is very limited. Cluster 9 was the most diverse, followed 

by Cluster 7, with values of 0.89 and 0.87, respectively (Figure 4.6).  

Areas mapped as rivers (RI) in the TEM were entirely captured by Cluster 7 (Figures 4.7, 

4.S2), which we have identified as a riparian ecosystem; Cluster 7 thus incorporated the actual 

river as well as the riparian vegetation. Aside from rivers, the most homogenous TEM site series 

were high elevation ecosystem types occurring in the Mountain Hemlock (MHwh) 

biogeoclimatic subzone (e.g., MHwh/01(MB), MHwh/06(MD), MHwh/02(MM), MHwh 

03(MR), MHwh/00(MS), and MHwh/09(YC). Across their full spatial extent, these site series 

consistently overlapped the same one to three cluster types (particularly Cluster 9). When 

measured in terms of counts, Simpson’s diversity indices for these montane classes were also 

low, ranging from 0 to 0.44 (Figure 4.6). Conversely, the lower elevation forested site series such 

as CWHvh2/00(TS), CWHvh2/12(LS), and CWHvh2/02(LR), overlapped with many different 

cluster types, likely due in part to their larger extents. Despite the heterogeneous composition of 
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the 18 clusters in terms of TEM classes and vice versa, a generalized (six-class) comparison 

showed greater similarity (Table 4.6, Figure 4.7). Specifically, the islands were dominated by 

wet and wetland forests with low productivity (~35% of the total area). Drier forests, and 

especially drier non-forested ecosystems, comprised considerably less area (~15% of the total 

area combined). Both mapping approaches indicated that both fresh to very moist forests and 

shrub/herb wetland ecosystems occupy ~22 % to 27% of the islands.  

Table 4.5. Comparison of 18 clusters to existing Terrestrial Ecosystem Mapping data 

Cluster Dominant TEM unita,b (% of cluster)  

1 Zonal forest (36) 

2 Zonal forest (49) 

3 Bog forest (42) 

4 Bog forest (41)  

5 Cedar - salal forest (38) 

6 Bog woodland (42) 

7 Zonal forest (28) 

8 Bog woodland (52) 

9 Cedar - salal (31) 

10 Bog forest (38) 

11 Zonal forest (47) 

12 Zonal forest (35) 

13 Bedrock (52) 

14 Bedrock (42), Blanket bog (42) 

15 Blanket bog (65) 

16 Fen (28) 

17 Blanket bog (65) 

18 Blanket bog (56) 
a Zonal forest = CWHvh2/01(HS); Blanket bog = CWHvh2/00(TS); Bog forest = CWHvh2/11(YG); Cedar - salal 

forest = CWHvh2/03(RS); Bog woodland = CWHvh2/12(LS), Fen = CWHvh2/00(FS), Bedrock = RO.  
b See pie charts in Fig S1 for further details. 
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Figure 4.6. Diversity of TEM site series (with respect to cluster composition) and diversity of clusters (with respect to TEM site 

series). Lower values of the Simpson’s Diversity Index represent greater similarity between TEM and cluster types  



 

124 
 

Table 4.6. Extent of generalized ecosystem classes on Calvert and Hecate Islands, British 

Columbia, using an unsupervised classification of remotely sensed data (cluster analysis) and an 

expert-driven classification (Terrestrial Ecosystem Mapping) 

 
General 

ecosystem class 

Corresponding 

clusters 

Corresponding BEC units present 

in study area TEMa,b 

Percentage of 

study area 

(clusters)  

Percentage of 

study area 

(TEM) 

Shrub/herb 

upland 

 

13 
MHwh/00(MS)  

CWHvh2/00(SA) 
1.9 0.4 

Shrub/herb 

wetland 
14, 15, 16, 17, 18 

CWHvh2/00(TS)  

CWHvh2/00(BG) 

CWHvh2/00(FS)  

MHwh/00(TS)  

CWvh2/00(WI) 

 

27.2 21.5  

Wetter and 

wetland forests  

 

3, 4, 6, 7, 8 

CWHvh2/00(RH) 

CWHvh2/11(YG)  

CWHvh2/12(LS) 

CWHvh2/13(RC)  

MHwh/06(MD)  

MHwh/08(YS)  

MHwh/09(YC) 

 

34.7 34.4 

Drier forests  5, 9 

CWHvh2/00(RM) 

CWHvh2/02(LR) 

CWHvh2/03(RS) 

CWHvh2/14(SS) 

CWHvh2/15(SK) 

CWHvh2/16(SR) 

MHwh/00(YR) 

MHwh/02(MM) 

 

12.3 14.9 

Fresh to very 

moist forests 

 

1, 2, 10, 11, 12 

CWHvh2/00(RD) 

CWHvh2/01(HS) 

CWHvh2/04(HM) 

CWHvh2/06(SF) 

CWHvh2/07(SD) 

CWHvh2/17(SW) 

CWHvh2/18(SE) 

MHwh/01(MB) 

MHwh/03(MR) 

MHwh/05(YT)  

 

23.9 22.4 

Non-vegetated  

Excluded from 

analysis to extent 

possible 

Bedrock (RO), rivers (RI), ponds 

(PD), lakes (LA), shallow open 

water (OW), exposed soil (ES) 

 

n/a 6.2 

a MHwh = Mountain Hemlock zone (Wet Hypermaritime Subzone); CWHvh2 = Coastal Western Hemlock zone 

(Very Wet Hypermaritime Subzone, Central variant). The two-digit numbers (and associated two-letter acronyms) 

following the forward slash refer to Site Series; those with numbers 00 are generally non-forested or not formalized 

in the current version of the provincial classification for the area (Banner et al. 1993; Green and Klinka 1994; 

MacKenzie and Moran 2004).  
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Figure 4.7. Generalized ecosystem classes as depicted by the expert-based classification 

(Terrestrial Ecosystem Map) in the left panel, and the unsupervised regionalization on the right  
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4.4 Discussion  

Our analysis generated a total of 18 clusters (ecological regions) including open, shrub-herb 

dominated ecosystems (e.g., Clusters 13 to 18), a riparian zone (Cluster 7), wetter and wetland 

ecosystems (e.g., Clusters 3, 4, 6 to 8, 14 through 18), and less wet, more productive forests (e.g., 

Clusters 2, 11, 12). We assessed what unique ecological information is contained in these 

clusters derived from a variety of high spatial resolution remotely sensed data and what 

information complements an expert-driven classification. For a generalized (six-class) 

classification, both the quantitative classification and the expert-driven classification tell a 

similar story. Namely, there is a high abundance of wetter and wetland ecosystems on the island, 

and productive forests are limited in extent. 

At a more detailed level, the 18 clusters provide information that complements or augments 

that which is found in the expert-driven map. First, whereas the TEM for our study area does not 

explicitly differentiate based on aspect, several of the 18 clusters were differentiated primarily by 

aspect. For instance, Clusters 3 and 4 were found to have similar values of elevations, height, 

NDVI, slope, and TWI, but are different in terms of TRASP (Table 4.4, Figures 4.4 and 4.5). 

Likewise, Cluster 6 and 8 had similar values of elevation, slope, gap fractions, similar height, 

and NDVI profiles, and were predicted to be similar in topographic wetness. However, Cluster 6 

was associated with cooler aspects while Cluster 8 was associated with warmer aspects. Another 

example is Clusters 17 and 18, which were similar with respect to the majority of remotely 

sensed variables but were quite different with respect to TRASP. We included TRASP as an 

input variable because it is known to influence ecological patterns and processes. In particular, in 

temperate regions, localized aspect-dependent differences in sun exposure, temperature, and 

moisture can lead to differences in plant growth, plant composition and structure, growth and 
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response to disturbance (Åström et al. 2007; Diggins and Catterlin 2014; Fekedulegn et al. 2003; 

Holland and Steyn 1975), as well as to soil microbial communities (Carletti et al. 2008).  

Another unique and promising aspect of the quantitative regionalization demonstrated in 

this research relates to the delineation of wetland (defined here to include wet forest) ecosystems. 

Wetlands provide a range of important ecological processes and ecosystem services, including 

critical habitat, water quality and quantity regulation, and nutrient cycling and climate regulation, 

which may vary according to wetland extent, type, and location within a watershed (Brinson 

1993; Emili 2003; Fennessy 2014; Zedler and Kercher 2005). Consequently, a mapping 

methodology that readily identifies wetland distributions at high spatial resolutions is desirable. 

Yet these ecosystems are often poorly mapped remotely because of their small size relative to the 

spatial resolution of commonly used satellite imagery such as Landsat (30 m) (Congalton et al. 

2002; Ozesmi and Bauer 2002) or relative to a standard minimum mapping unit, such as the 0.5 

to 2 ha unit typical of TEM. Further, classification of wetlands with multispectral imagery is 

driven by vegetation or land cover spectral response (Dechka et al. 2002). Additional features 

used to classify wetlands to a particular class or site association in the field (such as 

acidity/alkalinity and magnitude of lateral and vertical water flow (MacKenzie and Moran 2004) 

are not apparent in multispectral imagery, particularly under heavy vegetation cover (Dechka et 

al. 2002; Rosenqvist et al. 2007). In this study, we predicted the location of wetlands using 

terrain indices generated from the high spatial resolution LiDAR data, combined with multi-

spectral imagery from RapidEye (helpful in detecting water and wet soil). The clusters we 

assigned to the broad wetland classes (Clusters 3, 4, 6, 7, 8, and 15 through 18) overlapped 

considerably with various types of BEC-TEM (expert-delineated) wetlands or water bodies 

(Figures 4.7, and 4.S1). Thus, although a precise ecological interpretation of these clusters is 
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challenging in the absence on-the-ground verification, we can be reasonably confident that they 

do represent wetlands (e.g., Figures 4.2, 4.3, 4.7 and 4.S2). Future research could examine the 

potential of using even higher spatial resolution (e.g., < 5m) LiDAR DEMs, the effect of 

neighbourhood sizes for metrics such as TPI, and alternative terrain metrics for generating 

variables that are a stronger proxy for hydrological processes, and thus for enabling more 

detailed wetland mapping and classification. 

A final key and uniquely informative aspect of the quantitative regionalization approach 

is the ability to quantify and map spatial variation in forest height and productivity at 20 m 

spatial resolution. Forest inventories generally do measure stand height, basal area, canopy 

cover, and so on, however these attributes are aggregated over larger polygons. A system in 

British Columbia known as Site Index by BEC Site Series (SIBEC) estimates heights at age 50 

for particular tree species within each site series. The SIBEC system adds to the utility of TEM 

by allowing a comparison of productivity across sites, yet when mapped, is constrained by the 

same spatial ambiguity as is TEM, and is based on a model rather than direct measurement. Our 

study has shown that tree heights for the study area are quite low (most clusters have a mean 

height <10 m). Low tree heights were also measured and predicted for the CWHvh2 in a nearby 

SIBEC study within the CWHvh2, where mean tree heights in old-growth stands ranged from 5.2 

m for Western redcedar (Thuja plicata) in the site series 04, to 2.0 m for Western hemlock 

(Tsuga heterophylla) in site series 12 (Banner et al. 2005). Our research also indicated that 

canopies are generally very open (forested clusters have, on average, a canopy closure of <60%), 

and are variable in terms of vertical heterogeneity. Combined with NDVI, a measure of 

vegetation greenness, our clusters contained rich and detailed structural and productivity 

information.  
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Understanding the unique information contained within an expert-driven compared to a 

quantitative remotely sensed ecological classification has been the subject of several 

contemporary studies (e.g., Thomas et al. 2002). There are several reasons for differences 

between an expert-driven and a quantitative remotely sensed classification, including the fact 

that expert systems may be better at separating ecologically meaningful information from within 

large amounts of (non-ecologically meaningful) variation (Schmidtlein et al. 2010). Experts 

manually interpreting aerial photos for ecosystem mapping inherently incorporate multiple 

characteristics such as tone or colour, shape, size, pattern, texture, shadow, and landscape 

context (Morgan et al. 2010). Various types of information can be automatically extracted from 

remotely sensed imagery to approximate but not replicate some of these same visual cues for 

ecosystem classification, including spectral reflectance, image texture, shape information derived 

from object-based classifiers, as well as landscape pattern indices. With high spatial resolution 

LiDAR data, an additional dimension of data is available for interpretation that is not present in 

standard multispectral satellite imagery. The three-dimensional forest structure provided by 

LiDAR and the high spatial resolution terrain models providing a range of ecological mapping 

applications (Lefsky et al. 2002; Vierling et al. 2008). Through this study we aim to demonstrate 

the utility of a quantitative, unsupervised remote-sensing based regionalization, and to assess the 

unique and complementary information content of mapping, relative to conventional expert-

driven ecosystem mapping. Future work should focus on the use of high-spatial resolution 

remotely sensed data (especially LiDAR) in a supervised classification approach (e.g., Predictive 

Ecosystem Mapping (MacMillan et al. 2007)) to assess the ability to model and map ecosystem 

distributions, including BEC site series. Such an approach should also focus on incorporating 

data and metrics chosen to capture compositional attributes of ecosystems. In particular, it may 
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be useful to incorporate hyperspectral remotely sensed data, which is well suited to mapping 

vegetation composition (e.g., Jones et al. 2010). 

4.5 Conclusion  

This study has demonstrated that LiDAR and high spatial resolution multi-spectral 

imagery can be combined using a quantitative regionalization to map a variety of ecosystem 

types across a heterogeneous landscape. Given the quantitative nature of our approach, it is 

transparent and easily repeatable, and likely to succeed in other regions where topography is 

subdued and forest structure complex. The ecosystem classes highlight vegetation structure and 

productivity, refined by topography, and may have a variety of applications beyond—yet 

complementary to—those provided by expert-based ecosystem mapping from aerial 

photography. For instance, we have identified clusters that are attributed with quantitative 

vegetation height information (mean height and variation in mean height) and are spatially 

explicit. Height information can be used for carbon accounting, because carbon storage in 

vegetation can be estimated through allometric equations that use variables such as tree height to 

estimate biomass. As well, estimates regarding relative primary productivity is readily available 

in our dataset because of the NDVI incorporated into the clustering. Productivity is an essential 

ecosystem function that supports a range of ecosystem services; while approximations of site 

productivity (or potential) within traditional mapped polygons can be made based on species 

composition, our methodology may facilitate monitoring because of the increased spatial 

precision with which it is estimated. As LiDAR and high-spatial resolution multispectral imagery 

become increasingly available in the future, they will be important complementary datasets in 

local-scale ecosystem mapping. 
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Figure 4.S1 Composition of each cluster in terms of provincial map units (TEM site series). 

Rare TEM site series and very small polygons were excluded 
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Figure 4.S2 Composition of each TEM site series in terms of the 18 clusters. Rare TEM site 

series and very small polygons excluded. 
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5. Spatial patterns of global primary productivity regimes from 2000 to 2012  

 

Abstract 

Primary productivity and vegetation phenology are spatially and temporally variable ecosystem 

functions. Understanding spatial-temporal patterns can improve global change science and 

management. Researchers typically focus on temporal changes within or among static regions 

and omit dynamics of spatial configuration. Our goal was to assess global spatial-temporal 

variability in productivity and phenology between 2000 and 2012 using a temporally dynamic 

functional type classification. Fourteen functional types were defined for each year by clustering 

the annual sum and annual variability of the Fraction of Photosynthetically Active Radiation 

(fPAR) from the Moderate Resolution Imaging Spectrometer (MODIS). The 14 functional types 

ranged from tundra (low cumulative fPAR and highly seasonal), to tropical forests (high 

cumulative fPAR and low seasonality). Variability in the mean of the fPAR metrics and in two 

spatial pattern metrics were assessed for each functional type. Many pixels changed from one 

cluster to another then back again, indicating considerable short-term variability. Temporal 

variability in the mean of the fPAR metrics was relatively low, with changes instead primarily 

manifested in spatial pattern. Spatial pattern was most variable in tundra, grasslands, shrublands, 

and savannas. A dynamic classification demonstrated the variability in spatial patterns of 

primary productivity and can be used for future monitoring.  

 

5.1 Introduction 

Human well-being depends on ecosystem services such as the provision of natural 

resources, climate regulation, water purification, and cultural and spiritual benefits (Millennium 

Ecosystem Assessment 2005). Net Primary Productivity (NPP), the rate of photosynthetic 

production per unit area, is a basic ecosystem function that supports all other ecosystem services 

(Andrew et al. 2015; Carpenter et al. 2009; Kremen 2005). For instance, the extraction of timber 

resources and the production of oxygen through photosynthesis are both tied to primary 

productivity. Although the exact nature of the relationship is contested, primary productivity is 

also one of the most widely recognized drivers of global patterns in biodiversity (Field et al. 
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2008; Pianka 1966; Whittaker 2010; Wright 1983). As NPP represents the energy available to 

higher trophic levels (Berry et al. 2007), greater productivity is thought to directly increase the 

number of individuals, and species that an area can support (Currie et al. 2004; Evans et al. 

2005). Vegetation phenology, the timing of developmental stages of plant life such as green-up, 

flowering, senescence, and length of growing season, is also a key functional trait of ecosystems 

that influences ecosystem processes such as pollination, carbon, water and nutrient cycling 

(Morisette et al. 2009; Richardson et al. 2013).  

Both productivity and phenology exhibit considerable variability across space and time. 

Continental and global gradients in productivity and phenology reflect spatial variation in 

climate, and especially temperature and precipitation (Kimball 2014; Polis 1999; Richardson et 

al. 2013). Landscape and regional variability in these processes may also reflect finer-scale 

abiotic processes, and the response of species or functional groups to these patterns (Baeza et al. 

2010; Diez et al. 2012; Hansen et al. 2000; Schöngart et al. 2002). The productivity and 

phenology of a given region or ecosystem may fluctuate as a result of inter-annual climatic 

variability (Mohamed et al. 2004; Piao et al. 2006; Zeng et al. 2013). As the global climate 

warms (IPCC 2014) persistent changes in primary productivity and vegetation phenology have 

also been identified. Specifically, in many areas an increase in NPP and growing season length 

have been observed over the long term, concomitant with increasing global mean temperature 

over the same time period (Boisvenue and Running 2006; Buitenwerf et al. 2015; Keenan et al. 

2014; Sitch et al. 2015; Xu et al. 2013). 

Monitoring spatial and temporal variability of ecosystem functions, such as productivity 

and phenology, with remote sensing can be used to assess changes in the delivery of ecosystem 

services (Andrew et al. 2014; Volante et al. 2012) and biodiversity (Coops et al. 2008). Spatial-
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temporal trends in productivity and phenology can also inform management and conservation 

(Cabello et al. 2012; Crabtree et al. 2009) and climate change science (Bonan et al. 2002; Botta 

et al. 2000; Holmes et al. 2015; Nelson et al. 2014). At global scales, quantitative, highly 

repeatable, and spatially comprehensive information regarding above-ground NPP and 

phenology can only be derived from remotely sensed data that are spatially and temporally 

aggregated and are representative of whole ecosystems or biomes (Alcaraz-Segura et al. 2013; 

Boisvenue and Running 2006; Morisette et al. 2009; Ustin and Gamon 2010; White and Nemani 

2006). Such data have been used in numerous studies to assess recent global changes in 

productivity (e.g., de Jong et al., 2013; Jong et al., 2012; Mao et al., 2013; Zhao and Running, 

2010) and phenology (e.g., Eastman et al., 2013; Jeong et al., 2011).  

These global studies report changes over time in the magnitude of productivity (e.g., 

mean annual greenness), or the timing of phenological events (e.g., mean growing season 

length), and may capture spatial variation in these changes along latitudinal gradients or among 

static regions such as biomes, countries, or continents. The use of static regions to assess changes 

is limiting because ecological boundaries are dynamic and respond to intra and inter annual 

changes in climate. The spatial configuration of vegetation can also influence ecosystem services 

related to the flow of water, soil, nutrients and organisms such as pollination and carbon storage 

(Mitchell et al. 2013). For instance, flowering and fruiting in fragmented landscapes may be 

earlier and more productive at edges due to altered abiotic conditions (Herrerías-Diego et al. 

2006). Such changes in phenology can affect plant reproduction and pollination (Burgess et al. 

2006). As such, analyses that integrate the dynamic nature of ecosystems may highlight 

important spatial-temporal variation and change. For instance, as ecosystem conditions change, 

neighbouring units will become more or less similar but this variability is not reflected under a 
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system of static boundaries (Handcock and Csillag 2002). A regionalization methodology that is 

dynamic allows the possibility of detecting spatial shifts in environmental conditions 

(Reygondeau et al. 2013). We are unaware of any studies that have assessed the dynamics of 

spatial configuration indicators of productivity or phenology at a global scale. 

The goal of this research was to assess spatial-temporal variability in vegetation 

productivity and phenology across the globe between 2000 and 2012, at three-year intervals, 

using a classification based on dynamic ecosystem functional types. Ecosystem functional types 

provide a meaningful framework for understanding, monitoring, assessing, and predicting 

changes to ecosystems and ecosystem services (Ivits et al. 2013; Paruelo et al. 2001). To meet 

our goal, we used cluster analysis to classify and map remotely sensed proxies for productivity 

and phenology into functional types for five years from 2000 and 2012. Previous researchers 

have used remotely sensed proxies of primary productivity and phenology to delineate ecosystem 

functional types at regional (Alcaraz-Segura et al. 2013; Paruelo et al. 2001) and global scales 

(Ivits et al. 2013). Our analysis is unique in that we allow mapped boundaries of the functional 

types to change through time, rather than using a static classification, enabling the detection of 

changes in spatial pattern.  

5.2 Methods 

5.2.1 Data 

Classification of ecosystem functional types in this study was based on remotely sensed 

estimates of the fraction of photosynthetically active radiation (fPAR) absorbed by vegetation. 

Whereas vegetation indices such as the Normalized Difference Vegetation Index (NDVI) are 

composite measures of leaf chlorophyll content, leaf area, canopy cover, and structure, fPAR is 

an intrinsic biophysical variable that directly influences primary productivity (Glenn et al. 2008; 
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Huete et al. 2011; Myneni et al. 2002). fPAR depends on vegetation type and structure and is 

commonly used in the estimation of ecosystem productivity and other biogeochemical cycles 

(Myneni et al. 2002). Values of fPAR range from 0 to 1; larger values indicate high vegetation 

greenness and productivity, while values approaching zero are indicative of more sparsely 

vegetated areas with low productivity (Myneni et al. 2002). For this study, fPAR data were 

obtained from the earth observing satellite Moderate Resolution Imaging Spectrometer (MODIS) 

at a spatial resolution of 0.05 degrees (approximately 5.5 km at the equator). As MODIS data are 

collected daily, cloud screening algorithms can be applied to produce cloud-free composites by 

selecting the clearest pixels within a range of dates. In our case, we used MODIS eight-day 

composites, totalling 46 images per year. The fPAR data were compiled for the years 2000, 

2003, 2006, 2009 and 2012 to capture the range of variability within this time period.  

To classify ecosystem functional types, two fPAR metrics were calculated for each of the 

five years of interest: total annual sum (fPARsum), and the annual coefficient of variation 

(fPARcv). The total annual sum is representative of annual net primary productivity (Goward et 

al. 1985). Higher values are indicative of areas that are productive throughout the year and/or 

that are highly productive for the growing season. As the maximum fPAR value for any pixel is 

1, and the number of images utilized per year was 46, fPARsum in theory ranges from 0 to 46. 

Excluding non-vegetated areas for which MODIS fPAR data are absent, our calculated values of 

fPARsum ranged from 0.1 to 42 for the years assessed. The annual coefficient of variation of 

fPAR (fPARcv) quantifies the seasonality of primary productivity, and represents phenological 

variation. High variability in fPAR (or NDVI) occurs where the climate exhibits extremes within 

a year and where vegetation is highly temperature or precipitation limited, such as in annual and 

desert grasslands, arctic and sub-arctic environments, or where there are cyclical agricultural 
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practices in place (Coops et al. 2008; Coops et al. 2009; Reed et al. 1994). Values of fPARcv in 

our dataset ranged from 0 to 6.7.  

5.2.2 Classification and mapping of functional types 

 A quantitative regionalization approach was used to classify and map functional types. 

The two fPAR metrics, fPARsum and fPARcv from each of the five target years, were used in a 

cluster analysis to generate a map of global ecosystem functional types. Cluster analysis is an 

unsupervised classification technique that partitions unlabelled data into natural groups based on 

(dis)similarity (Jain 2010; Jain et al. 1999).We applied a non-spatial clustering that did not 

enforce spatial contiguity in the classification. We used two-step clustering in the statistical 

software SPSS (v22) because it can accommodate very large datasets. In two-step clustering, raw 

data points are first partitioned into a set of pre-clusters. Then, a hierarchical agglomerative 

clustering method consecutively joins the pre-clusters into a smaller number of clusters based on 

their distance in feature space (Mooi and Sarstedt 2011). All five years of the fPAR measures 

were incorporated into one data frame, standardized to z-scores, then clustered.  

Previous studies have mapped 10 to 15 global ecosystem functional types (Bonan et al. 

2002; Friedl et al. 2010; Ivits et al. 2013; Poulter et al. 2011). To maximize thematic resolution 

yet enable general comparisons with these and other global mapping products (e.g., Olson et al. 

2001), we specified that 14 clusters should be delineated. Non-vegetated pixels (fPAR = 0) were 

excluded from the classification. After running the cluster analysis, cluster membership values 

were mapped for each of the five years (2000, 2003, 2006, 2009, and 2012). An overall map 

representing all years was also produced by calculating the majority (modal) cluster value of 

each pixel. The maps were smoothed using a 3x3 majority filter. Clusters were interpreted by 

assessing the statistical distribution (e.g., mean, median, range) of each cluster with respect to 
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fPARsum and fPARcv. To provide additional context, we also determined the dominant land cover 

type (Friedl et al. 2010) and biome type (Olson et al. 2001) within each of the resultant clusters.  

5.2.3 Spatial–temporal variability and change  

To assess temporal variation in the clustering, change matrices were built for each of four 

change periods: 2000 to 2003, 2003 to 2006, 2006 to 2009, and 2009 to 2012. Each matrix 

contained the number of pixels classified as each cluster type for each date, thus providing 

information on the type and magnitude of change. We mapped the results for each year, and 

summed the results of the four individual matrices to generate one table representing total change 

over all years. In order to determine whether changes were sustained and directional or short-

term and variable, we also assessed the frequency of change for each individual pixel changed 

(zero to four times). For those pixels that changed more than two times, we then assessed the 

number of unique values. Pixels with four unique cluster classifications represent a very different 

type of change than pixels that changed four times, but had only two unique values during that 

time.  

Several indicators of spatial and temporal variability in the ecosystem functional types 

were assessed. First, for each of the five years of data, mean annual greenness (fPARsum) and 

mean annual seasonality (fPARcv) were calculated for each cluster. Each cluster was then 

described in terms of its long-term variability (coefficient of variation and standard deviation, 

respectively) in each of these two metrics. The novelty of our dynamic regionalization based on 

global fPAR measures is that it allows for an assessment of the change in spatial pattern over 

time. Two components of spatial pattern in the clusters were assessed: composition and 

configuration. Composition refers to the area of a cluster, indicating what and how much is 

present (Fahrig 2005; Gustafson 1998). We calculated the area of each cluster at each time step 
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by summing the total number of pixels in each. Note that the sum of pixels in each cluster is also 

contained in the change matrices previously described; the key difference is that to measure 

variability in spatial pattern, we then computed the coefficient of variation of cluster area over 

time.  

Configuration refers to explicit spatial arrangements such aggregation, fragmentation, 

and adjacency (Fahrig 2005; Gustafson 1998). To assess spatial configuration, we calculated a 

measure of aggregation using FRAGSTATS (McGarigal and Ene 2013), a tool designed to 

calculate landscape metrics from categorical maps. We chose a single measure of spatial 

configuration, Clumpiness, because it is bounded (ranges from -1 to +1), thus facilitating 

interpretability (Crews-Meyer 2004), and responds linearly to changes in aggregation regardless 

of class area (Neel et al. 2004). Values of clumpiness approaching -1 occur in maximally 

disaggregated situations, while values approaching +1 occur in maximally clumped situations. 

We emphasize that the spatial resolution and total landscape extent remained constant at each 

time step, thus avoiding challenges with metric comparison (e.g., Wu, 2004; Wu et al., 2002). 

Clumpiness was calculated for each cluster for each of the five years (2000, 2003, 2006, 2009, 

2012), and the coefficient of variation computed.  

5.3 Results 

5.3.1 Classification and mapping of functional types 

The 14 derived clusters (functional types) correspond logically to existing global biome 

and land cover classifications (Table 5.1), and each functional type had a unique (and 

quantitative) distribution with regards to cumulative annual greenness and annual seasonality of 

greenness. Clusters 1 through 4 were generally found at high elevations and/or high latitudes, 

with relatively low annual greenness and relatively high seasonality (Figures 5.1 and 5.2). 
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Clusters 1 and 2 were tundra functional types and were the least green (mean fPARsum values of 

6.3 and 7.9, respectively) and most seasonal (mean fPARcv values of 1.4 and 1.2, respectively) of 

all clusters (Figure 5.1, Table 5.1). Cluster 3 was similar to Clusters 1 and 2 in terms of annual 

greenness (mean fPARsum = 7.8), but was less seasonal (mean fPARcv = 0.75). Cluster 3 was 

grass-dominated, and lay primarily within the Eurasian Steppe and the Great Plains region of 

North America. Cluster 4 was an open, shrubby functional type with a slightly higher annual 

greenness than the first three (mean fPARsum = 11.4) and its degree of seasonality was 

intermediate between Clusters 2 and 3 (mean fPARcv = 0.98). It was found in Scandinavia, 

Siberia, Alaska and northern Canada, as well as the Aspen Parkland region in central Canada.  

Cluster 5 was grass or shrub-dominated, and had low annual greenness (mean fPARsum = 

6.2) similar to Clusters 1 through 3, but was much less seasonal than those clusters (mean 

fPARcv = 0.45). It occurred at lower latitudes, primarily in arid regions of Eurasia, central 

Australia, northern Africa, southwestern USA, and southern Chile. Clusters 6 and 7 were also 

grass and shrub dominated, but with a slightly higher annual greenness than Cluster 5 (mean 

fPARsum = 9.4 and 12.1, respectively). They occurred in semi-arid regions such as Southern 

Africa, Australia, India, and the western United States. Clusters 8 and 9 were dominated by 

forests, with moderately-high annual greenness (mean fPARsum = 18.5 and 15.1, respectively), 

and moderately-high annual seasonality (mean fPARcv = 0.58 and 0.80, respectively). They 

occurred primarily at moderately-high latitudes across large areas of Europe, Eurasia, and North 

America within the boreal forests / taiga biome.  

Cluster 10 through 14 were characterized by high annual greenness and low seasonality. 

Cluster 10 was dominated by savannas and scattered across temperate, subtropical and especially 

tropical regions of the globe (Table 5.1, Figure 5.2). It had a mean annual greenness of 25.7 and 
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a mean annual seasonality of 0.22. Cluster 11 was slightly less productive (mean fPARsum = 

22.6) and slightly more seasonal than Cluster 10 (mean fPARcv = 0.42). It occurred primarily 

within temperate broadleaf and mixed forests in central Europe and North America. Cluster 12 

was dominated by savannas with a mean annual greenness value of 18.8, and a mean fPARcv of 

0.24. It occurred in regions such as northeastern Australia, parts of southern and central Africa, 

and the Indian subcontinent. Clusters 13 and 14 occurred in the tropical Amazon and Congo 

River basins, and had very low seasonality (mean fPARcv = 0.05 and 0.12, respectively), and 

very high annual greenness (mean fPARsum = 38.0 and 31.1, respectively). Cluster 13 was 

predominately tropical forest, while Cluster 14 (substantiated by a visual assessment of higher 

spatial resolution satellite imagery on GoogleEarth) was more open, representing pastures, 

croplands, or regenerating forests.  
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Table 5.1. Relationship of clusters with existing land cover and biome types and our functional interpretation. 

Cluster 
Dominant biome1  

(% of Cluster) 

2nd Dominant biome1 

 (% of Cluster) 

Dominant land cover 

type2 (% of Cluster) 

2nd Dominant land cover 

type2 (% of Cluster) 

Interpreted functional 

type 

1 Tundra (67) Boreal forests / taiga (32) Open shrublands (80) Grasslands (15) 
Tundra (Low 

Productivity)  

2 Boreal forests / taiga (51) Tundra (42) Open shrublands (72) Grasslands (14) 
Tundra (Low 

Productivity) 

3 
Temperate grasslands, 

savannas, & shrublands (44) 
Deserts & xeric shrublands (21) Grasslands (77) Croplands (10) 

Grasslands (Low 

Productivity)  

4 Boreal forests / taiga (56) 
Temperate grasslands, savannas, 

& shrublands (17), Tundra (17) 
Open shrublands (31) Woody savannas (17) 

Forests & shrublands 

(Low Productivity), and 

Grasslands (Moderate 

Productivity) 

5 
Deserts & Xeric shrublands 

(59) 

Tropical & subtropical grasslands, 

savannas, & shrublands (13) 
Open shrublands (65) Grasslands (19) 

Grasslands (Low 

Productivity) 

6 
Deserts & xeric shrublands 

(26) 

Tropical & subtropical grasslands, 

savannas, & shrublands (23) 
Grasslands (59) Open shrublands (17) 

Grasslands & shrublands 

(Moderate Productivity) 

7 
Deserts & xeric shrublands 

(34) 

Tropical & subtropical grasslands, 

savannas, & shrublands (22) 
Open shrublands (55) Grasslands (23) 

Grasslands & shrublands 

(Moderate Productivity) 

8 Boreal forests / taiga (42) 
Temperate broadleaf & mixed 

forests (29) 
Mixed forest (34) Croplands (20) 

Forests (Moderate 

Productivity) 

9 Boreal forests / taiga (58) 
Temperate broadleaf & mixed 

forests (18) 
Woody savannas (19) Croplands (18) 

Forests (Moderate 

Productivity) 

10 

Tropical & subtropical 

grasslands, savannas, & 

shrublands (37) 

Temperate broadleaf & mixed 

forests (23) 
Woody savannas (30) Savannas (17) 

Forests & savannas (High 

Productivity) 

11 
Temperate broadleaf & 

mixed forests (36) 
Boreal forests / taiga (24) Mixed forest (40) Savannas (15) 

Forests (High 

Productivity) 
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12 

Tropical & subtropical 

grasslands, savannas, & 

shrublands (38) 

Mediterranean forests, woodlands 

& scrub (15) 
Savannas (29) Croplands (22) 

Grasslands & savannas 

(High productivity) 

13 
Tropical & subtropical 

moist broadleaf forests (85) 

Temperate broadleaf & mixed 

forests (4) 

Evergreen broadleaf 

forest (86) 

Cropland / Natural 

vegetation mosaic (5) 

Forests (High 

Productivity) 

14 
Tropical & subtropical 

moist broadleaf forests (18) 

Temperate broadleaf & mixed 

forests (19), Tropical & 

subtropical grasslands, savannas, 

& shrublands (19) 

Woody savannas (22) 
Evergreen broadleaf forest 

(18) & Mixed forest (18) 

Forests & shrublands 

(High productivity) 

1(Olson et al. 2001) 
2(Friedl et al. 2010) 
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Figure 5.1. Distribution of total annual productivity (fPARsum) and seasonality in productivity (fPARcv) for the 14 clusters, with mean 

values labelled. Boxplots were produced with values for all years combined.  
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Figure 5.2. Fourteen global ecosystem functional types were delineated that represent unique combinations of annual greenness 

(fPARsum) and annual seasonality (fPARcv). Depicted is the majority (modal) value between 2000 and 2012. 
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5.3.2 Spatial–temporal variability and change  

An assessment of change frequency and uniqueness indicated that the majority (50%) of 

pixels with a high frequency of change had only two unique values through time, and 44% had 

three unique values over time. The cumulative change matrix (Table 5.2) indicates that most 

changes represented pixels changing from one functional type to another functional type that was 

relatively similar (e.g., Figure 5.1). For instance, pixels that changed from Cluster 1 (low 

productivity tundra) were primarily reclassified as Cluster 2 (also tundra but with slightly higher 

annual greenness and slightly lower seasonality), while change in Cluster 2 was primarily 

towards Cluster 1 (Table 5.3). Pixels from Clusters 3 and 5 (both representing low productivity 

grasslands) primarily changed to Cluster 6 (moderately productive grasslands and shrublands). 

Change in Cluster 6 was dominantly to Cluster 3, and pixels that changed over time in Cluster 7 

(also moderately productive grasslands and shrublands) mainly became part of Cluster 5. Pixels 

that changed from Cluster 4 (forests, shrublands and grasslands with low to moderate 

productivity) were for the most-part reclassified as Cluster 2. Pixels that changed in Cluster 8 

(moderately productive forests) were mostly reclassified as Cluster 11 (highly productive 

forests), while the dominant change for pixels in Cluster 9 (moderately productive forests) was to 

Cluster 8. Cluster 10 (highly productive forests and savannas) changes were primarily to Cluster 

11, and Cluster 11 changes were primarily to Cluster 8. Changes in Cluster 12 (highly productive 

grasslands and shrublands) were predominately to Cluster 7. Any pixels from Cluster 13 (highly 

productive forests) that changed over time were primarily reclassified as Cluster 14 (highly 

productive forests and shrublands), while pixels changing from Cluster 14 were mostly 

reclassified as Cluster 9. 
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Table 5.2. Change in cluster area over time, calculated from change matrices (e.g., Table 5.3) for 

each year (not shown) by differencing row sums and column sums for each cluster. Change 

greater than |10%| is bolded. 

Cluster Percent change 

(2000-2003)1  

Percent change 

(2003-2006)2 

Percent change 

(2006-2009)3 

Percent change 

(2009-2012)4 

1 -18.76 23.12 -11.38 0.76 

2 -5.78 2.24 13.95 -10.77 

3 1.52 1.85 -3.45 15.84 

4 12.05 -12.56 4.53 -7.67 

5 5.59 -11.95 20.70 -13.85 

6 1.18 12.81 -6.81 -6.31 

7 -14.97 8.34 -14.36 20.86 

8 10.92 -6.97 2.52 1.42 

9 5.47 -4.42 1.74 5.04 

10 0.50 2.09 -5.09 -0.84 

11 5.99 -6.25 2.88 -2.48 

12 -13.31 12.40 -4.85 12.86 

13 0.98 -1.23 -0.34 -1.47 

14 1.80 0.06 -5.71 2.96 

1Relative to cluster area in year 2000 
2Relative to cluster area in year 2003  
3Relative to cluster area in year 2006  
4Relative to cluster area in year 2009  
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Table 5.3. Change matrix representing pixel counts changing from one cluster to another, summed over all four time periods (2000-

2003, 2003-2006, 2006-2009, and 2009-2012). Values along the diagonal represent pixels that did not change. The largest change 

count in each row is bolded (e.g., greatest change in Cluster 1 was to Cluster 2).  

F 

R 

O 

M 

 

 TO  

 

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 10 Cluster 11 Cluster 12 Cluster 13 Cluster 14 sum 

Cluster 1 576,128 384,910 36,237 110,572 203 384 3 85 7,347 2 

 

7   1,115,878 

Cluster 2 344,929 675,032 84,772 310,306 304 1,442 12 406 24,984 0 1 7   1,442,195 

Cluster 3 37,700 76,980 574,140 98,448 16,128 145,867 2,227 7,697 40,365 4 48 268  1 999,873 

Cluster 4 116,963 273,033 117,627 837,668 26 4,861 32 8,259 250,060 3 101 78  0 1,608,711 

Cluster 5 295 252 16,961 139 1,134,045 177,082 129,552 447 142 4 30 916  1 1,459,866 

Cluster 6 407 995 161,926 5,373 148,699 702,726 118,482 49,948 20,816 54 693 16,692  2 1,226,813 

Cluster 7 4 5 3,497 93 146,383 118,970 598,824 23,952 903 799 3,212 130,539 1 43 1,027,225 

Cluster 8 118 470 8,012 9,396 746 42,062 22,223 1,179,932 223,332 4,340 245,845 67,927 

 

40 1,804,443 

Cluster 9 7,126 23,123 34,579 215,288 253 16,369 801 244,040 885,368 24 6,854 943   1,434,768 

Cluster 10  2 3 0 11 112 1,676 5,853 69 1,235,891 187,485 124,781 1,511 147,159 1,704,553 

Cluster 11  7 215 165 23 1,262 6,207 249,155 7,104 173,033 876,252 88,649 27 4,706 1,406,805 

Cluster 12 4 8 547 52 1,203 14,678 133,718 65,969 1,386 114,863 80,367 1,044,009 76 3,263 1,460,143 

Cluster 13       8   2,011 34 149 1,739,863 93,233 1,835,298 

Cluster 14   1 

 

4 7 60 66 3 158,934 4,818 3,118 84,368 802,738 1,054,117 

sum 1,083,674 1,434,817 1,038,517 1,587,500 1,448,028 1,225,822 1,013,825 1,835,809 1,461,879 1,689,962 1,405,740 1,478,083 1,825,846 1,051,186 19,580,688 
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Change matrices were generated for each of the four change periods and used to calculate 

the net difference in cluster extent (i.e., total magnitude of change) for each cluster at each time 

step. From 2000 to 2003, Cluster 1 changed the most of all clusters, decreasing ~19% in area 

(Figures 5.3 and 5.4, Table 5.3). Cluster 4 (forests, shrublands and grasslands with low to 

moderate productivity), Cluster 7, Cluster 8 (moderately productive forests) and Cluster 12 also 

changed by at least ±10%. Conversely, the change in area from 2000 to 2003 in Cluster 10 

(highly productive forest and savanna) and Cluster 13 represented less than 1% of their area in 

2000. In the next time step (from 2003 to 2006), Cluster 1 again changed the most, this time 

gaining area equivalent to ~23% of its area in 2003. Clusters 4, 5, and 6 (all low to moderately 

productive forests, grasslands, or shrublands), and Cluster 12 changed by ~12% -13%. Cluster 14 

(highly productive forests and shrublands) changed the least, increasing in area by only 0.06%. 

From 2006 to 2009, Cluster 5 changed the most, increasing in area by ~21%; Cluster 13 changed 

the least, losing approx. 0.3% of its area. Finally, in the last time step (from 2009 to 2012), 

Cluster 7 changed the most, increasing in area by ~21%, while the area of Cluster 1 changed by 

only ~0.8%.  
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Figure 5.3. Change per ecosystem functional type (cluster) at each step in time, corresponding to 

Table 5.3. 
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Figure 5.4. Close up of changes occuring in particularly dynamic clusters and regions from 2000 

to 2012. The top panel shows the back and forth nature of Clusters 5 and 7 in Australia, while the 

bottom panel shows similar dynamics between Clusters 1 and 2 in Arctic Canada. 
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The mean values of fPARsum and fPARcv for each cluster were somewhat variable over time 

(Figure 5.5). Annual greenness (fPARsum) was highly variable in Cluster 1 (CV = 0.043), 

moderately high in Cluster 5 (CV = 0.018), and less variable in the other clusters (CV <0.010). 

Annual seasonality (fPARcv) was most variable in Cluster 1 but was quite stable in all other 

clusters. The spatial pattern, and in particular composition (area) of the 14 clusters was more 

varible through time (Figure 5.5). For all clusters, variation in composition (area) was greater 

than variation in configuration (clumpiness). Variability in area was particularly high in Cluster 1 

(tundra), Cluster 5 (low productivity grasslands), Cluster 7 (moderately productivity grasslands 

and shrublands), and Cluster 12 (highly productive grasslands, savannas, and shrublands) (CV > 

0.06). Variability in cluster area was much lower in the highly productive forests represented by 

Cluster 13 (CV = 0.01). The most variable (CV ≥ 0.014) clusters in terms of spatial configuration 

(clumpiness) were Clusters 1 and 2 (tundra), Cluster 3 (low productivity grasslands), and Cluster 

7, while Cluster 13 had the lowest variation in this indicator (CV = 0.001).  
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Figure 5.5. Spatial-temporal variability in global ecosystem functional types 
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5.4 Discussion  

5.4.1 Classification and mapping of functional types 

Our functional type classification captures an informative proportion of existing global 

biome and land cover maps, but conveys information regarding functional variability that is 

unique and complementary to biome and land use mapping. Regionalizations aggregate 

information and allow for environmental assessment, management and planning (Loveland and 

Merchant 2004). Depending on scale, perceived importance, and objectives, regions can be 

constructed using any number or type of environmental variables, including productivity, land 

cover, topography, geology, climate, and phytographic and zoographic information. Functional 

types represent collections of species that respond to, or affect one or more ecosystem processes 

or conditions in a similar manner (Hooper et al. 2005) and regionalizations representing 

functional types may also be used to assess, monitor, manage and predict changes to ecosystems. 

Remote sensing can capture many functional properties of vegetation including structure and 

productivity (Ustin and Gamon 2010). Yet, in the global change literature, regions used to 

summarize temporal variability in remotely sensed proxies of functions like primary productivity 

(e.g., fPAR, NDVI) are normally defined by other datasets such as land cover (e.g., Jong et al. 

2012; Eastman et al. 2013). We used two remotely sensed indicators of primary productivity and 

phenology in a data-driven methodology to classify and map ecosystem functional types (Figure 

5.2). Primary productivity can vary independently of changes in land cover or vegetation 

structure because the latter changes more slowly in response to climatic or anthropogenic 

perturbations (Paruelo et al. 2001). Our clusters capture a combined measure representative of 

annual greenness and seasonality and we note the two measures (fPARsum and fPARcv) are 

inversely related. Pixels that shift from one cluster to the next may be interpreted as areas where 

climatic change or disturbance, over the time period assessed, led to changes in the cumulative 
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sum and intra-annual variability of fPAR. Such a transition represents a change in ecosystem 

function, and not necessarily a structural change.  

5.4.2 Spatial–temporal variability and change  

Many of the changes observed at one time step in this study were not sustained through 

time, suggesting our analysis is largely capturing short-term vegetation responses to climatic 

variability or land use and disturbance dynamics. Pixels generally changed from one cluster to 

another with relatively similar distributions of fPARsum and fPARcv values, then back again at a 

later date (Figure 5.4, Table 5.3). For instance, in Australia in the year 2000, Cluster 7 was more 

abundant than Cluster 5 (Figure 5.4). Three years later, the opposite was true. In 2006, the 

amount of Cluster 7 increased again, corresponding to a decrease in the area of Cluster 5. This 

back and forth nature continued through 2009 and 2012. In Arctic Canada, Clusters 1 and 2 in 

Arctic Canada had a similar dynamic over time (Figure 5.4). Changes in primary productivity are 

influenced by long-term global climate change (Boisvenue and Running 2006; Buitenwerf et al. 

2015; Keenan et al. 2014; Sitch et al. 2015; Xu et al. 2013). Primary productivity can also vary 

as a result of climatic patterns and anomalies such as El Niño Southern Oscillation (ENSO) 

(Nemani et al. 2003; Peng et al. 2012) and droughts (Zhao and Running 2010), as well as natural 

disturbances such as volcanic eruptions (Lucht et al. 2002), fire (Goetz et al. 2006; Hicke et al. 

2003), and land use/land cover change (Mao et al. 2013). A stable regionalization where 

boundaries remained fixed over time would not capture this spatial variability in ecosystem 

function.  

Since the boundaries between our regions varied through time, processes leading to 

variability in annual greenness or annual seasonality were overwhelmingly manifested as 

changes in spatial composition (area) of the functional types (Figures 5.4 and 5.5). Clusters 
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exhibited variability over time with respect to area (Figure 5.4), often increasing in area at one 

time step and decreasing at the next (Table 5.2). Clusters at high latitudes representing tundra 

and taiga ecosystems (e.g., Clusters 1, 2, 4) and those in temperate or subtropical regions 

representing arid or semi-arid ecosystems (e.g., Clusters 5, 7, 12) had the highest magnitude of 

change in spatial area, while tropical forests (Clusters 13 and 14) changed the least.  

High spatial-temporal variability in the area of arid and semi-arid areas is most likely due 

to the effect of climatic variability on primary productivity. Other processes such as shrub 

encroachment and agriculture interact with climate to influence vegetation dynamics and spatial 

configuration in arid and semi-arid ecosystems (Asner et al. 2004; Knauer et al. 2014) but, at the 

spatial extent and resolution of this analysis (5 km pixels, global extent), are likely less obvious 

than broader climatic processes. In arid and semi-arid regions, water is the dominant limiting 

factor to vegetation productivity, although temperature and solar radiation also interact with 

water availability to impose constraints on growth (Fensholt et al. 2012; Nemani et al. 2003). 

Vegetation productivity and phenology in these ecosystems can be particularly sensitive to 

variability in rainfall; a rain event can produce a sudden flush, or pulse, of growth in vegetation 

(Noy-Meir 1973). In a study in west-central North America, annual grasses such as cheatgrass 

(Bromus tectorum) were found to be exceptionally reactive to variation in rainfall, and extensive 

areas of these green areas were easily detectable from space (Bradley and Mustard 2005). Across 

multiple biomes in North America, Knapp and Smith (2001) found inter-annual variability in 

above-ground NPP to be considerably greater in grasslands than in forests in North America, and 

highlighted that the magnitude of production pulses following precipitation pulses were likewise 

much greater for grasslands. Globally, Jong et al.’s (2012) study identified sequential periods of 

abrupt greening followed by gradual browning for semi-arid ecosystems such as shrublands and 
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grasslands. Savannas, which consist of both woody and herbaceous vegetation and are found in 

tropical and subtropical regions, are also known to be a very highly dynamic ecosystem strongly 

limited by rainfall (Sankaran et al. 2005). Variability is especially high at the drier end of the 

savanna spectrum, where Ma et al. (2013) found savannas dominated by annual grasses in 

northern Australia to be the most responsive to variation in precipitation. Woody species, and to 

a lesser extent, perennial grasses, with their deeper roots that can access water stored below 

ground, are slower to grow and show less variable responses to precipitation patterns (Bradley 

and Mustard 2005; Ma et al. 2013; Rich et al. 2008). Some tropical forests exhibit high 

variability in leaf area and photosynthesis due to seasonality of rainfall and cloud cover (Bi et al. 

2015; Huete et al. 2006; Myneni et al. 2007; Xu et al. 2015). In other tropical systems, the ability 

of trees’ roots to access and redistribute soil water helps buffer these systems against seasonal 

droughts, and trees may remain green and actively photosynthesize for most of the year 

(Davidson et al. 2012; Ma et al. 2013). Variability in productivity in the Amazon may also be 

due to large scale forest clear-cutting, grazing, and subsequent agricultural abandonment (Foley 

et al. 2007; Vieira et al. 2003). Our results demonstrate that on a global scale, vegetation 

greenness in tropical forests is relatively stable throughout the year here relative to drier, non-

forested ecosystems but corroborate the greater variability of tropical pastures (e.g., Cluster 14) 

compared to tropical forests (e.g., Cluster 13) (Huete et al. 2006).  

The results of our research align with studies that have identified increasing trends in 

remotely sensed indices of productivity in some regions in recent decades (e.g., Beck and Goetz 

2012; Mao et al. 2013; Buitenwerf et al. 2015) At high latitudes and high elevations, primary 

productivity is strongly limited by temperature, although moisture and solar radiation are also 

limiting (Bliss and Matveyeva 1992; Nemani et al. 2003). Warmer temperatures in Arctic and 
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alpine regions can lead to earlier flowering and greening, and a longer growing season 

(Oberbauer et al. 2013), and there is substantial evidence of shrub proliferation and increased 

above-ground biomass (e.g., Lantz et al. 2012; Myers-Smith et al. 2011; Hill and Henry 2011; 

Fraser et al. 2014; Elmendorf et al. 2012). Primary productivity is also variable over space and 

time due to variations in snow and ice cover and melt (Choler 2015; Grippa et al. 2005; Stow et 

al. 2004), which in turn is affected by temperature variability (Rumpf et al. 2014). Thus 

cumulative annual greenness and variability of greenness will vary considerably if snow cover 

lasts a month longer or a month less from one year to the next. We also note that remotely sensed 

estimates of primary productivity in snow-covered areas will increase following snowmelt even 

if unrelated to increased vegetation growth (Beck et al. 2006). In the sub-arctic and northern 

Boreal regions (e.g., as represented by portions of Cluster 4), both in-situ and remote-sensing 

studies have found periods of greening and browning, the latter which has been attributed to 

drought and temperature stress (Goetz et al. 2011; Jong et al. 2012; Lloyd and Bunn 2007). 

Large forest fires are also a natural disturbance that can occur over very large, contiguous areas 

with millions of hectares typically burning annually in the northern Boreal (Kasischke and 

Turetsky 2006; Stocks et al. 2002) and may explain some of the variability in Cluster 4 (as well 

as Clusters 8 and 9).  

Clusters with high temporal variability in spatial pattern tend to be spatially 

heterogeneous on the landscape (i.e., occurring within a mosaic of multiple classes for any given 

time period). For instance, Clusters 1 and 2 occur in Arctic regions where the extreme 

environment can lead to landscapes with highly patchy (i.e., spatially discontinuous) vegetation 

(Billings and Mooney 1968; Bliss and Matveyeva 1992) and the spatial configuration of trees at 

their northern limit is highly variable and dynamic (Harper et al. 2011). Clusters 3, 5, 6 and 7, 



 

171 
 

10, and 12 which represent grasslands, savannas, and shrublands, are often heterogeneous in that 

woody vegetation is interspersed in various degrees with herbaceous vegetation, or patches of 

bare-ground may be present. Cluster 7 for example, includes linear swaths of quite green 

vegetation within the valleys of arid canyon lands of the western United States (e.g., Nevada and 

Utah). We expect greenness within some of these ecosystems to be more spatially expansive 

during the wet-season, whereas greater spatial heterogeneity in greenness would arise in dry 

periods because of the aforementioned differences in the response of woody and herbaceous 

species to drought.  

Scientists have called for research to address variability in ecosystem functional types 

caused by climatic and anthropogenic impacts (Ivits et al. 2013) and spatial information has been 

suggested as a useful addition to a time-based collection of ecosystem change indicators (Kéfi et 

al. 2014). At local and regional scales, studies have shown that the spatial configuration of 

productivity and phenological responses affects and is affected by other ecological processes 

such as seed dispersal, hydrology, pollination, and carbon storage (e.g., Asner et al. 2004). In this 

study, we have demonstrated that a dynamic regionalization approach is an effective framework 

to capture temporal variability in the spatial heterogeneity of ecosystem function at global scales.  

5.5 Conclusion 

We used remotely sensed fPAR data to delineate 14 global ecosystem functional types, 

each representing a unique productivity and phenology regime. Such classifications, or 

regionalizations, can be a vital component of global biodiversity and ecosystem service 

assessment and conservation efforts, as demonstrated by the popularity and widespread use of 

WWF’s global ecoregion map (Olson et al. 2001). As well, a discrete functional type 

classification is complementary to monitoring continuous, pixel-based values of productivity or 



 

172 
 

phenology because the classification captures and presents a simplified representation of spatial 

heterogeneity in ecosystem function. Specifically, a regionalization provides context to changing 

fPAR values by providing a multivariate or joint-measure assessment of changes in ecosystem 

function. Our dynamic framework is novel in that it allows an assessment of spatial-temporal 

variability in ecosystem functional units that would not be possible using a static regionalization.  

We have demonstrated that the spatial patterns of primarily productivity in arid and semi-

arid ecosystems, including polar regions, are considerably more variable than in tropical forests. 

Climatic change and land use are major pressures in these ecosystems. Future work should 

examine the explicit relationship between spatial pattern of global ecosystem functions and 

hypothesized drivers of such change, such as climatic variability and anthropogenic disturbance. 

Understanding these linkages will facilitate management and projections of future change. As 

more data become available and computational power increases, our methodology may be 

repeated using longer temporal sequences at a higher temporal resolution, enabling the creation 

of a long-term baseline. Deviations from this baseline spatial-temporal variability may then be 

detected, signalling areas where more fine-scale monitoring and management efforts may need to 

be prioritized. Earth observation data provides systematic, repeatable, and globally 

comprehensive data at a variety of spatial and temporal resolutions that can be used in a 

quantitative, data-driven and dynamic framework for monitoring changes to essential ecosystem 

processes in these and other ecosystems.  
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6. Discussion and Conclusion 

6.1 Summary and Contributions 

The overall goal of this dissertation is to advance the mapping and monitoring of 

biodiversity indicators, nationally and globally, through modelling and frameworks that leverage 

the information content of remote sensing. In Chapter 2 recommendations are provided for free, 

open-source, and analysis-ready remotely sensed data products to capture the environmental 

variables needed for modelling species richness at continental scales. Chapter 3 generated the 

first spatially continuous, 30 m spatial resolution maps of tree species distributions across the 

entire forested region of Saskatchewan, Canada. Chapter 4 delineated and described detailed 

ecosystem structural classes within a remote region of coastal British Columbia. In Chapter 5 

global spatial-temporal variability in ecosystem function was quantified through the use of a 

novel dynamic regionalization and spatial pattern analyses.  

The limited availability and geographically, temporally, and taxonomically biased nature 

of biodiversity data within Canada and across the globe has prompted development of 

biodiversity targets focused on knowledge development and information access (Table 1.1). One 

challenge to monitoring is that global biodiversity and remotely sensed datasets, such as global-

scale expert range maps of species distributions, and global land cover maps, are often not at a 

high enough spatial resolution for regional or even national biodiversity monitoring and 

conservation planning (Secades et al. 2014). Spatial resolutions need to be appropriate (e.g., at ≤ 

30 m) for practical conservation at local and regional scales (Buchanan et al. 2009). A first and 

important contribution of this research is the baseline biodiversity data provided. As opposed to 

discrete point observations of species observations and sampled ecosystem inventory data, the 

maps of tree species and ecosystem distributions produced in this research are spatially 
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continuous. As well, vector-based ecosystem maps that are delineated through manual 

interpretation of remotely sensed data lack the spatial precision of the quantitatively derived 

ecosystem classes produced in Chapter 4, where each pixel within the spatially continuous map 

is associated with a quantitative value. Additionally, in Chapters 4 and 5, remotely sensed data 

from Landsat, RapidEye, and LiDAR systems were used to generate medium-resolution (20 and 

30 m) biodiversity data for Canada, which more closely aligns with the needs of users at local 

and regional scales. The maps of species and ecosystem distributions produced in this research 

cover compositional, structural and/or functional attributes of biodiversity at both the species and 

ecosystem levels, helping to fill gaps in biodiversity data from multiple perspectives, and laying 

the foundation for future monitoring studies.  

A second contribution of this research is a description of how different components of 

biodiversity, at diverse spatial scales, may be mapped and monitored with remote sensing. The 

capability of remote sensing to directly and explicitly map and monitor biodiversity features 

useful for monitoring has not always been well demonstrated (Skidmore et al. 2015). In Chapter 

2, links are drawn between key environmental predictors of broad scale species richness and 

remotely sensed products, with recommendations made for each of six global biogeographic 

realms. In Chapter 5, global primary productivity regimes are delineated in space, with 

boundaries corresponding to the primary productivity data itself, rather than data less relevant to 

monitoring ecosystem processes such as land cover. All of the research chapters focus on well 

understood metrics of biodiversity such as species presence, species richness, ecosystem 

structure, and ecosystem productivity. The use of terminology familiar to ecologists builds a 

common reference frame that can facilitate interdisciplinary collaboration, and ultimately, 
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improved development and adoption of remote sensing for biodiversity monitoring (Pettorelli et 

al. 2014).  

A third contribution is the demonstration of how progress towards individual 

conservation goals and targets, both globally and within Canada, may be monitored with remote 

sensing. While there is a plethora of remotely sensed data available, linking data and proposed 

indicators to clear targets or objectives is a fundamental analytical step that requires careful 

consideration (e.g., Failing and Gregory 2003). All of the research chapters in this dissertation 

link to conservation targets (Table 6.1) and provide guidance for linking data to indicators. The 

framework described in Chapter 2 for estimating geographic gradients in species richness at 

broad scales may be used to assess progress towards the effectiveness of conservation targets 

such as reducing rates of habitat loss, preventing extinction of threatened species, and ensuring a 

minimum level of protected area coverage. Moderate spatial resolution (30 m) maps of tree 

species distributions over large areas (Chapter 3) may be useful for assessing progress towards 

conservation targets such as sustainable forestry and reducing habitat loss, and for assessing the 

effectiveness of protected areas. Moderate spatial resolution (20 m) maps that characterize 

ecosystem structure (as in Chapter 4) may be used to assess progress towards conservation 

targets such as sustainable forest management, the safeguarding of ecosystem services, reducing 

the rate of habitat loss, and also may be used to assess the effectiveness of protected areas (Table 

6.1). Finally, the dynamic ecosystem functional type classification described in Chapter 5 may be 

used to assess conservation targets such as sustainable forest management, decreased habitat 

loss, and maintenance of ecosystem services and ecosystem resilience. 
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Table 6.1 Summary of indicators assessed in each research chapters with reference to desirable attributes of indicators 

Research Result  Relevant Aichi 

& Canadian 

Targets  

Ease of 

implementation 

/ repeatability 

Level of 

interpretability 

/ ecological 

meaning 

Cost-

effectiveness 

Applicable spatial extent and 

resolution 

Key contribution and 

recommendations 

Ch. 2 – Species 

richness 

modelling 

recommendations 

 

Global: 5, 11, 

12, 15 

Canada: 1 

 

Moderately-high High High (many 

free, open, and 

analysis-ready 

datasets 

available) 

Regional to continental 

extents. Choice of inputs will 

be region-specific. Constrained 

by spatial resolution of species 

data (Hurlbert and White 

2005; Rahbek 2004). 

Models must be parametrized 

separately for each of six 

global biogeographic realms: 

free and open source 

remotely sensed data 

products are recommended 

for each region  

Ch. 3 – Tree 

species 

distribution 

mapping 

Global: 5, 7, 11 

Canada: 6 

Moderately-high High. Moderately-

high 

Local to regional. Requires 

extensive image processing 

and also adequate species 

occurrence data. Unlikely to be 

successful w image spatial 

resolutions >30 m 

Landsat BAP is useful for 

mapping detailed species 

distributions over large areas 

Ch. 4 – 

Ecosystem 

structural 

classification 

Global: 5, 7, 11, 

14, 15 

Canada: 1, 3, 6 

Moderately-high Moderate Low (LiDAR 

is costly) 

Local to regional. Choice of 

input variables may need to 

vary by location. Over larger 

areas, a sampling approach 

with LiDAR and lower 

resolution / more affordable 

RS data may be necessary and 

possible 

-LiDAR can capture 3D 

vegetation structure, detailed 

terrain indices, and spatially 

explicit representation of the 

landscape to complement 

traditional expert-based 

mapping. 

-Quantitative regionalization 

is transparent and repeatable.  

Ch. 5 – Dynamic 

ecosystem 

functional type 

classification  

Global: 5, 14, 15  

Canada: 6, 17 

 

Moderately-high Moderate High (free, 

open, and 

analysis-ready 

datasets) 

Local to global extents.  

 

-Dynamic regionalization 

useful for capturing short-

term spatial-temporal 

variation in ecosystem 

function.  

-Spatial configuration and 

spatial composition are useful 

metrics for tracking change 
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The fourth contribution of this research was a demonstration of the availability and utility 

of free, open-source, and analysis-ready data at moderate to low spatial resolutions for 

biodiversity research at both global and sub-global scales. Cost and availability are another 

considerable challenge to the use of remote sensing for biodiversity mapping and monitoring (W. 

Turner et al. 2003). With limited funds, organizations are reluctant to devote funds to data or 

product development if the rewards are uncertain (Vanden Borre et al. 2011). Ecologists and 

biologists tend to believe that higher spatial resolution data is always better (Nagendra et al. 

2013) and that lower resolution data cannot match their needs (Kerr and Ostrovsky 2003; Turner 

et al. 2003). However, the cost of very high resolution data may limit ecologists from using any 

remotely sensed data. Free,open-source, and analysis-ready data can help in the global 

advancement and standardization of biodiversity monitoring by encouraging and facilitating use 

of remotely sensed data (Wulder and Coops 2014). Furthermore, improved knowledge 

integration and accessibility is a global and Canadian target for the conservation of biodiversity 

(Table 1.1). With the exception of the LiDAR and RapidEye data used in Chapter 5, all research 

chapters used free and open-source data from Landsat or MODIS.  

6.2 Limitations and Recommendations for Biodiversity Monitoring in Canada 

 Canada is a large country, with many remote areas that are unmanaged and poorly 

monitored, and can surely benefit from a spatially extensive and systematic biodiversity 

monitoring system driven by remote sensing (Duro et al. 2007; Hermosilla et al. 2015). In the 

following sections, the applicability of the various research chapters to Canada-wide monitoring 

is discussed, and specific recommendations regarding data types and methodologies are made.  

Species richness monitoring in Canada  
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Chapter 2 indicated that remotely sensed data can provide many of the important 

environmental covariates in broad scale models of species richness across the globe. Previous 

research in Canada suggests that remotely sensed estimates of primary productivity (e.g., fPAR) 

in particular can be good indicators of the spatial gradient of biodiversity in this country when 

combined with other environmental datasets. Specifically, environmental regionalizations based 

on remotely sensed indices of primary productivity have been conducted for various regions in 

Canada and related to species richness for various taxa including birds (Coops, et al. 2009; 

Fitterer et al. 2013) and butterflies (Andrew et al. 2011, 2012). Chapter 2 indicated that 

temperature (e.g., remotely sensed Land Surface Temperature from MODIS) is likely to be an 

important indicator of biodiversity in Canada in addition to fPAR. The value of Land Surface 

Temperature data for species richness modelling in Canada should be further investigated in 

future work. Future work should also test the application of these datasets for all additional 

regions and species within Canada, in order to provide more confidence in the results and use as 

an indicator.  

Broad scale models of species richness may utilize a variety of remotely sensed predictor 

data. These remotely sensed data may be of any spatial resolution, but high resolution data will 

have to be coarsened to match the resolution of species range maps if those are used to 

parametrize the model (e.g., Hurlbert and White 2005; Rahbek 2004). A possible limitation is 

that remotely sensed datasets such as land surface temperature and fPAR data are only available 

for the past ~15 years, whereas climate norms are typically developed from at least 30 years of 

data. Nonetheless, given the current pace of global change, new methods and shorter-term 

averages for developing climate normals may be appropriate (Arguez and Vose 2011; Livezey et 

al. 2007). A second limitation for Canada in particular, is that even though these regions are 
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vegetated and snow-free for several months each year, no fPAR values are made available for the 

high arctic regions of Canada because they are classified as non-vegetated in the corresponding 

land cover product. With primary productivity and growing seasons expected to continue to 

increase for the region (Kaplan 2003), seasonal biophysical data from remote sensors should be 

provided. Given the high variability of vegetation productivity in northern regions discussed in 

Chapter 3, the lack of MODIS fPAR data in the high Arctic is unfortunate. Models of species 

richness built on data from recent decades could be used to forecast potential consequences of 

global change in Canada, similarly to recent forecasting studies of other biodiversity indicators 

(e.g., Holmes et al. 2015; Nelson et al. 2014). For regional studies within the Canadian Arctic, 

Landsat-derived NDVI may be beneficial for biodiversity monitoring (e.g., Gould 2000). Both 

Landsat and MODIS are free and open-source data-sets with broad spatial coverage. 

Canada-wide tree species distribution mapping  

In Chapter 3, the first ever 30 m spatial resolution, spatially comprehensive map of tree 

species distributions was developed for the forested region of Saskatchewan. Future work could 

apply the approach described in Chapter 4 to all of the forested regions of Canada. The National 

Forest Inventory (NFI) photo plot dataset used to develop the RandomForest models provides 

systematic and standardized species data from a network of sampling points across the entire 

country (Gillis et al. 2005). Annual, Canada-wide Best Available Pixel (BAP) Landsat 

composites are also now available for 1998 to 2012 (Hermosilla et al. 2015). Future work may 

seek to assess the performance of the modelling methodology in areas of the country with 

different types and different numbers of tree species.  
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Additionally, Hermosilla et al (2015)demonstrate how metrics of forest disturbance and 

recovery may be calculated using the BAP approach . Such metrics could perhaps be used to add 

structural attributes to the species distribution maps. Although Landsat data are free and open-

source, the extensive nature of the image processing and data storage issues may limit 

repeatability of the method. In theory, however, the distribution models may be repeated with 

regular frequency (e.g., annually) as new Landsat BAP composites are compiled. In future years 

as additional composite products are created, the species maps could be used to contextualize 

forest change. For instance, fire and forest harvest impacts on the relative distribution of 

particular species could be determined. Lower spatial resolution data with larger footprints such 

as MODIS may (Beaudoin et al. 2014) or may not (Nagendra et al. 2013; Wulder, Hall, et al. 

2004) provide the spatial resolution needed to accurately map species composition in Canada.  

Canada-wide ecosystem structural mapping  

Chapter 4 highlighted the similarities and differences between a quantitative, 

unsupervised approach to ecosystem mapping and an expert-based method of ecosystem 

mapping in coastal British Columbia. The method is easily repeated and in theory could be used 

at a range of spatial scales and extents. Other provinces in Canada also use expert-based 

ecosystem mapping similar to British Columbia (e.g., Ontario’s Ecological Land Classification 

system), and thus it may be of interest to generate quantitative remotely sensed driven maps of 

these regions as well. If applied Canada wide, our data-driven approach could be a way of 

providing nationally standardized (i.e., data-driven) maps, with consistent data sources and 

methods, rather than a mixture of data at different spatial resolutions, spatial coverage, and 

following different provincial standards along jurisdictional boundaries.  
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The main challenge of this research for biodiversity monitoring (i.e., for repeat coverage) 

is the prohibitive cost of LiDAR, and the fact that it generally has limited spatial and temporal 

coverage (Skidmore et al. 2015). One solution to the costly nature of LiDAR may be to use a 

sampling approach over large areas (Wulder, White, Bater, et al. 2012; Wulder, White, Nelson, 

et al. 2012). Specifically, LiDAR data could be collected over a set of small, spatially discrete 

areas, related statistically to more affordable and spatially extensive data such as Landsat, then 

extrapolated to areas that are covered only by the latter. Alternatively, satellite-borne LiDAR 

data with spatially comprehensive coverage across much of the globe may be a possibility. 

Forest structural data was captured globally between 2003 and 2009 by a LiDAR system known 

as the Geoscience Laser Altimeter System (GLAS), aboard the Ice, Cloud and land Elevation 

SATellite (ICESAT), yet a recent study found large discrepancies in forest structural 

measurements between these data and regional airborne LiDAR data in Canada (Bolton et al. 

2013). A new global LiDAR system purpose-built for vegetation structural mapping is planned 

to begin capturing data beginning in 2019, but with coverage planned for 50°S to 50°N, 

applicability in Canada of the new Global Ecosystem Dynamics Investigation (GEDI) will be 

somewhat limited.  

Dynamic ecosystem functional type mapping in Canada  

The dynamic ecosystem functional type classification described in Chapter 5 could be 

applied at local to global extents, with different remotely sensed estimates of primary 

productivity (e.g., fPAR, NDVI, EVI, or NPP) as appropriate or as available. Dynamic 

ecosystem functional type mapping could easily be completed within the boundaries of Canada 

(with the exception of the high Arctic if using fPAR data from MODIS). However, an advantage 

of the global approach is that it provides context to the Canadian results. For example, change in 
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the Arctic regions of Canada may be compared to that in Arctic regions of Eurasia. With free, 

open-source, and analysis-ready data such as MODIS fPAR, the method is very cost effective. 

However, the same two limitations discussed previously (temporal and geographic coverage of 

MODIS fPAR data) are also applicable here. Unfortunately, few, if any, other sensors match the 

high temporal resolution of MODIS data, however, fusion of data from Landsat 7 ETM+, 

Landsat 8, and Sentinel-2 may be an option to generate the temporal coverage needed to capture 

intra-annual spatial-temporal variability in ecosystem function.  

Higher spatial resolution sensors such as Landsat may be more ideal for spatial pattern 

characterization. Although spatial configuration and composition were both shown to be 

dynamic at the global scale in Chapter 2, linking pattern to process is a challenge at this scale. 

Landscape pattern is shaped by, and affects ecological processes, and thus measurements of 

pattern, pattern variability, and changes in pattern and pattern variability, may be used to better 

understand those processes (Fahrig 2005; Fraterrigo and Rusak 2008; M. Turner 2010; 

Underwood et al. 2000). While forest fragmentation is generally agreed upon as a useful global 

biodiversity indicator (Skidmore et al. 2015; Geijzendorffer et al. 2015; www.bipindicators.net), 

the use of dynamic data-driven boundaries and the assessment of spatial composition and 

configuration in non-forested biomes is a novel idea that could be very beneficial to understand 

temporal patterns and process in biodiversity. However, many processes such as shrub 

encroachment in grasslands, agricultural dynamics (e.g., crop alternating), windthrow, forest 

harvesting, and insect disturbance may occur at spatial scales < 5 km; at coarser scales these 

effects are spatially aggregated. The optimal balance between spatial and temporal resolution 

will be project-specific.  
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6.3. Conclusion 

Biodiversity is a complex, multifaceted and hierarchical concept that includes genes, 

species and ecosystems. This research has demonstrated some of the potential of remotely sensed 

data for mapping compositional, structural and functional attributes of biodiversity at the species 

and ecosystem level and at local, regional, and global scales. First, I highlighted that remote 

sensing can provide the necessary environmental correlates needed to model very broad scale 

species richness gradients, including underutilized climatic variables. Opting to use remotely 

sensed climate variables over interpolated climate datasets may lead to improved models in 

remote areas where the availability and quality of such data may be limited. Further, the frequent 

acquisition of the remote sensing data means these types of models can be used to generate 

newer, shorter-term climate normals reflecting our changing climate, and can to monitor 

potential changes to global species distributions with ease. Second, spatially comprehensive 

maps of tree species distributions were predicted for an unprecedented spatial resolution (30 m) 

across a large area of Saskatchewan, Canada. In this work, a pixel-based image compositing 

technique was shown to have potential to generate similar species distribution maps, and thus to 

monitor changes in forest composition, at a national scale and at frequent intervals. Third, 

ecosystem units were delineated in coastal British Columbia, characterizing three-dimensional 

vegetation structure and detailed topographic features. These baseline conditions in vegetation 

structure can be monitored overtime as new LiDAR data are acquired. Finally, in Chapter 5 

global spatial-temporal variability in primary productivity was quantified through the use of a 

novel dynamic regionalization and spatial pattern analyses. The suggested framework for 

monitoring a key ecosystem function may be extended in time as new data are acquired and 

results indicate that more detailed monitoring should be targeted to arid, semi-arid, and polar 

environments.  
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Together these research chapters show how remote sensing can provide low-cost, 

repeatable, data on biodiversity indicators at a variety of spatial scales to facilitate large-area 

monitoring. The use of remote sensing data to monitor indicators of biodiversity will become 

more and more feasible as remaining issues related to cost, availability, and ease of use are 

addressed. These concessions will reduce the need to make trade-offs between large area 

coverage, temporal resolution and spatial resolution. Importantly, the broad spatial coverage and 

regular frequency over which remotely sensed data are collected will need to be increasingly 

combined with ecological data collected in-situ, as well as other spatial environmental datasets 

(e.g., climate, land use) in quantitative models to improve our understanding of biodiversity over 

large areas. As the availability and integration of remotely sensed data and data collected in-situ 

increases, we will improve our understanding of drivers and responses of biodiversity. With 

greater knowledge, management and conservation planning activities can be advanced to help 

meet global biodiversity conservation goals.  
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